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Abstract

Tourism significantly impacts a nation's economy, yet there remains a void in plat-
forms offering tailored information on local attractions. In our study, we propose a
hybrid recommendation system amalgamating content and collaborative filtering
methods to provide personalized tourist suggestions. This approach mitigates individ-
ual methods' drawbacks, enhancing recommendations' accuracy. To gauge item simi-
larity, we employ cosine similarity while integrating SVD within a model-based collab-
orative filtering framework for improved outcomes. By utilizing a weighted hybridiza-
tion technique, we effectively merge the outputs of both approaches. We collected
tourist attraction and user data for implementation, yielding superior results com-
pared to standalone content-based and collaborative filtering methods.
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1. Introduction

The burgeoning tourism industry underscores the need for efficient and personalized travel recommendation systems. How-
ever, existing platforms often fall short of delivering tailored suggestions to users. In response, this research paper introduces

a novel approach that combines content and collaborative filtering techniques to address this gap effectively [1-3]. By lever-
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aging both methodologies, our system aims to overcome the limitations inherent in individual recommendation methods,
thereby providing users with more accurate and personalized recommendations [3]. Using cosine similarity for measuring
item similarity and the incorporation of Singular Value Decomposition (SVD) within a model-based collaborative filtering
framework, we strive to enhance the efficacy of our recommendation system [5]. Additionally, we employ a weighted hy-
bridization approach to seamlessly integrate the outputs of both content and collaborative filtering methods. This paper
presents the methodology, implementation, and evaluation of our hybrid recommendation system, highlighting its superior-
ity over traditional content-based and collaborative filtering approaches.

Recommender systems have found applications across various domains, including social media platforms like Facebook,
entertainment platforms like Netflix and YouTube, and e-commerce giants such as Amazon and Flipkart. Within the travel
domain, platforms like TripAdvisor and Trivago also utilize recommender systems. The paper is structured as follows: Section
| introduces recommender systems, Section Il provides an overview of travel recommender systems, and Section Ill discusses

related work in recommender systems specifically within the travel and tourism domain [1].

2. Literature Review

Content-based filtering methods rely on the attributes of items and user preferences to make recommendations [1]. These
methods have been widely utilized in various domains, including travel and tourism, due to their simplicity and effectiveness
in recommending items like those previously liked by the user. However, they often suffer from the "cold start" problem,
where recommendations for new users or items are challenging to generate due to limited historical data [3]. In contrast,
collaborative filtering techniques analyze user-item interactions and similarities between users or items to make recommen-
dations. Model-based collaborative filtering, such as Singular Value Decomposition (SVD), has shown promising results in
capturing complex patterns in user preferences and item characteristics. Despite its effectiveness, collaborative filtering ap-
proaches may face challenges in scalability and sparsity of data, particularly in the travel domain where user preferences can
be diverse and dynamic. [5] Recent research has focused on hybrid approaches combining content and collaborative filtering
methods to leverage their strengths and mitigate their limitations. By integrating these approaches, hybrid recommender
systems can provide more robust and accurate recommendations tailored to individual user preferences. [14] Weighted hy-
bridization techniques, such as combining recommendation scores from content-based and collaborative filtering models,
have been explored to optimize recommendation quality.

The product of the recommendation system would be based on a Web Ul and a pickled Algorithm running in the back-
ground using the pre-processed data resources as is Ostensible in the provided schematic diagram.[16] The recommender
system implemented for this product is a Utility-based recommender system i.e. it uses the user’s provided input and
matches it with the components of the existing dataset to provide you with the perfect utility that you desire, instead of
providing recommendations based on your past visits or what type of places other customers belong in the same cluster as
you chose after visiting the previous place.[9] The latter would require a customer database to perform customer segmenta-
tion and implement pattern recognition algorithms to provide recommendations. This is known as the Content-based rec-
ommender system.[2]

Sometimes you might want to integrate the two types to produce a recommender system that considers Past choices,
Friends’ choices, and utility based. This is known as Hybrid recommender system. [13]

We can either use the Word2Vec transformer trained by Google, or we can use Hugging. Face framework to use their
provided NLP APIs.[11] Of course, if we decide to train our model and have enough available data to do so, this is usually the
case. With functional websites, we can use the genism module in Python to train our word to vector transformer.[7]

The user on the client side of the server will provide four parameters, location description, user’s location, the location
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the user desires to go to, and if distance is a relevant factor.[12] By matching the description with the reviews and the posi-
tive or negative sentimentality we will provide recommendations to the user based on their filtered preferences.[1] The
recommender function at the end will provide a data frame filtered with the most optimal recommendations along with a
unique ID which will then be rendered on the web Ul as cards.[9]

Data source

Location
descritption
reviews

User location

Transformer
Desired location

Distance
relevance

Transforme rj

Transform
Description

Is distance
relevant ?

Recommendations

e

Figure 1. Prototype Working in graphical format
3. Methodologies and Algorithms

3.1. Word2Vec

Word2vec is a combination of models used to represent distributed representations of words in a corpus C. Word2Vec (W2V)
is an algorithm that accepts text corpus as an input and outputs a vector representation for each word.[3] Here corpus is de-
fined as the collection of all the sentences that are included in the vocabulary of the dataset. [7] There are two versions of
this model used to produce neural word embeddings (i.e., the vectorized format of the provided word) based on the diverse

types of neural. Architectures and how they learn the vectors and capture the semantic meanings.[9]

3.2. Skip-Gram transformer

The skip-gram neural network architecture loops over the corpus of the dataset and uses individual words as input to predict
the provided context. Every time, the model can’t predict the context words from a given input vector w it adjusts the
weights of itself and tries again until it gets it right.[11] This helps in transforming every single word in the corpus by con-

serving the semantic meaning of the word.[1]
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Figure 2. Skip-Gram Transformer

3.3. CBOW (continuous bag of words)

CBOW is a technique which could be thought of as an inverted version of skip-gram. This network uses the provided context
of the word to predict the word in question. The architecture of this one is as follows. If, however, we do not have enough
data to predict the vectors we can also use Google’s pre-trained Word2Vec model or BERT which is another popular model
used for NLPmodels.[8] However, it is to be noted that skip-gram works better on large datasets.[18]

CBOW - Working

Compare and
Update weights

V< x1, one hot vector of “Hope”

Actual Target

V 51, 0ne hot vector of “Set” i Vixy
1 predicted

{ one hot vector
of “Can”
www.youtube.com/thesemicolon

Figure 3. CBOW-Working

3.4. Cosine Similarity

After converting the words to vectors we will be required to compute the similarity between the description vector provided
by the user and the best description available in the corpus of places. We can use cosine similarity to find out the most simi-
lar descriptions from the collections of reviews so we can find the document that will best match our user’s request. [1]

We have all studied fundamental trigonometry to know that the angle between two vectors can be calculated using the fol-
lowing formula.[13]

A;B;
A-B i=1

1ANBI /= ,,
,/EA?‘/EB?
=1 =1

Figure 4. Cosine Similarity

cos(0) =

The smaller the angle between two vectors the more parallel they are to each other In terms of word vectors, the
smaller the angle is between two vectors the more similar the words are to each other.[2]
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4. Results and Discussion

Naturally, the first step would be to train a Neural Network that will convert words to vectors to better encompass the se-
mantic meaning of the individual words. But then the question arises Why would we do that?[5] Other models like the Tfldf
vectorizer and Count vectorizer also are transformers that convert words into a numerical vector based on how frequently
they are repeated in the sentence.

So why would we use a neural network when we can avoid overcomplications? [5]

There are two problems with traditional approaches that use Bag of Words.
a. Data Sparsity: The vectors used to represent the sentences in Bag of Words are sparse matrices with no limitation as
to how many columns will there be. [3]

b. Lack of Flexibility: English is a language in which one word has several adaptions.

This could confuse the model while making recommendations. [7]

The four parameters passed by the user will be the user’s location, the description of the desired place around which
vicinity should the desired place be, and whether the distance is going to be an issue.[8] The distance relevance factor will
come into play when the desired city is unknown. If the city, you desire is variable then we will compute distances from each
city, and if the distance is relevant then we will consider making suggestions where the distance is a minimum. We will define
a special type of city option called “None” which would allow variable optimal suggestions with minimum distance from the
city you live in. [5]

Once the inputs are passed from the client side to the server, the description will be converted into a vector which is
trained on our pre-existing dataset and then we will use utility-based filtering to obtain the optimal city locations for the us-
er.[11]

INPUT VALUES

Supplying processed data

Destination
Description

Is the
destination
None ?

Recommender()

Destination
(optional)

Distance Weightage |

Return Sorted
dataframe and
terminate

Figure 5. Graphical Interpretation of how Inputs And output

The recommender function would take in processed user inputs and data frames and return a set of recommendations that

will be most appropriate to the user based on their preferences.[5]
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Where to go

City: Ranchi
Sentimental Score: 0.27 City: Lucknow
Sentimental Score: 0.33

City: Chandigarh
Sentimental Score: 0.37 City: Mumbai
Sentimental Score: 0.08
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Sentimental Score: 0.24

City: Shimla
Sentimental Score: 0.19

Figure 6. Working Prototype Screenshot 1

Where to go
next?
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City- Mumbai Distance: 0.00 km
Distance: 0.00 km Sentimental Score: 0.15
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City: Mumbai City: Mumbai
Distance: 0.00 km Distance: 0.00 km

City: Mumbai
Distance: 0.00 km
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Distance: 0.00 km
Sentimental Score: 0.42

Figure 7. Working Prototype Screenshot 2

Where to go
next?

City: Chaibasa

Sentimental Score: 0.06

City: Sangrur City: Bhubaneswar

Sentimental Score: 023

City. Chaibasa

Sentimental Score: 0.04

onda

al Score: 0.15

Figure 8. Working Prototype Screenshot 3

Find me a place!
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5. Conclusion

Despite the title of the paper the idea obviously will have a few costs that have to be undertaken to establish a decently
functioning business. The point | was trying to make using the title is that with only minimal costs, we can produce a business
that would be comparatively more effective than say opening a physical travel agency and providing suggestions simply
based on your contacts and biases which could potentially lead the user to have a terrible experience.[3] However, the two
worlds do not always need to collide. The algorithm is not necessarily here to take away the jobs of already existing physical
travel agencies.[11] The best way of implementing this algorithm would be by collaborating with agencies using an organiza-
tional cloud.[5] We can use the money of several small agencies to invest a tiny sum of money and adopt a cloud computing
service to store user data in different chunks and collaborate and produce one unified effective website that will use the
contacts of travel agencies to arrange a fully packaged trip to a particular place and then integrating it with the website,

hopefully even automating the entire procedure someday if the website becomes large enough.[6]

6. Future Scope

The future of travel recommendation systems using content and collaborative filtering holds promise for several advance-
ments. These include refining personalization through advanced machine learning, incorporating context-aware recommen-
dations, implementing dynamic adaptation mechanisms, exploring multi-modal recommendation techniques, and extending

recommendations across domains for a broader user experience.
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