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Abstract

Smart Tourism constitutes a response to the growth of visitation in urban agglomerations and heritage sites,
focusing on enhancing the visitor experience through innovation and technology. Al-driven predictive analytics
are applied to Big Data sources, delivering explorative and prescriptive insights for tourism management.
Drivers of success include data-sharing culture, trust among stakeholders, hardware infrastructure, model
accuracy, and system maturity level. Al-driven Big Data Analytics empower users to harness vast data sources
and extract meaningful information, enabling discovery and actionable recommendations. Four supporting
mechanisms—User-Centric Design, Data-Driven Decision Making, Service-Dominant Logic, Data Science—
guide the development of Al-driven predictive analytics methods.

Mechanisms that enhance the predictive capability of visitor demand capture data from different domains and
undergo data preparation and modelling. Demand prediction generates historical, real-time, and anticipated
demand at multiple levels of granularity and time scales. These inputs help Personalisation and Recommender
Analytics understand visitor behaviours and preferences, providing context-sensitive personal
recommendations. Al-driven Big Data tourism Predictive Analytics are deployed in urban destination
management and cultural tourism settings. Urban destinations use Big Data sources to analyse crowd dynamics,
stakeholder interactions, and tourism flows. Cultural tourism Demand-Personalisation Analytics improve visitor
experience, conservation of resources, and effectiveness of interpretation.

Keywords: Smart Tourism Analytics, Al-Driven Tourism Management, Big Data In Tourism, Predictive
Visitor Demand, Tourism Demand Forecasting, Urban Destination Management, Cultural Tourism Analytics,
Visitor Experience Enhancement, Personalization And Recommender Systems, Crowd Dynamics Analysis,
Tourism Flow Modeling, Data-Driven Tourism Decisions, User-Centric Tourism Design, Service-Dominant
Logic In Tourism, Tourism Data Science, Real-Time Tourism Analytics, Stakeholder Data Sharing, Trust-
Based Tourism Ecosystems, Context-Aware Recommendations, Sustainable Tourism Management.

1. Introduction

Smart Tourism is a new conceptual approach to the
relationship between people’s behavior and
technology in tourist destinations. Thanks to the
adaptation of the concept of Smart Cities to tourism,

patterns, detect anomales, make predictions,
optimize processes, textual analysis, and decision
making. Big Data are large amounts of structured,
semi-structured, or unstructured data that can be

Smart Tourism Destinations are blooming. Artificial
Intelligence (Al) allows to automate tasks, identify

generated at high speed and that can be analyzed,
using modern and scalable technologies, to generate
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useful information for the business of Chatbots and
Recommendation Systems. Big Data sources are
from sensors, social networks, mobile device
localization, and transaction records of users. The
combination of Al and Big Data allows the
management of tourist municipalities through
prediction, detection of relations between variables,
and optimization of tourist flows, helps cultural and
heritage tourism users improve their experience,
allows greater respect for helpless people by
considering their needs and promote the
accessibility of tourism resources, and contributes
to the definition of crowds by detecting high-risk
areas.

The growing importance of Data-Driven Decision
Making in Tourism Management and the changing
role of tourists consumers have emphasised the
need for companies to pay attention to social
interaction and all users become co-creators and co-
designers of the offered experience. The influence
of tourists on tourist products and experiences
offered is also analysed through the Service-
Dominant Logic that proposes the logic of
companies vs customers as co-creators of value.
These considerations have guided the design and
implementation of the Data Ecosystem and the
development of the decision-making processes of
the Analytics Maturity process considered
fundamental for the Smart Tourism Destination.

1.1. Introduction to Smart Tourism: Exploring
the Intersection of Al and Big Data

The terms 'smart tourism' and 'smart city' describe a
paradigm that seeks to improve visitor experience
and destination management with the help of sensor
networks and Al-driven big data analytics. Smart
tourism encompasses mechanisms, methods, and
platforms that support the intelligent integration of
data for visitor experience personalization and
destination management.

Smart tourism is defined as a new form of tourism
developed with the help of information and
communication technologies (ICTs) that enhance
the service experience and improve destination

management by exploiting data from the
environment. Al uses large data sets to learn the
patterns and regularities in the training data and can
then infer trends, preferences, or behaviors toward
new players or during a new time period without the
need for explicit programming. Al can provide
recommendations for future outcomes and broaden
the user perspective, making tourism a more user-
centric nature. More specifically, Al uses training
data to make predictions for new inputs and thus
focuses on predictive analytics or forecasting.
Successful Al systems in tourism use predictive
analytics  for  visitor demand forecasting,
recommender systems, and personalization.

SENSOR NETWORKS VISITOR EXPERIENCE
& ENVIRONMENT DATA PERSONALIZATION
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Fig 1: Predictive Personalization in Smart
Tourism: Leveraging Al-Driven Big Data
Analytics for Enhanced Visitor Experiences and
Dynamic Destination Management

2. Theoretical Foundations of Al and Big Data in
Tourism

Big Data, in the context of smart tourism analytics,
is defined using the Data-Driven Decision-Making
(DDDM) theory, which stresses the importance of
making informed decisions based on data
assessment—the  foundation  for  technology
adoption, development, and use. The theory serves
as a general guideline for determining methods,
sources, platforms, and modernization of Al
technology used for smart-tourism destination
management.

Machine learning, within the context of tourism
analytics, is examined through the lens of Service-
Dominant Logic (SDL). The SDL theory defines the
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customer as the co-creator of the experience and the
ultimate value provider. Therefore, the desired
outcome is an enjoyable experience for the visitors.
Tourism information systems, applications, and
services that are intelligent enough to automate,
accelerate, or assist users in completing a task will
save time for both the visitors and the destination
management organization. Machine Learning and
Advanced Analytics Maturity Framework describes
five levels of Analytics that reflect the level of
maturity of data science in a particular organization.
The framework captures the past conduct of
advanced analytical processes and provides
organizations with recommendations for the use of
predictive analytics.

Visitor demand forecasting (synthetic illustration)

Equation 1) Visitor demand forecasting
(regression / time-series) — step-by-step
The states demand forecasting uses historical
demand + external/context variables
(weather/events), and evaluation can use
MAE/RMSE and also classification metrics where
relevant .
1.1 Problem formulation
Let
e y, = visitor arrivals (or visits) at time t
e x, € R% = feature vector at time t (weather,
holidays, transport, marketing signals, etc.)
e h = forecast horizon (e.g., predict tomorrow:
h=1)
Goal:

) Vern :_fG(XtJ Vor Ve—1s ) )
1.2 Linear regression demand model (baseline,

common in tourism)
Step 1 (model):

e = Bo + Brx? + -+ Bax?
Vector form:
Ve =Po+ BTXt
Step 2 (residual):

et =Y: — i

Step 3 (loss, MSE):

N
1
Lo B) =5 ) e =90

Step 4 (solution concept): choose (B, B)
minimizing L.
1.3 ARIMA-style time series (mentioned as
common technique)
The notes ARIMA is frequently applied to demand
forecasting .
Define backshift By, = y;_;.
Step 1 (difference to remove trend):
Vy: =y —Yi-1 = (1= By,
More generally:
Vly, = (1 - B)%,
Step 2 (ARMA on differenced series):
AR(p):
V=1Vt dpy'ep + &
MA(a):
Vie=¢&+016_1+ -+ 045,
Step 3 (combine — ARIMA(p,d,q)):
¢(B) (1 - B)*y, = 6(B) ¢
where ¢(B) =1—¢;B —--—¢,B?, 6(B) =1+
0:B + -+ 0,B1.
1.4 Holt-Winters / exponential smoothing
(seasonality handling)
Tourism has strong seasonality and weekly cycles .
Additive seasonality (period m):
Level:

Ce=a(y —Seem) + (1 —a)(fy—q + be_yq)
Trend:

by =B — 1) + (1 = B)beq
Season:

Se =YWe =€) + (1= ¥)Stem
Forecast:

Veen =L + hbe + Se_man

2.1. Crafting Data-Driven Approaches for
Optimizing Tourist Journeys

Methodical analytics facilitate the prediction of
important information—such as visitor volumes and
crowd distribution during certain periods—as a
foundation for creating visitor-centric services,
optimizing infrastructure before, during, and after
events, and accurately focusing marketing
campaigns. Such analytics represent a substantial
undertaking for urban authorities, as the content
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must be insightful and useful throughout the entire
ecosystem. For instance, external partners may seek
to assess the impact of City A on cities in
neighbors. Analytics have been created for smart
destinations using large amounts of data from
multiple sources. Clustering dynamics of urban
tourism destinations and balancing the flow of
people and vehicles during special events to avoid
congestion and preserve the experience have also
been examined.

In the context of heritage sites and cultural tourism,
a visitor experience analytics framework has been
developed to support management-oriented decision
making, allowing site managers to identify key
determinants of visitor experience, learn about the
expected level of experience, and drive the expected
behavior of visitors. Such models support the design
of more effective marketing campaigns by enabling
a more focused approach toward specific visitor
segments and serve as an important tool for
improving service quality, resource allocation, and
visitor management while fostering sustainable
cultural tourism. Other analytics have facilitated the
trade-off between tourism development and heritage
preservation by enabling appreciation and
predictive analysis of visitor flows, optimizing the
tourist experience while supporting heritage
interpretation and preservation.

date gctual_arr prec_l_seasonal ored_rolling?
ivals _naive

10-

29

202 | 2136 2347.0 2083.57142857
5- 14284

10-

30

202 | 1836 1836.0 2053.42857142
5- 85716

10-

31

date gctual_arr preq_seasonal ored_rolling7
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202 | 1940 2213.6333333 | 2213.63333333

5- 33333 3333

10-
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202 | 2120 2060.0 2074.57142857

5- 14284

10-

27

202 | 2249 2261.0 2083.14285714

5- 28573

10-

28

202 | 2442 2427.0 2081.42857142

5- 85716

3. Data Ecosystems and Infrastructure for Smart
Tourism

Recent advances in machine learning and analytics
maturity models prompt a review of the data
ecosystem supporting Al-driven analytics in smart
tourism management. Social media, transaction,
geolocation, mobile, sensor, and other sources of
data from both public and private domains now
offer new opportunities for tourism analysis. At the
same time, the integration of big data from disparate
sources—using disparate information models—
remains an unsolved problem, and it is essential for
any predictive, prescriptive, or personalization
application. In addition to the appropriate data
sources and models, technical infrastructure and
governance frameworks must support scalable,
high-performance, high-availability analytics in the
smart tourism environment.

Data Science Paradigms: Data-Driven Decision
Making

The definition of smart tourism supports the
concept of an analytics-enabled tourism ecosystem
that uses big data and machine learning methods to
optimize the experience of visitors (Huang et al.
2018). The demand for services, the capacity
offering, and the experience of users are so
interrelated that a failure in one domain can become
a negative driver in another. Predictive demand-
capacity—user experience models can provide
continuous recommendations to cities and tourism
organizations for managing the interrelationship of
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these three components (Tuzunkan, Kozak, and
Zhang 2021).

3.1. Developing Data-Driven Strategies for
Enhanced Tourist Experiences

In the thriving field of big data science, rigorous
analytic maturity is paramount. A capable set of
data-driven decision support and management tools
is accordingly indispensable for effective strategies
aimed at enhancing customer experiences, business
performance, or operations. The tourism domain is
no exception. Predictive analytics methods that
enable tourism planners to predict visitor demand
are becoming essential tools for decision support
and resource management.

Indeed, consumer demands for ever more tailored
products and services require not only personalized
offerings but also real-time intelligence to guarantee
that operational quality requirements are fulfilled.
Demand-side recommendations have emerged as
complementary tools for engaging travellers in the
creation (i.e., which attraction to visit), optimization
(i.e., best sequence to follow), and validation (i.e.,
did it satisfy?) of their own future experience.
Sensors, mobile devices, and social networks
contribute to data-saturated environments. The
challenge lies in efficiently transforming these
often-abundant data into easily usable information
for real-time decision-making. Context-aware
intelligent decision support systems that provide
crowdsourced, user-centric, data-driven decision
recommendations to visitors have thus become a
reality.

In the domain of service science, methodologies and
applications for the automatic generation of
contextualized Information Technology services for
business-to-business, government-to-business,
government-to-consumer,  business-to-consumer,
and consumer-to-consumer scenarios have evolved
remarkably. Nevertheless, methodologies and
methods for visitor-centric personalization in the
cultural heritage sector have yet to keep pace with
systems that enhance site management through 3D-

shape reconstructions, augmented reality, or smart
objects.

Visitor-Centric Personalization Al-Driven Predictive Analytics Site Management Enhahement

@ ®) 2 ® €

Demand-Side Traditional Augunteted
RECOMMEDATIONS Systems Smart Objects

Service Science Evolution

Fig 2: From Smart Management to Intelligent
Personalization: Bridging the Analytic Maturity
Gap in Cultural Heritage and Service Science

4. Methods and Techniques in Al-Driven
Analytics

Predictive analytics methods estimate visitor flows,
typically for urban destinations. Demand models
use tourism databases to explore the effect of local
attributes (e.g., transport connections, weather) and
events (e.g., fairs, bank holidays) during the target
period. Flow models predict movements between
origin-destination pairs, accounting for dynamic
factors (e.g., population density) and employing a
destination choice model. The approaches can be
evaluated using hold-out periods.

Prediction, personalization, and recommendation
shape experience in smart tourism. Visitors expect
tailored offers (e.g., service, product, content) that
consider personality traits, travel preferences,
location, and social connections. Contextual
information (e.g., time, season, weather) enrich
profiles, and feedback (e.g., ratings, travel patterns)
refines suggestions. Systems anticipate preferences
with hybrid models, combining knowledge factors
with collaborative filtering. User-centric systems
embed Al into information-centric services. As
personalization matures, transitions to active or
participatory systems boost accuracy, foster
creativity, and close demand-supply gaps.
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The aim is to facilitate calculation of demand for
crowded areas and suggest places of interest and
communication tailored to individual interests.
Providing personalized recommendations enhances
the user experience, minimizes information
overload and boosts user satisfaction. An integrated
user-behavior model relies on user-generated
context-aware data and emphasizes the modeling of
user profile features, interest changes and feedback
information.

Poi capacity_est | observed_crowd
9 | POI-10 | 1833 2425
10 | POI-11 | 808 1062
4 | POI-05 | 1182 1531
7 | POI-08 | 1313 1402
6 | POI-07 | 1074 958
0 | POI-01] 1871 1490

4.1. Predictive Analytics in Visitor Demand

Predictive analytics constitutes a category of
techniques aimed at forecasting future events and
phenomena, including visitor demand and flows,
visitor services, or natural phenomena, through the
combination of historical and context data. These
techniques apply especially to travel demand
classification and regression models, while spatial
analytics support, for instance, the prediction of
visitor flows and type, and the mapping of service
capacity, allowing for better resource allocation and
preparation. Demand-forecasting models play a
major role in tourism supply allocation, enabling the
improvement of marketing strategies, price policies,
service quality, and infrastructure maintenance
planning, as well as contributing to mitigating
issues such as seasonality and overcrowding.

Predictive analytics methods for visitor demand rely
on historical demand data and additional external
factors that influence the demand process. The
modeling paradigm can be either data driven or
context based, and common evaluation metrics
include accuracy, precision, recall, F1 score, mean
absolute error, and root mean square error. Data-
driven classification models—such as decision

trees—are widely used to predict tourism demand
status, while regression models based on linear
regression,  support  vector  regression, or
autoregressive  integrated  moving  average
techniques are frequently applied to demand
forecasting. However, such approaches often offer
mixed accuracy results, and performance is largely
determined by the suitable preprocessing of input
variables.

Bar diagram: crowd load index by attraction (synthetic)

Equation 2) Tourism flow modelling (origin—
destination, destination choice) — step-by-step
The explains flow models predicting movements
between origin—destination pairs and using
destination choice models .
2.1 OD flow with a gravity-style model
Let
e F;: predicted flow from origin i to
destination j
e P “mass” of origin (population /
departures)
e A attractiveness of destination (POls,
hotels, events)
e ¢;;: travel cost/time/distance
Step 1 (gravity assumption):
Fij o< P+ A; - g(cyj)
Step 2 (choose cost decay function): exponential is
common:
9(cij) = exp(—Acy))
Step 3 (introduce scale K):
Fij = KPLA]eXp(—/lcU)
Step 4 (normalize to match known origin totals if
needed):
If total departures from origin i is known as 0;,
define:

F. = B A]exp(—/lcu)
Y ' 2 A exp(—Acy)

4.2. Personalization and Recommender Systems
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Recent advances in big data analytics from various
data sources in large-scale cyber-physical-social
tourist environments have enabled Smart Tourism
Management to adopt User Perceived Value as a
new guideline in decision making. Al-driven visitor
demand analytics, personalization, and
recommender systems for Smart Tourism
Management represent three advanced techniques.
Al provides the necessary intelligence in the
decision-making process of a tourist destination and
its stakeholders. In Smart Tourism Destinations,
Predictive Analytics can forecast from big data the
spatio-temporal patterns of any variable useful for
the various stakeholders in the decision-making
process. Building forecast models is particularly
prominent in urban tourism in relation to visitors'
flows, crowd dynamics, accessibility levels of the
urban environment, quality of life of residents,
safety levels due to the expected number of
policemen on duty, etc. Al plays a primary role also
in personalization and recommender systems.
Whenever a tourist interacts with a Smart Tourism
Destination, either physically or virtually, a data
point is generated. The personalization process is
based on Digital Travel Footprints (DTFs), an
abstraction of the Digital Footprint concept,
combining data from different cyberspace and
physical interactions.

All interdependent and associated DTFs generated
by the same actor(s) constitute user profiles.
Contextual factors may often change the tourist's
preferences on the final selection among an ordered
set of options. A Recommender System uses the
tourist's DTFs to rank for him/her the possible
options. Feedback loops are present to update both
the appropriateness of the options and the user
profile as more data points are collected. All the
smartness of both personalization and the
Recommender System is in the Al algorithms
employed to build user profiles and in the
incorporation of context-awareness.

5. Case Studies in Smart Tourism Management

Al-driven big data analytics are crucial in managing
smart tourism. A variety of use cases have emerged
in urban destinations, heritage sites, and cultural
tourism.

In urban destinations, the management of a city’s
tourism activity is increasingly based on visitor
behavior analytics. Information on visitors’ travel
and stay patterns is essential to design urban
infrastructures and services, optimize visitor flows,
ensure safety, and manage the tourism capillarity
value of destinations. The approaches proposed also
highlight the relationship with the destination’s non-
touristic attractiveness. Three dimensions of urban
tourism demand analysis can be identified: visitor
dynamics, propensity to visit areas of interest, and
leisure activities that the destination attracts. In
particular, the analysis of visitor dynamics captures
the temporal evolution of urban location and
crowding patterns, the characterization of the flows
of people circulating in the urban area, and the
study of destination properties, which are more
attractive to tourism. The required data are sourced
from publicly available databases (such as social
media or mobile phone position traces) or are
created by means of simulations based on statistical
assumptions.

Specific applications include the identification and
prediction of wurban visit flow dynamics, the
detection of crowding hotspots, and the
determination of tourist capacity. Understanding
how the tourism load is distributed over space is a
significant step for tourism planners and policy
makers, who require information on areas with a
high capacity of absorbing tourists as well as on
geographical locations where saturation can lead to
a degradation of the received experience and of the
heritage itself.

5.1. Urban Destination Analytics

Predictive analytics techniques are prevalent in
visitor demand forecasting for urban tourism
destinations. Demand for tourism is characterized
by strong seasonality, distinct temporal patterns
(e.g., weekly cycle) and high volatility. These
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patterns are often predictable to some extent and
past observations may be used to model future
behaviour, seeking to predict volumes or flows.
Prediction models may be either univariate or
multivariate, linear or non-linear, statistical,
simulation-based  or  machine-learning-based.
Multivariate and non-linear models provide greater
flexibility for complex relationships (e.g. season-
specific correlations, interaction between tourists
and residents) but require larger amounts of data for
calibration. Commonly-used models include
regression (Gaussian or Poisson) or extrapolative
models (e.g. moving average, Holt-Winters) and
machine learning algorithms such as support vector
regression, decision trees and neural networks. Such
approaches are typically trained on unaggregated
temporal data (time-series prediction) but spatial
prediction models may instead draw on correlated-
location time series. A number of recent studies
employ these techniques in a tourism context to
predict future demand and flows based on historical
observations for the same location, or to predict
demand at a given location based on the spatial
correlation inherent in nearby destinations.

Evaluation of predictive models typically involves
splitting available historical data into a training set
and a testing (holdout) set, running the model on the
training set to produce forecasts for the hold-out
data and measuring predictive accuracy using
suitable metrics. Common accuracy metrics for
Poisson processes include mean absolute percentage
error (MAPE) and the symmetric mean absolute
percentage error (SMAPE). Further error-bias
decomposition may support greater insights by
revealing whether predictions tend to overestimate
or underestimate demand. Recent studies also
operate on datasets with less available historical
input data, splitting the data into seasons and
calibrating separate models for each. Additionally,
prediction performance may vary from one season
to another, reflecting the differences in demand
trends, seasonality and volatility. In particular,
summer is typically characterised by greater

volatilities and lower prediction performances than
winter.

HISTORICAL
OBSERVATIONS

MODEL TYPES PREDICTION ACCURACY
o ofo m
— 0;
t.{ dats 939
Statistical (Simulation-Based Machine MAPE / SMAPE
Holt-Winters) (SVinte Corlo Neural Networks) DATA SPLITTING T4
—_— i £,
Training Set Testin .
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Fig 3: Spatiotemporal Modeling of Urban
Tourism Volatility: A Comparative Framework
for Multivariate Predictive Analytics and Error-

Bias Decomposition

5.2. Heritage Sites and Cultural Tourism
Al-Driven Predictive Analytics—Case Studies

Case studies from urban destination analytics and
the management of heritage sites illustrate the
predictive and prescriptive power of big data
analysis to inform smart tourism management. The
first focuses on the analysis of crowds in urban
environments, providing insights into visitor flow,
crowd dynamics, infrastructure requirements, and
suitable capacity levels to enhance the experience in
a safe and sustainable way. The second set of case
studies is concerned with heritage sites, where user
experience, tourism management, conservation, and
communication issues are investigated.

Historic sites and cultural tourism represent a
significant part of the tourism product. Predictive
techniques applied to volumes of data collected
from different sources (mobile phones, cameras,
Wi-Fi sensors) can be used to analyze visitor flows
and detect crowding events. Data on the relationship
between weather conditions and crowding can
inform the calibration and interpretation of classic
user studies focusing on acceptance at various
levels of crowding, as well as the adjustment of

Anumandla Mukesh, IJECS Volume 13 Issue 12 December, 2024

Page 26779



conservation policy concerning safety and site
preservation. Information is also wused to
considerably improve the interpretation of big
spatial data and communicate specific details of the
visits to enhance the users’ experience.

Histogram: recommender precision@5 distribution (synthetic)

6. Ethical, Legal, and Social Implications

Several ethical, legal, and social issues surface from
the application of Al-driven big data analytics to
smart tourism management, especially in regard to
visitors’ privacy. Privacy-related concerns may
arise from the collection of data on people’s
behavior by either the tourism actors that make use
of sensors and monitoring equipment or the third
parties authorized to access such data. A data
ecosystem driven by analytics stands to enhance
visitors’ experience more than their privacy, but
controlling  tourists’  privacy  during such
personalization remains an intricate task. Privacy
issues could in turn lead to a swift decrease in
tourism revenue, leading governments and tourism
actors to take measures to alleviate visitors’
concerns. Additionally, visitors are frequently
unfamiliar with a destination and its tourism offer.
Tourism organizations, therefore, often gather data
on visitors who leave their traces in the area,
feeding their systems anonymously and in real time.
The use of non-anonymized data is typically
planned in advance, raising issues regarding
governance, consent, and data protection. Tourism
organizations must secure solid and transparent
governance models with fair reward schemes for the
provision of such data by citizens and visitors. The
large volumes of data demanded by machine-
learning-trained models can easily become biases
themselves. In the environment of a destination,
factors that could impact the results might disperse,

vary, and diminish the significance of data collected
at a certain location in a short period. Moreover,
creating trust in an environment that uses
RECOMMENDER SYSTEMS and increasingly
personalized interfaces becomes crucial. Visitors
are more likely to enhance their experience through
a RECOMMENDER SYSTEM that gathers
information—such as the individual’s profile, the
context of the wvisit, and feedbacks on the
recommendations that had been followed for
subsequent prediction—when the operation is both
transparent and understandable.

Equation 3) Crowd dynamics + hotspot detection
— step-by-step
The discusses crowd dynamics, hotspot detection,
and capacity planning in urban destinations .
3.1 Load / saturation (capacity-based) index
Let
e (C,: capacity of POl p (safe/comfortable
max)
e N,.:observed crowd at time ¢
Step 1 (define load index):

LI

LY
p't -
Cp

Step 2 (hotspot rule):
1 L, >1
0 LI, <1
3.2 Crowd prediction as a spatio-temporal
regression
For multiple POls, collect crowd vector:
n, = [Nyg ., Npe|'

Hotspotp' P = {

Predict:
O p=fo(ngne gy, ..,up)

model MAE | RMSE | MAPE_%

Seasonal naive (t-7) | 208.01 | 309.09 | 9.6

Rolling mean (7d) | 242.22 ] 290.37 | 11.23

6.1. Privacy, Data Governance, and Consent

Privacy, data governance, and consent are important
ethical, legal, and social issues in Al-driven big data
analytics for smart tourism management. Given the
integrated, interconnected nature of sensor, mobile,
social, transaction, and geospatial data ecosystems
and infrastructures, the emphasis is twofold: on data
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privacy protection regulations such as the General
Data Protection Regulation of the European Union
and the California Consumer Privacy Act; and on
stakeholder responsibilities prescribed by those
regulations and commons-based governance theory.
The essential regulatory and governance role of the
visitor-destination-data  governance  proxy is
asserted. Dedicated to the interests of visitors,
destinations, and local communities, this proxy
enables data-driven decision making that enhances
the visitor experience and minimizes privacy and
other visitor costs. By aggregating and making
accessible to the wider data science community the
voluminous anonymized spatiotemporal data
produced by the activities of multiple visitors in a
destination, it facilitates Al-driven urban destination
analytics for demand prediction and flow
optimization. Such analytics create the investments
needed to support the destination-data-governance
proxy and fulfill its public-interest mandate.

7. Conclusion

Al-driven analytics combined with big data
technology enables tourism stakeholders to prepare
for emerging opportunities and risks posed by
rapidly changing environments. Predictive analytics
serve destination managers in capacity planning,
personalization and recommender systems enhance
visitor experiences, and urban analytics facilitate
the understanding and optimization of crowd
dynamics. Theory-driven Al techniques applied on
integrated data ecosystems lead to new knowledge
and address the priorities agreed upon at the global,
regional, and local levels.

Despite this progress, further research is necessary.
The responsible and ethical use of Al-powered data
remains a societal concern. Issues of privacy, data
governance, consent, bias, transparency, and
accountability need to be considered in tourism-
related work. Incorporating the perspectives of
tourists, residents, and other stakeholders into the
design and development of Al-driven and big data-
enabled solutions is vital. Although data science
paradigms, machine learning, and analytics maturity

are beginning to take shape in tourism, growing and
depth remain critical discussion areas.

Responsible Al & Societal Concerns

P &
Critical Priority Level (%)

Fig 4: Responsible Al & Societal Concerns

7.1. Final Thoughts and Future Directions in
Smart Tourism

The dynamics of Al and big data analytics-for-
smart tourism management are rapidly evolving.
Demand is swelling for next-generation user-
friendly predictive analytics tools that allow
multiple  parties—tourism  managers, service
providers, travelers—to make informed and data-
driven decisions. Clearly, contemporary users no
longer wish to access computer science—based
complexity when engaging interactively with
prediction models and making their own active
tourism-oriented decisions. Theoretically sound,
sophisticated, and User-centric Al-driven Big Data
Analytics in Smart Tourism Management research
of elevated currency is thus imperative to plan for
smarter tourism management better.

It is within this context that these scholars bring
together current trends and patterns of Al Big Data
Applications across the continuum of Smart
Tourism verticals, domains, and business areas. The
emphasis is placed specifically on Data-Driven
Visitor Demand Predictive Behavioural Analytics
Toolkit development for the core process of
Demand Generation and Management. Travel and
tourism analytics maturity supported by state-of-
the-art Al and machine learning technique
developments, Operationalization and Urban Smart
Tourism Data Planning Frameworks are also key
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focal areas. However, such insights should create

further

impetus and dedicate resources for

development in Al-Driven Analogous Toolkits.
Having a more information in demand generation is
required by Destination Managers, Destination380
Prediction Models Drivers/employers, Suppliers327
and Tourism382 Integration Partners.
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