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Abstract: The tourism industry is increasingly relying on data-driven decision-making to gain insights 

into consumer behavior, manage hotel operations and enhance tourism planning. The growing volume 

of booking-related data offers valuable opportunities to identify demand patterns and improve 

prediction accuracy; however, extracting meaningful insights from complex and heterogeneous 

tourism data remains challenging. This study proposes an Artificial Neural Network (ANN)-based 

approach to predicting tourism demand using the Hotel Booking Demand Dataset. The proposed 

methodology analyses hotel booking information to identify significant patterns and develop an 

effective predictive model. Accuracy, precision, recall, and F1-score are used to assess the proposed 

ANN. Experimental results demonstrate that the proposed ANN achieves an accuracy of 98.91%, 

precision of 95.96%, recall of 99.11%, and F1-score of 98.01%. The results suggest that the ANN can 

effectively capture the complex relationships embedded in hotel booking data and offers reliable 

predictive performance. The proposed approach can therefore support accurate tourism demand 

forecasting and assist stakeholders in making informed, data-driven decisions for improved tourism 

management and planning. 
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I. INTRODUCTION 

Tourism is an important contributor to economic growth, employment generation, foreign exchange earnings, and 

regional development. The rapid expansion of digital technologies has transformed tourism activities, creating new 

opportunities for destinations, businesses, and travelers [1][2]. With the emergence of the Internet of Things (IoT) and 

Artificial Intelligence (AI), the tourism sector is increasingly moving toward smart tourism, where intelligent services 

and data-driven decision-making are important. Accurate tourism demand forecasting is essential for resource 

allocation, operational planning, and improved tourist services [3][2][4]. 

Big Data has transformed the way tourism information is generated, collected, and analyzed. Tourism-related Big Data 

can originate from online travel platforms, search engines, social media, mobile devices, sensors, transaction records, 

and user-generated content [5]. Such information provides valuable insights into tourist preferences, travel behavior, 

destination popularity, and demand patterns [6][7]. Internet search trends can also reflect travelers' intentions before 

their actual trips, providing useful information for tourism demand forecasting [8][9]. However, data quality, privacy, 

infrastructure, and data heterogeneity remain important challenges [10][11]. 

Accurate tourism demand forecasting is therefore essential for tourism managers, hoteliers, destination authorities, and 

other stakeholders. Traditional approaches generally depend on historical tourist arrivals, tourism revenue, time-series 

information, and macroeconomic variables, but may struggle with volatile demand, nonlinear relationships, and spatial 

heterogeneity [12]. Tourism activities also demonstrate spatial dependencies, where changes in visitor flows at major 
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destinations can influence surrounding regions through attraction and spillover effects [13][14]. Therefore, forecasting 

models need to incorporate diverse data sources and capture complex tourism patterns [15]. 

Machine Learning (ML) and Deep Learning (DL) have emerged as effective approaches for analyzing large and 

complex tourism datasets. Conventional ML methods often depend on manual feature engineering, which may limit the 

representation of complex data patterns [16]. In contrast, DL models use multiple hidden layers to automatically learn 

high-level features, making them suitable for nonlinear and dynamic forecasting problems. Hybrid deep-learning 

approaches can combine complementary learning capabilities to improve prediction [17][18]. Therefore, Hybrid Deep 

Learning-Based Tourism Demand Forecasting Using Big Data Analytics can effectively integrate large-scale tourism 

data, automatically extract relevant features, and improve the accuracy and adaptability of tourism demand prediction 

[19]. 

A. Motivation and Contribution 

This study has been motivated by the increasing volume and complexity of tourism data, necessitating accurate and 

intelligent forecasting of tourism demand. The aim of the study is to use big data and advanced deep learning methods 

to capture complex tourism patterns and enhance prediction performance. It also aims to facilitate effective planning, 

allocation of resources and decision-making in the tourism sector based on data. This research offers several key 

contributions as listed below: 

• Developed an ANN-based tourism demand prediction model using the Hotel Booking Demand Dataset. 

• Analyzed hotel booking patterns and customer-related attributes to identify meaningful tourism demand 

trends. 

• Applied appropriate data preprocessing, normalization, and class-balancing techniques to improve data 

quality. 

• Evaluated the proposed ANN using accuracy, precision, recall, and F1-score. 

• Provided a data-driven approach that can support tourism planning, hotel management, and informed decision-

making. 

This study is justified by the increasing complexity of tourism and hotel booking data, which demand an intelligent 

solution to recognize the patterns of tourist demand to help in effective forecasting. The novelty of the proposed work 

is to employ a framework based upon an ANN to identify the complex and nonlinear relationship embedded in the hotel 

booking datasets for forecasting tourism demand. This has resulted in an efficient and data-based framework for the 

analysis of tourism demand. It may also aid in good tourism planning and informed decision-making. 

B. Paper Organization 

The structure of the paper is as follows: Section II presents related work, Section III describes the dataset and 

methodology, Section IV discusses the experimental results, and Section V concludes the study with future research 

directions.  

 

II. LITERATURE REVIEW 

Existing research on Big Data Analytics for Tourism Demand Prediction was thoroughly reviewed to identify relevant 

approaches and strengthen the study's foundation. 

Kaul (2026) proposed that the performance of the traditional machine learning (ML) algorithms: Logistic Regression, 

Random Forest, Decision Tree, and SVM is compared to a U-Net deep learning model for classification tasks. The 

results indicate that while conventional models capture moderate accuracy levels, Logistic Regression is at 69 %, 

Random Forest is at 67 %, but U-Net is ahead of the rest with 82.5%. Precision (73.87%), recall (98.92%), and F1-

score (83.75 %) indicate that the model is better at recognizing complex data patterns. Precision in the model's 

performance throughout the epochs indicates that the model is successful in learning and not overfitting [20]. 

Kamali et al. (2026) propose a spatial graph-based forecasting framework using a KD-Tree proximity network between 

1,455 hotels and 452,044 tourism activities from the Travor Challenge dataset. PageRank and Degree Centrality are 

extracted from a bipartite graph of 8,979 nodes and 43,650 edges as predictive features for LightGBM, XGBoost, and 
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Random Forest under Baseline and Proposed architectures. Five-Fold Cross-Validation ensures zero label leakage, 

while ablation analysis compares graph features with four spatial proximity baselines. LightGBM Proposed achieves 

the lowest RMSE of 1.1684, with a significant 3.23% improvement over Baseline (p=0.0103). SHAP analysis identifies 

PageRank as the dominant predictor (mean SHAP=0.2273), while Degree Centrality provides zero additional predictive 

signal [21]. 

Sharma and Pandey (2025) the Adaptive Sustainability-Driven Predictive Model (ASDPM), an AI-driven system for 

sustainable tourism forecasting and optimization. It uses LSTM networks and reinforcement modeling to predict visitor 

demand, stress levels, and travel behaviors. Real-time IoT, user interactions, and ecological data enable continuous 

adaptation of recommendations. The model also supports sustainable path optimization, policy modeling, and cloud-

based stakeholder collaboration to balance tourism growth with environmental conservation. ASDPM achieves an 

overall predictive accuracy of 94.9% in sustainable tourism applications [22]. 

Q. Ma (2025) presents a prediction model based on neural networks that identifies intricate correlations among 

variables such as tourist arrival, seasonal patterns, consumption, and investment in infrastructure. A feedforward neural 

network with multiple layers is trained on past tourism data, optimized by backpropagation and data normalization. The 

model's output predicts future tourism growth rates and revenue. Accuracy and Precision score are used for 

performance benchmarking. The neural network provides 97.2% greater accuracy than conventional models. This 

facilitates informed decision-making by policymakers and tourism boards for resource allocation, advertisement 

campaigns, and infrastructure development. The solution presents a useful instrument for tourism economics strategic 

planning [23]. 

W. A. S. M. S. Thilakarathna and I. U. Hewapathirana (2024) explore the impact of weather data on tourism demand 

prediction in Sri Lanka using LSTM, Random Forest, and Support Vector Regression with monthly data from January 

2017 to October 2023. Models were trained using historical tourist arrivals alone and with current and historical air 

quality data. Support Vector Regression performed best, with MSE values of 0.01 and 0.16, respectively. However, 

models using only historical tourist arrival data outperformed those incorporating weather data, indicating that external 

weather factors did not improve forecasting accuracy [24]. 

Y. Kosungnoen and T. Banditwattanawong (2024) aim to predict the number of foreign tourists visiting Thailand and 

the revenue generated from them using the Long Short-Term Memory (LSTM) algorithm in comparison with the 

popular statistical method in economics, the Autoregressive Integrated Moving Average (ARIMA). They used regional 

and national tourism datasets collected by the Ministry of Tourism and Sports, along with performance metrics: 

normalized root mean square error (NRMSE) and normalized mean absolute error (NMAE). Results reveal that LSTM 

yielded NRMSE values better than ARIMA, ranging from 1.18 times to 19.33 times, and NMAE values better than 

ARIMA, ranging from 1.40 times to 21.70 times across all datasets, except for the revenue forecast using the central 

region dataset, where ARIMA outperformed LSTM [25]. 

Table I summarizes recent studies on Big Data Analytics and tourism demand prediction, highlighting the approaches 

adopted, datasets used, key outcomes, and identified research limitations. 

 Table I Comparative Analysis of the Study on  Big Data Analytics Approaches for Tourism Demand Forecasting 

Author Proposed Work Outcome Key Findings 
Limitations & Future 

Work 

Kaul (2026) 

U-Net deep learning 

model for hotel 

booking cancellation 

classification 

Accuracy: 82.5%; 

Precision: 73.87%; 

Recall: 98.92%; 

F1-score: 83.75% 

U-Net outperformed 

traditional ML 

models and 

effectively captured 

complex booking 

patterns. 

Focuses mainly on 

cancellation 

classification rather 

than tourism demand 

forecasting; future work 

can investigate broader 

forecasting tasks and 

hybrid architectures. 
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Kamali et al. (2026) 

Spatial graph-based 

tourism forecasting 

using KD-Tree 

networks and graph-

derived features 

with ensemble 

models 

Proposed 

LightGBM 

achieved RMSE of 

1.1684, with a 

3.23% 

improvement over 

baseline 

PageRank provided 

significant 

predictive 

information, 

demonstrating the 

value of spatial and 

structural tourism 

features. 

Primarily uses 

ensemble learning; 

future research could 

integrate deep learning 

and hybrid forecasting 

architectures. 

Sharma & Pandey 

(2025) 

Adaptive 

Sustainability-

Driven Predictive 

Model using LSTM, 

reinforcement 

modeling, IoT, and 

ecological data 

Overall accuracy: 

94.9% 

Demonstrated the 

usefulness of AI and 

LSTM for 

sustainable tourism 

prediction and 

adaptive decision-

making. 

Broad sustainability 

focus rather than direct 

tourism demand 

forecasting; future work 

can strengthen hybrid 

deep learning 

forecasting. 

Q. Ma (2025) 

Multilayer 

feedforward neural 

network for tourism 

prediction using 

historical tourism 

variables 

Accuracy: 97.2% 

Neural networks 

captured 

relationships among 

tourist arrivals, 

seasonality, 

consumption, and 

infrastructure 

investment. 

Does not emphasize 

hybrid deep learning or 

large-scale big data 

analytics; future work 

could explore hybrid 

models and larger 

datasets. 

W. A. S. M. S. 

Thilakarathna and I. 

U. Hewapathirana 

(2024) 

Tourism-demand 

forecasting using 

LSTM, Random 

Forest, and SVR 

with historical and 

weather-related 

features 

SVR achieved the 

best performance 

with MSE values of 

0.01 and 0.16 

Historical tourist 

arrival data were 

more effective than 

the added weather 

variables in their 

experiments. 

Limited to Sri Lankan 

monthly data and does 

not employ a hybrid 

deep-learning 

framework; additional 

variables and larger 

datasets could be 

investigated. 

Y. Kosungnoen and 

T. 

Banditwattanawong 

(2024) 

LSTM-based 

prediction of foreign 

tourist arrivals and 

tourism revenue 

compared with 

ARIMA 

LSTM generally 

outperformed 

ARIMA, with 

NRMSE and 

NMAE 

improvements 

across most 

datasets 

Demonstrated the 

effectiveness of 

LSTM for tourism 

arrival and revenue 

forecasting. 

Hybrid architectures 

and large-scale 

heterogeneous tourism 

data were not explored; 

future research could 

integrate multiple deep 

learning models and big 

data sources. 

  

Research Gaps: Existing tourism demand forecasting studies have mainly focused on traditional statistical methods and 

individual machine learning or deep learning models, with limited integration of diverse tourism data sources. Current 

methods are based on past tourism or hotel booking data, which may not completely reflect nonlinear, 

multidimensional and dynamic hotel demand. In addition, there has been little focus on effective data preprocessing 

and handling class imbalance in the hotel booking prediction problem. Moreover, the exploitation of complex 

relationships in large-scale tourism data using intelligent neural architectures remains relatively underexplored. 
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Therefore, there is a need for an effective deep learning-based framework that can improve tourism demand prediction 

and support reliable, data-driven tourism planning. 

 
 Fig1. Workflow of the Proposed Big Data Analytics-Based Tourism Demand Prediction Model 

  

III. RESEARCH METHODOLOGY 

The proposed methodology starts with data collection and analysis of the Hotel Booking Demand Dataset, followed by 

data cleaning, handling missing values, removing duplicates, noise reduction, label encoding, and standardization using 

Z-Scores. The class distribution is then balanced with SMOTE, after which a 70:30 ratio between the training and 

testing sets is used, with stratified sampling. An Artificial Neural Network (ANN) is trained to learn complex nonlinear 

relationships and predict tourism booking outcomes, and its accuracy is evaluated using precision, recall, F1 score and 

confusion matrix analysis. Fig. 1 presents the proposed framework for tourism demand prediction using Big Data 

Analytics. 

The following section presents a detailed description of each step involved in the proposed methodology: 

A. Data Collection and Analysis 

This study used the Hotel Booking Demand Dataset, comprising 119,390 records and 32 attributes, to support tourism 

demand forecasting through big data analytics. Data visualizations such as bar plots and heatmaps were used to 

examine booking patterns, customer characteristics, and feature correlations. These visual analyses helped identify 

important trends and relationships within the dataset for effective tourism demand forecasting: 

 
Fig.2 Bar Graph of Class Distribution 

Fig. 2 shows the distribution of bookings according to their cancellation status, with 63,445 non-canceled bookings (0) 

and 24,000 canceled bookings (1). The number shown suggests that more bookings are not canceled than are canceled, 

suggesting that there is a class distribution in the data set. 
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The heatmap in Fig. 3 represents the correlation matrix of customer booking features, with yellow to dark blue 

indicating weak, negative, and strong relationships. Darker blue highlights positive correlations, while light yellow 

shows negative associations, such as between “weekend” and “weeknight” stay (0.56), “repeated guests” and “non

canceled bookings” (0.44), and arrival year and week nu

across all 20 variables easy to read. 

B. Data Pre-Processing  

The Hotel Booking Demand Dataset was utilized for data preparation, including data integration, cleaning, and 

transformation. The preprocessing phase involved identifying and handling missing values, removing duplicate and 

redundant records, reducing noise, and subsequently performing label encoding and normalization. These procedures 

improved the consistency, quality, and suitability of 

key preprocessing steps are outlined below:

• Missing Data Treatment:  Incomplete records and instances with unavailable class labels were identified and 

removed from the dataset. This step ensur

subsequent analysis and model development. 

• Elimination of Repeated Records:

information from being considered multiple t

record contributed uniquely to the analysis.

• Noise Reduction: Unwanted variations, inconsistent values, and irrelevant information were identified and 

removed during preprocessing. Noise reduction

supporting more reliable analytical and predictive outcomes[26]. 

• Class Label Encoding: Categorical attributes and class labels were transformed into numerical 

representations using label encodi

making the processed data suitable for machine learning algorithms.

C. Standardization of Z-score  

To ensure consistency across features and prevent dominance of any single feature, t

standardization. Each feature was rescaled by subtracting its mean and dividing by its Standard Deviation. This process 
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Fig3. Correlation Matrix Heatmap 

The heatmap in Fig. 3 represents the correlation matrix of customer booking features, with yellow to dark blue 

nd strong relationships. Darker blue highlights positive correlations, while light yellow 

shows negative associations, such as between “weekend” and “weeknight” stay (0.56), “repeated guests” and “non

canceled bookings” (0.44), and arrival year and week number (-0.51). Grid lines and bold values make key patterns 

The Hotel Booking Demand Dataset was utilized for data preparation, including data integration, cleaning, and 

ocessing phase involved identifying and handling missing values, removing duplicate and 

redundant records, reducing noise, and subsequently performing label encoding and normalization. These procedures 

improved the consistency, quality, and suitability of the dataset for subsequent analysis and model development. The 

key preprocessing steps are outlined below: 

Incomplete records and instances with unavailable class labels were identified and 

removed from the dataset. This step ensured that only complete and reliable observations were retained for 

subsequent analysis and model development.  

Elimination of Repeated Records: Duplicate observations were detected and removed to prevent the same 

information from being considered multiple times. This process reduced redundancy and ensured that each 

record contributed uniquely to the analysis. 

Unwanted variations, inconsistent values, and irrelevant information were identified and 

removed during preprocessing. Noise reduction enhanced the quality and consistency of the dataset, thereby 

supporting more reliable analytical and predictive outcomes[26].  

Categorical attributes and class labels were transformed into numerical 

representations using label encoding. Each distinct category was assigned a corresponding numerical value, 

making the processed data suitable for machine learning algorithms. 

To ensure consistency across features and prevent dominance of any single feature, the dataset underwent Z

standardization. Each feature was rescaled by subtracting its mean and dividing by its Standard Deviation. This process 
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The heatmap in Fig. 3 represents the correlation matrix of customer booking features, with yellow to dark blue 

nd strong relationships. Darker blue highlights positive correlations, while light yellow 

shows negative associations, such as between “weekend” and “weeknight” stay (0.56), “repeated guests” and “non-

0.51). Grid lines and bold values make key patterns 

The Hotel Booking Demand Dataset was utilized for data preparation, including data integration, cleaning, and 

ocessing phase involved identifying and handling missing values, removing duplicate and 

redundant records, reducing noise, and subsequently performing label encoding and normalization. These procedures 

the dataset for subsequent analysis and model development. The 

Incomplete records and instances with unavailable class labels were identified and 

ed that only complete and reliable observations were retained for 

Duplicate observations were detected and removed to prevent the same 

imes. This process reduced redundancy and ensured that each 

Unwanted variations, inconsistent values, and irrelevant information were identified and 

enhanced the quality and consistency of the dataset, thereby 

Categorical attributes and class labels were transformed into numerical 

ng. Each distinct category was assigned a corresponding numerical value, 

he dataset underwent Z-score 

standardization. Each feature was rescaled by subtracting its mean and dividing by its Standard Deviation. This process 
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standardized all numerical attributes, improving the model’s training stability and convergence. Equation (

score standardization: 

• Z = Standardized Value  

• X = Original Value  

• μ= mean of the feature  

• σ = Standard Deviation of the feature 

This transformation ensures that the mean of the data is zero and the Standard Deviation is one.

D. Data balancing using SMOTE 

Data balancing is an essential preprocessing step for addressing class imbalance, where some classes contain fewer 

samples than others. In this study, SMOTE was used to improve class distribution by generating synthetic minor

class samples. It identifies k-nearest neighbors using Euclidean distance and creates new instances by interpolating 

between selected samples. This increases minority

ability to learn patterns across all classes. 

Fig. 4  Bar Graph of Class Distribution After SMOTE

Fig. 4 bar graph of class distribution after SMOTE shows that the two classes, non

perfectly balanced. The total number of records per class is 63,445, confirming that the dataset of bookings to be 

canceled was balanced using SMOTE. This well

training machine learning models more reliable.

E. Data Splitting 

The dataset was split into training and testing subsets using a stratified 70:30 split. This approach ensured that the 

relative class distributions in both subsets were consistent with the original dataset's class distribution.

F. Proposed Artificial Neural Network (ANN) model

ANN is a non-linear computational model widely used in machine learning, inspired by biological neural networks. It 

consists of interconnected neurons capable of learning, generalizing training data, and deriving conclusio

complex data. Its application in construction risk management has gained attention.

Inspired by the structure and cognitive processes of the human brain, this model provides effective pattern recognition 

and complex data processing. Its ability to 

regression and enables automatic feature transformation for precise predictions. This flexibility is valuable for the 

multifaceted and unpredictable nature of construction data. F

ANN is selected as the uniform model. It consists of multiple layers, with hidden layers performing automatic feature 
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This transformation ensures that the mean of the data is zero and the Standard Deviation is one. 

Data balancing is an essential preprocessing step for addressing class imbalance, where some classes contain fewer 

samples than others. In this study, SMOTE was used to improve class distribution by generating synthetic minor

nearest neighbors using Euclidean distance and creates new instances by interpolating 

between selected samples. This increases minority-class representation, reduces class bias, and improves the model’s 

 
Fig. 4  Bar Graph of Class Distribution After SMOTE 

Fig. 4 bar graph of class distribution after SMOTE shows that the two classes, non-canceled (0) and canceled (1), are 

The total number of records per class is 63,445, confirming that the dataset of bookings to be 

canceled was balanced using SMOTE. This well-balanced distribution helps overcome class imbalance and make 

training machine learning models more reliable. 

The dataset was split into training and testing subsets using a stratified 70:30 split. This approach ensured that the 

relative class distributions in both subsets were consistent with the original dataset's class distribution.

ficial Neural Network (ANN) model 

linear computational model widely used in machine learning, inspired by biological neural networks. It 

consists of interconnected neurons capable of learning, generalizing training data, and deriving conclusio

complex data. Its application in construction risk management has gained attention. 

Inspired by the structure and cognitive processes of the human brain, this model provides effective pattern recognition 

and complex data processing. Its ability to learn non-linear relationships between features distinguishes it from linear 

regression and enables automatic feature transformation for precise predictions. This flexibility is valuable for the 

multifaceted and unpredictable nature of construction data. For cyber risk assessment in construction, a feedforward 

ANN is selected as the uniform model. It consists of multiple layers, with hidden layers performing automatic feature 
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standardized all numerical attributes, improving the model’s training stability and convergence. Equation (1), for Z-

Data balancing is an essential preprocessing step for addressing class imbalance, where some classes contain fewer 

samples than others. In this study, SMOTE was used to improve class distribution by generating synthetic minority-

nearest neighbors using Euclidean distance and creates new instances by interpolating 

class representation, reduces class bias, and improves the model’s 

canceled (0) and canceled (1), are 

The total number of records per class is 63,445, confirming that the dataset of bookings to be 

balanced distribution helps overcome class imbalance and make 

The dataset was split into training and testing subsets using a stratified 70:30 split. This approach ensured that the 

relative class distributions in both subsets were consistent with the original dataset's class distribution. 

linear computational model widely used in machine learning, inspired by biological neural networks. It 

consists of interconnected neurons capable of learning, generalizing training data, and deriving conclusions from 

Inspired by the structure and cognitive processes of the human brain, this model provides effective pattern recognition 

linear relationships between features distinguishes it from linear 

regression and enables automatic feature transformation for precise predictions. This flexibility is valuable for the 

or cyber risk assessment in construction, a feedforward 

ANN is selected as the uniform model. It consists of multiple layers, with hidden layers performing automatic feature 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                             International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 3, September 2026 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-38513   130 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

transformation. The operation of a hidden layer with m neurons following a layer with n neurons is described by 

Equation (2). 

h_j=σ(∑_(i=1)^n▒〖w_ij x_i+b_j 〗 (2) 

Where:  

ℎ�—the value of the �th neuron in the hidden layer, 

��—the value of the �th neuron in the previous layer, 

���—the weight of the �th neuron in the previous layer that connects to the �th neuron in the hidden layer, 

��—the bias term for the �th neuron in the hidden layer, 

�—the activation function. 

The proposed ANN model was configured with 100 epochs, a batch size of 32, a learning rate of 0.001, the Adam 

optimizer, ReLU activation in the hidden layers, sigmoid activation in the output layer, a dropout rate of 0.5, and binary 

cross-entropy as the loss function. The network consisted of two hidden layers with 128 and 64 neurons, respectively, 

to effectively learn complex nonlinear relationships in the tourism booking data. 

G. Evaluation metrics 

Various evaluation metrics are used to evaluate machine learning models and explore the best model among all of 

them. The confusion matrix represents individual instances as true positive (TP), false positive (FP), true negative (TN) 

and false negative (FN). The performance of the model is evaluated by different metrics: Accuracy, AUROC and F-

Measure in this work, as detailed below: 

Accuracy: The ratio of the number of instances correctly predicted by the trained model to the total number of instances 

in the dataset (input samples). It is given as (3)- 

�������� =
�����

�����������
  (3) 

Precision: Precision is the proportion of positive instances successfully predicted to all positive instances predicted by 

the model. Precision indicates. How good the classifier is in predicting the positive classes is expressed as (4)- 

 ��������� =
��

�����
                                           (4) 

Recall: This metric, the ratio of events that were accurately predicted as positive to all instances that should have 

proved positive. In mathematical form it is given as (5)- 

������ =
��

�����
   (5) 

F1 score: It is a combination of the harmonic mean of precision and recall, that is, it helps to balance recall and 

precision. Its range is [0, 1]. Mathematically, it is given as (6)-  

�1 − ����� = 2 ×
���������×������

����������������
  (6) 

 

IV. RESULTS AND DISCUSSION 

This section presents the experimental evaluation of the proposed tourism demand forecasting model and discusses its 

classification performance.  

A. Experimental Assessment 

The experiments were implemented on a high-performance computing system equipped with an Intel Core i9-13900K 

processor (3.0 GHz), 64 GB DDR5 RAM, and an NVIDIA RTX 4090 GPU with 24 GB VRAM, operating on 

Windows 11 Pro. The model was developed and evaluated using Python-based libraries, including Pandas, NumPy, 

Matplotlib, Seaborn, and Scikit-learn.  

B. Results and analysis 

The Hotel Booking Demand Dataset was utilized for model training and testing, and the performance of the Artificial 

Neural Network (ANN) was evaluated using accuracy, precision, recall, and F1-score. As shown in Table II, the 

accuracy, precision, recall, and F1-score of the proposed model were 98.91%, 95.96%, 99.11%, and 98.01%, 

respectively, indicating effective classification for tourism demand forecasting. The above results show that the 
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approach ensured reliable prediction performance and identified tourism demand patterns from the processed booking 

data. 

Table II. Experimental Classification Performance of the Proposed Tourism Demand Forecasting Model 

Matrix Artificial Neural Network (ANN) 

Accuracy 98.91 

Precision 95.96 

Recall 99.11 

F1-score 98.01 

 
Fig. 5 Training and Validation Accuracy Curve for ANN 

Fig. 5 shows the training and validation accuracy of the Artificial Neural Network (ANN) over 100 epochs. Both 

curves increase rapidly during the initial epochs and then stabilize at a high accuracy level, indicating effective learning 

and stable model convergence. The small fluctuations in validation accuracy demonstrate consistent generalization 

performance without significant overfitting. 

 
Fig. 6 Training and Validation Loss Curve for ANN 

Fig. 6 illustrates the training and validation loss of the Artificial Neural Network (ANN) across 100 epochs. The 

training loss decreases steadily, while the validation loss shows minor fluctuations but remains relatively low, 

indicating effective learning and good model convergence. 
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Fig. 7 Confusion Matrix for ANN 

Fig. 7 illustrates the classification performance of the Artificial Neural Network (ANN) for non-canceled and canceled 

bookings. The model correctly classifies 21,940 non-canceled and 13,108 canceled instances, with only 577 and 138 

misclassified cases, respectively. These results demonstrate that the ANN provides highly accurate and reliable 

classification performance with a low number of prediction errors. 

C. Comparative Performance Analysis 

To assess the effectiveness of the proposed model, its predictive performance was compared with several existing 

machine learning and deep learning approaches, as presented in Table II. The comparison was conducted using 

accuracy, precision, recall, and F1-score as the primary evaluation measures. Among the baseline models, Logistic 

Regression achieved an accuracy of 96.89%, while XGBoost and Random Forest obtained accuracies of 78.34% and 

76.27%, respectively. In contrast, the proposed Artificial Neural Network (ANN) achieved the highest accuracy of 

98.91%, along with precision of 95.96%, recall of 99.11%, and an F1-score of 98.01%. These results demonstrate that 

the proposed ANN provides superior and consistent classification performance for tourism demand forecasting 

compared with the selected existing models. 

Table III. Performance Comparison of Various Machine Learning and Deep Learning Approaches for Tourism Demand 

Forecasting 

Model Accuracy Precision Recall F1-score 

RF[27] 76.27 - - 72.81 

XGBoost [28] 78.34 80.63 92.26 86.05 

LR[29] 96.89 96.20 99.06 97.61 

Proposed ANN 98.91 95.96 99.11 98.01 

 

D. Discussion and Analysis 

The proposed ANN achieved a high classification accuracy of 98.91%, demonstrating its strong predictive capability 

for tourism demand forecasting. This superior accuracy indicates that the model can effectively learn complex patterns 

within the tourism booking data. Compared with the existing models, the ANN provides more reliable and accurate 

demand prediction. Therefore, the proposed ANN offers a significant advantage in improving the overall accuracy of 

tourism demand forecasting. 

 

V. CONCLUSION AND FUTURE STUDY 

Tourism is associated with rest and vacation for people who spend most of their day working, adapting to changing 

lifestyles and global standards. With the continued growth in tourism demand, its contribution to the global economy is 

increasing significantly, making accurate prediction of tourism demand essential for effective planning and decision-
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making. In this study, the Hotel Booking Demand Dataset was analyzed, and an Artificial Neural Network (ANN) 

model was developed for tourism demand prediction. The proposed ANN achieved an accuracy of 98.91%, 

outperforming RF (76.27%), XGBoost (78.34%), and LR (96.89%). These findings demonstrate that the proposed 

ANN can effectively capture complex patterns in hotel booking data and provide reliable prediction results. Therefore, 

the proposed approach offers a promising solution for improving tourism demand forecasting and supporting data-

driven decision-making in the tourism sector. One drawback of this work is the use of a single hotel booking dataset, 

which could limit the approach's generalizability to other datasets and tourism regions. Future work can incorporate 

real-time social media, weather, and destination-related data with advanced hybrid deep learning models to improve the 

system's adaptability and forecasting capabilities. 
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