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ABSTRACT

The paper presents the development of a recommender system designed to capture visitors' preferences during museum visits in

Florence. The system is trained on data from the entry records of the FirenzeCard, the official museum pass of the city offering

tourists access to the Florentine museums. The system utilises an ensemble of deep learning models based on a two-tower ar-

chitecture, in which separate representations of visitors and museums are learned independently and then combined to generate
predictions. It incorporates structured and unstructured data and contextual and visitor features. Results show that the inte-
gration of new components into the system architecture significantly enhances the recommender system's ability to accurately
predict the top-K museums a visitor is likely to visit next. This aspect makes it one foundational layer of a larger decision-making

framework: a reinforcement learning agent to dynamically manage visitor flows, alleviate crowding in overexposed cultural sites

and balance urban resources.

1 | Introduction

Tourism is a powerful and multifaceted driver of economic de-
velopment, cultural exchange and social interaction. However,
in recent years, the positive impacts of tourism have increasingly
been offset by its negative externalities, especially in destina-
tions experiencing what has come to be known as overtourism
(Coca-Stefaniak et al. 2016; Dodds and Butler 2019; Forster 1964;
Koens et al. 2018). This phenomenon occurs when the number of
visitors surpasses the hosting capacity of a destination, signifi-
cantly increasing the risk of environmental degradation, harm
to cultural heritage and pressure on public services, ultimately
reducing the quality of life for residents. The consequences are
multiple and far-reaching: congestion, environmental degrada-
tion, commodification of local traditions, rising living costs and
growing difficulty in managing small-scale historical and cul-
tural sites while maintaining a balance between residents’ daily

lives and visitors' needs. The overarching challenge lies in en-
suring that the city remains liveable and enjoyable.

Overtourism is not just a matter of numbers, but also of where
and when tourism occurs. Tourist flows often concentrate
in specific areas and periods, leaving other equally valuable
parts of a destination under-visited. This results in uneven dis-
tribution of tourist pressure, overexposure of iconic sites and
underutilisation of lesser-known attractions. These dynamics
are especially problematic in the context of urban cultural
tourism. Cities of art, rich in historical landmarks and cul-
tural institutions, are particularly vulnerable to the negative
externalities of unbalanced tourism flows. This is especially
true for smaller cities with high densities of cultural assets.
Florence (Italy) stands as a prominent example. Its historic
centre, a UNESCO World Heritage Site since 1982, hosts an ex-
ceptional concentration of museums, monuments and artistic
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treasures within a compact urban layout. Florence attracts
millions of visitors each year, and while this spatial compact-
ness contributes to its charm, it also exacerbates the logistical
and cultural challenges of accommodating large tourist vol-
umes. Long queues at major museums such as the Uffizi and
the Accademia, overcrowded streets and infrastructure bot-
tlenecks are commonly observed during peak seasons. These
conditions threaten the sustainability of Florence's tourism
model and underscore the urgent need for intelligent, data-
driven policies to better manage and redistribute tourist flows
across time and space.

To address these challenges, it is essential to equip policymakers
with practical tools for managing visitor flows. Literature pres-
ents a wide array of proposals (Dodds and Butler 2019; Koens
et al. 2018) addressing overtourism in various contexts, includ-
ing urban and regional settings (Milano et al. 2019; Peeters
et al. 2018; WTO et al. 2019), often framed within smart tourism
and smart city paradigms (Bastidas-Manzano et al. 2021; Gretzel
et al. 2015). Nevertheless, many of the proposed solutions re-
main theoretical or visionary, often misaligned with local gov-
ernments’ practical and urgent needs (Hollands 2015; Ribes and
Baidal 2018). Namely, there is a pressing need for strategies that
are not only implementable in the short term but also capable of
delivering measurable results (Hospers 2019).

This paper proposes a tool that can be readily implemented in
contexts where systems for automatically tracking tourist move-
ments are already in place, primarily museum passes and pub-
lic transportation cards. When appropriately integrated with
Artificial Intelligence systems, such tools can yield valuable
management insights without requiring additional user data
collection, such as individual profiles, which are often difficult
to obtain. Among the many digital innovations in the tourism
sector, Recommender Systems (RSs) have emerged as a par-
ticularly effective means of enhancing tourist experiences by
providing personalised recommendations aligned with users'
interests and preferences (Borras et al. 2014; Hamid et al. 2021;
Sarkar et al. 2023). RSs also offer policymakers a ‘soft’ inter-
vention tool for mitigating overtourism by subtly influencing
tourist behaviour. Rather than imposing limits, constraints and
restrictions on tourists, such systems gently guide tourists to-
ward lesser-known historical and cultural sites that match their
preferences.

This study introduces a museum RS as a first step toward a
broader strategic framework for sustainable tourism man-
agement. The system's core objective is to anticipate visitor
behaviour and preferences by analysing patterns observed in
similar users. It accurately predicts which museums a visitor is
likely to visit next by analysing their visitation history, patterns
observed among similar users and the intrinsic attributes of the
museums, such as thematic content, geographic location and
overall popularity.

Technically, the system is implemented using a two-tower en-
semble learning architecture (Covington et al. 2017), which in-
tegrates collaborative and content-based filtering strengths. One
tower encodes user-specific information from historical visita-
tion sequences and behavioural data, capturing collaborative
signals through user-item co-occurrence and latent preference

structures. The other tower models museum-specific attributes,
including thematic content, spatial features and metadata, thus
incorporating content-based knowledge. Both towers generate
embeddings projected into a shared space, where relevance
scores are computed using similarity functions. In this way,
user and museum similarities are balanced within a unified
framework. Additionally, a robust feature engineering pipeline
enriches the model with contextual variables such as visitor lo-
cation, time of visit, visit duration and geographic constraints,
enhancing its accuracy and adaptability.

The RS is trained on data collected through the FirenzeCard
program (https://firenzecard.it/en), a 72-h museum pass provid-
ing access to numerous cultural sites in Florence and its sur-
rounding areas. This card, widely adopted by tourists, generates
a rich behavioural dataset including visit sequences, timing
and frequency. This data offers insights into tourist movement
patterns, site prioritisation and evolving preferences. A prelimi-
nary analysis of the FirenzeCard dataset is presented in Masini
et al. (2025), to which the reader is referred for further method-
ological details.

The rest of the article is organised as follows. Section 2 reviews
the literature on RSs, focusing on their applications and lim-
itations within the tourism context. Section 3 details the data
collection process and feature engineering steps and then pres-
ents the architecture of the proposed two-tower model. Section 4
discusses the main findings related to the system's implementa-
tion. Finally, Section 5 reflects on the theoretical contributions
and practical implications, concluding with a discussion of the
study's limitations and directions for future research.

2 | Literature Review

This section reviews the literature about RSs, focusing on their
use in the tourism context. We first describe the main typolo-
gies of RS, classified according to the kind of information used
to make recommendations. Then, we focus on the learning sys-
tems adopted to process and analyse the data and on integrat-
ing contextual features (i.e., geographical location of users and
items) to improve the predictive accuracy.

2.1 | Recommender Systems for Tourism

In recent years, the tourism industry has undergone a signif-
icant transformation due to advancements in digital technol-
ogy and the increasing availability of data: nowadays we have
plenty of information about travels, reviews on accommodation
and catering facilities and many other digital footprints left by
tourists. This data often arises from recommendation web sys-
tems, which are powerful tools for improving tourist experi-
ences by providing personalised recommendations tailored to
individual (declared or inferred) preferences and interests (Ricci
et al. 2011).

These tools are generally classified based on two main distinct
development techniques (Ricci et al. 2011): collaborative filter-
ing and content-based filtering. For an overview of these tech-
niques in the tourism setting, see Al Fararni et al. (2021), Lucas
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et al. (2013), and Solano-Barliza et al. (2024), while specific
applications are provided by, without pretending to be exhaus-
tive, Abbasi-Moud et al. (2021), Colomo-Palacios et al. (2016),
and Nan et al. (2022). Collaborative filtering makes recommen-
dations based on the preferences and behaviours of a commu-
nity of users to suggest items that similar users have enjoyed
(Resnick et al. 1994; Sarwar et al. 2001). The basic principle is
that if two users have similar preferences or behaviours, items
selected by one user can be recommended to the other. This ap-
proach is particularly effective in capturing latent patterns and
social proof effects. However, it requires a large amount of user
data to generate accurate recommendations and suffers from
the cold-start problem when either users or items lack sufficient
interaction history. Differently, content-based filtering makes
recommendations based on the characteristics of the items
(Pazzani and Billsus 2007). The system suggests items similar
to ones the user has already chosen or interacted with. This ap-
proach can be more robust in cold-start scenarios but may lead
to over-specialisation, limiting the system's ability to suggest
novel or diverse content. Given that both methods have their
strengths and limitations, for a few years now, many modern
RSs have been employing a hybrid approach (Burke 2002) that
combines both techniques, also integrated with various Data
Mining methods, to exploit their advantages and mitigate their
weaknesses. In cultural tourism, such as museum visit recom-
mendations, hybrid approaches have proven especially useful
due to the heterogeneity of user profiles and the semantic rich-
ness of cultural content.

In cultural tourism, where travellers seek immersive experi-
ences in historical landmarks and cultural institutions, recom-
mendation systems have been playing a relevant role for some
years, guiding visitors through a plethora of attractions while
maximising their enjoyment and engagement. By way of ex-
ample only, and without any claim to be exhaustive, Lucas
et al. (2013) implemented a recommendation system for tourism
exploiting an associative classification method, which is a data
mining technique that combines concepts from classification
and association to enhance recommendation quality. Colomo-
Palacios et al. (2016) presented a social and context-aware mo-
bile RS for tourists that performs its recommendations based on
data from previous visits while also combining aspects taken
from the social environment of the tourist. The system was built
to provide efficient pattern detection and rapid adaptability to
changes, including relevant recommendations from Destination
Management Organisations, which are nonprofit organisations
responsible for managing and marketing specific destinations.
Abbasi-Moud et al. (2021) presented a recommendation system
for tourism that leverages both semantic clustering and senti-
ment analysis techniques. Semantic clustering was used to group
similar tourism-related data. This helps in understanding the
semantic context and meaning behind user reviews and descrip-
tions of tourist attractions or services. Sentiment analysis was
also incorporated to estimate the emotional tone and sentiment
in user-generated content, such as reviews and posts. By com-
bining these two techniques, the proposed system succeeded
in more personalised and accurate recommendations, enhanc-
ing tourist experience. Nan et al. (2022) discussed the develop-
ment of a personalised tourism recommendation system mixing
data mining techniques with a collaborative filtering strategy.
Data mining techniques were employed to analyse large sets of

tourism-related data, including user behaviour, preferences and
historical data, to identify patterns and trends.

Among the hybrid RS proposals, the two-tower model
(Covington et al. 2017; Huang et al. 2013), known also as the
dual-encoder model, has been successfully applied in large-scale
industrial recommendation scenarios, enabling efficient candi-
date retrieval and scoring. The two-tower model relies on two
subnetworks, one for the users (user tower) and one for the items
(item tower). The user tower encodes user features like past be-
haviour and preferences into a user embedding, while the item
tower encodes item features like metadata and content into
an item embedding. This architecture has several advantages
(Karpukhin et al. 2020; Malkov and Yashunin 2020). Namely,
it is efficient in large-scale scenarios (high scalability) as it can
use precomputed embeddings and allows for updating a single
tower when a new item or user enters (instead of training all
over again). Moreover, this architecture is well-suited to sce-
narios with heterogeneous inputs as it can flexibly incorporate
embeddings of different modalities, such as images, texts and
behaviours, into the same vector space.

Furthermore, it is particularly useful when the aim is to provide
a top-K recommendation (as in our context, where we are inter-
ested in recommending the next K museums to visit), as it di-
rectly optimises the probability of selection of each item (i.e., the
probability of museum visit). Finally, the problem of cold-start
is scaled down, as the two-tower model is suitable for recom-
mending a new item even when the history of interactions with
users is not available, being sufficient to have metadata (e.g., the
description of a museum). For these reasons, an RS based on a
two-tower model is particularly suitable for application to the
context of museum visit recommendations. To date, the use of
two-tower models in the tourism setting appears to be substan-
tially new. To our knowledge, the only work is that recent one of
Cui et al. (2024), which demonstrates how multimodal data can
be leveraged in a two-tower RS for tourism. In their approach,
the user tower inputs the user ID and a brief profile description.
In contrast, the item tower incorporates textual descriptions and
visual data (e.g., images and videos) of tourist attractions to con-
struct multimodal embeddings.

Our proposal differs substantially from Cui et al. (2024), as it
is designed to work with implicit preference settings, where de-
tailed user profiles are typically unavailable. Thus, we focus on
a situation common to several types of passes around the world
(mainly, passes for museums and passes for urban public trans-
port), that is, the absence of any information on the pass hold-
ers, such as age, gender and nationality. Instead of relying on
predefined personal information, our user representation (user
tower) is built upon a richer set of behavioural and contextual
features, implicitly provided by the sequence of previously vis-
ited museums and the geolocation. On the item side, while we
also incorporate textual descriptions of the museums (making
our system multimodal), we extend the item representation be-
yond this. We include structured metadata such as museum ty-
pology, accurate description of collections, location and spatial
correlations derived from cross-visitation patterns. This design
enables our model to generalise more effectively in real-world
tourism scenarios where user identities are anonymous, and
profiles must be learned from user behaviour alone.
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2.2 | Sequence-Based Deep Learning Systems

In addition to the type of information used by the RS that leads
to different configurations of the system (e.g., collaborative-
based, content-based, hybrid), a further distinguishing feature
is represented by the learning algorithms used for data process-
ing to identify underlying patterns and similarities that can be
employed to generate recommendations. The comprehensive
review by Solano-Barliza et al. (2024) highlights the evolution
and application of different types of learning systems across the
tourism sector. The authors outline how clustering is the most
commonly adopted technique in this setting. However, they also
identify a growing trend towards context-aware, location-based
and deep learning systems, particularly those capable of inte-
grating real-time environmental data, dynamic visitor profiles
and spatial-temporal information. In the context of museum
visits, where tourist behaviour tends to be sequential and time-
dependent, sequence-based deep learning systems are the natu-
ral solution.

Classical sequence-based deep learning approaches include
Markov models and probabilistic graphical models, which esti-
mate the probability of visiting the next point of interest based
on the historical sequence of visited locations (Kurashima
et al. 2013). Another strand of literature focuses on point of in-
terest recommendation (Gavalas et al. 2014), where the goal is to
suggest attractions or sites to users based on relevance, proxim-
ity and past behaviours. These models typically integrate spa-
tial-temporal data, contextual factors (e.g., time of day, weather)
and popularity metrics. However, they struggle with the cold-
start problem and lack of robustness in contexts where museum
visits are strictly limited by opening hours and capacity limits,
as in our case. Moreover, these models are relatively interpreta-
ble but limited in their ability to capture the dynamic nature of
spatial-temporal sequences.

To address these shortcomings, the recent literature in the tour-
ism setting (e.g., Feng et al. 2015; Liu et al. 2016) has proposed
the Recurrent Neural Networks (RNN; Rumelhart et al. 1986),
among which, in particular, the Long Short-Term Memory
(LSTM; Hochreiter and Schmidhuber 1997) networks and their
more efficient version represented by the Gated Recurrent Units
(GRU; Cho et al. 2014). These methods allow the system to
model temporal dependencies across an entire travel trajectory,
often incorporating auxiliary information such as travel times,
distances, or user demographics.

In such a context, the work by Zheng et al. (2025) is relevant,
who proposed a novel deep learning model for intra-city tour-
ism flow forecasting. The authors leverage a spatial graph neu-
ral network combined with the attention mechanism to model
the tourist trajectory holistically. Their dataset consists of
real-world taxi trajectory data collected from a major Chinese
city, which they use to infer tourist movements and visitation
patterns across urban attractions. To model intra-city flows,
Zheng et al. (2025) construct a directed spatial graph in which
nodes correspond to distinct urban areas—typically centred
around points of interest—and edges represent the movement
of tourists between these areas, inferred from aggregated taxi
pick-up and drop-off data. Edge weights reflect transition
probabilities derived from empirical taxi flows, allowing the

model to account for geographical proximity and empirical
mobility patterns. Attention mechanisms are applied over this
graph to emphasise high-flow routes and key decision points
within a tourist's path.

While Zheng et al. (2025)'s approach provides a strong foun-
dation for flow prediction in data-rich urban contexts, it does
not explicitly model user-level preferences or content features
of destinations. As a result, their method focuses more on
macro-scale mobility patterns rather than fine-grained, user-
specific recommendations based on individual interests or
visitation histories.

Our system combines personalised modelling with a modular
deep learning two-tower architecture that can adapt to micro-
and macro-tourism scenarios. We enrich the user tower with a
GRU component to account for the dynamic nature of the se-
quences of visited museums. Compared with the other RNNs,
GRU provides stability advantages during the training phase
and parsimony (i.e., fewer parameters). Moreover, GRUs are
particularly suitable to work with medium-short sequences, as
the ones treated in our contribution, where the museum vis-
its concentrate in 72h (corresponding to the duration of the
FirenzeCard pass).

3 | Data and Methodological Structure

In this section, we describe the dataset used in our study and
outline the methodological framework of the proposed RS. We
begin by presenting the dataset, detailing the available features
and the structure of the original data. Next, we illustrate the
comprehensive feature engineering and enrichment pipeline we
developed to transform the raw data into the structured inputs
required by the RS. Finally, we describe the architecture of the
proposed two-tower model, following an incremental approach
that starts with a baseline configuration and progresses to an
enhanced model incorporating contextual features.

3.1 | Data Collection

Data for training and testing the RS are collected as part of the
FirenzeCard project (https://firenzecard.it/en). The FirenzeCard
is the official 72-h museum pass (with a possible extension of 48
additional hours) for the city of Florence, granting access (often
on a priority basis) to 39 museums and other permanent exhibits
(collectively referred to as ‘museums’ from now on) within the
city and its surrounding areas. It is worth outlining that almost
all the museums of the circuit are included in the UNESCO area
and, more precisely, in a circumference of radius 1 km centred in
the forum of the ancient Roman city of Florentia (see Figure 1).

At each venue, visitors are required to present their card,
which is scanned using an optical reader. In this way, the se-
quences of museums visited by the cardholders are recorded,
with details on which museums were visited, when and in
what order. Additional information about the cardholders'
profiles (e.g., gender, nationality, ...) is not available. Although
this dataset seems quite poor in terms of useful information
for the purposes of our research, the visiting sequences and
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FIGURE 1 | Maps of the city of Florence centred in the ancient
Roman forum (the image is a square with sides 2km); blue markers
identify the location of the museums and collections adhering to the
FirenzeCard.

the times at which these visits occur implicitly reveal addi-
tional information that the implemented two-tower-based RS
can learn by itself: among these, the days and specific time
slots when the museum is open; the time slots during which
it is not ideal to suggest a museum visit, even if the museum
is still open; and, most important, visitors' preferences regard-
ing the types of collections they wish to explore and the time
they spend on visits, even if these preferences have never been
explicitly stated.

The analysis presented here relies on data from FirenzeCards
sold in 2018. While the data from 2018 may appear outdated,
that year marked an unprecedented peak in tourism for
Florence, with approximately 11 million recorded tourist arriv-
als. The resulting dataset comprises 125,092 sold cards for a total
of 846,510 museum visits. Each cardholder visited on average
6.8 museums, with 25% of users visiting at most 4 museums and
75% at most 9 museums. See Masini et al. (2025) for further de-
tails on the dataset.

3.2 | Feature Engineering and Data Augmentation

The available data from the FirenzeCard database has been
enriched with additional features related to both visitors and
museums. Some museum-specific features are readily accessi-
ble from public sources and include the geographic location of
each museum (latitude and longitude), the type and description
of the artworks exhibited and the maximum visitor capacity. In
contrast, features related to visitors are not as easily obtainable.
Among these, the visitor's position in the city before the next
museum visit and the duration of each visit are particularly rele-
vant for training and evaluating the RS. Consequently, these fea-
tures have been estimated as detailed in the following section.

It is important to note that this estimation approach specifically
enables the training and testing of the RS with the available
data. In a real-world scenario, where the RS will be integrated
into a mobile app, the user’s location and visit duration would be
automatically captured via the geo-location services of the user's
mobile device.

3.2.1 | Assessing the Visitor Location

The effectiveness of an RS whose goal is to suggest the next
museum to visit is expected to be inversely proportional to the
distance to be covered between the position of the person que-
rying the system and the position of the suggested museum:
the greater the distance, the less effective the suggestion will
be. Thus, the visitor location becomes a crucial feature to ac-
curately recommend the next museum. As mentioned above,
such information is not in the FirenzeCard database, thus we
estimate it based on the available data, adding it to the set of
visitor features.

Thus, we assume that the visitor location (at the request time)
is in a neighbourhood area of the last visited museum. Such
an area serves as the continuous sampling space from which
a location will be drawn. To improve model interpretability
and manage non-linear relationships, we apply discretisation,
a technique in which continuous variables (like location) are
transformed into categorical ‘bins’ or ‘buckets’. In this work,
a 1000x 1000 grid on the map of Florence (with 1,000,000
discrete buckets) is used to convert continuous location (i.e.,
latitude and longitude) samples into discrete buckets that the
model can process. Points within a set radius R from the last
museum visited are randomly sampled, and each location is
assigned to the corresponding bucket in this grid. The radius
Rvaries from 500 to 2000 m with incremental steps of 300 m to
observe how different sampling areas affect recommendation
accuracy. A larger sampling radius is hypothesised to reduce
recommendation effectiveness, a hypothesis tested further in
Section 5.2, where we discuss the RS performance. Figure 2
shows an example of drawing from two sampling spaces of
different radius centred on Brunelleschi's Dome, as the last
museum visited.

3.2.2 | Assessing the Average Visit Duration

Another important feature to improve the effectiveness of the
recommendation is the time needed to complete the visit to
each visited museum. The goal is to capture visitor behaviour,
distinguishing between those who visit, for example, the Uffizi
Gallery for a short time, only focusing on its most famous art-
works, and those who instead enjoy a more comprehensive vis-
iting experience.

The FirenzeCard database does not contain this information: it
only records the time the card is swiped under the optical reader
at each entry, and no action is required when leaving the mu-
seum. We then estimate each visit time by calculating the time
difference between two consecutive entries within the same day.
The time taken to complete the visit in the last museum of the
day cannot be calculated, but the available data are sufficient to
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0001

1000

FIGURE2 | Gridof1000x 1000 buckets for discretisation of the map
of Florence: 500 m radius sampling space (red circle) and 2000 m radius
sampling space (blue circle), centred on Brunelleschi's Dome as the last
museum visited. Tick marks identify possible results of the sampling
process.

address this limitation. We then compute the average visit time
for each museum, adding this information to the set of museum
features.

3.2.3 | Museums’ Probability of Being Visited
and Visitors' Latent Class

Building on the work of Masini et al. (2025), each sequence of
museums visited by FirenzeCard holders can be conceptualised
as an individual manifestation of an underlying (i.e., latent)
trait reflecting the propensity to visit museums. Based on this,
cardholders can be differentiated by their varying propensities
to visit museums, which are reflected in the length of the visit
sequences (i.e., how many museums they visit) and the specific
museums included in those sequences.

To operationalise this, each record in the FirenzeCard database
is encoded as a sequence of binary (0-1) values, where 1 indi-
cates that the cardholder visited the museum, and 0 otherwise.
To link the latent propensity trait to these 0-1 sequences (of
length equal to 39, i.e., the number of museums that adhere to
the Firenze Card circuit), we adopt a Latent Class Item Response
Theory (LC-IRT; Bartolucci 2007; Bartolucci et al. 2015; von
Davier 2008; Heinen 1996; Langeheine and Rost 1988; Rost 1990)
model, as detailed in Masini et al. (2025), to which we refer for
methodological specifics.

This modelling approach yields two outputs that are used to
enrich our dataset. First, it provides an estimated probability
of being visited for each museum, which is incorporated into
the set of museum-specific features. Second, leveraging the

latent class formulation, we assume that the visitor popula-
tion can be segmented into homogeneous groups (i.e., latent
classes) sharing a similar propensity to visit museums. For
each FirenzeCard holder, we compute the membership prob-
ability for each latent class. Based on the maximum a poste-
riori criterion, each cardholder is then assigned to the most
probable latent class and this information is added to the set of
visitor-specific features.

3.2.4 | Empowering Information From Visit Sequences

From the recorded entry times, it is straightforward to deter-
mine both the weekly closing day and the opening windows on
the other days. Moreover, not only which and how many mu-
seums are present in a certain sequence, but also the order in
which museums are visited and the distance between their ranks
in the sequence provide relevant information about the visitors'
preferences. To capture these aspects, we employ a method, in-
spired by Ranjan et al. (2022), that explicitly incorporates these
features into the available dataset.

Given any sequence of visited museums, let s be the vector that
identifies the sequence, whose elements are the IDs of visited
museums, reported in the order of visit; each sequence s has
length L(s), corresponding to the number of visited museums.
Let s; and s, be the museums at positions (ranks) [ and m, re-
spectively, where [, m =1, ..., L(s). For each pair u and v of vis-
ited museums in s such that s; = u and s,, = v (i.e., museum u
is the Ith visited museum and museum v is the mth visited mu-
seum), we compute an association function 3_uv(s) between
museums as

Z(l,m)eP ehdm

uv(s)

P

uv(s)

W (S) =

s

where P, is the set of all pairs of position indices of u and v in
the sequence s; d(I, m) = | Il — m |is the distance between ranks
land m; and h is an amplification factor accounting for the con-
tribution of distances (the larger h, the smaller the contribution
of pair u, v at greater distances).

Hence, for each sequence s we obtain a vector of association
measures

y(s) = (V/lz(s),‘lfm(s), s (8), ),

whose length is equal to all the possible pairs of museums. This
vector is added to the set of visitor features.

3.3 | Methodological Structure

In this section, we provide an overview of the system architec-
ture and the algorithmic approach adopted for the development
of the proposed RS. As mentioned above, the system is built
upon a two-tower architecture, which has been progressively re-
fined through the integration of additional components.

In a two-tower model, two separate neural networks, or ‘tow-
ers’, are involved in the process. The user tower is responsible for
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processing the queries (in our case: the FirenzeCard holders or,
briefly, the visitors), while the item tower handles the candidate
items (in our case: the museums belonging to the FirenzeCard
circuit). In the context of RSs, this setup allows the model to en-
code both the visitor query (e.g., the visiting history contained
in the sequences of visited museums or features regarding the
current context) and the museum features (e.g., location of mu-
seums and other attributes like the total number of visits per
museum) separately and then compare them in a joint embed-
ding space. Specifically, embeddings (Liu et al. 2019) are vectors
within a multidimensional latent space that are the objective
of the training process and are then used to generate museum
recommendations.

In the following, we illustrate the compositional nature of
the two-tower architecture, showing how the system evolves
incrementally: starting from a baseline configuration, we
progressively incorporate additional inputs and subsystems
to improve the predictive capability. This design is inher-
ently compatible with an ensemble learning paradigm, where
multiple sub-models contribute collaboratively to the final
prediction.

3.3.1 | Baseline Model

The baseline model is built using only the features available in
the original FirenzeCard dataset, consisting of basic information

1

about museums and, crucially, the sequences of museum visits
of each cardholder (see Section 3.1 for details on the dataset).

To model the sequential nature of museum visits, we employ an
RNN architecture based on GRU, which effectively captures the
temporal dependencies and behavioural patterns inherent in the
sequences (as outlined in Section 2.2). The architecture of the
baseline model is illustrated in Figure 3.

The structure of the visitor tower (Figure 3, left side) is built
starting from the sequences of visited museums having an ap-
propriate minimum length (see Section 4.2 for details). Each
museum in the input sequence is mapped to a dense vector in a
32-dimensional embedding space. These embeddings are then
processed by a GRU network consisting of 32 GRU units, which
learn to capture sequential patterns from the ordered museum
visits. Then, the output of the GRU network is passed to a stack
of two fully connected (dense) layers: the first layer has 32 units
with a ReLU activation function, followed by a second layer with
16 linear units. This final 16-dimensional output serves as a vis-
itor embedding, representing user preferences that are not di-
rectly observed but implicitly inferred by their visit history. The
numbers of units composing the first and second layer (32 and
16, respectively) are hyperparameters empirically selected (see
Section 4.2 for details).

The structure of the museum tower (Figure 3, right side) is built,
embedding each museum independently into a 16-dimensional

Rietrieval Task:

- Loss: Categorical Crossentropy
- Metric: FactorizedTopK

I

I

Visitors embeddings Candidates embeddings
Visitors Tower ‘ \ Museums Tower
I
L PANIAPAAAA A SR ‘
,© © 0 00O o0 o0 o0 0 o, \
__________ T \
© Relu Units
Dense Units
GRU Units

- — ~ GRU layer

Museum_1 >Museum_2: Museum_3 > Museum_4 >Museum_5

FIGURE 3

| The baseline model with a GRU network on sequence data.

International Journal of Tourism Research, 2026

7 of 15

85UB017 SUOWIWIOD 3A 81D 3|qeotjdde 8y} Aq pauenoB ke sopiie O ‘88N JO S9INJ 10} Ar1G1T 8UIIUO AB|IA UO (SUORIPUOD-PUR-SWLBHW0D" A3 | 1M AR1q 1 BU1IUO//SANY) SUORIPUOD PUe S | 8U3 89S *[9202/80/8T] U0 A%iqI BUIIUO AB]IM ‘lfe}RURILR0D AG LOYOL 1M /200T OT/I0p/Wo0" A3 1M AIq Ul |UO//SARY WO14 popeouMOQd ‘¥ ‘9202 ‘0L6TZZST



O @

I

Rietrieval Task:

- Loss: Categorical Crossentropy
- Metric: FactorizedTopK

|

Visitors Tower

D e Y e N N N N
,© © ©O © ©©© © © © i
§f eSS EEEESERS Po= = MEENE T SIS
/ © Relu Units
| \ Dense Units
[ | GRU Units

— — ~ GRU layer

Museum 1> Museum_2 > Museum_3 > Museum_4 >Museum_5

FIGURE4 |

dense vector space. Moreover, numerical features, such as the
opening time, the maximum allowed number of visitors and the
geographic coordinates (latitude and longitude), are discretised
and incorporated as categorical features. As in the visitor tower,
a stack of two fully connected layers, with the same structure:
32units with ReLU activation followed by 16 linear units, is
used to project the input into the same 16-dimensional embed-
ding space. Also in this case, the number of units composing the
layers are hyperparameters empirically selected.

3.3.2 | Adding Description of Museum Contents

To improve the predictive performance of the RS, the baseline
model described above is enriched by adding the textual de-
scription of museums in the museum tower. The textual de-
scription of each museum content is encoded using DistilBERT
(Sanh et al. 2019) tokeniser library, which is a pre-trained Large
Language Model. This procedure projects textual descriptions
into a latent space, enabling the computation of similarities
between museum contents based on vector distances. In this
space, museums with similar descriptions and content will be
close, while museums with different descriptions and content
will be far apart. The architecture of the two-tower model is up-
dated as illustrated in Figure 4.

I

| Museums Tower

{Lon Musem embedding| ~(Lat Musem embedding|

o s s e
a

Uffizi Gallery
» 'D;:,B,fy The Uffizi Gallery in Florence is one of the most important
. museums in the world, especially renowned for its
extraordinary collection of Renaissance art

visitors

MaxdlomedJ \

The RS with the museum description with DistilBERT tokeniser.

3.3.3 | Final Model

The final version of the proposed RS introduces all the features
derived from the data augmentation process. The final two-
tower RS architecture is illustrated in Figure 5. To the visitor
tower, we add the visitor's latent class (Section 3.2.3) and the
order and rank of visited museums (synthesised through vec-
tor W(s), as detailed in Section 3.2.4); to the museum tower, we
add the daily total number of visits per museum, the average
visit duration per museum (Section 3.2.2), the probability of
museum visit (Section 3.2.3). Moreover, visitor and museum lo-
cations are considered in the model through cross-networks, as
detailed below.

Treating latitude and longitude as independent numerical
inputs fails to capture their combined spatial significance.
For example, two museums might share similar latitudes
but differ substantially in longitude, meaning they are not
geographically close. Accurately modelling spatial proxim-
ity requires considering the interaction of both dimensions
simultaneously. To address this, our final model leverages
cross-networks (Wang et al. 2017) to explicitly learn interac-
tions between latitude and longitude, effectively capturing
their joint contribution to spatial proximity. Unlike conven-
tional deep neural layers that implicitly attempt to learn such
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FIGURE S5 | The final two-tower system architecture.
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feature interactions, which often require deep and resource-
intensive architectures, cross-networks provide a more tar-
geted and parameter-efficient approach by directly modelling
polynomial feature interactions from raw inputs. This mech-
anism allows the system to learn meaningful spatial patterns
efficiently without unnecessary model complexity.

Specifically, we apply cross-networks to the spatial features of
both users and museums, that is, their latitude and longitude
coordinates, ensuring that the model accurately accounts for the
spatial dynamics that shape tourist itineraries in dense urban
heritage areas. In detail, given two input vectors x and y, the
cross-product operation can be represented as

=X @y’

where (9 denotes element-wise multiplication.

In cross-networks, this operation is typically extended to
higher-order interactions by incorporating multiple layers.
The output of each layer is fed into the next layer, allowing
the network to capture increasingly complex interactions.
Let x© and y© denote the input features (e.g., latitude and

© Relu Units
() Dense Units
GRU Units /

I

' Museums Tower
| \

(@) D ) )

2(M=lat x W lon + b(") +lat + Ign ‘\

1 [Lat Musem

J [ s ]['T"l\‘

|
L”Lﬁ‘LuJ |

Uffizi Gallery

The Uffizi Gallery in Florence is one of the most important
museums in the world, especially renowned for its
extraordinary collection of Renaissance ...

(aiee) b

longitude coordinates) and z the output of the Ith cross layer.
The computation of the cross-network can be expressed re-
cursively as:

20 =xtD () WO 4 pO 4 x D 4 D),

where W represents the learnable weight matrix for the Ith
layer, b is the bias term, x*=D and y~? are the input features of
the previous layer, and z is the output of the Ith layer.

By stacking the cross layer with a nonlinear dense ReLU
layer with 16 units, the two-tower RS can capture the inter-
actions between latitude and longitude, considering these
values not as independent features but as correlated features,
and during training, the model can learn to quantify these
correlations.

4 | Findings

In what follows, we provide details on the structure of the en-
gineered and augmented dataset, the setting of parameters to
train, validate and test the RS and the performance of the pro-
posed system.
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4.1 | Data Structure

o _ =
T 218 g % . . .
O s|l- o g The feature engineering and data augmentation result illus-
g :3 Q a a2 § § 1 trated in Section 3.2 is a dataset whose structure is shown in
=l A @ > - . S
; 2 a9 2|S g S Table 1.
El: 5 2 ElS = 3
f] — g § g2 8 § Each record represents a FirenzeCard holder to whom visitor
; 3 :rj 5 2" g - and museum features are associated. In particular, on the side of
= 2 = = S ] § the visitor tower, each FirenzeCard holder is associated with the
- sequence of visited museums (sequence), the latent class with
the highest posterior membership probability (ClassVisit), the
g7 T assessed position in terms of longitude (Lon vis.) and latitude
Hlwe @ @ i O (Latvis.), the w(s) function, the weekday of visit (Day of visit) and
;E © N« = i i i the entry hour (Entry time). On the side of the museum tower,
; umz ::a :n % PooE for each cardholder, the Kth museum visited after the first K—1
Slv £ o (= U TR S museums (nextVisMus) is identified with its geographical posi-
tion (Lon Mus. and Lat Mus.), assessed average time of visit (avg
- visit time), total number of visits recorded by the FirenzeCards
@ o o o (total_visits), probability of being visited estimated through the
; & g b LC-IRT model (prob_visit), textual description of the artworks
= ele e < exposed (Description) and its maximum capacity (Max numb
~
© =T a visitors).
= & =
N .
RN I Zle 5 o5 4.2 | Hyperparameter Setting
A g D |+ © ©
SES | |25 ¢ . e dotins
S g S|¥ © © The construction of the two-tower model requires the definition
- | of certain elements before the training, validation and testin
5 8 8
§ 2 phases, in particular: the minimum length of the sequences
8 *3 ° to be considered for training, the type of loss function and the
g g g S number of epochs (see below for details).
= [ S BN | o S = 4
2l 4|0 ¥ @ | = D . . . .
S E S § g g 5 8 8 The effectiveness of our RS depends on its ability to predict the
2R 8 2 %o 8 E E next museum a tourist will visit based on their history of visits.
ol BN < This capability is closely related to defining effective training
and testing datasets. To do this, selecting appropriate sequence
lengths between all the available sequences in the FirenzeCard
4l > o . .
5092 2 2 database is crucial. Sequences must be long enough to capture
p= E § § meaningful patterns but not so long as to reduce the dataset
b § § é § 4 9 9 size excessively. As outlined in Section 3.1, sequences in the
: A=A FirenzeCard database show an average of around 7 visits, so
‘1,53 3 S : 2 we use sequences of at least 6 museums for training and testing
—
2 - 42 Q4 Q the model: the first five museums represent the history of vis-
= § I 8 8 its, whose information will serve to predict the next museum in
g £/ o« the sequence. Thus, after discarding the shorter sequences (i.e.,
&‘3 SR = = with less than 6 recorded entries), the result is a dataset of 91,650
% = sequences. We then split such a dataset, allocating 90% of the re-
& § - cords for training purposes (i.e., the training dataset consisting
8 a/ = = § of 83,022 sequences), 5% for validation purposes (i.e., the vali-
E g CH. ~ dation dataset consisting of 4583 sequences) and 5% for testing
g .
g E « purposes (i.e., the test dataset consisting of 4582 sequences).
£ 5
% The model is trained with a supervised learning approach em-
:2) ploying categorical cross-entropy as a loss function. Such a func-
E I~ I~ tion, suitable for multi-class classification tasks with more than
kS = ; = ;1 two mutually exclusive classes (Mao et al. 2023), quantifies the
& ol ~ oo~ ol ~ “aon dissimilarity between the predicted and the true categorical la-
— o - wn on 151 - wn o . ..
- g % ; " g % : " bels (i.e., the next museum actually visited).
=] 3| 8 O < 3| 8 O <
= NS I
) g QX 9 g AN Another element that has to be set for training the model is the
< wn| o a9 w2 2 9
) number of epochs. An epoch refers to one complete pass of the
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entire dataset through the neural network. During each epoch,
the model processes all data, generates predictions, calculates the
loss and updates its parameters accordingly. Multiple epochs may
be required to achieve effective learning depending on the model
complexity and the dataset size. While more epochs help the
model refine its understanding, too many can lead to overfitting,
where the model learns the training data too well and fails to gen-
eralise to fresh novel data. An early stopping technique is applied
to avoid this, which monitors the validation loss and halts training
when no improvement is observed for 5 consecutive epochs. In our
case, we choose to train the model for a maximum of 40 epochs.
This upper limit is set on the basis of empirical observations in-
dicating that performance typically plateaus well before reaching
20 epochs. By doubling this threshold as a precaution, we ensure
the model has ample opportunity to improve, while maintaining a
safeguard against unnecessary training.

4.3 | Predictive Performance

The model performance is evaluated using the top-K metric
(Jagerman et al. 2022), with K representing the size of the rec-
ommended set of museums. We choose K values of 1, 3 and 5,
meaning the system will suggest one, three, or five potential
next museums to visit, respectively. As exposed in Section 3.2,
the evaluation of the final model is also conducted by varying
the radius R for sampling visitor locations (at the time of the
recommendation request) from 500 to 2000m around the last
visited museum, with incremental steps of 300 m.

Table 2 summarises the model performance on the test data-
set, evaluated across the defined K values for the top-K met-
rics and different configurations of the two-tower model:
baseline model (Figure 3), baseline model with museum tex-
tual descriptions (Figure 4) and final model (Figure 5) with

TABLE 2 | Model performance on the test set, evaluated across
the defined K values for the top-K metric and different visitor location
sampling radius.

Model Top-1 Top-3 Top-5
Baseline model 0.11 0.21 0.31
Baseline model with museum 0.11 0.25 0.35
description

Final model with 2000 m 0.11 0.25 0.35
sampling space radius

Final model with 1700m 0.13 0.30 0.42
sampling space radius

Final model with 1400 m 0.13 0.40 0.54
sampling space radius

Final model with 1100m 0.14 0.43 0.58
sampling space radius

Final model with 800 m 0.21 0.51 0.68
sampling space radius

Final model with 500m 0.30 0.68 0.86

sampling space radius

additional features deriving from the engineering process de-
scribed in Section 3.2. Moreover, we evaluate the performance
of the final model for different radius sizes of the sampling
space from which the location of the visitor requesting the
recommendation is sampled. For each combination of model
and K value, Table 2 reports the proportion (probability) with
which the recommendation matches the next visited museum
in the history of visits (i.e., the one visited after the first five
in each sequence).

As expected, the effectiveness of the recommendation im-
proves as K increases. Furthermore, we observe that feature
engineering and feature augmentation activities, along with
their proper integration into the two-tower model, positively
impact system performance. Table 2 clearly shows a signif-
icant improvement in predictive performance when moving
from the baseline model to the final model and, for the final
model, performance improves further when the sampling ra-
dius for estimating the visitor's location is reduced: namely,
the probability of correct predictions increases from 0.11 to
0.31 for the baseline model up to 0.30-0.86 for the final model
when we consider a 500m distance around the last visited
museum.

Asshown in Table 2, the textual descriptions of museum content
are not particularly relevant for predictive purposes. A possi-
ble explanation for this finding is that the visit sequences pro-
vided as input to the system already implicitly capture visitors'
preferences. Another factor that could play a significant role
in explaining this result is that visit choices are only partially
influenced by the museums' content. In contrast, other factors,
such as the time available and the need to optimise visit duration
imposed by the pass, may have a more substantial impact. This
finding is particularly evident when analysing the performance
of the final model, which explicitly incorporates the visitor's lo-
cation when they choose the next museum to visit.

Note that the maximum probability of correctly predicting the
next museum visited is 86%, achieved when the location of the
FirenzeCard holder (at the time of the hypothetical recommen-
dation request) is within a radius of 500m from the last visited
museum and the system suggests five museums. An 86% success
rate is a value considerably greater than the nominal probabil-
ity that could be calculated if the five recommended museums
were selected randomly, which is approximately equal to 14.71%.
Remaining within a 500 m radius from the last visited museum,
with K=3 and K=1, the nominal probabilities decrease to ap-
proximately 8.82% and 2.94%, respectively. Thus, the designed
RS always performs better than chance, and such performance
significantly increases as the radius from the last visited mu-
seum decreases.

5 | Discussion and Conclusions

5.1 | Discussion

The phenomenon of overtourism has emerged as one of the
most pressing negative consequences of contemporary tour-

ism. Overtourism arises when the volume of visitors at a spe-
cific tourist destination exceeds its carrying capacity, leading
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to overcrowding, excessive commercialisation, hostification
(i.e., the displacement of residents), rising prices, inadequate
infrastructure (e.g., public transport) and the erosion of local
traditions. Collectively, these issues contribute to the social, eco-
nomic and environmental degradation of the tourist sites.

In light of these issues, there is a growing need for agile and
non-intrusive tools to support policymakers in managing tour-
ist flows more sustainably. Recommender systems (RSs) repre-
sent a promising solution, offering the potential to subtly guide
tourist behaviour through personalised suggestions, rather than
through restrictive or coercive measures.

This study introduces a hybrid RS grounded in a two-tower
neural network architecture, designed to predict and influence
museum visitation patterns in Florence. The model was devel-
oped and validated using a rich dataset collected in 2018 via the
FirenzeCard museum pass, including visit sequences and entry
times from over 125,000 tourists. The primary aim of the system
is to forecast museum visits by analysing individual visitor his-
tories alongside similar users’ preferences, while also account-
ing for museum-specific features such as thematic content and
geographical location. As shown in Section 4.3, the proposed
model exhibits a strong predictive performance in forecasting
the next top-K museums a tourist will visit, given the museums
he/she has already visited.

5.2 | Theoretical Contribution

This study contributes to the tourism literature by introducing a
novel application of two-tower neural network architecture, an
approach that, to date, has seen limited use within this domain.
While two-tower models have been widely adopted in other
areas such as e-commerce and media recommendation, their
potential in tourism settings, particularly for managing visitor
flows and enhancing cultural heritage experiences, remains
largely untapped.

Our model offers a genuine Artificial Intelligence framework,
instead of more traditional machine learning approaches that
rely on explicit user profiles. Indeed, in many tourism contexts,
including ours, detailed user data is unavailable due to privacy
constraints or the transient nature of tourists. Our system op-
erates instead on implicit preference signals, inferred from ob-
served sequences of museum visits and contextual features such
as geolocation. This allows us to generate highly personalised
recommendations even in the absence of direct user input or
registration, thereby increasing the model's applicability to real-
world tourism settings.

At the core of our architecture, the user tower integrates a
sequential-based deep learning component, specifically Gated
Recurrent Units (GRUS), to capture the time-dependent and or-
dered nature of tourist behaviour. This design choice addresses
key limitations of classical methods such as Markov models,
which often suffer from cold-start issues and insufficient ro-
bustness in scenarios constrained by opening hours and capac-
ity limits. GRUs provide a stable and parsimonious modelling
framework, well suited to the medium-short sequences charac-
teristic of museum visits compressed within a 72-h tourist pass.

On the item side, we adopt a multimodal representation that in-
cludes textual museum descriptions alongside structured meta-
data (e.g., typology and location). Furthermore, we incorporate
spatial correlations through cross-networks, which explicitly
model the interactions between latitude and longitude. Unlike
traditional deep layers that implicitly attempt to learn such spa-
tial patterns, cross-networks provide a more efficient and inter-
pretable mechanism for capturing location-based relationships,
enhancing the model's ability to recommend nearby and the-
matically relevant attractions.

This paper proposes a modular and adaptable RS architecture
that is highly replicable across similar tourism contexts. The
system's flexibility allows for the seamless integration of ad-
ditional data sources within the two-tower framework. At the
same time, its dynamic nature ensures that recommendations
evolve in real time as a visitor's itinerary unfolds. Given that
the input data is typically collected in many cultural tourism
settings (e.g., through city passes or ticketing systems), our ap-
proach offers a scalable foundation for developing sustainable,
intelligent, data-driven visitor management tools.

5.3 | Practical Implications

The two-tower recommendation model developed in this study
constitutes a foundational component of a broader decision-
support system, potentially governed by Reinforcement
Learning principles. Currently, the system excels at learning
from historical data to predict tourist behaviour with a high
degree of accuracy. This retrieval capability is not merely an
academic exercise. Still, it has critical practical value when em-
bedded into real-world applications, such as a mobile app, where
it can support dynamic, preference-driven itinerary suggestions
supervised by the guidance of local policymakers.

For performance evaluation purposes we test the RS using the
top-K metric where K represents the size of the recommended
set of museums, after a training based on a history of five mu-
seums previously visited. However, the underlying two-tower
model in our approach is also capable of addressing cold-start
scenarios, enabling it to recommend new items even in the ab-
sence of prior user interaction history.

Importantly, the model can capture latent patterns and con-
straints not explicitly encoded in the dataset but inferred from
the sequences of observed behaviours. These include factors
such as preferred days and times for museum visits, the implicit
avoidance of certain time slots despite availability, individual
interests and preferences for specific types of exhibitions and
typical visit durations. Such features position the model as a
sophisticated behavioural predictor, capable of informing real-
time decision-making in complex urban tourism environments.

In practical deployment, the RS could be integrated into a mo-
bile app that offers personalised suggestions while respecting
system-level constraints. For instance, the app could avoid rec-
ommending visits to overcrowded museums at peak times, even
if these align with the user's preferences and instead highlight
alternative options that match inferred interests while alleviat-
ing pressure on the city's most visited attractions. This would
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enable tourism authorities to re-shape visitor flows sustainably,
protecting fragile heritage sites and enhancing the overall tour-
ist experience. In doing so, the RS would serve as a powerful
complement to existing initiatives of the Management Plan
of the Florence Municipality (De Luca et al. 2020; Liberatore
et al. 2023), such as the FirenzeCard project.

5.4 | Limits and Future Research

This study presents a promising step towards intelligent, data-
driven tourist flow management, yet some limitations must
be acknowledged, suggesting avenues for future research and
model refinement.

First, the system has been trained and validated on a dataset
with limited details regarding visitor behaviour. Precise infor-
mation on when each museum visit is completed and the visi-
tor's geolocation at the time of their next decision is not available.
Consequently, certain behavioural features had to be estimated,
such as the time elapsed between visits or the user's position in
the city. However, integrating the RS into a dedicated mobile
application offers a clear path forward. A mobile app would
allow for the automatic acquisition of real-time geolocation
data, access to up-to-date information on museum queues and
opening hours and potentially the collection of optional socio-
demographic and preference-based information at registration.
This would greatly enrich the dataset, transforming the RS into
a more adaptive and context-aware system.

Second, the current system functions as a retrieval model: that
is, it is designed to identify a set of museums likely to interest a
user, but it does not prioritise these suggestions. A natural next
step would be to extend the model into a ranking-based frame-
work, capable of producing an ordered list of recommendations
according to predefined optimisation criteria. These could in-
clude real-time variables such as queue lengths or museum
capacity, and user-centric features such as proximity, thematic
interest and predicted satisfaction. This passage from a retrieval
model to a ranking model necessitates developing and adopting
new evaluation metrics tailored to ranking performance.

Third, the two-tower architecture itself offers fertile ground for
future exploration. In this study, the user tower is built upon a
sequential-based model using GRUs, particularly suitable for
the relatively short and dense visit sequences typical in cultural
tourism contexts. However, alternative deep learning structures
could enhance the model predictive accuracy. Introducing at-
tention mechanisms (Niu et al. 2021) could allow the system to
focus more selectively on the most informative parts of a visitor's
behavioural sequence, potentially outperforming GRUs in sce-
narios with more complex or varied user patterns. Future work
could empirically assess the impact of such architectural modifi-
cations, including comparative analyses between recurrent and
attention-based models.

In conclusion, while the current model represents a significant
advancement in the application of AI to tourism management,
its full potential will be realised through its deployment in live
systems and its continuous improvement via user interaction and
technical innovation. These developments lay the groundwork

for more intelligent, sustainable and user-centred approaches to
cultural tourism governance.
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