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ABSTRACT

The Personalized Travel Itinerary Generator System is a cutting-edge software

solution aimed at simplifying and enhancing the travel planning experience. In an

era of increasing travel complexities, this system offers an innovative approach to

crafting tailor-made travel itineraries. This project's core objective is to design a

user-friendly application that automates the itinerary creation process. Through

efficient data scraping, processing, and optimization, it collects and analyzes

destination-related information, enabling the creation of optimal travel plans.

Flexibility is a cornerstone of this system, allowing users to modify itineraries,

adjust schedules, and incorporate personal notes, ensuring that each traveler's

unique requirements are met. Furthermore, the integration of external APIs and

databases provides real-time access to data about attractions, weather conditions,

transportation schedules, and accommodation availability. The Personalized

Travel Itinerary Generator System aspires to revolutionize travel planning by

offering a convenient, highly personalized, and enjoyable experience, catering to

the individual traveler's needs while simplifying the planning process

on a global scale. The system promotes flexibility by allowing users to modify

itineraries, adjust timings, and incorporate personal notes, ensuring that each

traveler's unique needs are met. Planning for a vacation that takes into

consideration all the travel preferences of an individual without having to look

through at least hundreds of websites is close to impossible. Our motivation

behind doing this project is to reduce the time spent on planning for the vacation

and help travelers spend more time on a vacation that they will love. Our project

provides a Tailor-made Travel Plan for travelers based on their travel details and

preferences. We obtain information from users about the destination, travel dates,

budget, amenities that they look for in hotels, categories of attractions that users

would love to visit and their favorite cuisine type. Using these we generate a travel

plan for the entire trip, recommending users where to stay, what to do at which

part of the day and where to eat for different meals of a day. This project will be a

one-stop tool for travelers planning their vacations, we achieve the same using

Data Science tools and techniques which will be explained in detail in the report.
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CHAPTER 1
INTRODUCTION

The Travel Itinerary Generator System is an innovative project designed to

streamline and enhance the travel planning process. In a world marked by the

increasing complexity of travel options, this system offers a solution to the

time-consuming task of creating personalized travel itineraries. This project's

primary objective is to develop a user-friendly software application that automates

itinerary creation. With this system, users will have access to a powerful tool that

takes into account their preferences, interests, and constraints to generate

customized itineraries. It will employ advanced data scraping, processing, and

optimization techniques to efficiently gather information about destinations,

activities, and accommodations, resulting in optimal travel plans. Moreover, the

system promotes flexibility by allowing users to modify itineraries, adjust timings,

and incorporate personal notes, ensuring that each traveler's unique needs are

met. Integration with external APIs and databases will provide real-time

information on attractions, weather conditions, transportation schedules, and

accommodation availability. The Travel Itinerary Generator System aspires to

revolutionize travel planning by offering convenience, customization, and an

overall more enjoyable travel experience, simplifying the process for

travelers worldwide.

1.1. APACHE SPARK:

Apache Spark is an open-source distributed computing system designed for big

data processing and analytics. It provides an interface for programming entire

clusters with implicit data parallelism and fault tolerance. Spark offers libraries for

various tasks such as SQL, machine learning, streaming data processing, and

graph analytics. It is known for its speed and ease of use, with support for multiple

programming languages including Scala, Java, Python, and R.



1.1: Apache spark

1.2. TENSOR FLOW:

TensorFlow is an open-source machine learning framework developed by Google.

It provides a comprehensive ecosystem of tools, libraries, and community

resources for building and deploying machine learning models. TensorFlow's core

functionality revolves around the creation and training of deep learning models,

particularly neural networks. It offers flexibility, scalability, and portability, enabling

developers to deploy models across a variety of platforms, including mobile

devices and distributed systems.

1.2: TensorFlow

1.3. PANDAS:

Pandas is an open-source data analysis and manipulation library for Python. It

provides high-performance, easy-to-use data structures and data analysis tools,

making it a popular choice for data scientists and analysts. Pandas offers powerful

data manipulation capabilities, including data alignment, indexing, filtering,

grouping, and aggregation. It also integrates well with other Python libraries, such

as NumPy and Matplotlib, for data visualization and analysis.



1.4. NATURAL LANGUAGE TOOLKIT(NLTK):

NLTK is a leading platform for building Python programs to work with human

language data. It provides easy-to-use interfaces to over 50 corpora and lexical

resources, such as WordNet, along with a suite of text processing libraries for

tasks such as tokenization, stemming, tagging, parsing, and classification. NLTK is

widely used in educational and research environments for natural language

processing (NLP) tasks, including text classification, sentiment analysis, and

machine translation.

1.3: NATURAL LANGUAGE TOOLKIT(NLTK)

1.5. SCIKIT - LEARN:

Scikit-learn is an open-source machine learning library for Python. It provides

simple and efficient tools for data mining and data analysis, built on top of NumPy,

SciPy, and Matplotlib. Scikit-learn offers a wide range of supervised and

unsupervised learning algorithms, including classification, regression, clustering,

dimensionality reduction, and model selection. It is designed to be easy to use and

accessible to non-experts, while still providing advanced functionality for

experienced users.



CHAPTER 2
LITERATURE SURVEY

Smart Travel Plan Recommendation System(2022)

Authors: Vaibhav Mandale, Niraj Reddy, Amlan Sahu, Praveenkumar Patel

The internet's remarkable growth and its vast user population have ushered in an

era of abundant online knowledge. This treasure trove of information proves

invaluable for tailoring recommendations to users' preferences and needs.

Recommender systems, pivotal in this landscape, gather user data encompassing

preferences, interests, and geographical information. Their development gained

prominence with the advent of collaborative filtering techniques. Meeting user

preferences is a complex task, yet recommender systems harness data from

diverse sources to make predictions and provide personalized item

recommendations. This project aims to serve as a one-stop solution for vacation

planning, offering travelers tailor-made suggestions aligned with their

preferences and desires.

In the quest for a break from the mundane, what's the answer? A vacation! Yet,

today, planning a getaway demands a substantial chunk of time. The extensive

process involves sifting through countless hotels, attractions, and dining options,

all while keeping within a budget. It's a daunting task, and finding a comprehensive

source is nearly impossible. Our project aims to streamline this process, allowing

travelers to spend more time enjoying their vacation. By collecting travel details

and preferences, we create personalized travel plans. We recommend

accommodations, activities throughout the day, and dining options to make their

trip a memorable one.

Smart Tourist Guide System (2022)

Authors: Rahul Chavan, Manvee Bhoir, Gaurav Sapkale, Anita Mhatre ​

The Smart Tourist Guide System represents a groundbreaking open-source

platform tailored for individuals embarking on journeys across India. This



application serves as a resource to help travelers plan their Indian expeditions,

taking into account their preferred number of days, budget, weather

considerations, and more. Moreover, it provides valuable insights into the historical

background of destinations, showcases traveler reviews, and displays user

ratings. The primary objective behind this project is to create a comprehensive

tourist guide for Delhi, aiming to address the challenges faced by tourists due to

the absence of a reliable guide. Typically, visitors to Delhi resort to hiring

professional tourist guides, incurring significant expenses. Often, these guides are

not full-time professionals, and their knowledge can be limited, leading to gaps in

providing essential information, such as weather conditions, historical significance,

and distances from sea level.

The Smart Tourist Guide offers a solution by harnessing modern technology

through an Android application. It utilizes Google Maps API, Global Positioning

System (GPS), and the internet. By inputting latitude and longitude, it locates

destinations on a map and calculates distances between the user's current

location and their desired spots. This innovation is designed to revamp the tourism

industry, enhancing the travel experience while boosting the tourism sector. .

An automated itinerary planning system for holiday travel(2004)

Authors: Simon Dunstall, Mark E.T. Horn, Philip Kilby, Mohan
Krishnamoorthy, Bowie Owens, David Sier and Sylvie Thiebaux.

This paper introduces the Electronic Travel Planner (ETP), a prototype travel

recommender system geared towards crafting itineraries for tourists. The system

relies on traveler preferences and extensive databases filled with tourism and

travel data. Its primary functions involve destination selection, tour and attraction

recommendations, and the creation of comprehensive travel schedules. These

tasks involve intricate optimization challenges, which the prototype tackles using a

heuristic problem-solving approach. Computational tests validate the efficacy of

these methods, suggesting the potential for automated travel planning in full-scale

applications.



The ETP, a web-based prototype, emerged from research conducted between

1999 and 2001 in collaboration with Viator Inc., supported by an Australian

Government grant. The system's core code resides in an Internet server, with

plans for user interface and Internet connection integration. Commercial

implementation discussions are ongoing.

The ETP project's core goal was to revolutionize holiday planning, capturing

travelers' preferences and exploring possibilities beyond current capabilities. By

offering travel agents and individuals a powerful planning tool, the project aims to

enhance satisfaction in the travel planning process and the overall travel

experience. These objectives align with the concept of a travel recommender

system, embracing various choice models, interactive preference determination,

and adaptive recommender systems based on user dialogue.

An Intelligent Destination Recommendation System for Tourists(2018)

Authors: Pree Thiengburanathum ​

The process of selecting a tourist destination can be daunting, both in the planning

stage and during the actual trip. With the advent of recommendation systems,

travelers now have the ability to swiftly compare and choose destinations. This

involves constructing decision models, predicting user preferences, and

interpreting the outcomes.

This research project sets out to create a Destination Recommendation System

(DRS) with a strong focus on machine-learning techniques. To develop an

effective DRS, an extensive review of existing literature on recommendation

systems in the tourism domain was conducted. Subsequently, the thesis

introduces a model-based DRS, featuring a two-step filtering method to eliminate

irrelevant and redundant information and employing a Decision Tree (DT) classifier

for transparency, interpretability, and efficiency in aiding tourists' decision-making.

The system's scalability is validated using real-world data from a case-study city.

Destination choice models were formulated and tested, demonstrating that the

proposed model-based DRS can offer personalized and satisfactory



recommendations to users.

The thesis further suggests an ensemble-based DRS, incorporating weight hybrid

and cascade hybrid approaches. Three classification algorithms, including DT,

Support Vector Machines (SVMs), and Multi-Layer Perceptrons (MLPs), were

explored. Results revealed that the bagging ensemble of MLP classifiers

outperformed baseline learners and other combiners.

Lastly, the thesis introduces an Adaptive, Responsive, Interactive Model-based

User Interface (ARIM-UI) for the DRS, enhancing the user experience by providing

adaptive, informative, and responsive information. This interface empowers

tourists to easily interact with the recommended results, thereby improving the

overall quality of user engagement with the system.

2.1. INFERENCES FROM LITERATURE SURVEY

The texts highlight the evolving landscape of travel and tourism, where technology

is playing a pivotal role in simplifying and enhancing the entire travel experience.

In the first text, it's evident that the process of choosing a tourist destination has

been historically challenging. With the introduction of recommendation systems,

the ability to quickly evaluate and select destinations is now a reality. This

underscores the importance of technology in facilitating decision-making by

constructing models, predicting user preferences, and interpreting outcomes.

The second and third texts describe projects aimed at revolutionizing travel

planning. The first project focuses on developing a Destination Recommendation

System (DRS) using machine-learning techniques. It acknowledges the

significance of literature review and introduces a model-based DRS with a

two-step filtering approach and a Decision Tree (DT) classifier. This research aims

to provide personalized and satisfactory recommendations to travelers. The

proposal of an ensemble-based DRS further exemplifies the quest for superior

recommendations.

The Smart Tourist Guide System, discussed in the last text, provides a

comprehensive platform for travelers in India. It leverages technology, including



Google Maps API and GPS, to offer real-time, tailored guidance for travelers. It

seeks to eliminate the need for traditional tourist guides, which can be expensive

and may lack professionalism. This project represents a forward-looking solution,

emphasizing the potential for technology to improve the tourism industry and

enhance the traveler's experience.

Overall, these texts underscore the transformative role of technology in making

travel planning more accessible, efficient, and tailored to individual preferences,

while simultaneously addressing common challenges in the industry.

2.2. OPEN PROBLEMS IN EXISTING SYSTEM

Several open problems exist in existing travel itinerary generator systems, which

can be addressed to enhance their functionality and user experience:

2.2.1. Dynamic Recommendations:
Many travel itinerary systems rely on static data, which doesn't account for

real-time changes in weather, availability, or closures of attractions. Developing

algorithms that can dynamically adapt itineraries based on changing

circumstances is a significant challenge.

2.2.2. Multi-Destination Itineraries:
Existing systems often focus on single-destination itineraries. Creating tools that

efficiently plan multi-destination trips, which involve coordination and optimization

across different locations and time zones, is a complex problem.

2.2.3. User Constraints:
Most systems don't adequately handle user-specific constraints and preferences.

Developing methods to integrate a wider range of traveler preferences, such as

dietary restrictions, accessibility needs, or pet-friendly options, into itineraries

remains an open problem.

2.2.4. Realistic Time Estimations:
Generating itineraries that accurately estimate the time needed for each activity,



including travel between locations, is a non-trivial challenge. Existing systems may

not always provide realistic timing, leading to rushed or unrealistic plans.

2.2.5. Group Travel:
Creating itineraries for group travel introduces complexities, such as varying

interests and schedules. Developing algorithms that cater to group dynamics and

preferences is an open problem.

2.2.6. Integration with Booking:
Many travelers want a seamless experience from itinerary planning to booking.

Systems that can integrate itinerary generation with booking accommodations,

flights, and activities, and ensure real-time synchronization, are needed.

2.2.7. Data Accuracy and Coverage:
The quality and availability of data are critical for effective itinerary generation.

Ensuring that systems have access to comprehensive, reliable, and up-to-date

data for global destinations is an ongoing challenge.

2.2.8. Privacy and Data Security:
As systems gather and store personal data, addressing privacy and data security

concerns is paramount. Creating systems that protect user information while

delivering personalized experiences remains an open problem.

2.2.9. Scalability:
As the number of users and destinations grows, ensuring that the system remains

efficient and scalable is crucial. 



CHAPTER 3
AIM AND SCOPE OF THE PRESENT INVESTIGATION

3.1. AIM OF THE PROJECT:
The aim of the project is to develop the Personalized Travel Itinerary Generator

System, a cutting-edge software solution designed to simplify and enhance the

travel planning experience. The primary objective is to create a user-friendly

application that automates the itinerary creation process, leveraging advanced

algorithms to generate tailor-made travel itineraries based on individual

preferences, interests, and constraints. The system aims to revolutionize travel

planning by offering highly personalized and enjoyable experiences while

simplifying the planning process on a global scale.

3.2. SCOPE OF THE PROJECT:

The scope of the project encompasses the design, development, and

implementation of the Personalized Travel Itinerary Generator System. Key

components include:

3.2.1. User Interface Design:

Designing an intuitive and user-friendly interface for travelers to input their

preferences, constraints, and travel details.

Algorithm Development: Developing advanced algorithms to analyze user input,

collect and process destination-related information, and generate customized

travel itineraries.

3.2.2. Data Integration:

Integrating external APIs and databases to access real-time data about

attractions, weather conditions, transportation schedules, and accommodation

availability.

3.2.3. Flexibility and Customization:

Providing users with the flexibility to modify itineraries, adjust schedules, and

incorporate personal notes to meet their unique needs.

3.2.4. Testing and Validation:

Conducting thorough testing to ensure the system's reliability, accuracy, and



performance in generating optimal travel plans.

3.2.5. Deployment and Maintenance:

Deploying the system for use by travelers and providing ongoing maintenance and

support to address any issues or updates.

The project aims to deliver a comprehensive and robust software solution that

transforms the travel planning process, offering convenience, personalization, and

enjoyment to users worldwide.

3.3. FEASIBILITY STUDIES / RISK ANALYSIS OF THE PROJECT

3.3.1 Feasibility Study:
Feasibility studies and risk analysis play pivotal roles in project planning,

particularly in evaluating the viability and potential challenges of implementing the

Personalized Travel Itinerary Generator System. Technical feasibility hinges on

assessing the availability of requisite technologies, expertise, and infrastructure

necessary for developing advanced algorithms, integrating external APIs and

databases, and creating a user-friendly interface. Financial feasibility entails

estimating development, deployment, and maintenance costs, alongside potential

revenue streams through detailed cost-benefit analysis. Operational feasibility

examines the system's integration into existing travel planning processes,

considering factors like user acceptance, training needs, and scalability for

seamless operation. Risk analysis identifies potential obstacles such as technical

hurdles, data privacy concerns, and user adoption issues, followed by the

formulation of risk mitigation strategies including thorough testing, data encryption,

and user training. Through comprehensive feasibility studies and risk analysis, the

project team can make well-informed decisions to overcome challenges and

ensure the successful development and implementation of the Personalized Travel

Itinerary Generator System. By evaluating technical, financial, and operational

feasibility, stakeholders can assess the project's viability and identify potential

challenges. Additionally, conducting a thorough risk analysis enables stakeholders

to proactively identify and mitigate potential risks, ensuring the successful

development and implementation of the system. By addressing these critical

aspects of project planning, stakeholders can increase the likelihood of project

success and deliver a valuable solution to meet travelers' needs.



3.4. SYSTEM REQUIREMENTS SPECIFICATION DOCUMENT

3.4.1. Windows OS:

Microsoft's Windows OS dominates the personal computer landscape. Its familiar

graphical interface with desktops, windows, and icons makes it user-friendly.

Pre-installed on many PCs and laptops, it is a popular choice for home and

business users alike. Supporting a vast range of software and hardware, Windows

caters to various needs with different editions, from basic home use to powerful

workstations. Regular updates provide new features and security patches. While

generally user-friendly, some may find navigating menus and settings complex.

Security concerns require users to stay updated with antivirus software and

practice online caution. Despite competition, Windows 11, the latest version with a

revamped interface, continues Windows' reign as a popular and widely used

operating system.

3.1: Windows OS

3.4.2 Python:

Python is a user-friendly programming language used for various tasks like web

development, data analysis, and artificial intelligence. It's popular because of its

easy- to-read code and versatile applications. Many beginners prefer it due to its

simplicity. Python's large community means lots of support, making it a great

choice for anyone learning to code or working on diverse projects. Its

straightforward syntax and vast capabilities make it one of the most accessible

languages for programmers of all levels.



3.2: Python

3.4.3. Jupyter Notebook:

Jupyter Notebook is an open-source interactive web application that allows users

to create and share documents containing live code, equations, visualizations, and

narrative text. Primarily used for data analysis, scientific computing, and machine

learning projects, it supports multiple programming languages through the use of

kernels, including Python, R, Julia, and Scala. Jupyter Notebooks are particularly

valued for their ability to combine executable code with explanatory text and

multimedia resources in a single document, facilitating comprehensive data

exploration, visualization, and explanation.

3.3: Jupyter Notebook



CHAPTER 4
EXPERIMENTAL OR MATERIALS AND METHODS

4.1. MODULES:
The major modules of the project include:

(i) Data collection through web scraping, cleaning and integration.

(ii) Hotel recommendation based on user’s amenity requirements .

(iii) Attraction recommendation for Morning and Evening using categories of tours.

(iv) Restaurant recommendation for different meals of the day using cuisine type

and food preferences.

(v) Integration of all the above mentioned recommendations in-order to provide

one-stop travel plan for each day of travel.

4.2. DATA SCIENCE PIPELINE:

4.1: Complete technological pipeline of our project.

4.2.1. DATA COLLECTION:
For the project requirements, we needed datasets containing information about

details of attractions, hotels and restaurants and their corresponding reviews.

There was no dataset readily available for Hotels and Attractions, thus making

Data Collection a very important task for our project. To obtain these datasets, we



crawled through thousands of attractions and hotels on Tripadvisor. We used lxml -

a python library along with requests - another python library, for downloading and

processing HTML files using ElementTree API. We had to crawl through hotels

and attractions in a different manner due to unique HTML page structures of both

the categories. Around 3.5k attractions and 35k hotels were collected through

scraping tripadvisor. We also created a crawler for scraping the reviews for each

attraction and hotel in the dataset and collected reviews close to 33K for

attractions and 2.4M for hotels. Since the websites have a limit on the number of

hits per day, we performed the data collection in batches. For the restaurant

recommendation, we used data from YELP dataset (original). This dataset

consists of data related to users, businesses (not restricted to restaurants),

reviews, check-in time, user tip reviews and photos of respective

businesses. We used the yelp business, yelp reviews and the yelp photos dataset.

The business dataset contained details of all the business on Yelp including

restaurants, salons, gas stations, drugstores, etc., without any feature explicitly

mentioning the categories of these businesses. The challenge was to extract only

the restaurants from the dataset. The techniques used to do the same will be

explained later in the report. We got 12K restaurants and close to 5M reviews on

the yelp dataset for restaurants.

4.2.2. DATA COLLECTION AND INTEGRATION:
Having collected all the data mentioned above, next big task was cleaning the

dataset and integrating them. Due to the inconsistencies in the Tripadvisor

website, there were missing values for prices, ratings and details about the

location for both the scraped datasets.

i. Hotels: For the hotel dataset, GeoPy - a python library to geolocate a query to an

address or coordinates was used to obtain the latitude, longitude positions of a

hotel from it’s address. Values for which GeoPy wasn’t able to output latitude,

longitude coordinates from address, we tried to get coordinates based on its

locality and further, based on its province. The missing prices were filled

hierarchically with the average price of hotels present in a city, then province and

finally the entire dataset based on availability of data. This was based on the

assumption that hotels in same locality have similar pricing for competency in the

market. Missing ratings were filled out in the same manner. Amenities was the



most important feature in hotels dataset and hence, for interpretability, hotel

amenities (string) was split, exploded, cleaned and converted into a list of

amenities. Continuous unique IDs were provided to users and continuous hotel

IDs were provided to hotels.

ii. Attractions: For attractions, only the priced tours and sightseeing were collected.

The locations of the attractions could not be scraped from the website, and hence

the address of the attraction was created from the information scraped from

websites, and finally Google API was used to obtain the coordinates of an

attraction. The missing coordinate values after this step was handled based on the

assumption that similar categories of attractions will be present in the same

locality. For example, two different water sports will be present next to each other

in a city, there will be an area in the city where all the clubs will be present, etc.

The location coordinates of an attraction were assumed to be the average location

of attraction categories in a city. Missing prices and ratings were also averaged

based on city and category of attraction.

iii. Restaurants: The first level of Data cleaning required us to obtain from the

humongous yelp dataset, businesses that pertain to ‘restaurants’ only. This was

achieved using text filtering, we filtered out the businesses for which the

‘categories’ column of the business dataset had text values unrelated to the

food/restaurants industry. Further, we cleaned up the reviews dataset to have only

those businesses that are of interest to us (restaurants) and to be aligned with the

those in the business dataset. Also, we have removed restaurants that have been

marked as closed in the dataset, as recommending ‘not-in business’ restaurants

doesn’t make sense. The categories and attributes columns were of utmost

important for us from the business dataset. Both of theses columns were textual

features and hence, extensive cleaning had to be done to convert them-

‘categories’ to lists and ‘attributes’ to dict of dict. We also computed sentiment

score, to find out how positive a review for a restaurant is, in-order to provide

better personalized recommendations to our users, the details of how we achieved

this will be talked about later in this report. Finally, we had to maintain the index

(using reset_index) of the dataframe as we had used pandas for restaurants

dataset- rather than assigning a continuous row ID for businesses and reviews

dataset, we chose to exploit the in-built features of pandas. A very common

problem in providing recommendations to users is the cold-start problem. That is,



providing recommendation to a new user who does not exist in the database.

4.2.3. EXPLORATORY DATA ANALYSIS(EDA):
In order to have a better understanding of the

data collected and integrated for

recommendations, we performed extensive

exploratory data analysis on various features of

each dataset. This step was highly significant

in helping us understand the distribution of

prices and ratings across different categories

and other attributes in the dataset. EDA helped us arrive at the decision for using

specific attributes from each dataset for user profiling by explaining variance in the

data with respect to different attributes of the dataset. The following is the list of

some of the important analysis that led us to the decisions we made:

(i) Average rating for different categories of attraction

(ii) Rating distribution for attraction categories

(iii) Average Price and rating distribution across different provinces of Canada

(iv) Price distribution vs Average price for attraction categories

(v) Province-wise and city-wise number of attractions

(vi) Distribution of poorly and highly rated restaurants province-wise

(vii) Rating distribution for restaurants province-wise

(viii) Number of restaurants province-wise and city-wise

(ix) Sentiment Analysis on user reviews and user-tip reviews was performed to

better understand the underlying restaurants dataset. We were able to identify that

the dataset was highly skewed towards positive reviews. So, we computed the

positive to negative ratio and normalized the score across the entire dataset,

in-order to understand how truly positive a user review is indeed. The challenge

here was that reviews and tips were sometimes written in French. Thus, we first

used google translator API to convert them to english sentences before feeding

them into VADER sentiment analyzer, which is a rule-based system that is

explicitly designed for English language. We have used the compound score

metric from VADER to compute the positive-negative ratio. So, we computed the

positive to negative ratio and normalized the score across the entire dataset,

in-order to understand how truly positive a user review is indeed. So, we computed

the positive to negative ratio and normalized the score across the entire dataset,



in-order to understand how truly positive a user review is indeed.

4.2: Few Visualizations we created during EDA

4.2.4. INPUT AND USER PROFILING:

4.3: Travel details of user

To provide the travel plan to the user, we obtain information about user’s travel

dates, their budget and their attraction, hotel and restaurant preferences. One of

the major challenges in our project was to create a profile for user based on his

preferences, A very common problem in providing recommendations to users is

the cold-start problem. That is, providing recommendation to a new user who does

not exist in the database. For a new user, there is no information on what he likes

to provide him with recommendations. If we have a website, we can take into

account the user’s interaction with the website to provide implicit

recommendations, but even then, there is no possibility of providing him

recommendations he will like before his interactions. In order to solve this problem,

we need to profile the user understanding his preferences. Since we have 3

categories of recommendations and we used 3 different for the same, we had to



use different user profiling techniques:

i. Hotels: From EDA, we understood that hotel amenities is the major feature to

consider for providing recommendations. We exploded the list containing

amenities of a hotel and found top 15 amenities that most hotels have. The user

was provided with these amenities to choose from and based on the amenities he

chose, hotels were rated on a scale of 5 with rating 5 indicating the hotel

containing maximum of user’s required amenities. A 10% of this dataset was

randomly sampled and combined with the original dataset containing ratings and

reviews on hotels. The combined dataset was then passed to the model for

training. This user profiling enabled us to match the new user with the closest user

in the existing database who had liked similar hotel preferences.

4.4: Attraction category rating

ii. Attractions: Travelers have unique preferences in visiting different categories of

attractions. For example, a travel group might like to visit beaches, water and

adventure sports. Another group of travelers might like to visit museums, parks

and sightseeing. This observation was leveraged to perform user profiling for

Attraction recommendations. 20 Most frequent categories of tours were taken and

provided as options to users. User was asked to select and rate at least five of the

provided categories. This information then used to match the new user with a user

in existing database sharing similar preferences, in essence, rated attracted

categories in similar fashion. The recommendation obtained for the matched user



in the database was provided to the new user as his attraction recommendations.

4.5: Hotel amenity preferences

iii. Restaurants: People differ widely! For restaurant based user-profiling, we

consider the cuisine type, budget and food preferences (like- vegan, gluten-free,

etc,.) of the users. We give them a wide variety of popular cuisine types to choose

from (15 different options). This information is then used to build the user-profile

for an unknown user and three different personalized recommendations lists are

provided, one each for each meal of the day. The closest item (restaurants) match

to the attributes provided by the user is recommended. After User profiling, the

models are trained and evaluated to obtain best performing models. Then the

recommendations are filtered and integrated into an Interactive IPython Notebook.

4.6: Restaurant cuisine type and preferences



CHAPTER 5
IMPLEMENTATION DETAILS

5.1. MODEL TRAINING METHODOLOGY AND EVALUATION:

As mentioned earlier, 3 different models were used to obtain the

recommendations. In this section, we will discuss about the models used in detail,

the input for the model, training and evaluation of the model.

5.1.1. Matrix Factorization using Alternating least Squares technique
(MF-ALS):
Matrix factorization is one of the most used Collaborative Filtering technique after

Netflix Prize Challenge. Matrix Factorization uses the user-item interaction matrix

to learn the embedding among the interaction to predict the ratings that will be

given by users to unseen/ unused items. Alternating Least Squares (ALS), a

matrix factorization algorithm, runs in a parallel fashion. It runs the gradient

descent of multiple partitions of training data in parallel. It is also highly scalable

and thereby used for large collaborative filtering tasks. It is simple and deals with

solving the sparseness issue of the ratings data. Also, ALS can be used in

distributed file systems.

INPUT: The hotel data containing information about user, hotel and user’s rating

for the hotel was used as input for training the MF-ALS model. The dataset also

contains 10% sample of the new user data created using his preferences of hotel

amenities. The remaining 90% sample used to obtain recommendations for new

user.

PARAMETERS: The ALS model was trained with three different ranks (i.e.) 4, 8,

12. Ranks are also known as the latent factors. Latent factors are the features

projected from user-item interaction in the lower dimension latent space. To

represent user preferences in lower dimension space, latent factors are used. The

ALS model was trained with three different ranks, maximum number of iterations

as 5, regularization parameter as 0.01 and three attributes namely user id, hotel id

and the rating given by user for the hotel.

EVALUATION: Root Mean Square Error (RMSE) was calculated for each case

with different ranks and the model with lowest RMSE was used for



recommendations. RMSE is calculated by finding the difference between predicted

and existing rating, squaring them and then finding the square root of that value.

The model with least RMSE denotes that the user-item interaction embedding has

been learnt better and the model is able to predict user ratings to unseen items

more accurately. RECOMMENDATION: The saved model was used for

predictions. Based on user preference of amenities, ratings were provided to

hotels. 10% of the sample data containing user preferences was combined with

the actual training data. Remaining 90% of the sample data was used for

predictions. The data used for predictions contains the hotels not visited by the

user. The trained ALS model is used to predict the ratings that the user will give for

the hotels they haven’t visited.

5.1.2. Restricted Boltzmann Machine (RBM):
Boltzmann machines (BM) are stochastic and generative neural networks capable

of learning internal representations and are able to represent and solve difficult

combinatorial problems. RBM’s are non-deterministic Deep Learning models with

only two types of nodes - visible and hidden nodes. A regular Boltzmann machine

has connections between all hidden nodes and visible nodes and amongst

themselves. Restricted Boltzmann Machine is a special class of BMs and is

restricted in terms of the connection within the same category of nodes and is fully

bipartite. There are two other layers of bias units (hidden bias and visible bias) in

an RBM. The hidden bias of RBM produces the activation on the forward pass and

the visible bias helps RBM to reconstruct the input during a backward pass. The

reconstructed input is always different from the actual input as there are no

connections among the visible units and therefore, no way of transferring

information among themselves. The model is trained to achieve the input after the

reconstruction phase.

The inputs are multiplied by weights and hidden bias is added to them. This

activation is then passed into a sigmoid activation function. This is the

forward-pass. During the backward-pass or reconstruction phase, the activation

function outputs act as the new input, multiplied by weights, added to the visible

bias and then passed through the sigmoid activation function. The output of the

reconstruction phase is then compared with the input to the forward-pass to

calculate reconstruction error. The model is trained by reducing the reconstruction



error using a gradient-based Contrastive Divergence algorithm. Contrastive

Divergence is the difference between two Kullback-Leibler divergences of the input

and reconstructed output. The algorithm tries to bridge the gap between the input

and the reconstructed output while updating the weights to do so.

INPUT: The attractions dataset was used to create the user-item interaction matrix,

also known as rating matrix. The rating matrix contains n rows for users and m

columns for each attraction present in the dataset. The ratings provided by the

user i for attraction j was filled at (i,j) position of the matrix. The positions without

any user-item interaction was filled using a 0 rating. To avoid overfitting, the

dataset was split for training and validation and each row of the matrix was then

passed to the visible layer of the RBM model for training with weights, hidden bias

and visible bias initialized randomly.

PARAMETERS: The model was trained for different combinations of parameters

including number of epochs, learning rates, batch size, number of rows for training

and number of hidden units. Trained best model for every combination tried was

store for future usage.

EVALUATION: The model performance was evaluated using the Contrastive

Divergence algorithm and the model with the best performance, i.e., least

divergence between input and reconstructed output at visible layer was saved.

The model with lesser divergence from output suggests that RBM has learnt well

the embeddings between user and the attraction interactions so that it can

replicate the input row.

RECOMMENDATION: The saved model was used to obtain recommendations for

all the users in the existing dataset. Then the traveler is matched with the closest

user in the dataset based on attraction category preferences and the

recommendations are provided obtained for the traveler.

5.1.3. K-Means + Memory based Collaborative Filtering Hybrid technique:
We have used K-Means as content based filtering technique and K-Nearest

Neighbors as a memory based Collaborative Filtering technique .K-Means is a

clustering technique that uses Euclidean distance in vector-space to measure the

proximity of two points (in our case two different restaurants). The algorithm learns

to classify the features in vector-space based on the similarity of input features into

different clusters, which will be a M x N matrix, where M denotes the number of



items and N denotes the number of features. It’s an unsupervised machine

learning technique as the algorithm does not have truth values (labels) to learn

from and correct itself. Being a Content Based Filtering Technique, K-Means does

not suffer from cold start problem, but is highly sensitive to outliers in the dataset

and dimensionality reduction techniques can help make the algorithm more

efficient. Thus, we carefully performed EDA to analyze the restaurants dataset, we

computed Positive-Negative sentiment ratio per restaurant based on user reviews.

This helped weigh down the fact that the dataset was highly skewed towards

positive reviews and tips. Also, we performed Principal Component Analysis to

reduce the dimensionality, however, we did not scale our features as our input

features did not have a linear relationship- scaling these would result in losing

important semantic similarities in words. In-order to find the number of

components apt for our dataset using PCA, we plotted the variance in features

with respect to the number of components and chose the smallest number of

components for which the variance was not less that 95%. KNN, for our project, is

used as a classifier that helps classify the user-item interaction matrix based on

ratings provided. But, unlike the other two techniques, this is an Item-Based

collaborative filtering technique as it predicts ratings for unknown users based on

items that have obtained similar ratings to the one user is looking for rather than

finding a user who is a close match to the current user. This is advantageous as it

scales much better than the User-based Collaborative Filtering technique. It scales

better because Item features tend to be more stable over user features, user taste

changes more dynamically and hence, is very hard to rely on. But, a drawback is

that Item-Based techniques will suffer due to the Curse of Dimensionality. Also,

these do not suffer from cold-start problem like User-based Collaborative Filtering

techniques.

INPUT: For content based approach-the restaurants are filtered based on

destination before running K-Means on the dataset. Categories, Attributes,

Sentiment score, Star rating, City and State were used as the input features for

K-Means algorithm. The Word2Vec model was trained for the vocabulary of words

we have obtained after feature extraction and was saved for future use. Also, we

had concatenated the input features into a single sentence, thus we had to

average out the Word2vec vector obtained per word for each sentence (one

sentence per restaurant in the dataset). In-order to obtain three different



recommendations for different meals of the day, we obtained predictions for three

different inputs from K-Means simultaneously with appropriate keywords to

indicate the meal of the day(breakfast, lunch or dinner) for which we are seeking

the recommendation. For KNN algorithm, the restaurants dataset was used to

create the user-item interaction matrix, also known as rating matrix. The rating

matrix contains n rows for users and m columns for each restaurant present in the

dataset. The ratings provided by the user i for attraction j was filled at (i,j) position

of the matrix. The positions without any user-item interaction was filled using a 0

rating.

PARAMETERS: The hyper-parameter K for K-means algorithm represents the

optimal number of clusters into which the dataset could be divided into. In-order to

find the best K value, we iteratively ran K-Means on the entire dataset for two to

fifteen times and each time calculated the inertia and silhoutte score. KNN takes in

the input sample and labels to train on with a parameter to choose the weights you

want to assign during prediction to the points and a parameter to say how many

recommendations (K) aka nearest neighbors of a point you want the algorithm to

predict. Also, you can choose the algorithm and metric that you want to use. We

used brute force KNN and cosine similarity as the metric respectively.

EVALUATION: For evaluating K-Means both the Elbow Method and Silhoutte

Analysis were performed. The best K value (number of clusters) was obtained

based on these metrics. Elbow Method: The Elbow curve at a point will have a

sharp change, that is the point in the curve (in increasing k value) after which the

decrease in Inertia with respect to K isn’t substantial gives us the optimal K value.

At this optimal value, the curve looks to have an Elbow shape.

RECOMMENDATION: For predictions on new points (new users), we use

K-means to assign a cluster to the new point based on the user preference. Then,

we find the points within the assigned cluster that are closest to our new point

using ‘Cosine Similarity’. We go for cosine over euclidean as the input features in

our case are word embeddings obtained from Word2Vec, whose semantics will be

better captured by using cosine similarity (euclidean will calculate the meare

difference in letters of the words). The final recommendation list is a weighted

average (based on rating)of the recommendations obtained from the

content-based (K-Means) technique and the Memory-Based Collaborative Filtering

technique(K-Nearest Neighbors).



CHAPTER 6
RESULTS AND DISCUSSION

6.1. OVERVIEW OF THE PROJECT RESULT:
The data product for the project was an Interactive IPython Notebook created

using ipywidgets – an Ipython library for creating widgets in a notebook. Inputs

from traveler containing travel details, budget, their hotel, attraction and restaurant

preferences were obtained through interactive widgets as shown in figures 4a, 4b,

4c. The final recommendation for each category of recommendation was handled

differently and finally integrated into one single Data Product.

6.1.1. HOTELS:
After obtaining recommendations from the Matrix Factorization model, the result

was filtered based on budget and location. The price was multiplied for the number

of days of stay and result was sorted and filtered. Details of 5 hotels with top

recommendation scores were provided to the traveler as Hotel recommendations

to choose from. The result was consistent with the user’s amenity requirements.

The final output for hotel recommendation is shown in figure 5a.

5.1: Hotel recommendations

6.1.2. ATTRACTIONS:
The result from RBM was filtered based on location and budget. Challenges in

providing this recommendation was taking into account distance between

attractions and the time of day to visit the attraction. Few attractions and tours will

be better for morning visits and few tours like night trekking or watching a sunset



would be better to go for in the evening. To solve this problem, NLTK’s Wordnet

was used to find the synonyms of evening and night, and these keywords were

checked for in the name of the attraction. This enabled us to distinguish Morning

and Evening attractions. Secondly, a person going to an attraction in North

Vancouver would not want to travel all the way to Surrey to visit the second

attraction. Hence, distance between consecutive visits for attractions had to be

considered. The top recommendation with highest score was chosen, distance

was calculated between every attraction to our selection and the closest attraction

with next highest recommendation score was chosen for next recommendation.

The list of recommendations provided were kept track of so that the

recommendations were not repeated. This process repeats for all the days for

which the traveler will be staying at the destination and the final output will be

provided as shown in figure 5b.

5.2: Attraction recommendations

6.1.3. RESTAURANTS:
After obtaining recommendations (weighted average of the both the algorithms

output) using the Hybrid technique, the results are de-duplicated to hold only

distinct restaurants for the three different meals (Breakfast, Lunch and Dinner) of a

day for the entire duration of travel. It’s also sorted based on the star rating of the

recommended restaurant. We recommend two restaurants per meal per day as in

figure 5c.



5.3: Restaurant recommendations

CHAPTER 7
SUMMARY AND CONCLUSION

7.1. CONCLUSION:

The project successfully met its goal of creating customized travel plans tailored to

users' preferences using advanced Data Science techniques, offering

recommendations based on a thorough analysis. However, considering the

project's broad applicability, significant opportunities for enhancement and

expansion exist. Currently, the dataset encompasses only Canadian destinations,

sourced from TripAdvisor. Expanding this dataset to include global destinations

would broaden the project's utility, offering a more diverse range of travel

recommendations. Moreover, incorporating data from additional sources could

enrich the recommendations provided.

7.2. FUTURE WORKS:

Future iterations could also transition from an interactive IPython notebook to a

more user-friendly web application, enabling a more engaging user experience

and the ability to refine recommendations based on user interactions. Additionally,

personalizing recommendations to consider the travelers' composition, such as

families with children or solo travelers, could significantly enhance the relevance of

suggestions. Lastly, the exploration and integration of alternative recommendation

algorithms, including Deep Belief Networks and ensemble methods, promise

further improvements in the precision of travel recommendations. Overall, by

addressing these areas for development, the project has the potential to evolve

into an even more sophisticated tool for personalized travel planning.
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APPENDIX

A.SOURCE CODE

PYTHON CODE:
Hotel:











Attraction:









Restaurant:













B.SCREENSHOTS

User inputs:
● Users give travel details as input.

● Users can choose amenities they are looking for in hotels.



● Users can give their attraction preferences.

● Type of cuisine user prefers is given as input.



Outputs:

Hotel recommendations:

Attraction recommendations:

Restaurant recommendations:



C. RESEARCH PAPER:













D. CERTIFICATE:


