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ABSTRACT The phenomenon of cancellations in hotel bookings is one of the main pain points in the
hospitality sector as it skews demand signals and can result in revenue losses estimated at about 20 %. Yet,
forecasting booking cancellations remains an underresearched area, particularly in the understanding of the
behavioral drivers of cancellations. This paper addresses this gap by proposing a new approach to predicting
hotel booking cancellations rooted in stacked generalization and Explainable Artificial Intelligence (XAI).
Specifically, the combination of linear, tree-based, non-linear and deep learning models into a single
meta-model resulted in an increased accuracy rate to 96 %. In addition, this work focuses on interpretability,
identifying the driving behavioral factors of cancellation as location, type of room, and customer segments.
This approach can provide hoteliers with both highly accurate predictions as well as marketing intelligence
that would allow them to drive strategy to minimize loss resulting from cancellations. The results of the
research provide an effective solution to the challenges involved in forecasting booking cancellations,
balancing forecast prediction accuracy with the ability to provide actionable insights.

INDEX TERMS Cancellation forecasting, hotel booking, artificial intelligence, machine learning, revenue
management, explainable artificial intelligence.

I. INTRODUCTION
Tourism’s meteoric rise as a cornerstone of global economic
development is well documented, with the World Tourism
Organization (UNWTO) indicating that the international
tourism industry has recovered significantly in 2023, reach-
ing approximately 1.3 billion international arrivals globally,
about 88% of pre-pandemic levels. This strong recovery
is expected to continue, with forecasts suggesting that
international tourism could surpass pre-pandemic levels by
the end of 2024 [1]. Aside from the income generated
from tourists’ direct consumption, the tourism sector also
plays an important role in shaping infrastructural and

The associate editor coordinating the review of this manuscript and

approving it for publication was Muammar Muhammad Kabir .

service-related developments. Yet due to externalities like
geopolitical flux, environmental conditions, and unforeseen
calamities, the tourism is subject to a certain degree of
unpredictability [2]. Nowhere is the brunt of these uncer-
tainties felt more acutely than in the hospitality industry,
where the perishable nature of the service implies that any
unoccupied room represents an irrevocable loss in potential
revenue [3], [4]. The forecasting of hotel demand, thus,
is not merely an exercise in prediction, but a vital tool
for strategic resource allocation and operational planning.
It informs decisions across a spectrum from tactical to
strategic management, encompassing aspects like inventory
management, marketing initiatives, and staffing [5]. Yet, this
task is notoriously complex due to the dynamic and unpre-
dictable patterns of customer behavior, particularly when
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factoring in cancellations, which significantly distort demand
signals [6].

The advent of the internet has added layers of complexity
to this challenge. It has facilitated an ease of booking
(and by extension, cancellation) that has reshaped customer
reservation habits. Guests are now prone to book multiple
options or cancel due to minor changes in their preferences or
plans, leading to significant impacts on cancellation rates [7].
In fact, previous studies have found that between 10-30%
of hotel bookings are affected by cancellations [7], [8],
which can in some cases account for losses in revenue of
up to 20% [9]. Despite the far-reaching implications of this
trend, the domain of cancellation forecasting, particularly at
the individual customer level, remains underexplored, with
limited insights into the drivers behind cancellation behaviors
or effective preventative measures [10].

The implementation of Artificial Intelligence (AI) and
AI-powered devices has revolutionized the creation and
provision of services in the hospitality industry. Most of
the research in the field regarding AI has been centered
around its interaction with employees [11], customers [12],
and organizational operation [13]. This study seeks to fill this
gap by proposing a state-of-the-art Machine Learning (ML)
model to accurately and explainably predict hotel booking
cancellations. Explainability is crucial for practitioners to
understand and communicate the decisions that are made
by black-box AI algorithms. In the specific case of hotel
booking cancellation, it may allow hoteliers to gain insights
into the underlying factors driving cancellations, giving them
the tools to proactively manage their inventory.

Accordingly, this study seeks to make a substantive
contribution to the hotel demand forecasting literature by
introducing an empirical meta-modeling approach rooted in
stacked generalization to predict hotel booking cancellations.
Eschewing reliance on vast historical datasets, this study
uses a minimal set of variables to achieve high predictive
accuracy, thereby streamlining themodel training process and
enhancing its responsiveness to market dynamics. Apart from
achieving high predictive accuracy, this study also focuses
on the interpretability of the model through the analysis
of SHapley Additive exPlanations (SHAP) values, which
yield insights into the individual variables driving booking
cancellations. This dual focus on performance and inter-
pretability through the meta-model ensures robust, accurate,
and transparent predictions, positioning this research as a
vanguard in the application of AI in hotel RM.

The rest of this paper is organized as follows. In Section II,
existing literature is reviewed and a few important develop-
ments are mentioned concerning the application of ML to the
prediction of hotel booking cancellations and interpretability
techniques. Section III presents the framework of the
research, containing the characteristics of the datasets used,
the preprocessing methods which were carried out and
the construction of the stacking meta-model framework.
In Section IV, the results of the research are discussed, where
the accuracy of different models is assessed in terms of

their predictive ability and where the interpretative analysis
with the use of SHAP-based methods is also detailed.
In Section V, the focus is particularly on the practical and
ethical application of the findings in relation to revenue
management (RM). Finally, Section VI wraps up the article
recounting the major aspects raised in the article, discussing
the limitations, and proposing areas for future research.

II. LITERATURE REVIEW
In an era where AI has revolutionalized the hospitality
industry [14], revenue managers continue to grapple with
the complexities of customer order cancellation. Despite
the ubiquity of ML applications in other industries, the
hospitality industry is still quite nascent, particularly in
the context of revenue management [15]. This literature
review reveals a promising trajectory for the utilization of
ML algorithms, which calls for a strategic pivot towards
profit-centric metrics and the innovative application of meta-
modeling. By aggregating a diverse set of predictive models
and extracting interpretability via SHAP values, this research
seeks to improve the accuracy and explainability of hotel
booking cancellation prediction.

A. PREDICTIVE ANALYTICS FOR HOTEL BOOKING
CANCELLATIONS
The research stream of hospitality booking cancellation is a
subset of the broader field focused on customer churn pre-
diction. The use of ML techniques to identify the customers
who are most likely to discontinue their services has been
widespread, with significant contributions from researchers
across various disciplines [16]. The finance sector [17],
telecommunications [18], and online services [19] have seen
a surge in studies aimed at understanding this phenomenon.
Despite this, research surrounding customer churn specific to
hospitality industry has been largely underexplored [20].
Cancellation prediction techniques originated in the travel

industry. Traditionally, cancellation prediction studies have
focused on transportation lines, such as airlines [21] or
trains [22]. Yet despite its importance, research into hotel
cancellation prediction is still relatively nascent.

The first application of ML to hotel cancellation prediction
was done by [23], who used advanced booking data from
a hotel chain to predict the average cancellation rate using
multiple models, including linear, non-linear, and tree-based
models. [9] proposed a customer choice based mathematical
model for purchase and cancellation probabilities under
different assumptions of cancellation rates. [24] employed
a variety of ML algorithms on advanced booking data from
individual hotels to classify bookings as cancellations.

In more recent studies, more sophisticated techniques such
as k-nearest neighbors [25], boosting models [26], [27], and
deep learning algorithms [8] were introduced. Furthermore,
this research has demonstrated the effectiveness of both
random forest and XGBoost models in accurately identi-
fying potential cancellations [28], [29]. According to [30],
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Artificial Neural Networking with Genetic Algorithm (GA)
model as the most suitable for predicting booking cancella-
tions. [8]. XGBoost, in particular, has been lauded for its high
computational efficiency and accuracy, making significant
strides in addressing not only hospitality-related issues but
also broader economic and business challenges [31], [32].
These more complex algorithms have shown remarkable
accuracy [33], [34], but they have been criticized for their lack
of interpretability.

Interpretability of ML models is crucial in forecasting
literature, as it allows researchers and practitioners to gain
insight into the drivers of the phenomena being modeled [35].
Yet, there have been only two previous booking cancellation
studies that incorporate interpretability measures into ML
models. First, [28] introduced interpretability measures
through the built-in feature importancemetric that the random
forest model provides. More recently, [26] incorporated
SHAP values into their profit-driven XGBoost model.
As evidenced by the shortage of research, deeper insight into
interpretable ML techniques is sorely needed in the booking
cancellation literature.

B. DRIVERS OF BOOKING CANCELLATIONS
The cancellation of a hotel booking can be affected by a
diverse range of internal or external factors. Internal factors
can be inherent to either the customer or the boooking, while
external factors can be related to larger, macro-level trends
that may affect cancellation behavior.

In relation to the customer, cancellations may be caused
by the customer’s behavior or characteristics. In terms of
behavior, consumers may purposely cancel their booking
because of a better offering they found at a different hotel,
such as a more competitive price, a better location, or more
amenities [10]. Customer characteristics that influence their
likelihood to cancel their booking are the customer country
of residence (origin), type, and size of travel group [36].
[10] also suggested that the customer’s previous cancellation
behavior is another cancellation driver. That said, customer-
related variables can be affected by the cancellation policy
of the hotel organization [33], as time leniency (length
of cancellation window) and monetary leniency (cost of
cancellation fee) affect customer cancellation behavior [37].
Similarly, they can be influenced by other factors that may
be out of the customer’s control, such as weather, illness, and
changes of plans [36].
Characteristics of the booking itself also play a key role

in uncovering cancellation behavior. These can be in the
form of product characteristics such as room rate or room
type [38]. They can also be variables that are associated
with temporal features of the booking, like arrival date,
length of stay, and lead time [39]. For example, bookings
made well in advance and shorter lengths of stay or booking
pace have higher probabilities of cancellation [36]. Other
temporal effects related to the booking that may affect
cancellations are time of year (seasonality) as well as day

of the week [40]. The distribution channel used by the client
also affects cancellation behavior [20], where bookings from
travel agencies were most likely to keep their booking.

External factors that influence booking cancellations are
related to the environment within which the hotel is situated,
such as competition, catastophe, macroeconomic perfor-
mance, weather, and social reputation [10]. Competition
from other hotels in the area can lure customers away
with special rates or more amenities [41]. Catastophic
events such as the COVID-19 or SARS outbreaks can lead
to mass cancellations and may not be accounted for in
forecasting models [42]. Macroeconomic performance has
also been found to cause cancellations, not just for the
hospitality industry, but also for the travel, events, sports,
and entertainment industries [43]. Weather data has also been
found to influence cancellation behavior as well as improve
the prediction of ML models [44]. Lastly, [45] found that
social reputation has a significant effect on hotel booking
cancellation behavior, particularly when it comes to online
reviews.

C. EVALUATING PREDICTIVE MODELS FOR HOSPITALITY
BOOKING CANCELLATIONS
Optimizing predictive models for order cancellations
involves a thorough comparison of diverse models, typically
using statistical performance metrics. This conventional
method has been criticized for its lack of focus on the
core business aim of profit maximization through customer
retention [46]. Therefore, profit-centric metrics such as the
maximum profit criterion have been suggested to align model
evaluations more closely with business goals, proving to
significantly influence retention campaign profitability [47].
Accordingly, this study proposes the adoption of these
profit-based metrics over traditional statistics to enhance the
prediction of order cancellations, filling the void left by prior
studies (see Table 1).

D. ADVANCING MODEL SELECTION THROUGH
META-MODELING
The meta-model, often referred to as a ‘stacking’ model, is a
two layer model, where a first layer of several base learners
is trained, and the second layer integrates the predictions
of the base learners using another model to consolidate and
fine-tune their predictions [48]. By combining multiple mod-
els, the meta-model aims to optimally combine the prediction
results of the base learners to gain predictive power from the
ensemble of their predictions and mitigate their individual
weaknesses [49]. This technique is particularly pertinent
when models exhibit a wide variability in performance across
different datasets and validation methods, as indicated in the
summary of related works (see Table 1).
In contrast to the individual models tested in previous

studies, the meta-model capitalizes on the diversity of the
diverse range of the forecasting models that exist in the
literature. It dynamically incorporates the heterogeneous
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TABLE 1. Summary of validation and hyperparameter selection methods in related works, alongside the interpretability analysis and the best model
selected.

perspectives offered by each approach, giving it the potential
to yield a more comprehensive and nuanced understanding
of customer behavior. This is backed empirically by the
improvements in predictive power that stacking has shown
in comparison to individual base learners [50], [51]. The
meta-model efficacy is further bolstered by the application
of SHAP values for interpretability, which providing insights
into the feature contributions across all stacked models.
As such, the meta-model stands as a significant advancement
in model selection for the hospitality industry.

E. INTERPRETABLE ML
As AI permeates through all sectors of the hospitality
industry, the need for interpretable ML models have become
increasingly important. Historically, one of the concerns with
respect to AI and ML methodologies has been the trade-
off between interpretability and predictive accuracy [54].
MLmodels provide high predictive power, but are often black
box algorithms that give the user no information about what
is actually driving their outputs. This lack of transparency
can lead to discrimination, distrust, secrecy, and unethical or
illegal practices [55], [56]. Tomitigate these risks, researchers
have created techniques to make models more interpretable,
or understable by human users [57].

1) IMPORTANCE OF INTERPRETABILITY
Interpretability in ML is essential for several reasons:
it enhances transparency, aids in compliance with legal
standards, and facilitates error identification and model
improvement [58]. In the context of hotel booking cancella-
tions, interpretable models help stakeholders understand the
rationale behind AI-driven decisions, such as the prediction
that a particular customer may cancel their booking [57],
[59]. This will allow the hotelier to understand the underlying
trends driving cancellations without sacrificing prediction
accuracy. This deeper understanding of booking cancellation
trends may consequently aid in revenue management func-
tions such as demand forecasting, inventory management,
and pricing strategy.

2) ETHICAL CONSIDERATIONS IN AI
Ethical AI encompasses issues such as fairness, privacy,
accountability, and transparency [60]. In the hospitality

industry, these issues translate into ensuring that AI models
do not inadvertently discriminate against certain customer
groups, are capable of explaining their decisions when
required, and allow for human oversight where neces-
sary [61]. For instance, ensuring that a cancellation prediction
model does not disproportionately target guests from specific
regions or demographic backgrounds is vital for maintaining
fairness.

3) LITERATURE ON INTERPRETABLE ML
Significant strides have been made in developing inter-
pretable ML techniques. Methods such as SHAP and Local
Interpretable Model-agnostic Explanations (LIME) have
been particularly prominent in providing insights into the
contributions of individual features in model predictions [62].
Yet, significant challenges remain in fully integrating ethical
AI practices within the hospitality industry [14]. These
include balancing the trade-off between model complexity
and interpretability, privacy and data protection, legal and
human rights, and the ongoing need to update ethical
guidelines as AI technologies evolve [63], [64]. However,
these challenges also present opportunities for advancing
research in AI applications that are not only technically
proficient, but also ethically sound.

III. METHODOLOGY
This section delves into the comprehensive methodology
adopted for predicting booking cancellations in the hospital-
ity sector. Our approach meticulously pre-processes a rich
dataset, applies a variety of sophisticated ML models, and
integrates these models into a meta-model using a stacking
technique. The entire process, from preprocessing to final
evaluation, is visualized in a research diagram, providing a
clear and structured overview of the steps undertaken in this
study.

A. DATA AND PREPROCESSING
The data utilized in this study was generously provided by
a Southern European hotel with an official classification of
four stars. The dataset contains 79,330 records of booking
data for a period of two years. A comprehensive summary
of the variables included in the dataset is detailed in Table 2.
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This dataset encapsulates a range of factors including, but not
limited to, customer demographics, stay details, and booking
information. Each variable was meticulously selected for
its relevance in developing a robust ML model capable of
predicting the cancellation of a booking with high accuracy.

One-hot encoding is a popular technique for preprocessing
categorical data in ML. This method converts categorical
variables, which are often represented as a string of text or
a single-label encoding, into a binary vector representation
that can be more effectively utilized by ML algorithms.
When employing one-hot encoding, each category level of
the variable becomes a new attribute in a binary format, where
only one attribute will be ‘hot’ (i.e., set to 1) while all others
are ‘cold’ (set to 0) for each observation [65].
This transformation is vital as it allows algorithms to

exploit the presence or absence of a category without
imposing ordinality where it may not exist [66]. For example,
assigning numerical values like 1, 2, 3 to categories such as
‘small’, ‘medium’, ‘large’ can be misleading to an algorithm,
as it may infer that ‘large’ is three times more significant
than ‘small’, which is semantically incorrect and can lead
to biased results. One-hot encoding avoids this by treating
each category as an independent feature, thus preserving
the categorical information without implying any ordinal
relationship [67].
Furthermore, one-hot encoding is often used to overcome

the limitation of models that are unable to work with
categorical data directly, such as certain regression models,
support vector machines, and neural networks [68]. By con-
verting categories into numerical arrays, one-hot encoding
enables the use of categorical data within these models,
thereby enhancing their applicability across a wider range of
datasets [69].
To prepare the dataset for model training, the following

set of categorical variables were one-hot encoded: Meal,
Country, MarketSegment, DistributionChannel, Reserved-
RoomType, AssignedRoomType,DepositType, and Customer-
Type. The one-hot ransformation ensured that no ordinal
relationships were imposed into categorical variables which
would bias the model. Such features enabled the models
to have higher accuracy rates since the predictors such as
booking segment and meal type were highly correlated with
booking cancellations.

B. BINARY CLASSIFICATION MODELS AND STACKING
METAMODEL APPROACH
We tested eight binary classification models across various
combinations of three distinct math score levels: low,
medium, and high. Each model was trained using the
Stratified K-fold method, ensuring data balance within
each fold through the application of an undersampling
technique. For optimization, every model employed differing
hyperparameters, followed by the introduction of a grid
search to pinpoint the model that delivered the highest
performance. The evaluated models were the following.

Logistic Regression (LR): LR is a statistical method for
predicting binary classes. This means that the outcome or
target variable is dichotomous in nature (e.g., ‘yes’ or ‘no’).
LR estimates the probabilities using a logistic function, which
is an S-shaped curve that can take any real-valued input
and map it between 0 and 1. The equation of the logistic
regression is:

σ (z) =
1

1 + e−z
, (1)

where z is the linear combination of input features x and
their corresponding weights w, given by z = w0 + w1x1 +

w2x2 + . . .+wnxn. LR becomes a binary classifier by setting
a threshold, typically 0.5, to decide the predicted class.
Decision Trees (DT): A decision tree is a flowchart-like

structure where each internal node denotes a test on an
attribute, each branch represents the test outcome, and each
leaf node corresponds to a class label (in classification) or
a continuous value (in regression). Decision trees classify
instances by traversing from the root to a leaf node, which
provides the classification. Criteria such as entropy or Gini
impurity determine splits at internal nodes [70].

Entropy measures the impurity in a set, defined for a set S
as:

Entropy(S) = −

c∑
i=1

pi log2(pi), (2)

where c is the number of classes, and pi is the proportion of
examples in S that belong to class i.

Gini impurity measures the frequency of incorrect classifi-
cation, defined for a set S as:

Gini(S) = 1 −

c∑
i=1

p2i . (3)

Random Forest (RF): Random Forests improve upon
decision trees by creating an ensemble of trees to improve
accuracy and control overfitting. They introduce randomness
through bootstrap aggregating and feature randomness [71].

Given a training data matrixX and class labelsY, a random
forest classifier RF is defined by the mode of classifications
from its trees T1,T2, . . . ,Tn for an instance x:

RF(x) = mode{T1(x),T2(x), . . . ,Tn(x)}, (4)

where Ti is i-th decision tree in the forest, and x is instance
being classified.
Gradient Boosting (GB): GB is a ML technique for

regression and classification problems, which produces a
prediction model in the form of an ensemble of weak
prediction models, typically decision trees [72]. It builds the
model in a stage-wise fashion like other boosting methods
do, and it generalizes them by allowing optimization of
an arbitrary differentiable loss function. In the context of
binary classification, gradient boosting modifies its model by
sequentially adding new models that correct the errors made
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TABLE 2. Summary of dataset variables for hotel booking cancellation prediction. The dataset comprises various factors related to hotel stays, customer
characteristics, and booking details. Each variable is crucial for developing a predictive model to determine the likelihood of booking cancellations.

by existing ensemble models using a gradient descent like
procedure:

GB(x) = sign

(
n∑
i=1

αiTi(x)

)
, (5)

where Ti represents the i-th decision tree, αi is the weight of
the i-th tree, and x is the input feature vector.
Support Vector Machine (SVM): SVM is a powerful

classifier that works both in linear and non-linear cases.
For binary classification, SVM aims to find the best margin
(distance between the line and the support vectors) that
separates the two classes in the feature space. This is achieved
by solving an optimization problem that maximizes the

margin between the classes’ closest points, known as support
vectors. The decision function is defined as:

SVM (x) = sign

(
n∑
i=1

αiyi⟨x, xi⟩ + b

)
, (6)

where xi are the support vectors, yi their corresponding labels,
αi are the coefficients, and b is the bias.
XGBoost.XGBoost stands for Extreme Gradient Boosting,

an efficient and scalable implementation of gradient boosting.
It provides a parallel tree boosting that solves many data
science problems in a fast and accurate way. XGBoost
improves upon the base GBM (Gradient Boosting Machine)
framework through systems optimization and algorithmic
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enhancements, such as handling missing data, regularizing
to prevent overfitting, and employing a more efficient
tree learning algorithm. XGBoost specifically defines an
objective function as a combination of a specific loss function
and a regularization term:

XG(x) = sign

(
n∑
i=1

Ti(x)

)
, (7)

where Ti(x) represents the output of the i-th boosted tree for
the instance x.
LightGBM: A Gradient Boosting Decision Tree (GBDT)

model, addresses the efficiency and scalability challenges
faced by traditional GBDT implementations when dealing
with high-dimensional data and large datasets. Two novel
techniques, Gradient-based One-Side Sampling (GOSS) and
Exclusive Feature Bundling (EFB), are introduced to enhance
the model performance without compromising accuracy.
GOSS focuses on retaining data instanceswith large gradients
while performing random sampling on instances with small
gradients. This approach is grounded in the observation that
instances with larger gradients contribute more significantly
to the information gain, which is a crucial factor in
determining the best split points in decision trees.

Given a dataset with instances {x1, x2, . . . , xn} and their
corresponding gradients {g1, g2, . . . , gn}, GOSS proceeds as
follows: (1) sort the instances by the absolute values of their
gradients in descending order; (2) select the top a × 100%
instances with the largest gradients; (3) randomly sample
b×100%of the remaining instances; and (4) for the split point
evaluation, amplify the contribution of the randomly sampled
instances by a constant factor to preserve the data distribution.

The effectiveness of GOSS is demonstrated through
theoretical analysis, showing that it achieves a more accurate
information gain estimation compared to uniform random
sampling, especially when the range of information gain
values is large.

EFB aims to reduce the number of features in sparse
datasets by bundling mutually exclusive features, that is,
features that rarely take nonzero values simultaneously [73].
This reduction is nearly lossless and significantly decreases
the computational complexity of building feature histograms,
a critical step in GBDT training [74].
The key steps in EFB include: (1) construct a feature

graph where vertices represent features, and edges represent
the non-exclusivity between features; (2) apply a greedy
algorithm to color the graph, where each color corresponds
to a bundle of exclusive features; and (3) merge the exclusive
features into bundles, ensuring that the original feature values
can be recovered from the bundled feature values.

EFB effectively reduces the feature space dimensionality,
enhancing the training speed of the LightGBMmodel without
sacrificing model accuracy [75].
Multilayer Perceptron (MLP): MLP is a class of feedfor-

ward artificial neural network (ANN). An MLP consists of
at least three layers of nodes: an input layer, a hidden layer,

and an output layer. Except for the input nodes, each node is a
neuron that uses a nonlinear activation function. MLP utilizes
a supervised learning technique called backpropagation
for training. Its multiple layers and non-linear activation
distinguish MLP from a linear perceptron. It can distinguish
data that is not linearly separable:

MLP(x) = f (Wn · f (Wn−1 · · · f (W1 · x + b1) · · · ) + bn),

(8)

where f is the activation function, Wi and bi are the weight
matrix and bias vector for the i-th layer, respectively, and
x is the input feature vector. The function f represents the
activation function applied at each layer, transforming the
linear combination of inputs and weights to produce a non-
linear output, essential for learning complex patterns in the
data.

1) STACKING METAMODEL APPROACH FOR HOTEL
CANCELLATION
The technique of stacking, initially introduced by [48],
represents a significant leap forward in the ML domain.
It suggests an ensemble method that leverages the output
of several models to train a superior meta-model. This
strategy is instrumental in reducing generalization error,
mitigating bias, and enhancing prediction results [76]. Meta-
stacking enhances the basic idea of stacking by iteratively
merging base learners withmeta-models, thus underlining the
perpetual significance ofWolpert’s contribution to the field of
ML.

Upon reviewing eight distinct binary classification models
for hotel cancellation prediction, we proceed to apply a
stacking metamodel strategy. The meta-learner amalgamates
the predictions of the eight models into one cohesive output,
heightening the accuracy and robustness of the forecast
results [48], [77].

Initially, an optimal individual model of each base
algorithm type was determined through a deep hyperparam-
eter search that was injected into the stacking approach.
To evaluate each model fairly and robustly, the hyperpa-
rameters of each model were fine-tuned via the grid search
with stratified k-fold cross validation. After the previous
processes, the model outputs created from the trained dataset
were brought together to form the stacking meta-model. The
goal of the stacking framework was to combine the benefits
of these optimized base models.

a: EXHAUSTIVE HYPERPARAMETER SEARCH FOR BASE
MODELS
Grid search is the most commonly-used method in recent
cancellation prediction literature [26], [53]. A grid search
involves systematically evaluating different combinations
of hyperparameters by exhaustively searching through a
predefined grid [78]. A grid search was conducted for
all eight of the ML models deployed in this study. The
goal of this exhaustive search is to independently optimize
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the performance of each model, ensuring that only the
top-performing versions are considered for integration into
the stacking framework.

b: SELECTION AND TRAINING OF THE META-MODEL
Following the optimization of base models, we incorporate
their prediction outputs as the various inputs for the meta-
model. For this analysis, LR was chosen as the meta-
classifier, as it is effective for meta-model classification
problems [79]. This is because of its proven effectiveness in
binary classification tasks, straightforwardness, interpretabil-
ity, and the linear characteristic of its decision boundary [80].
The training regimen for the meta-model also entails a
hyperparameter optimization phase, tailored specifically
to LR. This stage adjusts the LR model to optimally
assimilate the inputs from the base models, ensuring that the
stacking meta-model leverages the combined strengths of the
individual models to the fullest.

c: IMPLEMENTATION DETAILS
Our stacking framework, spanning from base models to
the meta-model, employs a stratified K-fold cross-validation
method. This strategy effectively preserves the distribution
of target variable instances across folds, allowing the
model to better generalize to unseen observations [81].
The comprehensive search for hyperparameters and the
subsequent LR meta-model training are conducted with
an acute awareness of overfitting risks and computational
efficiency considerations.

d: EVALUATION AND OPTIMIZATION
The performance of the various ML models were assessed
using a broad set of metrics. The focal point of the opti-
mization endeavors is the hyperparameters of the LR meta-
model, following the thorough search and refinement of base
models. This bottom-up strategy ensures that the stacking
method not only harnesses the predictive power of individual
models but also efficiently consolidates their predictions to
maximize prediction accuracy. Although voting is frequently
employed in ensemble approaches, it is not the same as
the stacking approach used in this research. Voting is a
method of combining predictions without having to train a
new model. Random Forest and Gradient Boosting Decision
Trees employ bagging and boosting to form strong models
from weak learners. On the other hand, stacking builds a
meta-model that combines the outputs of the diverse base
models integrated into it. This method effectively utilizes the
advantages of the base models instead of average prediction
which enhances out-of-sample accuracy and robustness of the
ensemble method.

C. STRATIFIED K-FOLD CROSS-VALIDATION FOR
PREDICTIVE MODEL TRAINING
Stratified K-Fold cross-validation is especially benefi-
cial for datasets with imbalanced classes, such as hotel

cancellations [25]. This method ensures an even distribution
of class instances across all folds, facilitating a fair and
consistent evaluation of model performance [82].

In this study, the training set (accounting for 80% of the
total dataset) was organized by the target class of cancellation
and divided into k = 5 stratified folds, such that each
fold reflected the class proportions of the entire dataset
accurately. Throughout each validation cycle, one fold served
as the validation set while the remaining folds constituted the
training set. The model was then trained on this aggregated
set and evaluated against the validation set [83].

This process was repeated five times, treating each fold
as a validation set once. It is crucial to note that the models
were recalibrated in each fold of the cross validation process
to avoid any influence from previously fitted models [84].
Finally, the performance measures for each fold were
averaged to obtain a robust and accurate assessment of model
effectiveness [85].

D. MODEL EVALUATION
The accuracy metrics used in this study are: Accuracy, Recall
(RC), F1 Score, Precision (PR), Specificity (SP), and Area
Under the Curve (AUC) [86]. In the case of the first metric,
it provides an overall measure of model performance by
indicating the proportion of correct predictions compared
to the total number of predictions made. The accuracy is
calculated as

Accuracy =
TP+ TN

TP+ TN + FP+ FN
, (9)

where the TP value represents the true positive rate, the TN
value represents the true negative rate, the FP value represents
the false positive rate and the FN value represents the false
negative rate.

The RC value represents the model ability to correctly
identify all positive cases, being especially useful in situations
where FN are more problematic than FP. It can be mathemat-
ically represented as

RC =
TP

TP+ FN
. (10)

PR measures the proportion of correctly classified positive
samples (true positives) among all samples classified as
positive (TP+ FP), defined as

PR =
TP

TP+ FP
. (11)

SP, on the other hand, measures the proportion of
correctly classified negative samples (true negatives) among
all samples classified as negative (true negatives + false
positives) as defined by the following equation

SP =
TN

TN + FP
. (12)

The F1 Score is considered a balanced measure between
accuracy and completeness. It is calculated as follows:

F1Score =
2 × (PR× RC)
PR+ RC

. (13)
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Finally, the AUC, which represents the area under the
receiver operating characteristic (ROC) curve, is used to
evaluate the totality of two parameters: the true positive rate
and the false positive rate. Where the equation is defined as
the integral that calculates the area as follows

AUC =

∫ 1

0
ROC(t)dt, (14)

where an AUC of 1 denotes a perfect classification model,
while a value of 0.5 suggests a performance no better than
random classification [87], [88].

E. SHAPLEY VALUES FOR INTERPRETABLE MACHINE
LEARNING
The term Shapley value came from game theory, which
interpreted features of a model as players and the task of
making the prediction as a cooperative game [89], [90].
In AI, they describe the role of single features with a
model output and give an attribution of the prediction value
across the features’ [91]. More specifically, the Shapley value
corresponds to the deviation of the prediction at a particular
query point from the average prediction due to the feature
in question. For each query point, the sum of the Shapley
values for all features corresponds to the total deviation of
the prediction from the average. Mathematically, the Shapley
value of the i-th feature for query point x is defined by the
value function vx as

ϕi (vx) =
1
M

∑
S⊆Ms{i}

vx(S ∪ {i}) − vx(S)
(M − 1)!

, (15)

where M is the total number of features, Ms is the set of all
features, |S| is the cardinality of the set S, i.e., the number of
elements in the set S and vx(S) is the value function of the
features in a set S for query point x (indicates the expected
contribution of the features in S to the prediction for query
point x).

Several algorithms are provided to compute these values
within the SHAP package in Python. These algorithms, often
called interventional algorithms, include variants such as
Kernel SHAP, Linear SHAP, and Tree SHAP.
SHAP Intervention Algorithms Intervention algorithms

define the value function for a set of attributes at a query point
as the expected prediction for the intervention distribution,
which is the joint distribution of the attributes in the
complement of the set

vx(S) = ED[f (xS ,XSc )], (16)

where xS is the query point value for the features in S,
and XSc are the features in Sc. The intervention algorithm
evaluates the value function vx(S) at query point x, under the
assumption that the features are not highly correlated, using
the values in the data X as samples from the intervention
distribution D for the features in Sc

vx(S) = ED [f (xS ,XSc)] ≈
1
N

N∑
j=1

f
(
xS , (XSc) j

)
, (17)

where N is the number of observations, and (XSc) j contains
the values of the features in Sc for the j-th observation.

The main advantage of interventional algorithms is
that they are computationally efficient, although they
do require the assumption of feature independence
and use samples outside the distribution [92]. This
could potentially result in unrealistic observations [93].
The main SHAP intervention algorithms include the
following:
Kernel SHAP is a version of the Shapley algorithm

that uses a kernel approximation to estimate the Shapley
values. This method is particularly useful when faced with
a high-dimensional feature space but can be computationally
intensive [62].
Linear SHAP is used when we have a linear model,

and it calculates the Shapley values analytically rather than
approximately. This makes Linear SHAP computationally
more efficient than Kernel SHAP [62].
Tree SHAP is a variant of the Shapley algorithm designed

specifically for tree-basedmodels, such as decision trees, ran-
dom forests, and GB algorithms. Tree SHAP is particularly
computationally efficient and can handle feature interactions
explicitly [94], [95].

F. RESEARCH DIAGRAM
The research diagram presented in Figure 1 provides a visual
representation of the methodological framework employed
for the prediction of booking cancellations in this study.
First, the dataset was preprocessed to ensure quality and
consistency. Then, a stratified 5-fold cross-validation was
employed tomaintain the proportion of each class within each
fold.

The methodology encompasses the training of various
predictive models: LR, SVM, DT, RF, GB, XGBoost,
LightGBM, and MLP. These models are carefully chosen
to cover a broad spectrum of ML techniques, from simple
linear models to more complex ensemble and neural network
approaches. This is to ensure model diversity, which is a
focus of modern forecast aggregation methodology [96],
as it can improve meta-model performance [76], [97].
Upon training, the individual models are integrated into
the stacking ensemble. The performance of the ensemble
is then evaluated through a comprehensive set of accu-
racy metrics. These metrics provide a holistic view of
the models’ predictive performances, from overall accu-
racy to the ability to balance false positives and false
negatives.

Interpretability is also a key consideration in our frame-
work. The best-performing meta-model is subjected to
an interpretability analysis using SHAP values. This step
ensures that the predictions of the model are not only accurate
but also understandable and explainable. Explainability is
important for practical applications where stakeholders may
require insights into the model decision-making process,
as well as to soothe ethical concerns regarding black-box
models.
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FIGURE 1. Research methodology for predicting booking cancellations,
including data preprocessing, model training with stacking ensemble, and
evaluation using SHAP values and key performance metrics.

IV. RESULTS
This section details the results of our comprehensive ML
framework established to evaluate the performance of various
ML models in predicting hotel booking cancellations. First,
a comparative analysis of the forecasting models is discussed.
Then, the interpretability analysis of the forecastingmodels is
presented. These empirical analyses are designed to not only
assess the predictive power of individual models, but also
to investigate the enhanced performance and generalizability
achievable through the integration of a meta-model. The
overarching goal is to identify a predictive framework that
combines high accuracy with the interpretability essential for
practical and ethical application in the hospitality industry.

A. COMPARATIVE ANALYSIS OF FORECASTING MODELS
1) DESCRIPTION OF EXPERIMENTS
This subsection offers a complete description of the experi-
ments conducted in the research. Table 4 presents the full set
of experiments performed, evaluations of the eight machine
learning models, and several of their variants developed as a
result of varying the hyperparameters tuning process. It also
includes the meta-model that was constructed by stacking,
which aims at obtaining better prediction results by com-
bining the advantages of the individual models. textbfModel
Selection. Table 3 presents a detailed comparative analysis
of different hyperparameter tunings for the eight booking
cancellation models and the meta-model. The models were
evaluated using the following metrics: ACC, RC, F1 Score,
PR, SP, and AUC.

2) PERFORMANCE SUMMARY
Table 3 succinctly summarizes the performance of binary
classification models in predicting hotel booking cancella-
tions. Taking the best hyperparemeter tuning for each model,
it compares the predictive performance of the eight models
across the six accuracy metrics. Among the base models,
RF was the best performer with an accuracy of 93.5%.
The weakest base learner was the LR model, which yielded
an accuracy of only 80%. While the base learners alone
yielded high prediction accuracies, they were overshadowed

by the meta-model across all accuracy metrics. These results
underscore the efficacy of the stacking model in leveraging
the combined strengths of the individual models to accurately
forecast cancellations.

B. INTERPRETABLE ANALYSIS OF HOTEL BOOKING
CANCELLATIONS
The SHAP value analysis, as presented in Figure 2, offers a
comprehensive overview of the features that contribute to the
model predictions.

Figure 2 (a) depicts the mean SHAP values, which quantify
the average impact of each variable on the model output.
These values provide insight into the general importance of
each feature across all predictions. For instance, variables
such as the country of origin, lead time before arrival, and
room type are shown to have substantial influence on the
likelihood of cancellation.

Figure 2 (b) extends the analysis by displaying the
distribution of SHAP values for each feature, shedding
light on how individual feature levels affect the prediction.
Positive SHAP values suggest an increased probability
of booking cancellation, while negative values imply a
decreased probability. This subfigure aids in understanding
the heterogeneity of effects across different feature values.

Lastly, Figure 2 (c) presents a heatmap of SHAP values
across individual instances tested. This detailed visualization
enables the identification of patterns and anomalies in
the data, showing the direction (positive or negative) and
magnitude of each feature impact on specific instances.

The heatmap generated from SHAP values is a powerful
visualization that assists in understanding how different
features influence a predictive model decision on whether a
hotel booking will be canceled or not. The color intensity
represents the impact of each feature, with red indicating a
higher impact and blue a lower impact on the model output.
The SHAP values on the right side of the heatmap correlate
with an increased likelihood of cancellation, whereas the
values on the left side correlate with a decreased likelihood.
Therefore, features represented by stronger red colors on the
right contribute to predicting a higher chance of cancellation,
and those with stronger blue colors on the left contribute to
predicting a lower chance of cancellation.

When explaining the importance of the variables:

1) HIGH POSITIVE SHAP VALUE (RED)
Features that frequently show a strong red color, especially
toward the right side of the heatmap, are crucial in pushing the
model towards predicting a cancellation. These variables may
represent characteristics that are common among bookings
that ended up being canceled.

2) HIGH NEGATIVE SHAP VALUE (BLUE)
Conversely, features that appear with a strong blue color on
the left are significant in influencing the model to predict
a non-cancellation. These features might be indicators of
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TABLE 3. Performance comparison of binary classification models for predicting hotel booking cancellations. The table showcases the effectiveness of
each model, underscored by the introduction of a meta-model that leverages the combined strengths of individual models.

bookings that are more likely to be fulfilled rather than
canceled.

3) FEATURES CLOSE TO ZERO (WHITE)
Features that have colors close to white, indicating SHAP
values near zero, have little to no impact on the prediction
in either direction.

Among the variables, the origin of the booking emerges
as a significant predictor. When bookings originate from
Portugal (‘Country_PRT’), there is a noticeable increase in
the likelihood of cancellation, as indicated by the prominent
red shading associated with this feature. This suggests
that local bookings may have a higher propensity to be
canceled, possibly due to the ease of changing plans. Foreign
booking show different results. Bookings that originate in
Italy (‘Country_ITA’) show high positive SHAP values, yet
bookings from Spain (‘Country_ESP’) show high negative
SHAP values. This means that bookings from Italy have
higher probabilities of cancellation, while bookings from
Spain have lower probabilities of cancellaiton. This could
be due to physical proximity, market-specific behavior,
or economic factors in each country. For example, the average
Spanish customer is much closer to the hotel than the average
Italian customer.

‘LeadTime’, or the number of days between the booking
and the intended stay, is another critical variable. A longer
lead time strongly correlates with cancellations, evidenced by
its red intensity on the right. This could imply that customers
who plan far ahead are more susceptible to unforeseen
changes, leading to cancellations.

Conversely, ‘AssignedRoomType_A’ and ‘Assigned-
RoomType_D’ show deep blue sections on the left side of the
heatmap, indicating that guests in those room types were less
likely to cancel. The room types ‘A’ and ‘D’ were the rooms
with the lowest ADR and the most inventory. These results
indicate that customer cancellation behavior varies by room
type. The assignment of a specific room type might reflect a
firm commitment from the hotel, which can give customers
greater confidence in their booking.

The variable ‘BookingChanges’ also has a profound
impact on the model predictions. Multiple booking changes
are often represented by blue, suggesting that customers who

alter their reservations are less inclined to cancel outright.
This could reflect a willingness to adapt plans rather than
abandon them.

Also, the variable ‘DepositType_NoDeposit’ stands out on
the heatmap, predominantly in red. Not requiring a deposit
appears to increase the probability of cancellation. The lack
of a financial commitment can make it easier for potential
guests to cancel, as they have no monetary loss to deter them.
Yet, in a world where bookings and cancellations are more
accessible than ever due to the advent of smartphones and
smart technology [98], forcing customers to leave a monetary
may deter bookings instead of cancellations.

Finally, the choice of bed and breakfast (‘Meal_BB’) has
varied impacts on cancellation probabilities. While not as
clear-cut as other factors, its presence in the top variables
suggests that the type of meal plan could be an indicator of
booking stability. This may signal that customers who pay
for extra hotel amenities may be less likely to cancel their
booking.

The interpretable prediction of cancellations of hotel
bookings as a significant contribution to hotel revenue man-
agement operations. In particular, several variables such as
‘Country_PRT’, ‘LeadTime’, and ‘DepositType_NoDeposit’
appear to be significant variables pointing to cancellations,
suggesting that asking questions such as when, when,
and for how much the booking is made are critical for
understanding cancellation behaviors of hotel customers. For
example, if there is no requirement for a deposit, the risk
of cancellation is higher because it becomes unnecessary
for any financial involvement to assure that the transaction
cannot be altered. On the other hand, the provision of room
types ‘AssignedRoomType_A’ and ‘AssignedRoomType_D’
(the most abundant and lowest ADR rooms) appears to
be a motivating factor to cancel reservations, meaning that
customers that have basic room types may be more likely to
cancel than those who book premium rooms.

V. DISCUSSION
The study of hotel booking cancellations has been unpacked
through a meticulous examination of predictive models, cul-
minating in the innovation of a meta-model that stands at the
confluence of high predictive accuracy and interpretability.
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FIGURE 2. Comprehensive SHAP value analysis for the hotel booking cancellation prediction meta-model. Subfigure
(a) illustrates the mean SHAP values, demonstrating the average impact of each feature on the model prediction output.
Subfigure (b) shows the SHAP value distribution for each feature, highlighting the positive or negative effect on the likelihood of
cancellation. Subfigure (c) presents a detailed heatmap of the SHAP values for individual instances of test, indicating the
direction and magnitude of each feature influence on specific predictions.

The SHAP value analysis of this study has also shed light on
the complex dynamics influencing cancellations, specifically
highlighting variables such as country of origin, lead time,
and room type as pivotal.

In particular, the SHAP analysis elucidated the significant
impact of the country of origin and the lead time on the
likelihood of cancelation, aligning with the findings of [20]
and [34] that emphasized the importance of the guest origin

and planning horizon. The novelty of our approach lies in
the composite utilization of these variables within a meta-
model framework, enhancing predictive precision beyond
the capabilities of individual models explored in previous
studies. Moreover, our findings resonate with the emphasis
on model interpretability highlighted in [26], where SHAP
values served as a cornerstone for transparent decision-
making. The actionable insights gleaned from the SHAP
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TABLE 4. This table presents a comparative analysis of eight ML models, each subjected to various hyperparameter optimizations, alongside the
meta-model developed for forecasting hotel booking cancellations. Noteworthy is the meta-model, marked by an asterisk, which embodies an ensemble
methodology that harmonizes the distinct advantages of the individual models, optimized with their respective best hyperparameters.

analysis facilitate a nuanced understanding of cancellation
drivers, offering hotel managers a detailed roadmap for
proactive interventions.

The interpretability of AI models can have a significant
impact on the acceptance and use of AI in the hospitality
industry, both from an employee and a customer perspective.
From the employee perspective, transparency in model

decisions can reduce resistance to using advanced systems
by shedding light on the reasoning behind decision-making
processes. Similarly, consumers may feel a higher sense
of fairness and transparency, improving satisfaction and
the perception of service received. From an organizational
perspective, a company may be able to pivot strategies
ethically and effectively, ensuring that business practices
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are backed by data and align with social and regulatory
expectations.

The investigation of hospitality booking cancellations,
a subset of the broader field focused on customer churn
prediction, has benefited from the integration of advanced
ML techniques. The application of AI, as discussed through
SHAP value analysis and in our meta-model, exemplifies
AI’s potential to transform service delivery and RM in
the hospitality industry. Our meta-model, which integrates
insights from various predictive models including those
employed by [20], [24], and [26], addresses the critical need
for interpretable and profit-driven analytics in hospitality.
Additionally, in practice this machine learning methodology
will enable stakeholders to anticipate and adapt to customer
behaviors, significantly transforming the landscape of hotel
RM and operation.

VI. CONCLUSION, LIMITATIONS, AND FUTURE RESEARCH
This research highlights how effective a state of the art
AI model can be in predicting hotel booking cancellations,
particularly when coupled with stacking and interpretability
techniques. This analysis advances the current state of hotel
revenue management literature by aggregating the existing
models to increase forecasting accuracy as well as integrating
robust explainability metrics to yield actionable insights for
hoteliers.

In practical terms, the suggested meta-model can aid
operational decision-making as it accurately predicts the
cancellation of the bookings and explains the reasons for
these cancellations. These insights allow hotel managers to
make better decisions regarding overbooking and cancella-
tion policies and booking management. This not only has the
potential to affect the hotel’s bottom line, but also can help
to inform strategy within the organization, particularly when
it comes to revenue management, marketing, and loyalty
programs.

The model also promotes responsibility in AI based deci-
sions, enabling transparency, fairness, and ethical practices
by spelling out the predictions and their rational basis.
This information ensures that there is no group that is
being systematically targeted by the model, particularly in
jurisdictions which lack privacy regulations with respect to
consumeer data.

Despite its contributions, this study acknowledges var-
ious limitations, including the potential for geographic
and market-specific biases in the dataset. Future research
directions beckon a broader dataset encompassing varied geo-
graphic locations and market segments, further development
of model capabilites, and assessment of the willingness of
hoteliers to implement AI solutions.

Although various studies have used ML to predict the
cancellation of hotel bookings, the models are almost
exlusively trained on one source of data [8], [20]. Since the
incorporation of other data types to forecasting models has
been proven to improve model accuracy in other areas of
RM [99], [100], cancellation models may benefit from more

diverse datasets. This could be especially true for socialmedia
data such as customer reviews or tweets, since cancellation
behvaior is affected by social reputation and distribution
channel [10].

Another area for future research could be in hotel
managers’ willingness to implement AI solutions. Although
AI has the potential to mitigate many operational chal-
lenges, particularly in the realm of revenue management,
implementation is not straightforward. Because of the costs
associated with servers and platforms for ML modeling and
the requirements of technical knowledge from staff that
would likely need to get hired, hotel managers may not be
as willing or able to implement AI solutions, particularly in
smaller operations.

Moreover, the exploration of alternative ensemble tech-
niques and deep learning models may uncover addi-
tional insights, offering avenues for further enhance-
ment of predictive performance. Advanced methodolo-
gies could be combined with real-time data to pro-
duce on-the-spot decisions, allowing assessments to be
made as the booking comes in, giving management more
time to adapt to bookings with high probabilities of
cancellations.

For future work, the insights provided by SHAP on feature
importance could be leveraged to guide an iterative model
selection process, focusing on refining the experimental
framework and further enhancing both model performance
and interpretability.
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