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Abstract — Cancellations in bookings show a negative
impact in the hospitality industry field while making
management decisions. To prevent the negative impact of
the cancellations, a lot of policies are implemented along
with afew overbooking techniques, this, in turn, can
severely damage the income and reputation of that
particular hotel. To prevent this situation, machine
learning models have been developed. These models use
previous data from the hotel and then get trained to
predict whether the specific reservation would be
canceled. For this, two hotels, Resort hotel, and City hotel
have been considered and then the ML models are used
to predict how these specific actions taken by the hotel
management have a practical effect on the revenue and
cancellations of the hotel. This makes the management
think again about policies and their decisions. The ML
models will help management in predicting the number of
cancellations that may occur.
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I INTRODUCTION

Hotel booking cancellations have emerged as a
pervasive challenge within the hospitality industry,
leading to substantial revenue losses and operational
disruptions. As the market becomes increasingly
competitive, understanding and mitigating the factors
contributing to these cancellations is paramount for
effective hotel management. This research paper
delves into the intricate patterns of hotel booking
cancellations and aims to identify the key
determinants that influence revenue generation.

The landscape of hotel bookings is shaped by a
multitude of factors, including booking policies,
guest demographics, seasonal trends, and broader
economic conditions. The rise of flexible cancellation
policies and the influence of online travel agencies
(OTAs) further complicate this landscape,
necessitating a deeper analysis of consumer behavior
and market dynamics. By examining these diverse
variables, this study seeks to provide actionable
insights that empower hoteliers to refine their
revenue management strategies.

Ultimately, this research aims to equip hotel

operators with the knowledge to anticipate and
address booking cancellations, fostering more
resilient revenue streams and improving overall
operational efficiency in an ever-evolving industry.

1. LITERATURE SURVEY

The hotel industry has been significantly impacted by
the cancellation of bookings, resulting in lost revenue
for hotels. In recent years, there has been an
increasing trend in hotel booking cancellations,
which has led to a need for research to understand the
factors contributing to this trend. Several studies have
been conducted to identify the reasons behind hotel
booking cancellations.

This paper [3] looked into integrating ML technology
into the hotel industry to improve service delivery,
efficiency, and profitability. Using a comprehensive
review of literature between 2010 to 2020, the
authors framed their analysis based on three research
questions: (RQ1) Which implementation areas of ML
apply to hotels, (RQ2) specific ML techniques
applied, and (RQ3) countries currently implementing
ML in hospitality. Despite the importance of ML
applications, substantive literature is scarce, and little
usage prevails in the fields of demand and price
forecasting, booking cancellations, and operational
efficiency. Compared to leaders in ML research,
China and the USA, a clear lack of studies is found in
the geographic regions of Portugal, Spain, and
the UK. Further research on ML design and its
impact on service quality, revenue management, as
well as essential support systems for the successful
implementation of ML, is in order.

The paper [4] presents an optimized artificial
intelligence-based model for the prediction of hotel
booking cancellations by making full use of PNR
data. This requires machine learning techniques in
conjunction with artificial neural networks optimized
by genetic algorithms. A prediction rate of 98%
resulted from just 13 independent variables. The
study identifies two gaps in the literature individual-
level cancellation predictions and the reasons behind
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cancellations. Most studies identify cancellation
ratios in aggregate terms; thus, the need to
demonstrate the effectiveness of PNR data in
predicting individual cancellations closes these gaps
while promoting simpler models that require less
historical data to provide greater updates more
frequently.

In this paper [5], an innovative model is proposed that
integrates PNR in predicting hotel booking
cancellations with the challenges of PNR data
availability due to privacy concerns. The authors
applied a transparent linear machine learning
approach by utilizing Bayesian networks for
probabilistic modeling and Lasso regression to
reduce ineffective predictors and improve predictive
accuracy. The empirical results are impressive and
demonstrate striking gains in predictive performance.
The two enrichment schemes on PNR-based
interactive features emerge as essential cancellation
predictors. The research under the current study
contributes to the knowledge pool value add for hotel
management, offering practical implications to
develop effective cancellation policies and pricing
strategies.

This paper [6] presents a prototype decision support
system based on an automated machine learning
model to address booking cancellations in the
hospitality industry. The system succeeded in
achieving over 84% accuracy, 82% precision, and
88% AUC using handling changes in patterns of
cancellations and adaptation by introducing the
measure of Minimum Frequency for precision
evaluation. Using hotel-level predictions of net
demand and optimizing price strategies, hotels
reduced cancellations by 37 percentage points and
recovered roughly €39,000 in revenue. This study is
very important in highlighting the practical
applicability of predictive analytics in service
industries by demonstrating how open-source tools
and automated systems could be applied to enhance
continuous performance.

This research is important in indicating the potential
of predictive analytics and machine learning to
improve hotel booking cancellation predictions,
enhance operational efficiency, and build more
effective revenue management. Implementing
personal name records (PNRs) along with advanced
modeling techniques, this evidence would be
beneficial for hoteliers in many ways and is a call for
a data-driven approach toward the reduction of

cancellations and improvement of customer

satisfaction in the hospitality industry.

I1. METHODOLOGY/EXPERIMENTAL

3.1. Logistic Regression: Logistic Regression is a
technique of statistical classification, the one where
binary classification is predicted by fitting data to a
logit function. It's particularly well-suited for
situations where the dependent variable is categorical
example, yes/no, true/false, 0/1. It's not just like
ordinary linear regression, where the output may take
on any real value. Suppose, instead, you wanted to
build a model that predicted a continuous outcome,
like asking how likely it was that someone would
vote for a particular candidate-and you'd end up
constraining the output to be between 0 and 1. This is
very useful with probability estimation.

For example, we have two classes Class 0 and Class
1 if the value of the logistic function for an input is
greater than 0.5 (threshold value) then it belongs to
Class 1 otherwise it belongs to Class 0. It’s referred
to as regression because it is the extension of Linear
regression but is mainly used for classification
problems.

The logistic function is therefore defined as:

1

PY =1|X) = 1+ e BotBiXi+BXot . +BuXs)

Where:

e P(Y=1]X) is the probability that the dependent
variable Y equals 1 given independent variable
X.

e By isthe intercept of the model.

e ByfB,....pn are the coefficients for each
independent variable X1,X»,...,Xn.

e e s the base of the natural logarithm.

3.2. Ridge Classifier: The Ridge Classifier is a
classification algorithm based on the Ridge
Regression technique. It can help the training while
dealing with multicollinearity; in this case, the
independent variables of the data are highly
correlated with each other. Ridge Classifier is an
analogy of logistic regression when there is a
regularization term added to the loss function to
prevent overfitting for cases with high
dimensionality. The regularization pushes the
coefficients of less significant features towards zero
so that the model is generalized.

For instance, if you have to predict whether
customers would churn or not (1 or 0) based on their
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account balance and usage patterns, Ridge Classifier
can come in handy when such features are highly
correlated. This will regulate the model by not
overemphasizing feature values that could be causing
noise due to multicollinearity.

Assuming coefficients and the regularization
parameter o are known, the Ridge Classifier tries to
fit the data with loss minimization incorporating a
penalty for large coefficients that stabilizes the
model.

The mathematical formula of the Ridge Classifier is
defined by the regularized least squares problem:

n .
o (S0 7 35)
i=1 j=1

Where:

e yjisthe actual label (binary or categorical).

e X is the feature vector for instance iii.

e B represents the model coefficients (weights).

e« is the regularization parameter (also called the
"ridge penalty") that controls the amount of
shrinkage applied to the coefficients.

e pisthe number of features.

The regularization term oY j=IpBfj® prevents the
model from becoming too complex by penalizing
large coefficients.

3.3. Stochastic Gradient Descent Classifier: The SGD
Classifier is linear. Because it uses the SGD
optimization technique to fit the model, it works very
efficiently for large-scale data sets and can easily be
adapted to several problems in the scope of machine
learning, including classification and regression
problems. A user of SGDClassifier can choose from
a variety of loss functions: hinge loss (for SVM), log
loss (for logistic regression), and others.

For every training example, the stochastic gradient
descent optimizes the loss function by iteratively
updating model parameters as opposed to using all
the data together as in batch gradient descent, thus
leading to faster computations, but it may introduce
more variability in the updates with large sets.

The objective function for SGDClassifier:

1o ;
in | =Y Ly, X8 2
min (n gl (4, XiB) + || )

Where:

o L(yi, Xip) is the loss function, which could be
hinge loss for SVM or log loss for logistic
regression.

e allpll2 is the regularization term that prevents
overfitting.

e nisthe number of samples.

e [ represents the model coefficients (weights).

e o isthe regularization parameter (L2 penalty).

3.4. Random Forest Classifier: The Random Forest
Classifier is an ensemble learning algorithm where
several decision trees are constructed during training
and the mode of the classes (for classification) or the
mean prediction (for regression) output of these
individual trees is given. In other words, this method
tries to overcome overfitting through the average
computation of many decision trees so that improved
performance and robustness of a single decision tree
can be attained.

Each tree in the random forest is built using a random
subset of data, and at each node, it considers a random
subset of features for splitting. It is this randomness
that prevents correlation among the individual trees,
thus maintaining the stability and accuracy of the
ensemble of trees.

3.4.1. Working:

Bootstrapping: From the original training dataset,
multiple random subsets, known as bootstrapped
samples, are generated. These samples are built by
sampling with replacement.

Building Decision Trees: We build a decision tree for
each of the bootstrapped samples. In this problem,
however, when splitting a node, we only consider a
randomly selected subset of features rather than all
the features if we have more than a thousand. This
will make the trees more diverse.

Aggregation (Voting/ Averaging): For classification
problems, the random forest output is ascertained
based on majority voting among all decision trees.
For regression, it calculates the mean of all the tree
predictions.

Mathematical Formula for Random Forest:
In a classification problem, the random forest will
predict the class label.

g = mode ({hi1(z), ho(z), ..., hn(z)})
Where:
e hi(x) is the prediction of the iii-th decision tree
for input sample xxx.
ey isthe final predicted class (for classification).
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For a regression task, the prediction y” is the average
of all the individual tree predictions:

I,
tU:Eghe(l)

Where:
e hi(x) is the prediction from the i™" decision tree.
e nisthe number of trees in the forest.

3.5. K-Nearest Neighbor Algorithm: The K-Nearest
Neighbor (KNN) algorithm is a straightforward
method for classifying data and is classified as a
supervised learning technique. It is a parametric-less
algorithm, meaning it does not make assumptions
about the underlying data distribution. Since it does
not learn from the training data, it can be referred to
as a lazy or idle learner; however, during
classification, the data is stored, and actions are
performed on it. This algorithm searches for
similarities during classification.

3.5.1. Why KNN?

For instance, if there are two categories, A and B, and
a new data point arrives between A and B, KNN can
easily classify whether the new data belongs to
category A or B.

3.5.2. Working:

1. First, determine the number of neighbors (K) to
consider.

2. Calculate the Euclidean distance from every data
point to the K estimators.

3. Identify the nearest neighbor based on the
calculated distances.

4. Allocate the data points to the group with the
highest number of neighbors.

5. The model is now ready.

The Euclidean distance between points A and B is
given by the formula:

d(P,Q) = /(2

z1)? + (y2 — y1)?

There is no definitive method to determine the
optimal K value; experimentation is often required to
find the best output, with K = 5 being a common
choice. A very low K value may lead to outliers and
noise in the output.

3.5.2.1. Advantages:

- Implementation of KNN is straightforward.
- No discriminative function is derived from the data.

- With a larger training dataset, KNN becomes more
effective.

3.5.2.2. Disadvantages:

- Standardization and normalization must be
completed before implementing KNN.

- The KNN algorithm is computationally expensive,
as it requires distance calculations for each data point
in the dataset.

3.6. Decision Tree: The decision tree algorithm falls
under supervised learning and can be used for both
regression and classification problems, although it is
primarily utilized for classification.

e It maintains a tree structure, consisting of
internal nodes, branches, decision rules, and leaf
nodes.

e Each node represents a feature from the dataset,
while the decision rules are the branches, leading
to an output at the leaf nodes.

In a decision tree, two types of nodes exist:

1. Decision Nodes: Used for making decisions, with
branches leading to further nodes.

2. Leaf Nodes: Output nodes with no further
branches.

A decision tree attempts to provide a solution in all
possible ways and is represented graphically as a tree.
The CART (Classification and Regression Trees)
algorithm is commonly used to build decision trees.

3.6.1. Why Decision Tree?
1. It mimics human decision-making processes.
2. The logic is easily understandable.

3.6.2. Working:

1. The tree starts with a root node containing all
variables or features in the dataset.

2. Attribute selection or Principal Component
Analysis (PCA) is used to identify the best attributes
of the dataset.

3. The root is divided into multiple sub-trees using
the best attributes or features.

4. The decision tree with the best feature is selected.
5. This process repeats until no further trees can be
constructed from the dataset features.

3.6.3. Rules for Feature Selection:
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1. After dividing the dataset based on an attribute, the
change in entropy (known as information gain) is
measured. Information gain quantifies how much
detail a feature provides about a class. The decision
tree algorithm aims to maximize the information
gain, splitting nodes with the highest information
gain value.

Information Gain (IG) can be calculated using the
following formula:

IG = E(8) — [(WA) x E(I)]
Where:

- E = entropy

- WA = weighted average

- | = each feature

- 1G = Information Gain

2. Entropy: The impurity present in a dataset feature,
describing randomness. It can be calculated as:

16 24
S, (— X 8l, + — X 32(:)
40 40
3. Gini Index: A measure of impurity or cleanliness

used in constructing decision trees with the CART
algorithm. Attributes with a low Gini Index are
preferred over those with a high Gini Index. The Gini
Index is calculated as follows:

GI=1-) F;
J
Where Gl is the Gini Index.

3.6.3.1. Advantages of the Decision Tree:

- Useful for decision-related problems.

- Encourages exploration of all possible solutions.

- Requires minimal data wrangling compared to other
models.

3.6.3.2. Disadvantages of the Decision Tree:

- May become complex due to multiple layers.

- Overfitting issues can be resolved using the
Random Forest algorithm.

- Requires more time for model training, indicating
computational complexity.

3.7. Naive Bayes Classifier

The Naive Bayes classifier belongs to the
probabilistic classifier family and is based on Bayes'
Theorem. It employs kernel density estimation
alongside a simple Bayesian network. Naive Bayes is
a highly scalable classifier that efficiently handles

multiple variables with linear relationships. It
assumes that features are independent of each other
when constructing classifiers.

For example, consider a fruit like a mango that is
yellow, round, and has a diameter of 14 cm. The
Naive Bayes algorithm would consider all these
features to contribute equally or independently to
determining whether the fruit is a mango.

The Naive Bayes classifier efficiently uses
conditional probability, expressed as:

c X1
k= l
Where:
- Posterior = K
- Prior=c¢
- Likelihood =i
- Evidence = |

Interestingly, the accuracy of the model or algorithm
is not correlated with the number of independencies.

V. PROPOSED WORK

The primary aim of the hospitality industry is to
provide quality services to its customers which in
return leave They will have a positive impact in their
minds. This will create some Positive word of mouth
and reviews. Customer satisfaction.

This is to become the main aim of the hospitality
industry.

Pt e e ar e S AL e e bt LB a6 TS WAL SRS U AP SN Rt chirn s s Seenry

Fig.1. Monitored Data

4.1. Power BI: Power Bl is a powerful business
analytics service developed by Microsoft. It allows
users to connect to their data, share insights across the
organization, and model their data in the most
appropriate way for business use. It enables making
better business decisions by allowing users to connect
to various data sources, transform and model data,
and create highly interactive reports and dashboards.
Power BI is well-suited for its intuitive interface,
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robust data modeling capabilities, and seamless
integration with other Microsoft products.

4.2. Components of Power BI:

e Power BI is a powerful business analytics
service developed by Microsoft.

e It allows users to connect to their data, share
insights across the organization, and model their
data in the most appropriate way for business
use.

e It enables making better business decisions by
allowing users to connect to various data
sources, transform and model data, and create
highly interactive reports and dashboards.

e Power Bl is well-suited for its intuitive interface,
robust data modeling capabilities, and seamless
integration with other Microsoft products.

The different components of Power Bl are meant to
let users create and share business insights in a way
that fits with their role shown in Figure 3.

4.3. System Architecture

Fig.2. System Architecture

Step-1: First of all, collect the data from the Kaggle
and store it in the working directory.

Step 2: Importing the Necessary Python libraries.
Step 3: Next, we perform data preprocessing to
prepare the raw data for analysis by executing the
following tasks: cleaning, transforming, and
organizing the data.

Step 4: Next, we proceed with model selection,
evaluating the requirements of our analysis to choose
suitable machine learning models.

Step 5: Next, we train the chosen models with the
preprocessed dataset, helping them to understand
patterns and relationships that will allow for accurate
predictions on new, unseen data.

Step 6: After training, we assess the model's
performance by examining its accuracy and other
important metrics. If the accuracy meets our
expectations, we move on to visualization. However,

if it falls short, we go back to the model selection
phase to consider different models or tweak the
parameters.

Step 7; Once we have satisfactory model accuracy,
we visualize the results to interpret the findings from
our analysis. This includes using various
visualization techniques to present the insights
gained from the data.

Step 8: Now we are moving to use Power Bl Desktop.
In which we load the Data and after that, we create
the interactive Dashboard (Fig.3 and Fig.4)
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Fig.3.Component of Power BI
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Fig.4.Components of Power Bl

V. RESULTS

This evaluation provides insights into the diverse
predictions generated by the model, as demonstrated
in Figure 5.

accuracy: 0.883

F1 score: 0.838

[[13919 1131]

[ 1653 7175]]
KNN

Average cross validation score: 8.958
Test accuracy: 8.956
7 F1 score: 8.936
F 8.982 [[15e16 34)
[[15841 9] [ 1027 78e1])
304 8524])
SGD Classifier

re: 0.988

Naive Baiyes Classifier
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Fig.5 Prediction of Models

The analysis of the following figures reveals
important insights into customer behavior and
booking patterns.

is_canceled = 0 is_canceled = 1

40000 -
30000 +
20000

10000 -

0 200 400 600 0 200 400 600
lead_time lead_time

Fig.6. Lead Time vs. Cancellations

Figure 6 is taken from our research depicting the lead
time distribution, calculated as the time lag between
making a reservation and the guest's date of arrival.
Using that graph, we know what kinds of reservations
are being made when during the year and how those
lead times affect cancellations by enabling us to draw
some trends about it. For instance, longer lead times
increase the possibility for cancellations. This insight
will allow one to understand the behavior of a
customer in booking, optimize resource allocation,
and strengthen the predictability of cancellations
using lead time.
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Fig.7. Booking Changes vs Cancellation
Figure 7, shows how many guests change their
bookings and the possibility of cancellation. Most
booking has no change, and more of them are not
cancelled which means guests who do not make
changes to their bookings have less possibility of
cancellation. But the graph indicates an increased
number of alterations in booking probably points to a
higher level of possibility of cancellations due to
indecision or travel plans changed.
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I o 1 e 4 e
N w - w o ~
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Fig.8. Customer Types vs Special Requests

Fig. 8 identifies several service requests from various
segments of customers. With this, it is noted that
transient customers often have the greatest number of
special requests; this indicates a desire for tailored
services. It is valuable business information, hence,
especially for businesses that might want to improve
customer satisfaction and respond to needs for
specific services by recognizing the requirement
through understanding the preferences of various
groups of customers in their service delivery.

VI. CONCLUSION

In conclusion, our research on hotel reservation
cancellations reveals all of the added value in further
developing hotel management and revenue strategies.
There is a heavy contrast between city and resort
cancellation percentages; this calls for tailor-made
marketing practices. Our machine learning model
might predict potential cancellations based on
historical data, thus helping the hotels reduce their
losses. Interactive dashboards through Power Bl can
be included to enable hotel management to make
informed real-time decisions. It is then that such data-
driven insights and predictive analytics will help
improve the guest experience and sustain
competitiveness in this emergent hospitality industry.
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