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ABSTRACT

Tourism recommendation systems have become
increasingly important as travelers rely on digital
platforms to discover destinations, plan itineraries,
and evaluate travel experiences. Traditional
recommendation systems often face several
challenges, including limited personalization, cold-
start problems, static recommendation rules, and
lack of transparency in recommendation logic. To
address these issues, this research proposes an
MDE-Driven Tourism Recommendation System
that integrates Model-Driven Engineering (MDE)
with hybrid machine learning techniques to provide
adaptive and explainable travel recommendations.
The proposed framework introduces a JSON-based
Domain Specific Language (DSL) that allows
dynamic modification of recommendation policies,
weighting parameters, and decision constraints
without requiring changes to backend code or
system redeployment. The system utilizes a hybrid
recommendation approach that combines content-
based filtering using TF-IDF and cosine similarity
with  collaborative filtering through matrix
factorization to generate personalized destination
suggestions. Additionally, sentiment analysis is
applied to user reviews to assess qualitative
attributes such as safety, affordability, cleanliness,
and overall visitor satisfaction. An automated
training mechanism continuously updates the
recommendation models based on new user
feedback and interaction data, thereby improving

system accuracy over time. The architecture is

designed using a scalable full-stack framework that
supports secure authentication, real-time data
interaction, and modular extensibility. Furthermore,
the  system incorporates an  explainable
recommendation module that improves
transparency by presenting the reasoning behind
each  suggested  destination.  Experimental
evaluation demonstrates that the proposed system
improves recommendation accuracy, adaptability,
and user trust compared with traditional tourism
recommendation models. The framework provides
a flexible and intelligent solution suitable for both

academic research and practical tourism platforms.

Keywords: Tourism Recommendation System,
Model-Driven Engineering, Hybrid
Recommendation, Machine Learning, Sentiment

Analysis, Explainable Al.
I INTRODUCTION

Tourism has emerged as one of the most rapidly
expanding global industries, supported by
technological innovations and digital platforms that
assist travelers in planning their journeys and
discovering destinations. Online travel platforms
now provide large volumes of travel-related
information, including user reviews, destination
descriptions, travel blogs, and multimedia content.
However, the enormous amount of available
information often creates an overload problem for
travelers attempting to identify suitable destinations
that match their preferences and travel goals.
Recommendation systems have therefore become a

critical component of modern tourism applications
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because they help filter relevant information and
provide personalized suggestions to users [1].
Traditional recommendation systems in tourism
commonly rely on collaborative filtering, content-
based filtering, or knowledge-based approaches to
generate suggestions for destinations, attractions,
and travel services [2]. Collaborative filtering
methods utilize historical user interaction data to
identify similarities among users and predict
preferences for new items [3]. Content-based
methods, on the other hand, analyze attributes of
destinations and match them with user interests or
past preferences [4]. Hybrid approaches combine
multiple recommendation techniques to improve
prediction accuracy and overcome limitations
associated with individual algorithms [5]. Despite
these advancements, many tourism
recommendation systems still struggle with several
issues such as cold-start problems, insufficient
personalization, limited scalability, and lack of
transparency in recommendation logic  [6].
Additionally, user preferences in tourism are highly
dynamic and influenced by contextual factors such
as travel season, budget constraints, location
accessibility, and personal interests [7]. These
challenges highlight the need for more flexible and
adaptive recommendation frameworks capable of
integrating multiple data sources and machine

learning techniques.

Recent developments in artificial intelligence, data
analytics, and model-driven software engineering
have created opportunities for building more
intelligent  tourism recommendation  systems.
Model-Driven Engineering (MDE) provides a
structured approach for designing software systems
using models and domain-specific languages that
simplify system customization and maintenance
[8]. By separating system logic from
implementation code, MDE enables developers to

modify recommendation rules, feature weights, and

decision policies dynamically without redeploying
the entire application [9]. Machine learning
techniques such as matrix factorization, deep
learning, and sentiment analysis further enhance
recommendation quality by identifying hidden
patterns within user behavior data and textual
reviews [10]. Sentiment analysis has become
particularly useful in tourism systems because it
extracts opinions from user-generated reviews
regarding aspects such as safety, affordability,
hospitality, and cleanliness [11]. Integrating
sentiment insights with recommendation algorithms
can significantly improve the relevance of travel
suggestions [12]. Moreover, explainable artificial
intelligence has recently gained attention in
recommendation systems as users increasingly
demand transparency regarding how
recommendations are generated [13]. Providing
interpretable explanations improves user trust and
system acceptance [14]. Therefore, combining
MDE principles with hybrid recommendation
algorithms and explainable Al mechanisms offers a
promising solution for developing adaptive,
transparent, and scalable tourism recommendation
systems. The proposed MDE-Driven Tourism
Recommendation System aims to address the
limitations of existing models by introducing a
flexible architecture that integrates machine
learning, sentiment analysis, and dynamic
configuration through a domain-specific language
[15].

Il LITERATURE SURVEY

Research in tourism recommendation systems has
evolved significantly over the past decade with the
integration of data mining and machine learning
techniques. Early tourism recommendation systems
primarily relied on collaborative filtering
algorithms to analyze user behavior and identify

similarities between travelers based on historical
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interactions [16]. These systems were effective in
environments where sufficient user rating data was
available, but they often encountered the cold-start
problem when new users or destinations lacked
interaction data [17]. Content-based
recommendation systems were introduced to
address this limitation by analyzing item attributes
such as destination categories, geographical
features, and travel themes to match them with user
preferences [18]. While content-based filtering
improves recommendations for new items, it often
produces limited diversity because suggestions are
restricted to previously observed user interests [19].
Hybrid recommendation systems were
subsequently developed to combine collaborative
and content-based methods in order to improve
recommendation accuracy and robustness [20].
Hybrid approaches use multiple data sources
including user ratings, travel history, textual
reviews, and contextual data to generate more
comprehensive suggestions [21]. Researchers have
also explored context-aware recommendation
systems that incorporate additional parameters such
as time, weather conditions, location, and travel
companions to enhance personalization [22].
However, these systems still face challenges in
adapting recommendation rules dynamically as
user preferences and tourism data continuously

evolve [23].

Recent studies have focused on incorporating
advanced machine learning models and natural
language processing techniques into tourism
recommendation systems. Sentiment analysis has
gained considerable attention as a method for
extracting meaningful insights from large volumes
of user-generated reviews available on travel
platforms [24]. By analyzing sentiments expressed
in reviews, recommendation systems can evaluate
qualitative aspects of destinations such as safety,

service quality, and visitor satisfaction [25]. Deep

learning techniques have also been applied to
recommendation systems for capturing complex
user preference patterns and improving prediction
accuracy [26]. However, deep learning models
often require large datasets and high computational
resources, which may limit their practical
implementation in smaller tourism platforms [27].
To improve system flexibility and maintainability,
researchers have started exploring Model-Driven
Engineering approaches for designing adaptable
recommendation frameworks [28]. MDE enables
the creation of domain-specific languages that
allow developers and administrators to modify
recommendation policies and system behavior
without altering the underlying software code [29].
Furthermore, explainable Al techniques are being
integrated into recommendation systems to
improve transparency and help users understand
why specific destinations are suggested [30].
Despite these advancements, there remains a need
for systems that integrate hybrid recommendation
algorithms, sentiment analysis, dynamic model
configuration, and explainable outputs within a
unified architecture. The proposed MDE-Driven
Tourism Recommendation System addresses these
research gaps by combining machine learning
models  with  model-driven  configuration
capabilities to deliver adaptive, transparent, and

scalable tourism recommendations.
I METHODOLOGY

The methodology for the proposed MDE-Driven
Tourism Recommendation System involves the
integration of data collection, preprocessing, hybrid
recommendation modeling, sentiment analysis, and
dynamic configuration through Model-Driven
Engineering. Initially, tourism data is collected
from multiple sources including destination
datasets, user reviews, ratings, and travel metadata.

The collected data undergoes preprocessing to
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remove noise, normalize text content, and structure
information into a usable format for machine
learning algorithms. Textual reviews are processed
using natural language processing techniques such
as tokenization, stop-word removal, and stemming
in order to extract meaningful textual features. For
content-based recommendation, the system applies
the TF-IDF technique to represent textual attributes
of destinations and user preferences in vector form,
followed by cosine similarity calculations to
measure similarity between destinations and user
interests. In parallel, collaborative filtering is
implemented using matrix factorization methods
that analyze user-item interaction matrices to
identify latent preference patterns among users. The
outputs of content-based filtering and collaborative
filtering are combined within a hybrid
recommendation module to generate accurate and
personalized destination suggestions. Additionally,
sentiment analysis is performed on user reviews
using machine learning or lexicon-based sentiment
classification to evaluate qualitative aspects such as
safety, affordability, and cleanliness of destinations.
The system also incorporates an automated training
mechanism that periodically retrains
recommendation models based on newly collected
interaction data, ensuring that recommendations
remain  relevant over time. Model-Driven
Engineering principles are applied through a JSON-
based Domain Specific Language that allows
administrators to dynamically adjust
recommendation parameters such as feature
weights, filtering constraints, and ranking priorities
without modifying system code. The methodology
further includes an explainable recommendation
component  that generates  human-readable
explanations describing the factors influencing
each recommendation. This integrated

methodological framework ensures adaptability,

accuracy, transparency, and scalability in the

tourism recommendation system.

IV SYSTEM DESIGN

The system design of the MDE-Driven Tourism
Recommendation System follows a modular and
scalable architecture that integrates frontend
interfaces, backend services, machine learning
components, and configuration modules. The
architecture is divided into multiple layers
including the presentation layer, application layer,
data processing layer, and model management
layer. The presentation layer provides a user-
friendly web interface that allows travelers to
register, log in securely, search for destinations,
view recommendations, and provide feedback on
suggested locations. This interface is designed to
ensure smooth wuser interaction and real-time
response through asynchronous communication
with backend services. The application layer
manages user authentication, session handling,
recommendation requests, and communication with
machine learning services. Secure authentication
mechanisms ensure that user data and preferences
remain protected while interacting with the system.
The backend also contains API services responsible
for retrieving tourism data, managing user profiles,
and storing feedback information. A centralized
database stores destination attributes, user reviews,
travel categories, and interaction histories required
for generating recommendations. This data
management layer ensures that structured and
unstructured data can be accessed efficiently by the

recommendation engine.
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[ Recommendation Generation Sequence ]
User loge into aystem

‘ L

| User requests recaomumendations I

Fronmtend sends request 1o bockend [

1

Backend validates usar I

i

| Backend loads ML model |

| ML module generates recomwendotsons |

1
-
| Backend sends recommandations to frontend I

] Frontend displays recommendations

The data processing and model management layer
forms the core intelligence of the system. This layer
integrates the hybrid recommendation engine,
sentiment analysis module, and model training
components. The hybrid recommendation engine
processes destination metadata and user interaction
data to generate recommendations using both
content-based filtering and collaborative filtering
techniques. Content-based filtering analyzes
destination attributes such as categories, attractions,

climate, and travel themes, while collaborative

filtering identifies relationships among users with
similar travel behaviors. The sentiment analysis
module processes user reviews to extract positive
or negative opinions regarding destination
characteristics such as safety, cleanliness, cost, and
hospitality. These insights are integrated into the
recommendation scoring mechanism to enhance the
relevance of suggested destinations. A key
component of the system design is the Model-
Driven Engineering configuration module, which
includes a JSON-based Domain Specific Language
that  enables  administrators to  modify
recommendation rules, weighting factors, and
filtering constraints dynamically. This
configuration module separates system logic from
implementation code, allowing rapid adjustments
without requiring system redeployment. The design
also includes an explainable recommendation
module that generates transparent explanations for
suggested destinations by highlighting influential
features such as user preferences, positive review
sentiments, or similarity scores. Overall, the
modular design ensures scalability, flexibility, and
ease of maintenance for future enhancements such
as multilingual support, external API integration,

and location-aware recommendation services.

[ Rating Submission Sequence ]

[ User submits rating ]

[ Frontend sends rating to backend]

)

( Backend stores rating in database ]
i Backend retrains ML model ]

)

[ Updated rmodel is saved ]

318



AMERICAN JOURNAL OF Al CYBER COMPUTING MANAGEMENT

Peer Reviewed, Referred & Indexed Journal
E-ISSN:3069-0102
VOL.6, NO. 1(2026)

DFD Level O |

0) ; — (0] B
P ";ﬂl‘kpmr.‘.t\’ndﬁ\r‘n > Systemn > [ata  >|Databose

(!

Jser

Database Design (ER Diagram)

V PROPOSED SYSTEM

MDE-Driven Tourism

Recommendation System introduces an intelligent

The proposed

and flexible framework designed to address the
limitations of conventional tourism
recommendation models. The system integrates
hybrid recommendation techniques, sentiment
analysis, and Model-Driven Engineering to create a
dynamic and adaptable recommendation platform.
Unlike traditional systems that rely on fixed
recommendation algorithms, the proposed system
enables administrators to configure
recommendation policies through a Domain
Specific Language implemented using JSON
structures. This DSL allows the modification of
parameters such as feature weights, filtering
constraints, ranking strategies, and user preference
priorities without altering the backend code. The
system collects user interaction data including
search history, destination ratings, and textual
reviews to continuously improve recommendation
quality. Content-based filtering techniques analyze

destination features such as location, attractions,

climate, cultural significance, and travel themes to
match them with user interests. Simultaneously,
collaborative filtering identifies patterns among
users with similar travel preferences and predicts
potential destinations that may appeal to new users.
The integration of these two techniques creates a
hybrid recommendation engine capable of
generating more accurate and diverse suggestions

while reducing the impact of cold-start problems.

Another significant component of the proposed
system is the incorporation of sentiment-aware
analysis and explainable recommendations. User-
generated reviews contain valuable insights
regarding tourist experiences and satisfaction
levels. The system applies natural language
processing techniques to analyze these reviews and
determine sentiment polarity related to key aspects
such as safety, affordability, service quality,
accessibility, and cleanliness. These sentiment
scores are integrated into the recommendation
ranking process so that destinations with
consistently positive feedback receive higher
recommendation priority. Additionally, the system
includes an automated training module that
periodically updates the machine learning models
using newly collected user interaction data. This
ensures that the system adapts to changing user
preferences and emerging travel trends. The
proposed architecture also incorporates an
explainable Al module that generates human-
readable explanations for each recommendation.
For example, the system may explain that a
destination was recommended because it matches
the user’s interest in cultural heritage sites and has
received highly positive safety and cleanliness
reviews. This transparency improves user trust and
satisfaction with the recommendation process.
Overall, the proposed system delivers a scalable,

adaptive, and intelligent tourism recommendation
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platform capable of supporting both academic €9

research and real-world tourism applications.
RESULTS & DISCUSSION

The proposed MDE-Driven Tourism

Recommendation System was evaluated using
tourism datasets containing destination L

descriptions, user ratings, and textual reviews.

Experimental analysis demonstrated that the hybrid 0

recommendation model achieved higher
recommendation  accuracy = compared  with

individual content-based and collaborative filtering

Pras hns brmey

approaches. The integration of TF-IDF and cosine
similarity enabled effective matching between user
preferences and destination attributes, while matrix
factorization improved prediction of user interests
based on historical interactions. Sentiment analysis
of user reviews significantly  enhanced

recommendation relevance by incorporating

qualitative feedback regarding safety, affordability, ol
and visitor satisfaction. Additionally, the use of a

JSON-based Domain Specific Language allowed ® - g
administrators  to  modify  recommendation n &
parameters dynamically without affecting system ot e : ovnans
stability. The explainable recommendation module °

improved user understanding of  the
recommendation process, increasing transparency
and trust. Overall, the system demonstrated
improved  adaptability, personalization, and

accuracy compared with traditional tourism

recommendation systems.

Cowaty becoont
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VII CONCLUSION

The  development of intelligent tourism
recommendation systems has become essential due
to the rapid growth of online travel information and
the increasing demand for personalized travel
experiences. This study presented an MDE-Driven
Tourism Recommendation System that integrates
hybrid machine learning techniques with Model-
Driven Engineering to create a flexible and
adaptive  recommendation  framework.  The
proposed system combines content-based filtering
and collaborative filtering to generate personalized
travel recommendations while addressing common
challenges such as cold-start problems and limited
recommendation diversity. The integration of
sentiment analysis further enhances
recommendation quality by extracting valuable
insights from user-generated reviews regarding
destination  characteristics such as safety,
affordability, cleanliness, and overall satisfaction. A
key contribution of this research is the introduction
of a JSON-based Domain Specific Language that

enables dynamic modification of recommendation

policies and feature weights without altering
backend code or redeploying the system. This
approach improves system maintainability and
allows administrators to adjust recommendation
strategies as tourism data and user preferences
evolve. The inclusion of an explainable
recommendation module also increases
transparency by providing users with clear
explanations for suggested destinations, thereby
improving trust and usability. Experimental results
demonstrate that the proposed system delivers
higher recommendation accuracy and improved
adaptability compared with traditional tourism
recommendation  approaches. The  modular
architecture also supports scalability and future
enhancements such as multilingual support,
integration with external tourism APIs, and
location-aware recommendations. Overall, the
proposed system offers a practical and intelligent
solution for modern tourism platforms and
contributes to ongoing research in recommendation

systems and model-driven software engineering.
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