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ABSTRACT

Booking cancellations are one of the most concerning topics in the hotel industry. From
the revenue lost from canceled bookings, the uncertainty created in occupancy rates or
even the inaccuracy of the hotel’s resource management, the negative impacts of booking
cancellations are numerous, making it a sensitive subject for those working in the field.
To combat these obstacles, hotels have been forced to adopt strategies such as creating
cancellation policies or managing the sale of their rooms with overbooking. Although these
strategies are effective in controlling the negative impacts caused by booking cancellations,
they can also have a negative impact on a hotel’s reputation and customer satisfaction,
especially when it comes to overbooking.

This project aims to present a solution to help identify possible booking cancellations
by creating predictive models using machine learning and deep learning methodologies.
Based on the CRISP-DM paradigm and a real and current dataset of a Portuguese hotel
chain, this project addresses various techniques used in the creation of binary classification
models, from data processing to modeling and model evaluation.

Given the constant superiority of machine learning algorithms in models based on
tabular data, making deep learning solutions still not very viable in this field, this project
also seeks to test some deep learning architectures that have been developed in recent
years.

The machine learning model created using the XGBoost algorithm showed promising
results, with an AUC of 0.77 and a precision and recall of 0.93 and 0.54, respectively.
Although the results are not yet excellent, they show that the use of this solution is viable

and has room for further improvements.

Keywords: Machine learning, Deep learning, Predictive analytics, Booking cancellations
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REsumMo

O cancelamento de reservas é um dos temas que mais preocupacgdes cria na industria
hoteleira. Desde a receita que é perdida pelas reservas canceladas, a imprevisibilidade
criada na taxa de ocupacdo ou até a imprecisdo na gestdo de recursos dos proprios hotéis,
os impactos negativos que advém do cancelamento de reservas sdo muitos, tornando-o um
tema bastante sensivel para quem trabalha na drea. Para combater estas dificuldades, os
hotéis viram-se obrigados a adotar estratégias como a criagdo de politicas de cancelamento
ou a gestdo da venda dos seus quartos em overbooking. Apesar de serem efetivas no
controlo dos impactos negativos causados pelo cancelamento de reservas, as consequéncias
da utilizagdo destas estratégias também podem impactar negativamente a reputagdo dos
hotéis e a satisfacdo do cliente, principalmente no tema do overbooking.

O presente projeto visa apresentar uma solugdo para ajudar na identificagdo de pos-
siveis cancelamentos de reservas, com a criagdo de modelos preditivos assentes nas
metodologias de machine learning e deep learning. Usando como base o paradigma
CRISP-DM e um dataset real e atual de uma cadeia de hotéis portuguesa, este projeto
aborda vérias técnicas utilizadas na criacdo de modelos de classificacdo bindria, desde a
parte de processamento dos dados até a modelacdo e avaliagdo dos modelos.

Aliado a constante superioridade dos algoritmos de machine learning em modelos
assentes em dados tabulares, tornando as solugdes de deep learning ainda pouco viaveis
neste campo, este projecto procura também testar algumas arquiteturas de deep learning
que tém sido desenvolvidas nos tltimos anos.

O modelo de machine learning criado com a utilizagdo do algoritmo XGBoost apre-
sentou resultados promissores, com um AUC de 0.77 e uma precisdo e um recall de 0.93 e
0.54, respetivamente. Apesar dos resultados ainda ndo serem excelentes, mostram que a

utilizagdo desta solucdo é vidvel e tem espago para continuar a ser explorada.

Palavras-chave: Aprendizagem automadtica, Aprendizagem profunda, Andlise preditiva,

Cancelamento de reservas
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1

INTRODUCTION

1.1 Context and Motivation

The way tourists plan and book their accommodations has changed significantly with the
emergence of online travel agencies (OTAs) and booking platforms. Customers have now
more convenience and flexibility thanks to the move to these platforms, which allow them
to quickly compare costs, read reviews, and make appointments at any time and from any
location. However, this flexibility combined with the cancellation policies created by these
platforms that benefit the tourist has led to an increase in hotel booking cancellations.
The unpredictable nature of booking cancellations presents major problems for hoteliers
when it comes to allocating resources and revenue management. In addition to costing
money from rooms sold, cancelled reservations interfere with forecasting and inventory
control procedures. In an attempt to control the negative impacts caused by the increase in
cancellations of their bookings, hotels have been forced to develop other types of strategies
such as developing their own cancellation policies, creating dynamic pricing strategies or
using overbooking sales. Although the use of these types of strategies has proved to be
effective for hotel management, their strictness, especially when it comes to overbooking
or cancellation policies, may not be so appealing to tourists, leading to cases of complaints
that can affect the hotel’s social reputation and image [1]. As a result, hotels began to
feel the need to explore other solutions in order to control the flow of canceled bookings,

preferably ones that didn’t have such an impact on customer satisfaction.

Although some canceled bookings cannot be predicted, bookings that happen due to
unpredictable circumstances or last-minute plans changes, it is believed that some of them
may have a predictive component, derived from booking patterns or seasonal trends, for
example. Combining this belief with recent advances in the field of artificial intelligence,
especially in the use of machine learning and deep learning algorithms to create predictive
models that work with tabular data, studies of solutions based on these methodologies
have begun to surface. As the hospitality industry being an area where the collection of
various types of data is very accessible and fast, the creation of this type of solution is

gaining even more momentum and systems that use it can create a significant advantage

1



CHAPTER 1. INTRODUCTION

over the competition.

Despite the development of predictive models using ML and DL methodologies having
very positive results in various areas, their use for predicting cancellations is still a little
explored area, although some studies show that it could be a viable solution with potential.
If the use of these predictive models proves to be effective in predicting cancellations, hotels
that use them can outperform the competition with more optimized revenue management
and operations processes. In addition, and to provide a better experience, hotels can

streamline operations, optimize staff scheduling, and spend resources more wisely.

1.2 Objectives

This dissertation will be developed in partnership with HHS - Host Hotel Systems. HHS
is an IT consulting and software development company, specialized in the hospitality
industry. Host Hotel Systems’ solutions cover different operational areas including reser-
vation management, revenue management, inventory control, process automation, guest
management, data analytics and more.

As HHS works on several aspects of hotel management, it was necessary to take
advantage of all the data provided from its systems, especially in the development of Al
powered products. With that, and focusing on predictive analysis, the main objective of
this dissertation is to build a predictive model to forecast possible booking cancellations.

In addition, this dissertation also aims to showcase and test some deep learning archi-
tectures that have been developed in recently and which still have a relatively questionable
use, unlike machine learning models After comparing and analyzing all the models built
during this dissertation, a final model will be chosen and analyzed in greater detail, to try
to understand its behavior and gain some insights into booking cancellations.

1.3 Document Organization

This document is organized in five chapters: Introduction, State of Art, Methodology,
Results and Conclusion.

The Introduction chapter serves as the starting point of the document and sets the
context for the research and establishes the motivation behind the chosen topic. The
State of Art chapter delves into the existing literature and research relevant to the chosen
research topic. It aims to provide a comprehensive review and analysis of the current state
of knowledge in the field. This chapter examines the key theories, concepts, methodologies,
and findings related to the research problem, highlighting any gaps or limitations in the
existing literature. The Methodology chapter provides an explanation of the models
creation, discussing the model’s pipeline, step by step. The following chapter, Results and
Discussion reports and discusses the results of the models and analyzes in more depth
the best one. Finally, in the last chapter, the main conclusions are presented along with
the exposure of this work’s limitations and future work proposals.

2



2

STATE OF ART

2.1 Impact of Booking Cancellations in Revenue Management

In the constantly evolving and highly competitive hospitality industry, optimizing profits
and maintaining business growth depend heavily on efficient revenue management. The
optimization of room sales and price decisions to take advantage of shifts in market
trends and demand is a key component of revenue management techniques. But the
frequency of cancellations is a big problem for hotel revenue management [1], requiring
a sophisticated knowledge of how they affect operational procedures and methods for

revenue optimization.

Numerous factors, such as pricing tactics, market dynamics, customer behavior, and
external considerations like travel restrictions and economic situations, can all have an
impact on booking cancellations. Cancellations are largely caused by consumer-driven
issues, such as price sensitivity, uncertainty, and changing travel plans, since customers
look for value and flexibility when making reservations. Furthermore, a culture of price
comparison and flexible booking has been made possible by the growth of third-party
booking platforms and online travel agents (OTAs), which has increased cancellation
rates [2]. Furthermore, customers may be encouraged to make several appointments or
take advantage of last-minute discounts by dynamic pricing schemes and special offers,

which could result in a greater cancellation rate.

Booking cancellations have a complex effect on revenue optimization techniques,
affecting not just price, inventory control, and customer relations indirectly, but also
directly through revenue loss. Cancellations that leave rooms unoccupied and unable to
be resold at the same price result in direct revenue loss through missed possibilities to
make money [3]. In addition, cancellations cause confusion with inventory management
procedures, requiring in-the-moment price and availability modifications to minimize

revenue loss.
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2.2 CRISP-DM: The pipeline for predictive analysis

CRISP-DM, which stands for Cross Industry Process for Data Mining, is a well-known
methodology, published in 1999 by Chapman [4], that serves as a base for the most
data science and machine learning projects, as can be seen in figure 2.2. This model is
more focused on the data science workflow and not so much on team collaboration and
challenges, such as Scrum or Kanban, which added to it is completeness [1] and usefulness
for planning and documentation [5] makes it the most popular methodology for data

science and machine learning projects.

CRISP-DM
Scrum
Kanban
H2020
My Own T ———
TDSP E2014
Other, not domain-specific Ha=—
None W 2007
SEMMA
KDD Process 2004
My organization's Fm : :
2002
A domain-specific methodology M

0% 10% 20% 30% 40% KO% 60%

Figure 2.1: Most used methodologies for data driven projects survey. Adapted from [6].

The model is structured in six main phases and besides it sequentially, CRISP-DM
workflow is not rigid, where moving back and forward through phases is often required,

as represented in figure 2.2.

¢ Business Understanding: The initial phase is dedicated to understanding the context
and requirements of the project and setting the objectives. it is important to think
the problem in a business perspective and being able to turn it into an analytical

problem.

¢ Data Understanding: The data understanding phase is responsible for the collection
of the data and performs all exploratory analysis needed to get a complete knowledge
ofit. This phase is essential to understand if the data available meets the requirements

or if other sources need to get explored to get more and different information.

¢ Data Preparation: Data preparation is the crucial step in every data science project
since the results of the predictive model are always directly related to the quality of
the dataset that is exposed to the algorithms. In this phase, different pre-processing
methods are used in the raw data to create the final dataset.

* Modelling: Modelling is considered the most compelling phase of the entire pipeline
since all the data related tasks are done and the final dataset is exposed to the
algorithms. In this step, the algorithms that better fit the problem are chosen,

4



2.3. ARTIFICIAL INTELLIGENCE METHODOLOGIES

considering requirements of the data, and the different models are trained and
configured.

¢ Evaluation: The models created in the modelling phase are evaluated and the best
one is chosen. Since many models can lead to misleading results, it is important to

have a critical approach and evaluate using different metrics to be sure of the real
performance and robustness of them.

¢ Deployment: The final model is deployed and exposed to real data in a production
environment.

Business Data
Understanding Understanding

Data
Preparation

Deployment

Modelling

Evaluation

Figure 2.2: CRISP-DM workflow. Adapted from [5].

2.3 Artificial Intelligence Methodologies

Artificial Intelligence is a very fast developing field that aims to replicate in computers the
human ability to think, reasoning and problem-solving processes, which has the potential
to improve numerous aspects of our society, from automating simple and repetitive tasks
to solving more complex scientific problems.

Machine Learning and Deep Learning may be responsible for the construction of
powerful and complex Al's systems that have led to significant advances in several
areas, including text recognition, computer vision, natural language processing, medicine,
finance and others.

The choice between machine learning algorithms and deep learning algorithms de-
pends on the nature of the problem, the availability of data, the complexity of the data,
and the desired performance and interpretability trade-offs [7]. Machine learning algo-
rithms can be more suitable for simpler tasks and situations with limited data, while deep

learning algorithms excel in handling complex data and benefit from large amounts of
labeled data.
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2.3.1 Machine Learning

Machine Learning is an Al’s sub field that allows computers to self-learn from past
experiences (past data) without being explicitly programmed. This approach has become
one of the most dominant subfield in Al due to its ability to handle complex and extensive
data and identify hidden patterns, making it a powerful tool in data-driven decision
making. Mathematical algorithms and models are the core of ML and input data is fed to
these models, which analyze it, extract relevant features and use that information to make
predictions.

ML has several paradigms that can be chosen and used depending on the problem
to be solved, such as Supervised Learning, Unsupervised Learning and Reinforcement
Learning.

2.3.1.1 Supervised Learning

Supervised learning is the most used paradigm in Machine Learning. The models that
use this paradigm are trained over a set of labeled data, learning its patterns [8]. The goal
is to build a model capable of labeling new data or predict a value, based on the trained
set.

In Supervised learning two different type of problems can be handled: regression
and classification problems. In both, the model can be fed with the same type of data,
what differs is the output [9]. While in regression the model is responsible for predicting
a continuous value (prediction of a salary or a house price), in classification the model
predicts a label (prediction a flower’s specie, for example).

2.3.1.2 Unsupervised Learning

Unsupervised learning is a prominent field within machine learning focused on extracting
patterns, structures, and relationships from unlabeled data.

The goal of unsupervised learning is to identify inherent structures and relationships
within structures and relationships within the data without any predefined target variable
or specific guidance. By employing various statistical and computational techniques,
unsupervised learning algorithms can uncover underlying patterns, cluster similar data
points, detect anomalies, and reduce the dimensionality of complex datasets [10]. This
form of learning has wide-ranging applications in diverse fields, including data mining,
pattern recognition, natural language processing, and computer vision.

One of the fundamental techniques in unsupervised learning is clustering, where
the algorithm groups similar data points together based on their intrinsic properties. By
organizing the data into clusters, unsupervised learning algorithms can provide insights
into the underlying structure and similarities among the data instances [11]. Clustering
algorithms employ different distance measures and optimization methods to ensure that

data points within a cluster are more similar to each other than to those in other clusters.

6
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Another crucial aspect of unsupervised learning is dimensionality reduction. In
many real-world scenarios, data sets consist of numerous features or variables, which
can make analysis and interpretation challenging. Dimensionality reduction techniques
aim to transform high-dimensional data into a lower-dimensional representation while
preserving the essential information [12]. These techniques help eliminate redundant or
irrelevant features, enhance computational efficiency, and facilitate visualization of the
data.

Association rules is another significant unsupervised learning technique, following
clustering, which identifies intriguing connections (associations, dependencies) among
extensive collections of data elements. These elements are typically stored as transactions,
which can be generated by an external process or extracted from relational databases or
data warehouses. With the association rules algorithms demonstrating strong scalability
and the continuous expansion of data volumes, association rules serve as a crucial data
mining tool for extracting valuable insights from data [13].

2.3.1.3 Reinforcement Learning

Reinforcement Learning is another subset of ML that allows a system to learn through
trial and error using feedback from its actions. During the learning time, an is expected
to be able to choose the actions associated with a greater reward and avoid the ones that
generate a punishment, maximizing a cumulative reward. The set of actions carried out
by the agent is called policy and the main goal of RL systems is to learn an optimal policy.

This methodology is very popular in robotics industry, especially in self-driving cars

field, recommendation systems and gaming [14].

2.3.1.4 Machine Learning Algorithms

A. Logistic Regression

Logistic Regression (LREG) is one of the most simple and traditional methods in
machine learning to resolve binary classification problems. Logistic Regression works like
a common linear regression but applies a sigmoid function (2.1) to model the output into
a value between 0 and 1 [15]. All input variables are exposed to a weighted transformation
(multiplying with the weights) and then added up. The final output represents the
probability of the input sample to belong to a certain class [16].

1
+e7*

sigmoid(x) = 1 2.1)

B. Naive Bayes Classifier
As logistic regression, the Naive Bayes Classifier is another known and simple classifier in

the machine learning industry. This classifier, uses the Bayes’ theorem assumption that all

7
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&) T T

Figure 2.3: Graphic representation of sigmoid function [17]

features are conditionally independent and contribute equally to the final output, which

simplifies the calculations.

P(X|H) - P(H)

P(H|X) = %)

(2.2)

Where,

H - hypothesis, represents one of the output classes

X - evidence, describe by measure on set of attributes

P(H | X) - the probability of hypothesis H, given the evidence X

P(H) - prior probability of H

P(X|H) - probability of X conditioned on H

The final result, R, is given by the ratio between the two probabilities of X belonging
to one of the possible classes H [18].

_ P(Hi|X) _P(Hi)-P(X|Hi)
P(Hj|IX) — P(Hj)- P(X|Hj)
With equation 2.3, it is simple to verify that if R>1, the predicted class is i, otherwise

(2.3)

the predicted class is j.
C. Decision Tree and Random Forest

The decision tree, besides being a classifier itself, is the base learner technique of the
most powerful classification algorithms for tabular data. It is a rule-based algorithm that
creates a tree-like structure of decisions based on the input features and starts with a
single node (root node), which contains the dataset. A feature that provides the best split
for the data is selected and the possible values of it become a branch (decision node). The
data is divided into subsets based on the value of each input in the decision node and the
process is recursively repeated until the stopping conditions are met (maximum depth
reached, for example), known as leaf nodes. Once the tree is constructed, new inputs
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can be classified (traversing the tree from the root node to a leaf node) determining the
majority class in the corresponding node.

Root Mode

l l

Decision Mode Decision Node

| |
! } ; }

-'LeafNude | -.LeafNude | Decision Node ( Leaf Node )

| .Leair-.lode | Leaande- ]

Figure 2.4: Architecture of a decision tree

Random Forest is one of the most used algorithms that uses ensemble techniques
to make predictions. Ensemble classifiers combine the result of several classifiers (base
learners), normally through a voting process [19]. In Random Forest case, the base learners
are decision trees that are trained in a sample of the training data, and a different set
of features is selected (bagging) for each tree to use as decision nodes. The final predic-
tion of each tree is named as a "vote" and the class with more votes is selected as final result.

D. AdaBoost, LightGBM and XGBoost (Boosting algorithms)

On the other hand of bagging techniques used by algorithms such as Random Forest,
another ensemble technique was developed, known as boosting, in other to improve
the performance of these classifiers. While bagging algorithms train its base learners
in parallel, boosting techniques use a sequential training in order to transform its weak
learners into stronger ones, combining them following a specific strategy.

AdaBoost, which stands for Adaptive Boosting, was the first algorithm developed
using a boosting technique. This algorithm trains a base learner over a weight-data
sample created by evaluating the training error of the predecessor learner. This process is
repeated recursively, minimizing the training error and combining all the learners outputs
to make the final decision.

While AdaBoost tries to fit the new predictor with the residual error made by the
previous one, gradient boosting algorithms use a strategy focused on optimizing the
loss function. These algorithms try to get the best model since the beginning instead
of correcting errors sequentially and its use has grown exponentially due to its high
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performance in tabular data analysis. They are known as gradient boosting machines
and LightGBM and XGBoost (Extreme Gradient Boosting) are two examples of these
algorithms. While LightGBM is generally faster and more efficient, making it suitable for
large and complex datasets, XGBoost is more focus on predictive performance, generally
getting better results.

2.3.2 Deep Learning

Deep learning is a subfield of machine learning that focus on training artificial neural
networks to learn and make predictions or decisions from complex and large-scale data.
It involves building and training deep neural networks that are composed of multiple
layers of interconnected nodes, called artificial neurons or units. These neural networks
are designed to automatically learn hierarchical representations of data by progressively
extracting higher-level features from lower-level ones.

Unlike traditional machine learning algorithms, deep learning models can automati-
cally learn and discover intricate patterns and representations from raw or unstructured
data, without requiring explicit feature engineering. This ability to automatically learn
and extract features makes deep learning particularly effective in domains where the data
has complex structures, such as images, audio, text, and sequences [20].

Deep learning has achieved significant breakthroughs in various domains, including
computer vision, natural language processing, speech recognition, and recommendation
systems. The power of deep learning lies in its ability to effectively model and learn from
complex and high-dimensional data, enabling the development of highly accurate and
sophisticated Al systems.

2.3.2.1 Artificial Neural Network

Artificial neural networks belong to a family of models that tries to replicate the functioning
of the human brain, learning and processing information like it does. Their effective
integration of several mathematical, logical, and computational techniques allows them
to dig deeper on the input data, which frequently makes them quicker and more effective
than other traditional machine learning models that do not use neural networks [21].

An ANN consists in interconnected neurons, organized in various layers. Each neuron
receives an input from several neurons of the previous layer, and produces an output,
which is sent to the neurons of the next one. This communication between neurons is
weighted, and the learning process of a neural network relies on adjusting these weights.
As represented in figure 2.5, a basic ANN architecture consists in an input layer, few
hidden layers and an output layer. The input layer has one neuron for each dataset
teature and receives the raw input ingested from the dataset. The outputs produced by
the input layer are sent to the hidden layers, the intermediate ones, that process these
signals weighting them and applying activation functions [22]. The activation function

receives as input the sum of all weighted signals sent to the respective neuron and applies
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a non-linear to create the neuron’s output [23]. If this output is above a defined threshold,

the neuron is "activated" and fires it to the next layer neurons.

Input i Hidden i Hidden : Output
Layer . Layer : Layer : Layer

Figure 2.5: Basic ANN architecture

Choosing the right activation function is one of the most important processes when
building an ANN. The most common functions are rectified linear unit (ReLU) and
sigmoid function and both of them apply non-linearity to the neural network. ReLU
converts all negative values to 0, blocking the information in these neurons, and keeps the
positive ones. The sigmoid function ranges it values between 0 and 1 and is commonly
used in classification tasks, when a probability is needed as an output. The behaviour of
both functions can be observed in figure 2.6.

. sigmoid

R(z) =max(0,

02

|
[] 5 10

=T = 0 5 0 1

Figure 2.6: Sigmoid and ReLU functions. Adapted from [24]
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2.3.2.2 Deep Learning Architectures for Tabular Data

NODE

Figure 2.7: Representation of a neural oblivious decision tree. [25]

NODE, which stands for Neural Oblivious Decision Ensembles, it is an architecture
that uses a neural implementation of oblivious trees [26]. An oblivious tree is a regular
decision tree that grows symmetrically, which means that this type of trees use the same
features combination and decision-threshold for all the internal nodes. Due to these
conditions, ODT’s become a much more weaker learners than regular decision trees. Its
strength lies in their ensemble where the overfitting is greatly reduced, due to the low
complexity of each learner, improving the final results specially when exposed to new
data [25].

The combination of various ODT’s as weak learners, concatenating their outputs, is
called a NODE layer and its output serves as input of the subsequent layer. This dense and
sequential connection of layers represents a multi-layer architecture of neural oblivious
trees ensemble, known as NODE architecture.

Concatenation:
c = cat(a, b)

a
o
b

prediction

Figure 2.8: NODE architecture
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TabNet

TabNet is another architecture that uses decision trees as it weak learner. Unlike NODE,
TabNeT uses differentiable decision trees and the model strength lies in the mechanism
used for feature selection. Instead of using all features available, TabNet has an attention
mechanism to choose the best features for the split and assign different weights to the
them, applying higher weights to the most important ones. The sequential stacking of
decision trees allows the model to update the features importance in each decision step,
leading to a better model training and better final predictions.

TabNet is specifically used for tabular data analysis, working on classification and
regression tasks.
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(a) TabNet architecture

Feature Attentive
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(b) Feature transformer (c) Attentive transformer

Figure 2.9: Overall architecture of TabNet model. [27]

Wide and Deep

Wide and Deep is an hybrid architecture that combines two different components: a
wide model and a deep model. The wide model consists of a linear model, responsible
for capturing simple interactions between features (normally between binary features)
and adding a memorization component to the model. The deep part is a feed-forward
DNN responsible for capturing more complex relationships in continuous and categorical
teatures, adding a generalization component to the model. The outputs log odds of both
are combined in a weighted sum, resulting in the final prediction [28]. By combining these
two components, Wide and Deep models normally achieve high performance levels and
is a technology that has been widely adopted in various industries.
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Wide & Deep was originally developed by Google to be used in recommender systems.
Nowadays this architecture is also used in other tasks, such as classification and regression.
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Figure 2.10: Wide models vs Wide and Deep models vs Deep models

DeepFM

Similar to Wide&Deep, Deep Factorization Machines (DeepFM) consist in a parallel
merging of a deep component with an FM component. A multilayer perceptron (MLP) is
utilized in the deep component to record high-order feature interactions and nonlinearities
while the FM component is responsible for the low-order features interactions. The final
prediction is the culmination of the outputs of these two components, which share identical
inputs and embeddings [29]. It is important to note that DeepFM has characteristics with
the Wide&Deep architecture, which is capable of capturing both generalization and
memorization. By automatically identifying feature combinations, DeepFM decreases
the effort required for hand-crafted feature engineering, which gives it an edge over the

models that need this manual craft [30].

Cutput unit
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Figure 2.11: DeepFM architecture. Adapted from [30]

14



2.4. IMBALANCED DATASETS

2.4 Imbalanced Datasets

In real world applications, most of the binary classifications that uses a machine learning
approach found a very common issue within this type of problems: the class imbalance.

An imbalanced dataset is defined as a dataset that has an unequal distribution of the
target class. Detection of fraudulent transactions, spam filtering, diagnosis of diseases
or text categorization are some examples of problems that use extremely unbalanced
datasets [31]. In all of these examples, the minority class is always the one that is
more important to be identified correctly, and there is where the imbalance between
classes becomes a problem because when building a machine learning model to make
predictions over an imbalanced dataset, the expected behaviour is that the model gives
more importance to the majority classes, becoming biased to classify this one and having
a poor performance in the minority class.

It is important to have this problem in mind when working with imbalanced datasets,

and some techniques can be applied to address this situation.

2.4.1 Resampling

Resampling is the most common and simple method to handle imbalanced datasets and
can be applied by two different strategies: oversampling and undersampling.

Oversampling is defined by the random duplication of the minority class samples,
balancing the distribution of both classes. In cases that the two classes are extremely
imbalanced, applying random oversampling can lead to a lot of data duplicated and the
chances of the model having an overfitting behaviour are increased [32].

Undersampling does exactly the opposite. This method selects a random subset of
the majority class, ignoring the rest of the samples and balancing it with the minority
class set. Applying this method can reduce significantly the dataset size, improving the
training process performance but can lead to a loss of useful information contained in the
discarded samples.

In order to balance the tradeoff between both techniques disadvantages, hybrid meth-

ods (using oversampling and undersampling at the same time) can also be applied [33].

24.2 SMOTE

SMOTE, which stands for Synthetic Minority Oversampling Technique, is another re-
sampling technique. The standard resampling methods, discussed above, randomly
resample the data which often does not lead to a gain of useful information. Otherwise,
SMOTE techniques try to measure the minority class properties in order to create synthetic
samples [34], overcoming the overfitting problem caused by random sampling.

Despite the advantages of using SMOTE, not all datasets are suitable for its application
(categorical features, for example). To overcome these situations, several derivations of the
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method have been developed, such as SMOTE-NC, SMOTE-ENN or Borderline SMOTE,
each one adjusted to its own application.

When using resampling methods, especially those that generate synthetic data like
SMOTE, it is important to be sure of the timing of the resampling application. The data
should be first divided into the training and test/validation set and the resampling should
be only applied in the training set. Doing this, the synthetic data will not have samples
originated by the test set.

2.4.3 Threshold-Moving

Imbalanced datasets handling techniques are not all part of the data pre-processing
phase. The threshold-moving case is a method that switches the way of how the binary
classification values are attributed. The baseline threshold applied in standard predictions
isusually 0.5, whereas if sample probability is >0.5, the sample belongs to class 1, otherwise
it belongs to class 0.

In some cases, the analysis of the tradeoff between true positive rate and false positive
rate, using an AUC-ROC curve plotting, shows that the standard decision threshold of 0.5
is not the optimal one to evaluate the model performance. Increasing or decreasing the
threshold can improve the prediction results, specially if the metric used to evaluate the

model is precision or recall.

2.4.4 Algorithm Selection

The selection of the prediction algorithm is also a moment that can make impact in the
performance of the model when using imbalanced datasets, especially if no resampling
techniques were used during the pre-processing phase. Normally, boosting algorithms
with tree-based weak learners perform well on these datasets, due to the sequential training
of the learners, which increases the importance given to the minority class. Algorithms
such as XGBoost, LightGBM or even Random Forest are normally good options to handle
imbalanced datasets.

2.5 Evaluation Metrics

2.5.1 Accuracy

Accuracy is probably the most famous and intuitive metric for classification problems. This
metric simply calculates the ratio between the correct predictions and the total predictions.
Correct Predictions

A = 2.4
ceuracy Total Predictions (24)

Despite its easy and intuitive use, accuracy it is not always a reliable indicator to evaluate

model’s performance. In imbalanced datasets (datasets where the target variable classes
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distribution is not balanced) this metric can be misleading, since the model may be

predicting perfectly the majority class but failing in minority class prediction.

2.5.2 Confusion Matrix

In order to avoid misleading, the best way to evaluate a model’s performance is analyzing
the confusion matrix of the prediction results. Confusion matrix is a tabular representation
of the results, divided by four groups (if the target variable is binary): True Positives (TP),
True Negatives (TN), False Positives (FP), and False Negatives (FN).

Predicted Fredicted
0 1
Actual
0 N FP
Acflual EN TP

Figure 2.12: Confusion matrix example.

True Negative (TN) - Negative sample predicted correctly.
False Positive (FP) - Negative sample predicted incorrectly, as positive.
True Positive (TP) - Positive sample predicted correctly.

False Negative (FN) - Positive sample predicted incorrectly, as negative.

With this representation, better and more complete conclusions can be made about
the results, using some metrics that use the confusion matrix groups, such as, precision,

recall ans specificity.

2.5.3 Precision

Precision metric, as the name implies, calculates the precision of the model in its positive
class predictions. It calculates the ratio between actual positive predictions and all positive

predictions.

TP

Precision = TP TP

(2.5)

2.5.4 Recall

Recall, that can be referenced as sensitivity or true positive rate, measures the ability of
the model to identify positive cases or, in other words, evaluates the model’s effectiveness

to correctly predict all actual positive cases.
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TP

Recall = m

(2.6)

2.5.5 Specificity

Specificity, or true negative rate, complements recall. This metric calculates the effective-

ness of the model to predict actual negative cases.

T
Specificity = % (2.7)

2.5.6 F1 Score

In most of classifications models, specially those based on imbalanced datasets, it is im-
possible to improve recall and precision at the same time, and there is always a need to
give up in one metric in order to improve the other. This problem is called Precision-Recall
trade-off.

The goal of F1 Score is exactly to combine precision and recall in one metric, calculating

the harmonic mean between them.

2 - Precision - Recall
F1 = 2.
Score Precision + Recall 2.8)

2.5.7 AUC-ROC Curve

AUC-ROC curve is a classification metric that stands by the combination of AUC (Area
Under the Curve) and ROC (Receiver Operating Characteristics). This metric plots true
positive rate (y-axis) against false positive rate (x-axis) and calculates the area below the

curve. This area represents the ability of the model to distinguish between classes.

True positive rate A

ROC AUC

1
>

False positive rate

Figure 2.13: AUC-ROC curve example [35]

An AUC of 1.0 means a perfectly fitted model, with total distinction between classes.
In the other side, an AUC of 0.5 means the opposite which leads to random predictions.
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Figure 2.14: Graphic representation of AUCs with 1.0 and 0.5 values [35]

2.6 Underfitting and Overfitting

2.6.1 Relation between Bias, Variance, Underfitting and Overfitting

Bias and variance are the key concepts behind the underfitting/overfitting problem and
understanding their fundamentals is essential for assessing the viability of a machine
learning model.

Bias, in a machine learning context, refers to the error of trying to make assumptions
about a complex problem with a simplistic model. This error is caused by the inefficiency
of the model to understand the relationships between the independent variables and the
output target which leads to a poor performance of the model in training and test sets.
This behavior is characterized by a high bias, which indicates underfitting.

In other hand, variance is the sensitivity of the model to fit the training set to closely.
A model with an high variance is normally an excessively complex model and trained on
noisy data which leads to a good performance on the training set but a failure when it
tries to generalize on unseen data (test set) [36]. This is the definition of overfitting.

When building a model, is extremely necessary to pay attention to these concepts and
try to find a balance between them, which is normally defined by bias-variance tradeoff.
The ideal tradeoff is the point where the total error (sum of squared bias and variance) is

minimized [37].

A High Bias High Variance

Error

Validation Error

\

Model Complexity

Figure 2.15: Representation of bias-variance tradeoff. [38]
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2.6.2 Techniques to avoid underfitting and overfitting

The causes of underfitting and overfitting are not always due to the techniques used
during the model training. In some cases, the problems can be caused right from the
construction and structuring of the dataset, the methods used in pre-processing and
feature engineering phases or even from the high complexity of the problem.

That said, it is important to explore the entire model’s pipeline as much as possible
in order to understand the reasons behind the underfitting / overfitting behaviour and to

figure out how to correct them.

Underfitted models

Underfitted models are much easier to understand than overfitted ones. Most of the
time, the causes are related to the dataset size or simplicity. The features presented on
the data, may not be enough to describe the complexity of the problem or, conversely,
the model may be too simple for the complexity of the data. In the pre-processing phase,

differences in data scale between train and test datasets can be another problem.

To avoid underfitting, it is important to be sure that enough data is collected and the
features used are the correct ones. Optimizing the hyperparameters of the model, to

increase it complexity, is another method to train the ideal model and reduce the error.

Overfitted models

Unlike an underfitting model, understanding what might be causing overfitting can
be more trickier due to the wide variety of possibilities. In some cases, increasing the
training data or reducing the complexity of a model can be enough. Using ensemble
algorithms like Random Forest is another solution due to the capacity of this algorithms
to process complex models and to improve generalization, always align with an adjusted
hyperparameters optimization. If the model complexity is too high, performing better
feature engineering methods (creating new variables or deleting others) can be effective
as well. Another solution is to identify and remove outliers that can produce noise to the
data.

In ANN, a common approach to reduce the overfitting of a model is to use a dropout
layer. Adding this layer to the network is a regularization technique that randomly drops
a set of neurons and connections (for each input) during the training phase, improving
the generalization of the model. This technique is mainly effective in large and complex
networks, that need a lot of training data [36].
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2.7 Related Work

2.7.1 Booking Cancellations Forecast Using Machine Learning

Ivanov, et al. [39], recognized that forecasting is a crucial aspect of revenue management,
especially demand forecasting and since 2016, Nuno, et al. [1], has developed some studies
focusing on hotel booking cancellations forecast with ML-based models. In the research
mentioned, the authors built a dataset with over 120 thousand entries of hotel bookings
information from four different hotels and applied ML algorithms to build a model to
forecast cancellations. Overall, the models developed by the authors achieved pretty good
results, with Accuracy ranging from 0.78 to 0.89, Precision from 0.57 to 0.80 and AUC from
0.78 to 0.93, with XGBoost being the algorithm that achieved better results. The dataset
used during this research was published afterwards, in Kaggle platform, which proved
to be very important in booking cancellation forecasting literature review, since this type

of information is extremely sensitive and hard to collect.

The publishing of the dataset on an online platform allowed more authors to join in
the research of this case of study and many papers started to be published with proposed
models for booking cancellations forecast. Saputro and Nanang, in [40], also achieved an
Accuracy score of 0.88 with Random Forest and Extra Tree Classifier but in their research,
they addressed the problem of Recall metric. Besides the high accuracy obtained by their
models, the Recall value was still ranging from 0.70 to 0.79. Since an unbalanced dataset
is being used, this research exemplifies that the high accuracy results are being highly
influenced by the prediction of non-cancelled bookings, which shows that the Recall metric
has to be used in the evaluation of the models. Adil, et al. [41], addressed this imbalance
problem and performed some pre-processing techniques in the dataset in order to study
the impact of it in the prediction results. The combination of Random Forest algorithm
with a dataset balanced with SMOTE-ENN technique, achieved scores of 0.96 in Accuracy,
0.95 in Recall and 0.96 in AUC.

In contrast to all the studies mentioned above, Huang, et al. [42], used deep learning to
build their models. In this research, a back propagation and a regression neural network
were developed and achieved a Recall score of 0.69 and 0.75 respectively. Besides the
different approach applied by the authors, the results did not exceed those obtained with
machine learning models.

Despite all these studies showing that cancellation forecasting is possible, applying
these models to real cases still raises some questions. As mentioned before, a large
percentage of these studies use the dataset created by Nuno in [1] as a base, which raises
the question of the applicability of the models to data acquired by different hotels and
sources. In [43], Falk and Vieru studied the nature of booking cancellations behaviour
and concluded that cancellations are mainly related to variables like booking lead time,
country of residence and the channel where the booking was made. If the structure of
the public dataset cannot be matched, researchers can use this study to get an idea of the
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main factors influencing the cancellation of a booking.

2.7.2 Machine Learning vs Deep Learning on Tabular Data

Besides the huge impact of deep learning in Al field during the recent years when dealing
with image, audio and text data, his superiority to machine learning algorithms, especially
tree-based ones, on structured and tabular data is still questionable [44].

Borisov et al. [45], in 2021, reviewed the results of many deep learning architectures in
five different datasets and compared them to tree-based ML algorithms. In this research,
algorithms such as XGBoost, CatBoost and LightGBM outperformed the deep learning
architectures in four datasets, with SAINT being the only DL architecture to get better
results in HIGGS dataset [46]. Although it is not clear, this better performance in HIGGS
dataset can be explained by the dataset’s dimension with over 11 million samples in
contrast to the other datasets with few dozen samples. Another conclusion that can be
made with this research is about the differences in training and inference time. For the
low/medium size datasets, both times were generally lower for ML algorithms, but in
HIGGS dataset, the inference time of XGBoost was clearly higher than the others.

In 2022, Grinsztajn et al. [44] tried to identify the main reasons for the constant
outperformance of tree-based models on tabular data. Firstly, the authors referred that
"the lack of an established benchmark" and the small size of most of the available datasets
do not allow a clear and constant evaluation of deep learning methods. To suppress this
problem, the authors created a benchmark with 45 datasets with specific characteristics,
where datasets that contain different column types, real world data, datasets with at least
four features and 3000 samples and datasets that cannot be resolved with simple models
(a single decision tree or a regression, for example) were used. This step was crucial to
maintain the criteria and value of the evaluations made further. The models used in the
research for comparison were XGBoost, GradientBoostingTrees and Random Forrest for
the tree-based side and a MLP model, Resnet and a FT-Transformer for the deep side, all
created by Gorishniy et al. [47]. Since the model’s performance matched the results of the
previous research, where tree-based models got better results, the authors tried to analyze
in more depth in order to understand why the tree-based models outperformed the deep
ones. Firstly, the authors demystified that one of the main weaknesses of neural networks
was the categorical variables. Borisov et al. [45] stated that "one of the critical obstacles for
deep learning with tabular data is categorical variables", which was not the case in this
research when the models were tested only on categorical variables. Finally, the authors
discovered that deep neural networks-based models are "not robust to uninformative
features" since the performance gap between both increased whenever these were added.
This statement is very important for the study of deep learning models in tabular data,
since uninformative features are very common in these datasets. It is important to note
that the conclusions made in this research were only considering balanced datasets with

accuracy as evaluation metric. The authors mentioned that other evaluation metrics
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should be used, especially when dealing with imbalanced datasets, to get even more
complete conclusions.

Finally, Shwartz-Ziv and Armon [48], as well as having proven the best results with
XGBoost and mentioned the higher computational costs of training deep learning models,
they also proposed an ensemble of neural networks with XGBoost that outperformed single
models in seven of the eleven datasets tested. The authors also highlighted the importance

of studying the constraints of each model when using them in real life applications.
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3

METHODOLOGY

The pipeline adopted for the development of this project is based on CRISP-DM methodol-
ogy with six main phases: data cleaning, data understanding, data preparation, modelling,

evaluation and best model selection and analysis.
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Figure 3.1: Representation of the proposed methodology

3.1 Dataset

The dataset used for the model’s development was extracted from an hotels chain present
in HHS’ systems. This dataset is a csv file with 51660 bookings from three different hotels
within the same group, that has a check-in date ranging from January 2022 and April 2023.
The main reason for choosing this start time window is the attempt to avoid the impact
on booking’s behavior caused by Covid-19 pandemic. The end of the window was set to
the day before data extraction, since the final status of bookings with check-in after April
is uncertain.

The dataset contains 23 initial features of mixed types available, with ReservationStatus
being the target feature, as shown in table 3.1.
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Table 3.1: Reservations Dataset Description

Variable Type

HotelId Categorical
ResIdDate Categorical
SegmentCode Categorical
SubSegmentCode Categorical
DistChannelCode Categorical
Adults Numerical/Discrete
CheckIn Categorical
CheckOut Categorical
ChannelRoomTypeCode Categorical
ReservationStatus Categorical
AmountAfterTax Numerical/Continuous
Children Numerical/Discrete
Infants Numerical/Discrete
Source Categorical
Voucher Categorical
daystochekin Numerical/Discrete
los Numerical/Discrete
arrival date week number Categorical
checkin date week number Categorical

rate Categorical
Gender Categorical
Nationality Categorical
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3.2 Data Cleaning

The predictive performance of any model is directly related to the quality and relevance
of the data presented in the dataset what turns the data cleaning phase into the most
important phase of any model’s building pipeline. During this phase some initial pre-
processing steps are made, such as the removal of duplicate samples, the outliers and
missing values handling and some syntax corrections are also made. The reason for
performing this phase before the data understanding is because the author believes that
the data should be cleaned before the exploration part, so that it can be carried out on
data with a structure close to that which will be exposed to the models.

3.2.1 Removing duplicated and useless samples

During data collection process, the duplication of data samples are very often, especially
when data from different sources are combined. The presence of duplicated samples may
misrepresent the true characteristics of the dataset and can introduce bias during the
training phase. Looking to the table 3.2, 37.96% of the dataset is duplicated data, which
would have several negative impacts on model training if it wasn’t removed.

Total Samples Duplicated Samples Percentage of Duplicates (%)
51660 19608 37.96

Table 3.2: Percentage of Duplicated Samples in the Dataset.

Two data samples are considered duplicated when the value in the ResldDate feature,
which contains the booking’s registration date down to the millisecond, is exactly the
same in both, as is the rest of the booking variables.

3.2.2 Handling Missing Values

Since most machine learning methods cannot handle missing values independently, this is
a necessary step in data cleaning phase. The most common techniques to handle missing
values are direct deletion and imputation.

Imputation occurs when the missing value is substituted by another calculated value.
Normally, statistical methods are used in the column to calculate the value to input, such
as median, mean or mode. These are simple imputations but they can be very efficient
in skewed datasets. Other more advanced techniques can be used like KNN imputation,
where the value to input is chosen on the basis of information obtained by observing the k-
nearest neighbors, or Linear Regression imputation, where the value to input is calculated
by applying a linear regression using the other features as independent variables.

Direct deletion is normally used when the percentage of null values is extremely high
or low. This technique is divided into another two: listwise deletion and column-wise
deletion. Listwise deletion is used when the percentage of null values in that feature is very
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low and the samples that contain null values are not necessary, leading to their deletion.
In contrast, column-wise deletion is used when the feature has an high percentage of null
values, making it an useless feature. In this case it is preferable to delete the column from
the dataset.

Null Values Null Values (%)

Hotelld 0 0.000
ResldDate 0 0.000
SegmentCode 4 0.012
SubSegmentCode 4 0.012
DistChannelCode 5 0.015
Adults 0 0.000
CheckIn 0 0.000
CheckOut 0 0.000
ChannelRoomTypeCode 0 0.000
ReservationStatus 0 0.000
AmountAfterTax 0 0.000
Children 0 0.000
Infants 0 0.000
Source 17126 53.412
Voucher 29746 92.805
daystochekin 0 0.000
los 0 0.000
arrival_date_week_number 0 0.000
checkin_date_week_number 0 0.000
rate 19 0.059
Gender 7564 23.600
Nationality 898 2.802

Table 3.3: Percentage of Missing Values by Feature.

Analysing the missing values in the dataset, represented in table 3.3, different types
of behaviours can be observed. Features SegmentCode, SubSegmentCode and DistChan-
nelCode have an extremely low percentage of null values with values around 0,012% and
0.015%. In this case, a listwise deletion will be applied, deleting the samples from the
dataset. Features Voucher and Gender, in contrast, have a very high null values percent-
ages, with values of 92,805% and 23,600%, making it preferable to drop them from the
dataset instead of the samples. In Nationality and Rate, the null values will be imputed
with the most common value, since "PT" has a frequency of 30% in Nationality column,
and "APA | BB" a frequency of 60%. In these cases, the most common category have a
high dominance in the dataset, and imputing the few null values with it will not impact
negatively the feature’s distribution. The last modification in this phase is related to the
feature Source. This feature has a null values percentage of 53,412% and the normal
process would be to delete the column from the dataset. It turns out that this variable can
add value to the model, even with this high percentage of null values. In this case, the
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null values will be replaced by a new "UNK" category, representing an unknown value.
Later on, this feature will be analysed in more detail to see if this modification has had a

positive impact on the model.

3.2.3 Handling Outliers

As mentioned at the beginning of this chapter, data quality is crucial for the positive
performance of any predictive model. The presence of samples with characteristics that
lie far from the rest of the dataset greatly diminishes the quality of it, which can have a
significant impact during the training phase. This type of sample is known as outliers
and typically occurs due to errors in data recording or when rare events occur. There are
various techniques to identify the presence of outliers with statistical methods like the
calculation of z-scores or the use of interquartile range (IQR) being the most famous.
Interquartile range (IQR) is a statistical measure and it is defined by the difference
between the third and first quartiles. IQR helps the calculation of two extremes of the
dataset called lower fence and upper fence, that defines the window of acceptable values.

All values that fall outside this window are considered outliers.

Interguartile Range

(IGR)

Outliers l i Outliers
! !
ON e I I OO

t !
Lower Fence a1 Median Q2 Upper Fence

Figure 3.2: IQR

IOR = Q3 — Q1 (3.1)
Lower Fence = Q1 — (1.5 - IQR) (3.2)
Upper Fence = Q3 + (1.5 - IQR) (3.3)

Before applying the method, it is important to note that the feature Adults was
engineered to be the sum of Adults, Children, and Infants. It was done due to the high
percentage of bookings without Children and Infants (98% and 99%), making it more
sense to aggregate the three features for the application of the method.
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To use this method in bookings dataset, some particularities need to be addressed
carefully. Normally, the multiplier applied to IQR in equations 3.2 3.3 is 1.5, but in this case
it would lead to a low values in upper fences, causing the identification of a large number
of outliers that theoretically might not be outliers. The upper fences for a multiplier of 1.5
are 3.5 for Adults, 130.5 for daystochekin and 6 for los, as shown in table 3.4. Using these
fences, bookings made 131 days in advance or bookings with a length of stay of 7 nights
would be considered as outliers, what it is not true. Although these bookings aren’t that
common, they do not happen because of mistakes either.

To address this situation, a multiplier of 5.5 was chosen in order to increase the upper
fences values. With this multiplier value, bookings of up to 7 people, lasting up to 20
days and booked up to 232 days in advance were considered acceptable. If any of these
requirements were not met, the booking was considered an outlier and was removed from
the dataset.

Ql Median/Q2 Q3 IQR LF(35) UF(15) UF(5.5)

Adults 1.0 20 20 10 -4.5 3.5 7.5
daystochekin 3.0 190 54.0 51.0 -276.0 130.5 348.0
los 1.0 20 30 20 -15.5 6.0 20.5

Table 3.4: Statistical values for IQR method.

Another particularity is that Q1 values are very low, leading to negative values in lower
fences after applying this method. Since these features need to be strictly positive, which
means that negative values rely to recording errors, lower fences were forced to be zero
in all features. The application of IQR, with the specified modifications, in this dataset
identified and deleted 616 samples with daystochekin and los being highly impacted
features, what can be seen with the comparison of features” boxplots, before and after

removing outliers.

3.2.4 Syntax and Final Corrections

During the outlier removing phase, most of the inconsistencies in the data were cleared
up, leaving only a few details in certain features unresolved.

Looking at the TotalGuests feature, for example, four samples with a zero were found,
what is not possible and probably occurred as a result of a data entry error.

Another case that needs to be handled is the samples with a value of "$0.00" in
AmountAfterTax feature. There are 409 cases in which no amount paid has been registered,
which can be explained by internal bookings or errors. Since AmountAfterTax will be
an important feature further, bookings that do not have this information are considered
useless. Another change made in this feature was the cast to all the values to the float
accordingly and divided by the length of stay. With this change, the feature now represents
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the amount paid by night, and not for the entire stay, improving the usefulness of the
feature.

Finally, it will be necessary to work on the target variable in order to provide better
analysis in the next phase. Originally, the ReservationStatus feature has three categories
represented by the integers 6, 7 and 20. The integers 6 and 20 represent canceled bookings
and non-canceled bookings, respectively, while 7 represents no-shows. For the purposes
of this model, canceled reservations and no-shows will be treated equally, so bookings
with a ReservationStatus of 6 will be mapped as "Not-Canceled", while canceled bookings
and no-shows will be mapped as "Canceled".

All this data cleaning has left the dataset with a total of 31018 samples.

3.3 Data Understanding

Data understanding, or in some cases exploratory data analysis, is another typical phase
in every machine learning model, especially when dealing with predictive analysis over
a tabular dataset. This phase is very important to understand the nature of the data and
understand how each feature can impact the target, by analysing each one using statistical
metrics or plotting them directly. With this visualization, relationships between features
can be also studied and insights for feature engineering phase can be established during
EDA.

Starting with target feature distribution, figure 3.3 shows that the dataset is highly
imbalanced, with just 9.51% of the samples being targeted as canceled bookings. This is a
very important analysis since this imbalance can impact the training phase, as referenced

in section 2.4.

90.49%
25000
20000
15000
10000
5000 9.51%
Not Canceled Canceled

Figure 3.3: Target feature distribution, ReservationStatus

In figure 3.4, the evolution of booking count and cancellation ratio by week can be
monitored. The peek in booking count, observed in the first thirteen weeks, is explained
by the datetime window used to collect the data, referenced in section 3.1. As this slightly
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changes the actual distribution of bookings during the year, the data collected in the first
thirteen weeks of 2023 could be removed, but only if it is really necessary as it will not have
a direct impact on the cancellation ratio. Looking at the cancellation ratio, it is interesting
to note that the highest peaks of cancellations per week are found in the first and last 8
weeks of the year, representing the months of January, February, November and December,
with canceled bookings reaching 22% of total bookings. The lowest cancellation peaks are
between weeks 18 and 22 and between weeks 30 and 36, representing the month of May
and the end of July to the beginning of October.
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Figure 3.4: Cancellation Ratio and Booking Count by Week
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Since the data was collected from Portuguese hotels, is expected that Portuguese
nationality dominates the dataset. More precisely, 29% of the bookings comes from
Portugal, followed by United States with 13.3%, and United Kingdom with 9%. The others
49.7% are distributed among the rest of the nationalities with France, Brazil, Deutschland,
Spain, Italy, Canada, and Netherlands being the big group. Looking to figure 3.5, which
illustrates the cancellation ratio by nationality, it is noticeable that there aren’t relevant
differences between the cancellation behavior for the nationalities with more presence in
the dataset. Some high cancellation ratios can be observed mainly in nationalities from
Africa and Asia due to the few bookings registered from there. Myanmar, for example,
has just two registered bookings in the entire data, both canceled, leading to a cancellation
ratio of 100%. Costa Rica, Tanzania, Reunion and Zimbabwe have cancellation ratios
between 50% and 67% but there are only fifteen records of this nationalities combined.
The only nationality with a bigger representation in the data, which has a higher ratio
than normal is Portuguese, with values of 17%.

For all these points mentioned, Nationality feature seems not to be a feature with a
good predictive value and could be discarded in the feature selection phase. If it is used,
it will have to go through feature engineering processes, also because it is a categorical
variable with high cardinality. United States and United Kingdom have cancellation rates
lower than average, with values of 4.43% and 7.0%, respectively.

Cancellation Ratio (%)

0 20 40 60 80 100

Figure 3.5: Cancellation Ratio by Nationality

The authors in [43] stated that the source channel through which the booking was made
could be one of the reasons that most influence the cancellation behaviour. Looking to the
distribution of Source feature, plotted in figure 3.6, the dominance of bookings with the
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source unknown or from Availpro is clear, with 83% of the entire dataset being distributed
over these two categories. Analyzing the cancellation ratio differences between Source
categories, Availpro is the only category with a cancellation ratio higher than normal,
with a value of 17,26%. Others category, have a significantly low cancellation ratio, with
just 2.89% of the bookings being canceled. When the Source is unknown, the cancellation
ratio is 8.86% which is a value close the 9.49% of the entire dataset. Slight differences in the
distribution of the target feature can be observed between the categories which indicates
that Source could have some prediction value. Despite this, the feature does not seem to
have a strong impact on the dataset on its own and may need other features to increase its

predictive value.
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Figure 3.6: Cancellation Ratio by Source.

3.4 Data Splitting

In data splitting phase, is where the dataset is normally divided into two main sets: the
training set and the test set.

The training set is the one which the model uses to learn the patterns and relationships
of the data, in order to predict the output. Since the training phase requires the most data,
normally 60% to 80% of the data is addressed to this set. The test set is used to make the
final evaluations and conclusions about the model’s performance, with the rest 20% to
40% of the data. It is important that this set keeps the structure of the training set and be
representative of the data to which the model will be exposed, allowing to understand
the real predictive performance of the model.

The main reason to perform data splitting before feature engineering phase is to avoid
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data leakage during the model’s training. Data leakage happens when the model is trained
with information that can potentially leak the target output. Creating new features, scaling
data, or making feature selection over the entire dataset (before splitting it) can lead to
what is called train-test contamination, making the model well-fitted to the used sets but
will probably perform poorly in unseen data.

During the training phase it is important to have an independent set where the
model can be tested with different hyperparameters combinations, in order to choose the
combination that best fits the data. This process is called cross-validation and is made
over the validation set, that normally contains 10% to 20% of the training data and. This

split will be discussed further on in this chapter.

Test Train

30% T0%

Figure 3.7: Data splitting

The splitting ratio applied in the dataset was 70% for the training set and 30% for test

set, as shown in figure 3.7.

3.5 Feature Engineering and Selection

3.5.1 KMeans Clustering for Room Type

Since the dataset contains data from three different hotels, with different rooms, prices
and locations, it is important to be careful when mixing information that depends on the
hotel. Looking to the booking’s price (AmountAfterTax), for example, what is considered
an expensive booking to Hotel 1, can be normal for Hotel 2. These kinds of inconsistencies
in booking behavior between hotels cannot be modeled as if they didn’t exist and so they
must be normalized.

To normalize the rooms between hotels, a new dataframe was created where each row
represents different rooms. Then, four columns were added as characteristics of the room.
The first one is the mean room’s price, using AmountAfterTax feature. Since this feature
used it variables as strings, all the values were processed to the float accordingly. Then,
the mean AmountAfterTax value was calculated and divided by the mean price of the
hotel which it belongs and added in the corresponding room’s row. The second feature of
the new dataframe is Count, representing the number of bookings registered in each room
divided by total hotel’s bookings. The last two features are Avg_LOS and Avg_Guests,
representing the mean of los and TotalGuests for each room.

After getting the dataframe ready, the idea was to implement a clustering algorithm
in the data to create clusters between the different rooms. To choose the right number
of clusters that best fit the data, the K-Elbow method was used and can be observed in
figure 3.8. Looking to the graphic, an "elbow" curve can be observed when k (number of
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clusters) is 3 with a distortion score of 16.263, representing the optimal distortion score by

k clusters.
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Figure 3.8: Choosing the optimal number of clusters with K-Elbow method

Then, KMeans algorithm was applied (with n_clusters parameter configured with a

value of 3) and the clusters were formed. Looking to the statistical stats, AmountAfterTax

and Count features highly impacted the clusters creation, while Avg_LOS and Avg_Guests

did not show major differences between clusters. Since the data has two features that can

clearly separate it in three clusters, a two-dimensional plot can be made to observe the

clusters. Analyzing figure 3.9, which plots the clusters over AmountAfterTax (x-axis) and

Count (y-axis), some conclusions can be made: cluster 0 represents the most expensive

rooms, cluster 1 the low/medium price rooms with higher demand and cluster 2 the

low /medium price rooms with lower demand.

Finally, in the original dataset, the values of feature ChannelRoomTypeCode were

mapped with the corresponding cluster and the feature name were also replaced by

RoomCluster.
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Figure 3.9: Clusters representation

36



3.5. FEATURE ENGINEERING AND SELECTION

3.5.2 Encoding Categorical Features

Feature encoding is the process of representing categorical features in numerical values
or in a format that can be understood by machine learning algorithms. In recent years,
some algorithms and architectures (like Catboost algorithm or deep learning architectures
referenced in 2.3.2.2) can already process categorical features in their raw form, but most
of them still need a pre-processing of non-numerical features. Usually, there are two
types of categorical data: ordinal data and nominal data. Ordinal categories have an
inherent order between them, such as the "GroupType", and normally they are encoded
into a ranking to highlight that order. Nominal features, like the features "Hotelld" or
"Nationality", are the opposite, they do not assume any type of order and in this case, it is
very important to choose the right encoding method to not impose a false perception of
ranking. For the dataset used in this study, three methods of encoding will be considered:
label encoding, mean target encoding and one-hot encoding.

Label encoding is the simplest form of encoding where each category is converted in
an unique integer value, and a ranking can be created between them. For this reason, label
encoding should be only used with ordinal features to prevent a misinterpreted ranking
if the feature does not have one.

Mean target encoding is a technique where the frequency of the feature classes inside
the positive target class is calculated and used to encode it. Using table c) of figure 3.10 as
example, Hotelld feature has three classes. For class Hotel_1, there are just one sample
and is target as canceled, so the value that is used to encode Hotel 1 is 1.0. In opposite,
Hotel_3 has also just one sample, but in this case targeted as not canceled, so the value 0.0
is used to encode it. Finally, Hotel_2 has two samples, one not canceled and one canceled.
In this case, half of the samples of Hotel_2 are canceled, so the value that is used to encode
it is 0.5. This encoding is very useful because the way the method is used creates an
explicit relation and value between the class encoded and the target, making it perform
better than the other techniques. Despite this, if two classes have the same effect in the
target, they will be encoded with the same value, causing a loss of information between
these classes and other features. Another advantage of this method is the considerable
cardinality decrease.

One-hot encoding is a method where n new binary columns are created, representing
the n cardinality levels existing in the feature. Besides this method being widely used
to build machine learning models, specially because preserves all the information of
the original feature, it can introduce a big problem when used over high dimensional
data, normally mentioned as dimensionality curse. If it used over a feature with high
cardinality, the model complexity will increase significantly, being more propitious to
suffer of overfitting.

At this stage, the dataset contains nine categorical features that need to be encoded.
As the variables SegmentCode, SubSegmentCode, ChannelRoomTypeCode, Source and
RoomType show differences in the effect of their classes on the target, or a high cardinality
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Sample Hotelld ReservationStatus

1 Hotel_1 Canceled

2 Hotel_2 Mot Canceled

3 Hotel 3 Mot Canceled

4 Hotel_2 Canceled

a) Original Set
|
Sample Hotelld ReservationStatus Sample Hotelld ReservationStatus

1 1 Canceled 1 1.0 Canceled
2 2 Not Canceled 2 0.5 Not Canceled
3 3 Not Canceled 3 0.5 Not Canceled
4 2 Canceled 4 0.0 Canceled

b) Label Encoding c) Mean Target Encoding

Sample Hotel_1 Hotel_2 Hotel 3 ReservationStatus
1 1 0 0 Canceled
2 0 1 0 Mot Canceled
3 0 0 1 Mot Canceled
4 0 1 0 Canceled

d) One-Hot Encoding

Figure 3.10: Representation of different encoding techniques.

as in the case of ChannelRoomTypeCode, the method used for their encoding was mean
target encoding. On the other hand, as the Hotelld and GroupType variables have a low
cardinality and similarities in the frequency of their classes in the cancellation, the method
chosen for their encoding was one-hot-encoding. Finally, as the DistChannel variable only
contains two classes and the classes in the GroupType variable have a rank relationship

with each other, label encoding was preferred for these cases.

3.5.3 Feature Selection

Before feeding the machine learning algorithm with the training set, it is important to test
some feature selection techniques to understand if every feature is really useful and brings
predictive value. Using redundant features in the predictive model, beyond the increase
of computational costs and time consumption, can reduce the model’s generalization and
impact it performance.

The most common feature correlation technique, and the one that will be used in this
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study, is the calculation of Pearson’s Correlation Coefficient. Pearson’s Correlation is an
indicator of the linear relationship between two variables, that varies between -1 and 1.
A correlation value greater than zero is a positive relationship, which indicate that both
variables grow in the same direction, i.e. when one goes up, the other also goes up. A
correlation value less than zero indicates a negative relationship or an inverse correlation,
which means that the variables grow in opposite directions. Values close to -1 and 1 are
considered strong relationships, meanwhile values close to 0 indicates that there is no
relationship at all.

With X and Y being the variables in comparison, and n the number of total data points

present in the training set, the Pearson’s correlation coefficient is given by:
.- n Y Xi ) - Y Xi XY (3.4)
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Looking to table 3.5, which shows the top six features with the highest Pearson
correlation coefficients, it is clear that only the ChannelRoomTypeCode, SubSegmentCode,
Source, SegmentCode and DistChannelCode variables have any significant values. The
first thing that stands out is that four of these five variables were encoded using mean
target encoding. As mentioned in the previous section, this encoding creates an explicit
relationship with the target, making the variables encoded using this method outstanding
when calculating the coefficient. In turn, the large number of discrete variables present in
the dataset makes it harder to apply the model, since it assumes that the data is continuous
and linear. As a result, although this method is one of the most widely used in the feature
selection phase, it does not seem to be the most suitable for the structure of this dataset.

Table 3.5: Percentage of Missing Values by Feature.

Coefficient
ChannelRoomTypeCode 0.52
SubsegmentCode 0.2
Source 0.18
SegmentCode 0.13
DistChannelCode 0.11
Adults 0.053

To overcome the difficulties faced in Pearson’s coefficient calculation, other methods
can be used to try to understand the impact of each feature on the target. In this study,
the alternative applied will be to use the methods for calculating the feature importance
score provided by some algorithms based on decision trees, such as Random Forest or
XGBoost. This method is based on training one of these models with default parameters
and using its capabilities to identify the variables that were most important in its training.
As well as analyzing the direct impact that the variables had on the model, this method is
applicable to any type of variable, making it easier to use and the results more reliable.
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A Random Forest model was then trained and the results of the feature importances
can be seen in figure 3.11. As expected, the results obtained by applying this method
differ significantly from those obtained by calculating the Pearson correlation. The only
variable that remained in the top six was ChannelRoomTypeCode, which proved to have
a major impact on training the model, with a value of 0.29. The rest of the top six is
occupied by the variables daystochekin, checkin_date_week_number, AmountAfterTax,
the dummy variable _Hotel2 and los, with values decreasing from 0.13 to 0.6. Despite
these differences, the results showed again that the variables do not have a major impact
on target prediction on their own, excluding of course, ChannelRoomTypeCode.

The results of this method are much more reliable given the context of the problem,
not only for the reasons mentioned above, but also because the models that were trained

in the modeling phase also have decision trees as a weak learner.

ChannelRoomTypeCode

daystochekin |

checkin_date_week_number |

AmountAfterTax |

_Hotel2
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Random Forest Feature Importance

Figure 3.11: Results of the feature importances calculated by the default model of Random
Forest

40



3.6. ADDRESSING CLASS IMBALANCE

3.6 Addressing Class Imbalance

The distribution of the target variable ReservationStatus, shown in figure 3.3, highlighted
the high level of class imbalance present in the dataset, with 90.49% of the samples
being from negative class (not canceled) and 9.51% from positive class (canceled). Class
imbalance is a topic that needs attention because it can lead to misleading results, if not
carefully handled. Currently, a lot of techniques to handle class imbalance have been
studied, some of them exposed in section 2.4, and the biggest conclusion is that there is
no perfect formula, different techniques should be tested in order to understand which
ones fits the problem better.

In addition to the various metrics that will be used to evaluate the models in chapter 4,
a second training set, with synthetic data, will be created from the original using the
SMOTE-ENN technique, since authors in [41] got better results with the training set
generated from it. Subsequently, the results of the models obtained from this new training
set will be compared with the results of the models obtained from the original one.

SMOTE-ENN is the combination of two techniques used to handle imbalanced datasets,
SMOTE and ENN. SMOTE, was already explained in section 2.4.2 and is, in short, a
technique that uses the KNN algorithm to oversample the minority class. In turn, Edited
Nearest Neighbors (ENN) is used to identify and eliminate noisy samples. Also using
the same algorithm, this technique assesses whether the target of the sample in question
is different from most of the targets of its neighbors and, if so, considers it to be a noisy
sample and removes it. Figure 3.12 shows how this method works, as well as the influence
of each of the techniques that compose it.

Imbalanced Train Set /

l

Randomly Selection of |
Minority Samples

l

Identifying K-Mearest
MNeighbours

l

(Generate New Samples

Is Balancing Ratio
Satisfied?

YES

‘ Remove Unecessary Majority Samples

Balanced Train Set /

Figure 3.12: Flow diagram of SMOTE-ENN.
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3.7 Modelling

Modelling is normally the most interesting phase in every predictive model building.
After getting the dataset split, cleaned and prepared, the training set is exposed to various
algorithms in order to let them understand the problem and identify useful patterns for
the target prediction. This process is usually claimed as training phase, but before it is
important to understand which algorithmes fits the problem better. There are dozens of ML
algorithms and DL architectures that can be used in binary classification, some of them
exposed in sections 2.3.1.4 and 2.3.2.2, but training all of them would have computational
costs. With this, the modelling phase is structured in two principal processes: models
selection and the training of them.

Since this study deals with non-linearity data, where to low correlation exists between
the features by their own and the target variable, it requires algorithms that can lead with
complex problems, and the ones that are likely to achieve the best results are those that use
ensemble and boosting techniques in their architecture. For these reasons, and looking
to section 3.5.3, the ML based algorithms that seem to meet the needs imposed by the
problem are Random Forrest, LightGBM, AdaBoost, XGBoost and CatBoost, and are the
ones that were trained and tested. For the DL models, Wide&Deep, DeepFM, Autolnt and
TabNet were trained, since are the ones available in deeptables APL

After selecting the models to be used, the training phase begins with hyperparameter
tuning and the cross-validation technique that are essential components during training
phase to ensure the robustness and generalization of the models.

The hyperparameters are external settings of each algorithm that are configured
before the training and tested in different combinations to identify the one that gets a
better performance [49]. Depending on the data and the problem, the best combination
can vary significantly, which means that the combination that fits one dataset, should
not be used in another without being tested. Each combination is trained and tested in
different sets of the data, and this process is made in different iterations to change the

train and validation folds, as shown in figure 3.13.
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Test i Train i

1st [teration Val.

2nd lteration Val.

Jrd Iteration Val.

4th Iteration Val.

5th Iteration Val.

Figure 3.13: Cross validation representation.

In this research the tuning method used was GridSearchCV by sklearn API because
of it exhaustive search over all values configured in param_grid parameter. In contrast
to RandomizedSearchCV, by sklearn as well, every single combination is tested which
increases the computational costs but provides more complete and reliable results. This
method has a cross-validation process implemented, and the number of different folds
to be tested can be configured in cv parameter. For this study, the value chosen for cv
was 5, which means that the data was divided in five folds (four for training and one for
validation) in five different iterations for each combination. The different hyperparameters
combinations for each model can be observed in appendix A.
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4

REsuLTs AND DiscussioN

After the development and implementation of all models, this chapter reports and analysis
the results and behavior of each one and a more depth analysis of the CatBoost model will
be made in order to understand the business value of using it in a production environment.
Finally, the results of the models trained over the resampled train set will be compared
and analysed as well.

4.1 Comparison Between ML And DL Results

As mentioned in section 3.7, five different ML models and four DL architectures were
trained over a fivefold cross validation to guarantee that the best hyperparameters com-
bination for each one were used. After the training, the same test set was applied to all
the models to analyze and compare the performance metrics between them. Taking into
account the nature of the problem, specially because of the high imbalance verified in the
target feature, the metrics considered were accuracy, precision, recall and AUC.

Table 4.1 shows the prediction results of all models in the different sets.

Table 4.1: Results

Train Test Val.
Acc. Pre. Rec. AUC Acc. Pre. Rec. AUC AUC +std
Random Forest 0.951 0987 0488 0.744 0950 0.980 0.482 0.740 0.919 +0.007

XGBoost 0959 0968 0.586 0.792 0952 0925 0.543 0.769 0.915 +0.009
Adaboost 099 0999 0960 0980 0946 0.770 0.609 0.795 0.874 £0.006
LightGBM 0957 0959 0575 0.786 0952 0921 0.541 0.768 0.914 £0.010
CatBoost 0961 0940 0.620 0.808 0.952 0.874 0.589 0.790 0.776 £0.008
Wide&Deep 0950 0974 0478 0.738 0950 0972 0.500 0.750 -
DeepFM 0950 0956 0494 0.746 0950 0943 0.516 0.756 -
Autolnt 0943 0929 0429 0713 0944 0912 0460 0.728 -
TabNet 0952 0987 0500 0.750 0951 0973 0498 0.748 0.894 £0.007
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Assuming that the baseline accuracy score is 0.905, which represents the accuracy
score if all bookings from test set were predicted as non-canceled, all the models have
added value in predicting cancellations, with all the accuracy values showing significant
increases, ranging from 0.944 to 0.952, with LightGBM and CatBoost getting the higher

accuracy score.

For precision and recall, it’s easy to observe that precision got better results across all
the models, which means that most of the bookings identified by the model as canceled,
are actually canceled bookings. Adaboost were the only model with less convincing results
for precision with a value of 0.770. All the other models achieved results ranging from
0.874 to 0.980, with Random Forest achieving the best score. The recall results show that
all models were just able to identify half of the cancellations, with values ranging from
0.460 to 0.609.

For AUC, the models showed close and satisfactory results, which means that the
models are managing to find relationships that separate a canceled booking from a non-
canceled one, with CatBoost and Adaboost getting the best results with 0.796 and 0.790.
The weakest results appear in the DL section, with 0.728 for AutoInt and 0.748 for TabNet.
Besides Adaboost achieved the best result, an high variance between the train and test

metrics of can be observed, which could imply the existence of overfitting.

The discrepancies observed in the validation results, which were the results obtained
by cross-validation of GridSearch, suggest that the hyperparameters tuned during the
cross-validation process might be overly optimized for the particular folds used. Besides
that, the low values of standard deviation and the similar results between train and test
sets, reflect the solidity and consistency of the models, which is a good indicator of the
models performance. For Wide&Deep, DeepFM and AutoIlnt models, no validation values
are shown as their implementation via deeptables API does not support an integration
with GridSearch.

Looking to the learning curves of ML models, shown in image 4.1, the overfitting
in AdaBoost can be proved. In this type of curve, the training and the cross-validation
scores are supposed to converge to each other, reaching a point of stability. This behavior
is not observed in Adaboost’s learning curve, where the training score is always close
to 1, which is a clearly evidence of overfitting. All the other curves show the supposed
behavior, specially Random Forest that almost reached a perfect fit between both curves.
This fit matches the results obtained in table 4.1, where Random Forest test results are
very similar to the training ones, showing that the model generalized well to unseen data.
All the other models didn’t reach a perfect convergence, proving the small differences
shown between the metrics of both sets, but their differences aren’t too significant.

Another point that can be observed by analyzing the learning curves, is that the
stability that is being reached in the models means that all of them are close to their
training potential with the available data, indicating the need to obtain new features so

that higher prediction values can be achieved.
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Figure 4.1: Machine learning models learning curves.

For the DL models, the interpretation of learning curves are slightly different, using
different metrics for x and y axis. In x-axis, instead of using the number of data in the
training set, the metric used is the number of epochs which are a complete pass through
the entire training set. For the y-axis, the metric used is the validation loss, that represents
loss value computed by the chosen loss function during training and validation. The
ModelConfig class of deeptables API automatically uses binary cross-entropy as the loss

function when working in a binary classification problem.
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Figure 4.2: Deep models loss curves.

The visualization of loss curves in figure 4.2, shows that the curves of both sets converge

to each other for all the models, reaching to a stability point where the gap between them

were minimal. This behavior demonstrates the good fit of the models to the dataset

without signs of overfitting, meaning that the performance of the unseen data is similar to

the one observed during the training process. This point matches the results of table 4.1

for the DL side, where the performance metrics of both sets are also similar.

Comparing the four graphics, one of the differences that can be observed is that in the
models built with the deeptables API, Wide&Deep, DeepFM and Autolnt, the validation
loss is lower than the training one before the converge of both. One reason for this can be

the default regularization that is configured in the ModelConfig class of the API that is

just applied during the training process, sacrificing the training loss in order to improve

the validation/test loss. This theory can be proved by the better results achieved by the

test set prediction in these three models. Another interesting point that can be analysed

is the number of epochs needed by the models to reach an almost perfect converge of the

curves. Deeptables API models, specially Wide&Deep and DeepFM, reached this fit in

less epochs, between the 10th and 20th epochs, while TabNet needed almost thirty epochs

to reach a converge stability, demonstrating more difficulties to fit the data.
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4.2. ANALYSIS OF XGBOOST MODEL IN MORE DEPTH

It’s important to note that the use of fifty epochs were just for visualization reasons.
The models were all trained with an early stopping system of ten epochs, meaning that
the training process was interrupted if no improvements in the loss value were visible
after ten epochs. This type of optimization is used to prevent overfitting scenarios as can
be seen in the last epochs of Wide&Deep and DeepFM where the model is too trained
over the training set and the validation loss starts to increase.

Comparing the metrics results of both methodologies, the superiority of ML models is
not so clarifying, with some DL models coming close to the results obtained by the most
popular models or even surpassing them, as in the case of Random Forest which had lower
results than Wide&Deep, DeepFM and TabNet but in another aspects, such as complexity,
the use of ML models can be very profitable. Table 4.2 shows the computational time
needed by each model to be trained over the training set and to predict the test set and the
differences are evident, specially in training times. All DL models needed several seconds
to be trained, with AutoInt and TabNet breaking the barrier of 50 and 80 seconds, while
some ML models didn’t even need a second to be trained, such as LightGBM, XGBoost
or Random Forest. In a conceptual context, these differences may not be important, but it
is clear the impact that these differences could have if these models were deployed into a
production environment, where they will be trained and called upon constantly.

Model Training Time (s) Prediction Time (s)
LightGBM 0.074 0.008
XGBoost 0.130 0.003
Random Forest 0.899 0.067
AdaBoost 3.776 0.072
CatBoost 19.526 0.033
DeepFM 20.716 0.200
Wide&Deep 35.775 0.200
Autolnt 56.159 0.489
TabNet 87.981 0.202

Table 4.2: Times statistics.

4.2 Analysis of XGBoost model in more depth

Before taking a predictive model into production, it is important to make sure that the
model chosen meets the requirements of the problem and that, above all, its results make
sense from a business perspective. To do this, a more in-depth and detailed analysis of
the selected model need to be made, to get better and more complete conclusions about
the model behaviour.

Taking into account the study of the models made in the last section, and considering
all the parameters evaluated, XGBoost and LightGBM seem to be the most complete and
valuable models, not only in terms of their predictive performance, but also in terms of
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their speed of training and prediction. With this, XGBoost was the model selected and
analysed, using it confusion matrix, to get a better understanding how the model was

predicting the test set and to see if it predictions meet the expectations.

Actually Mot 8370 39
Canceled
Actually
Canceled o ok
Predicted Mot Canceled Predicted Canceled

Figure 4.3: XGBoost confusion matrix.

Looking to figure 4.3, that plots the predictions made by XGBoost model in the test set,
the results of the model in table 4.1 can be visualized in a way that is easier to interpret.
There are two principal observations that can be made with the confusion matrix, the
number of false positives and the number of false negatives.

Starting with false positives, the confusion matrix shows that only 39 out of 518 were
wrongly predicted as canceled, following the value of 0.925 in precision metric. This
is a very good result, specially in business terms, meaning that the model has 92.5%
confidence when it identifies a cancellation. In other hand, the model did not identify 403
out of 882 cancellations, following the 0.543 result of recall. This means that the model has
some difficulties identifying certain types of cancellations, with only half of them being
canceled, and this is exactly the point where room for improvements is found. Despite
the high number of false negatives, given the nature of the problem, it is more important
to have a low number of false positives since a booking wrongly identified as canceled
could have higher costs than an unidentified cancellation.

There are several reasons why the model may be having difficulty identifying a higher
number of cancellations, and their origins may lie right at the root, in the dataset used
to train the models. The analysis made in the last section, over the graphics obtained in
4.1, showed that the models are reaching their potential so more valuable features need
to be collected to get better results. Features like the cancellation policy or the changes
that are made in the booking showed to be useful in the studies exposed in chapter 2.7
but unfortunately this dataset does not contain that information. The class imbalance is
another factor that may be making it difficult to identify cancellations, as the training set
may not have enough cancellation samples for all the relationships to be understood by the
model. Another factor has to do with the fact that certain cancellations cannot be predicted
at all. Personal problems, health problems or even flight delays and cancellations are

reasons why bookings are canceled, and these events are not taken into account by the
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predictive models created in this dissertation.

Finally, another factor that may not help the model may be related not only to the need
to find other variables, but also to the uninformative variables being used in the dataset.
To understand this point, the gain and split importance of the features in the model can
be analysed to realize which features are playing a more important role in model training.
Gain importance represents the improvement in accuracy resulting from a split on a
particular feature. When a decision tree is built, at each node, the algorithm evaluates
different features and selects the one that maximizes the gain. Features with higher
gain values are considered more important because they lead to larger improvements in
accuracy when making splits in the decision trees. Split importance measures the number
of times a feature is used to split the data across all trees in the ensemble. Essentially, it

quantifies how often a feature is chosen for splitting.

ChannelRoomTypeCode ] 8878.54
_Hotel2 ] 7164.67
checkin_date_week_number [ ] 1736.79
AmountAfterTax 1 1047.91
daystochekin [—1 1002.09
SubSegmentCode 1 994.02
segmentCode 1 759.53
Source 1 514.19
RoomType 1 230.25
los [ 273.74
2000 4000 6000 28000
a) Gain Importance
checkin_date_week_number ] 268
AmountAfterTax ] 234
daystochekin ] 224
ChannelRoomTypeCode | 121
SegmentCode ] 80
SubSegmentCode —————— 1 73
los /1 7o
RoomType —— 40
Source — kT4
Adults —1 34
50 100 150 200 250

b) Split Importance

Figure 4.4: XGBoost gain and split importances.

Considering gain and split importances, figure 4.4 shows the impact of each fea-
ture in the training of the XGBoost model. The first point to take into account, is that
features ChannelRoomTypeCode, checkin_date_week_number, AmountAfterTax and
daystochekin appear in the top five of both metrics making it clear how important these
features are to the model. In the opposite side, features like DistChannelCode, _Hotell,
rate_APA | BB or rate_APA | RO do not seem to have much impact on the model, showing
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practically zero values. These types of features are considered uninformative features, as
they do not add any value to the predictions and can even be removed from the model
training. A different behavior to the previous ones can be seen in the _Hotel2 variable,
which has a very high gain score while being one of the variables with the lowest split
score. This type of behavior happens mainly with categorical variables that are encoded
using one-hot encoding, such as this case. The fact that the booking belongs to Hotel2
proves to be quite important in classifying it as canceled or not, but it turns out that only
15% of the bookings are from this hotel, making it a minor variable in the splitting of the
decision trees.

These types of evaluations are very valuable, not only in technical terms but also in
business terms, as they show in detail which variables in the dataset are most important
for predicting cancellations or which can be discarded and can even be compared to the
conclusions made at the data exploration phase, in section 3.3.

4.3 Resampling Results

As mentioned in section 3.3, the dataset suffers from an high class imbalance with 90.51%
being not-canceled bookings and 9.49% being canceled ones. This can cause various
problems in the training phase, since the model cannot be able to capture all the relations
that can identify a booking as canceled, turning down the recall results as shown in the
previous section.

To prevent this, in section 2.4.1, a technique called SMOTE-ENN was described and
implemented in order to resample the training set and analyze the results on the test set.
As shown in figure 4.5, the original train set consists in 19620 not canceled samples and
2059 canceled, while the resampled train set has 13971 not canceled and 11420 canceled.
It is important to note that the resampling is not applied to test set to keep the natural
distribution of the target variable in this set and ensure that evaluations are carried out in
a context that is close to the real scenario.
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Figure 4.5: Target distribution before and after resampling.

After the resampling, an XGBoost model was tuned and fitted to the new training set
and the predictions were made over the original test set. The results, in table 4.3, show
that besides the increase of ROC-AUC metric from 0.769 to 0.811, the precision decreased
drastically from 0.925 to 0.587. This means that 418 out of 1011 samples identified as
canceled were wrongly predicted, making its use meaningless in a business context. The
only metric that actually improved was recall, from 0.543 to 0.672, but much at the cost of
a drop in precision, making the trade-off between the two not favorable for the problem.
A last observation that can be made with the results is that the model trained with
the resampled data shows an overfitting behavior, with significant differences between
training and test results.

Table 4.3: Resampling Results

Train Test
Acc. Pre. Rec. AUC Acc. Pre. Rec. AUC
Original Model 0959 0968 0.586 0.792 0952 0925 0543 0.769
Resampled Model 0.935 0964 0.889 0931 0924 0587 0.672 0.811

The inefficiency of the model trained over resampled data can be explained by looking
to the structure of the original data and the methods that are used to implement SMOTE
techniques. First of all, SMOTE implementations use k nearest neighbors (KNN) algorithm
that relies on Euclidean distance to create synthetic samples, which may be more suitable
for continuous variables. Since the dataset used in this study is mostly made up of
categorical and discrete variables, this could be one of the main reasons affecting the
SMOTE results. Another factor that could be influencing the results has to do with the
ineffectiveness of SMOTE techniques on datasets that contain overlapping classes. This
means that if classes of the target variable overlap in feature space (if there are no clear
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differences between the classes), the data created using the euclidean distance could be of
very poor quality, due to the uncertainty in its class, introducing noise into the data and

significantly reducing the model’s performance.
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5

CoNcLUSsIONS, LIMITATIONS AND FUTURE
WoRrk

5.1 Conclusions

The different negative effects related to booking cancellations, not only in terms of revenue
management but also in terms of demand forecasting, have made this an emerging and
important subject in the hospitality industry. To overcome this behavior, hotels have
been forced to take strict actions, such as creating cancellation policies and overbooking
strategies that essentially harm customer satisfaction, making the search for solutions that
can reduce the negative impacts associated with these strategies an increasing priority for
hotels. Aligning this need with the recent explosion of solutions based on data analysis
through the use of machine learning, the creation of predictive models capable of helping
to identify possible cancellations began to be an investigated solution that shown to have
good potential. With this in mind, the aim of this study was to create and analyze some
predictive models, using a dataset of reservations from a real hotel chain provided by
the Portuguese company Host Hotel Systems, to understand their viability in identifying
booking cancellations.

To create these predictive models, an adaptation of the most popular methodology for
predictive analysis, CRISP-DM, was used, and a process of the dataset was made, in order
to extract the most possible value from it allow the use of various ML algorithms and DL
architectures, comparing and analyzing the results of both methodologies. Although DL
is at the heart of most of the solutions currently being created in the world of artificial
intelligence, its application to tabular data remains questionable and understudied, espe-
cially in predictive analysis, not only in terms of predictive capacity but also in complexity
costs. The results obtained in chapter 4 confirmed the better performance of ML models,
aligning these results with the conclusions obtained in the studies covered in the related
work chapter. Despite these results, the literature review and documentation around
these DL architectures is still underdeveloped, due to their recent appearance, showing
that they still have plenty of room to grow and their use in this study was mainly aimed
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at making them known and contributing to their testing. Among all the models tested,
the model created using the XGBoost algorithm showed the greatest potential to be taken
into a production environment, not only because it was able to achieve good prediction
values but also because it was one of the fastest to be trained and to make its predictions.

The observed results show that in all the models, the inability to reach higher values is
not due to the quality of the predictions that are identified as canceled by them, but rather
to their inability to identify an higher number of cancellations, which means that around
40%/50% of canceled bookings are not identified. The analysis of the models” learning
curves showed that this limitation is not with the models themselves but with the nature
of the problem and the data. In other words, the imbalance between the number of not
canceled and canceled samples in the dataset, making it harder to identify the patterns
of the not canceled bookings, and their own non-predictive component may be the main
reasons why it is not possible to reach higher values.

Training these models also revealed some indicators that can be favorable for the
cancellation prediction, such as the room code, the week of the year in which the reservation
is checked in, and the lead time of the reservation. These variables proved to have a
significant impact on the creation of the models and should be taken into account in future
studies.

Besides the prediction of booking cancellations with ML/DL techniques still being
a not widely studied topic, the results of the research works described in chapter 2 and
the results obtained during this study, suggest a very favorable path for the use of these
models as a solution and encourage further study of them. With this specific study, it was
shown that models can be created using a completely different dataset to the one used
in other studies, increasing confidence in the use of these models to solve the problem

presented.

5.2 Limitations

Since the author of this study is not specialized in the hotel industry, his lack of business
knowledge was felt to be the main limitation throughout the process. Since this is a
fundamental key in creating predictive models, especially in understanding the data,
teedback from people with knowledge of the area proved to be fundamental at various
stages of this dissertation.

From a technical point of view, the method used to cross-validate the data may not
have been the right one. The ideal would be to use nested cross-validation, where the first
split between train/test sets is also dynamic. In this study, cross-validation was only used
within the training set, to create a dynamic validation set for the hyperparameters to be
found but it would also be important to create this dynamic between the training and the
test set split, especially to evaluate different test folds. Although not critical, this detail can
be important in model evaluation, giving greater confidence in its results. Allied to this
factor, the use of only one static test set also weakens the evaluation of the models. Finally,
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the limited documentation surrounding the DL models also made their implementation
difficult, especially in terms of hyperparameters tuning, and they may not be used to their
tull potential.

A final limitation has to do with the application of the model in a more generic context.
This model is trained on the specific data of a hotel chain, with specifications and categories
that are particular to the hotel, so its use will have to be restricted to the hotel chain in
question. Despite this, the creation of these models revealed some insights into booking
cancellations and could serve as an example for models created using data from other

hotel chains.

5.3 Future Work

The development of predictive models using machine learning or deep learning is, in
most cases, a long and continuous process that involves constant learning, not only at a
technical level, but also in terms data understanding. The conclusions drawn from this
study can and should be used to create new models in order to constantly improve the
quality of the models. As already mentioned, it would be very important to find new
features that influence booking cancellations, so that they can be used and tested in the
models, such as the cancellation policy associated to the booking or the type of deposit,
to see if they add any value to it.

Another crucial part of data processing has to do with the method used to encode the
categorical variables. In this study, the techniques used were the ones that made the most
sense to the author, but many others could be tested to try to improve the results or simply
to understand their impact on the models.

Aligned with what has already been said about the DL architectures that have been
used, it would be interesting to try out a few more, such as SAINT [50] or an ensemble
between a DL architecture and an ML model, as suggested in [48]. As the documentation
around these architectures is developed, other options may be considered and tested.

In order to follow the structure of the CRISP-DM methodology, it would be interesting
to deploy one of these models and take it into a production environment in order to study
its behavior when exposed to real time bookings. Deploying a machine learning model
implies a complete study of the requirements it has to maintain itself in a production
environment, not only in terms of prediction but also in terms of building continuous
evaluation and training plans. Another very important aspect is the creation of a pre-
processing pipeline for the inputs that arrive in the system, ensuring that they are fed into

the model in the structure it requires.
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APPENDIX A. HYPERPARAMETERS TUNING

A

HYPERPARAMETERS TUNING

min_samples_leaf

Model Hyperparameter Values
n_estimators [150, 200]
max_depth [10, 15, 20, 25]
min_samples_split | [2, 5, 10]
Random Forest
bootstrap [True, False]
criterion ['gini’, "entropy’, "log_loss’]

[1,2,4]

n_estimators

[50, 100, 150, 200, 250]

depth

12_leaf_reg 66

LightGBM max_depth [2,3,4,5]
learning_rate [0.001,0.01, 0.1, 0.2, 0.3}
n_estimators [25, 50, 100, 150]
AdaBoost
learning_rate [0.01,0.1,0.2,0.3, 1.0]
n_estimators
[100, 200, 150, 200, 250]
max_depth
[2,3,4,5]
learning_rate
XGBoost [0.01,0.1,0.2,0.3]
alpha
[0,0.1,0.2,0.3]
lambda
[[1, 5,10, 20]
min_child_weight
iterations [100, 200, 250, 500, 750]
learning_rate [0.01, 0.1, 0.2]
CatBoost

[21 4/ 6/ 8]

[1,3,5]

Table A.1: Hyperparameters and values for each model.



B.1 Machine Learning Models
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Figure B.1: Confusion Matrixes of Random Forest model.
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Figure B.2: Confusion Matrixes of XGBoost model.
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Figure B.3: Confusion Matrixes of AdaBoost model.
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Figure B.4: Confusion Matrixes of Light GBM model.
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Figure B.5: Confusion Matrixes of CatBoost model.
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B.2. DEEP LEARNING MODELS

B.2 Deep Learning Models
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Figure B.6: Confusion Matrixes of Wide&Deep model.
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Figure B.7: Confusion Matrixes of DeepFM model.

19553

67

1176

1207

Predicted Not Canceled

Predicted Canceled

a) Training Set

Actually Not
Canceled

Actually
Canceled

8370

39

476

406

Predicted Not Canceled

Predicted Canceled

b) Test Set

Figure B.8: Confusion Matrixes of AutoInt model.
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Figure B.9: Confusion Matrixes of TabNet model.

70










	Front Matter
	Cover
	Front Page
	Copyright
	Dedicatory
	Acknowledgements
	Quote
	Abstract
	Resumo
	Contents
	List of Figures
	List of Tables
	Acronyms

	1 Introduction
	1.1 Context and Motivation
	1.2 Objectives
	1.3 Document Organization

	2 State of Art
	2.1 Impact of Booking Cancellations in Revenue Management
	2.2 CRISP-DM: The pipeline for predictive analysis
	2.3 Artificial Intelligence Methodologies
	2.3.1 Machine Learning
	2.3.2 Deep Learning

	2.4 Imbalanced Datasets
	2.4.1 Resampling
	2.4.2 SMOTE
	2.4.3 Threshold-Moving
	2.4.4 Algorithm Selection

	2.5 Evaluation Metrics
	2.5.1 Accuracy
	2.5.2 Confusion Matrix
	2.5.3 Precision
	2.5.4 Recall
	2.5.5 Specificity
	2.5.6 F1 Score
	2.5.7 AUC-ROC Curve

	2.6 Underfitting and Overfitting
	2.6.1 Relation between Bias, Variance, Underfitting and Overfitting
	2.6.2 Techniques to avoid underfitting and overfitting

	2.7 Related Work
	2.7.1 Booking Cancellations Forecast Using Machine Learning
	2.7.2 Machine Learning vs Deep Learning on Tabular Data


	3 Methodology
	3.1 Dataset
	3.2 Data Cleaning
	3.2.1 Removing duplicated and useless samples
	3.2.2 Handling Missing Values
	3.2.3 Handling Outliers
	3.2.4 Syntax and Final Corrections

	3.3 Data Understanding
	3.4 Data Splitting
	3.5 Feature Engineering and Selection
	3.5.1 KMeans Clustering for Room Type
	3.5.2 Encoding Categorical Features
	3.5.3 Feature Selection

	3.6 Addressing Class Imbalance
	3.7 Modelling

	4 Results and Discussion
	4.1 Comparison Between ML And DL Results
	4.2 Analysis of XGBoost model in more depth
	4.3 Resampling Results

	5 Conclusions, Limitations and Future Work
	5.1 Conclusions
	5.2 Limitations
	5.3 Future Work

	Bibliography
	A Hyperparameters Tuning
	B Confusion Matrixes of all models
	B.1 Machine Learning Models
	B.2 Deep Learning Models

	Back Matter
	Back Cover
	sipne


