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Abstract

The tourism industry has experienced a rapid digital transformation through the adoption of artificial
intel-ligence, recommender systems, mobile computing, cloud plat-forms, and intelligent decision-
support technologies. Modern travelers increasingly expect personalized travel experiences that consider
their interests, budget constraints, travel history, weather conditions, transportation availability, crowd
den-sity, seasonal variations, and real-time environmental changes. Traditional tourism recommendation
systems primarily rely on static recommendation mechanisms and predefined travel packages, often
failing to adapt to dynamic travel contexts and evolving user preferences.

Recent advancements in intelligent systems have introduced Multi-Agent Systems (MAS) as a promising
paradigm for addressing the complexity of travel planning and itinerary generation. Multi-agent
architectures enable autonomous soft-ware entities to collaborate, negotiate, and make decentralized
decisions while managing heterogeneous tourism information obtained from multiple sources.
Simultaneously, developments in machine learning, deep learning, large language models, context-aware
computing, and retrieval-augmented recommen-dation techniques have significantly enhanced the
capabilities of intelligent tourism platforms.

This review paper presents a comprehensive analysis of Multi-Agent Systems for intelligent tourism
recommendation and dynamic travel planning. The study examines the evo-lution of tourism
recommender systems, foundational con-cepts of autonomous agents, multi-agent architectures, ma-
chine learning techniques, deep learning approaches, point-of-interest recommendation models, fairness-
aware recommenda-tion frameworks, sustainability-oriented tourism intelligence, and emerging large
language model based travel assistants. Furthermore, the paper identifies current research challenges,
technological limitations, and future opportunities associated with agentic artificial intelligence in
tourism applications. The review synthesizes findings from recent literature and provides insights into
how multi-agent ecosystems can facilitate adap-tive, personalized, explainable, and real-time travel
planning solutions.

Index Terms: Tourism Recommender Systems, Multi-Agent Systems, Artificial Intelligence, Dynamic
Itinerary  Planning, Travel Intelligence, Context-Aware Recommendation, Point-of-Interest
Recommendation, Large Language Models, Sustain-able Tourism, Intelligent Agents.
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I. Introduction

Tourism is one of the largest and most influential sectors of the global economy, contributing
significantly to economic development, employment generation, cul-tural exchange, and
international cooperation. The rapid growth of digital technologies has transformed how trav-elers
discover destinations, plan trips, book accommo-dations, access transportation services, and share
travel experiences. Modern tourists increasingly depend on on-line platforms and intelligent
recommendation systems to make informed travel decisions. Consequently, the tourism industry
has become a fertile domain for the application of artificial intelligence, machine learning, data
analytics, and recommender systems.

The emergence of Tourism Recommender Systems (TRS) has fundamentally changed the process
of travel planning. These systems assist users by filtering vast amounts of tourism-related
information and providing personalized recommendations for destinations, attrac-tions,
accommodations, restaurants, transportation facil-ities, and recreational activities. Unlike traditional
in-formation retrieval systems that merely return search results, recommender systems attempt to
understand user preferences and generate suggestions that maximize user satisfaction and
engagement.

Early tourism recommender systems primarily em-ployed collaborative filtering, content-based
filtering, and knowledge-based recommendation techniques. While these approaches demonstrated
effectiveness in personalized rec-ommendation tasks, they often suffered from challenges such as
cold-start problems, data sparsity, limited con-textual understanding, and insufficient adaptability to
changing user preferences. Furthermore, traditional sys-tems generally focused on recommending
isolated tourism products rather than providing comprehensive travel plan-ning support.

The growing complexity of travel decision-making has exposed limitations in conventional
recommendation frameworks. Travel planning involves numerous interde-pendent factors including
budget constraints, travel dura-tion, transportation availability, weather conditions, crowd density,
destination popularity, seasonal demand, user interests, accessibility requirements, and
sustainability considerations. Managing these diverse variables requires intelligent decision-
making mechanisms capable of pro-cessing heterogeneous information sources and adapting
recommendations in real time.

To address these challenges, researchers have increas-ingly explored the application of Multi-Agent
Systems (MAS) within tourism environments. Multi-agent systems consist of autonomous
computational entities known as agents that can perceive their environment, communicate with
other agents, make decisions independently, and collaborate to achieve complex objectives. In
tourism applications, specialized agents may represent travelers, destinations, transportation
providers, hotels, restaurants, event organizers, or recommendation services. Through distributed
coordination and negotiation mechanisms, these agents collectively support dynamic itinerary
gener-ation and personalized travel planning.

The integration of artificial intelligence with multi-agent architectures has further enhanced the
capabilities of tourism recommender systems. Machine learning al-gorithms enable predictive
modeling of user preferences, while deep learning techniques facilitate the extraction of
meaningful patterns from large-scale tourism datasets. More recently, Large Language Models
(LLMs) have intro-duced conversational interfaces capable of understanding natural language travel
queries, generating personalized itineraries, and providing interactive travel assistance.
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Another significant development in tourism intelligence is the emergence of context-aware
recommendation sys-tems. These systems incorporate contextual information such as location,
weather conditions, temporal factors, social influences, and environmental characteristics into the
recommendation process. Context-aware mechanisms improve recommendation relevance and
support adaptive travel planning under dynamic conditions.
Contemporary research has also expanded beyond per-sonalization to address broader societal
concerns including fairness, transparency, explainability, and sustainability. Fairness-aware tourism
recommender systems attempt to balance the interests of multiple stakeholders, including tourists,
tourism providers, local communities, and desti-nation management organizations. Similarly,
sustainable tourism recommendation frameworks seek to minimize overtourism, reduce
environmental impacts, and promote equitable distribution of tourist activity across destina-tions.
Recent advances in agentic artificial intelligence and large language model ecosystems have
accelerated interest in autonomous travel intelligence platforms. Emerging frameworks employ
multiple cooperating Al agents re-sponsible for information retrieval, itinerary optimization, user
preference modeling, contextual reasoning, and travel recommendation generation. These systems
represent a significant shift from static recommendation paradigms toward adaptive, intelligent, and
collaborative travel plan-ning environments.
Given the rapid evolution of tourism technologies and the increasing importance of
intelligent decision-support systems, a comprehensive review of multi-agent approaches in tourism
recommendation is both timely and necessary. This paper aims to analyze the current state of
research concerning Multi-Agent Systems, artificial in-telligence methodologies, recommender
technologies, and intelligent travel planning frameworks.
The primary objectives of this review are:
e To examine the evolution of tourism recommender systems and intelligent travel planning
technologies.
e To analyze the role of Multi-Agent Systems in tourism recommendation and itinerary
generation.
e To investigate artificial intelligence and machine learning techniques employed in tourism
applica-tions.
e To evaluate emerging trends including Large Lan-guage Models and agentic Al frameworks.
e To identify existing research gaps, technological challenges, and future research opportunities.
The remainder of this paper is organized as follows. Sec-tion Il discusses the fundamentals of
tourism recommender systems. Section Il presents the evolution of tourism recommendation
technologies. Section 1V discusses tra-ditional recommendation techniques. Section V examines
Multi-Agent Systems and their applications in intelligent tourism. Section VI discusses challenges
in tourism rec-ommendation. Subsequent sections analyze representative research, research gaps,
future directions, and concluding observations.

I1. Fundamentals of Tourism Recommender Systems Tourism Recommender Systems (TRS)
have emerged as an essential component of modern intelligent tourism platforms. These systems
assist travelers in discovering destinations, attractions, accommodations, transportation facilities,
restaurants, recreational activities, and travel packages that best match their individual preferences
and requirements. The increasing availability of digital tourism information, user-generated
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content, online reviews, social media interactions, geospatial data, and mobile sens-ing
technologies has significantly enhanced the ability of recommender systems to provide
personalized travel experiences.
Unlike traditional search engines that simply retrieve information based on user queries,
recommender systems actively analyze user behavior, preferences, contextual information, and
historical interactions to generate cus-tomized suggestions. The primary objective of tourism rec-
ommender systems is to reduce information overload and support decision-making throughout the
travel planning process. By filtering large volumes of tourism-related infor-mation, these systems
enable travelers to make informed choices while minimizing search effort and uncertainty.
The tourism domain presents unique challenges com-pared to conventional recommendation
domains such as ovies, music, or e-commerce. Travel decisions are typi-cally high-cost,
infrequent, context-dependent, and involve multiple interconnected factors. A tourist planning a trip
must consider destination attractiveness, transportation availability, accommodation quality,
weather conditions, budget limitations, travel duration, cultural preferences, safety concerns, and
personal interests. Consequently, tourism recommender systems must integrate diverse data sources
and employ sophisticated decision-support mech-anisms.

A. Characteristics of Tourism Recommender Systems Tourism recommender systems possess

several distinc-

tive characteristics that differentiate them from recom-mender systems used in other domains.

1. Complex Decision-Making Environment: Travel planning involves multiple decisions that are
interrelated and often dependent on external conditions. For example, destination selection
influences accommodation choices, transportation options, activity planning, and budget
allocation. Therefore, tourism recommendation requires a holistic understanding of user
requirements and contextual constraints.

2. Context Dependency: Tourism recommendations are highly influenced by contextual
information. Factors such as travel season, weather conditions, geographical loca-tion, travel
companions, time availability, transportation accessibility, and local events significantly affect
recom-mendation quality. A destination recommended during summer may not be suitable
during winter, while crowd density and traffic conditions can alter itinerary planning decisions.

3. Dynamic User Preferences: Traveler preferences fre-quently evolve over time. Users may
exhibit different interests depending on travel purpose, such as leisure tourism, business travel,
adventure tourism, educational tourism, cultural tourism, or medical tourism. Conse-quently,
tourism recommender systems must continuously adapt to changing user preferences and
travel contexts.

4. Multi-Stakeholder Environment: Unlike traditional recommendation systems that primarily
focus on user satisfaction, tourism recommender systems operate within a multi-stakeholder
ecosystem. Tourism service providers, destination management organizations, local communi-
ties, transportation companies, hospitality businesses, and government agencies all influence the
recommendation process. Modern tourism platforms increasingly seek to balance the interests
of these stakeholders while ensuring positive user experiences.

B. Architecture of Tourism Recommender Systems

A typical tourism recommender system consists of several interconnected components that

collectively sup-port personalized travel planning and recommendation generation.
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1. Data Collection Layer: The data collection layer gathers information from various internal and
external sources. These sources include travel booking platforms, online review websites, social
media networks, geospa-tial databases, weather services, transportation systems, tourism portals,
and user interaction logs.

Common data sources include:

e User profiles

e Historical travel records

e Online reviews and ratings

e Location-based data

e Weather information

e Social media content

e Transportation schedules

e Tourism databases

The availability of heterogeneous data sources enables comprehensive modeling of user preferences
and environ-mental conditions.

2. User Modeling Layer: The user modeling layer con-structs a representation of traveler
characteristics and preferences. User profiles may contain demographic in-formation, travel history,
interests, preferred destinations, budget constraints, accommodation preferences, and ac-tivity
preferences.

Advanced systems employ machine learning techniques to dynamically update user profiles based
on observed behavior. Continuous profile adaptation improves recom-mendation relevance and
personalization effectiveness.

3. Recommendation Engine: The recommendation en-gine represents the core component of the
tourism recom-mender system. It processes user information, contextual data, and tourism
resources to generate personalized recommendations.

The recommendation engine may employ various tech-niques including:

e Collaborative filtering

e Content-based filtering

e Knowledge-based recommendation

e Hybrid recommendation

e Machine learning models

e Deep learning frameworks

e Reinforcement learning approaches

The selection of recommendation methodology signif-icantly influences system performance and
recommenda-tion quality.

4. Context Processing Layer: Modern tourism rec-ommender systems increasingly incorporate
contextual information into recommendation generation. Context processing modules analyze
factors such as:

e Weather conditions

e Geographic location

e Time of day
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e Seasonal trends

e Traffic conditions

e Crowd density

e Social influences

e Current events

Context-aware recommendation significantly improves recommendation relevance and supports
adaptive travel planning.

5. Presentation Layer: The presentation layer delivers recommendations to users through mobile
applications, web platforms, conversational interfaces, virtual assis-tants, and smart tourism
systems. Effective visualization and explanation mechanisms enhance user trust and satisfaction.

I11. Evolution of Tourism Recommendation Technologies

The evolution of tourism recommendation technologies can be categorized into several distinct
generations.

A. First Generation: Information Retrieval Systems Early tourism systems primarily
functioned as information repositories. These systems enabled users to search tourism databases
using keywords and predefined cate-gories. Recommendations were largely static and lacked
personalization capabilities.

Although information retrieval systems improved access to tourism information, they were unable
to understand individual user preferences or provide tailored recommen-dations.

B. Second Generation: Personalized Recommendation Systems

The emergence of recommender system technologies introduced personalized recommendation
capabilities. Col-laborative filtering and content-based recommendation methods became widely
adopted in tourism applications. Collaborative filtering identifies similarities among users and
recommends destinations or services preferred by similar travelers. Content-based filtering
focuses on match-ing tourism resources with individual user interests and preferences.

These techniques improved personalization but re-mained susceptible to challenges such as data
sparsity and cold-start problems.

C. Third Generation: Context-Aware Recommendation Systems

The increasing availability of mobile devices, GPS tech-nologies, and sensor networks enabled the
development of context-aware tourism recommendation systems.

Context-aware systems incorporate environmental and situational information into recommendation
generation. Recommendations are adapted according to factors such as user location, weather
conditions, travel timing, trans-portation accessibility, and social context.

This generation represented a significant advancement toward intelligent travel planning and
real-time recom-mendation adaptation.

D. Fourth Generation: Intelligent and Al-Driven Tourism Systems

Recent developments in artificial intelligence have trans-formed tourism recommendation
technologies. Machine learning, deep learning, natural language processing, graph-based learning,
and reinforcement learning tech-niques have substantially enhanced recommendation ac-curacy and
personalization capabilities.

Al-driven tourism systems can analyze large-scale het-erogeneous datasets and identify complex
relationships be-tween travelers, destinations, and tourism services. These systems continuously
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learn from user interactions and adapt recommendations accordingly.

E. Fifth Generation: Agentic Al and Autonomous Travel Intelligence

The latest generation of tourism technologies integrates Multi-Agent Systems, Large Language
Models, and au-tonomous decision-making frameworks.

Agentic tourism systems employ multiple intelligent agents responsible for specific tasks such as
destination recommendation, itinerary optimization, transportation planning, accommodation
selection, and contextual mon-itoring.

Large Language Models further enhance these systems by enabling conversational interaction,
natural language understanding, itinerary generation, and explainable rec-ommendation support.
These developments are gradually transforming tourism platforms from passive recommendation
tools into proac-tive travel intelligence assistants capable of autonomous planning and adaptive
decision-making.

IV.Traditional Recommendation Techniques in Tourism Several recommendation
techniques have been extensively utilized within tourism recommender systems.

A. Collaborative Filtering

Collaborative filtering is one of the most widely used recommendation approaches. The underlying
assumption is that users with similar preferences are likely to exhibit similar future behaviors.

The method identifies neighboring users and recom-mends tourism resources based on collective
preferences. Collaborative filtering can be categorized into user-based and item-based approaches.
Advantages include simplicity and personalization ef-fectiveness. However, collaborative filtering
suffers from cold-start problems and sparse rating data.

B. Content-Based Filtering

Content-based recommendation focuses on matching item characteristics with user interests.
Tourism resources are described using attributes such as destination type, cultural significance,
activities, pricing, and location.

Recommendations are generated by identifying re-sources that share characteristics with previously
preferred items.

Content-based approaches provide personalized recom-mendations even when limited user
interaction data are available.

C. Knowledge-Based Recommendation

Knowledge-based recommendation systems utilize do-main knowledge and explicit constraints to
generate rec-ommendations.

In tourism applications, knowledge-based systems may

A. Fundamentals of Multi-Agent Systems

An intelligent agent is a computational entity capable of perceiving its environment, processing
information, making decisions, and performing actions to achieve de-fined objectives. Agents may
operate autonomously while interacting with other agents through communication and coordination
mechanisms.

A Multi-Agent System can therefore be represented as:

MAS = {A1, Az, ..., An} Q

where Ai represents an individual intelligent agent and
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consider factors such as:

e Budget constraints

e Travel duration

e Family size

e Accessibility requirements

e Seasonal suitability

e Transportation preferences

These systems are particularly useful for infrequent decision-making domains such as tourism.
D. Hybrid Recommendation Systems

Hybrid recommendation systems combine multiple rec-ommendation techniques to overcome
limitations associ-ated with individual approaches.

Common hybrid combinations include:

Collaborative + Content-Based

Collaborative + Knowledge-Based

Content-Based + Context-Aware

e Machine Learning + Hybrid Filtering

Hybrid systems generally achieve higher recommenda-tion accuracy and robustness compared to
standalone methods.

V. Multi-Agent Systems for Intelligent Tourism Multi-Agent Systems (MAS) provide an
important

computational paradigm for developing intelligent, dis-tributed, and adaptive tourism
applications. A Multi-Agent System consists of multiple autonomous software agents that interact
with one another and with their environment to achieve individual or collective objectives. Each
agent may possess its own knowledge, goals, decision-making mechanisms, and communication
capabilities.

The tourism domain is particularly suitable for multi-agent architectures because travel planning
involves multi-ple independent but interrelated tasks. Destination selec-tion, transportation
planning, accommodation selection, activity scheduling, weather monitoring, budget optimiza-tion,
and safety assessment can be handled by specialized agents that collaborate to construct a
complete travel plan.

n represents the total number of agents.

In tourism applications, each agent can specialize in a particular planning or decision-making
function. This specialization allows complex travel planning problems to be decomposed into
smaller and manageable tasks.

B. Multi-Agent Architecture for Tourism Planning

A multi-agent tourism architecture may consist of sev-eral specialized agents. Each agent processes
a particular category of information and contributes to the overall travel planning process.

1. User Preference Agent: The User Preference Agent analyzes explicit and implicit traveler
preferences. It may process information such as:

e Preferred destinations

e Budget
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e Travel duration

e Preferred transportation

e Food preferences

e Preferred activities

e Accommodation preferences

The agent continuously updates the user profile based on interactions and feedback.

2. Destination Recommendation Agent: The Destina-tion Recommendation Agent identifies
destinations that match the traveler’s interests, historical preferences, bud-get, and contextual
requirements.

Machine learning models, collaborative filtering, content-based filtering, and knowledge graphs
can be integrated into this agent.

3. Environmental Intelligence Agent: The Environmen-tal Intelligence Agent monitors external
environmental conditions including:

- Weather

- Temperature

- Rainfall

- Natural conditions

- Seasonal suitability

- Environmental alerts

For example, if heavy rainfall is predicted at an outdoor destination, the agent may recommend
an alternative indoor activity or modify the itinerary.

4. Transportation Agent. The Transportation Agent evaluates available travel modes and
transportation op-tions.

It may consider:

- Bus availability

- Train schedules

- Flight schedules

- Private vehicle travel

- Travel duration

- Traffic conditions

- Transportation cost

The agent can provide transportation recommendations that minimize travel time and cost.

5. Accommodation Agent. The Accommodation Agent identifies hotels, resorts, hostels,
homestays, or other lodging facilities based on:

- Budget

- Location

- User rating

- Availability

- Amenities

- Distance from attractions

The agent communicates with other agents to en-sure that selected accommodation is
consistent with the itinerary.

6. Experience and Activity Agent: This agent identifies suitable tourist attractions and activities
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based on user interests.

Examples include:

- Historical sites

- Waterfalls

- Museums

- Adventure activities

- Religious locations

- Cultural events

- Restaurants

The agent can also consider opening hours, seasonal suitability, crowd levels, and travel
distance.

7. Budget Optimization Agent: The Budget Optimiza-tion Agent continuously evaluates the
estimated trip cost.

The total travel cost can be represented as:

Ctotal = Ctransport +Cstay +Cfood +Cactivity +Cother (2)

The agent attempts to maintain the itinerary within the user’s specified budget while preserving
recommendation quality.

8. Safety and Risk Agent: The Safety and Risk Agent evaluates potential safety concerns
associated with desti-nations and activities.

It may consider:

- Weather warnings

- Natural hazards

- Travel advisories

- Destination risk levels

- Emergency accessibility

Safety information can be used to reject or modify unsafe itinerary components.

9. Itinerary Planning Agent: The Itinerary Planning Agent combines outputs from multiple
agents and con-structs the final travel schedule.

It determines:

- Destination sequence

- Daily activities

- Travel times

- Accommodation locations

- Activity duration

- Rest periods

The agent attempts to produce a feasible itinerary satisfying user constraints.

10. Conversational Replanning Agent: The Conversa-tional Replanning Agent provides natural
language inter-action with travelers.

For example, a user may request:

“Remove the museum and add a waterfall visit.”

The agent interprets the request and communicates with other agents to modify the itinerary.

11. Booking Orchestration Agent: The Booking Or-chestration Agent coordinates the transition
from itinerary generation to booking services.
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It may coordinate:

- Transportation reservations

- Hotel reservations

- Activity bookings

- Restaurant reservations

The booking process should normally require explicit user confirmation before financial
transactions are per-formed.

C. Agent Interaction and Coordination

The effectiveness of a Multi-Agent tourism system depends heavily on coordination among
agents.

A simplified interaction process can be represented as:

User — Preference — Recommendation — Planning — V alidatio

3

Agents exchange information through communication mechanisms and update their decisions based
on informa-tion received from other agents.

For example, the Environmental Intelligence Agent may notify the Itinerary Planning Agent
about adverse weather conditions. The Itinerary Planning Agent may then request alternative
activities from the Experience Agent.

D. Dynamic Itinerary Orchestration

Dynamic itinerary orchestration refers to the continuous generation, validation, and modification
of travel plans according to changing user preferences and environmental conditions.

A conventional itinerary can be represented as:

| ={D1, D>, ..., Dn} 4

where each D; represents a daily travel plan. However, real-world tourism environments are
dynamic.

Therefore, the itinerary should be updated when contex-tual changes occur.

For example:

1) The traveler plans to visit a waterfall.

2) The Environmental Agent detects heavy rainfall.

3) The Safety Agent determines increased risk.

4) The Experience Agent identifies an alternative at-traction.

5) The Itinerary Agent modifies the schedule.

6) The Conversational Agent informs the traveler.

This process enables the system to behave as an adaptive travel assistant rather than a static
itinerary generator.

E. Agent Communication and Negotiation

Different agents may generate conflicting recommenda-tions. For example, the Budget Agent may
recommend a low-cost hotel while the Safety Agent may prefer a more secure accommodation
option.

A negotiation mechanism can be used to balance these competing objectives.

A generalized itinerary utility function can be expressed as:

F =wpP +w,C +wWT +wWpB +wWsS  (5)

where:

IJFMR260588188 Volume 8, Issue 5, September-October 2026 11



http://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

- P represents preference satisfaction.

- C represents contextual suitability.

- T represents travel efficiency.

- B represents budget satisfaction.

- S represents sustainability.

- Wp, We, Wi, Wh, Ws represent importance weights.

The objective is to identify an itinerary that maximizes overall utility while satisfying hard
constraints such as budget, travel time, safety, and availability.

F. Integration of Machine Learning with Tourism Agents Machine learning can significantly
improve the intelli-

gence of individual agents.

For example, machine learning models can be used for:

- User preference prediction

- Destination ranking

- Demand prediction

- Crowd prediction

- Price prediction

- Travel time estimation

- Recommendation ranking

Historical travel data can be used to train models that predict the likelihood of users
selecting particular destinations or activities.

G. Integration of Large Language Models with Multi-Agent Systems

Large Language Models provide advanced natural lan-guage understanding and generation
capabilities to multi-agent tourism architectures.

An LLM-based conversational layer can translate user requests into structured planning
requirements.

For example:

“I want a three-day trip with nature, historical places, and a medium budget.”

The system can convert this natural language input into structured constraints:

- Duration = 3 days

- Interest = Nature

- Interest = History

- Budget = Medium

The structured requirements can then be distributed to specialized agents.

LLMs can also assist with itinerary explanation, conver-sational replanning, summarization, and
user interaction. However, LLM-based tourism systems may suffer from hallucinations, outdated
information, and incorrect recom-mendations. Therefore, integration with verified tourism
databases, APIs, retrieval mechanisms, and validation

agents is important.

H. Context-Aware Multi-Agent Tourism

Context-aware multi-agent tourism systems continu-ously monitor environmental and user-
specific context.

Important contextual variables include:
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- Location

- Time

- Weather

- Traffic

- Crowd density

- Seasonal conditions

- Events

- User preferences

The system can dynamically adjust its decisions accord-ing to contextual changes.

For example, if a tourist destination becomes over-crowded, the Crowd Intelligence Agent can
recommend an alternative nearby attraction. This improves user experience while also
supporting sustainable tourism by distributing tourist activity.

I. Advantages of Multi-Agent Tourism Systems

Multi-Agent Systems provide several important advan-tages for intelligent tourism.

1) Modularity: Each agent performs a specialized task.

2) Scalability: New agents can be added without re-designing the entire system.

3) Adaptability: Agents can respond to changing envi-ronmental conditions.

4) Autonomy: Agents can make decisions with limited human intervention.

5) Parallel Processing: Multiple planning tasks can be performed simultaneously.

6) Personalization: User preferences can be continu-ously modeled.

7) Context Awareness: Real-time environmental infor-mation can influence decisions.

8) Dynamic Planning: Itineraries can be modified when conditions change.

J. Limitations of Multi-Agent Tourism Systems Despite their advantages, Multi-Agent
Systems intro-

duce several challenges.

- Communication overhead between agents.

- Conflicting objectives among agents.

- Increased architectural complexity.

- Difficulty in maintaining consistent knowledge.

- Security and privacy concerns.

- High computational requirements.

- Reliability of external data sources.

- Challenges in evaluating autonomous decisions.

Effective coordination and monitoring mechanisms are therefore necessary for reliable deployment.
K. Proposed Multi-Agent Tourism Intelligence Frame-work

A comprehensive autonomous tourism framework can integrate multiple specialized agents
around a central orchestration mechanism.

The proposed architecture consists of five major layers.

1) User Interaction Layer: The user interacts with the system using a web, mobile, or
conversational interface. The traveler provides information such as:

- Starting location

- Destinations

- Travel dates
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- Number of travelers

- Transportation mode

- Budget

- Preferences

2) Intelligence Agent Layer: Specialized agents process different planning requirements. These
include:

- User Preference Agent

- Destination Recommendation Agent

- Environmental Intelligence Agent

- Transportation Agent

- Accommodation Agent

- Experience Agent

- Budget Agent

- Safety Agent

3) Orchestration Layer: The orchestration layer coor-dinates the agents and integrates their
outputs.

The Itinerary Planning Agent evaluates the candidate recommendations and creates an
optimized travel sched-ule.

4) Validation Layer: A validation mechanism verifies:

- Time feasibility

- Budget feasibility

- Transportation availability

- Weather suitability

- Safety conditions

- Activity availability

Invalid itinerary components are sent back to the appropriate agents for replanning.

5) Booking and Execution Layer: After explicit user confirmation, the Booking Orchestration
Agent coordi-nates the required reservations and travel services.

This architecture enables the transformation of travel planning from a static recommendation task
into an autonomous, adaptive, and coordinated decision-making process.

L. Summary of Multi-Agent Tourism Intelligence Multi-Agent Systems provide a promising
foundation

for next-generation tourism intelligence. By dividing travel planning into specialized autonomous
components, MAS architectures can support personalization, contextual rea-soning, dynamic
adaptation, and distributed decision-making.

The combination of MAS with machine learning, knowl-edge graphs, context-aware computing,
and Large Lan-guage Models can further improve the capabilities of intelligent tourism platforms.
However, reliable deploy-ment requires strong coordination mechanisms, verified information
sources, privacy protection, explainability, and human oversight.

VI1.Challenges in Tourism Recommendation Despite significant technological advancements,
tourism recommender systems continue to face several challenges.
A. Cold-Start Problem
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New users and newly introduced tourism resources often lack sufficient interaction history,
making accurate recommendation generation difficult.

B. Data Sparsity

Many users provide limited ratings and feedback, result-ing in sparse interaction matrices that
negatively impact recommendation performance.

C. Dynamic Preferences

User interests evolve over time, requiring continuous adaptation of recommendation models.

D. Contextual Complexity

Incorporating multiple contextual variables while main-taining computational efficiency
remains a challenging research problem.

E. Privacy and Security

Tourism recommender systems frequently process sensi-tive personal information including travel
history, location data, financial information, and behavioral patterns. En-suring privacy
preservation and secure data management is critical.

F. Scalability

Modern tourism platforms must process millions of users and tourism resources simultaneously.
Developing scalable recommendation architectures remains an important re-search objective.

G. Explainability

Users increasingly demand transparent explanations regarding recommendation decisions.
Explainable recom-mendation systems can improve trust, acceptance, and user satisfaction.

VIl. Representative Literature Review

Table | presents a comparative summary of representa-tive studies in tourism recommendation
systems, point-of-interest recommendation, fairness-aware recommendation, and multi-agent travel
planning.

VIIl. Research Gaps

Despite significant advancements in tourism recom-mender systems, intelligent itinerary planning,
and multi-agent travel intelligence, several important challenges remain unresolved. Existing
studies have demonstrated considerable progress in personalization, contextual adap-tation, and
recommendation accuracy; however, numerous limitations continue to hinder the development of
fully autonomous and intelligent tourism ecosystems.

A. Limited Integration of Multi-Agent Systems and Ad-vanced Al

Most existing tourism recommender systems rely on centralized recommendation architectures.
Although re-cent studies have explored Multi-Agent Systems (MAS), practical implementations
remain limited. Many proposed frameworks exist only as conceptual architectures or prototype
systems.

Current systems often utilize recommendation algo-rithms independently rather than enabling
collaborative decision-making among specialized intelligent agents. Con-sequently, opportunities
for distributed reasoning, au-tonomous coordination, and adaptive itinerary orchestra-tion remain
underexplored.

B. Insufficient Real-Time Adaptability

Tourism environments are highly dynamic. Factors such as weather conditions, traffic congestion,
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transportation delays, public events, and crowd density continuously influence travel experiences.

Many existing recommendation systems generate static itineraries that are incapable of

adapting to changing environmental conditions. Although context-aware recom-mendation

systems have improved adaptability, seamless real-time itinerary modification remains a

challenging research problem.

Future tourism platforms require continuous environ-mental monitoring and autonomous itinerary

adjustment mechanisms capable of responding immediately to contex-tual changes.

C. Cold-Start and Data Sparsity Problems

Cold-start and data sparsity remain persistent chal-lenges in recommendation systems.

New users frequently possess limited interaction his-tories, making preference estimation

difficult. Similarly, newly introduced tourism destinations and attractions often lack sufficient

user feedback.

Although hybrid recommendation models partially miti-gate these limitations, robust solutions

capable of handling sparse tourism datasets remain an active area of research.

D. Limited Explainability

Recommendation transparency has become increasingly important as tourism systems grow more

complex.

Many advanced machine learning and deep learning models function as black-box systems. Users

often receive recommendations without understanding the reasoning behind decision-making

processes.

Lack of explainability can reduce user trust and neg-atively affect recommendation acceptance.

Consequently, explainable tourism recommendation systems represent an important future research

direction.

E. Challenges in Fairness and Multi-Stakeholder Opti-mization

Traditional tourism recommender systems primarily optimize traveler satisfaction.

However, tourism ecosystems involve multiple stake-holders, including:

- Travelers

- Hotels

- Local businesses

- Tourism operators

- Destination management organizations

- Local communities

Existing systems rarely consider fairness among stake-holders. Excessive concentration of

tourist activity may contribute to overtourism while reducing opportunities for less popular

destinations.

Developing recommendation frameworks capable of bal-ancing multiple stakeholder objectives

remains an impor-tant research challenge.

F. Sustainability Integration Limitations

Sustainable tourism has become a major global priority. Although researchers have begun
exploring sustainability-aware recommendation systems, integration
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TABLE I
Comparative Analvsiz of Representative Besearch in Intellizent Tourism Recommendation
Author(s) Year Technique/Approach Major Contribution Limitations
Solano-Barliza et 2024  TourismBecommender Comprehensive review of Limited discussion of au-
al. Svstem Survey tourism recommendation  tonomonz and agent-based
approaches, datazets, tourism systzms
evaluation metrics, and
personalization techniques
Banerjes et al. 2023 Fairness-Aware Investizated fairness challenges  Limited practical deploy-
Fecommendation and multi-stakeholder  ment and evaluation =tud-
recommendation  frameworks  ies
in tourism ecosystems
Wang et al. 2024 POL_Becommendation — Comy ive survey ~ Limited focus on itinerary
Survey of Point-of-Interest  generation and dynamic
recommendation using  travel planning
heterogeneous information
networks and graph learning
Liu etal. ooz Multi-Agent  Travel Introduced autonomous agent uires extensive real-
Planning Framework cellaboration for itinerary gen-  world validation
eration and adaptive travel as-
sistapce
Chen et al. 2025  Constraint-Aware Trip  Integrated budget, timing, Scalability challenges for
Planning tranzportation, and activity large-scale deployments
constraintz inte itinerary
planning
2025 LLM Travel Planning Provided benchmark frame- Focuses primarily on eval-
Anthors Benchmark work for evaluating travel plan-  pation rather than deplov-
ping capabilities of large lap: ment
gnage models
2026  Group Travel Recom- Evaluated collaborative  Limited coverage of real-
Anthors mendation itinerary planning for multiple world tourism dynamics
travelers with  conflicting
preferences
Various 2020—2025Graph Meural Improved destination and POI  High compuitational
Fesearchers Wetworks recommendation by modeling  requirements
complex relationships among
tourism entities
Various zorg—zozsContext-Aware Beoom-  Integrated weather, locatio Context acquisiion and
Researchers mendation temporal, and envirommen processing complexity
factors intoc recommendation
[rocesses
Various 2021-z025Reinforcement Learn-  Enabled adaptive itinerary Long training time and re-
Researchers ing optimization and sequenti ward desizn challenges

travel decision-making

of environmental indicators into tourism intelligence remains limited.

Current systems generally focus on user satisfaction while neglecting factors such as:

- Carbon emissions

- Environmental impact

- Resource consumption

- Destination carrying capacity

- Community well-being

Future intelligent tourism platforms must integrate sustainability objectives directly into
recommendation processes.

G.

H. Limited Adoption of Large Language Models Recent advances in Large Language Models

17
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(LLMs)

have created new opportunities for conversational travel planning and recommendation
generation.

However, several limitations remain:

- Hallucination risks

- Inconsistent recommendation quality

- Limited reasoning reliability

- High computational requirements

- Privacy concerns

Further research is required to improve trustworthiness and robustness of LLM-powered
tourism assistants.

TAELE II
Comparison of Tourism Fecommendation Approaches

Approach Personalization Context Awareness  Adaptability Major Limitations
Collaborative Filtering  High Low Loy Cold-start  problem,
data sparsity
Content-Based Filter-  High Lomv Medium Orverspecialization and
ing ljmiteg%m-
Enowledge-Based Sys-  Medium Medinm Law Bequires expert knowd-
tems edge base
Hybrid Bscommenda:  High Medinm Medium Increazed implementa-
fon tion complexity
Machine Learning  High Medium Hizh Eequires large training
Models datasets
Deep Learning Models  Very High Medium High Computationally
gxpensie.  and  less
interpretable
Graph Meural Very High Medinm Hizh Complex _graph oon-
Networks stmction and training
Multi-Agent Systems High Hizh Very High Coordination and com-
minication, overhead
LIM-Based Travel Very High Hizh Very High Hallucination risk amd
Agents high  computational
cost

I. Privacy and Security Concerns

Tourism recommender systems process large volumes of personal information, including:

- Location histories

- Travel preferences

- Financial information

- Behavioral data

- Social interactions

Protecting user privacy while maintaining recommen-dation quality remains a critical
challenge.

Emerging technologies such as federated learning and privacy-preserving machine learning may
provide promis-ing solutions.

IX.Future Research Directions
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The future of intelligent tourism systems is expected to be driven by advances in artificial
intelligence, autonomous agents, contextual computing, and human-centered recom-mendation
technologies.

A. Agentic Artificial Intelligence

Agentic Al represents one of the most promising re-search directions.

Future tourism platforms may employ specialized agents responsible for:

- Preference learning

- Destination recommendation

- Hotel selection

- Transportation planning

- Cost optimization

- Sustainability assessment

- Context monitoring

Collaborative interactions among these agents could fa-cilitate autonomous travel planning and
real-time itinerary orchestration.

B. Large Language Model Ecosystems

Future tourism assistants are expected to integrate advanced Large Language Models capable
of:

- Natural language understanding

- Conversational itinerary planning

- Travel advisory services

- Recommendation explanation

- Multi-step reasoning

The integration of retrieval mechanisms and external knowledge bases may significantly improve
recommenda-tion reliability.

C. Multi-Agent LLM Frameworks

The combination of Multi-Agent Systems and Large Language Models represents an emerging
research frontier.

Future architectures may include:

- Planner Agents

- Reasoning Agents

- Recommendation Agents

- Context Agents

- Optimization Agents

- Validation Agents

These agents can collaboratively solve complex travel planning tasks while maintaining
explainability and adaptability.

D. Graph Neural Networks and Knowledge Graphs Knowledge graphs and Graph Neural
Networks are

expected to play increasingly important roles in tourism recommendation.

Future systems may leverage graph-based representa-tions to model relationships among:

- Travelers

- Destinations
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- Attractions

- Transportation services

- Hotels

- Events

Such representations can improve recommendation ac-curacy and support advanced reasoning
capabilities.

E. Explainable Artificial Intelligence

Explainable Al (XAI) will become increasingly impor-tant for tourism applications.

Future recommendation systems should provide trans-parent explanations regarding:

- Recommendation rationale

- Preference matching

- Contextual influences

- Alternative options

- Decision confidence

Explainability can improve trust, usability, and user acceptance.

F. Federated and Privacy-Preserving Learning

Privacy concerns will drive adoption of decentralized learning approaches.

Federated learning enables collaborative model training without transferring sensitive user data
to centralized servers.

Such approaches may significantly improve privacy pro-tection while preserving recommendation
effectiveness.

G. Sustainable and Responsible Tourism Intelligence Future tourism systems are expected
to incorporate

sustainability objectives directly into recommendation processes.

Potential optimization criteria include:

- Carbon footprint reduction

- Crowd management

- Environmental conservation

- Community welfare

- Resource utilization efficiency

These developments may contribute to more responsible and balanced tourism ecosystems.

X. Conclusion

The tourism industry has undergone substantial trans-formation due to advances in digital
technologies, artifi-cial intelligence, and intelligent recommendation systems. Modern travelers
increasingly demand personalized, adap-tive, and context-aware travel experiences that extend
beyond traditional destination recommendations.

This review paper examined the evolution of tourism recommender systems, beginning with
conventional col-laborative filtering and content-based approaches and pro-gressing toward
advanced machine learning, deep learning, graph neural networks, reinforcement learning, and
large language model-based recommendation frameworks. The study highlighted the growing
importance of contextual information, personalization, explainability, fairness, and sustainability
within intelligent tourism systems.
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A significant focus of this review was the role of Multi-Agent Systems in tourism
recommendation and itinerary planning. Multi-Agent architectures provide dis-tributed intelligence,
autonomous decision-making, scala-bility, adaptability, and real-time responsiveness. By rep-
resenting tourism stakeholders as specialized agents, these systems facilitate collaborative planning
and dynamic itinerary orchestration.

The review also analyzed emerging technologies includ-ing Large Language Models, Agentic
Artificial Intelligence, Graph Neural Networks, and Multi-Agent LLM ecosys-tems. These
technologies represent the next generation of tourism intelligence and offer substantial
opportunities for improving recommendation quality, user interaction, and travel planning
efficiency.

Despite considerable progress, several challenges remain unresolved, including cold-start problems,
data sparsity, explainability limitations, privacy concerns, sustainability integration, and multi-
stakeholder fairness. Addressing these challenges will require interdisciplinary collabora-tion
among researchers in artificial intelligence, tourism management, data science, human-
computer interaction, and distributed computing.

In conclusion, the convergence of Multi-Agent Systems, Artificial Intelligence, and Large
Language Models has the potential to revolutionize intelligent tourism systems. Future travel
platforms are expected to evolve from passive recommendation tools into autonomous travel
intelligence ecosystems capable of providing personalized, adaptive, explainable, and sustainable
travel experiences in real time.
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