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Introduction

In a time of unprecedented tourism growth worldwide, the standard patterns of traveling
are progressively changing, opening a door for businesses to meet the needs of these new-era
travelers with innovative, profitable solutions. The period of stay for traditional touristic
destinations is shrinking, with voyagers seeking shorter getaways to multiple destinations, in
an increased urge to travel the world (Almeida et al. 2021). Naturally, this type of travelers
continually searches for ways to make the most of every minute of their stay, reducing to the
maximum extent the time lost dealing with logistics. There is where LUGGIt plays its part by
saving tourists a considerable amount of time.

LUGGIt is a start-up company that offers real-time luggage collection and delivery
services, with the foremost objective of resolving the time lapse between a tourist’s arrival at
the airport and registration in the place of accommodation. Through a mobile platform, LUGGiIt
connects travelers with independent drivers — “Keepers” — who collect and deliver luggage at
the desired place and time, further offering storage solutions in the process. Founded in 2019,
the Portuguese company first established its services in Lisbon and Porto, and, earlier this year,
began its international expansion by integrating the city of Vienna, Austria in its range of
operations. Moreover, it is important to highlight that LUGGit’s target customers are,
predominantly, international plane travelers who visit these cities for short-term tourism. Thus,
benefitting from the huge touristic intensity in Europe, which accounts for half of the world’s
tourist arrivals (World Tourism Organization 2021), this start-up has been experiencing an
outstanding adherence to its services. However, the team is currently facing a complex decision,
which intends to be resolved through the development of a decision support model.

To validate and scientifically support this thesis, henceforth it will be adopted a
methodology based on the Design Science Research Process, presented by Ken Peffers et al. in

2007. The proposed framework aims to provide a road map for design science processes,



through the creation of artifacts designed to hasten problem-solving at the intersection of IT
and businesses (Peffers et al. 2007). The outlined structure comprises six steps: Problem
Identification and Motivation, Objectives of a Solution, Design and Development,
Demonstration, Evaluation, and Communication. Peffers et al. explicitly stated the adaptability
of this methodology to specific types of research, enabling the framework to be adjusted
accordingly. Therefore, within the scope of this thesis, the events that regard demonstration and
evaluation are combined in the section “Interpretation of the Results”. Moreover, to provide
theoretical context to the solution implemented, a review of literature is included in the “Design
and Development” phase, where the method to resolve LUGGit’s problem of expansion is
effectively created. Finally, the step reserved for communicating the conclusions to the intended
audience is accomplished by means of this thesis and was previously addressed through direct

consultation with LUGG:It, whose feedback is included in the abovementioned section.

Problem Identification and Motivation

In the wake of LUGG:it’s rapid growth, the team aims to pursue international expansion,
ideally amplifying its services to include three additional cities in the next two years.
Nevertheless, the selection of the upcoming cities represents a puzzling problem.

As a starting point, the company established a couple of directives to guide this decision.
First of all, the cities to consider should be European cities. Secondly, to capacitate a fast and
exponential growth, these cities should represent larger markets than those of Lisbon and
Portol. Broadly speaking, the company’s potential market in each city is represented by the
respective tourism intensity and, consequently, is subjected to the intrinsic seasonality.
Accordingly, the curation of these cities should be based on the number of arrivals from

international territories to the respective airports — a portrait of the potential market size each

! The decision of expanding to Vienna, although fulfilling the requirements, was also influenced by external factors
that met the company’s needs at the time.



city represents. Notwithstanding, the main obstacle behind the complexity of this problem is
the impossibility of using LUGGit’s existing data to substantiate the choice of the next cities.
As it solely provides information about the services carried out in the cities of Lisbon, Porto,
and Vienna, no comparison embracing all the possibilities could be undertaken and, for this
matter, additional data is essential. Under these circumstances, the question this thesis intends

to answer is fairly straightforward: How should LUGG:It’s business grow?

Objectives of a Solution

Foremost, the aim of a solution is to provide a data-driven answer to the problem raised.
More specifically, the approach proposed has two major objectives: to gather information to
sustain the decision and, secondly, to retrieve insights from that data, using a decision support
model that enables to compare the possible cities for the expansion of LUGGit’s businesses and
infer a selection of the three most advantageous. Furthermore, the collection of data to assess
this challenge can represent a useful font of information, not only for the resolution of this
business problem, but also to pilot the company’s future operations. Besides, the advanced
solution should be as flexible as possible considering the phase of growth LUGGit is crossing.

Despite the demanding setting, a clustering technique is a tool with the capability to
identify the most fitting cities for expansion and potentiate LUGGit’s growth and profits — the
ultimate goal of every firm. Through the recognition of the different groups those cities
intrinsically belong to, it is possible to acknowledge the most fitting cluster, keeping in mind

that, preferably, it will not include the cities where the company is already established.

Design and Development

Literature Review
Clustering is probably one of the most basic abilities of humankind. (Everitt, Landau et

al. 2011). Once a new object is identified, the human mind intuitively applies knowledge about



similar objects encountered in the past, with the inherent intention of recognizing similarities
and differences that could allow to classify it (Kaufman and Rousseeuw 2005). Over the latest
decades, the concept of cluster analysis has been broadly discussed under the scope of various
fields. Although there is not a universally accepted definition, clustering can be described, in
its widest sense, as the task of organizing data into groups based on similarity, with the foremost
objective of creating meaningful clusters that capture the natural structure of the data.
Wherefore, the degree of association is maximal between patterns within a cluster and minimal
among patterns belonging to a different cluster (Jain, Murty et al. 1999).

The far-reaching applications of clustering techniques to practical problems are
predominantly twofold: for understanding and for utility. Steinbach and Kumar stated that in
the context of understanding data, clusters are potential classes and cluster analysis is the study
of techniques for automatically finding classes (Steinbach, Kumar et al. 2006, p. 487-488).
Specifically, clustering methods have played a crucial role in the Business area by easing the
understanding and analysis of the large amounts of information gathered to sustain decision
making — this topic will be approached in detail further in this section. Employed independently
or in a combined manner, clustering for utility enables the abstraction from individual data,
centering the analysis on the clusters in which the objects reside (Steinbach, Kumar et al. 2006).

The major advances in technology, combined with the rising need of classifying cases
in more than three dimensions, led to the emergence of a wealth of clustering algorithms, the
so-called automatic classification procedures (Kaufman and Rousseeuw 2005).

K-means is one of the oldest and most widely used algorithms for cluster analysis
(Steinbach, Kumar et al. 2006). This algorithm partitions the data into a pre-defined number of
non-overlapping clusters — symbolized by k —, with the premise that each observation can only
be allocated to one cluster. Being a form of unsupervised learning, the assignment classes —

also designated by clusters’ labels — are not known a priori and, hence, are inferred by the



algorithm with the absence of category information (Jain 2009). To be exact, firstly k points are
set as the initial clusters’ centers —commonly labeled centroids — chosen at random or according
to some heuristic procedure. Subsequently, each of the remaining observations is assigned to a
cluster in a way that the distance between the data point and the centroid of that cluster is
minimal. Once all points are grouped into k clusters, the centroids are re-calculated as the mean
of all the instances belonging to that cluster, inducing an iterative process that only ceases when
reassignments of clusters are no longer possible or the within-cluster variation reaches a pre-

determined value and, thus, is minimized (Rokach and Maimon 2005).

Algorithm 8.1 Basic K-means algorithm.

: Select K points as initial centroids.

repeat
Form K clusters by assigning each point to its closest centroid.
Recompute the centroid of each cluster.

until Centroids do not change.

g e

Figure 1 - Basic K-means Algorithm (source: Steinbach and Kumar 2006)

The contributions of the K-means algorithm to the most diverse fields are undoubtedly
remarkable. One of its major applications in the Business area is market segmentation, which
can be defined as the process of breaking a companies’ potential or effective market into
segments. To this extent, clustering enables a clear understanding of prospects without the need
of analyzing each case individually and the gain of additional insights through the grouping of
items, leading to an effective market segmentation (Kuo et al. 2002).

Despite its recognized efficiency in resolving the clustering problem, the K-means
algorithm holds certain limitations that can compromise the accuracy of its results. First of all,
the assignment of the initial centroids highly impacts clusters’ membership: when random
initialization is used, different runs of K-means typically generate distinct outcomes (Steinbach,
Kumar et al. 2006). Therefore, under the scope of this thesis, a solution advanced in the K-

means++ algorithm will be employed to mitigate this problem. The K-means++ algorithm



proposes an alternative approach to the original K-means method, which allows setting the
initial cluster centers in an attempt to force the centroids to be as distant as possible from one
another, covering the occupied data space to the furthest extent from initialization (Arthur and
Vassilvitskii 2007). Further, the algorithm is not robust to outliers, whilst the presence of these
data points can substantially influence the mean value and, ultimately, the value of the
centroids. Lastly, K-means does not perform well with qualitative data and can be affected by
the alleged course of dimensionality, the undesirable consequence of keeping a disproportionate
number of dimensions relative to that of existing observations (Han, Kamber et al. 2011).

As formerly referred, empowering a flexible process of decision-making is crucial for
LUGGIt. Therefore, a “Weighted K-means algorithm” was assembled to improve clustering
analysis across multiple data sources and factors that might have different subjective impacts
to the diverse members of the company, producing dissimilar results accordingly. Thus, the
development of this algorithm was further strengthened with the application of sensitivity
analysis to consolidate the distinct outcomes, a broadly undertaken method to enhance decision
support tools. Within this frame of reference, sensitive analysis is defined as the practice of
tracing the variation of a model’s outcomes as a set of model-related assumptions change
(Borgonovo and Plischke 2016). Above all, sensitivity analysis provides consistency to the
conclusions inferred by the model: an outcome is considered reliable if it remains coherent
throughout adjustments. Thereby, the uncertainty and subjectivity inherent to both the process
of decision-making and the analysis of clustered data are diminished (Abe and Gee 2014).

Taking into consideration the theoretical context provided, clustering is undeniably an

adequate tool to accurately substantiate the choice of the future cities for LUGGit’s expansion.

Data Collection and Understanding
As previously stated, to develop the proposed method and fulfill the objectives

abovementioned, information covering all the cities under consideration had to be gathered.



The potential growth each city represents is manifold. Apart from intuitive factors, as
the extension of a city’s market size, existing competition, or aspects that might directly or
indirectly influence costs of operations, numerous other factors had to be considered. For
instance, aspects that might impact the propensity of tourists to adhere to LUGGit’s services 0Or
the probability of partnerships with accommodation businesses, which senses the complexity
behind a problem that, at a first sight, might seem simple. To accomplish this exhaustive
analysis, information was retrieved from the most diverse sources, covering official aviation
databases, articles and publications, official webpages, statistical and financial databases, and
even less conventional sources such as navigation tools, from which data was manually
generated. In this way, the collection and understating of data were conducted through an
iterative process, as the understanding of such information repeatedly led to the necessity of
collecting additional data to deepen the analysis until the final dataset was accomplished.

As prior established, the selection of the feasible cities was founded on the number of
international arrivals to the respective airports and, wherefore, the 20 cities that revealed the
highest number were preferred®>. Compounded with Lisbon, Porto, and Vienna, the 3 cities
where LUGG:it already operates, 23 cities were under the scope of this analysis.

With respect to the attributes, they were fashioned into 7 general categories. The unique
identifier of each instance is given by the combination of the columns “City” and “Country”,
comprised in the group “Identifiers”. Each of the remaining 6 categories intends to represent a
genre of features that, directly or indirectly, impact the company’s business.

The attributes that regard a city’s airports — LUGGiIt’s preferable place to target its
audience — were incorporated in the category “Airports”. This class includes the indispensable
variable “No. International Arrivals” used to determine the possible destinations towards

expansion, along with the columns “Distance Airport-CC” and “Time Airport-CC”, which

2 An illustration of this criterion is provided in Appendix I, Figure 9.
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characterize the route between the airports and the city center. Hence, these variables provide
crucial insights by reflecting the distance and time “Keepers” need to transverse. The following
category — “Airbnb” — covers the attributes that specify the way and the circumstances under
which Airbnb operates in that city, containing the column “No. Airbnb Listings”, which
improves the perception of a city’s tourism intensity by assessing the volume and occupancy of
Airbnb’s. In addition, the data within the category “Competition” reveals insights about the
existence of companies that perform similar services, focusing on LUGGIt’s two main
competitors. Furthermore, to address this problem in the most substantiated way possible,
additional information is included in the remaining categories: “Operations”, “Cost of Living”,
and “Additional Characteristics”. In order to provide a full understanding, the entire set of
variables used, along with a detailed description, is provided in Appendix I, Table 5.
Ultimately, it is important to note that this wide range of data sources granted these
variables different relative importance in the process of decision-making, demanding a model

capable of weighting the different team members’ perceptions of the prime factors.

Data Curation

The quality of the results outputted is highly dependent on the quality of the inputted
data, thus, the next step was to ensure that the dataset was properly treated. In this case, the
curation of the data was not extensive, as it was gathered bearing in mind its future application.

The first attempted step was treating the existing missing values, which were replaced
by zero since it mirrored its true meaning. Further, the feature “Airbnb Legal Barriers” was
manually transformed into a numerical variable, allowing its posterior use in the clustering
algorithm. The diverse legal restrictions were ranked by their level of strictness — attained
through research —, which allowed to measure the rigidity imposed in each city and, for the
cities that presented more than one restriction, their values were summed — Appendix |, figure

10. Finally, the assessment of the data utility was a continuous process, following the constant
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adjustment of the business’ needs. The attributes proven to be no longer relevant were dropped,
namely the columns “Entreprencurial Ecosystem”, “Ease of Expansion”, and “Topography”.
Similarly, the variable “Indirect Competition” was removed, as it held the same estimate for all
cities and, thusly, added no value to the reasoning. A cleaned and treated dataset made possible

the visualization of the data, which will be object of analysis in the next section.

Descriptive Statistics and Exploratory Data Analysis

Having a first look at the dataset, one can notice the heterogeneity of values across the
different cities. Consequently, before diving deeper into the solution developed, it is important
to conduct a detailed analysis of the dataset, the variables that compose it, and possible relations
between them, to discover patterns hidden in the data and test hypothesis that can help identify
the advantages and disadvantages behind that heterogeneity.

The first analysis concerns the legal barriers imposed towards Airbnb, along with the
number of active listings on the platform. This first variable approximates potential variations
in the market size in the long run, as it represents the rigidity of the limitations to the growth,
and even maintenance, of the number of existing Airbnb’s, while the second approximates a
city’s current market size. Figure 2 illustrates the values assigned to each city, sorted by their

level of strictness, as well as the number of active listings.

Comparison between Level of Strictness of Airbnb's Legal Barriers and Number of Airbnb Listings
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Figure 2 - Resemblance between Airbnb Legal Barriers and Number of Active Listings in the Platform
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In this fashion, there is a high probability of growth stagnation in Paris. However, this
high level of strictness represents a more serious drawback in the cities with minor tourism
intensity, in particular, Madrid, Amsterdam, and Dublin. Moreover, the absence of Airbnb
restrictions, or its low level of rigidity, alongside a significant market extent is noteworthy,
especially in Rome and Istanbul, large cities with margin to expand its tourism.

The subsequent analysis aims to understand if there is a trade-off between a city’s

market size and the minimum time taken to complete a service, demonstrated in Figure 3.

Number of International Arrivals and Time from the Airport to the City Center
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Figure 3 - Number of International Arrivals and Time taken from the Airport to the City Center by car

In fact, one can state that the minimum duration of each service is, from a general point
of view, higher when the number of international arrivals is increased. Even though a longer
service also presupposes a greater price, it does not necessarily mean that it is more profitable
for LUGG:it due to the associated costs and, thereby, a shorter time span for each service is
preferable. In this way, the cities of Paris, Rome, and Prague hold a considerable advantage, as
they present a low value regarding the time that comprises the distance from the airport to the
city center and a substantial market extent in comparison. Additionally, it is evident which cities

account for the greatest number of international arrivals: London and Paris are evidently the
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“biggest” cities, followed by Istanbul and Rome, data points that clearly represent outliers.
Finally, the average Airbnb’s occupancy was examined with the intention of identifying
the cities with better performance and to comprehend if the presence of seasonality in the cities

with greater tourism concentration can be perceived through this variable — Figure 4.

Airbnb's Average Occupancy in 2019
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Figure 4 - Average Occupancy of Airbnb's in 2019, per city
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Regarding the year of 2019, pre-pandemic, Berlin exhibits the highest average, with
63% of occupancy of its Airbnb listings, followed by Saint Petersburg, with a value of 61%. In
contrast, Istanbul manifests the lowest percentage — although not insufficient, as it still presents
43% of occupancy of its vast number of listings. Thereby, one could assume a high probability
of Istanbul suffering from a more intense variation of the number of tourists throughout the
year. This assumption was confirmed through research and, indeed, Istanbul is a city with an
acknowledged division between the so-called high season and low season, which substantiates
the utility of this attribute as a perception of a large city’s exitance of seasonality.

The insights retrieved from these analyses are crucial to the future interpretation of
results. However, by exploring the dataset in more detail, one can also recognize the endless
interconnections between variables: the time taken to complete each service is subject to the
propensity of a city to register traffic congestion; likewise, the prior mentioned service cost in
each city is dependent on the respective costs of performing and maintaining these operations,
namely, the average monthly salary, the gas price, and the average cost per click; even the

13



market size each city represents, to be accurately measured, has to take into account the
variables that indirectly influence it. This interdependence reaffirms the importance of a model-

based solution, where all relations are considered and properly weighted to the fullest extent.

Data Modeling

As reasoned before, a clustering technique, specifically the K-means algorithm, fulfills
the requirements to resolve this problem. Nevertheless, the methodology here proposed intends
to go beyond this method of cluster analysis, employing the reasoning formerly described in
the “Literature Review” section, although slightly altering it to make it perfectly adjustable to
meet LUGG:it’s needs and interests. Undoubtedly, for the selection of the preferred cities for
expansion a wealth number of factors need to be considered and, naturally, the team sought to
include all the relevant attributes into the analysis, nonetheless, there is a perception of the most
relevant factors to the business. Thence, the “Weighted K-means algorithm” empowers the
addition of the relative importance of each attribute into the K-means model, through the
assignment of a relative weight to each feature. To provide a full understanding of the method

implemented, primarily the logic behind it will be described.

Weighted K-means Logic

Mathematically, n objects, represented as vectors of p attributes, are grouped into k
clusters by assigning these objects to the closest centroid, based on a measure of similarity. In
this regard, the Euclidean distance will be used to prescribe the proximities between the data
points and the centers of the clusters and, within this distance formula, the relative weight of

each feature — defined as w —, is applied, as represented in the equation below.

- 2
N = gl w

1i=1

Mw

d(x,c) =

J

Equation 1 - Weighted K-means Algorithm Distance Formula
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Specifically, each of the 23 cities under analysis (n), represented by a vector containing
the values of the 24 attributes (x), is allocated to the cluster with the nearest centroid (c). This
proximity is measured taking into account the relative importance of the attributes, mapped into
a vector with 24 weights (w), regarding each of the variables. In Appendix Il, Figure 11 the

code developed in Python is provided.

Relative Importance of the Attributes

As abovementioned, this modified approach of the K-means algorithm was developed
with the purpose of completely aligning the clustering algorithm with the needs of the company,
therefore, the assignment of the relative importance of each column in the dataset was settled
by diverse members of LUGGit — a table with the variables’ relative impact, perceived by each
member, is given in Appendix Il, Table 6. The weights were assigned considering an interval
ranging from O to 2, where a value below 1 presupposes a less significant variable compared to
the remaining and a value above 1 infers a greater relative importance. Hereby, the attributes
with a weight of zero are not considered by the model, operating as a form of regularization.

Moreover, acknowledging LUGG:it’s early stage of growth and the recent expansion to
a larger city, alongside the subjective nature of the weights, developing a method flexible
enough to adjust itself to the perception of the most substantial variables was crucial to
guarantee its utility. In this fashion, an interactive property was attached to the model to allow
the weights to vary accordingly, enabling the visualization of the results being promptly
recalculated as the relative significance of each column changes. The practicality of this
property is twofold: on the one hand, the diverse weights perceived by each member of the team
can be tested, on the other hand, the model is adjustable enough to meet the expectations of the
company as its needs evolve. Besides, it shapes this data-science-based model into an

intelligible tool for any member of the company.
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Optimal Number of Clusters and Initialization of the Centroids

Before the deployment of the model, it is necessary to pre-determine the number of
clusters to divide the data into (k). Hence, the optimal number was ascertained by applying the
Elbow Method, considering 2 to 5 clusters, and, from its analysis, it was possible to conclude
that dividing the data into 3 or 4 clusters would grant the most reliable conclusions — Figure 12
in Appendix Il illustrates these outcomes. In addition, as previously stated, the determination
of the initial clusters’ centers intended to position these centroids as distant as possible from
one another, targeting a group of dissimilar cities. For this matter, two considerably large cities,

alongside two comparatively smaller ones, were assigned as the initial clusters’ centers.

Model Deployment

Once all the processes preliminary to the model were completed, one last step was
required to ensure the data was suitable to fit the model. Considering that K-means and, as a
consequence, the “Weighted K-means”, are not algorithms robust to outliers and do not perform
well with qualitative data, to diminish the impact of the outliers present in certain attributes, the
Robust Scaler from scikit-learn library was applied to the numerical features, along with One
Hot Encoding to transform the categorical attributes not priorly treated into numerical ones.

After passing through this pre-processing pipeline, the data was finally inputted into the
“Weighted K-means algorithm”, which was initially deployed considering each variable as
equally significant and, afterward, attempting the relative weights provided by LUGGit’s CEO,
COO, and Head of Operations, creating 3 and 4 clusters for each case. For the demonstration
of these clusters, the Principal Component Analysis method was applied, projecting data into a
two-dimensional space and, thus, enabling its visualization.

In the forthcoming chapter, the resulting clusters and respective analyses are presented,

ultimately disclosing the most fitting cities for LUGGit’s expansion.
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Interpretation of the Results

First and foremost, as ambitioned, the algorithm produced distinct results depending on
the inputted relative weights, especially when all attributes were defined as equally important.

The nomenclature of the resulting clusters mirrors the value of its centers in a broad
manner and is common to all weighting strategies: in the “Growth Maintenance” cluster are
included the cities that would allow LUGGit to maintain its growth rhythm; the cities within
the “Smaller and Expensive” cluster are, typically, cities with a smaller market size and
comparatively higher costs of living and operations; finally, to the “Best Cities” cluster are
allocated those cities that, based on this data and the company’s present interests, would
potentiate LUGGit’s growth to its maximum extent. Further, to identify the preferable cities
within this cluster its distance to the centroids was calculated, in order to determine those closest
to the center, that is to say, the optimal cities. The outcomes obtained implementing the strategy
of even relative weights will not be analyzed, as they proved to be less adequate to the interests
of the company — they are illustrated in Appendix II, Figure 13 and Figure 14 for comparison

purposes and validation of the model.

Relative Weights provided by LUGGIit’s CEO

The results represented in the below figure depict LUGGit’s CEO perception of the most
notable attributes. The variable that regards a city’s number of international arrivals was
considered by the three team members the most important feature, in this case accounting a
relative weight of 1.9, and, subsequently, to the restrictions towards Airbnb was assigned a
relative weight of 1.7. The average cost-per-click and average monthly net salary succeeded as
two of the most relevant factors for the CEO of the company, in the respective order, followed
by the number of active Airbnb listings, reaffirming the importance of a city’s market size.
Moreover, to the minimum time required to complete a service and to the number of direct

competitors were attributed significant relative weights, of 1.4 and 1.2, respectively.
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Distribution of the Cities within the 3 Clusters
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Figure 5 - Weighted K-Means Outcome considering 3 Clusters and the Relative Weights provided by LUGGit's CEO

Within this context, the cluster containing the recommended destinations for expansion
includes six cities, namely, Istanbul, Rome, Milan, Paris, Berlin, and, London, ordered by their
proximity to the centroid. Assigning the almost maximum relative weight to one of the
attributes representative of the market size, Istanbul, one of the largest cities with low costs of
living and operations, is pointed as the most profitable city. Additionally, it is important to note
that, in comparison to the outcomes of the equal weights’ strategy, Saint Petersburg shifts from
the “Best Cities” cluster to the “Smaller and Expensive” one, which could be explained by the
considerable amount of time necessary to travel from the airport to the center of Saint

Petersburg, not possible to counterbalance by its smaller market extent.

Attribute Name Best Cities (.erWth Smaller f’ind
Maintenance Expensive
No. International Arrivals | 12 746.82 K 5465.95K 5329.40 K
Time Airport-CC (minutes) 55.00 24.00 37.14
Airbnb Legal Barriers 7.833 8.20 571
Average CPC (US $) 0.85 0.79 0.90
Avg. M. Salary (€) 2186.31 1703.22 1 908.26
Direct Competition 1.83 1.4 0.43

Table 1 - Values of the Centroids considering 3 Clusters and the Weights provided by LUGGit's CEO
A portion of the centroids of each cluster is put forward in Table 1. Examining the values
of the favored cluster, one can notice that, although presenting a significantly greater number

of international arrivals, this leverage has associated disadvantages, in particular, the high costs
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of operations — both the salary and the average cost-per-click, variables the CEO considered to
be of extreme significance —, the minimal services’ duration, and the average number of direct

competitors. Thereby, these results do not represent a feasible solution within this context.
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Figure 6 - Weighted K-Means Outcome considering 4 Clusters and the Relative Weights provided by LUGGit's CEO
Considering the partition of the data into 4 clusters, Paris and London are removed from
the optimal group and reassigned to a fourth cluster labeled “Giant Cities”. The dissimilarities
between these two destinations and the remaining are evident in Figure 6 and, as referenced
before, they justify several of the outliers in the dataset, concerning not merely the market size,

but also the costs of living and maintaining the services, especially for London.

Growth Smaller and

Attribute Name Best Cities . . Giant Cities
Maintenance Expensive

No. International Arrivals 9458 K 5465.95 K 532940 K 19323.90 K
Time Airport-CC (minutes) 50.00 24.00 37.14 42.5
Airbnb Legal Barriers 4.75 8.2 5.71 14.00
Average CPC (US $) 0.67 0.79 0.90 1.23
Avg. M. Salary (€) 1 640.45 1703.22 1 908.26 3278.03
Direct Competition 0.50 1.4 0.43 4.5

Table 2 - Values of the Centroids considering 4 Clusters and the Weights provided by LUGGit's CEO
The withdrawal of Paris and London empowered the decrease of those undesirable high
values: the estimated cost of hiring the “Keepers” notably declined by more than 500€, likewise,

the average level of strictness applied to Airbnb services and average number of existing direct
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competitors were drastically reduced. Although still elevated, even the average value of “Time
Airport-CC” for that cluster went from 55 minutes to 50 minutes. Hence, within this weighting
strategy, it is clear that the growth these two cities might proportion would lead LUGGit to
entail elevated costs. Naturally, the extraordinary number of international arrivals previously
displayed also decreased, however, the present average value is still considerably above those
of Lisbon, Porto, and Vienna. Besides, as the centroid is no longer influenced by London’s and
Paris’ huge potential markets, considering this methodology Rome becomes the most profitable
destination towards expansion, followed by Milan, Berlin, and, at last, Istanbul.
Acknowledging the improvement achieved by dividing the data into 4 clusters and the
fact that the “Growth Maintenance” and the “Smaller and Expensive” clusters remained
unaltered, this will be the methodology henceforth implemented. The succeeding analysis

concerns the outputted clusters based on the relative weights assigned by LUGGit’s COO.

Relative Weights provided by LUGGIit’s COO

The number of international arrivals persisted the most significant factor, with a relative
importance measured in 1.7. Afterward, to the average occupancy of Airbnb’s was assigned a
relative weight of 1.6. Lastly, it is worth mentioning the increased relative significance of the

variable “Traffic Percentage”, with a relative weight of 1.4 perceived by the company’s COO.
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Figure 7 - Weighted K-Means Outcome considering 4 Clusters and the Relative Weights provided by LUGGit's COO
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In this framework, Rome prevails the most fitting city, nevertheless, Berlin is appointed
as the second city closest to the center of the cluster, followed by Saint Petersburg and Istanbul,
respectively. One possible reasoning for this variation within the “Best Cities” cluster in relation
to the former outcome, can be deduced from, firstly, the lower relative weight assigned to the
number of tourist arrivals, making Saint Petersburg — a comparatively smaller city — suitable
for expansion. Secondly, the enhanced value assigned to the average Airbnb’s occupancy rate,
passing from 0.8 to 1.6, might sense the allocation of Berlin in second place. Ultimately, the
increased relative importance of a city’s propensity to register traffic congestion could explain
why Istanbul, although remaining in the favored cluster, is no longer one of the three cities
preferable for expansion, as it accounts for the highest value within this variable.

With regard to the key cluster and comparatively to the prior outcomes, the present
weighting strategy enabled the reduction of both the minimum time required for each service
and the cost of labor, at the expense of a smaller — yet high — number of international arrivals.
This deviation is product of the shift between Milan and Saint Petersburg within the cluster.

) .. Growth Smaller and ] ..
Attribute Name Best Cities . ) Giant Cities
Maintenance Expensive

No. International Arrivals ‘ 8921.48 K 5658.22 K 524278 K 19323.90 K
Time Airport-CC (minutes) ‘ 47.50 27.92 35.00 42.5
Avg. M. Salary (€) ‘ 1362.75 1746.28 2109.15 3278.03

Table 3 - Values of the Centroids considering 4 Clusters and the Weights provided by LUGGit's COO

Finally, one last comparative analysis, portraying the most valuable features for
LUGG:I t’s Head of Operations, will be carried out before accurately identifying the best cities

for the company’s expansion, based on the methodology developed.

Relative Weights provided by LUGGit’s HOO
In this respect, the number of tourist arrivals holds the utmost relative weight. Further,

the distance and time that characterize the route from the airport to the centers of the cities were
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extremely valued, presenting relative weights equal to 1.7., succeeded by the variable “Airbnb
Legal Barriers”, whose relative importance was measured in 1.3. Contrarily, the start-up’s HOO
considered the columns “Traffic Percentage” and “Direct Competition” less substantial,
attributing relative weights of 0.7 and 0.3, respectively. At last, both the price index and average

monthly net salary were excluded from the analysis.
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Figure 8 - Weighted K-Means Outcome considering 4 Clusters and the Relative Weights provided by LUGGit's HOO

On this basis, five cities compose the core cluster under analysis and, reiteratively,
Rome is the first recommended city for expansion. The second city nearest to the centroid is
Istanbul, succeeded by Milan, Berlin, and Paris, here ordered by their proximity to the cluster
center. Oppositely to the former strategies, in the present approach the factors that regard the
cost of living and labor were considered of small significance, which could perfectly explain
Paris allocation to the preferred cluster. Accordingly, this weighting strategy provides precious
insights, proving that, if the company considers incurring greater expenses, Paris could be one
of the cities to consider for expansion purposes based on this methodology, however, still not
one of the most fitting cities, most probably due to, in this case, its high level of strictness
towards Airbnb. Moreover, Istanbul’s position could be justified by the assignment of a minor
relative weight to the attribute “Traffic Percentage”. Ultimately, as expected, the centroid being
analyzed presents a considerably greater value concerning cost-related variables and, at the
same time, with regard to the features that approximate a city’s market size, when contrasted

with the centers resulting from the two previous approaches.
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Recommendation of the Upcoming Cities for LUGGit’s Expansion

After a careful analysis of the model’s outcomes, considering the diverse weighting
strategies individually, one can notice the subjectivity inherent to this process. Hence, to
objectively identify the right course of action for LUGGit’s expansion, it is crucial to establish
the most fitting cities taking into account all the results simultaneously, assessing the prevalence
of those cities included, at least once, in the foremost cluster.

Ranking Cities

1. Rome
Berlin
Istanbul
Milan
Saint Petersburg

o g~ w N

Paris
Table 4 - Ranking of Recommended Cities

Under the assumptions of this methodology and the company’s present interests, three
cities prevailed in the preferred cluster as the perceptual significance of the attributes oscillated.
Unquestionably, Rome proved to meet LUGGit’s needs, whether implementing a more
conservative approach, heavily weighting the factors that forecast possible threats and
excessive costs, or a riskier one, valorizing a rapid growth. Being the city with the fourth highest
number of tourist arrivals and the third with more active Airbnb listings, Rome undoubtedly
represents a large market for the company in the present day and, currently holding almost no
restrictions towards the proliferation of Airbnb, for the future as well. Moreover, with a
relatively low average regarding the monthly net salary and the cost-per-click, alongside a not-
so-high gas price and a reduced minimum duration for each service, this city is not an expensive
one to maintain operations. Therefore, Rome is the recommended first city for expansion.

As the amplification to the three cities will not be carried out simultaneously, the choice

of the remaining two cities is influenced by the first destination. However, within the present
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circumstances, Berlin is the recommended second city for the company to expand its operations
to. This city represents a relatively smaller market with regard to the number of international
arrivals and active Airbnb listings, albeit significantly larger than those of Lisbon, Porto, and
Vienna. Conversely, accounts for the highest percentage of Airbnb’s occupancy, which
reasserts its grand tourism intensity. Another of Berlin’s greatest advantages is having one of
the smallest distances between the airport and the city center, which substantially reduces
service’s costs. Further, the advised third city for expansion is Istanbul, one of the largest cities
with no current restrictions imposed on the growth or maintenance of Airbnb. The main
advantages of this city are the extremely low costs of maintaining operations and of living,
giving a great margin for tourists to adhere to LUGGit’s services. On the other hand, the
principal drawbacks of Istanbul are the long distance and duration of the route between the
airport the city center, along with an increased percentage of traffic congestion. Finally, Milan,

Saint Petersburg, and Paris also proved to be cities to consider in the future.

Challenges and Limitations

As aforementioned, the major challenge encountered throughout the development of
this thesis was due to the lack of existing data capable of supporting the resolution of the
problem proposed. As a consequence, the collection of such data represented a complex and
long-lasting process, comprising information retrieved from a wide variety of sources, aligned
with a wide-ranging research, with the intent of covering all the factors potentially decisive.

Furthermore, the uncertainty regarding the impact of each attribute constituted an
arduous limitation to overcome, demanding the creation of an adjustable solution, flexible
enough to integrate the diverse perceptions of the team members and meet future needs.

Lastly, the identification of the cluster that accurately met LUGGit’s expectations and
interests likewise represented a challenge by virtue of the subjectivity inherent to the resolution

of selection business problems founded on clustering techniques.
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Recommendations for Future Steps

With the cities that fulfill the expectations of the company identified through the model,
an immediate step succeeds. Making use of existing data respecting the past services carried
out until this date, already including the operations conducted in the newly city of Vienna, an
estimation of the potential profitability of the recommended cities should be addressed to
guarantee the accuracy of the solution proposed, making use of information the present
methodology could not benefit from. Further, a more ambitious recommendation is to infer the
relative importance of each variable exploiting this same data, in an attempt to understand
which factors concerning the cities where LUGGit already operates are effectively impactful.

Ultimately, with the intention of delineating the most meticulous course of action and
fully benefit from the practicability of the method created, in a subsequent phase to that of the
expansion towards the first city, it is advised a new deployment of the model, this time taking
into account the knowledge acquired with the first expansion and the consequent fresh

perception of the relative significance of each attribute.

Conclusion

In essence, an extensive process of data collection, comprising a wide variety of data
sources, delineated the methodology implemented to resolve LUGGit’s problem of expansion.
Empowering a substantiated analysis of the most fitting cities, simultaneously conferred
subjective importance to the attributes, as team members perceived different prime factors for
the expansion. To this extent, acknowledging the success of clustering techniques as decision
support tools, an enhanced clustering algorithm was developed in an attempt to weigh the
different perceptions. Through this methodology, strengthened by a sensitivity analysis
approach, it was possible to overcome the foremost challenges and limitations and identify the
cities that most accurately fulfill LUGGit’s present expectations, as well as provide a decision-

making tool capable of meeting the future needs of the company.
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Appendix

I.  Complementary Information regarding the Dataset

Variable Variable Name Description
Group
City Identification name of the city
Identifiers
Country Identification country of the city
Total number of international arrivals to the
No. International Arrivals
city’s airports3*
Average of the distance from the airport to
Distance Airport-CC
Airports the city center in kilometres®
Average of the time taken by car from the
Time Airport-CC
airport to the city center in minutes®
No. Airports Number of airports in the city
Number of active listings in the Airbnb
No. Airbnb Listings
platform?®
Average occupancy of the Airbnb’s listed, in
Airbnb Avg. Occupancy
percentage®
Average price per night of a room in the
Airbnb Airbnb Price/Night (€)
Airbnb platform, in euros
Hosts’ average monthly revenue from
Airbnb M. Revenue (€)
listings in the Airbnb platform, in euros
Official legal barriers to the growth and
Airbnb Legal Barriers
maintenance of the number of rooms and

3 Value computed considering the total number of airports in each city, declared in the variable “No. Airports”.
4 Data regarding the year 2019, pre-pandemic

5 Data regarding the year 2021, affected by the pandemic
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houses listed in the Airbnb platform

Direct Competition

Number of direct competitors

Direct Competitor Bob

Presence of the direct competitor BoB

Competition
Direct Competitor Airportr | Presence of the direct competitor Airportr
Indirect Competition Number of indirect competitors
Average cost-per-click (CPC) in Google Ads
Average CPC (US 3)
Cost of search advertising, in US dollars®
Operations | Gas Price (€/L) Gas price per liter, in euros®

Avg. M. Salary (€)

Average Monthly Net Salary, in euros®

Cost of Living

Price Index

Cost of Living Index®

Public Transp. Ticket

(€/Unit)

Price of a public transportation single ticket,

in euros®

Taxi Tariff (€/Km)

Cost of a taxi ride per kilometer, in euros®

Taxi Min. Price (€)

Base price of a taxi ride, in euros®

Additional

Characteristics

Avg. Days of Stay

Tourists’ average number of days of stay

Topography

Categorization of the city’s topography

Ease of Expansion

Number of cities of easy expansion to

Entrepreneurial Ecosystem

Distance from the airport to the center of the

city’s entrepreneurial ecosystem

Traffic Percentage

Percentage of time traffic congestion was

registered throughout 1 year*

No. Mobility Platforms

Number of existing mobility platforms

Table 5 - Variables Used and Respective Description

® Prague is considered as the city of reference (Prince Index = 100)
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Number of International Arrivals
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Figure 9 - Number of International Arrivals as criteria to the selection of the possible cities
City Legal Barriers Level of Strictness
Paris  strict rules for renting secondary homes; max 120 nights/year for primary homes
Madrid prohibit rent of entire block apartments; max 90 nights/year for entire homes
Dublin manitoring by local authorities; max 90 nights/year for entire homes
Amsterdam max 30 nights/year for entire homes; city permit
Berlin city permit: max 90 nights/year for secondary homes
Munich city permit; max 90 nights/year for secondary homes
Barcelana forbidden shart-term private room rentals
Budapest government permit
Copenhagen max 70 nights/year for entire homes 8
London max 90 nights/year for entire homes 7
Vienna prohibition in residential zones for entire apartments 4
Lisbon temporarily stop issuing new licenses 3
Porto temporarily stop issuing new licenses 3
Milan tourist tax 2
Wenice tourist tax 2
Florence tourist tax 2
Rome tourist tax 2
Moscow guest registration for foreign nationals 1
Sain Petersburg guest registration for foreign nationals 1
Prague 0 0
Brussels 0 0
Istanbul 0 0
Athens 0 0

Figure 10 - Variable "Airbnb Legal Barriers"
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Il.  Complementary Information regarding Data Modeling

class KMeans_weighted:
def _ init_ (self, k, tol = 9.8081, max_iter = 1@8@):
self.k = k
self.tol = tol # tolarance
self.max_iter = max_iter

def fit(self, data, features_weight):
self.centroids = {}
initial = np.array([6, 17, 19, 3])
for i in range(self.k):
self.centroids[i] = data[initial[i]]
for i in range(self.max_iter):
self.classifications = {} # stores the cities allocated to each cluster
for i in range(self.k):
self.classifications[i] = []
for city inm data:
distances = [np.sqrt(np.abs(np.sum(({city - self.centroids[centroid]}**2)*features_weight))) for centroid in self.centroids]
classification = distances.index(min{distances))
self.classifications[classification].append(city)
prev_centroids = dict(self.centroids)
for classification in self.classifications:
self.centroids[classification] = np.average(self.classifications[classification], axis = @)
optimized = True
for ¢ in self.centroids
original_centroid = prev_centroids[c]
current_centroid = self.centroids[c]
if np.sum{(current_centroid - original_centroid)/original_centreid * 1@@.8) » self.tol
optimized = False
if optimized:
break
Figure 11 - Weighted K-means Development Code
Elbow Method for the Optimal Number of Clusters
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Figure 12 - Elbow Method to find the Optimal Number of Clusters
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CEO COO HOO
Variable Name Weights Weights Weights
No. International Arrivals 1.9 1.7 2
Distance Airport-CC 1.1 1.2 1.7
Time Airport-CC 1.4 1.4 1.7
No. Airports 1 1.3 1.7
No. Airbnb Listings 1.5 1.5 1.3
Airbnb Avg. Occupancy 0.8 1.6 1.3
Airbnb Price/Night (€) 0.5 1.1 1.3
Airbnb M. Revenue (€) 1.2 1.1 1.3
Airbnb Legal Barriers 1.7 1.4 1.3
Direct Competition 1.2 1 0.3
Direct Competitor BoB 0.4 1.1 0.3
Direct Competitor Airportr 0.4 1.1 0.3
Average CPC (US $) 1.6 1 1
Gas Price (€/L) 1.2 1 0.7
Avg. M. Salary (€) 1.6 1.1 0
Price Index 1.5 1 0
Public Transp. Ticket (€/Unit) 0.9 0.5 0.7
Taxi Tariff (€/Km) 0.7 0.9 0.7
Taxi Min. Price (€) 0.8 1 0.7
Avg. Days of Stay 0.5 1.2 0.5
Traffic Percentage 1 1.4 0.7
No. Mobility Platforms 1.5 0.1 0.7

Table 6 - Relative Weights provided by LUGGit's Team Members
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Figure 13 — Weighted K-Means Outcome considering 3 Clusters and Equal Relative Weights
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Figure 14 - Weighted K-Means Outcome considering 4 Clusters and Equal Relative Weights
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Figure 15 - Weighted K-Means Outcome considering 3 Clusters and the Relative Weights provided by LUGGit's COO
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Figure 16 - Weighted K-Means Outcome considering 3 Clusters and the Relative Weights provided by LUGGit's HOO
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Figure 17 — Interactive Property in the Weighted K-Means
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Figure 18 — Interactive Property in the Weighted K-Means
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