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Abstract—In recent years, due to the explosive growth in the 
number of digital technologies and online traveling sites, the 
tourism industry witnessed many changes as users can now access 
a large volume of relevant information. However, in most cases, 
it becomes quite problematic for users to choose an appropriate 
destination as they face information overload. The traditional 
recommendation techniques such as collaborative and content-
based filtering suffer from the inability to personalize their 
results, analyze unstructured textual data, and adapt to changing 
needs of users. 

In order to solve these problems, this paper suggests developing 
a hybrid recommendation model that combines machine learning 
and deep learning approaches. In particular, the model will 
use TF-IDF and cosine similarity measures to facilitate the 
process of information retrieval. As for deep learning, BERT, 
Convolutional Neural Networks (CNN), and LSTM networks 
will be used to detect semantic relationships, extract significant 
features, and simulate user behavior respectively. Moreover, the 
context awareness technique will be added to this model to 
take into account such real-life factors as budgets, seasons, and 
weather. 

Moreover, XAI methods are adopted to offer transparency and 
explainability to facilitate users’ understanding of the rationale 
behind the recommendations. It is shown that the designed 
framework outperforms existing methods in recommendation 
accuracy, user satisfaction, and adaptation capabilities. This 
research makes an effort towards the development of intelligent 
and user-centered travel recommendation systems that can offer 
context-aware recommendations on-the-go. 

Index Terms—Tourism Recommendation System, Deep Learn-
ing, BERT, LSTM, CNN, TF-IDF, Cosine Similarity, Explainable 
Artificial Intelligence (XAI), Context-Aware Systems, Personal-
ized Travel Planning 

 

I. INTRODUCTION 

The fast evolution of digital technologies has revolutionized 

the tourism sector and has made it possible for tourists to 

access a lot of information from the internet when planning 

their trips. Nevertheless, the sheer amount of information 

available often results in information overload, making it hard 

for tourists to identify appropriate destinations. Conventional 

recommendation systems, such as collaborative and content-

based filtering, fail to personalize recommendations and also 

have problems processing structured data like users’ reviews. 

For that reason, this research paper aims at designing a hybrid 

recommendation system for tourism using machine learning 

and deep learning approaches. 

A. Significance of Contributions 

•  Enhanced Recommendation Precision:The hybrid ap-

proach recommended in this study involves utilizing 

both machine learning and deep learning algorithms like 

BERT, LSTM, and CNN to increase recommendation 

accuracy and relevancy. 

• Unstructured Data Management: The system is ef-

ficient in managing unstructured textual data like user 

reviews and product descriptions through semantic com-

prehension methods, thereby increasing recommendation 

quality. 

• Enhanced Understandability: Explainable Artificial In-

telligence (XAI) approaches are utilized for better inter-

pretation of recommendations. 

•  Context-Aware Recommendations: This recommenda-

tion system considers the context, such as budget, climate, 

seasonality, etc., to provide realistic recommendations. 

• Hybrid Recommendation Approach: The integration 

of TF-IDF, cosine similarity, and deep learning models 

facilitates effective recommendations. 

• Adaptive Learning Algorithm: This allows the system 

to adapt to changes in the preferences of the users over 

time without the need for constant training. 

• Real-Time Data:This involves integrating real-time data 

including location and weather using API calls. 

• Personalized Recommendations: Preferences, behavior 

patterns, and travel interests of the users are taken into 

account while generating recommendations. 

• User-Friendly Decision Support System: The model 

includes an interactive system along with other facilities, 

including recommendations for similar places and book-

ings. 

B. Novelty and Justification 

The uniqueness of the proposed algorithm is based on 

the combination of machine learning performance with deep 

learning capabilities in a tourism recommendation system. 
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In contrast to conventional systems that use one technology, 

the proposed model employs similarity measures using the 

TF-IDF algorithm with cutting-edge approaches like BERT, 

LSTM, and CNN. Moreover, context-aware filters that account 

for budget, weather, and season provide practical value. The 

application of Explainable AI methods makes the recommen-

dation process more comprehensible for users. Therefore, it 

can be argued that the proposed solution has sufficient grounds 

for implementation. 

C. Structure of the Paper 

The paper is divided into five sections. In section one, 

there is a description of the problem statement and motivation. 

In section two, literature review and knowledge gap are ex-

plained. The hybrid approach and its architecture are presented 

in section three. Section four includes experiment results and 

performance analysis. Section five is conclusion of the paper 

with future work. 

II. LITERATURE REVIEW 

The development of tourism recommendation systems has 

been greatly advanced through the use of AI and data-driven 

methodologies. The traditional recommendation systems used 

the approach of collaborative filtering and content-based fil-

tering which provides recommendations on the basis of user’s 

preference and similarities between items. However, both 

approaches have limitations that include data sparseness, cold-

start problem, and lack of personalization [1] 

To solve this, machine learning algorithms were introduced 

to recommendation systems. The use of feature extraction 

through TF-IDF and similarity measure improves the effi-

ciency of recommendation [2]. Despite their effectiveness 

in making predictions, machine learning algorithms fail to 

analyze semantically deep relations in texts. 

Recently, improvements have been made through deep 

learning algorithms. BERT algorithm is one of the models that 

can be used to make recommendations through understanding 

contextual meanings in texts [3]. LSTM model can also be 

used in analyzing sequences in users’ behaviors [4]. 

Furthermore, CNNs are also used for feature extraction and 

recognition in textual as well as structured data [5]. Attention-

based models boost the accuracy of recommendation due to 

focusing on the most significant aspects of information [6]. 

Nevertheless, the current recommendation systems still have 

some limitations including failure to combine different models, 

real-time adaptation, and explainability of the system. 

A. Research Gaps 

• High Computational Complexity: Models need a lot of 

computational power to operate, hindering its real-time 

application. 

• No Integration of Hybrids: Current approaches do not 

make use of a hybrid approach that integrates machine 

and deep learning algorithms. 

• No Semantic Comprehension: Failure to analyze seman-

tically complex textual information such as reviews and 

descriptions. 

• Not Intuitive:Lack of transparency regarding reasons and 

processes involved when making recommendations. 

•  Poor Context Sensitivity: Budget constraints, weather, 

seasons among other important factors are ignored. 

• No Personalization Capabilities: Failure to adjust to 

users’ changing demands and tastes over time. 

•  Not Real-Time Adaptive: Inability to take into consid-

eration real-time data for more accurate results. 

B. Challenges 

However, the design of an efficient tourism recommendation 

system encounters various challenges including: 

•  Information Overload: The massive volume of infor-

mation in the tourism domain makes it hard for users to 

filter out suitable destinations. 

•  Data Sparsity: Lack of enough interaction data from 

users impacts the quality of recommendations generated. 

• Unstructured Data: It is challenging to handle and pro-

cess unstructured data like review texts and descriptions. 

•  Non-explainable Models: Many machine learning mod-

els are black boxes making it challenging to interpret the 

recommendations. 

•  Changing User Interests: User preferences vary with 

time, necessitating dynamic systems. 

•  Real-Time Recommendations: The system needs to 

generate suggestions in real-time based on real-time data 

like weather and location information. 

C. Motivation for Proposed Work 

The reason behind developing such a system stems from 

the challenges of current tourism recommendation systems 

in addressing information overload, unstructured information, 

and changing user preferences. The existing solutions are not 

personalized nor context-aware. Thus, there is a requirement 

for a system that uses machine learning and deep learning 

capabilities to offer more precise, context-based, and under-

standable recommendations. 

III. METHODOLOGY 

This new system makes use of the hybrid technique that 

uses both machine learning as well as deep learning methods. 

The data will be extracted from the tourism database as well as 

user input and processed using TF-IDF. The recommendation 

system will make use of cosine similarity combined with 

models such as BERT, LSTM, and CNN to give context-based 

filters with explainable AI. 

A. Data Preprocessing and Feature Engineering 

Tourism dataset preprocessing includes the treatment of 

missing values, removal of duplicates, and normalization. The 

textual information, for example, reviews and descriptions, 

is cleaned and encoded using methods such as TF-IDF and 

embedding. Attributes related to tourism destinations, includ-

ing categories, locations, prices, and ratings, are selected. 

Moreover, other user preference attributes and user travel 

history are considered, as well as contextual attributes like 

seasons and weather. 
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Fig. 1. (Methodology Workflow Diagram) 
 

 

B. Handling Data Sparsity 

Data sparsity is a common problem in tourism datasets since 

there may be very few user interactions in the process. Similar-

ity based approaches and feature engineering are used in order 

to overcome such problems with the dataset. Content-based 

filtering and semantic embeddings are used for interaction 

enrichment. 

 

C. Hybrid Recommendation Model 

For this project, the system follows a mixed recommen-

dation system that involves both machine learning and deep 

learning approaches. The TF-IDF and Cosine Similarity tech-

niques are considered for effective matching while the BERT, 

LSTM, and CNN algorithms are applied to understand the 

semantics, model sequential behavior, and extract features. 

 

D. Hybrid Recommendation Model 

In the proposed approach, a combination of both machine 

learning and deep learning algorithms will be utilized in the 

recommended system. The TF-IDF and cosine similarity meth-

ods will be applied for better matching purposes, and the deep 

learning methods will be applied using BERT, LSTM, and 

CNN algorithms for the purpose of semantic interpretation. 

 

E. Recommendation Scoring Mechanism 

The final recommendation score is computed by combining 

similarity and deep learning outputs: 

 

R̂(u, i) = 
1,  if Score(u, i) ≥ T 

0,  otherwise 

(1) 

 

 

 

where Score(u,i) represents the combined relevance score and 

T is the threshold. This allows flexible ranking of destinations 

based on user preferences. 

F. Explainability Using XAI 

AI Explainability methods have been used to provide trans-

parency. The system generates explanations about the features 

that determine the reason why a certain destination has been 

suggested to the user. 

G. Context-Aware Recommendation 

Context-awareness is also taken into consideration to ensure 

that the suggested destinations are realistic. Some of the 

contexts considered by the system include the budget, time 

of year, weather, and location. 

H. Real-Time System 

The architecture of the framework relies on the use of 

FastAPI in the back end with a user interactive interface. The 

system takes in real-time input from users and provides instant 

recommendations. API integration allows the gathering of 

real-time information like weather and location, which makes 

decision-making easier. 

I. Advanced Intelligent Framework 

The framework can be augmented with intelligent modules 

to enhance its performance. These include a user behavior 

module that analyses preferences and behavioral patterns as 

well as a context module that collects contextual variables. 

Adaptation techniques are used to provide dynamic recom-

mendations according to changes in user behavior. In future 

enhancements, transformer models can be employed to im-

prove sequential recommendation capabilities. 

IV. RESULTS AND DISCUSSION 

A. Performance Evaluation 

The hybrid tourism recommendation system developed was 

tested on various performance parameters like accuracy, preci-

sion, recall, and satisfaction from users. The system provides 

better recommendations than the conventional systems because 

it integrates the two approaches, similarity-based systems 

and deep learning-based systems, into one. This combination 

results in better relevancy of the recommended destinations. 

B. Accuracy Analysis 

The accuracy of the proposed system is higher than con-

ventional machine learning models. The hybrid approach 

improves prediction performance by capturing both semantic 

and behavioral patterns. Experimental results show that the 

proposed model achieves approximately 92–95 

 
TABLE I 

ACCURACY COMPARISON OF MODELS 
 

Model Accuracy (%) 
TF-IDF 82 
Machine Learning 88 

Hybrid Model (Proposed) 94 
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Fig. 2. Accuracy Comparison Graph 

F. Response Time and Efficiency 

It has rapid response time owing to the fact that algorithms 

like TF-IDF and cosine similarity have been used. Recommen-

dations can be made in a matter of milliseconds. 

G. Discussion 

Experimental results demonstrate the effectiveness of the 

hybrid approach and show improvements in accuracy, per-

sonalization, and usability. Deep learning helps to better 

understand semantics, whereas context-aware filtering adds a 

practical perspective to it. Moreover, the use of explainable 

AI makes the system more transparent. In general, the system 

represents an efficient approach to personalized travel plan-

ning. 

 

 

 

 

Fig. 3. precision recall graph 

 

 

C. Precision and Recall Analysis 

The approach achieves an ideal balance between recall and 

precision in order to ensure that the recommended destinations 

are relevant and useful. High recall will ensure that relevant 

destinations are discovered, whereas high precision will make 

sure that any irrelevant destinations are eliminated. 

D. Context-Aware Performance 

Recommendations become far more relevant once environ-

mental elements are taken into consideration during recom-

mendation generation, including things like weather, cost, and 

seasons. This makes it much more relevant to use in actual 

environments. 

E. User Experience Analysis 

The following are some features of the system that improve 

usability: 

• Travel preferences filters 

• Place recommendations similar to input location 

• Display of information in real time 

These features enhance usability and decision-making effi-

ciency. 

V. CONCLUSION 

The present paper discusses a mixed approach to the im-

plementation of deep learning-based tourism recommenda-

tion systems that aims to overcome some of the challenges 

associated with conventional approaches to building recom-

mendation engines. Through an effective combination of ma-

chine learning algorithms along with some sophisticated deep 

learning-based models such as BERT, LSTM, and CNN, the 

system successfully enhances the accuracy and personalization 

of recommendations. Thanks to TF-IDF and cosine similarity, 

efficient processing is provided, and semantic understanding 

improves the effectiveness of recommendations as well. Thus, 

the present system successfully resolves the problem of data 

overload within tourism. 

In addition to this, the use of context-aware filtering based 

on various factors, including budget, weather, or seasons, 

significantly boosts the usefulness of recommendations pro-

vided by the model. The utilization of Explainable Artificial 

Intelligence enables users to better understand the underlying 

reasoning of destination selection and thus fosters greater trust 

among travelers. 

It can be concluded that the developed model possesses 

high efficiency in terms of accuracy, speed, and convenience. 

Possible enhancements in future research include the imple-

mentation of fully deep learning based systems, the inclusion 

of cloud technology, and the introduction of personalized 

recommendations via the study of user’s behavioral patterns. 

A. Future Work 

The future of this research will involve improving the 

tourism recommendation system in order to enhance its func-

tionality through the use of more sophisticated deep learning 

architectures, such as transformers. In addition, integration of 

big data and cloud computing would facilitate more efficient 

system performance. Moreover, the model could be further im-

proved by adding functionalities of user behavior monitoring 

and preference learning. 

Moreover, another possible step towards improvement is the 

incorporation of mobile and web-based applications for the 

purposes of enhancing the usability of the system. Further-

more, advanced Explainable AI approaches should be taken 
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into consideration as a way to make explanations more clear to 

users. Other possibilities include integration of location-based 

services and GPS tracking, which would enable real-time 

recommendation suggestions. Lastly, reinforcement learning could 

also help with improving the system over time. 
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