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Abstract

Recommender systems are tools that interact with complex information spaces
to provide a suggestion of new content based on the interest of the user. They
provide a personalized view of the information, so that the feedback to a user is
personal and individualized. For the matter of the development of a recommender
engine, techniques of artificial intelligence, such as machine learning, neural networks,
deep-learning, data-mining, user-modeling, topic-modeling and constraint satisfac-
tion, among others, are used to give the most reliable recommendation for users.
Personalized recommendations are an important part of many online e-commerce
applications and social-network interactions. They are responsible for a tremendous
increase in the revenue of online companies and the engagement of users in social
network platforms. For this reason, the present thesis provides the development of
a recommender system for the tourism social network Kuriu, to enhance the user
experience on the platform.
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Chapter 1

Introduction

1.1 Research Motivation
Based on the development of different mathematical tools, the process of recom-

mending products to clients, can be done by different approaches. In order to give a
coherent suggestion to a given user of the touristic destination, it is significant to
take in consideration all the previous information of the customer, not only regarding
about his active choice of places, but also how he interacts inside the network.

Looking for the development of a trustful recommender system, an alternative
algorithm is proposed in this document. The goal of the author was the creation of
an engine to support the experience of traveling and to make the decision process of
the platform users easier.

In the following document the research done describes the mentioned engine,
its difficulties, and the mechanism behind it. Also, the particularities of the data
used for the development were mentioned, together with the evaluation parameters
focused on the coherence and the diversity.

1.2 Document Outline
This document is divided into 8 chapters. In the chapter 1 the motivation behind

the development of a tourism recommender engine is exposed.
To afford a good comprehension of the algorithm used and its implications in the

world of online tourism platforms, the next 3 chapters gave a briefly introduction
of the engine behind the algorithm and its real world applications. As follows, in
the chapter 2 the theoretical part of search engines was described, in 3 the different
architectures available and real examples of applications were discussed, and, finally,
in the chapter 4 the algorithms used to extract information from text data.

The practical part is divided in three parts. In the chapter 5 the data used for
developing, training and evaluating the algorithm is described. The algorithm itself
is described in the chapter 6. And the exposition of the results and conclusion are
respectively in the chapters 7.1.3 and 8.
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Chapter 2

Recommender systems

2.1 Preliminaries and Basic Concepts
During the last decades, the development of the internet and the online world

have made the recommender systems one of the biggest impacts in our daily life.
With the rise of the big web services, specially in the area of e-commerce and online
advertisement, the recommender systems are something unavoidable.

Explaining hastily, a recommender system is an algorithm which suggests relevant
items to users. For example, some product, depending on the interests of the user,
some movie, depending on the past movies watched by the user, a new place to visit,
based on the last tickets bought by the user and so on. [18]

In the case of industries, the recommender system is critical, because they can
generate huge income advantage when they are well engined and could be critical
to the competitiveness of the industry in a given market. However, the goal of a
recommender is the same, there are different approaches to the development of one.

Figure 2.1. Different categories of Recommender Systems

So, as the importance of those algorithms is undeniable for the era of online
world, it is necessary, for any online business or social network, to study and develop
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better and more accurate recommender systems, in order to be in evidence on the
online market. [14]

2.2 Collaborative Filtering
Collaborative filtering is a method of recommender system that is based on the

past interactions between users and items in order to produce the recommendation
of new products. [23]

Figure 2.2. Idea of a Collaborative Filtering [18]

Then, the idea of the collaborative filter is that the data, storage in the “user-item
interactions matrix”, is enough to create similar profiles for the users/items and
make predictions based on those estimated similarities.

The class of collaborative filtering algorithms is divided into memory based and
model based approaches. The memory based ones uses the interactions between
users-items, assuming no model for it, and searching for proximity users/items
around a specific user/item target and recommend the most popular items among
those in the proximity. In contrast to the memory based algorithm, the model based
approach, assumes the existence of a model that explains the interaction between user
and item and tries to use this model to predict new recommendations for the users.
The selection of the model creates the different types of model-based algorithms, such
as clusters, deep-learning models, neural-networks, matrix decomposition models
and other types of classification algorithms.

The advantage of collaborative approaches is that they are not data exclusively,
so as they don’t require any specific information about the users of the items they
can be flexible to adjust for numerous situations. Furthermore, the more user-item
interactions, the better it is for the algorithm to give more accurate recommendations
because it gives more margin for the learning process.

As collaborative filters only consider past interactions to make the recommen-
dations, they suffer from a “cold start problem”, where it is hard to recommend
something to a new user, or relate a new item to be recommended for a user, because
they have few interactions to be efficiently handled. To avoid this problem, we have
few techniques that will be discussed further in this thesis.
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Figure 2.3. Different types of Collaborative Filtering [18]

2.2.1 Memory based collaborative approaches
As briefly mentioned before, the memory based approach only use informa-

tion from the user-item interaction matrix, assuming no model to produce new
recommendation.

In the case of the user-user memory based approach, we have that the idea is to
identify users with most similar “profile” in order to suggest items for those similar
users. This method is also known as “user-centered” because it is a nearest neighbors
approach towards users.

In the example of a user-user, the idea is to analyze the interaction matrix and
use some measure of similarity in the rows of the matrix to create the similarity
between all users, after this step a k-nearest-neighbours is used to suggest the most
popular items among the items not seeing already by our reference user. [16]

Figure 2.4. Memory based collaborative filter user-user approach [18]

In this approach, one thing to be considered to avoid problems in the recommen-
dation is the number of interactions of the user, because this could lead to a very
high similarity when the user hasn’t being active enough to be considered as a valid
candidate.

In the case of the item-item memory based approach, the idea of finding similar
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items based on how the users have interacted with them. Important to know that,
for the recommendation system to be a good tool, the interaction of those users
need to be positive to be valid. In this method, the same idea of distances between
similar items is applicable, so we call it “item-centered”.

Assuming a recommendation to a given user in the item-item memory based
method, we first assume the item that the user liked the most and calculate a
similarity metric for all the items in the interaction matrix. Once all the similarities
are calculated, we apply the same k-nearest-neighbours for the given item and
recommend it to the user.

Figure 2.5. Memory based collaborative filter item-item approach [18]

It is important to notice that in this approach is easy to recommend other items
to users by not choosing the favorite one for each user, but instead, choosing another
liking item and follow the calculation using this new one as a reference.

To conclude, in the figure below we can see the bigger differences in the two
different approaches for the n memory based collaborative filters:

Figure 2.6. Differences in memory based collaborative filters [18]
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2.2.2 Model based collaborative approaches
In model based collaborative approaches, the matrix of interactions between

users and items is supposed to be represented by a model, where the prediction of
new items for users can be made by following this hypothetical model. The most
common technique for model based collaborative filtering is to use a factorization of
the interaction matrix in a user-factor matrix and a factor-item matrix that describe
the whole model base on the values of those factors and which it is used for the
recommendations. [27]

As the method itself rely on a hypothetical model, it is clear that the recommen-
dation maybe differ from the “best possible recommendation for a given user”, but
as a model, it is fair enough to give a recommendation close to the best one.

2.3 Content-Based
Unlike collaborative methods, the content based approaches use additional

information about the users/items to create recommendations. It is an approach
assuming a model only the data itself, to create recommendation on the similarity
of other features present in the user interaction with the system or about the user
himself. [1]

Figure 2.7. Idea of Content-Based [18]

The advantage of the content-based algorithm is that it doesn’t suffer for the
“cold start” problem, because the new users/items can be described and classified
by their characteristics (features of the data).

2.3.1 Probabilistic Model
In the case of a content-based recommender system, the prediction can be

obtained by estimating P (A|B)
P (A|B) using the probability distributions based on the Bayes

Rule.
Applying the Bayes Rule:

P (A|B) = P (A)P (B|A)
P (B)
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P (A|B) = P (A)P (B|A)
P (B)

So, we have that:

P (A|B)
P (A|B)

= P (A)P (B|A)
P (A)P (B|A)

Where:
P (A) and P (A) = (1 − P (A)) are the prior-distributions computed using the data.
P (B|A) and P (B|A) are likelihoods assumed to follow Gaussian distributions, with
parameters to be determined also from data.

So, the idea of the probabilistic model is to train a Bayesian classifier in order
to predict items for users. It is important to mention that the parameters to be
estimated depend only on data interaction related to the considered item. [18]

2.3.2 Vector Space Model
The recommender system in the vector space approach is a problem of optimiza-

tion, where a linear regression is done in a user-centered environment.

Xi = arg min
Xi

1
2

∑
i,j∈E

[XiY
T

j − Mi,j ]2 + λ

2 (
∑

k

X2
i,k)

This approach differs from the collaborative filtering because, in the matrix
decomposition, the algorithm needs to learn latent representations for both users
and items, whereas the content-based vector space method builds a model upon
human defined features. [18]

2.4 Hybrid
Both methods, collaborative filtering and contend-based, have their weak points.

So, a good way to approach the development of a recommendation system is to use
a hybrid setup, where both methods are used together to achieve a better result. [8]

There are many approaches when building a hybrid recommendation system,
but the main ones are Weighted, Switching, Mixed, Feature Combination, Feature
Augmentation, Cascade and Meta-Level.

2.4.1 Weighted
In a weighted recommendation system, the goal is to use different models to

interpret the date and do a linear combination of the output of those models,
where the output of the prediction is a combination of the output of the different
methods. [8]

2.4.2 Switching
The switching hybrid model works by introducing an additional layer on the

recommendation model, where it chooses the right model to be applied on the data,
based on the user profile or other features. [8]
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Figure 2.8. Weighted Hybrid Recommendation System [8]

Figure 2.9. Switching Recommendation System [8]

2.4.3 Mixed
The mixed model is a combination between the switching and the weighted model,

where the candidates are separated in different sets first and after are trained in
different approaches, with the final output being a linear combination of the output
from the different methods. This method is able to make many recommendations
simultaneously with a target on performance enhancing. [8]

Figure 2.10. Mixed Recommendation System [8]

2.4.4 Feature Combination
The idea behind the feature combination is to use an auxiliary recommendation

system to produce some features which are propagated into the main recommendation
system, where the final output of the recommendation is produced. [8]
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Figure 2.11. Feature Combination Recommendation System [8]

2.4.5 Feature Augmentation
In the feature augmentation, we have a contributing recommendation model

generating a classification for the user/item profile, which is further used to produce
the final prediction with a main recommender system. The advantage of the feature
augmentation is that it can improve the recommendation model without changing it
structure. [8]

Figure 2.12. Feature Augmentation Recommendation System [8]

2.4.6 Cascade
In practice, cascade models are used to solve some minor issues from the output

of a main recommendation system. For example, the main recommendation sys-
tem produces an output, where it is refined by a second recommendation system,
responsible to deal with some missing data issue. [8]

Figure 2.13. Cascade Recommendation System [8]
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2.4.7 Meta-Level
The meta-level approach is similar to the feature augmentation, but with the

difference on the dataset, because in the meta-level the original dataset is learned by
a contributing model and then is passed to be processed in the main recommendation
system. [8]

2.5 Evaluation of a recommender system
To be able to decide which algorithm fits the best for a given situation, we need

to have some tool to evaluate the performance of the recommendation system. In
the case of the recommender systems, the evaluation can be made by a well-defined
metric or by the human judgement. [18]

2.5.1 Metrics based evaluation
For the example of a recommender system model based, the numeric values

of probabilities can be used inside an error measurement metric in the way that
the model is trained in part of the dataset and tested in the remaining part. In a
classification approach, where some threshold is used to binarize the data, other
measures can also be evaluated, such as accuracy, precision, and the recall in the
output of the model.

Finally, in the case of a memory based collaborative filtering, such as a “user-user”
or an “item-item” interaction, a different metric can be used but also taking in
consideration the k-nearest-neighbours behind the algorithm. The idea is to see how
much an item already associated to a user can be recommended to this user, so in
that case we can have some precision metric for the algorithm.

2.5.2 Human based evaluation
When designing a recommender system, we want it to be also a bit unpredictable

and with a certain explainability of why it is recommending something to the user.
The explainability of a recommender is a key point to the success of the algorithm,

because in the case of a recommendation without the understanding why is it relevant
to a given user would create a loose of confidence of the user in the recommender.
So as an alternative to this phenomenon, it is interesting to support the user with
some feedbacks of why a certain item is recommended to him.

So, as diversity and explainability are intrinsically difficult to evaluate, one good
alternative would be the human evaluation of the recommender. This makes the
evaluation a real time task, where depending on the action of the user to a given
recommendation, the algorithm is self evaluated to improve the algorithm and would
give an on-time feedback of the whole recommendation engine.
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Chapter 3

Commercially Adopted
Recommender Systems

3.1 Deep Learning Based Models
Traditionally, recommender system are based on clustering, KNN and matrix

factorization. However, as the deep learning is showing success in different areas, the
tendency came also for the recommendation systems. In fact, big tech companies such
as YouTube, Amazon, Netflix, TripAdvisor, and others, choose the implementation
of deep learning algorithms in combination with the traditional methods because of
their efficiency. [6]

3.2 TripAdvisor Recommender Systems
TripAdvisor, the largest travelling website nowadays, provides a platform for

billions of users to review, book and search trips and experiences around the world.
Their volume of experiences is around the number of 160000, which leads to a huge
number of information regarding clients.

As the number of available experiences grow rapidly in the platform, it came out
the need to produce personalized recommendations for the users, in order to increase
their satisfaction and provide travelers an easy way to find relevant experiences. The
problem with the amount of information and the personalized recommendation is
that, to process all this information, TripAdvisor needs to use Deep Learning models
in its recommender system. [21]

The deep learning recommender system of TripAdvisor is divided in three major
components: data collection, entity embeddings, and the neural network architecture.

3.2.1 Data Collection
The collection of the data is important for a supervised learning setting, because

it defines the way the model is going to be trained. In the algorithm of TripAdvisor,
the collection of data relies on the interaction of the user with the buttons “check
availability” and “booking”, where different weights are assigned to each one.

So, in the end, the data collection is a full view over the navigation of the user
on the website of TripAdvisor giving different weights for different inputs given by
the user to different experiences.
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3.2.2 Entity Embeddings
The embedding is a popular technique to convert words and phrases into vectors,

which can be processed. It is a technique adopted in recommender system as a form
of learning the representation of items and users.

In the following model, each entity is represented as a 100-dimensional vector
within the same embedding space, containing points of interests and bookable
experiences. First, the embeddings are trained using the “StarSpace” package of
Facebook AI Research on the page view logs. After the pre-training, the embeddings
encoded entities such as location and category information. The pre-trained data is
passed to other downstream tasks (sort orders and landing page recommendations)
in order to be initialized for the consumption of the RFY model. [21]

It is important to notice that, this initialization with pre-trained weights and then
fine-tune of the embeddings gave a better performance to the model in comparison
with a random initialization.

3.2.3 Neural Network Architecture
As represented in the figure below, the RFY model starts with an aggregation of

the user browsing history and taking the weighted average of the 100-dimensional
item embeddings. After we have two fully connected layers with the final softmax
output on 64,000 class probabilities, where each of those represents one experience
that can be recommended. [21]

Figure 3.1. RFY model of Trip Advisor [21]

We use the exponential recency weighted average formula to aggregate the user
browsing history:

xn =
n∑

i=1
wixi

wi = α(1 − α)n−1

The principal assumption of the RFY model is that the most recent browsing
data contributes the most to the prediction of the next action of the user. So, a
simple model is able to enhance the speed of the prediction, compromising the
accuracy for not increasing the number of neurons before the softmax.
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3.3 Airbnb Experience Recommender Systems
Airbnb Experience is a two-sided travel e-commerce platform where users can

host tours or activities and book them as a guest. As recommender systems are
dependent on abundant user listing interactions, the Airbnb has a weak point in
respect of the application of traditional recommender systems approaches, because
it is an emerging business and it is not full of data yet.

Instead of wait for data to be accumulated, the Airbnb Experience works on
listing and estimating the guest preferences with limited data, by extending the
knowledge graph and utilizing location features, such as city-specific concepts, which
enables to better characterize inventories.

Then, collaborative filtering, graphical models, or deep learning methods can then
be applied by using both user-item interaction data and attributes of users. However,
due to the limited amount of user-item interaction data, and the exponential increase
of feature space that can be caused by categorical features, classic learning methods
can be prone to overfitting. [26]

3.4 Amazon Recommender Systems
3.4.1 Amazon: E-commerce

The Amazon recommender system is based on an item-to-item collaborative
filter, where the recommendation algorithm review the visitor’s recent purchase
history and, for each purchase, pulled up a list of related items. The items which
appeared repeatedly across the lists were genuine candidates for a recommendation
for the user, but also the candidates which appeared fewer, would be considered as
a recommendation but with a different weight. [?]

The particularity of the algorithm of Amazon relies on the relatedness metric
used. It is a conditional probability metric where, item B is related to item A if
purchasers of A are more likely to buy B than the average Amazon customer is.
The greater the difference in probability, the greater the items’ relatedness. It is
important to notice that the heavy buyers are not considered for the calculation of
the metric, because of the tendency to introduce bias on the likelihood. [11]

3.4.2 Amazon Prime: Streaming
Amazon, one of the biggest e-commerce platform nowadays, also has a streaming

platform called Prime, which uses a model-based recommender system. As the
recommendation is often modeled as a matrix completion problem, where a big
matrix is writing by a decomposition of a smaller matrix, the Amazon recommender
system uses deep learning in order to solve the problem of matrix completion. [11]

The deep neural network contains a lot of processing nodes, arranged into layers
where the data processed and passed through different layers until reach the final
layer, that output the result of the computation. Once the deep neural network is
ready, it needs to be trained with samples of inputs and outputs, which are responsible
to readjust the settings of the neural network until the average discrepancy between
the top layer output and the desirable output result is minimum. [27]

In the case of prime, the autoencoder is used to calculate the matrix completion
problem. It is a neural network trained to output the same data it takes as input,
with, in-between of the input and output layers, a bottleneck, a layer with relatively
few nodes — in this case, only 100, versus tens of thousands of input and output
nodes. The peculiarity of the model of Prime, is that the autoencoder need to be
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trained correctly, in other words, to be fed with the input data in chronologically
order, because the age of the input film, when used for training, was an important
feature when it comes to a movie recommender. [11]

3.5 Netflix Recommender Systems
Netflix is a subscription service that offers movies, documentaries, and series for

its clients. To help find shows and new movies for the users, Netflix developed a
recommender system able to enhance the variety of interests of the customer of its
services. [15]

When a client accesses the Netflix platform, the recommender system estimates
the likelihood that the user will watch a particular title based on factors as:

• Interactions with the service, such as viewing history and title rating.

• Members with similar tastes and preferences.

• Genre, category, actors, release year and other information about the title.

• Time of the day the user uses the platform.

• The device used to access the platform.

• How long the user interact with the service.

This information is used as input of the algorithm of the recommender system,
but it is also known that Netflix avoid using personal information such as age and
gender as part of its decision-making process.

To avoid the problem of a “cold start”, once a user add a new account to his
subscription, he is asked to choose some titles that may be interesting. This is used
to start the process of recommendation and as long as he uses the platform, the
algorithm gets improved and new titles are suggested, and it creates an environment
of real-time feedback for the recommender. [15]

By the time, the whole architecture of Netflix homepage is configured to adjust
to user preferences so that, every row and category is ranked and personalized to
give the user the best experience of joy in the platform.

3.6 Online and Offline Evaluation Parameters
The key point of a successful recommendation system rely on the choice of

evaluation metric for it. There are three main methods of evaluation: offline
evaluations, online evaluations, and user studies. But for the scope of this project
we will focus on the offline and the online ones. As the evaluation show that results
from offline evaluations sometimes contradict results from online evaluations, we will
further discuss their efficiency and the pros and cons of each of those. [5]

3.6.1 Online Evaluation Parameters
Online evaluations come from online advertisement and e-commerce environment.

Their main focus is to measure the acceptance rates of the recommendations in
real-time, by mostly considering the ration of clicked recommendations (click-through
rate) or ratio of download/bought items. The main idea behind those metrics is
that they have a positive correlation with the user satisfaction. [5]
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The assumption is that when the user interacts with a recommendation item, it
shows that he is satisfied with what was recommended for him and this can be doing
in an online environment where the interaction is captured by real time actions from
the user.

3.6.2 Offline Evaluation Parameters
Offline evaluation measures the accuracy of a recommender based on a ground-

truth. The goal here is to give a measure by the use of metrics such as accuracy,
precision, recall, F-measure, mean reciprocal rank (MRR), normalized discounted
cumulative gain (nDCG), mean absolute error, and root-mean-square error in order
to evaluate aspects such as novelty or serendipity of recommendations. [5]

As the ground-truth plays an important role in the offline evaluation, we have
two types of datasets that can serve as ground-truth:

• “Explicit ground-truths” refers to the situation where the information of how
the users liked certain items is available. So the evaluation relies on the fact
that by taking out some data, the recommend system alone would be able
to predict it and then by comparing the real value with the prediction, the
recommend system is evaluated. [5]

• “Inferred ground-truths” are based on a personal collection of items, where
the recommendation is compared with. The assumption relies on the fact
that the prediction to be valid should be inside the collection, so the more
recommended items are inside the inferred ground-truth collection, the better
is the system. [5]
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Chapter 4

Natural Language Processing

Natural Language processing is a field of Artificial Intelligence and Linguistics,
with the aim of making computers understand the statements or words written or
spoken by humans.

Actually, the approaches to NLP are based on machine learning, where patterns
in natural language data are analyzed, and using them, the algorithm improves the
computer program’s language comprehension. [12]

Nowadays, the NLP is applied in chatbots, smartphones, search engines, bank-
ing, translation and many other business applications. So, because of this widely
application, it is a field in constant development and study.

4.1 Topic Modeling
Topic modeling is an unsupervised artificial intelligence approach that reads

documents, search for words and phrases patterns, and automatically clusters those
terms in a way which best represents the set. It is called an “unsupervised” learning
method because it doesn’t require a preexisting training data categorized by humans.

This method extract needed attributes from a bag of words, because in NLP,
each word in the corpus is treated as a feature. As a result, the feature reductions
allow focusing on the relevant material of the text, rather than waste time sifting
through all the data.

The main point of this method is to give a classification output through an
unsupervised learning atmosphere, where each text is classified in a bucket defined
by the topic created by the method. It is different for a classical supervised learning
classification approach because of the use of transformers, which are responsible for
labeling the elements of the text data before the topic modeling. [24]

4.2 Top2Vec
The algorithm of Top2Vec starts with the use of Doc2Vec to generate a semantic

space, a vector space where the distance among the vector indicates the semantic
similarity between them. [9]

About Doc2Vec, it is a high level modification of Word2Vec, which create
document/sentence/paragraph embedding. Unlike the Word2Vec, the Doc2Vec
incorporates a paragraph vector along with word vectors during training phase and
can be trained in two different ways:
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• Paragraph Vector with Distributed Memory: Given a paragraph vector and
context vector, it predicts target word.

• Distributed Bag of Words: Given a paragraph vector, it predicts the context
words.

Considering those two methods of training for the Doc2Vec, as a matter of
performance enhancing, the model Top2Vec utilizes the Distributed Bag of Words
version of the Doc2Vec method to create the semantic space.

Unlike the LDA algorithm, where topics are sampled from a discrete space, the
semantic space in Top2Vec is a continuous representation of topics consisting of
word and document vectors. Those jointly embedded word and document in the
semantic space are so interpreted as, areas with high concentration of documents can
be thought of having similar topics and can be best represented by nearby embedded
words. [19]

The search for such dense areas in the semantic space face a first problem in the
use of traditional clustering methods because of the high dimensionality of the space.
So, to avoid this issue, first a dimensionality reduction process is applied in the
semantic space, normally using the Uniform Manifold Approximation and Projection
for Dimension Reduction (UMAP), because it is good at preserving local and global
structure, and then, the HDBSCAN algorithm is used for the clustering. [3]

So, after the UMAP and HDBSCAN identify the document dense clusters, Topic
vectors are simply calculated as the centroid of these clusters.

The point of Top2Vec is that, as the document and word vector are jointly
represented in the semantic space, therefore, once the topic is identified, it is easy
to find the nearby word vectors that best represent the topic. So, in the end we
have a word distribution for every topic created, and each of the documents can be
assigned to a topic. [4]

Another important point about the Top2Vec algorithm is that it doesn’t require
the remove of stop words before the application of the algorithm. This happening
because such words may appear in almost all documents, so they will be equidistant
for all topics and shall not appear as nearest words to any topic.

Also, as the algorithm gives a continuous representation for the topics in the
semantic space, this allows the reduction of the number of topics by taking a weighted
arithmetic mean of the topic vector of the smallest topic and its nearest topic vector,
each weighted by their topic size. After each merge, the topic sizes are recalculated
for each topic. [10]

4.3 Recommender Systems with NLP
Recommender systems (RS) have evolved into a fundamental tool for helping

users make informed decisions and choices, especially in the era of big data in which
customers have to make choices from many products and services. A lot of RS
models and techniques have been proposed and most of them have achieved great
success. Among them, the content-based RS and collaborative filtering RS are two
representative ones. Their efficacy has been demonstrated by both research and
industry communities. [13]

The advent of Big Data, makes the recommendation system deal with different
types of data structures. The use of unstructured data, such as text data, creates
difficult in the processing of information to feed a recommender engine. [20]

Because of this issue, the Natural Language Processing is used to, first make
unstructured text data familiar to the machine, and capable to be processed and
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interpreted, so that the recommender can be used to generate recommendations to
the users. So, the overview of the process is, to make the machine able to understand
the unstructured data for, after, be able to use the classical recommender algorithms
to recommend products for users. [22]

4.4 Methods of Evaluation for Topic Modelling
Statistical top modeling is a tool used for analyzing large unstructured text

collections. To date, however, there have not been any specifically addressing on the
evaluation of topic models.

The evaluation of a model is an important issue, because the unsupervised
nature of topic models makes model selection difficult. For some applications, the
performance can be evaluated, but there is not an universal method, that measures
the generalization capability of a topic modeling as a good choice of model. [10]

Many evaluation metrics have been defined to evaluate the effectiveness of
retrieval and search result in diversification systems. However, it is often unclear
which evaluation metric should be used to analyze the performance of retrieval
systems given a specific task. [2]

For the matter of controlling the performance of the model, the coherence of
topics and the diversity are pointed as measurements of good topic modeling. For
this purpose, in the present work the Inverted Rank-Biased Overlap and the Topic
Diversity measures are using to quantify the diversity of the topics, and the Coherence
metrics from Gensim are used to evaluate the coherence of the topics.

Interpretation of the meatrics:

• Topic Diversity: Is defined here as the percentage of unique words in the top
25 words of all topics, where, a diversity close to 0 represents a redundant
topic, and those close to 1 indicate more varied topics. [7]

• IRBO: Is a measure of disjointedness between topics weighted on word rankings,
based on the top-N words. So, as in the Topic Diversity, the higher these
metrics are, the better. [7]

• Coherence: It is a number that represents the overall topic’s interpretability
and is used to assess the topic’s quality. What a Topic Coherence Metric
assesses is how well a topic is ‘supported’ by a text set (called reference corpus).
It uses statistics and probabilities drawn from the reference corpus, especially
focused on the word’s context, to give a coherence score to a topic. [17]

• Hit Rate: In a recommender framework, the hit ration is the fraction of items
for which the correct answer is included in the recommendation list. As one can
see, the bigger the recommendation list, the bigger the ratio becomes, because
of the higher chance that the correct answer is included in the recommendation
list. [25]
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Chapter 5

Datasets

5.1 Easy Tour Dataset
The development of the project was first based on the dataset of Easy Tour.

The data gathered was used as the benchmark for the algorithm structure, and it is
divided in two collections of data:

5.1.1 Easy Tour Reviews
The reviews data contains the writing review of each user to a given attraction.

It is important to know that, in the Easy Tour Dataset, the users, the location, and
the reviews have an ID, which was crucial for the development of the algorithm.

Figure 5.1. Sample of Easy Tour Reviews Data

The data structure represented in the figure 5.1 contains the following columns:

• id:
Identification of the review.

• userId:
Identification of the author of the review.

• title:
Title of the review.

• description:
The corpus of the review.

• tags:
Keywords of the review.
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• categories:
Category of the attraction

• viewCounter:
Counter of the viewers of the review.

• placeId:
Identification of where the attraction took place.

• city:
City of where the attraction took place.

• province:
Province of where the attraction took place.

• region:
Region of where the attraction took place.

• state:
State of where the attraction took place.

5.1.2 Easy Tour Likes
The likes data is the representation of the instantaneous feedback of users to a

given review. In this data, we have significant information about how the users act
inside the network. How they perceive what was written about a certain attraction
and their judgement of the information which it contains.

Figure 5.2. Sample of Easy Tour Likes Data

The likes data have the following columns, described below:

• documentId:
Identification of the review, which was liked.

• authorId:
Identification of the like’s author.
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• type:
The type of reaction given by the user to a review.

• bored, inspire, lol, love, useful, willdoit, wow, yum:
By encoding the “type” of the like, we have a flag in the following categories
to indicate the type of the like.

5.2 Exploration of the Easy Tour Dataset
The review data contains a total number of 5724 reviews, produced by 156 users.

Those quantities give us the ratio 36.7 reviews per user, which is a good ratio.
In fact, if the distribution of reviews was uniform, it would mean that the

engagement of all the users in the platform was very high, but indeed, when the real
numbers are analyzed, we can see that:

User ID Number of Reviews
158 114
435 105
304 73
680 73

From 5724 reviews, 4 users were the authors of 365 of those, which means that
2,56% have written 6,38% of the reviews.

Figure 5.3. Users with the largest reviews done in Easy Tour Dataset

The figure 5.3 shows the distribution of the wrote reviews per user and gives a
clear vision of how it is distributed.

Analyzing the attractions of the dataset, we have, 3167 different experiences,
with the most reviewed ones represented above:
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Place ID Number of Reviews City
ChIJu46S-ZZhLxMROG5lkwZ3D7k 80 Roma
ChIJ6p622Y IOxMRfriMZcxDOtI 48 Napoli

EihWaWEgRG9tZW5pY28gRm9ud. . . 43 Napoli
ChIJrdbSgKZWKhMRAyrH7xd51ZM 24 Firenze

By analyzing those numbers, we can see that 4 attractions, over 3167, were
responsible for 195 reviews. Those numbers, combined, give us the information that
0,12% of the attractions concentrate 3,4% of the reviews, which can be seen as the
most reviewed places and principal touristic destinations.

Another interesting point is that, some attractions maybe are in the same travel
destination. So, as we can see above, 2 of the 4 most reviewed attractions are in
Napoli, which give us an idea of the importance of analyzing not only the ID of
the place, but also directly the city of the experience in order to give a meaningful
recommendation as a travel destiny.

Figure 5.4. Experiences with the largest reviews done in Easy Tour Dataset

In the figure 5.4 it is clearly shown how the reviews are concentrated in few
destinations.

5.3 Trip Advisor Dataset
For the aim of this project, data from the biggest online platform of tourism was

gathered, where the cities of Barcelona, Berlin, London, Madrid, New York, Paris,
and Rome were used.

The data consists of reviews of activities done by users, where each one gives a
rate for the activity, followed by a written description of the review. As in the figure
5.5 we can see a sample of the data collected from Trip Advisor from activities of
the Spanish city, Madrid:
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Figure 5.5. Sample of Trip Advisor Madrid Dataset

The dataset used is a result of a web-scrapping process, where the data collected
is stored in the follow columns:

• userName:
The identification of the author of the given review.

• userUrl:
The link to the author profile.

• reviewDate:
The date of the publication of the review.

• usertext:
The written review done by the user.

• review:
The review grade of the experience according to user.

• host_id:
The identifier index of the experience.

• review_id:
The identifier index of the review done by user.

• usertext_processed:
The written review done by the user, processed and tokenized for the input
model.

The data set has the same structure mentioned above in all the cities used in
our analysis.

5.4 Exploration of the Trip Advisor Dataset
According to each city of the dataset, the distribution of reviews per user is

different, so as the distribution of reviews per experience. This main aspect of the
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data is given by differences in the touristic points visited, because as noticed, each
city has a different number of reviews and users who were in a given city.

So, because of those discrepancies, the dataset was chucked in different cities
and explored. The investigated points were the total number of reviews, the total
number of active users who wrote a review about an experience, the best experiences
based on the reviews score and the most engaged users in the platform in respect to
a specific city.

5.4.1 Berlin
Here in the figure 5.6 we can see a sample of the dataset of the city, which is

further analyzed below:

Figure 5.6. Sample of Trip Advisor Berlin Dataset

The dataset scrapped consists of reviews from the year of 2018 until 2022, which
shows that Berlin is a very active touristic destiny. Counting with a number of 226
experiences analyzed in the data set, we can see that 12696 users were responsible
for making 14985 reviews for those 226 experiences, which gives a number of 1,18
reviews per user and 66,3 reviews per experience.

The figure 5.7a represents the best experiences in the platform Trip Advisor for
the city of Berlin. As we can see below, the experiences are identified by an ID
number and with the correspondent score given by all the users who put a review
on that experience.

The most scored experiences in Berlin are identified by the IDs "PYYAMK3VL8S2",
"6JLWNJY163T5", "0INHHS8PLHKF" and "D36EQV2EFZNV". And the number of
reviews and scores can be identified in the table:

Experience ID Number of Reviews Total Score
PYYAMK3VL8S2 2695 13322.0
6JLWNJY163T5 1605 7903.0
0INHHS8PLHKF 1257 6239.0
D36EQV2EFZNV 1089 5339.0

Also, another important point to be analyzed is the number of reviews per user
in the figure 5.7b, where we can see the engagement of the users in the platform.

UserName Number of Reviews
Paul B 12

Chris M 11
David S 10
Sarah 10

We can see that, for the city of Berlin, the top 4 users with the bigger engagement
are responsible for 0,29% of the reviews, where those are: Paul B, Chris M, David S
and Sarah.
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(a) Experiences with best scores in Trip Advisor
Berlin Dataset

(b) Users with the largest reviews done in Trip
Advisor Berlin Dataset

Figure 5.7. Exploration of Berlin Dataset

5.4.2 Paris
The dataset of Paris consists of reviews from the year of 2015 until 2022. It is

composed by a number of 858 experiences, and we can see that 28680 users were
responsible for making 38707 reviews, which gives a number of 1,35 reviews per user
and 45,2 reviews per experience.

Figure 5.8. Sample of Trip Advisor Paris Dataset

The figure 5.9a represents the best experiences in the platform Trip Advi-
sor for the city of Paris. The most scored experiences in Paris are identified
by the IDs “5K5DN6T7M325”, “WUQFSLYETLP4”, “QCSY4XLD9UPL” and
“FWI0TXOAB266”. And the number of reviews and scores can be seen in the table
below:

Experience ID Number of Reviews Total Score
5K5DN6T7M325 1495 7102.0

WUQFSLYETLP4 1400 5528.0
QCSY4XLD9UPL 1250 5504.0
FWI0TXOAB266 1104 4949.0

Another point to be analyzed is the number of reviews per user in the figure
5.9b, where we can see the engagement of the users in the platform.

UserName Number of Reviews
John B 27
John H 26
Chris 24

Michael 23



5.4 Exploration of the Trip Advisor Dataset 26

(a) Experiences with best scores in Trip Advisor
Paris Dataset

(b) Users with the largest reviews done in Trip
Advisor Paris Dataset

Figure 5.9. Exploration of Paris Dataset

We can see the top 4 users with the bigger engagement are responsible for 0,26%
of the reviews, where those are: John B, John H, Chris and Michael.

5.4.3 Rome
The dataset of Rome has reviews from the year of 2015 until 2022. It contains a

number of 1612 experiences, reviewed by 46178 users with a total of 68336 reviews,
which gives a number of 1,48 reviews per user and 42,4 reviews per experience.

Figure 5.10. Sample of Trip Advisor Rome Dataset

In the figure 5.11a is represented the best experiences in the platform for the
city of Rome.

The most scored experiences are identified by the IDs “8HQBUGOSDRM1”,
“8IGPDD5DZ8ZK”, “8OYSHOFY9RI8” and “H95ALZTRQZHX”. And the number
of reviews and scores can be seen in the table below:

Experience ID Number of Reviews Total Score
8HQBUGOSDRM1 2799 12844.0
8IGPDD5DZ8ZK 2060 9336.0
8OYSHOFY9RI8 1518 7227.0
H95ALZTRQZHX 1130 5617.0

Another point, is the number of reviews per user in the figure 5.11b, where we
can see the engagement of the users in the platform.
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(a) Experiences with best scores in Trip Advisor
Rome Dataset

(b) Users with the largest reviews done in Trip
Advisor Rome Dataset

Figure 5.11. Exploration of Rome Dataset

UserName Number of Reviews
Michael S 44

Sarah 41
David S 39
David M 36

We can see the top 4 users with the bigger engagement are responsible for 0,23%
of the reviews, where those are: Michael S, Sarah, David S and David M.

5.4.4 New York
The New York dataset has reviews from the year of 2015 until 2022, and it

contains a number of 660 experiences, reviewed by 34521 users with a total of
47281 reviews, which gives a number of 1,37 reviews per user and 71,6 reviews per
experience.

Figure 5.12. Sample of Trip Advisor New York Dataset

In 5.13a is represented the best experiences for the city of New York, where the
most scored experiences are “CVLR4TQ7VSPU”, “IN4UFAHBA8DS”, “X8EZ6U4YZ3U8”
and “95566JR2SCLB”:

Experience ID Number of Reviews Total Score
CVLR4TQ7VSPU 2553 12436.0
IN4UFAHBA8DS 2494 12006.0
X8EZ6U4YZ3U8 1826 9007.0
95566JR2SCLB 1742 8346.0
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(a) Experiences with best scores in Trip Advisor
New York Dataset

(b) Users with the largest reviews done in Trip
Advisor New York Dataset

Figure 5.13. Exploration of New York Dataset

The number of reviews per user in the figure 5.13b gives an idea of the engagement
of the users, and we can see the top 4, which are responsible for 0,21% of total
reviews.

UserName Number of Reviews
David 30

Michael B 26
Chris 22
Lisa 20

5.4.5 Barcelona
The Barcelona dataset has reviews from the year of 2009 until 2022, and it

contains a number of 696 experiences, reviewed by 26981 users with a total of
35239 reviews, which gives a number of 1,31 reviews per user and 50,6 reviews per
experience.

Figure 5.14. Sample of Trip Advisor Barcelona Dataset

In 5.15a is represented the best experiences for the city of Barcelona, and in the
figure 5.15b we have the engagement of the users.

Experience ID Number of Reviews Total Score
Y103WS14SY8G 1774 8427.0
7B5O1Q9N3EPD 1480 7366.0
X1YHXQYNM87J 1355 6594.0

LTWW76WTE9XH 1108 5434.0



5.4 Exploration of the Trip Advisor Dataset 29

(a) Experiences with best scores in Trip Advisor
Barcelona Dataset

(b) Users with the largest reviews done in Trip
Advisor Barcelona Dataset

Figure 5.15. Exploration of Barcelona Dataset

Below, we can see that the top 4 users are responsible for 0,23% of total reviews.

UserName Number of Reviews
Chris 29

David C 19
Laura 18

David B 16

5.4.6 London

Figure 5.16. Sample of Trip Advisor London Dataset

London has reviews from the year of 2013 until 2022. It contains 920 experiences,
reviewed by 47054 users with a total of 66141 reviews, which gives a number of 1,40
reviews per user and 71,9 reviews per experience.

Experience ID Number of Reviews Total Score
TWYWIEMR4CGH 5667 21923.0
DCRJD8TRZH2B 2540 12036.0
YL34KCW9VBAK 2165 10758.0
31DWLTN87VO1 1806 8992.0

In 5.17a is represented the best experiences and in the figure 5.17b we have the
engagement of the users, where the top 4 users are responsible for 0,22% of total
reviews.
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(a) Experiences with best scores in Trip Advisor
London Dataset

(b) Users with the largest reviews done in Trip
Advisor London Dataset

Figure 5.17. Exploration of London Dataset

UserName Number of Reviews
Sarah 40

David B 38
David S 35

John 34

5.4.7 Madrid

Figure 5.18. Sample of Trip Advisor Madrid Dataset

Madrid has reviews from the year of 2014 until 2022 with a total of 361 experiences
reviewed 15165 times by 12606 users, which gives a number of 1,20 reviews per user
and 42,0 reviews per experience.

Experience ID Number of Reviews Total Score
TZ917HUF8HP1 903 4330.0
XYF21MJK6I92 742 3532.0

5P6YOPJRGXX6 629 3065.0
BL0BFMAJVCCB 617 2814.0

In 5.19a is represented the best experiences and in the figure 5.19b we have the
engagement of the users, where the top 4 users are responsible for 0,29% of total
reviews.
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(a) Experiences with best scores in Trip Advisor
Madrid Dataset

(b) Users with the largest reviews done in Trip
Advisor Madrid Dataset

Figure 5.19. Exploration of Madrid Dataset

UserName Number of Reviews
David 13

David M 12
Karen B 10
John M 9
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Chapter 6

Hybrid Recommendation
System: The Top G Algorithm

As the algorithm responsible for the recommendation is a hybrid recommender
engine, which means it is composed by a model based approach, followed by a
memory based one.

6.1 Part I: Model Based
For the first part of the algorithm, the python library Top2Vec [4] was used.

The benefits of its usage were the automatic finding of the number of topics, no
requirements for a stop-word list, no need for stemming or lemmatization, and the
presence of built-in functions which helped with the search for documents, topics,
and word vectors.

The primary assumption made by the Top2Vec algorithm is that semantic
similar documents indicates an underlying topic, so the first step lies to create
joint embedding of documents and word vectors using Doc2Vec, Universal Sentence
Encoder or BERT Sentence Transformer. 6.1

Once the documents and words are embedded in the vector space with lower
dimensionality, with the help of the method UMAP, represented in the figure ??, the
algorithm finds dense clusters of documents and identify which words make those
documents clustered together. 6.3.

After the analysis is done by searching for the dense areas in the vector space
with the method HDBSCAN, each dense area calculates their centroid of document
vectors in original dimension and then define it as the topic vector 6.4.

Once the topic vectors are calculated, the search turned to find the n-closest word
vectors to the resulting topic vector and the words that attracted the documents
together inside a topic are called the topic words. 6.5.

The idea behind the Top2Vec approach applied to the touristic review dataset is
that, authors of similar reviews tend to have similar opinion about visited places. So,
the first point is to create topics in order to identify hubs of common users, based
on their opinion.

The usage of the reviews to train the embedding model and creating the topics,
is different from creating them using the users, as a sort of pre-defined profile for
each user. The idea behind the Top2Vec is to group reviews based on context of the
written content, which means that, one user can be assigned to different topics at
the same time, and it would give a different spectrum of the user activity on the
social network.
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Figure 6.1. Embedded Document and Word Vectors [4]

Figure 6.2. Document Vectors in High Dimensional Space [4]
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Figure 6.3. Dense Areas of Documents with HDBSCAN [4]

Figure 6.4. Calculating the Topic Vector [4]

The fact that a user can belong to different hubs at the same time creates the
possibility of a way bigger list of recommendations and avoid part of the cluster
specificity problem.6.6
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Figure 6.5. Getting the Topic Words [4]

After the creation of the topics, an auxiliary structure for the identification of
the relationship between user, places, and reviews is defined by the following code
6.7.

Once the auxiliary structures are ready, the algorithm 6.8 identify internal hubs
of recommendation for each topic and assign them to the users inside the topics,
taking in consideration two rules:

• The user shouldn’t have reviewed the following recommended place.

• The same place couldn’t be recommended twice for the same user inside the
cluster.

By the end of the topics processed by the algorithm, the recommendation from
different topics are collected based on each user, and the partial recommendation
list is created.

6.2 Part II: Memory Based
If the algorithm counted only on the model based approach, the tendency would

be that, by the time, the topics wouldn’t have a big variety and the recommendation
list of the users would take a long time to be significantly updated with new
destinations.

To introduce of some randomness in the algorithm, we use the “Likes dataset” 5
to extract some insights from the interests of the user.

Before feed the dataset into the algorithm, the likes are encoded into different
categories. The idea is to pre-process the reaction of the users into different groups, so
the interaction can be filtered into positive and negative one. This step, represented
in 6.10 is crucial to give a trustful recommendation.
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Figure 6.6. User Distribution Over Topics

The idea is that, each user have his own hub based on what he had interact
with. Once those hubs are done for each user, a filter is applied, to keep only the
positive reactions towards reviews, in order to take into consideration only the good
feedbacks. 6.11

The result of this memory based algorithm is a list of destinations positively
evaluated by the user based on the description of different users of the network.
Once the new partial recommendation list is done, another filter is applied to filter
possible duplicates.
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Figure 6.7. Auxiliary Dictionaries of the Dataset

6.3 Part III: Hybrid Weighted Configuration
To obtain the final recommendation for each user, the model based recommenda-

tion list and the memory based recommendation list are combined in a weighted
configuration, as mentioned in the chapter 7.1.3.

For a matter of practicality, the linear combination is done with a unitary angular
coefficient and the combined results are again filtered to avoid the occurrence of
duplicated values on the recommendation list for each user. 6.12 Finally, the
recommendation given to a user is sorted from his own recommendation list.
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Figure 6.8. Model Based Recommendation Algorithm

In case of further interactions inside the network, or new users, the algorithm will
update the already existent model taking in consideration the chronology of the data.
The reason behind this is because, as noticed in the development of the recommender
system of Netflix [15], the time of the data is important for the recommendation,
but not because of the destination itself, but because of the tendencies of market
and the taste of users, which are biased by season and year.
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Figure 6.9. Likes Dataset

Figure 6.10. Category Encoding
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Figure 6.11. Memory Based Algorithm
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Figure 6.12. Hybrid Recommendation List
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Chapter 7

Results

7.1 Methodology
7.1.1 Data Collection

We collected data from two sources: the Easy Tour platform, where written
reviews from attractions and likes (clickstream data) were collected based on users
interactions, and the Trip Advisor platform, where only the user written reviews
were available.

For the Easy Tour Dataset, as described in the section 5, 5724 reviews and 2541
clickstream data were collected. In other hand, in the Trip Advisor Dataset we have
a total of 7 different data from the cities of Paris, Rome, Madrid, New York, Berlin,
London, and Barcelona, counting a total of 285854 reviews.

7.1.2 Qualitative Analysis
By the result of exploring the different datasets, we attain to develop a qualitative

analysis by evaluating the behavior of the recommendation system in the 4 most
engaged users in the datasets, so we can see the performance of the algorithm by
calculating the Hit Rate for those users.

Using the most engaged users from the dataset for evaluating the recommender
system algorithm can provide valuable insights into the quality of recommendations.
Engaged users are those who have actively participated in social interactions and
have left reviews and ratings about their travel experiences. These users are likely
to be more representative of the average user behavior and preferences and can help
to evaluate the effectiveness of the recommendation system algorithm in providing
relevant and personalized recommendations.

By selecting the four most engaged users from the dataset, we are essentially
selecting a sample that is likely to represent the most active and opinionated
users. This can help you identify potential biases in the algorithm and evaluate its
effectiveness in providing recommendations that cater to the diverse preferences and
interests of different users.

Qualitative analysis of the interactions and reviews from these four users can
help you identify patterns in their behavior and preferences. This can help in
understanding whether the recommendation system algorithm is effectively capturing
the different factors that influence user preferences, such as the content written in
the reviews or the content of the reviews which they interact with.

Furthermore, by comparing the recommendations provided by the algorithm to
the actual behavior and preferences of these four users, we can assess the accuracy
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and relevance of those recommendations. This can help in identifying areas for
improvement and fine-tune the algorithm to better serve the needs and preferences
of the users.

7.1.3 Quantitative Analysis
As we are using a Hybrid approach in the Easy Tour Dataset and, because of

the lack of clickstream data for the Trip Advisor Dataset, we use a Model Based
approach. In order to evaluate the performance of the algorithm, we use several
metrics to evaluate the effectiveness of our recommendation system based on internal
topic metrics, such as the topic diversity, coherence and IRBO and external topic
metric, the Hit Rate.

Topic Diversity:

Figure 7.1. Topic Diversity Code

Topic diversity is a metric that measures the extent to which a recommendation
system suggests products from a wide range of topics. We calculated topic diversity
by dividing the number of unique recommended products in the topic modeling algo-
rithm by the total number of recommended products, 7.1. A higher topic diversity
score indicates that the recommendation system is suggesting products from a wide
range of topics.
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Coherence:

Figure 7.2. Coherence Code

Coherence is a metric that measures the extent to which the recommended
products are related to each other. We calculated coherence by analyzing the
similarity between the recommended products based on their attributes, for our
particular case, the description of reviews written by the users. A higher coherence
score indicates that the recommended products are more closely related to each other.

IRBO:

Figure 7.3. IRBO Code

IRBO (Item Recommendation-Based Optimization) is a metric that evaluates the
effectiveness of a recommendation system based on the proportion of recommended
items that are actually selected by users. We calculated IRBO by dividing the
number of recommended products that were clicked on or highly rated by the user
by the total number of recommended products. A higher IRBO score indicates that
the recommendation system is suggesting products that are more relevant to users.
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Hit Rate:

Figure 7.4. Hit Rate Code

Hit Rate measures the proportion of recommended products that are effectively
recommended to a user. We calculated Hit Rate by dividing the number of recom-
mended products presented in the trained algorithm with part of the data by the
total number of recommended products with all the data applied to the training for
the algorithm. Using this metric, we can test how robust is the recommendation
algorithm according to the size of the sample data used to train it.

By using these metrics in our analysis, we were able to gain a sympathetic
understanding of the effectiveness of our recommendation system. Specifically, we
evaluated the system based on its ability to suggest products from a wide range of
topics, the coherence of its recommendations, its ability to suggest products that
were actually relevant to users, and the proportion of recommended products that
were clicked on or highly rated by the user.

7.2 Qualitative Results
The evaluation metrics for the models were calculated in two different environ-

ments: the first one with 100% of data and the second with 80%. The idea was to
observe the behavior of the model in respect to the size of the data used to train and
in a successive step, evaluate the recommendation of the whole dataset, using the
Hit Rate measure. The Hit Rate analysis, calculated with 25 recommendations per
user, was done also to compare the model based approach algorithm to the hybrid
approach in the case of the Easy Tour Dataset and Trip Advisor Dataset.

7.3 Qualitative Results
In order to provide a qualitative result of the algorithm, the top users, mentioned

in the section 5, of each dataset were analyzed and evaluated using the Hit Rate.
The goal of this analysis was to identify how robust the algorithm is to give recom-
mendations based on 80% of the total data. Also, it is important to mention that
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Dataset - 100% of Data Number of Topics Topic Diversity Coherence IRBO
Berlin 106 0.262 0.446 0.974
Barcelona 278 0.212 0.484 0.987
Madrid 109 0.249 0.466 0.968
London 527 0.188 0.493 0.992
Paris 291 0.223 0.497 0.987
Rome 560 0.177 0.497 0.993
New York 376 0.198 0.470 0.990
Easy Tour Model 51 0.752 0.475 0.995
Easy Tour Hybrid 51 0.752 0.475 0.995

Table 7.1. Results of model evaluation metrics with 100% of Data

Table 7.2. Results of model evaluation metrics with 80% of Data

Dataset - 80% of Data Number of Topics Topic Diversity Coherence IRBO
Berlin 77 0.284 0.436 0.972
Barcelona 209 0.2395 0.500 0.985
Madrid 81 0.283 0.472 0.967
London 430 0.193 0.502 0.991
Paris 223 0.233 0.495 0.984
Rome 463 0.182 0.508 0.992
New York 295 0.209 0.468 0.988
Easy Tour Model 34 0.791 0.459 0.994
Easy Tour Memory 34 0.791 0.459 0.994
Easy Tour Hybrid 34 0.791 0.459 0.994

Table 7.3. Hit Rate Comparison

Dataset Hit Rate Model Based Hit Rate Memory Based Hit Rate Hybrid
Berlin 0.531 0.768 0.645
Barcelona 0.432 0.759 0.619
Madrid 0.487 0.742 0.589
Rome 0.383 0.730 0.588
Paris 0.431 0.743 0.609
London 0.401 0.784 0.660
New York 0.429 0.763 0.644

all Hit Rates were calculated using the number of 25 recommendations per user.
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Figure 7.5. Results of model evaluation metrics

Figure 7.6. Hit Rate results for different recommendation system engines in different
datasets
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Figure 7.7. Hit Rate of the 4 most engaged users of the Trip Advisor Barcelona Dataset
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Figure 7.8. Hit Rate of the 4 most engaged users of the Trip Advisor Berlin Dataset
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Figure 7.9. Hit Rate of the 4 most engaged users of the Trip Advisor Madrid Dataset
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Figure 7.10. Hit Rate of the 4 most engaged users of the Trip Advisor Paris Dataset
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Figure 7.11. Hit Rate of the 4 most engaged users of the Trip Advisor Rome Dataset
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Figure 7.12. Hit Rate of the 4 most engaged users of the Trip Advisor London Dataset
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Figure 7.13. Hit Rate of the 4 most engaged users of the Trip Advisor New York Dataset
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Figure 7.14. Hit Rate of the 4 most engaged users of the Easy Tour Dataset in Model
Based Approach
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Figure 7.15. Hit Rate of the 4 most engaged users of the Easy Tour Dataset in Hybrid
Approach



57

Chapter 8

Conclusions

The main purpose of the thesis is to demonstrate that recommender systems are
an important tool to be implemented in tourism digital platforms. In the network
reality of millions of destinations, the use of a recommender engine can improve its
customer’s digital experience, making it personalized. By doing so, the probability
of buying a product or visiting a specific place shown by the platform would increase,
and the users would be even more hooked in the social network platform.

The results obtained by the proposed algorithm were evaluated in both datasets
and, analyzing the metrics, it was observed that the overall Hit Rate was higher in
the hybrid approach when compared to the model based approach when applied
in the same dataset. The result was 4.7% better and when confronted with the
singular Hit Rate of the most engaged users of the Dataset, the surprise was that
the individual Hit Rate was higher in the pure model based approach.

Despite the fact that for some Datasets, the memory based approach had a greater
Hit Rate, the results for the recommendation were given by a naive recommendation
approach, which leads to recommend the obvious. So, even though the result was
expected for the Trip Advisor Dataset, the same phenomenon was not seen in the
Easy Tour. The reason behind this was because of the nature of the data and how
it was distributed.

As mentioned in the section 3, the quality of the recommendation depends on
the quantity of data generated by the user, which means that, a user, with a poor
interaction in the network, won’t have an accurate recommendation in the beginning
of the use of the platform. In fact, by analyzing the dichotomy of the results
(overall and individual for the Easy Tour Dataset), we can conclude that the hybrid
approach, by adding the memory based component based on the user interactions
in the network, was able to give a better contribution for the recommendation of
the users with fewer reviews written, and consequently made the quality of the
recommendation higher for the whole set of users.

When training the model with a reduced data, the algorithm tended to perform
poorly. In the case of the evaluation metrics, the observed results were that,
for smaller datasets, as the Easy Tour, the model generated fewer topics, and
consequently a higher Topic Diversity rate. But, in the other hand, the bigger
datasets haven’t the advantage of a bigger cohesion or IRBO. The results shown
that the cohesion and the IRBO were kept, independent of the dataset analyzed and
the Hit Rate for both datasets, Trip Advisor and Easy Tour were quite similar for
the pure model based approach.
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