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Abstract

The travel recommendation system leverages technologies like machine learning, artificial in-
telligence, and big data analysis to understand user behavior and predict preferences, enabling
personalized and effective travel suggestions. This system enhances traveler experiences by
providing tailored recommendations, saving time in finding suitable destinations and activi-
ties, and raising awareness of new tourist spots. Developing such a system poses technical and
strategic challenges but offers significant opportunities to improve traveler satisfaction.

A dedicated travel web application has been developed based on these recommendation and
machine learning techniques. It allows users to discover major tourist attractions, access infor-
mation about hotels and restaurants, and book various trips by connecting with travel agencies.
The application also supports personal advertisements, expanding user choices when search-
ing. Its key feature is recommending numerous tourist destinations based on user preferences,
including details like city, price, cost, and time. Additionally, it offers quick search options for
various user-required facilities.

key words : Machine Learning , Recommendation System , Travel , Tourist, Web Application
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General Introduction

0.1 context

In the contemporary digital age, the travel industry is undergoing a profound transformation fu-
eled by advancements in technology. One of the most significant developments in this domain
is the emergence of travel recommendation systems powered by machine learning. These sys-
tems are designed to assist travelers in making informed decisions about their trips by providing
personalized suggestions tailored to their preferences and behaviors. [7]

A travel recommendation system leverages machine learning algorithms to analyze vast amounts
of data from various sources such as user reviews, social media, booking history, and demo-
graphic information. By processing this data, the system can identify patterns and trends, en-
abling it to predict and recommend destinations, accommodations, activities, and itineraries that
align with the user’s interests and requirements.

Machine learning, a subset of artificial intelligence, plays a pivotal role in enhancing the accu-
racy and relevance of travel recommendations. Key techniques used in these systems include
collaborative filtering, which makes recommendations by analyzing the preferences of similar
users, and content-based filtering, which suggests travel options based on the specific attributes
of items a user has shown interest in previously. Additionally, natural language processing
(NLP) is employed to analyze user-generated content such as reviews and social media posts,
while deep learning models capture complex patterns and relationships in diverse data types.
Context-aware recommendations further enhance relevance by incorporating information such
as the user’s current location, time of travel, weather conditions, and travel companions.

The benefits of machine learning-based travel recommendation systems are manifold. These
algorithms offer highly personalized travel suggestions, enhancing user satisfaction by catering
to individual preferences and needs. They save time for travelers by filtering out irrelevant
options, simplifying the decision-making process, and continuously improving through learning
from user interactions. Moreover, by analyzing trends and patterns in travel data, these systems
provide valuable insights to travel agencies and service providers, enabling them to tailor their
offerings more effectively.

Machine learning-based travel recommendation systems are revolutionizing the way people
plan and experience their travels. By harnessing the power of advanced algorithms and vast
datasets, these systems provide personalized, efficient, and insightful recommendations, paving
the way for more enjoyable and memorable travel experiences.

12



0.2 Problematic

Tourists face many problems related to the ideal tourist place that matvhes his oreferences desti-
nations and prices. One of the most prominent of these problems is not knowing the ideal tourist
places, as most of the offers that are proposed are according to the desires of travel agencies,
i.e. they give them a limited scope of choice. The high costs of travel make it difficult for many
people to travel to their favorite destinations. Also, many tourists want to go to new places and
explore new areas, but they do not have enough information

0.3 Objectives and solution

The goal of my project, a machine learning-based travel recommendation system, is to create
an efficient and user-friendly web application and platform that helps travelers make informed
decisions about their travel. By leveraging advanced machine learning algorithms, the system
aims to analyze massive amounts of data from various sources, such as user reviews, to identify
patterns and trends. This analysis will enable the system to predict and recommend destinations,
accommodations, activities, and travel itineraries that match the preferences and requirements of
the individual user. The ultimate goal is to improve the travel planning experience by providing
personalized recommendations that save time, increase satisfaction, and ensure a memorable
and enjoyable trip for each user. This can be explained in the following points:

* Knowing customers’ desires and budgets through evaluation
» Knowing the best tourist destinations
* Providing tourism offers that are most closely related to customers’ desires

* Trying to know prices and improve them according to each customer’s budget

13



Recommendation System

1.1 Introduction

The evolution of recommender systems technology has been greatly influenced by the increas-
ing significance of the Web as a platform for electronic and business transactions. A key driver
in this evolution is the seamless feedback mechanism facilitated by the Web, allowing users
to express their preferences easily. Take, for instance, the scenario of a content provider like
Netflix, where users can effortlessly provide feedback through simple clicks. Typically, feed-
back is given through ratings, where users assign numerical values from a specific evaluation
system (e.g., a five-star rating system) to indicate their preferences. Other forms of feedback,
though less explicit, are equally valuable in the Web-centric environment. For example, a user’s
purchase or browsing activity can serve as an implicit endorsement for an item. Online retail-
ers like Amazon.com commonly leverage such feedback, making data collection effortless for
customers.

Recommender systems aim to utilize these diverse data sources to infer customer interests.
The recipient of the recommendation, known as the user, and the recommended product, re-
ferred to as an item, form the basis of recommendation analysis. This analysis often relies
on past interactions between users and items, as previous preferences are indicative of future
choices. Knowledge-based recommender systems, however, offer recommendations based on
user-specified requirements rather than historical data.

The fundamental principle underlying recommendation algorithms is the existence of signifi-
cant relationships between user and item interactions. For instance, a user interested in historical
documentaries is more likely to prefer similar content over unrelated genres like action movies.
By identifying correlations between different item categories or individual items, recommender
systems can make more accurate suggestions. These dependencies are learned from the ratings
matrix in a data-driven approach, enabling predictions for target users.

The effectiveness of recommendation algorithms is enhanced by the availability of a larger
number of rated items for a user, enabling more reliable predictions about their future behavior.

14



CHAPTER 1. RECOMMENDATION SYSTEM

Various learning models, such as collaborative filtering, leverage collective user behavior to
create cohorts of similar users interested in comparable products. These cohorts’ preferences
guide recommendations for individual members, illustrating the concept of neighborhood mod-
els within the broader class of collaborative filtering models.

While the description above focuses on a basic family of recommendation algorithms, known as
neighborhood models, the realm of recommender systems encompasses diverse and data-rich
approaches. Content-based recommender systems, for instance, prioritize item attributes and
user ratings to predict preferences. By modeling user interests based on item properties, these
systems offer personalized recommendations tailored to individual preferences [8].

The rapid expansion of digital information and internet users has led to a significant challenge of
information overload, impeding timely access to relevant content online. While search engines
like Google, DevilFinder, and Altavista have partially addressed this issue, the lack of priori-
tization and personalization in information retrieval systems has fueled a growing demand for
recommender systems. These systems act as information filters, tackling information overload
by extracting crucial data fragments from vast dynamically generated content based on user
preferences, interests, or observed behaviors regarding items. By leveraging user profiles, rec-
ommender systems can predict user preferences accurately.

Recommender systems offer benefits to both service providers and users by reducing transaction
costs in online shopping environments and enhancing decision-making processes and quality.
Particularly in e-commerce settings, these systems boost revenues by effectively promoting
more products to users. In scientific libraries, recommender systems empower users to explore
beyond traditional catalog searches. Therefore, the importance of employing efficient and pre-
cise recommendation techniques within a system that delivers relevant and reliable recommen-
dations for users cannot be overstated. [9]. Recommender systems aim to predict preferences or
ratings using content-based filtering, collaborative filtering, or knowledge-based recommender
system. Content-based recommender systems work on the concept of item features and user
likes based on past history. Collaborative recommendation systems work on the concept of
modifying information based on ratings from similar users. A knowledge-based recommen-
dation system works on the concept of users’ preferences and needs to recommend results. A
hybrid method is a combination of two or more methods together depending on the complexity
of the problem. This paper looks more closely at travel recommendation systems, why they are
needed, the pros and cons of current travel recommendation systems, and a new approach to
overcoming the pros and cons of the current travel recommendation system. Travel and tourism
are activities closely linked to the traveler’s personal preferences and interests. Today, many trip
advisory web applications infuse recommender systems. This recommendation system creates
or imitates the interaction between human travel agents [10].

15



CHAPTER 1. RECOMMENDATION SYSTEM

1.2 Definition

A recommender system, as defined by Bobadilla et al. (2013), is a collection of programs de-
signed to suggest the most relevant items to specific users by predicting their interest in an
item based on information about the items, users, and interactions between them. On the other
hand, a recommendation system is an Al-driven technology that leverages machine learning
and data analysis to offer personalized recommendations to users based on their behavior, pref-
erences, and past interactions. These systems find extensive application across industries like
e-commerce, media, entertainment, travel, and gaming to boost user engagement, drive sales,
and enhance customer satisfaction. Users of these systems can range from individuals to busi-
The items

nesses seeking various items like books, job opportunities, or business partners.

recommended can be products or services such as books, movies, or mobile service packages.

as shown in Fig. 1.1. [1].
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Figure 1.1: A graphical illustration of a recommender system [1]
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1.3 Recommendation Techniques

Data mining is a technique for deriving useful information by discovering correlations and pat-
terns between data based on data analysis in large datasets . It analyzes the information of the
item, makes it possible to recommend items similar to the item to the user, and creates a similar
user group among users to identify the client/visitor click stream data matching the user group.
It can also recommend customized browsing options to meet the needs of specific users . Var-
ious data mining analysis techniques are used for such recommendations. as shown in Figure
1.2 is a visual summary of the techniques mainly used in the recommendation system to be
described in this section. Furthermore,and Figure 1.3 shows a typical data mining process. [2]

Recommendation System Research

e Text Mining

— KNN

Recommendation
Techniques

Clustering

= Matrix Factorization

= Neural Network

Figure 1.2: Technology mainly used in recommendation system. system [2]
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Figure 1.3: Typical data mining process. system [2]

1.3.1 Text Mining

Text mining is a technique for discovering useful text information by extracting text related
information from data. With the recent development of natural language processing technol-
ogy, semantically important information has been extracted from the corresponding text , When
natural language processing is used in some text analysis processes, there is a tendency to ana-
lyze texts based on the frequency of words, so there is a limit to understanding semantics , For
this reason, in order to accurately grasp the meaning of the text, the ontology, which defines the
common vocabulary of items and organizes the meaning by constructing the conceptual schema
of the text domain, started to be used. This text mining is used to recommend similar items by
performing semantic analysis of item information in the Content-Based Filtering recommen-
dation model . In addition, the Collaborative Filtering recommendation model evaluates the
semantic knowledge of information data between users, enabling item recommendation with
similarity . Figure 1.4 is a visual summary of a typical text mining process [2]
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Feedback

l Collect Data H Text Parsing H Text Filtering H Transformation

Figure 1.4: Typical text mining process. [2]

Text mining technology plays a crucial role in enhancing communication between humans and
computers by advancing towards context awareness. Fuzzy linguistic modeling (FLM) is a text
mining technique that incorporates fuzzy logic into natural language processing to analyze lan-
guage meaning through fuzzy subsets. When integrated into recommendation systems, FLM
enables the identification of multilingual contexts for items, especially useful when user pref-
erences are unclear or data is insufficient. By analyzing text data between items, FLM can
supplement inadequate preference data by establishing preference relationships.

Within Content-Based Filtering recommendation models, the primary text mining technique
employed is Term Frequency — Inverse Document Frequency (TF-IDF), which assigns weight
based on the frequency of specific text occurrences. This method represents document text com-
ponents as vectors and determines term importance by calculating the relative frequency of a
word in a document using the TF-IDF weight function. Text mining techniques find widespread
application in sectors such as healthcare, education, tourism, and academic services, demon-
strating their versatility and impact across various domains. [2]

1.3.2 KNN (K-Nearest Neighbor)

The K-Nearest Neighbor (KNN) algorithm is utilized to classify datasets by identifying the
K-nearest neighbors of a test tuple and train tuple. This classification is based on proximity,
comparing the similarity between data items through distance-based weighting. Common simi-
larity measures like Euclidean distance, cosine similarity, and Pearson correlation are employed
to assess similarities. When integrated into a recommendation system, KNN can analyze user
search patterns to predict future preferences. By examining user behavior data such as web
server logs and clickstream data, KNN can categorize items aligning with user tastes and rec-
ommend relevant items accordingly.

However, a study by Jannach et al. highlighted limitations in the performance of recommenda-
tion models utilizing the KNN algorithm. Challenges arise from the need to select an optimal
value for K, impacting model performance and leading to biases. Moreover, KNN’s efficiency
diminishes when analyzing large input data sets. To address this, dimensionality reduction
techniques are employed to transform data into a more manageable form without losing critical
information. Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA)
are commonly utilized for dimensionality reduction, aiming to enhance the efficiency of data
analysis processes, particularly in scenarios with extensive input data. [2]
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1.3.3 Clustering

Clustering is an algorithm utilized to categorize data into distinct clusters, offering a method
with low redundancy and ambiguity that is highly favored in recommendation systems. Various
clustering techniques are employed in recommendation systems, with K-means clustering being
a prominent choice. K-means clustering involves grouping data around the mean after defin-
ing the number of clusters (K), assigning data points to the nearest cluster based on similarity
calculations, and iteratively updating cluster centers.

However, K-means clustering faces scalability challenges when the number of users and items
increases, leading to decreased calculation speed. To address this, Gong implemented user
and item clustering using an inter-user clustering technique based on user ratings, enhancing
personalized recommendations. By identifying cluster groups similar to the target user through
item similarities, scalability and sparsity issues inherent in traditional Collaborative Filtering
approaches were mitigated.

Clustering plays a significant role in Collaborative Filtering recommendation models and is
extensively studied in recommendation systems across sectors like tourism, education, and e-
commerce. Its ability to group similar data points efficiently contributes to enhancing recom-
mendation accuracy and personalization in diverse application domains. [2]

1.3.4 Matrix Factorization

Clustering is a fundamental algorithm used in recommendation systems to categorize data into
distinct clusters, offering a low-redundancy and unambiguous approach. Among various clus-
tering techniques, K-means clustering stands out as a popular choice. This algorithm involves
grouping data around the mean after specifying the number of clusters (K), assigning data points
to the nearest cluster based on similarity calculations, and iteratively updating cluster centers.

However, scalability issues can arise with K-means clustering as the number of users and items
grows, leading to reduced calculation speed. To address this challenge, Gong implemented
user and item clustering using an inter-user clustering technique based on user ratings, result-
ing in more personalized recommendation strategies. By identifying cluster groups similar to
the target user through item similarities, scalability and sparsity issues inherent in traditional
Collaborative Filtering approaches were effectively resolved.

Clustering plays a vital role in Collaborative Filtering recommendation models and is exten-
sively studied across various industries such as tourism, education, and e-commerce. Its ability
to efficiently group similar data points contributes significantly to enhancing recommendation
accuracy and personalization in diverse application domains. [2]

1.3.5 Neural Network

Neural networks have seen widespread adoption in various domains like speech recognition,
image processing, and language translation in recent years. While their utilization in recom-
mendation systems is relatively less compared to other fields, there is a growing interest in in-
corporating neural networks into recommendation system research. Researchers are exploring
neural networks to gather additional insights in scenarios where understanding user preferences
solely through historical data is challenging.

For instance, He et al. employed a deep neural network (DNN) to model noisy implicit feedback
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data, aiming to enhance recommendation system performance. Deep learning techniques offer
the potential to boost the effectiveness of recommendation systems significantly. Neural net-
works are increasingly utilized in recommendation system development to address issues like
data sparsity and cold start problems in Collaborative Filtering. They play a crucial role in en-
hancing system performance by supplementing data and improving recommendation accuracy
through advanced modeling techniques. [2]

1.4 Research Trends of Recommendation System Techniques

Figures 1.5 and 1.6 are visualizations that can be used to analyze the research trends of tech-
niques used in the recommendation system field. Figure 1.5 visualizes the number of recom-
mended techniques used in the papers analyzed according to the survey collection criteria set in
this paper. Furthermore, Figure 1.6 visualizes the utilization of each recommended technique
according to the flow during the year.

Text Mining
KMMN
Clustering

HNeural Network

Matrix
Factorization

0 10 20 30 40 50

RS Techniques

Figure 1.5: Frequency (number) of papers using recommendation techniques during the period
investigated in this paper (2010-2020). [2]
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Figure 1.6: Trend in recommendation technique papers by year (by period) during the period
investigated in this paper (2010-2020). [2]

Text Mining is an essential technology for analyzing user-selected item characteristics in Col-
laborative Filtering models like the Item-Based Collaborative Filtering, Content-Based Filter-
ing Recommendation, and Hybrid Recommendation models. This technique finds application
across various recommendation system models and remains crucial in sectors such as health-
care, academia, and tourism, which involve substantial text data. Figures 1.5 and 1.6 highlight
the active and continuous utilization of text mining in recommendation system research.

Conversely, K-Nearest Neighbor (KNN) has shown limited usage in recommendation system
research post-2010 due to challenges like inefficient K value selection, bias issues, and lim-
itations with large data sizes. Clustering is primarily employed to identify user groups akin
to Collaborative Filtering users, especially in analyzing location-based data within the travel
sector. While clustering remains valuable for evaluating similar groups or items, its frequency
as a recommendation technique is decreasing in apps and web services where users provide
feedback through ’likes’, star ratings, or numerical data.

Matrix Factorization (MF) technology seeks factors expressing user preferences for service-
provided items, enabling analysis of diverse data sources beyond numerical item data. The re-
duced calculation time in MF, achieved through matrix decomposition of user-item evaluations,
has led to increased research focus on MF over KNN due to its problem-solving capabilities.
However, as businesses adopt large-scale servers, the demand for advanced recommendation
system technologies surpassing MF to deliver faster and more accurate results grows.

The advent of smartphones, wearables, and social networking platforms has enabled the collec-
tion of various user-related data, including body data, posts, keywords, and images shared on
social media. Neural Network technology is increasingly applied in recommendation system
research to analyze diverse data types effectively. Particularly, Neural Networks specializing
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in image analysis and prediction enhance the accuracy and speed of analyzing user-uploaded
images or purchased items. This technology can learn user preferences and recommend travel
destinations based on various features, surpassing traditional clustering methods. Figures 1.5
and 1.6 underscore the widespread adoption of Neural Network technology as the most com-
monly used technology in recommendation system research over the past decade. [2]

1.5 Recommendation system based on deep learning meth-
ods: a systematic review and new directions

In today’s digital landscape, recommender systems (RS) play a vital role in addressing the in-
formation overload challenge across diverse sectors like e-commerce, entertainment, and social
media. While traditional RS methods have shown success in offering item recommendations,
they encounter issues such as cold start problems and data sparsity. The emergence of deep
learning has revolutionized various fields like Natural Language Processing (NLP) and image
processing, prompting researchers to explore deep learning techniques to enhance RS perfor-
mance.

Despite the growing interest in deep learning-based RS, there is a scarcity of comprehensive
secondary studies in this domain. This study aims to fill this gap by conducting a systematic
literature review (SLR) on deep learning-based RSs. By following established SLR guide-
lines, particularly those outlined by Kitchemen-ham, this paper provides a detailed analysis of
top-quality research publications in the field. Through rigorous selection criteria and quality
assessment, a set of relevant publications were identified for review.

The findings of this review highlight that autoencoder (AE) models are the most commonly
utilized deep learning architectures in RS, closely followed by Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs). Popular datasets for evaluating deep learning-
based RS include MovieLens and Amazon review datasets. The study reveals that movie and
e-commerce domains are prevalent areas for RS applications. Evaluation metrics such as preci-
sion and Root Mean Squared Error are commonly employed to assess the performance of deep
learning-based RSs. This SLR provides valuable insights into current trends and challenges in
the field, serving as a guide for researchers and practitioners seeking to leverage deep learning
for enhancing recommendation systems. [11]

1.6 Social Implications

The social implications of recommender systems present two notable incentive issues. Firstly,
once a user establishes their interests profile, there’s a risk of free-riding by solely relying on
evaluations provided by others. Even if evaluations are gathered implicitly or from user behav-
ior monitoring, this problem persists. Future systems might need to incentivize recommendation
contributions by making it a requirement for receiving recommendations, or by offering mone-
tary compensation. Secondly, the open nature of recommendation provision can lead to biased
recommendations, with content owners potentially flooding their own materials with positive
reviews and disparaging competitors. To counteract this, future systems are likely to introduce
measures to deter such manipulative behaviors.

Furthermore, recommender systems raise privacy concerns. While having more information
about recommendations aids in evaluation, individuals may be wary of their habits or views
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Contents of | Explicit en- | Anonymous? | Explicit en- | Use of recom-
recommenda- | try? try? mendation
tion
GroupLens a) numeric: 1— | a) explicit pseudonymous | personalized display along-
5 b) monitor weighting side articles in
b) seconds reading time based on past | existing sum-
agreement mary views
among recom-
menders
fab numeric: 1-7 | explicit pseudonymous | personalized selection/
weighting; filtering
combined
with  content
analysis
Referral Web mention of a | mined from | attributed assemble re- | display
person or a | public data ferral chain to
document sources desired person
PHOAKS mention of a | mined from | attributed one person | sorted display
URL usenet  post- one vote (per
ings URL)
Siteseer mention of a | mined from | anonymous frequency of | display
URL existing book- mention in
mark folders overlapping
folders

Table 1.1: The technical design space. [4]

being exposed. While some systems allow for anonymous or pseudonymous participation, this
doesn’t fully address the issue, as some users may desire a balance between privacy and recog-
nition for their contributions.

Similar challenges are observed in academia’s peer review system. Editors know that authors
with articles under consideration provide the most thorough reviews, creating an incentive issue.
Privacy concerns are addressed through blind and double-blind refereeing practices. Incorpo-
rating similar practices into automated recommendation systems may help mitigate these chal-
lenges. [4] The following tables (table 1.1 and table 1.2 and tablel.3 ) provide an explanation

of the above:
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Type of items | How many Lifetime Cost  struc-
ture
GroupLens netnews arti- | thousands per | 1-2 weeks misses unim-
cles day portant  false
positive very
small cost hits
small value
PHOAKS, URLs hundreds per | 2 days— 2 | misses unim-
SiteSeer, Fab day yesars portant  false
positives
small cost hits
medium value
ReferralWeb people a few million | many years depends  on
reachable on- how referral
line chain will be
used

Table 1.2: The domain space—characteristics of items evaluated [4]

Recommenders | Density of | Consumers Comsumer
recommenda- Taste  vari-
tions ability

GroupLens subscribers somewhat Subscribers high for some
dense within newsgroups
newsgroup

Fab All subscribers somewhat Subscribers unknown
dense among
people served
by same col-
lector agent

Referral Web All authors of on- | reflects Any Web user | unknown

line documents density of
underlying
social network

PHOAKS All usenet authors | extremely Any Web user | unknown
sparse

Siteseer All subscribers sparse Subscribers high

25

Table 1.3: The domain space—characteristics of the participants and the set of evaluations [4]
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1.7 related work

Title Authors Year Machine Dataset Key Findings
Learning
Techniques
A Hybrid Travel Rec- | Smithetal. | 2018 Collaborative | TripAdvisor, Combined
ommendation System Filtering, Yelp collaborative
Using Machine Learn- K-Means filtering with
ing clustering to
improve rec-
ommendation
accuracy.
Personalized  Travel | Johnson & | 2019 Sentiment TripAdvisor, Used  senti-
Recommendation Sys- | Wang Analysis, NLP | Expedia ment analysis
tem Based on User on user re-
Reviews views to
provide per-
sonalized
recommenda-
tions.
Travel Recommen- | Lee et al. 2020 Deep Neural | Custom Leveraged
dation Using Deep Networks dataset (web | deep learning
Learning scrapped) to analyze user
preferences
and  predict
destinations.
Context-Aware Travel | Patel & | 2021 Contextual Booking.com, | Implemented
Recommendation Sys- | Sharma Bandits, Deci- | Airbnb context-aware
tem sion Trees models to
enhance rec-
ommendation
relevance.
Multi-Modal ~ Travel | Chen & | 2021 Multi-Modal | Various online | Fused data
Recommendation with | Zhang Learning, travel  plat- | from multiple
Data Fusion SVM forms sources to
improve the
recommenda-
tion system’s
performance

Table 1.4: table provides a comprehensive overview of various approaches and techniques used

in developing travel recommendation systems based on machine learning.
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Compared to similar works and previous studies, we can say that our web application is the
first application in Algeria that relies on a travel recommendation system and machine learning
techniques, as it provides the user with new experiences through their previous desires and
opinions and through estimating their budgets, i.e. an accurate study of all their previous desires
until the recommendation is with results that they are satisfied with.
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1.8 conclustion

In conclusion, the chapter on recommendation techniques elucidates the diverse methodologies
employed to enhance recommendation systems. Text mining emerges as a pivotal technology,
facilitating semantic analysis and enabling accurate item recommendations. While traditional
frequency-based analysis has its limitations, the integration of ontology and fuzzy linguistic
modeling enriches text understanding, particularly in scenarios with unclear user preferences
or sparse data.

K-Nearest Neighbor (KNN) algorithms, while effective in predicting user preferences, face
challenges related to optimal parameter selection and scalability, especially with large datasets.
Clustering techniques offer a solution to categorize data efficiently, enhancing recommendation
accuracy by grouping similar items or users. Matrix Factorization (MF) technology provides
an alternative approach, categorizing data into distinct clusters based on user-item evaluations,
thus overcoming scalability issues inherent in KNN.

The advent of Neural Networks introduces advanced modeling techniques to address data spar-
sity and cold start problems, significantly improving recommendation accuracy. Deep learning
architectures like autoencoders (AEs), Convolutional Neural Networks (CNNs), and Recurrent
Neural Networks (RNNs) are increasingly adopted, particularly in domains like movie and e-
commerce, supported by popular datasets such as MovieLens and Amazon reviews.

Despite the efficacy of these techniques, social implications regarding user privacy and incen-
tivizing recommendation contributions warrant attention. Future recommendation systems may
need to implement measures to address biases, manipulative behaviors, and privacy concerns
effectively. By integrating practices like blind refereeing and pseudonymous participation, rec-
ommendation systems can navigate these challenges while ensuring user trust and system in-
tegrity.

In essence, the chapter underscores the dynamic landscape of recommendation system research,
driven by innovations in text mining, clustering, matrix factorization, and neural networks. By
addressing technical challenges and social implications, recommendation systems can continue
to evolve, offering personalized and context-aware recommendations across various domains
and industries.
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Machine Learning and Deep Learning

2.1 Introduction

Artificial intelligence (Al) is a field of study dedicated to developing intelligent machines. Ma-
chine learning, a prominent subfield of Al, focuses on enhancing computer program perfor-
mance through learning from experience. This approach allows computers to execute tasks by
leveraging past experiences rather than relying solely on explicit programming. Various sectors
like commerce, biology, medicine, engineering, and cyber-security leverage machine learning
to gain valuable insights into specific tasks. Notably, Google’s search engine is a prime exam-
ple of a service that extensively employs machine learning. Google tracks user interactions to
enhance search result relevance and advertising precision. Additionally, user queries are an-
alyzed over time to reveal public interests. Google Trends, for instance, offers insights into
global search trends, aiding entrepreneurs in identifying business opportunities and economists
in predicting market trends. This service also proves beneficial in epidemiological studies by
aggregating search terms that serve as early indicators of diseases, as demonstrated by Ginsberg
et al. (2008) in detecting influenza outbreaks.

The primary objective of machine learning is to make accurate predictions about various phe-
nomena, although prediction remains a challenging task, as famously quoted, "It is difficult to
make predictions, especially about the future.” Despite the inherent difficulty, prediction plays a
crucial role in guiding decisions and behaviors. Platforms like YouTube, owned by Google, uti-
lize machine learning to analyze user preferences and recommend relevant content effectively.
Similarly, social networks such as Facebook and LinkedIn employ predictive algorithms to sug-
gest potential connections. Most machine learning techniques rely on inductive learning, where
models are developed by generalizing from training examples, assuming applicability to unseen
data in the future.

In the past, data collection was a critical aspect of data analysis, with analysts selecting variables
based on domain knowledge and limited resources. However, with the advent of the big data era,
data accumulation has become more accessible and cost-effective. The exponential growth of
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stored information, estimated to double every twenty months, presents challenges in effectively
utilizing this vast amount of data for meaningful insights and decision-making. [12]

Artificial
Intelligence

Machine
Learning

Deep
Learning

Figure 2.1: artificial intelligence , machine learning and deep learning [2]

2.2  What is Artificial Intelligence?

One intriguing aspect of artificial intelligence (Al) lies in the challenge of defining its precise
nature. The issue is twofold: first, understanding what makes something “artificial” in Al, and
second, grasping the concept of intelligence itself. The term “artificial” implies creation by
human design rather than natural processes, distinguishing artificially intelligent entities from
naturally intelligent ones. These artificial intelligences, often considered machines, derive their
intelligence from human ingenuity, posing questions about the unique properties they possess
as products of deliberate construction.

However, defining intelligence itself proves elusive. Webster’s New World Dictionary offers
various definitions, encompassing learning, problem-solving, and adaptability. Yet, applying
these definitions to inanimate machines raises questions about whether they can truly exhibit
intelligence or if such attribution is a matter of arbitrary definition.

The crux of the issue lies in discerning the essential features of intelligence, a task akin to
establishing a theory of intelligence in the world. It requires careful consideration of what
qualifies as intelligent and what does not. For instance, while human beings are commonly
regarded as intelligent, the presence of emotions like anger and jealousy complicates the matter.
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If these emotions are deemed integral to intelligence, then machines capable of emulating them
might also be considered intelligent.

Ultimately, determining the boundaries of intelligence involves identifying its core features
through examination of exemplars and considering whether machines can possess these traits.
Yet, even if human beings are taken as benchmarks of intelligence, the presence of complex
emotions challenges clear delineation. Thus, while definitions aid in understanding human
intelligence, their application to machines remains fraught with complexity. [13]

2.3 Machine Learning

In 1959, Arthur Samuel defined machine learning as “a field of study that gives computers the
ability to learn without being explicitly programmed.”Sometimes it is difficult to fulfil some
kinds of task by giving explicit programming instructions. In this case, the best approach is to
enable computers to have the ability to learn from the data.

2.3.1 definition ’1”

Machine Learning is a field of study to give computer systems the ability to “learn”with data,
without being explicitly programmed.

Machine learning is ideal for exploiting the opportunities hidden in big data [3]

Figure 2.2: The motivation of machine learning. [3]

2.3.2 definition ’2”

Machine learning represents a dynamic field of computational algorithms aimed at mimicking
human intelligence through learning from the environment. It serves as a cornerstone in the
era of big data, offering solutions across various domains such as pattern recognition, computer
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vision, finance, and biomedical applications. In the realm of healthcare, particularly in cancer
treatment, machine learning holds significant promise. With over half of cancer patients un-
dergoing radiotherapy, a complex treatment modality, there arises a need for optimizing and
automating its processes. These processes, spanning from initial consultation to treatment re-
sponse monitoring, involve intricate human-machine interactions and decision-making stages.
Incorporating machine learning algorithms into tasks such as quality assurance, treatment plan-
ning, and outcome prediction could enhance the safety and efficacy of radiotherapy, ultimately
improving patient outcomes. The adaptability of machine learning algorithms to new contexts
enables advancements in radiotherapy practice, ensuring better patient care. [14]

2.3.3 Types of Machine learning

Machine learning algorithms can be mainly divided into supervised learning, unsupervised
learning and reinforcement learning : [3]

2.3.3.1 Supervised Learning
How it works:

Supervised Learningaims to learn from a labelled training set suchthat the resulting model can
be effectively applied to unseen data. Start-ing from the analysis of a given training dataset,
which is a collectionof input—output pairs, the supervised learning algorithm produces anin-
ferred function to make predictions about the output values. [3]

The process:

The computer is fed labeled data. A data scientist “supervises” the process by confirming the
computer’s accurate responses and correcting incorrect responses. [15]

Example:
A programmer is trying to “teach” a computer how to tell the difference between fish and birds.

The engineer feeds the computer model a set of labeled data. In this case, it’s clearly identifiable
images of fish and birds.

Over time, the model starts recognizing patterns. For instance, it may recognize that birds have
wings and beaks and fish have scales and gills. Once the model has sufficient data, the engineer
begins feeding it unlabeled data in the form of unidentified photos.

The engineer then tests the model to see if it can accurately distinguish between birds and fish.
[15]

2.3.3.2 Unsupervised Learning studies

How it works:

Unsupervised Learning studies how systems can infer a function to describe a hidden structure
from unlabeled data. [3]

The process:
The computer is fed unlabeled data. The model processes the data and looks for patterns. [15]

Example:
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Picture this: You own a retail store and you’re developing a sales and marketing plan to entice
unique customer segments to shop with you before the winter holidays. The only problem is
you don’t know your target audience yet.

To figure it out, you use unsupervised learning and feed it unlabeled input data about your
customers’ demographics, purchasing behaviors and history, and location. It’s important the
data is unlabeled so the computer can classify customer segments on its own.

Using the data, the computer autonomously searches for patterns and extracts key features.During
this process, the algorithm will identify patterns and group shopper data based on similarities
and differences in processes called “clustering” and “segmentation.”

Finally, you will receive an output with final customer segments that might include “last-minute
shoppers,” “parents of young children,” “early tech adopters,” or “budget shoppers.” With a bet-
ter understanding of the various customer segments, you can develop hyper-targeted marketing
and sales strategies. [15]

99 ¢

2.3.3.3 Reinforcement Learning(RL)
How it works:

Reinforcement Learning(RL) is a learning method to identify optimal actions that interacts with
its environment by maximizing the cor-responding rewards. This method allows machines and
software agents to automatically determine the ideal behavior within a specific context based
on a feedback loop from the environment. [3]

The process:

The model is fed training data. To fine-tune the model, an engineer “rewards” the computer’s
correct answers and “punishes” inaccurate outputs. When the model answers incorrectly, the
engineer feeds it the correct answer. [15]

Example:

Reinforcement learning is used to help machines master complex tasks that come with massive
data sets, such as driving a car. For instance, a vehicle manufacturer uses reinforcement learning
to teach a model to keep a car in its lane, detect a possible collision, pull over for emergency
vehicles, and stop at red lights. [15]

Through lots of trial and error, the program learns how to make decisions that keep the car on
the road and passengers safe.

Figure 2.3 provides a summary of the main categories of machine learningand corresponding
examples of financial applications.In contrast to supervised learning, unsupervised learning al-
gorithms areused when the data is neither classified nor labeled. As compared to super-vised
learning and unsupervised learning, RL is different in terms of goals.While the goal in unsu-
pervised learning is to find similarities and differencesbetween data points, the goal in rein-
forcement learning is to find a suit-able action model that would maximize the reward of the
agent. [3]
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type

Description

Supervised learning

Supervised learning requires a training dataset that covers exam-
ples for the input as well as labeled answers or target values for the
output. An example could be the prediction of active users sub-
scribed to a market platform in a month’s time as output (consid-
ered as the target variable or y variable) based on different input
characteristics, such as the number of sold products or positive
user reviews (often referred to as input features or x variables).
The pairs of input and output data in the training set are then used
to calibrate the open parameters of the ML model. Once the model
has been successfully trained, it can be used to predict the target
variable y given new or unseen data points of the input features x.
Regarding the type of supervised learning, we can further distin-
guish between regression problems, where a numeric value is pre-
dicted (e.g., number of users), and classification problems, where
the prediction result is a categorical class affiliation such as “look-
ers” or “buyers”.

Unsupervised learning

Unsupervised learning takes place when the learning system is
supposed to detect patterns without any pre-existing labels or
specifications. Thus, training data only consists of variables x
with the goal of finding structural information of interest, such
as groups of elements that share common properties (known as
clustering) or data representations that are projected from a high-
dimensional space into a lower one (known as dimensionality re-
duction) (Bishop 2006). A prominent example of unsupervised
learning in electronic markets is applying clustering techniques to
group customers or markets into segments for the purpose of a
more target-group specific communication.

Reinforcement learning

In a reinforcement learning system, instead of providing input and
output pairs, we describe the current state of the system, specify
a goal, provide a list of allowable actions and their environmen-
tal constraints for their outcomes, and let the ML model experi-
ence the process of achieving the goal by itself using the principle
of trial and error to maximize a reward. Reinforcement learning
models have been applied with great success in closed world en-
vironments such as games (Silver et al. 2018), but they are also
relevant for multi-agent systems such as electronic markets (Pe-
ters et al. 2013).

Table 2.1: Overview of types of machine learning [5]

2.4 Deep Learning

2.4.1 Historical Trends in Deep Learning

It is easiest to understand deep learning with some historical context. Rather than providing a
detailed history of deep learning, we identify a few key trends:
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* Deep learning has had a long and rich history, but has gone by many names, reflecting different
philosophical viewpoints, and has waxed and waned in popularity.

* Deep learning has become more useful as the amount of available training data has increased.

* Deep learning models have grown in size over time as computer infrastructure (both hardware
and software) for deep learning has improved.

Deep learning has solved increasingly complicated applications with increasing accuracy over
time. [16]

2.4.2 Why Is Deep Learning So Successful?

In any data-driven endeavor, success hinges on identifying the right metrics and devising effec-
tive measurement strategies. This underscores the crucial role of feature selection and design in
machine learning. These tasks demand domain expertise, statistical analysis, and iterative ex-
perimentation with various feature combinations, often consuming a substantial portion of time
and resources, sometimes up to 80% of the total project budget (Kelleher and Tierney, 2018).
Feature design, particularly, stands out as an area where deep learning excels over traditional
methods. Unlike traditional approaches that rely heavily on manual feature engineering, deep
learning adopts a more autonomous approach by learning feature representations directly from
raw data.

Consider the example of body mass index (BMI), a derived feature calculated from weight
and height measurements, commonly used in medical contexts to classify individuals based on
weight status. This illustrates how derived features can provide valuable insights beyond raw
data inputs, exemplifying the efficacy of handcrafted features, such as BMI, conceptualized as
far back as the eighteenth century by Adolphe Quetelet.

In machine learning projects, a significant portion of time and effort is dedicated to identifying
or crafting features tailored to the specific task at hand. Deep learning offers a distinct advan-
tage by autonomously learning useful feature representations from data, leveraging its capabil-
ity to handle large datasets effectively. Consequently, deep learning models often outperform
their counterparts reliant on manually engineered features, especially in domains characterized
by high-dimensional datasets, such as image processing, where each pixel constitutes a fea-
ture. Hand-engineering features in such complex domains, like face recognition or machine
translation, poses formidable challenges, further highlighting the superiority of deep learning
methodologies. [17]

2.4.3 Definitions of Deep Learning

2.4.3.1 Definitions”1”

“A sub-field within machine learning that is based on algorithms for learning multiple levels of
representation in order to model complex relationships among data. Higher-level features and
concepts are thus defined in terms of lower-level ones, and such a hierarchy of features is called a
deep architecture. Most of these models are based on unsupervised learning of representations.”
(Wikipedia on “Deep Learning” around March 2012.) [18]
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2.4.3.2 Definitions”2”

“Deep learning is a set of algorithms in machine learning that attempt to learn in multiple levels,
corresponding to different levels of abstraction. It typically uses artificial neural networks. The
levels in these learned statistical models correspond to distinct levels of concepts, where higher-
level concepts are defined from lower-level ones, and the same lowerlevel concepts can help to
define many higher-level concepts.” “Deep Learning” as of this most recent update in October
2013 [18]

2.4.4 Overview of deep learning architectures

During automated model building, the input is used by a learning algorithm to identify pat-
terns and relationships that are relevant for the respective learning task. As described above,
shallow ML requires well-designed features for this task. On this basis, each family of learn-
ing algorithms applies different mechanisms for analytical model building. For example, when
building a classification model, decision tree algorithms exploit the features space by incre-
mentally splitting data records into increasingly homogenous partitions following a hierarchi-
cal, tree-like structure. A support vector machine (SVM) seeks to construct a discriminatory
hyperplane between data points of different classes where the input data is often projected into
a higher-dimensional feature space for better separability. These examples demonstrate that
there are different ways of analytical model building, each of them with individual advantages
and disadvantages depending on the input data and the derived features (Kotsiantis et al. 2006).

By contrast, DL can directly operate on high-dimensional raw input data to perform the task of
model building with its capability of automated feature learning. Therefore, DL architectures
are often organized as end-to-end systems combining both aspects in one pipeline. However,
DL can also be applied only for extracting a feature representation, which is subsequently fed
into other learning subsystems to exploit the strengths of competing ML algorithms, such as
decision trees or SVMs.

Various DL architectures have emerged over time (Leijnen and van Veen 2020; Pouyanfar et
al. 2019; Young et al. 2018). Although basically every architecture can be used for every task,
some architectures are more suited for specific data such as time series or images. Architec-
tural variants are mostly characterized by the types of layers, neural units, and connections they
use. Table 2.1 summarizes the five groups of convolutional neural networks (CNNs), recurrent
neural networks (RNNs), distributed representations, autoencoders, and generative adversarial
neural networks (GANs). They provide promising applications in the field of electronic mar-
kets.
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Table 2.2: Overview of deep learning architectures [5]

| Architecture | Description
Convolutional neural net- | CNNs are mainly applied for tasks related to computer vision
work(CNN) and speech recognition. They are able to address tasks involving

datasets with spatial relationships, where the columns and rows
are not interchangeable (e.g., image data). Their network archi-
tecture comprises a series of stages that allow hierarchical feature
learning as determined by the respective modeling task. For exam-
ple, when considering object recognition in images, the first few
layers of the network are responsible for extracting basic features
in the form of edges and corners. These are then incrementally
aggregated into more complex features in the last few layers re-
sembling the actual objects of interest, such as animals, houses,
or cars. Subsequently, the auto-generated features are used for
prediction purposes to recognize objects of interest in new images
(Goodfellow et al. 2016).

Recurrent neural network (RNN)

RNNs are designed explicitly for sequential data structures such
as time-series data, event sequences, and natural language. Their
architecture offers internal feedback loops and therefore enables
sequential pattern learning to model time dependencies by form-
ing a memory. Simple RNN architectures are problematic since
they suffer from vanishing gradients, resulting in little or no influ-
ence of early memories. More sophisticated architectures, such
as long short-term memory (LSTM) networks with advanced at-
tention mechanisms, attend to this problem. RNNs are typically
applied for time series forecasting, predicting process behavior
(Heinrich et al. 2021), and NLP tasks such as sequence trans-
duction and neural machine translation (LeCun et al. 2015).

Distributed representation

Distributed representations play an essential role in feature learn-
ing and language modeling in NLP tasks, where language entities
such as words, phrases, and sentences are projected into numer-
ical representations within a unified semantic space in the form
of embeddings. Word embeddings, for example, encode discrete
words into dense feature vectors with low dimensionality. Thus,
in contrast to classic text representation models, such as one-hot
encodings and bag-of-words (BoW), word embeddings overcome
the problem of sparse encodings while preserving semantic rela-
tionships between words. This means that words, which occur in
similar contexts in a corpus, are also closely positioned to each
other in the vector space. On this basis, advanced language mod-
els can be developed to perform challenging downstream tasks,
such as question-answering, sentiment analysis, and named entity
recognition (Liu et al. 2020). Distributed representations are often
applied in combination with RNNs to perform tasks with sequen-
tial dependencies.

37




CHAPTER 2. MACHINE LEARNING AND DEEP LEARNING

Table 2.2 — Continued from previous page

Architecture

Description

Autoencoder

Autoencoders work similarly to word embeddings since they pro-
vide a dense feature representation of the input data. However,
they are not limited to natural language data but can be applied to
any type of input. Such architectures usually consist of an encod-
ing stage where the input is compressed into a low-dimensional
representation and a decoding stage in which the network tries to
reconstruct the original input from the learned features. In this
way, the network is forced to keep meaningful information in the
latent representation while disregarding irrelevant noise (Goodfel-
low et al. 2016). Autoencoders are commonly applied for unsu-
pervised feature learning and dimensionality reduction in combi-
nation with other subsequent learning systems. However, due to
their capability of quantifying reconstruction errors, which are as-
sumed to be significantly higher for anomalous samples than for
regular instances, they can also be applied for detecting anoma-
lies, such as fraudulent activities in financial markets (Paula et al.
2016).

Generative adversarial neural net-
work (GAN)

Generative adversarial neural networks belong to the family of
generative models that aim at learning a probability distribution
over a set of training data so that the network can randomly gen-
erate new data samples with some variation. For this purpose,
GAN:Ss consist of two competing sub-networks. The first network
i1s a generator network that captures the distribution of the in-
put and generates new examples. The second network is a dis-
criminator network trying to distinguish real examples from arti-
ficially generated ones. Both networks are trained together in a
non-cooperative zero-sum game where one network’s gain is an-
other one’s loss until the discriminator can no longer distinguish
between both types of samples. On this basis, GANs are likely
to revolutionize domains in which continuously new content or
novel product configurations are created (e.g., the composition of
art and music, design of fashion), or where content is converted
from one representation to another (e.g., text to image for prod-
uct descriptions) (Pan et al. 2019). At the same time, however,
such approaches also pose severe threats with societal implica-
tions when abusing them for malicious purposes. In particular, the
generation of “deepfake” content in the form of abusive speeches
and misleading news to manipulate public opinions or distort fi-
nancial markets is concerning (Westerlund 2019).
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2.5 Artificial Intelligence [AI] Vs Machine Learning [ML] Vs
Deep Learning [DL]

Machine learning and deep learning have clear definitions, whereas what we consider Al changes
over time. For instance, optical character recognition used to be considered Al, but it no longer
is. However, a deep learning algorithm trained on thousands of handwritings that can convert
those to text would be considered Al by today’s definition.

Machine learning and deep learning power various applications, including those performing
natural language processing, image recognition and classification. These technologies help
enterprises augment their workforce by having intelligent machines tackle mundane, repetitive
tasks. This frees up employees to focus on creative or high-thinking jobs

In the following table2.3 we have explained the most important differences between them:

Artificial Intelligence

‘ Machine Learning

Deep Learning

optimal data vol-
umes

varying data volumes

thousands of data points

big data :millions of data
pionts

to mimic human activity
with human-like accuracy

automated algorithms that
learn to model functions
and predict future actions
from data

Outputs Anything from predictions | Numerical value,like a | Anything from numerical
to recommendations to | classification or score values to free-form ele-
decision-making ments , like free text sound

How it Works Machines are programmed | Uses various types of | Uses neural networks that

pass data through many
processing layers to inter-
pret data featurs and rela-
tionships

How it’s managed

Algorithms require human
oversight in order to func-
tion properly

Algorithms are directed by
data analysts to examine
specific variables in data
sets

Algorithms are largely self
direcred on data analysis
once they’re put into pro-
duction

Table 2.3: Artificial Intelligence [AI] Vs Machine Learning [ML] Vs Deep Learning [DL] [6]
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2.6 conclustion

In conclusion, the exploration of machine learning and deep learning techniques within the con-
text of recommendation systems reveals a dynamic landscape of evolving methodologies and
applications. Across various subdomains such as supervised learning, unsupervised learning,
reinforcement learning, and deep learning, each technique offers unique strengths and applica-
tions.

Supervised learning thrives on labeled data, allowing models to predict outcomes or classify
inputs based on established patterns. Unsupervised learning, on the other hand, delves into
the realm of pattern detection without predefined labels, offering insights into data structures
and relationships. Reinforcement learning introduces the concept of an agent interacting with an
environment to maximize rewards, making it particularly suitable for dynamic decision-making
scenarios.

Deep learning, with its hierarchical representation learning and automated feature extraction,
stands out as a transformative force in the field. Its ability to process high-dimensional data di-
rectly, without the need for manual feature engineering, has propelled advancements in domains
ranging from image recognition to natural language processing.

The historical trends in deep learning underscore its gradual ascent fueled by the availabil-
ity of large datasets and advancements in computational infrastructure. Its success lies in its
autonomous feature learning capabilities, which alleviate the burden of manual feature engi-
neering and enable deeper insights into complex datasets.

Furthermore, the distinction between artificial intelligence, machine learning, and deep learning
clarifies their roles in driving technological innovation. While Al encompasses a broad spec-
trum of intelligent behaviors, machine learning and deep learning represent specialized subsets
focused on automated learning from data.

In summary, the intersection of machine learning and deep learning with recommendation sys-
tems presents a fertile ground for innovation, offering opportunities to enhance user experi-
ences, personalize recommendations, and tackle real-world challenges across diverse domains.
As research and development in these areas continue to evolve, the future holds promise for in-
creasingly intelligent and adaptive recommendation systems tailored to individual preferences
and contexts.
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Conception

3.1 Introduction

Before traveling, usually someone will make a plan in advance about the location to be vis-
ited and the time of departure. This is done to avoid problems, one of which is the distance to
be traveled and the time needed does not match expectations permission In this chapter, we’ll
present the solution, then go into more detail. We are going to describe The travel recommen-
dation system and the most important features that the site offers to the user. Including what is
required UML diagrams.

3.2 General Architecture of System

This section describes the general structure of the project, which The system consists of two
main components: Frontend , systems( web app ,recommendation system), and a database.
These components are deployed on the cloud infrastructure and enable the storage of all trans-
ferred data. Figure 3.1 illustrate the detailed architecture.

1. Frontend :
It consists of two sections, each of which has a role in the site:
* users:

The user will have a multi-use interface on the site, and his use will be limited to his
needs Users will interact with the front end of the app by performing actions such
as searching for destinations, viewing details, making reservations, etc.

¢ Administrator:

The administrator shall have unlimited and extended service It interacts with the
backend to manage data processing and model training
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2. systems: It consists of two systems

* web app: The system provides a variety of comprehensive services (for hotels,
restaurants, and places), flight reservations, and others

* system recommendation: A recommendation system that suggests the user the
best places

3. Database :

The backend interacts with the database to store and retrieve data related to destinations,
user profiles, reservations, etc These components are deployed on the cloud infrastructure
and enable all storage units and consist of two sections:

¢ Database

¢ Data Source

- Provides Recommendations ' i
' opmionand |, processing
Frontend rating plaecs Variaus data
fonten * Profile * Dats
persanly Management
A~ P Y
Crwghapp\} A H,fsvstern )\I
Sl recommendati
=, | J I Wogel | | TR
1 SinUp ,0v ’
* Searh orediction
systems " Booling !
* Vigw senvices Top places
Details
\ Sends Data
SendsDa |
| /"'.---_ _"--\.:)
'.‘\'a. v [ —
| el c | { -
Database ! | D Joa | Cretes st
e
Data Base | Source |
—_

Figure 3.1: The general Architecture Of System
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3.3 Detailed Architecture of System

In this section, we provide a detailed description of the system’s architecture.

3.3.1 Data Base

3.3.1.1 Data collection

Data collection is the first step of our system. It allows us to obtain data from the real world and
Design a model database (educational examples), which will be used in the following steps. we
We will collect as much data as possible. In the process of collecting this data set it was difficult
Since most of the datasets were multimodal, but we were able to find a free balanced set We
can edit in Kaggle platform where this dataset is a dataset containing many tourist attractions in
5 major cities in Indonesia, namely Jakarta, Yogyakarta, Semarang, Bandung, Surabaya. This
dataset also consists of 3 files, which are:

* Tourism with_id.csv which contains information on tourist attractions in 5 major cities
in Indonesia 400

* user.csv which contains dummy user data to generate recommendation features based on
the user

* tourism_rating.csv contains 3 columns, namely the user, the place, and the rating given,
serves to create a recommendation system based on the rating

In the figure 3.2 and figure 3.3 and figure 3.4 and we show the four files

&2 User_Id

Validm 10000 100%
Mismatched 0 0%
Missing B 0 0%
Mean 151
Std. Deviation 861
Quantiles 1 Mi
77 15%
151 50%
226 75%
1 300 300 Max

Figure 3.2: The column of tourism rating
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& Place_ld

Validm 437 100%
Mismatched 0 0%
Missing m 0 0%
Mean 719
Std. Deviation 126
Quantiles T Min
n 5%
79 50%
328 Ta%
1 431 437 Max

Figure 3.3: The column of tourism with id

&z User_|d

Validm 300 100%
Mismatched 0 0%
Missing 0 0%
Mean 151
S1d. Deviation 866
Quantiles 1 M
76 15%
151 50%
26 75%
1 300 300 Max

Figure 3.4: The column of user

3.3.1.2 Data Preprocess

After collecting the data, we need to prepare it for further steps. The data is balanced and
error-free, to prepare it we can be divided the task into a few general, significant steps:

* Correlation Matrix:
This is an important step in pre-processing machine learning pipelines. Since the corre-

lation matrix is a common tool used to compare the coefficients of correlation between
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different features in a dataset. It allows us to identify variables that have high degrees of
correlation and allows us to reduce the number of features we may have in a dataset [19]
So what is a correlation coefficient?

Correlation Coefficient

Is a value between -1 and +1 that denotes both the strength and directionality of a rela-
tionship between two variables.

— The closer the value is to 1 (or -1), the stronger the relationship.
— The closer a number is to 0, the weaker the relationship.

A negative coefficient will demonstrate that the relationship is negative; that is, as one
number increases, the other will decrease. Similarly, a positive coefficient indicates that
as one value increases, so does the other [19].

* Data Normalization In this step, we will normalize the features. This includes expanding
the range of features to ensure they fall within them Uniform range. In the absence of
normalization, features with larger sizes will have more weight Instinctively, where :

— Normalizes Place Ratings values between 0 and 1 using minimum and maximum
normalization.

— It divides the data into training and validation sets,

— We scale the feature distribution such that the mean of the observed values is 0 and
the standard deviation is 0 It 1s 1 with StandardScaler from sklearn.

* Data Splitting

The data splitting method can be implemented once we specify a splitting ratio, such as
80/20, 70/30, 60/40, and even 50/50 are also used in practice. But a commonly used ratio
is 80/20

— It splits the data into training and validation sets, with 80% of the data used for
training and 20% for validation.

We will split the dataset into 80% training sets and 20% test sets with the data frame
transformed to NumPy array. As shown in this figure: 3.5
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X_training y_training
Full Dataset — :
- 0% = | | |
- | | usedfortraining
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— ~
— —
— Y_testing y_testing
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Data Data
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Rating
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User data
data

Figure 3.5: Train Test Split

3.3.1.3 Study the most important data variables

» We studied the age group of tourists between 20 and 40 years, as the age group of most
tourists was between 20 and 35 years in the database used , shown in the following image
3.6

User Age Distribution

23 1

20 4

Figure 3.6: User Age Distribution
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» Here we studied the distribution of tourists in a specific city at different prices to study
the prices and make them suitable for tourists , shown in the following image 3.7

Distribution of Tourist Entry Prices in Bandung City

L
800000
00000 1

¥

0000 1 ¥
200000 1
ﬂ.

o

Figure 3.7: Distribution of Tourist Entry Prices in Bandung City

* Here we studied the number of the most rated tourist places , shown in the following
image 3.8

Number of Tourist Attractions with the Most Ratings
Semarang
Cirebon

Jakarts Utara
Jakarta Selatan
Bandung
Surabaya
ngyakara
Bogar

Depok
JBkarta Pusat
Jakarta Tamur

Location

Jakarta Barat
Palembang
Sragen

Elaten
TBnggerang

Cilacap
Kota Gede
Karawang

Purwakarat
Nganpuk
Madura

Figure 3.8: Number of the most rated tourist places
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3.3.1.4 Types of Data for building recommendation systems
There are two kinds of data available for building a recommendation system. There are [20]:

1. Explicit feedback: Explicit feedback is the data about user explicit feedback(ratings etc)
about a product. It tells directly that users like a product or not.

2. Implicit feedback: In implicit feedback, we don’t have the data about how the user rates
a product. Examples for implicit feedback are clicks, watched movies, played songs,
purchases or assigned tags.

3.3.1.5 Types of feedback in the database-based LightFM

There are different types of feedback that a LightFM can use to improve its recommendations,
such as explicit feedback, where the user provides explicit ratings or reviews of items, or implicit
feedback, where the system infers the user’s preferences based on their actions. [21]

* One type of feedback is explicit feedback, which is input from users regarding their inter-
estin an item. This is the most useful information because it comes directly from the user
and shows his direct interest in the item, which is the type used in the recommendation
system. As for implicit feedback, it is the information that is produced after observing
the users’ behavior, and here it is indirect. [22]

When creating the model, I implemented two types of recommendation algorithms, the first is
recommenderNET and the second is lightFM. We will explain in detail the two below :

48



CHAPTER 3. CONCEPTION

3.3.2 Model Conseption numbre -1- RecommenderNET

In creating this model, I relied on a type of recommendation algorithm called Recommender-
NET how it is work ?

3.3.2.1 Data Understanding

* The code begins by importing necessary libraries and defining constants like the data path
such as NumPy, Pandas, and TensorFlow.

* Load Data The load_data‘ function reads the necessary CSV files containing information
about tourism destinations, ratings, and users.

3.3.2.2 Data Preprocessing

* The ‘Preprocess Data’ function prepares data for training. The ‘preprocess_data() func-
tion processes the preloaded data, including encoding users and places, normalizing rat-
ings, and obtaining information about the number of users and places, minimum rating,
and maximum rating

3.3.2.3 Embedding Layer Class

* The ‘Embeddinglayer* class is defined to create an embedding layer, which maps each
user and place to a dense vector space of a specified size.

3.3.2.4 RecommenderNet Model

The ‘RecommenderNet* function defines the recommendation model using TensorFlow’s Keras
APL. It consists of compact layers for users and places, followed by sequential, dropout, and
dense layers. The output is a single value representing the expected rating. Below are the details
of the model components:

1. Input Layers:
Two layers for entering user and location identifiers.
2. Embedding Layers:

Each user and each place is represented as an embedding vector. These embeddings
capture the latent factors of users and places in a low-dimensional space, where similar
users and places are close together.

3. Concatenation:

User and location embeddings are concatenated into a single vector, which serves as input
for subsequent layers.

4. Dropout:

Dropout layers are used to prevent overfitting by randomly dropping part of the input
units during training.

5. Dense Layers:
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Fully connected dense layers handle sequential embeddings. These layers learn complex
patterns in the data.

6. Activation function:
The ReLU activation function is used in the hidden layers to introduce nonlinearity.
7. Output Layer:

A single neuron with a sigmoid activation function is used as the output layer. It produces
a value between 0 and 1, representing the predicted rating for the user-place pair.

8. Loss function:

Mean Square Error (MSE) is used as the loss function to measure the difference between
predicted and actual ratings.

9. Optimizer:

The Adam optimizer is used to update the model weights based on the calculated gradi-
ents.

3.3.2.5 Result

In the end we get the desired result, The model learns to predict ratings for users’ place pairs
based on patterns in the training data where interactions have not yet occurred. These predicted
ratings can then be used to create personalized recommendations for users, suggesting places
they are likely to enjoy based on their preferences and past behaviour.

3.3.2.6 Model Evaluation and training

In this recommendation system, the model is evaluated using mean squared error (MSE) and
mean absolute error (MAE) metrics. These evaluation metrics provide insights into how well
the model is performing in terms of predicting the ratings of tourism destinations.

The model is trained using the training data, and during each epoch of training, the loss, MAE,
and MSE are calculated both for the training set and the validation set. The training process
aims to minimize the loss function, which in this case is the mean squared error.

After training is complete, the training history, including the loss and validation loss over
epochs, is plotted to visualize the training progress and check for overfitting or underfitting.

This evaluation approach allows for assessing the performance of the recommendation sys-
tem model in predicting tourism destination ratings accurately, providing valuable feedback for
model improvement and optimization.

The following images 3.9 and image 3.10 illustrate training the model :
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Epoch 1/28

250/15¢ ——————————— 1
mae: 9.4849 - val mse: 0,354
Epoch 2/28

250/250 ———————1
mas: @.4849 - val mse: 90,3548
Epoch 3/20

250/25¢ ——————1
mae: @.4849 - val mse: 90,3548
Epoch 4/28

250/250 m—1
mae: 8.4849 - val_mse: 0.3548
Epoch 5/28

250/15¢ —————————— 1
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Epoch /28
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Epoch 7/28
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Ims/step - loss: 8.3532 - mas: 0.4841 - mse: 8.3532 - val_loss: 0.3540 - val_

Epoch 11/20
250/25¢ ——————————— 1
mae: @.4849 - val mse: 90,3540
Epoch 12/20
250/25¢ ————————— 1
mae: 8.4849 - val mse: 90,3540
Epoch 13/20
250/250 ————————— 1
mae: 8.4849 - val mse: 90,3540
Epoch 14/20
250/250 —————————— 1
mae: @.4849 - val mse: 0,3540
Epoch 15/28

=]

3523 - mae: 8.4826 - mse:

w
=

Ims/step - loss: .3523 - val loss: 8.3548 - val_

=

L3571 - mae: 8.4887

w
=

Ims/step - loss: mser 8.3571 - val_loss: 8.3540 - val_

=

3512 - mae: 8.4834 - mse:

wn
=

Ims/step - loss: .3512 - val_loss: ©.3540 - val_

=

3525 - mae: 8.4832 - mse:

uwn
=

ns/step - loss: .3525 - val_loss: ©.3540 - val_

250/250 ————————— 15 Ins/step - loss: 0,353 - mae: 0.4857 - mse: 0,353 - val_loss: 9.3540 - val_
mae: 9.4849 - val mse: 9.3540

Epoch 16/28

250/250 =————————————————— 15 Ins/step - loss: 0.3539 - mae: 0.4845 - mse: 9.3539 - val loss: ©,3540 - val_

mae: 9.4849 - val mse: 0.3540
Epoch 17/20
250250 m—
mae: @.4849 - val mse: 0.3540
Epoch 18/20
250/25¢ ——————————— 1
mae: @.4849 - val mse: 90,3540
Epoch 19/20

=

3584 - mae: B.4884 - mse:

un
=

Ims/step - loss: .3584 - val loss: 8,354 - val_

=]
=

V3471 - mae: B.4798 - mse:

w

Ims/step - loss: L3471 - val_loss: 8.3548 - val_

250/250 ————————— 15 Ims/step - loss: 8.3562 - mae: 0.4883 - mse: 0.3562 - val_loss: 0.3540 - val_
mae: 8.4849 - val mse: 90,3540

Epoch 20/20

250/250 ——————————— 15 Ins/step - loss: 0.3514 - mae: 0.4820 - mse: 9.3514 - val_loss: ©.3540 - val_

mae: @.4849 - val mse: 0.3540

Figure 3.9: Training the model

In the following image 3.11 is a data chart representing the proportions of the training model:
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— Training Loss
2.5 Validation Loss
2.07
w 1.5
1.0~
0.5 1

T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0 175
Epoch

Figure 3.10: The proportions of the training modelTrain Test Splitl
and the finale result for this model lightFM for system Recommandation in this image 3.11 such

as Training is Loss and Validation Loss is val loss :

Loss=0.3520 , val loss=0.3540
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3.3.3 Model Conseption numbre -2- LightFM
In creating this model, I relied on a type of recommendation algorithm called LightFM
So wath is the LightFM ?

LightFM is a Python implementation of a number of popular recommendation algorithms for
both implicit and explicit feedback. [23]

It also makes it possible to incorporate item and user metadata into traditional matrix factoriza-
tion algorithms. It represents each user and item as the sum of the latent representations of their
features, allowing recommendations to be generalized to new items (via item features) and to
new users (via user features).

In LightFM, like in a collaborative filtering model, users and items are represented as latent
vectors (embeddings). However, just as in a CB model, these are entirely defined by functions
(in this case, linear combinations) of embeddings of the content features that describe each
product or user. [20]

For example, if the movie ‘Wizard of Oz’ is described by the following features: ‘musical
fantasy’, ‘Judy Garland’, and ‘Wizard of Oz’, then its latent representation will be given by the
sum of these features’ latent representations. In doing so, LightFM unites the advantages of
contentbased and collaborative recommenders. [23]

3.3.3.1 The technologies used by LightFM

LightFM is a hybrid recommendation algorithm that combines collaborative filtering and content-
based filtering techniques. Specifically, LightFM uses a form of collaborative filtering known
as matrix factorization, along with content-based features, to generate recommendations. [24]

Below are details of the technologies used by LightFM:
* Matrix Analysis :

LightFM uses matrix analysis to learn low-dimensional representations of users and items
(or features). It decomposes the user-item interaction matrix into two lower-dimensional
matrices: one for users and one for items. By learning these latent representations,
LightFM captures underlying patterns in user-item interactions. [24]

* Collaborative Filtering

In the context of LightFM, collaborative filtering refers to using user item interaction
data to find similarities between users or items. By learning latent factors through matrix
analysis, LightFM can identify similar users or items based on their interactions. This
allows it to make recommendations to users based on users’ preferences or similar items.
[24]

* Content-based filtering

LightFM also integrates content-based features into the recommendation process. These
features describe additional characteristics of users and items beyond their interactions.
For example, in a movie recommendation system, content-based features might include
genre, director, or cast. By combining user item interaction data with content-based fea-
tures, LightFM can provide personalized recommendations that take into account user
preferences and item characteristics. [24]
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* Hybridization

One of LightFM’s main strengths is its ability to seamlessly integrate collaborative fil-
tering and content-based filtering techniques into a single model. By combining these
approaches, LightFM can leverage the advantages of both methods and provide more
accurate and diverse recommendations. [24]

In general, LightFM’s recommendation technology involves learning latent representations of
users and items through matrix analysis, incorporating collaborative filtering to capture user
and item interactions, and incorporating content-based features to enhance the recommendation
process.

3.3.3.2 Principle work of model lightFM
How lightFM is work ?

The LightFM paper describes beautifully how lightFM works. To put it simply in words,
lightFM model learns embeddings (latent representations in a high-dimensional space) for users
and items in a way that encodes user preferences over items. When multiplied together, these
representations produce scores for every item for a given user; items scored highly are more
likely to be interesting to the user.

The user and item representations are expressed in terms of representations of their features: an
embedding is estimated for every feature, and these features are then summed together to arrive
at representations for users and items . [20]

Description :

* The latent representation of user u is given by the sum of its features’ latent vectors [20]:
JEfu
Q= (3.1)

* And same for the items [20]:
€ fi
g =" (3.2)

* The model’s prediction for user u and item i is then given by the dot product of user and
item representations, adjusted by user and item feature biases [20]:

Twi = f(Qu - i + by +b;) (3.3)

» The LightFM class represents a hybrid latent representation recommender model. [25]
* It learns embeddings for users and items, encoding user preferences over items. [25]

» The model expresses user and item representations in terms of their features, which are
estimated for every feature and summed together to arrive at the representations. [25]

* Stochastic gradient descent methods are used to learn the embeddings. [25]

* Four loss functions are available: logistic, BPR (Bayesian Personalised Ranking), WARP
(Weighted Approximate-Rank Pairwise), and k-OS WARP (k-th order statistic loss). [25]

* Two learning rate schedules are available: adagrad and adadelta. [25]
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3.3.3.3 The purpose of using LightFM
Why LightFM ?

* In both cold-start and low-density scenarios, LightFM performs at least as well as pure
content-based models, and significantly outperforms them when collaborative informa-
tion is available in the training set or user features are included in the model. This is
really useful for our recommendation system because we will have a lot of new tourists
with unknown insights into places to visit which provides a very good environment for
the cold start problem. [20]

* When collaborative data are abundant (warm start and dense user element matrix), LightFM
performs highly efficiently. [20]

* The embeddings produced by LightFM encode important semantic information about fea-
tures, and can be used for related recommendation tasks such as place recommendations.
This is also very important for our problem. Because it is useful to find similar places
so that this model can recommend predictions that contain places similar to professional
places. [20]

3.3.3.4 LightFM Python Library

Fortunely, there is a library that makes easy to build a lightFM model. LightFM model is
developed by Lyst. They also created a library for building lightfm model. It is very popular
on Github having 2400+ stars and 226 closed issues. Because it is well maintained by Lyst( a
london based e-commerce compnay) and it’s learning community, lightFM python library is a
really good source for building lightFM model. [20]

Benefit of LightFM python library: We can oviously make our implementation of lightFM
model. But that will be reinvented the wheel. Because lightFM library is really well maintained
library that are used production by many well reputed brand (Lyst, Sketchfab). [20]

The biggest benefit of lightfm library is that it implementsWARP (Weighted Approximate-
Rank Pairwise) loss for implicit feedback learning-to-rank. Wait! What is that?

For optimization of our matrix factorization function we can use different optimization meth-
ods e.g ALS, SGD. But there is another special optimization method called WARP (Weighted
Approximate-Rank Pairwise). From the documentation, WARP works like these:

1. For a given (user, positive item pair), sample a negative item at random from all the
remaining items. Compute predictions for both items; if the negative item’s prediction
exceeds that of the positive item plus a margin, perform a gradient update to rank the
positive item higher and the negative item lower. If there is no rank violation, continue
sampling negative items until a violation is found. [20]

2. If you found a violating negative example at the first try, make a large gradient update:
this indicates that a lot of negative items are ranked higher than positives items given the
current state of the model, and the model must be updated by a large amount. If it took a
lot of sampling to find a violating example, perform a small update: the model is likely
close to the optimum and should be updated at a low rate. [20]

It performs very well for implicit feedback model. Do you remember that our data is impicit
feedback! For that reason, WARP loss is very essential for CareerVillage recommender system.
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Becasue lightfim library implements this algorithm, that makes lightfm library really stands out.

Also, there are other important benefit also [20]:

1.

6.

LightFM is written in Cython and is paralellized via HOGWILD SGD. This will outper-
form any implementations of lightFM.

2. Already battle tested by many developers.
3.
4
5

Already used in production by many well reputeted brand.

. It’s API is really developer friendly. This makes building model really easy.

. Provide evaluation matrics for evaluating the perfomance of the model.

Finally, it is very very fast.

Building lightFM model from scracth by maintaing all of features above is really difficult and
time consuming. For that reason, I am uisng LightFM python library for building the model.

How LightFM python library works: This library makes really easy for building lightFM
model. There are couple of steps for building model using LightFM library. [20]

1.

Process our Data and Make a lightFM dataset by using it’s api

. Build interaction matrix, user/item features
. Make a model and train the model

2
3
4.
5

Evaluate the model

. Make predictions

3.3.3.5 Model Evaluation

The LightFM library provides a comprehensive set of evaluation functions to assess the per-
formance of a fitted model. These functions are crucial for understanding how well the model
generalizes to unseen data and for fine-tuning its parameters. Here are the key evaluation met-
rics available in the LightFM library [25]:

1.

4.

ROC AUC Score :

This metric measures the area under the Receiver Operating Characteristic (ROC) curve,
which represents the probability that a randomly chosen positive example has a higher
score than a randomly chosen negative example. A perfect score is 1.0.

Precision at K :

Precision at K measures the fraction of known positives in the first K positions of the
ranked list of results. A perfect score is 1.0.

. Recall at K :

Recall at K measures the number of positive items in the first K positions of the ranked
list of results divided by the number of positive items in the test period. A perfect score
is 1.0.

Reciprocal Rank :
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Reciprocal Rank measures 1 divided by the rank of the highest ranked positive example.
A perfect score is 1.0.

These evaluation functions take into account various parameters such as the model, test inter-
actions, train interactions (optional), user features, item features, and the number of threads for
parallel computation. Additionally, they provide flexibility in preserving rows and checking
intersections between test and train matrices to prevent optimistic ranks or wrong evaluation.

By leveraging these evaluation functions, users can gain valuable insights into the performance
of their recommendation models and make informed decisions to improve them further.

3.3.3.6 Model training

The model training in LightFM involves optimizing the model parameters to minimize the cho-
sen loss function while capturing meaningful relationships between users, items, and their fea-
tures. By fine-tuning the training parameters and selecting appropriate loss functions, users can
train models that perform well on their recommendation tasks.

The following figure 3.12 and figure 3.13 is an explanation of training the model in order to
obtain a high accuracy value :

Epoch _;_08 AUC: ©.9994974732398057 Epoch 1/188, AUC: @.9994974732398987
Epoch ©.,99595141825484358 Epoch 2/188, AUC: @,9995141625484358
Epoch ©.99952260800045357 Epoch 3/188, AUC: @.9995220800945387
Epoch ©.9995245337486267 Epoch 4/188, AUC: @,99952453374586267
Epoch ©.99095322823524475 Epoch 5/188, AUC: @.9995322823524475
Epoch ©.9995377659797668 Epoch 6/188, AUC: @.9995377859797668
Ep ©.9995581637458501 Epoch 7/188, AUC: @.9995581637458801
Ep ©.9995524287223816 Epoch 8/188, AUC: @.9995524287223816
Ep ©.9995537400245067 Epoch 9/188, AUC: @.9995537408245667
Ep 1 8.999554455258304 Epoch 18/186, AUC: @.999534455250304
Epoch 11/18@, AUC: @.9995522038841243 Epoch 117188, AUC: @. 522038341243
Epoch 12/18@, AUC: ©.999581827@91217 Epoch 127180, AUC: @. 82827991217
Epoch 13/18@, AUC: @.9995737671852112 Epoch 137186, AUC: @.9995737671852112
Epoch 14/18@, AUC: @.9995859861373901 Epoch 147188, AUC: @. 359861373901
Epoch 15/18@, AUC: @.9995827878819275 Epoch 15/18@, AUC: @. 327878819275
Epoch 16/18@, AUC: 8.9995985203453064 Epoch 16/108G, AUC: @.9995989203453064
Epoch 17/18@, AUC: 8.9995886819267273 Epoch 17/10@, AUC: a. 6619267273
Epoch 18/18@, AUC: 8.9996281598652466 Epoch 18/108@, AUC: @.9996281599652468
Epoch 19/18@, AUC: 8.9996137619818555 Epoch 19/108@, AUC: @.9996137619@18553
Epoch 29/18@, AUC: 9.9995194243431691 Epoch 28/108@, AUC: @.9996194243431891
Epoch 21/18@, AUC: 8.9996277093887329 Epoch 21/10@, AUC: a. 277893857329
Epoch 22/18@, AUC: 9.9996402263641357 Epoch 22/10@, AUC: a. 402263641357
Epoch 23/18@, AUC: 9.9996438277524402 Epoch 23/10@, AUC: a. 30277324402
Epoch 24/18@, AUC: 8.9996588955955505 Epoch 24/10@, AUC: a. 588955955505
Epoch 25/18@, AUC: 9.999548923642273 Epoch 25/10@, AUC: a. 45928642273
Epoch 26/18@, AUC: 9.99965626088135803 Epoch 26/10@, AUC: a. 562689135803
Epoch 27/18@, AUC: 8.99965671676635742 Epoch 27/10@, AUC: a. 671676635742
Epoch 28/18@, AUC: 8.9996777176856995 Epoch 28/10@, AUC: a. 7771768565895
Epoch 29/18@, AUC: 9.9996502346611023 Epoch 29/10@, AUC: a. 9023466110823
Epoch 38/18@, AUC: 9.9996882B838938904 Epoch 38/10@, AUC: @.9996380888938904
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Epoch 614188, AUC: 9.9998826490211487
Epoch 62/18@, AUC: 9.9957369269752502

Epoch 63/18@, AUC: 9.9998820529747009

Epoch 64/188, AUC: 9.9993871193695068

Epoch 65/188, AUC: 9.9998183250427246

Epoch 66/188, AUC: 9.99981A8744621277

Epoch 67/18@, AUC: @.9985182784156799

Epoch 68/18@, AUC: 9.9998258352279563

Epoch 69/18@, AUC: 9.9988254179954529

Epoch 72/10@, AUC: 9.9998264312744141

Epoch 71/188, AUC: 0.999830424785614

Epoch 72/18@, AUC: ©.9998320877853304

Epoch 73/188, AUC: 9.99984p437972581

Epoch 747188, AUC: 9.9983442530632019

Epoch 75/18@, AUC: 9.9998534321784973

EpDC: ggjigga EHE’ g-gggggggig;g;§;34 Epoch 91/188, AUC: 9.9999803413352966
poc N 1@,

Epoch 78/18@, AUC: @.9398545850521033 Epoch 92/18@, AUC: 8.9909086268795593
EﬂDC: ;giiggJ 23E= g-gggg:ﬁ;gii;ggggg Epoch 93/18@, AUC: @.9999070167541584
poc N T a.

Epoch 81/198, AUC: 8.9998533851541748 Epoch 94/18@, AUC: 9.9999835506847534
EﬂDC: ggiiggJ QHE= g-ggggg;?éiiiﬁ;?g Epoch 95/188, AUC: 9.9999060834751802
poc , = .

Epoch 84/18@, AUC: @.09998746514320374 Epoch 96/108, AUC: 0.5999155482183533
Epoc: :ZiiggJ EEE: g-ggg:gégi;;géﬁg?; Epoch 97/18@, AUC: @.9999145268393921
pocl N N !

Epoch 87/18@, AUC: @.99988156557088313 Epoch B2/108, AUC: 9.900008447265625
Epoch 88/10@, AUC: 9.9925398161514252 Epoch 99/188, AUC: 9,9999194145202637
Epoch 89/10@, AUC: 9.99988B8069421387 .

Epoch 90/100, AUC: B.099083678594043 Epoch 188/1088, AUC: ©.9999179840087891

Figure 3.12: Training the model

In the following image 3.14 is a data chart representing the proportions of the training model:

0.9999 4

0.9998 4

0.9997 1

0.9996 A

0.9995 A1

0 20 40 60 80 100

Figure 3.13: The proportions of the training modelTrain Test Split
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And the finale result for this model lightFM for system Recommandation in this image 3.15

Finally, by reaching a high accuracy rate, we can say that the model gives correct results with
high accuracy

3.3.4 Comparison between models :

Here we show the recommendation result for user 20 for both models 1 and 2 using different

techniques in the following table :

SN Socorer @999 ] 5

Figure 3.14: The proportions of the training modelTrain Test Split

Model-1-(RecommenderNet)

Model-2-LightFM

Result

sindu kusuma Edupark (SKE)
jurang tembelan kanigoro

taman balai kota bandung
jembatan pasupati

pasar baru

taman hutan raya ir . h. juanda
bandors city tour

Museum de javasche bank
Mounuemen tugu pahlawan
Moumen bambu rancing surabaya

Kota Tua

Museum Bank Indonesia
Wisata Kuliner Pecenongan
Grand Indonesia Mall

Nol Kilometer J1.Malioboro
Alun-Alun Kota Bandung
Lawangwangi Creative Space
Gunung Lalakon

Table 3.1: Comparison between Result models for user 20
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3.4 Diagrams of Model Training

Unified Modeling Language (UML) is a unified modeling language used in software engineer-
ing to visually represent software systems. Provides a set of graphical symbols to describe a
system’s structure, behavior, and interactions. UML diagrams serve as a common language for
communication between software developers, designers, stakeholders, and other project mem-
bers throughout the software development life cycle.

In this section, we are going to provide a presentation of our project with a diagram use case
and diagram sequence, also diagram of class for more understanding:

3.4.1 use case diagrame

Describe the interactions between actors (users or external systems) and the system to achieve
specific goals. In the following figure 3.16 we explain the above

Travel Web Application
search for sdistination
and view details
/ gearch for hotels and view
detail:
% g etails

user arch for restaurent and
view details
<<includez>-~ e

.= .
\ <=include=> <<Extends>
loaddata }------------3 o
= ~=ginclude>> [

ey
Tx<lagiude>> . ehn T
hE <<Include»

-<Includg =
s Ceede amy
=
.
.
.
recommendation for fop place

<sHiclude=>

/ L
preprocess daia

Administrator

Model Recommendation

Figure 3.15: Use Case Diagram of The System.
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3.4.2 Sequence Diagram

3.4.2.1 sequence diagram (sign in or sign up )

sd sign in or sign up .

User Authentification Server

conneclion request

w

connection request
get started (‘ """"""""""""
< |
i [[havelgccount]] I
sign in (usemame passiord) > verify informafions [
sign in seceessiul O LT E LR
(‘ ------------------ ACCE35 pEMission |
|
|
[[elzg] I
|
|
create accountjusemame passwaord email) |
P save I
Sign Up success
T T
| |
Il | |
T T

Figure 3.16: Sequence Diagram of sign in or sign up
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3.4.2.2

sequence diagram (administrator sitting)

sd Administrator sitting

send dat set

Recommendafion
model

Administrator dataset
I I
| |
| |
| |

ref
sign in or sign up
load data
b
L
send dala
LR E L T
preprocess data
Y
Lgl
send preprocess data
< ______________________________
add admine u
Ld
new adming add
( ..............................
create data N
Ldl
R L EECEEEE L PP

L
|
|
|

H
|
|
|

generale recommendation

frain model

e e

Figure 3.17: Sequence Diagram of Administratoe sitting
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3.4.2.3 Sequence diagram for travel web application

Travel web administrator
application
T
| ]
| ]
1 |
ref |

sign in or sign up

requesis data

makes booking

confirms booking

view details

provides recommendations

>

g

3

recommendation
model

Administrator sitting

|:lD generates recommendation

requesis data

----------- >

send result

displays details
performs dearch
P
displays detaills
edit prodile
uodate profile
T

Figure 3.18: Sequence Diagram
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3.4.3 diagram of class

user

+Usemame:sting
+email sting
+password: sting
+1d: integer

+sgaich disinaion(in place name: sting)

+makeboaking(in fullname  sting, in DesEinafions: sting, in numberpepol: string, in numbrphone; sking, in amvals: date, inleaving: sting): boolean
+5erch and view hotels deatais (n name state:sting, in name hotel.sking)

+58arch and view restaurent defails (n name state:sking, in name restaurent sting) Boking

t

+fullname :sfring
+(istinafion - string

+umberpepol - sting
Plces + aild: g
+{(:sting U + eging: e
*+{lace name:sting fravel web appication
+Descripion : sting -
+ Calegory:sting *deasfing
+City:sting ! +iinininusemame: stin, i password:sing): boolean 0
+Pricg - nleger (1| *signup{in usemae: sring,in password:strng, inemalk sting): boolean
+Raingnfeger +loadDeta(in datz sting) =
+Time Minutes :sti.. + eprocessDatased ez sting) Administrator
+Coordinate: sing +realeDataselin data sting) +(semame: sting
+Lalting + generateRecommendaon(in date: sting):sting #| + passord sfing
+Long: sfing ) u ¥ +id: ineger
' +la managmentn data: $ting): sting
hotels ! data !
10 neger Restaurent +1awData : fing
+ el ting +if:neger LE T +pcesseda sting |1
:mﬂ:‘mﬂ +aneresagen sig Hlheger o0
N +stas: g +namestate:sting
+numberphnne.slnng Joson-sfing + e g
+Payment Method - sting ) o +0ldorice: st
s g +pumberphqneresiaurent.smng L _9_ -
s N st sting +discrepfion sting Recommendation model
+pqce5|qglemum.st!1ng +payment meihode: sting +mage sting i
+rice Twin Room sting _ N
e FamilyRoom; sting 0.1+ ainodelndat: sng: ineger
+Tecommendafon top place(in data: string]: sing

Figure 3.19: Sequence Diagram
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3.5 conclution

In this chapter we have presented and described our solution in detail. First we have presented
our general architecture and then we have moved on to our detailed architecture which shows
the actors in our system, we have introduced each component and how it works and we have
added some algorithms and flowcharts used. After that, we have presented its functionality in
the form of mock algorithms, then in the form of use cases and sequence diagrams. In the next
chapter we will represent the implementation of our system.
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Implementation

4.1 Introduction

In this chapter, our primary focus will be on the implementation and practical aspects of our
project we have developed. We will begin by introducing the tools we have utilized, including
software, hardware, and applications.

41.1 HTML
HTML is an acronym for HyperText Markup Language. H T M L
HTML documents, the foundation of all content appear-

ing on the World Wide Web (WWW), consist of two es-
sential parts: information content and a set of instructions
that tells a computer how to display that content. The in-
structions, the “markup,” in editorial jargon, comprise the
HTML language. It is not a programming language in the
traditional sense but rather a set of instructions about how
to display content. The computer application that trans-
lates this description is called a Web browser. Ideally,
online content should always look the same regardless of
the browser used or the operating system on which it re-
sides, but the goal of platform independence is achieved
only approximately in practice. [26] Figure 4.1: HTML
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4.1.2 CSS

CSS stands for Calderbank-Shor-Steane codes, which are
a type of quantum error-correcting code used in quantum
computing [27]

* They are a subclass of stabilizer codes, which are a : 5 5
class of quantum codes that can be defined using a
set of generators of the Pauli group on n qubits

* CSS codes are particularly useful for protecting
quantum information against decoherence, which
is the loss of quantum coherence due to interac-
tions with the environment In the context of quan-
tum computing, CSS codes play a crucial role in the
construction of magic distillation protocols, which
are essential for fault-tolerant quantum computing

» They have been used to obtain distillation bounds
that can outperform previous monotone bounds in
regimes of practical interest

Figure 4.2: CSS

4.1.3 PHP

PHP is a popular general-purpose scripOng language that
is especially suited to web development. —php.net Re-
cursive acronym: “PHP: PHP Hypertext Preprocessor”
w3techs.com reports that PHP is used on 81.2% of all
websites php.net claims PHP ”is installed on” 244 million
websites PHP is used by Facebook, Wikipedia, Twiter
and many other large sites. PHP underlies many Con-

tent Management Systems including Drupal and Word- .
Press. [28] Figure 4.3: PHP

4.1.4 XAMPP

XAMPP is meant only for development purposes. It has
certain configuration settings that make it easy to develop
locally but that are insecure if you want to have your
installation accessible to others. If you want have your
XAMPP accessible from the internet, make sure you un-
derstand the implications and you checked the FAQs to
learn how to protect your site. Alternatively you can use
WAMP, MAMP or LAMP which are similar packages
which are more suitable for production. [29]

Figure 4.4: XAMPP
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4.1.5 Python

Is an object-oriented, interpreted, mid-level program-
ming language that is simple to learn and use, and it is to-
day regarded as one of the best programming languages to
learn. Some of the reasons for its success include its free,
open-source nature and large online community. [30]

4.1.6 Java Script

JavaScript ¢ a linguagem de programagdo da Web.
JavaScript faz parte da triade de tecnologias que todos
os desenvolvedores Web devem conhecer: HTML, para
especificar o contetido de paginas Web; CSS, para especi-
ficar a apresentagao dessas paginas; e JavaScript, para es-
pecificar o comportamento delas

Se vocé ja conhece outras linguagens de programagao,
talvez ajude saber que JavaScript ¢ uma linguagem de alto
nivel, dinamica, interpretada e nao tipada, conveniente
para estilos de programagao orientados a objetos e fun-
cionais. [31]

4.1.7 Colaboratory

Colaboratory is a free Jupyter notebook environment pro-
vided by Google where you can use free GPUs and TPUs
which can solve all these issues. It contains almost all
the modules you need for data science analysis. These
tools include but are not limited to Numpy, Scipy, Pan-
das, etc. Even deep learning frameworks, such as Ten-
sorflow, Keras and Pytorch are also included. [32]
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4.1.8 Kaggle

Kaggle allows users to find datasets they want to use in
building Al models, publish datasets, work with other
data scientists and machine learning engineers, and en-
ter competitions to solve data science challenges. a e
Kaggle got its start in 2010 by offering machine learning
and data science competitions as well as offering a public

data and cloud-based business platform for data science
and Al education.. [33]

Figure 4.8: Kaggle

4.2 Machine learning Model Implementation

This part explains the machine learning process to recommend the best places. To do this, we
used kaggle platform that allows the use of Notebook to execute forms.

First we must install a library LightFM :

pilp dAnstall 1ightfm

Figure 4.9: install LightFM -1-

Collecting lightfm
Dounloading lightfm-1.17.tar.gz (316 kB)
316.4/316.4 kB 3.7 1B/ eta a

Preparing metadata (setup.py) ... done
Requirement already satisfied: numpy in /opt/conda/lib/python3.18/site-packages (from lightfm) (1.26.4)
Requirement already satisfied: scipy»=@.17.8 in /opt/conda/lib/python3.18/site-packages (from lightfm) (1.11
4)
Requirement already satisfied: requests in /opt/conda/1ib/python3.10/site-packages (from lightfm) (2.31.8)
Requirement already satisfied: scikit-learn in /opt/conda/lib/python3.18/site-packages (from lightfm) (1.2.2)
Requirement already satisfied: charset-normalizer<4,>=2 in /opt/conda/lib/python3.16/site-packages (from requ
ests-»lightfm) (3.3.2)
Requirement already satisfied: idna<4,»=2.5 in /opt/conda/lib/python3.10/site-packages (from requests-»lightf
m) (3.8)
Requirement already satisfied: urllib3<3,»=1.21.1 in /opt/conda/lib/python3.10/site-packages (from requests-»
lightfm) (1.26.18)
Requirement already satisfied: certifi»=2017.4.17 in /opt/conda/lib/python3.18/site-packages (from requests-»
lightfm) (2024.2.1)
Requirement already satisfied: joblib»=1.1.1 in /opt/conda/lib/python3.18/site-packages (from scikit-learn-»l
ightfm) (1.4.2)
Requirement already satisfied: threadpoolctl»=2.8.8 in /opt/conda/lib/python3.18/site-packages (from scikit-1
earn->lightfm) (3.2.0)
Building wheels for collected packages: lightfm

Building wheel for lightfm (setup.py) ... done

Created wheel for lightfm: filename=1lightfm-1.17-cp318-cp31@-linux_x86_64.uhl size=464713 sha256=77635d1984
ab3443efed3d70ce5aTc081940c922f f501758FaadB122985008

Stored in directory: /root/.cache/pip/whesls/4f/%b/7e/00256F2168511d8f addacdTac0208Tdbd729eb4242912ad636
Successfully built lightfm
Installing collected packages: lightfm
Successfully installed lightfm-1.17
Note: you may need to restart the kernel to use updated packages.

Figure 4.10: install LightFM -2-

next, we imported what was needed The beams shown in Figure 4.11
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# Importing pandas library and aliasing it as pd
import pandas as pd

# Importing numpy library and aliasing it as np
import numpy as np

# Importing Path class from pathlib module
from pathlib import Path

# Importing pyplot module from matplotlib 1ibrary and aliasing it as plt
import matplotlib.pyplot as plt

# Importing LightfM class from lightfm library
from lightfm import LightFM

# Importing Dataset class from lightfm.data module
from lightfm.data import Dataset

# Importing auc_score function from lightfm.evaluation module
from lightfm.evaluation import auc_score

Figure 4.11: Import packages

4.2.1 Dataset Import and Preparation

We collected the data set “Tourism Destination” and modified it according to what we needed.
The dataset contains 3 files :

tourism rating:

tourism_rating.csv contains 3 columns, namely the user, the place, and the rating given, serves
to create a recommendation system based on the rating ,As shown in the following image 4.12
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User_Id Place_Id Place_Ratings

0 1 179 3
1 344 .
z 1 5 5
3 1 373 3
4 1 101 4
9995 300 425 z
9996 300 64 A
9997 300 311 3
2998 300 279 A
9999 300 163 z

10000 rows = 3 columns

Figure 4.12: Our Dataset -1-

Tourism_with_id:

This dataset contains data for 400 tourist attractions from 5 large cities in Indonesia, As shown
in the following image 4.13

Userdd Placeld Place Ratings Place_Name Description City Category

Situs Ratu Baka

CandiRatu  atau Candi Boko

0 1 179 3 Yogyakarta  Budaya

Boko (Hanacaraka:ama...
Pantai Marina
Pantai [bahaga Jawa: .
1 1 344 2 Marina L1ﬁ1iia1%:m, Semarang  Bahari
rans...
Atlantis Atlantis Water Taman
2 1 5 5 Water Adventure atau Jakarta Hiburan
Adventure  dikenal dengan A...
s e et
3 1 aF3 3 Kereta Pl . Semarang  Budaya
Ambaraa (bahasa Inggris:
In...
Kampung Kampung wisata
1 1 101 A Wisata Sosromenduran Yogyakarta Budaya
Sosro merupakan

Menduran kampung...
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Waterpark Waterpark

vy -

9995 300 425 2 Kenjeran | KEMIeran Surabaya g o Tamen
o merupakan wisata Hiburan
Surabaya ’
Muszum .
o Museum Sasmita
Sasmita

9996 300 84 4 Lok Loka Ahmad Yani  Jakarta Budaya
e adalah salah sa...

Ahmad Yani
The Lodge
The Lodge  Maribaya adalah Cagar
Q E S
R Al : Maribaya salah satu tempat Bandiing Alam
Wi...
:1;;!:3 Masjid Agung
gee8 300 278 4 Trans ;fn‘jms;“féa Bandung E;‘ﬁ‘
Studio . !
Bandung berdir...
Kawasan Tebing
Watu Mabur - Cagar
¥} i W: P Wommlonphe :
9993 300 163 2 Mangunan Watu Mabur ini ogyakarta Al

terbilang belum ...

Figure 4.13: Our Dataset -2-

user:

user.csv which contains dummy user data to generate recommendation features based on the
user, As shown in the following image 4.14

User Id  Location Age username password email
1 Semarang, . 20 usel 1 usel@gmail.com
2 Bekasi, Jaw 21 use2 2 use2@gmail.com
3 Cirebon, Ja 23 use3 3 use3@gmail.com
4 Bekasi, Jaw 21 used 4 used@gmail.com
5 Lampung, 20 uses 5 use5@gmail.com
6 Jakarta Utal 18 useb 6 useb@gmail.com
7 Jakarta Sel: 39 use? 7 use7@gmail.com
§ Bandung, J: 40 used 8 used@gmail.com
9 Surabaya, ) 38 used 9 used@gmail.com
10 Bekasi, Jaw 39 useld 10 usel0@gmail.com
11 Yogyakarta, 20 usell 11 usell@gmail.com
12 Bogor, Jaw: 37 usel2 12 usel2@gmail.com
13 Depok, Jaw 18 usel3 13 usel3@gmail.com
14 Jakarta Pus 26 useld 14 useld@gmail.com
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300 Ponorogo, . 26 use300 300 use300@gmail.com

Figure 4.14: Our Dataset -3-

To use this dataset, the first step is to import it as shown in Figure 4.15

# Define constants
DATA_PATH = "/kaggle/input/indonesia-tourism-destination”

# Load data

def load_data():
info_tourism = pd.read_csv(T" {DATA_PATH}/tourism_with_id.csv")
tourism_rating = pd.read_csv(f " {DATA_PATH}/tourism_rating.csv")
users = pd.read_csv(f" {DATA_PATH} /user.csv")
return info_tourism, tourism_rating, users

Figure 4.15: Import Our Dataset

Then to prepare the dataset we split it into Features/Target as shown in Figure 4.16 Function to
split data into training and validation sets

After, we resized the distribution of features values so that the mean of the observed values is 0
and the standard deviation is 1 with StandardScaler and split the dataset into training sets 80%
and testing sets 20% which we chose as the best splitting, with convert the data . as shown in
Figure 4.17

user_items = df[['user', 'place’]].values
ratings = df['Place_Ratings'].values.astype(np.float3?)

Figure 4.16: Dataset Split Code

# Split user-place interactions and ratings into training and validation sets
train_user_itens, val_user_items, train_ratings, val_ratings = |
user_itens| :train_indices)
user_itens|train_indices:]
ratings| :train_indices],
ratings| train_indices: ]

Figure 4.17: Dataset Preparation
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+ train_indices calculates the index to split the data into 80% training and 20% validation.
* train_user_items contains the first 80% of user_items for training.
* val user_items contains the remaining 20% of user_items for validation.

* train_ratings contains the first 80% of ratings for training. val ratings contains the re-
maining 20% of ratings for validation.

To explain more about how to predict A matrix is a representation of interactions between users
and items, where each row represents a user and each column represents an item. However, the
values in this matrix are not only binary (0 and 1), but seem to indicate the strength or intensity
of interaction between users and items,as shown in Figure 4.18

Adjacency Matrix:

[[1 @& ... &8 & @]
[@ 1 & ... @ & a]
[@ 1 2 ... @ @ @]
[@ @ 1 ... @ & 1]
[ @@ ... 2 @ @]
[ @@ ... @ 8 a]]

Figure 4.18: interactions matrix

* Rows correspond to users, and columns correspond to items.

* The value at position (i, j) indicates the strength or intensity of the interaction between
user i and item j.

A value of 0 indicates no interaction between the user and the item.

* Non-zero values indicate a certain level of interaction, with higher values typically rep-
resenting stronger interactions.

For example:

* Row I (User 1) has strong interaction (value 2) with item 3 (column 3), but no interaction
with other items.

* Row 2 (User 2) has strong interaction (value 2) with item 2 (column 2), but no interaction
with other items.

* Row 3 (User 3) has moderate interaction (value 2) with item 2 (column 2) and strong
interaction (value 3) with item 3 (column 3), but no interaction with other items.

* Row n (user n) contains interactions of different strengths with different items.

This is a simple exemple when the data is like thise , as shown in Figure 4.19 and 4.20 :
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data = {

"User_Id": [1, 2, 3, 4, 5],
'Place_Id": [101, 102, 103, 104, 105],
'Place_Ratings': [5, 3, 4, 2, 1]

J

df = pd.DataFrame(data)

Figure 4.19: Create a sample dataframe

A

[L

Figure 4.20:

Jacency Matrix:

1 8 8 8 aj
a1 e 8 aj
22 18 aj
2 e 8 1 aj
a2 e aa 1]]

interactions matrix of the Previous example

The adjacency matrix you’ve printed represents the interactions between users and items, where
each row corresponds to a user and each column corresponds to an item. Here’s how to interpret

the matrix:

- Rows represent users, and columns represent items.

- The value of 1 at position (i, j) indicates that user i interacted with item j.

- The value of 0 at position (i, j) indicates that user 1 did not interact with item j.

Interpreting the given adjacency matrix:

* Row 1 (user 1) interacts with item 1 (column 1).

* Row 2 (user 2) interacts with item 2 (column 2).

* Row 3 (user 3) interacts with item 3 (column 3).

* Row 4 (user 4) interacts with item 4 (column 4).

* Row 5 (user 5) interacts with item 5 (column 5).

All other entries in the matrix are 0, indicating no interaction between those users and items.

Where 1 indicates engagement
ment.

(for example, purchase, click, rating) and 0 indicates no engage-
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4.2.2 Training the ML Model

Machine learning algorithms were used lightFM

model.fit(interactions, epochs=188,verbose=True)

epoch: 100%| NI 120/100 [20:01<00:00, 69.05it/s]
<lightfm.lightfm.LightFM at @x7fcdSlcelfel:

Figure 4.21: Define and train the LightFM model

epochs = 166
adadelta_auc = []

for epoch in range(epochs):
model.f1t_partial(interactions, epochs=1)
adadelta_auc.append(auc_score(model, interactions).mean())

Figure 4.22: Training the ML Model

In the end we have this result for acc:

AUC 5core: @.9995267

Figure 4.23: Accuracy ratio

4.2.3 The API server
4.2.3.1 difintion

An API server is a type of software that allows different applications to communicate with
one another. It is an intermediary between different systems, allowing them to share data and
functionality. This can include providing access to data, automating a process, or acting as a
backend for an application.

The lightFM model will be saved to a JSON file with the pickle pip installed. To connect it with
the web application, as shown in Figure 4.24
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# Load model
open('saved model.pkl', 'rb! i

model = pickle.load(f)

Figure 4.24: Saving Code of LightFM Model

* The recommender system model works with API and JSON files, using Python and Flask
* We created an API for the recommendation service using the trained model

* Which performs JSON processing: reading and writing data in JSON format for input
and output
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4.3 Web Application Interface

4.3.1 front face
4.3.1.1 Logine Page :

Every user must have an account to access the application. Anyone who has an account can log
in with the user name and password as shown in the image 4.25

Sign In And Get Started

Welcome To The World Of Travel Try And Enjoy With Us The Best Offers And

Tourist Areas

Usarname
| Souria ‘
Passwiard

E |

Don't You Have An Account? Sign Up

Figure 4.25: Login Page
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4.3.1.2 register page :

For people who do not have an account, they can create an account with us in simple steps, as
shown in the image 4.26

Sign Up And Get Started

Welcome To The World Of Travel Try And Enjoy With Us The Best Offers And

Tourist Areas

Usarname

L

Email

L]

Passward

L]

Confirm Password

Already Have An Account? Sign In

Figure 4.26: register Page

When entering the platform, there is a part for the user and another for the administrator, ex-
plained as follows :
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4.3.2 Admin
4.3.2.1 Dashboard :

The interface will contain collections of the total number of all users, the total number of admin-
istrators, the total number of hotels in the application, the total number of existing restaurants,
the total number of places, the total number of reservations made by each user, and the total
number of advertisements, as shown in the following image 4.27 :

e TRAVEL SOURIA

@ Bsstibosd Dashboard

Admin Prafile TOTAL REGISTERED ADMIN ADVERTISEMENTS USERS

Total Admin: 2 Total advertisements: 8 Total Users: 300 e Total Reservation: 4

RESERVATION

Addvertisment
Total Restaurant: 3

Reservation

Total Hotels : 15

Figure 4.27: Dashboard Page

4.3.2.2 Admin Profile :

In this part of the platform, we find a table containing all the administrators who can modify
the application data with their private information, such as a user name, email, and password,
as shown in image 4.28, so that new officials can be added, shown in image 4.29, by adding
their information represented by a user name and Email, password, and confirm the password.

Also, each administrator can modify his personal file by clicking on the edit button, and the page
for modification is shown in image 4.30,and there is also the feature to delete an administrator.
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e TRAVEL SOURIA ADMIN 0
Admin Profile JEGLEY TN

D Username Email Password EDIT DELETE

1 malak malak@gmail.com 12 DELETE
DELETE

@ Dashhoard

Admin Profile

Addvertisment

3 souraya souraya@gmail.com 123

hotels

Resteaurent

Reservation Caopyright © salhaoui souraya 2024

Figure 4.28: Admin Profile

Add Admin Data

Username

Enter Username
Email

Enter Email
Password

Enter Password
Confirm Password

Confirm Password

Figure 4.29: Add Admin Profile
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e TRAVEL SOURIA

@ Dashboard
EDIT Admin Profile

Admin Profile Username

souraya
Addvertisment
Email

Places souraya@gmail.com

Resteaurent

Reservation

Copyright © salhaoui souraya 2024

Figure 4.30: Update Admin Profile

4.3.2.3 Administrator settings Addvertisment :

In this part of the platform, advertisements containing discount offers are renewed by the ad-
ministrator, and the details of each advertisement are as shown in the following image 4.31, in
addition to the feature of deleting the advertisement when its duration expires and modifying
the advertisement.

Also, new advertisements can be added using the Add Advertisement and Dictate button. Its
information is as shown in image 4.32
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® traveL v

@ Dashboard

Administrator settings [ERLEY nts

ID  namstate

newprice  oldprice = note

21 oren 2500 3000 Special offer for a weekend getaway at one of the tourist resorts in Oran, the offer indudes Luxury
accommodation and free breakfast.

22 | Constantine | 6000 7000 An opportunity to enjoy a tour in the dty of suspension bridges, Constanting, the offer includes accommodation
in a five-star hotel and accompanied tours.

[ — 23 | Biskra 3300 3700 Enjoy a peaceful and comfortable stay in the heart of the oasis city, Biskra. The offer includes accommodation
in a wonderful hotel with vi of the oases and beautiful gardens, as well as guided tours to explore the
archaeological sites and the stunning nature surrounding the city. Tours include a visit to hat springs and an
aasis famous for its luxurious Deglet Nour dates.

24 Annaba 4000 4500 Enjay a stay in ane of the hotels overloaking the sea in Annaba, the offer includes breakfast and dinner in
addition to various marine activities.

25 | Algier 5200 6000 An unmissable opportunity to stay in a luxury hotel in the heart of the Algerian capital. The hotel is centrally
located and close to tourist attractions and shopping malls. The offer includes one night's stay with
complimentary breakfast at the hatel's luxurious restaurant. Enjoy panoramic views of the city and visit
historical sites such as the Kasbah and the Jardin des Experiments. The offer also includes free Wi-Fi and use
of the fitness and spa facilities.

26 | Batna 3700 4200 Discover the magic of the Aures with a special offer for accommodation in a hotel in Batna, including tours of
historical sites and the surrounding mountains.

27 | Mostaganem | 4200 4800 Discover the beauty and charm of the coastal province of Mostaganem with a special offer to stay in a hotel

averlooking the sea. The offer includes a one-night stay with breakfast and lunch at the hotel restaurant,
which serves delicious seafood dishes. Enjoy the sandy beaches and water activities such as surfing and

rowing. In addition, the hotel offers guided tours to explore the cultural and historical landmarks of

Mastaganem

Figure 4.31: Addvertisment page

Add Admin Data

Mame State

Enter Name State

New Price

Enter New Price

Old Price

Enter Old Price

Description

Enter Description

Image

Figure 4.32: Add Addvertisment
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e TRAVEL S0URIA

@ Dashboard
EDIT advertisements

namstate

Admin Profile

Addvertisment

Image

Choose File | Mo file chosen

Figure 4.33: Update Addvertisment

4.3.2.4 Administrator settings Places:

We have allocated a special section for expanding data on places, so that each time new places
are added and displayed to the user, we make the database large and diverse with places shown
in Figure 4.34, where every administrator can add new places using the add button and fill out
the information about the new place shown in Image 4.35 and Image 4.36 :

also can delete any area using the delete button or modify it using the edit button shown in
Image
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gz s [

Place Id  Place_Name Description Category City Price Rating  Time_Minutes  Coordinate Lat Long EDIT DELETE

1 arumen b Marumen Masianal atau v puler disingkat dengan Monas atau Tigu Manas adalsh monumen peringa Budaya 4 £ ﬁ ﬁ
132 meter (433 kak) yang didiikan untuk mengenang perlawanan dan perjuangan rakyat Indoncsia untuk me
hemerdeicaan dari pemerintahan kolcnial Mindia Bckanda. Pembanguran monumen ini dimula pada tanggal 17
Agustus 1961 di bawah perintah presiden Sackamo dan duka untuk umum pada tanggal 12 Jub 1975 Tuguimi
dimahkotai lidah api yang dila

ot

2 cta Tun - a 45 a0 7544 8171245

1 Keta Tuz Budaya o 6 a0 61376448 | 106817124 ﬁ
antik, sedangkan Museum
dengan makanan kaki lima,

1 Dunia Fantasi Taman 46 1068338377 ﬁ ﬁ

Hiburan
4 Taman Mini “Taman Mini Indonesia indah merupakan suat ka i i Jakarta Timur. Area

‘63

sih 150 haktare atau 15 kilomatar

3 A ta air tak Taman
petuslangan di B Hiburan

di

Nater Adventure atau dikenal

106.839:

Adventure akcan, Temg:

lam Anti Kidddy Peal, dan Atlantcan, B

a Baycity, Atlantis bisa menjadi pilihan &

6 Impian lays | Taman Impian Jaya Ancol menupaan schuah objek wisata di fakarta Utara i Taman 25000 10 1 ﬁ @
Hiburan
7 ¥ebun Binatang Ragunan adatah sehuah kebun binatang yang terictak di dacrah Ragunan, Pasar Minggu, kakarta Cagar Alam | Jak 4000 1068201865 ﬁ ﬁ
Selatan, Indonesia. Kebun binatang seluas 140 hektare ini didirkan pada tahun Didalamnya terdapat berbagai
yang terdin dari 2
par ena
Oktabr 2005 Kabun binatang ini memilik ban,
anaa dan gajah
1 aman dan tidak Taman 61250017 | 1068363249 ﬁ ﬁ
dimainkan di tempat Hiburan

rekreasi kel

Figure 4.34: Places Page

Add Place Data

Name Place

Name Place

Description

Enter Description
Category

Enter Category
City

Entre City
Price

Entre Price

Rating

Entre Rating

Time Minutes

Entre Time Minutes
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Entre Price

Rating

Entre Rating

Time Minutes

Entre Time Minutes
prix1r

Entre prix1r
Coordinate

Entre Coordinate
Lat

Entre Lat

Long

Entre Long

Figure 4.35: Add Places

EDIT Places

Adrin Profile norhatel

hatelib
Addvertisment
starts

5 starts

adresse
VP3HFIF
Resteaurent
tifhotel
S 03361969
prixhatel
589.00
idw
7
prix2r
1000
prixlr

2000

prixfr

3000

(CANCEL

Figure 4.36: Update Places
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4.3.2.5 Administrator settings Hotels:

We clearly see in image 4.37 a table displaying all the hotels in the database displayed by the
application

To make the database large, this is a section dedicated to adding hotels by administrators. This
is done through the Add Hotels button and fill out the displayed information as shown in Image
4.38 It is then displayed in the application to the user where there is a deletion feature, and the
information can also be modified as shown in Picture 4.39

e TRAVEL S0URIA o )

@ Dashboard

Administrator settings LR 0
ID  nomhotel starts adresse tifhotel prixhotel idw prix2r | prixlr | prixfr EDIT DELETE

1 hateljb Gstarts | VPIH+FIF e an e oo . o0 | 2000 | 2000 m
2 Hammam Salihine 2starts | VP45+626 Hammam Salihine, route de batna, Biskra 07014 | 0336587 82 DZD 6,501 7 100 200 200 m
3 Ziban Hotel Jstarts | Biskra 033539009 DZD 7,007 7 100 250 350 m

Resteaurent
4 AMINE Istarts | 12, Rue Mohamed Khmist (213) 033 85 24 04 all methods | 5§ 1000 | 2000 | 3000 m DELE[E
Sstarts | boulevard du 19 mars, route des falaises,oran 31000 123456 cart 31 231 285 564 DELHE
6  ELAURASSI Bstarts | Bd. Frantz Fanon (213) 0217482 52 lmethonds | 16 | 1200 | 2300 | 3000 m
7 HOTEL INTERMATIOMAL | Bstarts | Pins Maritimes, El Mouhammadia (213] 021 21 96 96 dimetiods | 16 | 2000 | 3500 | 5000 m
8 SHERATOM Sstarts | Club des Pins (213)021 73 5040 all methods 16 3000 | 4500 12000 m
e Setarts | 3 Bd dela Soummame (213)041392356/383279 | allmethods | 31 | 6000 | 7000 | 20000
10 | SHEMS 4 starts | AIN EL - TURK Place du 20 Aolt (213) 04138 1533/391387 | allmethouds | 31 | 3000 | 4000 | 5000
11 ELBORDJED-DAHABI | 3starts | Complexe Touristique { MELBOU) (213)03423 73 12 allmethods | & 1000 | 1500 | 2500 m

Figure 4.37: Hotels page

Admin Profile

Addvertisment

Places

o
g
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Add Admin Data X

nomhotel

Enter nomhotel
starts

Enter starts
adresse

Enter adresse

tifhotel

Entre tifhotel

prixhotel

Entre prixhotel
idw

Entre idw
prix2r

Entre prix2r
prixlr

Entre prix1r

prixfr

Entre prixfr

Figure 4.38: Add Hotels

> A

EDIT Hotels
Admin Profile nomhatel

Hammam Salihine
rtisment

starts
2 starts
htels adresse

WP45+626 Hammam Salihine, route de batna, Biskra 07014
Resteaurent

tithotel

Resarvation

0336587 82

prixhotel

DZD 8,501

3

Figure 4.39: Update Hotels
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4.3.2.6 Administrator settings Restaurent:

Restaurant service has also been allocated where the administrator can Because restaurants are
also among the most important and priorities of tourists, a special service has been allocated
for them, shown in Picture 4.40, where all the restaurants located in various places are added
on a regular basis, filling out all information related to them, as shown in Picture 4.41, and all
information can be renewed in the event of Changing one of the pieces of information is shown
as follows in Image 4.42, as well as the deletion process .

e TRAVEL SOURIA ADMIN 22

@ Dashboard

Administrator settings [l ESENED

Admin Profile
ID  nomrest starts adresse num tif idw prixmth EDIT DELETE
Addvertisment
7 faste food why not 3 starts Opposite the university 0667480660 0 all methods m DELETE
8 ELDENINA Astarts 10, rue franklin Roosevelt 021.7440.26 16 Allmethods m DELETE
9 LETALON 3starts 02, rue Bitche 0661572950 0  ellmethods m DELETE
Resteaurent
Reservation
Copyright & salhaoui souraya 2024

Figure 4.40: Restaurent Page
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e TRAVEL SOURIA

@ Dashhoard

Admin Profile

Addvertisment

hotels

Admin parametre

nomrest

Enter nomrest

starts

Enter starts

adresse

Enter adresse

numrest

Entre tifhotel

idw

Entre id

state

pyment methose

Entre prix2r

Figure 4.4

EDIT Admin Profile

nomrest

EL DJENINA
starts

4 starts

adresse

10, rue franklin Roosevelt

numrest

021.74.40.26

idw

16

prixmth

All methods

Figure 4.42

1: Add Restaurent

: Update Restaurent
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4.3.2.7 Administrator settings Reservation:

In this reservations section, a list of all people who have made a reservation will appear to the
administrator.as shown in image 4.43

e TRAVEL SOURIA ADMIN [

# Dashboard

reservation

Admin Profile fullname Destinations nbrpep numero arrivals leaving DELETE

Addvertisment souraya biskra 2 0676105219 2024-02-22 2024-03-21 DELETE

othmane oren 3 0668211193 2024-06-26 2024-09-10 DELETE

hotels
e fatima alger 1 0665951640 2024-05-23 2024-08-15 DELETE

Resteaurent

farah chlef 5 0785693271 2024-05-01 2025-01-25 DELETE

Reservation

Copyright © salhaoui souraya 2024

Figure 4.43: Liste of Reservation
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4.3.3 user
4.3.3.1 Rating

On the user’s page, the section for liking appears in the Dashboard interface, as shown in image
4.44 | Image 4.45 shows the stages of adding a like, which is in the name of the user, the location
that liked it, and its star rating.

Rating

user Profile

Post your review about your travel exprience with us

log out

Home Sample Product

=

Write Review Here

Review

=

- N W s
2 2 2 E =

=

0 Review

Copyright © salhaoui souraya 2024

Figure 4.44: Rating page
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Submit Review

souria

entra name place

Figure 4.45: Add Rating

4.3.3.2 EDIT user Profile

On page 4.46, the modifications that the user can make appear. He should do it on his personal
file that contains his information

e TRAVEL SOURIA

@ Rating
EDIT user Profile

user Profile Username

souria
log out

Email
Home
souria@gmail.com

Password

Copyright © salhaoui souraya 2024

Figure 4.46: EDIT user Profile
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4.3.4 home

Figure 4.47 describe our web Application home interface where :

WELCOME Souria

Home About Services Advertisements Gallery

WELCOME TO US TRAYEL

A Variety Of Different Trips And Diffdrerg |tifg@Faries
F,Your omfort. TravélS]f:'JuriaO ells Ypu

B

—_—
—
_
—_— -

Figure 4.47: Home Page
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1. About : Description About us and our Start-up. as shown in the image 4.48

About Us

Welcome To Qur Journey

Embark On Unforgettable Journeys

We Offer A Different Offers Every Month. Do Not Miss Them And Enjoy

Figure 4.48: About Page

2. Services : Describes the various sub-services available in our web application . as shown

in the image 4.49
Our Services
i 4
#4444 i
Affordable Hotel Places Food & Drinks
Enjoy The Most Wonderful Hotels With Us. Enjoy Visiting Different Places In Each State With Us. Learn About The Various Restaurants And Delicious

Foods With Us.
See More See More

Figure 4.49: Services Page
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3. Advertisements : A special section for the organization’s advertisements and offers,
which include discounts on trips. as shown in the image 4.50 and image 4.51

WELCOME Souria

Home About Services Advertisements Gallery

Advertisements

Oren

DA2500 53268

Special Offer For A Weekend Getaway At
One Of The Tourist Resorts In Oran, The
Offer Includes Luxury Accommodation
And Free Breakfast.

WELCOME Souria

Algier
DAB200 sassee

An Unmissable Opportunity To Stay In A
Luxury Hotel In The Heart Of The
Algerian Capital. The Hotel Is Centrally
Located And Close To Tourist Attractions
And Shopping Malls. The Offer Includes
One Night's Stay With Complimentary
Breakfast At The Hotel's Luxurious
Restaurant. Enjoy Panoramic Views Of
The City And Visit Historical Sites Such
As The Kasbah And The Jardin Des
Experiments. The Offer Also Includes
Free Wi-Fi And Use Of The Fitness And
Spa Facilities.

Constantine
DABO00 s4zse2

An Opportunity To Enjoy A Tour In The
City Of Suspension Bridges, Constantine,
The Offer Includes Accommaodation In A
Five-Star Hotel And Accompanied Tours.

Biskra
DA3300 sazzee

Enjoy A Peaceful And Comfortable Stay
In The Heart Of The Oasis City, Biskra,
The Offer Includes Accommodation In A
‘Wonderful Hotel With Views Of The
Oases And Beautiful Gardens, As Well As
Guided Tours To Explore The
Archaeological Sites And The Stunning
Nature Surrounding The City. Tours
Include A Visit To Hot Springs And An
Dasis Famaus For Its Luxurious Deglet
Nour Dates

Figure 4.50: Advertisements Page -1-

Home About Services Advertisements Gallery

Batna
DA3700 saszse

Discaver The Magic Of The Aures With A
Spedal Offer For Accommodation In A
Hotel In Batna. Including Tours Of
Historical Sites And The Surrounding
Mountains.
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Mostaganem
DA4200 s44s08

Discaver The Beauty And Charm Of The
Coastal Province Of Mostaganem With A
Special Offer To Stay In A Hotel
Overlooking The Sea. The Offer Includes
A One-Night Stay With Breakfast And
Lunch At The Hotel Restaurant, Which
Serves Delicious Seafood Dishes. Enjoy
The Sandy Beaches And Water Activities
Such As Surfing And Rowing. In Addition,
The Hotel Offers Guided Tours To Explore
The Cultural And Historical Landmarks Of
Mostaganem

Figure 4.51: Advertisements Page -2-

Annaba

DA4000 sassee

Enjoy A Stay In One Of The Hotels
Overlooking The Sea In Annaba, The
Offer Includes Breakfast And Dinner In
Addition To Various Marine Activities.

Tipaza
DA4700 sasses

A Great Opportunity To Stay In A Luxury
Resort In Tipaza Province, The Resort
Features Stunning Green Gardens And
Charming Views Of The Mediterranean

Sea. The Offer Includes A Two-Night Stay

‘With Breakfast And Dinner. In Addition,

The Offer Includes A Tour Of The Famous
Roman Archaealogical Sites In Tipaza
And A Visit To The Natural Parks. Guests
Enjoy Free Wi-Fi And Use Of The
Resort's Sports And Swimming Facilities.
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4. Gallery : Itis a photo gallery of the various states in our country, as well as giving tourists
an overview of the beautiful areas . as shown in the image 4.52

Our Gallery

Figure 4.52: Gallery Page

5. information :At the end of the page there is information related to the web application

for anyone who wants to contact us and for more information. As shown in picture 4.53

Contact Info QUICK LINKS OUR SERVICES

@ 213676105219 Browse Destinations Hatels

TRAVEL SOURIA
BLORAN HERE Salhaouisouria@Gmail Com Restaurants

Alger, Biskra Places

Advertisment

Created By Salhaoui Souria Mastre2

Figure 4.53: information Page
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6. book : Any user who wants to book can click on the button for booking flights shown in
the following image 4.54 and in the image 4.55 the Reply book.

Book Your Appointment Now

Travel And Tour With Us In Comfort And Entertain Yourself With Us. What
Are You Waiting For?

Full Name
your full name
Destinations

place name

Number Of People We Always Strive To Provide Your Desires And Make You

number of guests Happy

Phone Number
®

TRAvEL BaURIA

Arrivals

==

yyyy-mm-dd B

Leaving

yyyy-mm-dd B

Figure 4.54: book Page
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You Are Now Reserved
Welcome Souria

Previous Page

Figure 4.55: Reply book

4.3.5 Hotels Services

Figure 4.56 describe our web application Hotels Services home interface where : In this part,
the user tests the state in which he wants to search for hotels, and by selecting it, a list will
automatically appear to him containing all the hotels it contains. After that, the user clicks on
the hotel he desires

Home About room details Contact

Simple - Unigue - Friendly

T Make Yourself At Home
In Our

Select-State select-Hotel

Select State v } Select hote v

Figure 4.56: Home Hotel service
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1. About : Providing a short Description about hotels and their information .As shown in
picture 4.57

[
gl

ABOUT LS

b e Enjoy : beautiful holiday by
SRRl choosing asuitable hotel

Wa provide you with various hatels of different prices. Book now with
HgerTrovel

Figure 4.57: About Hotel service

2. room : When the user click on the hotel you want, information about the prices for the
double room, single room, and family room appears in this section.As shown in picture
4.58

OUR LIVING ROOM

The Most Memorable Rest
Time Starts Here.

Some hotals are well rated in the stote.

Double room Single room Family room

A twin room is for 2 persons travelling A single hotel room is @ hotel room A Family Reom . Double/Twin with an

however the room normally has 2 beds designed for one guest with a single bed. additional sofa bed . Hotels Room Family

Starting from J’night Single rooms qrc ideal for solo travelers to be a room r.-th two :Io.ub\o beds Ihls. is
who want a private and comfortable what they classify as their Standard Twin

place to stay. configuration.
starting from [night starting from [night

Figure 4.58: room Hotel service
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3. details : When the user click on the selected hotel he wants, the detailed information for
the hotel appears in this part, which is shown in the following image 4.59

Il "W ’ M (i ‘ N L “l’ J
Hl Strive Only For The | I |
il Best.

, , , selecta hotel to see ts detcils Irﬁ
name hotel

% starts hotel

adresse hotel

nbrphone hotel

P

(& payment methods

Figure 4.59: details Hotel service

4. Contact :Our information to contact us . As shown in picture 4.60

QUICK LINKS OUR SERVICES CONTACT US

Figure 4.60: Our Contact
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4.3.6 Restaurant Services

Figure 4.61 describe our web application Restaurant Services home interface where : In this
part, the user tests the state in which he wants to search for restaurants, and by selecting it, a
list will automatically appear to him containing all the restaurants that contain it. After that, the
user clicks on the restaurant he desires.

About Menu  Services  Contact

D . e
: g W" Simple - Unique - Friendf
= Make Yourself'§

Select-State select-Resterent

} Select State v > Select Resterent v

Figure 4.61: Home Restaurant service

1. About : Providing a short Description about Restaurant and their information .As shown
in picture 4.62
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Enjoy trying different
restaurants with us

We offer W(h‘h:u‘.mu",'m rants in different statas to try Mr;u:umn

CUISIn.

Figure 4.62: About Restaurant service

2. details : When the user clicks on the selected Restaurant he wants, the detailed infor-

mation for the Restaurant appears in this part, which is shown in the following image
4.63

SERVICES

Strive Only For The
Best.

select a restaurant to see its details

[ name restourant
% storts restaurant

adresse restaurant

=

%, nbrphone restaurant

. payment methods

Figure 4.63: details Restaurant service
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3. Contact :Our information to contact us . As shown in picture 4.64

QUICK LINKS OUR SERVICES CONTACT Us

Figure 4.64: Our Contact
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4.3.7 places Services

This is a page for the places service. Image 4.65 shows the interface, where if someone wants
to know specific information about the places he wants, he will find its details in Image 444,
explained in detail.

i\

jout different |

select-Place

} Select place v

Figure 4.65: places Services page
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* About : In this part there is an introduction to travel and places .shown as follows in
image 4.66

ABOUTUS ——
Enjoy visiting new places
Withus

We offer you different restourants n iferent stotes totry Algerian
cuisineie previds you With verious information about each region you
Weint 1o visit Whit e you wailng for ty i pldces noi,

Figure 4.66: About places Services

* Recommendation service for the best places: In this part, the results of recommending
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places to the user are based on his previous comments about the places.shown as follows

in image 4.67

OUH Floosx

The Most Places.

EQDE Tus

Cotagary 1 Coisgery
oy LRy

Loiiucie: Lz o

Longituda: Langituds:

Frice Frica
oting t

souria (=)

BLSELM Bank Indonesia

Wisana Kulned FeCanargan
Cobsgery:

City

Lotiuda

Lengituda #
Price:

Roding

souria (=

Cobegary T ImiC Coisgery
iy Ciy
Lotfuds: Lz b
Lengituds: Largitude
Frice Frica
Eating Batireg:

Hal Kikormenes 11 asolioborn

Elun-&lun Kol B UG
Cabsgory:

Ciby

Lotuds

Lengituda

Price:

Roding

Cobegany: Tomer Coiegery
iy Oy b
Lotfuds: Lz b
Longituda: Langituds:
Frice Frica
Eating Eatireg:

LN Lakaeon

Figure 4.67: Recommendation service for the best places.

107



CHAPTER 4. IMPLEMENTATION

* details : In this part, there is a card that shows detailed information to the user about the
places, shown as follows in image 4.68

SERVICES

Strive Only For The
Best.

Category
[ city
Rating

9 Latitude

. Longitude
. Price
. Description

’I.

Figure 4.68: details places Services

* Contact :Our information to contact us . As shown in picture 4.69

QUICK LINKS OUR SERVICES CONTACT US

souria (= fravel

Figure 4.69: Contact places Services
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4.3.8 Recommendation score for different users

We see in the following two images the result of a recommendation for users to clarify the
difference between them through their previous likes. We took an example of random users.
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user souria :

COUR Floosx

The Most Places.

EQDE Tus MLSGL Bank Indonasio Wisana Kulned FeCanargan

Cotagany | Coiegery . Cabsgery:

Ly Ciy 3 Ciby= Jm

Lotfuds: Lz b Lotuds

Longiude: areghtuede Lengituda #
[ - Price

ating tireg Reing

Groand iredonasio mall Hal Kikornenes J|solioborn Alun-Alun Kota Bandurg
Cobegary T ImiC Coisgery 3 Cabsgory:

Ly CEy: I Ciby

Loifude: L b Lot iuds

Longiude: Langitude: Lengituda

Frice Frice Fricm:

fating Eatineg: Roing

Losengwangl Cradtive Spoca Guniang Lakakan
Cobegany: Tomer Coiegery

iy Oy [or
Lotfuds: Lz b
Lengituds: Largitude
Price: Frica
tating Eatireg:

Figure 4.70: User souria recommendation score .
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user 60 :

QOUR Flooex

The Most Places.

souria (=) travel

Q00

souria (=) travel

000

souria -_= travel
JETIDOE O K ODO IMSO

Golan wasional Hdonesio Kampung Wisala Tarmam Sar
Cobagary Coisgery Caisgery
CEy City
Lot s Loy byl Lot
Longfudse g ituele ngituds
[ o =
mting - n

souria ._. travel - souria ._. travel
000 000 00
WAL e S

souria (=) travel

Jogia Exeanium Lafiode Sarmii
Cabegarny Coisgary Coiwgory
Ly City
Loifuds Labitude b
ongiude g Hueds ngtuda
[ o =
oting by ¢ n

souria (=) travel souria (=) travel

000

souria (=) travel

Q00 Q000
Cunag Bugbrug

Batunurggol mdoh Clul Sandang Gaulis Kohuripan
Labagary Coisgery Colsgery
CEy Cihy
-] wIT IS Lo oioE
Lpl-Bell-0 ] Frg [T E L=
L} (= ] = |
aiing =3 ¥

Figure 4.71: User 60 recommendation score .
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4.4 conclustion
In this chapter, we first introduce the hardware tools used, then introduce our intelligent model

that predicts travel recommendations and finally introduce our main interfaces for our web
application and the results of our travel recommendation system.
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General conclustion

In the modern travel industry, the ability to understand and cater to individual customer needs
has become a cornerstone for success. This project focuses on developing a sophisticated sys-
tem that harnesses machine learning to enhance the travel planning experience by evaluating
customer preferences and budgets. By comprehensively analyzing customer data, the system
aims to discern the desires and financial constraints of travelers, thus enabling it to recommend
the best tourist destinations tailored to each individual’s interests.

The project goes beyond mere destination recommendations by providing tourism offers that
closely align with the unique desires of each customer. This personalized approach ensures
that travelers receive suggestions that resonate with their specific tastes, enhancing their overall
satisfaction and experience. Additionally, the system endeavors to assess and optimize prices,
adjusting them in accordance with each customer’s budget. This dynamic pricing strategy not
only makes travel more accessible but also maximizes the value for each traveler, ensuring
a memorable and financially feasible trip. Through these innovations, the project aspires to
transform the way people plan and enjoy their travels, offering a seamless, customized, and
budget-friendly experience.

Future work for this project includes several key areas of development: integrating additional
data sources such as social media trends, real-time travel reviews, and local events to provide
more accurate and up-to-date recommendations; developing algorithms that can adapt recom-
mendations in real time based on dynamic factors such as weather conditions, political stability,
and emerging tourist destinations; improving the user interface and experience to make the sys-
tem more user-friendly; including environmental impact assessments to promote eco-friendly
travel options; improving the dynamic pricing model using advanced machine learning tech-
niques to provide more competitive and tailored pricing options; and expanding the geographic
scope of recommendations to include more diverse and lesser-known destinations. By address-
ing these areas in future iterations, the travel recommendation system can continue to evolve,
providing more accurate, dynamic, and user-centric travel planning solutions.
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