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Abstract 

Planning a vacation is not easy and choosing a destination is itself a difficult task. But with modern 
machine learning technology we can predict user preferences and recommend suitable destinations 
for vacations. This research aims to analyze public preferences between two popular vacation 
destinations named mountains and beaches, using ma- chine learning techniques. By considering 
demographic factors like age, gender, income, education and lifestyle choices, this study explores the 
influences on vacation destination preferences. A unique dataset containing over 52,000 instances is 
used to predict whether individuals prefer mountains or beaches, employing algorithms like 
Decision Tree, Random Forest, Gradient Boosting, Deep Learning, and Ensemble Methods. The study 
concludes that Deep Learning models achieved the highest accuracy of 99.81%, followed by Gradient 
Booster at 98.85%. The results suggest that machine learning can enhance personalized travel 
recommendations and contribute to more efficient tourism marketing. 

Keywords: travel preference modeling; personalized vacation recommendation; destination choice 
analysis; demographic influence on travel; predictive analytics in tourism 
 

1. Introduction 

Tourism and travel are essential in today’s world, offering opportunities to explore new 
destinations and experience diverse cultures. Whether it’s a relaxing beach trip or an adventurous 
mountain getaway, people travel to enjoy themselves and create lasting memories. According to 
Statista, 1.3 billion international tourists traveled globally for vacations in 2023 [1]. 

Tourism during vacations also plays a significant role in the global economy. In 2023, the tourism 
industry contributed approximately 9.9 trillion U.S. dollars to the global GDP, a figure expected to 
rise to 11.1 trillion U.S. dollars in 2024 [2]. Therefore, the importance of the vacation tourism and 
travel industry cannot be overlooked. The rapid growth and evolving nature of this sector have made 
it increasingly competitive, with travelers seeking personalized recommendations that align with 
their preferences and lifestyles. Choosing a vacation destination can be challenging, especially when 
deciding between peaceful mountains and sunny beaches [3]. 

Mountain tourism accounted for 9–16% of global international tourist arrivals in 2019, equating 
to 195 to 375 million tourists [4–6]. Additionally, an ABC News/Washington Post poll (June 13–17, 
2012) explored vacation preferences between beaches and mountains, comparing preferences across 
genders [7–10]. The poll highlights the importance of targeted marketing strategies and personalized 
solutions for different tourist demographics. 

Figure 1 illustrates the results of a national poll conducted by ABC News/Washington Post (June 
13–17, 2012), showing favorable opinions on summer vacation destinations among men and women. 
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Figure 1. Favorable Opinions on Summer Vacation Destinations (Men vs. Women). 

With the advancement of AI, tourism companies can now develop smart recommender systems 
that suggest vacation destinations based on user demographics, leveraging machine learning and 
deep learning techniques [11–14]. These systems provide tailored recommendations, enhance market 
understanding, and improve customer segmentation. 

This research aims to analyze public preferences between two common vacation destinations: 
mountains and beaches. It offers insights into various demographic factors—such as income, gender, 
age, pet ownership, and education—as well as preferred activities like skiing, sunbathing, and hiking, 
which may influence these preferences [15,16]. 

By applying multiple machine learning techniques, we predicted whether individuals prefer 
mountains or beaches based on their attributes. This represents a significant breakthrough in the 
tourism industry, emphasizing the importance of understanding customer needs and developing 
personalized travel experiences. It also contributes to improving current vacation recommendation 
systems [17,18]. 

Figure 2 illustrates the workflow of this study. The Introduction section provides an overview 
of the role of vacation tourism and the travel industry, highlighting the importance of customer 
preferences. The Literature Review details previous work in tourism prediction using machine 
learning and deep learning methods [19–21]. The Methodology section describes our primary 
research, including dataset preprocessing and model implementation. This is followed by a 
discussion of the results, where we compare our findings with previous studies and evaluate model 
accuracies. Finally, the paper concludes with key insights derived from the analysis [22–24]. 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2025 doi:10.20944/preprints202512.1546.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1546.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 11 

 

Figure 2. Research Paper Flow. 

2. Literature Review 

To conduct the literature review, we took a broader perspective to understand the previous work 
done in the field of tourism and the use of machine learning techniques to predict mountain vs. beach 
choice preferences based on demographics and proximity to vacation locations [25–28]. 

A social and behavioral study by Svyatoslav Gorbatov and Petr Chuvatkin [4] shows that 
younger individuals (16–25 years) showed a stronger preference for social settings like beaches, while 
older participants (26–35 years) preferred mountains for relaxation and nature exploration. Their 
study also reveals that active lifestyles are associated with a preference for mountains due to hiking 
and physical activities, while socially active individuals prefer beaches for their visual appeal. 
Higher-income groups prefer mountains due to activities like skiing, while budget-conscious 
travelers prefer beaches for affordability. Gender differences show women favoring beaches for 
relaxation, while men have a balanced preference for both settings based on available activities. This 
research is very viable in order to understand human preferences for vacation selection. Victor 
Chang’s study [5] predicts tourist preferences in Bangladesh using machine learning. His dataset 
contains tourism-related information about 6,318 people and achieved 96.3% accuracy in predicting 
preferences using Linear SVM. 

Abhishek Kulkarni’s paper [6] presents a recommendation system for tourism using sentiment 
analysis. He used a dataset from Kaggle of 1 million reviews selected from the Amazon dataset, and 
20,000 reviews of tourist places were collected manually. The system generates tailored tour plans 
based on user interests, achieving accuracies of 94.56% for RNN and 94.40% for CNN. He is using 
sentiment analysis based on reviews, but the limitation here is that people often plan trips based on 
their budget and preferred activities, which are not taken into consideration in this study. 

Sumitra Kongpeng’s and Anantaporn Hanskunatai’s research [7] develops a tourist 
recommendation system for Thailand using machine learning for personalized destination 
suggestions. They collected data from 429 tourists via online surveys. They categorized data into five 
regions based on tourist destinations and applied different machine learning algorithms. The results 
they achieved are commendable. The average hit rate across five regions is 0.80. The average NDCG 
(Normalized Discounted Cumulative Gain) score for the regions is 0.59. NDCG is a metric used to 
evaluate the quality of ranked results in tasks like recommendation systems and search engines. The 
Random Forest (RF) algorithm shows the highest efficiency in predictions. The research also 
concludes that the key factors influencing destination selection include activity and travel budget, 
which are the focus of our research paper. 

The paper by Pravinkumar Swamy and Sandeep Tiwari [8] gives insights into the advantages of 
e-commerce in the tourism sector, providing users with tailored solutions like travel routes, costs, 
and nearby destinations. They have implemented machine learning techniques, particularly the SVM 
algorithm. According to their paper, they improved the accuracy of predictions in recommending 
travel plans, but the accuracy is not mentioned specifically. They also developed an Android 
application prototype of a personalized travel recommendation system that provides real-time 
guidance [29,30]. 

Gabriel I. Penagos-Londoño and Carla Rodriguez–Sanchez proposed in their research [9] a 
machine learning-based segmentation approach for tourists based on factors like destination 
sustainability and trustworthiness. They collected data from 438 tourists from Chile and Ecuador 
through online surveys. They segmented tourists into three categories: Extremely Optimistic, 
Optimistic, and Moderately Optimistic. A genetic algorithm was used for feature selection, while 
latent class analysis was employed to identify the segments. Their results reveal significant 
differences in perceptions of sustainability (economic, sociocultural, and environmental) and 
trustworthiness across the segments. 

The study by Deepanjal Shrestha and Tan Wenan [10] developed a personalized tourist 
recommendation system for Nepal using machine learning and data-driven analysis. They collected 
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data from 2,400 tourists through a survey to train models across 125 variables. Models like RF and 
GB achieved nearly 100% accuracy in predicting preferences and satisfaction. The system 
outperformed platforms like TripAdvisor by delivering highly accurate personalized 
recommendations based on factors such as cost, popularity, and ratings. 

Mickael Figueredo and Jose Ribeiro researched a tourism recommender system integrated into 
the Find Trip Platform for a smart tourism destination in Brazil [11]. The system uses CNN and fuzzy 
logic to analyze tourists’ preferences based on their social media photos. It classifies tourists into five 
categories, landscape, adventure, cultural, urban, and shopping—and provides personalized 
recommendations for points of interest (POIs). Their system achieved over 90% accuracy in 
classification and validation [31]. 

3. Methodology 

The methodology portion of the paper is the most crucial part of our research. We started by 
collecting the dataset, which in our case was obtained from Kaggle. The data was then preprocessed 
to check for missing values, and unnecessary columns that had no impact on predicting the results 
were dropped. The imbalanced dataset was balanced by applying SMOTE. Next, the data was split 
into a 70/30 ratio using Altair AI Studio. The 70% portion of the data was used for training the 
algorithm. We experimented with different machine learning algorithms, including Random Forest 
(RF), Decision Tree (DT), Naive Bayes, KNN, and Deep Learning. After training, the “Apply Model” 
operator was used to implement the model, and the remaining 30% of the data was utilized for 
testing. The model was evaluated by assessing its performance using the “Performance” operators. 
Finally, the results were obtained. The complete flow of the work done in this section is shown in 
Figure 2 below. 

 

Figure 2. Methodology Overview. 

a) Data Collection 

This dataset was the only one available on Kaggle suitable for analyzing the influence of 
demographic and lifestyle factors on vacation preferences. It originally included 52,444 instances and 
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13 features, consisting of both categorical and numerical data. The dataset was clean with no missing 
values, and the sample size was sufficiently large. However, it had a major issue: class imbalance. We 
addressed this in the data preprocessing stage using an appropriate technique. The target column, 
“Preference,” was binary-coded: 1 for mountains and 0 for beaches. We converted these numerical 
values into textual binomial categories, labeling them as “mountains” and “beaches” to enhance 
readability and interpretability. 

b) Tools 

We used Altair AI Studio (formerly known as RapidMiner) and Google Colab for applying 
machine learning techniques. This open-source platform is widely used for ML model building and 
experimentation. We used the latest version 2024.1.0 for our implementation. 

c) Data Pre-Processing 

While the dataset was already clean, it suffered from high class imbalance: 

a) Preference for beaches: 39,296 samples 
b) Preference for mountains: 13,148 samples 

This results in an imbalance ratio of: 𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒 𝑅𝑎𝑡𝑖𝑜 =  𝑀𝑖𝑛𝑜𝑟𝑖𝑡𝑦 𝐶𝑙𝑎𝑠𝑠 𝑆𝑖𝑧𝑒𝑀𝑎𝑗𝑜𝑟𝑖𝑡𝑦 𝐶𝑙𝑎𝑠𝑠 𝑆𝑖𝑧𝑒 = 1314839296 = 0.334 

This implies a distribution of roughly 25.06% (mountains) to 74.94% (beaches). To resolve this, 
we used the Synthetic Minority Oversampling Technique (SMOTE), which generates synthetic 
samples of the minority class to balance the dataset. However, SMOTE works only with numerical 
values. Since our dataset had categorical features, we applied encoding techniques to convert 
categorical data to numerical format without altering the structure or semantics of the dataset. 

After encoding and applying SMOTE, the dataset was successfully balanced with: 

a) 39,296 beach samples 
b) 39,296 mountain samples 

The total dataset size increased to 78,592 samples. Care was taken to ensure that no original data 
was duplicated or lost, and that the newly generated samples aligned logically with the existing 
distribution. Figure 3 shows dataset before and after applying SMOTE. 

 

Figure 3. Dataset before and after SMOTE. 
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d) Data Splitting 

Data splitting ratios are flexible, but the most used ratios are 70:30 and 80:20. We used a 70:30 
split since the original size of the dataset was 52,444 with 36,711 samples for training and 15,733 
samples for testing. After applying SMOTE, the dataset size was increased to 78,592 with 55,014 
samples for training and 23,578 samples for testing [12–15]. For splitting the data, we had multiple 
techniques like linear sampling, automatic sampling, stratified sampling etc. We have applied 
Stratified Sampling because it is a technique that is used to divide a dataset into distinct subgroups 
or strata based on specific characteristics or categories. Figure 4 shows data splitting before and after 
SMOT 

 

Figure 4. Data Splitting before and after SMOTE. 

e) Selecting Algorithm 

The 70% or 55,014 samples were used for training the model. The algorithm identifies patterns 
from the dataset and generates equations which are then passed to the model for training. But 
selecting the right algorithm is a challenging task. 

f) Model Applying Testing 

After training the learning algorithm on the training data, we obtained a rule or equation from 
the algorithm, which was then passed to the operator named “Apply Model.” This operator takes 
two inputs: the rule generated by the algorithm and the 30% testing data from the split. Here is the 
complete model. Figure 5 shows the applied model sample in raid miner. 

 

Figure 5. Applying Model. 

g) Model Performance Evaluation 

When the model was trained, it was time to measure its performance. For this, we used 
performance operators available in Altair AI Studio (RapidMiner). There were multiple performance 
operators but since we were dealing with a classification problem, we selected the one appropriate 
for classification and applied it. This helped in visualizing the output of our model. The performance 
included factors such as accuracy, precision, recall and other metrics that were used to evaluate the 
model’s results. 
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4. Results and Discussion 

The performance of various classification algorithms was evaluated using four key metrics: 
accuracy, precision, recall, and F1-score. These metrics were applied to both imbalanced and balanced 
versions of the dataset to compare the models’ effectiveness before and after applying the SMOTE 
technique for balancing the classes. 

a. Performance on Imbalanced Dataset (Before SMOTE) 

As shown in Table 1, when using the imbalanced dataset with “Beaches” designated as the 
positive class, Deep Learning outperformed all other models. It achieved an accuracy of 99.62%, 
precision of 99.88%, recall of 99.61%, and an F1-score of 99.74%. This was followed by the Ensemble 
Learning approach (Voting using Decision Tree, Random Forest, and Gradient Booster), which also 
showed high performance across all metrics. 

Among traditional models, Decision Tree, Random Forest, and Gradient Booster yielded strong 
and consistent results. Naïve Bayes, although delivering 100% recall, suffered from lower precision 
(93.40%). On the other hand, KNN (k=5) exhibited the weakest performance, with only 72.75% 
accuracy, making it less suitable for this imbalanced dataset. 

Table 1. Performance on Imbalanced Dataset. 

Algorithms Accuracy Precision Recall F1-score 

Decision Tree 98.97% 99.10% 99.52% 99.34% 

Random Forest 98.77% 99.03% 99.33% 99.20% 

Gradient Booster 98.27% 99.32% 98.36% 98.78% 

Naïve Bayes 94.71% 93.40% 100.00% 96.58% 

KNN (k=5) 72.75% 77.65% 89.35% 83.02% 

Ensemble Learning (DT, RF, GB) 99.14% 99.33% 99.52% 99.44% 

Deep Learning 99.62% 99.88% 99.61% 99.74% 

The corresponding confusion matrix for this evaluation is illustrated in Figure 6, showcasing the 
correct and incorrect predictions for the deep learning model on the imbalanced dataset. 

 

Figure 6. Confusion Matric Before SMOTE. 
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b. Performance on Balanced Dataset (After SMOTE) 

After applying SMOTE to address class imbalance, the dataset became evenly distributed 
between the “Beaches” and “Mountains” classes. The updated results are summarized in Table 2. 

Deep Learning continued to dominate, improving further to 99.81% accuracy, 99.76% precision, 
99.86% recall, and 99.82% F1-score. Both Gradient Booster and Ensemble Learning approaches also 
performed exceptionally well. Decision Tree and Random Forest showed high precision, but slightly 
lower recall compared to the top performers. Naïve Bayes gave decent results, while KNN (k=5) 
remained the least effective. 

Table 2. Performance on Balanced Dataset (After SMOTE). 

Algorithms Accuracy Precision Recall F1-score 

Decision Tree 98.63% 99.64% 97.61% 98.67% 

Random Forest 94.94% 99.66% 90.19% 94.54% 

Gradient Booster 98.85% 98.30% 99.41% 98.86% 

Naïve Bayes 92.76% 92.23% 93.38% 92.90% 

KNN (k=5) 74.96% 82.92% 62.86% 71.52% 

Ensemble Learning (DT, RF, GB) 98.61% 99.66% 97.56% 98.60% 

Deep Learning 99.81% 99.76% 99.86% 99.82% 

These balanced dataset results are supported by the confusion matrix in Figure 7, 
demonstrating the enhanced classification performance of the deep learning model after addressing 
class imbalance. 

 
Figure 7. Confusion matrix (after SMOTE). 

c. Comparative Analysis 

The comparative performance of the models across the imbalanced and balanced datasets is 
shown in Figure 8, which visualizes the accuracy of each model in both settings. 
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Figure 8. Accuracy Comparison Between Imbalanced and Balanced Datasets. 

While models like Decision Tree and Ensemble Learning showed slightly better accuracy on the 
imbalanced dataset, the results from the balanced dataset are considered more reliable due to the 
equal representation of both classes. In the imbalanced version, the positive class “Beaches” 
dominated, potentially skewing the model’s learning. After SMOTE, class balance was achieved, 
leading to a more generalizable and fair evaluation. 

5. Conclusions 

People plan their vacations carefully by considering many factors such as budget, preferred 
activities, and proximity of the destination. With advancements in technologies like machine learning 
and deep learning, it is now possible to predict people’s vacation preferences such as whether they 
prefer beaches or mountains based on their personal demographics and lifestyle factors. This helps 
tourism and travel agencies better understand consumer preferences, enabling them to suggest 
destinations or implement targeted marketing strategies based on segmented preferences. We began 
the paper with a literature review, discussing previous studies in the tourism industry, and then 
moved on to the practical research methodology. In this section, we balanced the dataset and applied 
stratified sampling to split the data. The data was then trained using various algorithms and tested 
accordingly. We obtained different accuracy levels from each algorithm and compared the results. 
Ultimately, our findings showed a maximum accuracy of 99.81% using a deep learning algorithm on 
the balanced dataset (after applying SMOTE). In the future, these results can be improved by 
including more data and incorporating additional preference options to further enhance applications 
in the tourism industry. 
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