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In the past few years, both the City Hotel and Resort Hotel have experienced significant increases in
their cancellation rates. As a result, both hotels are currently facing a range of challenges, such as
reduced revenue and underutilized hotel rooms. Therefore, the top priority for both hotels is to reduce
their cancellation rates, which will enhance their efficiency in generating revenue. This report focuses
on the analysis of hotel booking cancellations and other factors that do not directly impact their
business and annual revenue generation.

Introduction: In the contemporary hospitality industry, the
integration of data science techniques has revolutionized the way hotels
operate and make strategic decisions. The vast amounts of data
generated by hotel operations, ranging from guest preferences and
booking patterns to financial transactions and social media interactions,
hold immense potential for driving business insights and enhancing
customer experiences. By leveraging data science, hotels can uncover
hidden patterns, predict trends, and make data-driven decisions that
optimize their operations and boost profitability.

This paper explores the application of data science techniques to
analyze hotel data-driven systems. It delves into various methodologies
employed in data collection, preprocessing, and analysis to extract
valuable insights from hotel data. The focus is on how these insights can
be utilized to improve customer satisfaction, streamline operations, and
enhance marketing strategies. By examining case studies and real-world
applications, the paper highlights the transformative impact of data
science in the hospitality sector.

Through a systematic approach, the analysis includes data
cleaning, feature engineering, and the application of machine learning
models to predict customer behavior, optimize pricing strategies, and
personalize marketing campaigns. The integration of advanced analytics
and artificial intelligence provides hotels with a competitive edge,
enabling them to anticipate market demands, manage resources
efficiently, and deliver personalized experiences to their guests.

In summary, the application of data science in hotel data-driven
systems represents a significant advancement in the industry, offering a
pathway to enhanced operational efficiency and superior customer

service. This paper aims to provide a comprehensive understanding of
the techniques and benefits of using data science to analyze and improve
hotel operations.

Related works: Research on hotel revenue management often
involves data science techniques to optimize pricing and maximize
revenue. Talluri and van Ryzin (2004) discusses revenue management
in various industries, including hospitality, and highlights the use of
forecasting models and optimization techniques to set dynamic pricing.
Bodea and Ferguson (2014) reviews revenue management in the hotel
industry, emphasizing the importance of demand forecasting and price
optimization using historical booking data. Pang and Lee (2008)
provides a comprehensive overview of sentiment analysis techniques
and their applications, including the analysis of online reviews. Liu, Hu,
and Cheng (2017) focuses on sentiment analysis of hotel reviews using
machine learning algorithms to gauge customer satisfaction and identify
areas for improvement. Chen, Chiang, and Storey (2012) discusses the
role of big data analytics in various industries, including hospitality, and
highlights the benefits of predictive analytics for decision-making.
Moreno, Garcia-Alonso, and Fernandez-Castro (2016) explores the
use of big data techniques for predictive analytics in hotel management,
including occupancy and revenue forecasting.

2.1 Dataset description: This dataset contains 119390
observations for a City Hotel and a Resort Hotel. Each observation
represents a hotel booking between the 1st of July 2015 and 31st of
August 2017, including booking that effectively arrived and booking
that were canceled. Features of the data and context of the description is
shown in the Table 1.

Table 1.Features of Data

Feature Name Description
hotel [Type of hotel (Resort hotel or City hotel).
is canceled Indicates if the booking was canceled (1) or not (0).
lead time [Time between the booking date and the arrival date.

arrival date year Year of arrival date.

arrival date month

Month of arrival date (12 categories: “January” to “December”).

arrival date week number [Week number of the arrival date.

arrival date day of month |Day of the month of the arrival date.

stays in weekend nights

INumber of weekend nights (Saturday or Sunday) the guest stayed or booked to stay at the hotel.

stays in week nights

Number of week nights (Monday to Friday) the guest stayed.

adults Number of adults.

children INumber of children.

babies Number of babies.

meal Type of meal plan (e.g., BB - Bed & Breakfast).
country Country of origin.

market segment

Market segment designation (e.g., “TA” means "Travel Agents” and “"TO" means "Tour Operators”).

distribution channel

Booking distribution channel (e.g., “TA” means “Travel Agents” and “TO" means "Tour Operators”).

is repeated guest

Indicates if the booking name was from a repeated guest (1) or not (0).

previous cancellations

INumber of previous bookings that were canceled by the customer prior to the current booking.

previous bookings not can{Number of previous bookings not canceled by the customer prior to the current booking.

reserved room type

Code of room type reserved (code is presented instead of designation for anonymity reasons).

assigned_room_type

Code for the type of room assigned to the booking (sometimes differs from the reserved room type due to hotel
operation reasons or by customer request, code presented anonymously).

booking changes

Number of changes/amendments made to the booking.

deposit type

Type of deposit made (No Deposit, Non Refund, Refundable).

agent

FD of the travel agency that made the booking (ID is presented instead of designation for anonymity reasons).
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company designation for anonymity reasons).

[ID of the company/entity that made the booking or responsible for paying the booking (ID is presented instead of

days in waiting list

Number of days the booking was in the waiting list before it was confirmed to the customer.

customer type

[Type of customer (Group, Transient, Transient-party).

ladr lAverage Daily Rate (calculated by dividing the sum of all lodging transactions by the total number of staying nights).

required car parking space|Number of car parking spaces required by the customer.

total of special requests

Number of special requests made by the customer (e.g., twin bed or high floor).

reservation status

Current reservation status (Check-Out, No-Show).

reservation_status_date

Date at which the last status was set (used in conjunction with reservation status to understand when the booking was
canceled or when the customer checked out).

name Name of the guest (not real).

email Email (not real).

hone-number Phone number (not real).

Methodologies: In the past few years, both the City Hotel and
Resort Hotel have experienced significant increases in their cancellation
rates. As a result, both hotels are currently facing a range of challenges,
such as reduced revenue and underutilized hotel rooms. Therefore, the
top priority for both hotels is to reduce their cancellation rates, which
will enhance their efficiency in generating revenue. This report focuses
on the analysis of hotel booking cancellations and other factors that do
not directly impact their business and annual revenue generation. We

used Exploratory Data Analysis (EDA) that is a critical techniques in the
data analysis process. It involves summarizing the main characteristics
of a dataset, often using visual methods. The techniques of EDA can
provide to get insights from the dataset, helping to make informed
decisions about further data preprocessing, feature selection, and model
building. Here is the one of the results that is statistical information of
our data in Table 2.

Table 2. Statistical results of Data

[4]: is_canceled lead time arrival date year arrival date week number arrival date day of month sta

count 119390.000000 119390.000000 119390.000000 119390.000000 119390.000000

mean 0.370416 104.011416 2016.156554 27.165173 15.798241

std 0.482918 106.863097 0.707476 13.605138 8.780829

min 0.000000 0.000000 2015.000000 1.000000 1.000000

25% 0.000000 18.000000 2016.000000 16.000000 8.000000

50% 0.000000 69.000000 2016.000000 28.000000 16.000000

75% 1.000000 160.000000 2017.000000 38.000000 23.000000

max 1.000000 737.000000 2017.000000 53.000000 31.000000

Results and Discussion: Data preprocessing is a critical step in
the data analysis and machine learning pipeline. It involves transforming
raw data into a clean and usable format. This step ensures that the data
is consistent, accurate, and suitable for analysis or model training. We
used various techniques for analising the data.

. Check Missing values

e  Check Duplicates

e  Check data type
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The provided bar graph illustrates the cancellation and non-
cancellation percentages for reservations. It is evident that a substantial
portion of reservations remains unaffected by cancellations. Notably,
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e Check the number of unique values of each column
e  Check statistics of the dataset
. Check various categories present in the different categorical
columns
Handling missing values is an essential part of data cleaning
during EDA. Here is bar plot of missing values in Figure 1.

Figure 1. Missing values of the data
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37% of clients have chosen to cancel their reservations, and this has a
noteworthy impact on the hotels' revenue in Figure 2.
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Figure 2. Missing values of the data
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In comparison to resort hotels, city hotels have more bookings. Its possible that resort hotels are more expensive that those in cities in Figure 3.
Figure 3. Reservation status in different hotels
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Figure 4. Reservation status per month.
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We have created a grouped bar graph to examine the months with the
highest and lowest reservation levels based on their status. It's evident that
the month of August stands out, having the highest numbers of both
confirmed and canceled reservations. In contrast, January has the fewest
confirmed reservations but the highest number of canceled reservations in
Figure 4.

Conclusion:  In this paper, we explored the application of data
science techniques to analyze hotel data-driven systems. The hospitality
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