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Abstract

The consumption patterns of tourists in hotels, how they consume the different services
offered, have been extensively analyzed through traditional cluster analysis. However, the
changes in consumption preferences have forced hotel firms search for proper techniques.
This study compares the classic K-means cluster analysis with the Random Forest
technique. A comparison is conducted by segmenting 2,256 bookings, showing that
proposed technique provides much higher accuracy and more profitable clusters. This is due
to its greater flexibility when segmenting, because the K-means is based on an extremely
rigid membership function. From a theoretical point of view, this study contributes to the

literature by introducing diversification strategies in sun-and-sea luxury hotels to overcome
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the decrease in profitability caused by destination maturity. From a practical point of view, it
allows hotel managers to effectively implement diversification strategies because Random

Forest technique can explain the consumption pattern of 98.47% of the customers.

Keywords: Random Forest; hotel performance; diversification; consumption pattern; hotel

management.
Resumen

Las pautas de consumo de los turistas en los hoteles, como consumen los distintos servicios
ofrecidos, han sido ampliamente analizadas a través de los clusteres de analisis tradicional.
Asi, las empresas hoteleras, mediante un adecuado analisis de los patrones de consumo
pueden mejorar su rentabilidad. Este articulo compara los resultados obtenidos por el K-
means clasico con el Random Forest a la hora de explicar las pautas de consumo de los
clientes. Para comparar estas dos técnicas se usa una muestra de 2,256 reservas. Como
resultado se obtiene que el Random Forest ofrece una mayor precision, ademas de encontrar
unos segmentos mas rentables. Esto se debe a su mayor flexibilidad a la hora de segmentar,
ya que el K-means se basa en una funcion de pertenencia extremadamente rigida. Desde un
punto de vista tedrico, este articulo contribuye a la literatura introduciendo estrategias de
diversificacion en los hoteles de lujo de sol y playa para superar la disminucion de la
rentabilidad provocada por la madurez del destino. Desde un punto de vista practico, permite
a los gerentes de hoteles implementar estrategias de diversificacion de manera efectiva
porque la técnica Random Forest puede explicar la pauta de consumo del 98,47% de los

clientes.

Palabras clave: Random Forest; rentabilidad hotelera; diversificacion; pautas de consumo;

gestidn hotelera.
1 Introduction

Hotel performance has been widely studied in tourism literature (Hua et al., 2020).
Researchers have focused on two complementary strategies to improve hotels performance:
expansion and diversification. Expansion strategies imply income growth through the
addition of hotel establishments or rooms. Different expansion strategies, which involve the

use of property, leasing, franchise, and management contracts, represent different levels of



effort in terms of management and investment (Martorell & Mulet-Forteza, 2010).
Diversification takes advantage of underused resources and economies of scope to obtain

resources and create synergies between departments (Hsu & Liu, 2008).

The relationship between hotel performance and diversification strategies has received less
interest in the hotel industry. A chief reason is that the industry based its business model on
Fordism until the maturity phase of the business (Butler, 1980). The main characteristics of
the model are a lack of product differentiation together with rigidity and high
standardisation. It assumes that tourists travelling to sun-and-beach destinations only
looked for sunny weather and idyllic beaches (Aguild & Juaneda, 2000; Bujosa, Riera, & Pons,
2015). Under this approach, product differentiation is not necessary to maintain hotels’
performance as the number of arrivals increases, and the room price remains at least stable.
Therefore, researchers and practitioners continue to use classical segmentation techniques
as K-means with variables constructed from personal opinions/judgments, or other
psychographic variables to segment tourists. Therefore, it is necessary to have certain
degree of destination maturity and competence between establishments to allow hotels to

look for diversification (Horner & Swarbrooke, 2016).

Nowadays tourists’ preferences and demands have become more complex. In addition,
Mediterranean sun-and-beach is in an advanced maturity state which, among other factors,
implies a high degree of competence between hotels. These two factors may treat hotels
performance (Poon, 1993; Deya & Tirado, 2011). Tourists not only want to stay all day at the
beach and then go back to the hotel room, but they also seek for other activities beyond
sunbathing. They look for gastronomic experiences, sports, and culture. Vacations have
become multi-purpose trips, tourists combine beaches with visits to other attractions
(Bujosa et al., 2015). In addition, tourists share and look for activities using social networks
and review platforms. In this sense, they get and provide information to tourists and business

managers that can be used for product adaptation (Lee et al., 2020; Moro et al., 2019).

In this way, Wilkins et al. (2007) using a mixed-method approach find that Food & Beverage
(F&B) services are a key factor when determining customer satisfaction as well as hotel
performance. Similarly, Xu and Li (2016) applied a latent semantic analysis to luxury hotel

reviews found that F&B services highly influence tourists' satisfaction. Mun, Woo, and Paek



(2019) find that not only F&B services at luxury hotels increase revenue and customers’
satisfaction. This diversification may provide better performance of the rooms department
in terms of occupancy, average daily rate (ADR), revenue per available room (RevPAR), and
gross operating profit per available room (GOPPAR). Therefore, a better understanding of
tourist patterns propitiates the implementation of complementary and better-managed
services, as well as generating synergies with existing departments. In addition, it
contributes to better use of resource-offering services in unused spaces. However, this
implies financial and operational risks. If the company is not capable of satisfying the needs
of the customers of the core business and the new one as well as create synergies, the cost
may be higher than the revenue from the diversification. Therefore, understanding

consumption patterns is crucial.

Motivation is the starting point of consumption, which is the basis of consumers’ behavioural
analyses. That is, the research field on how and why different groups of consumers behave
as they do (Eagles, 2016; Rita et al., 2018). The other capstone of behavioural analysis is
individuals’ characteristics. In this way, the different consumption behaviours of different
segments are referred to in tourism literature as tourism consumption patterns (Horner &
Swarbrooke, 2016). Tourist consumption patterns are analysed from different scales and
perspectives: macro, micro, and nanoscale (Bujosa, Riera, & Pons, 2015). Although there is
already a fuzzy border between scales it can be stated that while macro-scale comprises
consumption choices that tourists make at the origin country before traveling. The micro-
scale focuses on the different tourist choices between destinations or within a destination
(Chang et al., 2018). Finally, the consumption patterns of tourists of a specific attraction or
local business, such as a beach or hotel. Thus, hotel managers must focus on the behaviour
of tourists lodged at their hotels to allocate resources to satisfy the needs of the most

profitable segment.

Customer segmentation and clustering have been widely studied in the hospitality industry.
In this sense, the data structure and input variables are not suitable for finding new segments
of customers because of their computational limitations. Machine learning techniques may
provide a more flexible tool can help practitioners to better implement diversification

strategies.



This study analyses the F&B consumption patterns of tourists lodged at a luxury hotel
located in a mature sun-and-beach destination with the objective that a better
understanding of such consumption patterns results in an improved profitability of the hotel
establishment. To the best of our knowledge, classical techniques do not provide suitable
tools owing to their rigidity when incorporating new information which differs from the
aggregated mean. Therefore, Machine Learning (ML) techniques may be able to better
predict the complexity of tourists’ behavior. Considering this, the study provides empirical

evidence on the following:

- Can machine learning techniques overcome K-means when explaining

complementary services consumption patterns of tourists?

- Can machine learning techniques help hotel chains implement effective

diversification strategies that result in an improvement in their profitability?
- Which are the characteristics of different customer segments?

In this study, the analysis of F&B consumption patterns of clients lodged at a luxury hotel
located in Mallorca, which have visited their Sky Bar, were analysed. The data were provided
directly by a hotel chain. Thereby furnishing individualized and confidential information not

available in any database.
2 Literature review

Based on the Fordist Model, hotel chains increased their performance through expansion
and cost control. Under this approach, performance efficiency is measured by comparing
observed and optimum costs and revenue subject to constraints on prices and qualities
(Grosskopf, 1993). This leads to the creation of extremely efficient multinational hotel chains
(Martorell, 2012). However, in mature destinations, where cost reduction is difficult and
tourist preferences have evolved towards a multi-purpose trip, an efficient strategy may be
combined with service diversification. Under this scenario, hotels may choose to develop new
businesses that are either related or unrelated to their current businesses. However, few
studies consider product diversification strategies hotel (Oltean & Gabor, 2016). Thus,

Chesters (2017) identified F&B service diversification as a key variable in hotel performance.



Chari et al. (2019) highlights that the effect of diversification on performance is based on the
combined effect of synergies and the possibility of sharing resources and knowledge
between the different business units that may lead to higher performance. However, costs
may be greater than benefits generated by synergies at some diversification level (Grant et
al., 2017). The number of studies in the hotel sector is limited, and the results are mixed.
Chen and Chang (2012) examined the effects of Taiwanese hotel diversification on F&B
strategies on their growth and profit stability. Researchers found that hotels with total
revenue generated mostly from F&B services tend to have higher growth in profit margins,
but also suffer higher instability. In this regard, Erkus-Oztiirk (2016) also found a tendency
toward service diversification when examining sector data of hotels in Turkey, an example of
a sun-and-sea mature destination. The authors state that company size and sector-specific
knowledge (intra-industry investments and experience of hotel workers) are important

variables in determining the success of diversification strategies.

Applying a holistic perspective, Lei (2019), uses a stochastic frontier analysis and finds that
revenue diversification across the room, F&B, and other services efficiency is explained by
general structure, technological efficiency, workers' capabilities, and hotel characteristics.
Park and Jang (2012) introduce non-linearity in diversification profitability analysis. They find
that unrelated diversification increases profitability up to a certain level. However, beyond
that level, unrelated diversification decreases profitability, which implies that at high levels
of unrelated diversification, there is a loss of control and effort due to the distance from the
primary business. They also find that at low levels of related diversification, synthetic-related
business risk is larger than the risk reduction effect. This means that at low levels of related
diversification, synthetic-related business risk is larger than the risk reduction effect.
However, the number of studies in the hotel sector is limited, and the results are mixed (Lee

& Jang, 2007).

A better understanding of customer preferences and behaviour may be key for hotels when
implementing diversification strategies. Therefore, machine learning techniques may
provide better customer information that avoids the negative effects derived from internal
transaction costs, allowing the implementation of stronger synergies between departments

(Park & Jang, 2012).



However, there is a gap in the literature analysing the consumption patterns of tourists in
hotels where they are lodged. The existing literature has focused on the choices of tourism
products, routes, travelling cognition, spatio-temporal distribution, and mental maps. This
may be because obtaining significant results is necessary to obtain large and accurate data
sets on tourist behaviour. In this sense, De Cantis et al. (2016) segment cruise tourists visiting
Palermo based on their consumption patterns. They combine traditional interviews with
sociodemographic questions (age, gender, travel group dimension, etc.) with global
positioning system (GPS) information (length of tour, duration of tour, number of visited
attractions, average speed, etc.). Delivering a GPS device that tracks tourists" movements
during their visit to the city, researchers obtain a higher response rate than using a travel

diary as well as more accurate data.

The main motivation for this study is the need for hotel managers to better understand the
consumption patterns of their clients related to their additional services in order to increase

the profitability of their hotel establishments.
3 Methodology

There are two main approaches in market segmentation literature: supervised and
unsupervised market segmentation. The difference between them is that supervised
segmentation requires the researcher to first choose the variables of interest and then
classify individuals according to that designation, for example, dividing the age variable in ¢
ranges and trying to explain the characteristics of the individuals assigned to this group (Qu
et al, 2016). In this regard, common practices of supervised market segmentation are
expenditure market, motivation, and visitation (Mok & lverson, 2000; Sung et al., 2015).

In contrast, unsupervised segmentation only requires that researchers choose a range of
interrelated variables and then cluster individuals into groups. These groups must satisfy the
criterion that the similarity measure between individuals belonging to a group is high and
the between-group similarity is low (Ernst & Dolnicar, 2017; Wierzchon & Ktopotek, 2018). In
other words, supervised segmentation does not require any previous analysis, whereas
unsupervised segmentation requires an explorative analysis of the variables to determine the

different segments.



Several techniques are used in tourism market segmentation, ranging from elementary ones,
such as statistically dividing the sample into more complex multivariate ones (Wierzchon &
Ktopotek, 2018; Mok & lverson, 2000). However, the most commonly used techniques
include factor analysis (Sharma & Nayak, 2020), cluster analysis, latent class analysis
(Ferrer-Rosell et al., 2016), (Maingi et al., 2016; Pivcevic et al., 2020), random forest (Brida et
al., 2018), and more recently, neural networks (Bigné et al., 2019; Moral-Cuadra et al., 2021).
In the remainder of this paper, we focus on K-means cluster analysis and random forest
tourism segmentation.

The first step of cluster analysis is to determine the number of clusters in which the demand
is divided. There are two ways to determine the number of clusters: based on information
provided by practitioners and experts or through rigorous mathematical-based techniques
(Aguilé & Rossello, 2005; D. Xu & Tian, 2015). Among such methodologies, the following
should be highlighted: Schwarzs Bayesian information criterion (BIC), Akaike information
criterion (AIC), and elbow method indicators (Wierzchon & Ktopotek, 2018). When
determining the number of clusters, the researcher must seek interpretable and coherent
results (Bujosa et al., 2015). Therefore, it is useful to check the results obtained by the
mathematical-based technique with the opinions provided by experts.

Among the segmentation algorithms, K-means is the most popular in the social sciences
(Jain, 2008; Wierzchon & Ktopotek, 2018). However, it has several handicaps that facilitate
the adaptation of other algorithms in social sciences, which are derived from their rigid
membership function. It is sensitive to outliers and noise, and it cannot guarantee
convergence to a solution (Jain, 2008). In addition to this limitation, the availability of teras
of data on tourist behaviour, as well as the rise in computational power, makes it easy to use
more efficient classification algorithms. In the next phases, our purpose is to apply both K-
means and Random Forest to nanoscale tourism segmentation in order to verify the
superiority of the accuracy of the Random Forest.

The K-means hierarchical clustering algorithm aims to partition n observations into k
clusters. Each observation belongs to the cluster with the nearest centroid. In the initial
stage, the centroid is located randomly, and then the algorithm starts. It moves the centroids
until there is a minimum distance between the observations of the cluster and its centroids

(Jain, 2008).



The Random Forest technique consists of numerous individual decision trees that operate
as a whole (Breiman, 1999). Each tree in the random forest splits out a class prediction, and
the class with the most votes become the model prediction. A low correlation between tree
structures operating as a committee is the key to performance (Xuan et al., 2018). Random
Forest is a supervised machine learning algorithm that can be used for both classification
and regression (Brida et al., 2018; Dieu et al., 2020). A decision tree is a predictor h: X-Y,
which predicts the label associated with an instance x by travelling from a root node (where
the tree starts) of a tree to a leaf every one of the splits. At each node on the root-to-leaf path,
the successor child is chosen based on the splitting of the input space (Shalev-Shwartz &
Ben-David, 2014).

Splitting is usually based on one of the features of x or a predefined set of splitting rules. The
leaf contained a specific label. An example of a decision tree for expenditure propensity is

given as follows:

Figure 1. Decision Tree example

Gost of Stay <= 794.359
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Source: Author elaboration

As shown in Figure 1, a decision tree is a flowchart-like structure in which each node
represents a test on an attribute, depending on the results on each level a tourist is classified
as Non-Spender, Standard, or Spender. For example, extracting a single decision tree from
the Random Forest applied in the analysis, the first variable that it assesses is Cost of Stay.
Ifitis lower than 794,35 € then it is assessed using the Sky Bar expenditure, and if it is higher,

it uses the number of dinners. The process continues N times for the N trees of the forest.

That is, it moves to the right, centre, or left child of the node based 1j,_,; where i € [d] is the
index of the relevant feature and 6 € is the threshold. In such cases, a decision tree can be
considering as a splitting of the instance space, X = R, into cells, where each leaf of the tree
corresponds to one cell. It follows that a tree with k leaves can shatter a set of k instances.
Hence, if we allow decision trees of arbitrary size, we obtain a hypothesis class of infinite
dimensions. To avoid overfitting, the minimum description length (MDL) is used (Shalev-
Shwartz & Ben-David, 2014). The most frequently used attribute selection measures in
decision tree induction are the information gain ratio criterion and the Gini Index (Breiman,
1999). For a given training set T, selecting one case at random and saying that it belongs to

some class C;, the Gini index can be written as:

> D F@nDATD(F(G.T)/IT)

%)
The Random Forest classifier used in this study consists of using randomly selected features
or a combination of features at each node to grow a tree. Bagging, a method to generate a
training dataset by randomly drawing with replacement N examples, where N is the size of
the original training set, was used for each feature-feature combination selected (Ketkar,

2017).

Although K-means is still very popular among academics and managers, it presents a series
of limitations that arise from its restrictive membership function. Thus, this rigidity is
overcome by the Random Forest which can handle missing values, automatically process

outliers, and work well with both continuous and categorical data (Chattopadhyay and Mitra,



2020). For this reason, researchers assume that Random Forest may be a suitable option for

academics and practitioners.
4 Data description

This study compares the segmentation capacity of classical K-means and Random Forest.
To do so, 2,256 room nights between March 1, 2019, and October 31, 2019 were gathered
from the hotel company database. Based on the opinion of the hotel chain marketing experts,
three groups have been pre-defined: Non-Spenders, Standard, and Spenders. Regarding the
780 visits to the Sky Bar, 34.60% are considered to have a low propensity to spend (Non-
Spenders), 42% (Standard) have a medium propensity, and 23.4% have a high propensity.

Selected tourists had to be lodged for at least one night at the hotel.

Table 1 describes the variables used as input in both segmentation techniques.

Table 1. Variable description

Variable name Variable description

Length of Stay Number of days the tourist stays at the hotel

Cost of stay Cost of the accommodation per room

Dinners Number of customers per visit to the Sky Bar

Sky Bar expenditure Total amount spent at the Sky Bar by each reservation
Sky Bar visits Total number of visits made to the Sky Bar during the stay

Source: author elaboration

Table 2 shows that the average length of stay is 3.5 nights. This result is consistent with the
average length of stay for this hotels category reported by official institutions (IBESTAT,
2020). The minimum length of stay is one night, and the maximum is fifteen nights
corresponding to a long stay reservation. Table 2 shows that the average cost of the stay is
1,008.97 €. The minimum of this variable is zero because on occasions in which there has
been an error, being a luxury hotel, the company does not charge the accommodation to the
client. Regarding the consumption pattern of the establishment's Sky Bar customers, on
average it corresponds to reservations of 5 people who spend an average of € 93.58 and who

visit the bar about three times during their stay.



Table 2.

Data description

Variable name Minimum | Maximum | Mean Standard deviation
Sky Bar visits 1 27 3.42 3.08
Length of Stay 1 15 3.56 2.43
Cost of stay 0 11,050 € | 1,008.97 € 759.26
Dinners 1 47 5.14 4.96
Sky Bar expenditure 2€ 830 € 93.58 € 91.73 €

5 Results

The segmentation presented in this study provides a model that works independently from
the season (Fleischer & Pizam, 1997). To obtain significant results, 1,500 iterations of each
model, Random Forest and K-means, were run. Following the guidelines of Jain (2010), the
data set was randomly divided into training and testing (30% of the sample) using Python 3
(Van Rossum & Drake, 2009).

To compare the results obtained, the accuracy was used according to the literature. This
metric is especially used to evaluate the classification models. Thus, we can define it as the
quotient between correct predictions over total predictions (Visa et al., 2011). literature, the
accuracy has been used. This metric is especially used to evaluate classification models.
Thus, we can define it as the quotient between correct predictions over total predictions

(Visa et al.,, 2011).

Correclty predicted
Totally predicted

Accuracy =

Accuracy allows comparing the ability to compare the predictions of the two models even if
the models have different statistical natures. The following table (Table 3) shows the results

of the 1,500 iterations made with each of the classification models.

Table 3. Results

Segmentation Iterations Average of | Standard Deviation of
technique accuracy accuracy
Random Forest 1,500 0.9847 0.0028




K - Means 1,500 0.5965 0.0014

Source: author elaboration

It can be appreciated that the Random Forest technique has better accuracy than the classic
K-means. Moreover, a very low standard deviation is observed, which indicates a consistent
average of accurate results. From the 1,500 experiments, Random Forests achieved an
average accuracy of 98.47%. Although surprisingly high, it has been demonstrated that this
algorithm is a superior classifier; it is even used for crime prediction (Lin et al., 2017; Xia et
al., 2021). In this regard, Xuan et al. (2018) used a Random Forest to classify Internet

transactions with a credit card and obtained an accuracy of 98.67%.

In the same way that Guo et al. (2019), the confusion matrix from Table 4 shows, in one of

the 1,500 iterations, how 98.47% of the predicted labels are correct.

Table 4. Confusion matrix

Real Label
Non-Spenders | Spenders Standards
Predicted Non-Spenders 239 0 1
Label Spenders 0 148 1
Standards 2 1 285

Source: Author elaboration

As shown in Table 4, true positives (correctly predicted values: 239, 148, and 185) were
dominant in the confusion matrix of the Random Forest. For instance, Random Forest only

classifies two Non-Spenders as Standards.

Table 5. Random Forest clusters’ description

Cluster Minimum | Maximum Mean Standard deviation
Non-Spenders

Sky Bar visits 1 5 1.6 0.9

Length of Stay 2 4 2 0.8

Cost of Stay 0€ 792 € 436.8 € 206.50 €




Dinners 1 5 2.3 1.3
Sky Bar 2€ 1195 € 39.8 € 28.7 €
expenditure

Standards
Sky Bar visits 1 8 3.1 1.8
Length of Stay 1 6 3.5 1.1
Cost of Stay 0€ 1,770.0 € 1,016.9 € 3294 €
Dinners 1 12 4.6 2.8
Sky Bar 2.0€ 199.0 € 79.3 € 50.3 €
expenditure

Spenders
Sky Bar visits 1 27 6.4 4.5
Length of Stay 1 33 5.8 3.3
Cost of Stay 396.9 € 11,050 € 1,9189 € 1,230.6 €
Dinners 1 47 6.3 7.7
Sky Bar 55€ 609.5 € 187.5 € 122.6 €
expenditure

Source: author elaboration

Table 5 describes the three clusters generated by the Random Forest: Non-Spenders (34,6%
of the sample), Standard (42.0%), and Spenders (23.4%). Clusters are coherent with the
expectations of researchers. There is an ascending scale in the mean of the variables from

Non-Spenders to Spenders.

Non-spenders, on average, visit the sky bar 1.6 times during their two-day stay at the hotel.
On average, the expenditure on accommodation is 436.8 € with a maximum of 790, while
their expenditure at the sky bar is only 39.8 €, where they usually go in groups of two people.
The Standards almost doubles the number of sky bar visits and doubles the cost of the stay
as well as the number of visitors to the sky bar. The total expenditure in F&B Sky Bar is 79.3

€ in a maximum of eight visits per stay.



The Spenders visit the Sky Bar 6.4 times each time they are lodged at the hotel, spending
1,918.9€ on accommodation, four times more than the Non-Spenders and almost double the
Standards’ expenditure. They spend, on average 187.5 € on the Sky Bar in groups of 6.3. In

terms of expenditure, it is 50.01% more than Non-Spenders and more than double the

Standards.

Table 6 shows the results of the results of the K-means segmentation.

Table 6. K-means clusters’ description

Cluster Minimum | Maximum Mean Standard deviation

Non-Spenders
Sky Bar visits 1.00 € 5.00€ 1.60 € 0.90 €
Length of Stay 1.00 4.00 2.00 0.90
Cost of Stay - € 800 € 446.50 € 213.70 €
Dinners 1.00 5.00 2.20 1.30
Sky Bar 2.00€ 119.50 € 41.60 € 30.00 €
expenditure

Standards
Sky Bar visits 1€ 8.00 € 3.10€ 1.80 €
Length of Stay 1.00 6.00 3.60 1.10
Cost of Stay - € 1.80 € 1,020.30 € 344.60 €
Dinners 1 12 4.60 2.80
Sky Bar 2.00€ 199.60 € 81.40 € 51.50 €
expenditure

Spenders
Sky Bar visits 1€ 27 € 6.60 € 4.80 €
Length of Stay 1.00 33.00 5.80 3.60
Cost of Stay 151.20 € 11.050 € 1.818 € 1.431.40€
Dinners 1.00 47.00 10.40 8.30




Cluster Minimum | Maximum Mean Standard deviation

Sky Bar 2.00 € 830.20 € 192 € 126.00 €
expenditure

Source: author elaboration

The three clusters are composed of 35. 60% Non-Spenders, 42.39% Standards, and 22.01%
of Spenders. The percentage difference in the size of the clusters is small, 1.4% in the case
of Spenders. However, in the assignment of individuals to each cluster, the superiority of the
Random Forest is seen. Thus, the standard deviation of the variables in each cluster is lower
in the Random Forest than in the K-means (Tables 5 and 6). The significant difference
between the results is on Spenders group. Although both the K-means and Random Forest
Spenders groups have a similar size, Random Forest is capable of grouping customers with
a higher expenditure in accommodation (1.918.90 €) and Sky Bar expenditure with equal

average length of stay (5.8 days).

Through machine learning segmentation techniques, managers can adapt pricing and
packages to the preferences of the segment that better fit the hotel strategy. In this way, an
increase in revenue at the Sky Bar, cost optimisation, the generation of synergies with other
departments, and the increase in tourist satisfaction operate together to boost hotel

performance.
6 Conclusion

This study aimed to propose a new technique for segmenting tourists to improve the
performance of the establishment. In addition, researchers have shown that the Random
Forest works regardless of whether the season is low, medium, or high. This application is
an example of how hotels can improve their performance through diversification strategies.
They can increase revenue with new services, increase customer satisfaction with the

establishment, and optimise resources.

This study answers the questions presented in the introduction. Regarding the first question,
this study confirms that machine learning techniques can explain complementary
consumption patterns better than classical K-means. Regarding the second question,

Random Forest has a higher accuracy and lower standard deviation of the variables and



better describes the tourist’ consumption patterns. In fact, beyond providing better accuracy,
the individuals belonging to the cluster Spenders of the Random Forest have an average
expenditure in accommodation and, in Sky Bar expenditure is higher than K-means.
Therefore, a better understanding of customers’ consumption patterns facilitates hotel

chains in the implementation and monitoring of an effective diversification strategy.

From a theoretical perspective, this article contributes to the literature considering the sun-
and-beach hotel not only where tourists rest before a day of beach, considering that it is a
leisure centre with multiple business units and spaces (nodes), which are interconnected as
an interrelated complex network and generate synergies between them (Jackson, 2010). This
article proposes and demonstrates new machine-learning techniques. In this sense, for
business managers of a hotel in a mature destination, it is more important to understand
how tourists interact with hotel complimentary offers in the Sky Bar than to know the
number of tourist arrivals. The number of arrivals is more or less stable according to the
consolidation stage of the destination (Deya & Tirado, 2011). This article also provides a new
tool for managers to make diversification away from the core business easier. That is, a long
period of experience is not necessary in the new business to understand the behaviour of

customers.

From a theoretical perspective, this study contributes to the literature on hotel performance
because it can achieve high accuracy with a few explanatory variables as well as introduce a
technique that does not require a strict process of data cleaning because of its capacity to
handle missing values and continuous and categorical variables at the same time (Xiang et
al., 2017). Beyond that, Random Forest can take relations between variables and observations
into account, that other algorithms, besides machine learning, cannot (Pal, 2007). However,
it has the advantage of avoiding overfitting. Another contribution is the optimisation of
resources. When customers' consumption patterns are well known, services can be
reinforced at peak times or only offer certain products that are better for the interests of the

customer and the company, such as a reduced menu.

This work has important practical implications for hotel managers, as the study results can
help them, directly and indirectly, compensate for the RevPAR drop. First, it provides a tool

that can accurately segment F&B service consumers. Second, higher and better usage of



unexploited hotel spaces, such as terraces, directly increases the company's revenue (Yeh et
al., 2012). Finally, although the F&B and rooms divisions are separate parts of the business,
high customer satisfaction with the F&B service may lead to higher room prices (Xu & Li,
2016). Therefore, as indicated by Ribeiro et al. (2019) hotel managers must have a global
vision of the organization, as the performance of the parts fully impacts the performance of

the hotel.

In future research, it may be interesting to take a holistic perspective and consider all of the
business units of a hotel (Rooms Division, Rooftop, Spa, Restaurant, Bar, Pool Bar, etc.) and
investigate how the consumption patterns of tourists interact with all of the outlets. More
specifically, future research must not only segment customers by how they utilize an outlet
but to segment them by how they utilize all outlets and how the utilization of an outlet is
related to that of others. In addition, information from opinions and customer experiences

published on social networks and review platforms may be incorporated.
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