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Abstract

Recommendation systems applied to tourism are widely recognized for improving the
visitor’s experience in tourist destinations, thanks to their ability to personalize the trip.
This paper presents a hybrid approach that combines Machine Learning techniques with
the Ordered Weighted Averaging (OWA) aggregation operator to achieve greater accuracy
in user segmentation and generate personalized recommendations. The data were collected
through a questionnaire applied to tourists in the different points of interest of the Special,
Tourist and Cultural District of Riohacha. In the first stage, the K-means algorithm defines
the segmentation of tourists based on their socio-demographic data and travel preferences.
The second stage uses the OWA operator with a disjunctive policy to assign the most
relevant cluster given the input data. This hybrid approach provides a recommendation
mechanism for tourist destinations and their cultural heritage.

Keywords: recommendation systems; tourism; machine learning; K-means algorithm;
clustering; OWA

1. Introduction
The tourism sector has achieved an important position in the economy, consolidating

the development of destinations worldwide. Technological advances such as artificial in-
telligence (AI) are increasingly contributing to the improvement of tourism services. The
particular preferences of each tourist demand the development of customized solutions to
improve the visitor experience [1]. In this context, many touristic destinations have built
AI-based recommendation systems that are used by tourists to explore, know and learn
about interesting points of interest, about suitable restaurants where to eat or about hotels to
stay tourists [2,3]. This technological integration has been shown to significantly improve
tourist’s satisfaction in the search of touristic facilities [4]. In addition, recommender systems
have become valuable allies of cultural tourism. The World Tourism Organization (UNWTO)
defines this type of tourism as all those activities in which people participate to satisfy specific
cultural motivations through a set of tangible and intangible cultural attractions offered by
the tourist destination [5]. It includes diverse activities such as shows, celebrations, festivals
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or local carnivals, visits to historical or commemorative sites, traveling to learn about nature,
enjoying natural landscapes or local traditions, and making peregrinations [6].

The ability of a destination to make visible and promote its singular touristic products
and services increases the possibility of building a competitive market and attracting new
tourists [7]. This fact is specially recognized for emerging tourist destinations, which are
places with many interesting points of interest but without (or with few) foreign visitors.
In this paper, we will study in detail the case of Riohacha, in Colombia. This city was
designated as “Special, Tourist and Cultural District of Riohacha” in 2015. It is located
in the Guajira peninsula, in the Caribean coast, in the north of Colombia. Riohacha has
many potential tourist attractions that include cultural elements of great relevance, a rich
local gastronomy, traditional and folkloric aspects, outstanding handicrafts of the Wayuu
ethnic group, and the renowned monument of The Palabrero, designated as intangible
cultural heritage of humanity. Despite the region’s efforts to align itself with national
strategies that seek to link cultural heritage to the tourism offer, the region is still attracting
few tourists [8]. The availability of a personalized recommender system could help to
promote such emerging destinations worldwide in order to attract new tourists to those
regions. However, the use of some of the usual data analysis and AI-based recommendation
techniques in such emerging tourist destinations may be a challenge, due to the scarcity of
available structured data from previous visitors [9].

Goal and Contributions

This research presents a recommendation system in the field of cultural tourism to
strengthen the promotion and attractiveness of emerging destinations by increasing the
visibility and engagement of their touristic activities.

To address data limitations in emerging tourist destinations, this study proposes
a recommender model based on only socio-demographic and trip characteristics of the
visitors. The system uses the K-means clustering algorithm to identify relevant user profiles
from a reduced number of visitors. Observing the activities done by these visitors, each user
profile is associated with a set of preferred types of activities. When a new visitor connects
to the system, the system makes uses flexible parametrized aggregation operators (i.e.,
OWA—Ordered Weighted Average) to assign the user to one of the profiles and retrieve
the appropriate list of recommended activities for this person.

The contributions of this study in the development of a recommendation system can
be summarized in three components: (1) the identification of profiles of tourists based
on demographic data and trip characteristics, (2) the association of a new tourist with
one of the profiles, which determines a personalized list of activities that match with this
person’s characteristics, and (3) the construction of a recommender system for the District
of Riohacha, which serves to validate the proposed methodology in a practical context.

The structure of the article is as follows: Section 2 describes the literature recom-
mendation systems. Section 3 focuses on the proposed approach. Section 4 presents the
experimental phase. Finally, Section 5 contains the conclusions and future work.

2. Literature Review
Technological advances in the tourism industry have evolved the traditional way

of presenting information [10], adopting technologies such as artificial intelligence and
recommender systems. In this field, there is a trend towards the use of machine learn-
ing algorithms to improve the capacity of recommender systems and provide relevant
information to the tourist through a set of input data [11]. Existing literature suggests that
personalization in recommender systems improves the user experience by adapting to user
preferences and providing more accurate recommendations [12].
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In addition, previous research has explored the development of recommender systems,
determining that it is relevant for tourist destinations as it contributes to improving their
competitiveness [13]. Recommendation systems applied to tourism are valuable tools for the
industry, offering personalized suggestions for activities, routes, trips, and hotels through ad-
vanced collaborative filtering techniques [14], content-based filtering, and machine learning
algorithms [15,16]. Collaborative filtering allows users’ historical interactions with products
to uncover common preferences, while content-based filtering takes additional user data
to analyze past behavior and current preferences to deliver products [17]. These systems
focus on key activities in a destination, such as restaurants, attractions, events, tourist sites,
museums, festivals, local activities tours, and guided activities.

In [18], it is highlighted that recommender systems work through techniques such as
filtering and ranking data based on their similarities. To address the inherent limitations of
data sparsity and cold start, the authors presented a hybrid recommender system whose
model generated a user-product rating matrix. The matrix was used to identify clusters
and served as input to apply association rules in product recommendation. Although
the method succeeded in reducing dispersion, the accuracy of the system is limited. In
this respect, [19] indicates that personalization of recommendations requires the use of
user data such as reviews and contextual information. Using hybrid approaches that
change filtering techniques in tourism activities optimizes the quality and quantity of
recommendations presented to travelers, which in turn facilitates the decisions they make
during their trip. To exploit that data, tourism recommendation systems have incorporated
clustering algorithms, which facilitates user segmentation [20]. Their results show the
identification of segments in the demand of visitors to the Bahrain Food Festival and the
relationship of the segments with socio-demographic aspects.

Emerging destinations, as opposed to consolidated ones, need to be promoted accord-
ing to their particular characteristics without relying on other visitors’ data. Since they are
new destinations, the perception that tourists have of the destination can be biased, and this
hampers the discovery of new attractions [21]. Therefore, the construction of recommender
systems in such destinations must be made with a combination of the available information
from visitors but also with on-site knowledge about the points of interest of the place.

3. Materials and Methods
In this work, we have designed a methodology for building a recommendation system

about touristic activities in an emerging tourist destination. The particular case of the
Historic Center of the District of Riohacha will be used as a case study. Figure 1 displays the
different techniques used in the process for building and using the recommender system. The
recommendation will be based on the similarity of the new tourist with respect to some user
profiles. These profiles are constructed in two steps from data collected in a survey conducted
with some visitors to the city. Each of the steps is explained in the following sections.
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Figure 1. Process of the recommender system construction and use.

3.1. Data Design and Collection

The first step of the process consists of generating a dataset of information about the
visitors of the touristic destination of interest. As explained before, emerging destinations
do not have this data available due to a lack of a consolidated touristic infrastructure,
with touristic destination offices that are in charge of conducting surveys and studying the
tourism behavior in their area. Therefore, the creation of an appropriate data collection
instrument is required.

The review and analysis of the literature relevant to the design of the tourism recom-
mender systems [22–24] provided sufficient and necessary information to identify the most
relevant questions on sociodemographic characteristics and travel preferences indicators.
A list of questions was designed for Riohacha District. The validation of the instrument was
carried out with the help of a panel of experts in the field. They analyzed the questions in
order to optimize the questionnaire in terms of the type, quality, and quantity of data to
be collected, in order to obtain a sufficient sample for the design of the proposed recom-
mendation system. In addition, a pre-test or pilot test was carried out, which allowed us to
fine-tune not only the wording and semantics but also the text of the questions, so that it
would be correctly understood by the respondents and fully in line with the requirements of
the data needed for the recommender system. The sociodemographic data collected through
the questionnaire are presented in Table 1, detailing the distribution of the participants
according to the categories established: age, sex, level of education, and occupation.

The questionnaire includes four sociodemographic variables: age, sex, level of edu-
cation, and occupation. For the occupation variable, the United Nations Classification of
Economic Activities adapted for Colombia was used [25]. The data presented in Table 2
correspond to the trip characteristics. Five questions were asked to identify the following:
(1) average number of places of cultural interest visited during the stay; (2) time spent
visiting the city; (3) with whom they travel; (4) points of cultural interest to visit in the
District of Riohacha presented to respondents through a list of options that included the
different types of cultural attractions in the Historic Center of the District of Riohacha, such
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as monuments, paintings, historical sites, urban heritage, folkloric events, among others;
and (5) time of visit.

The fieldwork was carried out in the historic center of the city, and participants
were selected asynchronously. Printed and online questionnaires were used to collect the
information. Answers were properly transferred to a computer system, and they were
revised and curated. The sample collected corresponds to 393 tourists who visited the
Historic Center of the District of Riohacha during the vacation season between June, July,
and August in 2022. As a result of random non-probabilistic sampling and based on
the accessibility and proximity of the object of study, the sample size was determined
considering a statistically infinite population.

Table 1. Sociodemographic characteristics of the tourist sample (N = 393).

Id Category Acronym Frecuency Percentage (%)

V1 Age group

<18 22 6
18–25 101 26
26–35 122 31
36–50 86 22
51–64 53 13
65+ 9 2

V2 Sex
Men M 184 47

Women W 209 53

V3 Level of
education

Elementary education E 8 2
Secondary education S 52 13

Education for Work and
Human Talent W 77 20

University education U 220 56
Postgraduate P 34 9

V4 Occupation

Students St 72 18
Unemployed U 3 1

Human health care and social
assistance H 33 8

Teaching T 23 6
Public Administration and

Defense Pu 14 4

Artistic, entertainment and
recreational A 11 3

Accommodation and food
services F 10 2

Information and
communications I 8 2

Professional, scientific and
technical activities Sc 113 29

Wholesale and retail trade R 56 14
Pensioner Pe 11 3

Self-employed Se 2 0
Other activities O 39 10

Total 393 100
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Table 2. Trip characteristics.

Id Questions Responses Acronym

V5
When you visit a tourist destination, how
many cultural sites of interest do you visit

on average during your stay?

1–2
3–4
5–6
7–8
9–10
10+

V6
How much time do you spend on your trips

visiting tourist attractions of cultural
interest?

Less than 1 h <1
1–3 h 1–3

3 h or more 3+

V7 When you travel, you generally do so

Alone A
In a group G

With the family Fa
With friend Fr

V8
At what time do you prefer to visit the

tourist attractions in the District of
Riohacha?

Morning M
Afternoon A
Evening E

Indifferent I

V9 What are you interested in knowing in the
Riohacha District?

Monuments M
Paintings P

Historic Sites H
Urban Heritage U

Architectural Heritage A
Festive and recreational events F

Traditional religious events R
Handicrafts H

Traditional medicine M
Culinary Culture C

Language and traditions L
Natural habitat N

Architectural Works A

3.2. Data Pre-Processing

As seen in Tables 1 and 2, the questionnaire had only two numerical questions (age
and number of sites visited, V1 and V5), while the rest were open-ended categorical, with
different numbers of categories (from 2 to 13). Before applying any clustering algorithm,
the data were binarized. A one-hot encoding procedure was applied to single-answer
questions: V2, V4, and V6. For the questions V7, V8 and V9, which allowed multiple
answers, each of the selected categories is coded as “1”, and “0” for the non-selected.
Finally, in question V3, which corresponds to the level of education, the following coding
was applied (Table 3):

Table 3. Level of education coded.

Category E S W U P

Elementary education 1 0 0 0 0
Secondary education 1 1 0 0 0
Education for Work and
Human Talent 1 1 1 0 0

University education 1 1 0 1 0
Postgraduate 1 1 0 1 1
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3.3. Grouping Tourists in Clusters

The recommender system proposed is based on identifying differentiated profiles of
visitors with different interests, who should receive different recommendations about the
activities and places to visit. As there is no prior study of the typology of the visitors in
emerging destinations (as is the case in Riohacha District), we can rely on the use of data
mining techniques, such as unsupervised clustering algorithms, to automatically discover
groups of similar tourists.

Unsupervised clustering techniques include several algorithms, based on distances,
densities, neural networks, or others [26]. Considering the limited amount of data that can
be obtained in emerging destinations, a good performing method is the K-means algorithm.
The next subsection explains in detail how it has been used in the case study of the city
of Riohacha.

3.3.1. Building Clusters with K-Means

The K-means clustering algorithm consists of segmenting the data in a multidimen-
sional space into k distinct and disjoint groupings or clusters of objects. To this end, it starts
by specifying an initial number k of clusters, and each object will be assigned to a single
cluster [27]. K-means clustering minimizes within-cluster variances. The algorithm starts
with k seed objects, randomly selected from the dataset. At each iteration, a new object is
taken and assigned to the closest cluster.

Similarity between objects is usually calculated with the Euclidean distance measure
d. Having a set of objects (x 1, x2, . . . , xN) and k clusters gi with centroids (c 1, c2, . . . , ck),
we can formulate the objective function of K-means as the minimization of the following
objective function:

J = ∑N
i=1 ∑k

j=1 rijd(x i − cj
)

(1)

where

rij =

{
1 i f xi ∈ cluster j
0 i f xi /∈ cluster j

At each iteration, we update the centroid cj of the j-th cluster, the one that receives
a new object, by using the following equation:

cj =
∑N

i=1 rijxi

∑N
i=1 rij

(2)

The K-means unsupervised machine learning algorithm requires that the value of k is
to say the number of clusters. To determine the optimal value of k, several quality measures
can be used, with these being the most popular: Elbow, Silhouette, and Davis Bouldin,
which are defined below. When these measures are not able to identify the appropriate
value of k, we can explore an alternative space with linearly uncorrelated dimensions.
The Principal Components Analysis (PCA) technique permits the construction of such
a new space with a reduced number of orthogonal dimensions. The new space captures
the largest variation in the data with less dimensions. Applying the K-means algorithm to
this reduced and uncorrelated space may help to discover the best number of clusters, as it
will be shown in the case study.

3.3.2. Clustering Validation Measures

The Elbow method [28] and Silhouette [29] and Davies–Bouldin [30] evaluation mea-
sures are designed to quantify the quality of a partition generated with an automatic
clustering algorithm. Each of these measures provides a different perspective on clustering
quality and can help make informed decisions about the appropriate number of clusters.
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First, the Elbow method is a visual inspection technique that displays for different number
of clusters, k, the Within-Cluster Sum of Squares (WCSS), which is the sum of the squares of
the distances from each data to the centroid of the respective cluster [31] and corresponds
to the objective function presented in Equation (1). The point where an increase in K is
not longer leads to a decrease of WCSS is called the “elbow,” and it determines the best
value for k. Secondly, some numerical indicators have been defined to assess the quality
of a cluster. Within each cluster, there may be a certain dispersion, which implies that the
distances between points within a cluster, or the distance to its centroid, may vary signifi-
cantly between clusters. The “cluster silhouette” is defined in terms of the homogeneity of
these intra-cluster distances, Equation (3), which measures of how similar a data point is
to its own cluster, i.e., its “cohesion” compared to other clusters [32–35]. To calculate the
silhouette of a data point i of a cluster, we calculate the average distance between i and the
rest of the points of the same cluster, denoted as a(i). For the same data point i, the average
distance between it and all points in the cluster nearest to it is calculated (different from the
cluster to which it belongs), which is denoted as b(i), where máx

{
a(i), b(i)

}
refers to the

maximum value between a(i) and b(i). The silhouette index ranges from −1 to +1, where
a high value indicates that the object is well matched to its own cluster and it is different
from neighboring clusters.

Finally, the Davies–Bouldin index is used to assess the quality of a set of clusters in the
dataset by means of a score that represents the average ratio of the within-cluster dispersion
to the between-cluster separation, Equation (4). For n clusters, with ci the centroid of the
i-th group and σi intra-cluster dispersion of the group i, which is generally calculated as the
average distance between the points of the group and their centroid, d

(
ci, cj

)
represents the

distance between the centroids ci y cj of two groups. maxi ̸=j corresponds to the maximum
value that the indicated quotient can take, provided that i ̸= j, that is for neighboring
clusters. The lower the Davie–Bouldin Index, the better the partitioning of the data into
clusters, as it implies a stronger intra-cluster cohesion (the dispersion between points will be
small), and the larger the inter-cluster distances will be It is best to separate well-separated
clusters, which avoids possible cluster overlaps [36,37].

s(i) =
b(i)− a(i)

max
{

a(i), b(i)
} (3)

DB =
1
n∑n

i=1 maxi ̸=j

(
σi + σj

d
(
ci, cj

)) (4)

3.4. Constructing the Clusters Profiles

In this paper, we propose a procedure for constructing the representative profile of
a cluster. Each cluster will have a profile that consists of two parts: tourist features (V1, V2,
V3, V4, V8) and the activities done (V9). For each tourist feature Vi, we have a list with all its
n modalities with an associated percentage score: [(mi1, pi1) , (mi2, pi2) , . . . , (min, pin)].
This procedure is detailed in Algorithm 1.

Algorithm 1. Profile construction for tourist features

For each variable:

STEP 1. In each cluster, the percentage pij of the modality mij is calculated considering
the number of tourists who belong to that cluster that selected mij

STEP 2. Percentages pij < 10% are reduced to 0%, as they are not relevant.
STEP 3. The remaining percentages are rescaled to satisfy ∑n

j=1 pij = 100
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For example, we may have Cluster X and variable V3 (education level) with the profile
[(E, 0%), (S, 85%), (W, 0%), (U, 15%), (P, 0%)]. We know the following:

• E, W, and P have a value of 0%, which indicates that there are no tourists in that cluster
with those levels of study.

• S represents 85%, suggesting that the majority of tourists in this cluster have attained
this level of education.

• U has a value of 15%, indicating lower representation of university students in
this cluster.

For the second part of the profile consisting of travel activities, the information ob-
tained from question V9 is used. For each cluster, we will have a list that includes the
activities done by the majority of members of each cluster: A = {a1, a2, . . . ., as}. The
length of the list, s, may be different for each cluster. Algorithm 2 details this procedure.

Algorithm 2. Profile construction for the touristic activities

STEP 1. We construct a table with the percentage of members of each group that
choose each of the activities.

STEP 2. In order to focus the analysis on the distinctive traits, we omit the activities
that are common to all the clusters (e.g., visiting monuments, handicrafts and
traditional cuisine) during the next stages of the personalization procedure.
So, we keep the categories that have significant differences in the selections
among the clusters.

STEP 3. In the analysis of visitor profiles and types of cultural activities, we may find a
large variance in the selection percentage of some less popular activities (e.g.,
religious events or traditional medicine) in comparison with others (e.g.,
historical sites, language, and traditions). A category is then assigned to the
clusters with a significant higher percentage of participation. Taking into
account that this variable allows multiple responses, when possible, we assign
a category to all the clusters where at least 50% of participants selected it. If a
category has all percentages below 50%, then we decrease the threshold to
25%. If the percentages are still lower to 25%, in order to identify the
categories that best represent the members of a cluster, we should analyze the
distribution of the percentages of answers of each category per clusters and
find the appropriate distinctive cut level.

For example, let us consider the distributions shown in Figure 2, we can identify that the
Architecture Heritage activities should be recommended to the members of cluster 5 and 8.

 
0% 5% 10% 15% 20% 25%

0
1
2
3
4
5
6
7
8
9

Architectural Works

Figure 2. Thresholds to indicate activities with percentages < 25%.
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3.5. Recommending Activities to a New Tourist

The recommendation procedure will consist of assigning a new visitor to one of
the clusters by taking into account the cluster profiles. The visitor will answer all the
questions except V9, which are the activities that we want to recommend to him/her.
Then, the user is assigned to the nearest cluster by using the following algorithm, where
the similarity score of the user to the clusters is calculated by means of the Ordered
Weighted Averaging Operator (OWA). Algorithm 3 outlines this recommendation process.

Algorithm 3. Procedure for recommending activities to a new tourist

For each cluster gc
For each variable Vi

Being modality mij selected by the user, pij percentage of mij in gc
We calculate the aggregated score si = OWAw

(
pij, w

)
Assign the user to the cluster with maximum si

The OWA operator applies an ordered weighted average on the values to be aggregated
(p1, p2, . . ., pn) as follows [38]:

OWAw ( p1, p2, . . . , pn) =
n

∑
j=1

wj pσ(j)

where pσ(j) is a vector that includes the values to be aggregated (p1, p2,. . ., pn) arranged
from largest to smallest. w is a vector of weights that defines the majority degree that is
required during the aggregation. The weights thus give the importance of the values in
each position regardless of the source of the value in that position.

The key property of the OWA operator is that the weighting vector is establishing
the degree of andness used in the aggregation. In that way, the weights model different
aggregation policies, ranging from situations of full andness (when w1 = 1 and the rest are
0) to full orness (when w1 = 1 and rest are 0). Any possibility in between can be represented
with an appropriate combination of the weights. In all cases, the sum of all weights must
be equal to 1, ∑m

k=1 wk = 1.

3.6. Computational Cost

The method proposed is scalable since it only requires comparing the new user with
a reduced and fixed number of cluster prototypes. The costliest part of the method is
the construction of the clusters, but this process is conducted offline. In the case study
presented below, the clustering was done before the deployment of the recommender
system by grouping the visitors’ values using the k-means algorithm. In case more data
are collected in the future (for example, if the city becomes more popular), the clustering
should be redone in order to adapt the clusters to the possible new profiles of tourists.
However, the k-means clustering algorithm has a linear cost O (nki) in terms of the number
of tourists n, the number k of clusters, and the number i of iterations to converge (which is
usually low). This linear computational cost is a great advantage of this recommendation
system. Thus, there is no need for large resources nor large amounts of time. This offline
task will only be done when the destination managers detect significant changes in the
number and type of visitors.

4. Case Study: The Riohacha District in Colombia
The methodology presented for constructing the recommender system was applied to

the case of the Riohacha District in Colombia. Some questions from the initial questionnaire
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were not used in the recommender. In particular, variables V5, V6, and V7 were initially
considered in the data collection instrument; however, after a methodological analysis,
they were excluded from the computational process, as they did not provide significant
differentiation for the development of user profiles. The model was trained mainly using
sociodemographic data, which served as the basis for segmentation, ensuring that the
system aligned as closely as possible with tourist profiles.

4.1. Results of Grouping Tourists in Clusters and Building the Profiles

After the data collection explained in Section 3.1 and its codification explained in
Section 3.2, the procedures of clustering and profiling were conducted to build a recom-
mender system. To identify the number of clusters associated with the data, the Elbow
method and the silhouette coefficient were initially applied to the original codified dataset.
What can be appreciated by contrasting the graphs in Figure 3 is that the methods used do
not coincide in the optimal number of clusters given the large number of binary variables
in the dataset. For this reason, Principal Component Analysis (PCA) was applied to reduce
the dimensionality.

Elbow Silhouette 

 

Figure 3. Quality results of Elbow and Silhouette without PCA.

Principal Component Analysis (PCA) was performed on the dataset variables corre-
sponding to the tourist profile V1, V2, V4, and the variable V8 of the trip characteristics.
Subsequently, the K-means model was trained by applying a dimensionality reduction to
only three components that represented 83% of the total variance. To determine the number
of clusters, we calculated the value of the Elbow, Silhouette, and Davies–Boulding metrics.
According to the results obtained, it is recommended to work with 10 clusters, as illustrated
in Figure 4. Using these methods, the optimal number of clusters was identified clearly in
the three techniques. The choice of k is crucial for the success of the K-means model and
the segmentation of the tourists, taking into account similarity patterns.

  

(A) (B) (C) 

Figure 4. Quality results with PCA: (A) the Elbow method, (B) the Silhouette method, and (C) the
Davies–Bouldin Method.
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Table 4 shows the proportion of tourists that belong to each of the 10 clusters. We
can see that most of them range from 9% to 13%, which indicates that all the clusters
have a similar number of tourists. There are only two clusters with 7% of members,
corresponding to clusters with id = 3 and id = 9.

Table 4. Scaled data sociodemographic profile of tourists.

Cluster
Level of Education Occupation Time to Visit Sex Age

E S W U P H Sc Pu A R U T F St I O Pe M A E M/A M/E A/E M/A/E I Women Man [18–
25]

[26–
35]

[36–
50]

[51–
64]

[65–
85]

0 0% 85% 0% 15% 0% 0% 100% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 31% 0 25% 0 0 0 0 44% 65% 35% 0% 100% 0% 0% 0%
1 0% 68% 0% 32% 0% 0% 0% 0% 0% 0% 0% 0% 0% 100% 0% 0% 0% 0% 73% 27% 0% 0% 0% 0% 0% 54% 46% 100% 0% 0% 0% 0%
2 0% 33% 0% 67% 0% 21% 0% 0% 0% 79% 0% 0% 0% 0% 0% 0% 0% 0% 85% 0% 0% 0% 15% 0% 0% 47% 53% 0% 100% 0% 0% 0%
3 18% 62% 0% 21% 0% 0% 28% 0% 0% 18% 0% 31% 0% 0% 0% 12% 12% 0% 26% 0% 0% 0% 0% 0% 74% 51% 49% 0% 0% 0% 100%0%
4 11% 61% 0% 28% 0% 16% 61% 0% 0% 22% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 100% 46% 54% 0% 0% 100% 0% 0%
5 0% 64% 0% 36% 0% 0% 22% 0% 0% 0% 0% 0% 0% 78% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 65% 35% 100% 0% 0% 0% 0%
6 16% 57% 0% 27% 0% 12% 16% 0% 0% 0% 0% 0% 0% 29% 0% 29% 14% 100% 0% 0% 0% 0% 0% 0% 0% 88% 12% 28% 12% 12% 35% 14%
7 23% 47% 0% 30% 0% 13% 43% 0% 0% 20% 0% 0% 0% 0% 0% 23% 0% 0% 70% 0% 15% 0% 15% 0% 0% 31% 69% 0% 0% 100% 0% 0%
8 0% 52% 0% 48% 0% 22% 50% 0% 0% 28% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 100% 61% 39% 100% 0% 0% 0% 0%
9 0% 54% 0% 46% 0% 24% 0% 16% 0% 44% 0% 0% 0% 0% 0% 16% 0% 0% 0% 0% 0% 0% 0% 0% 100% 49% 51% 0% 100% 0% 0% 0%

In the first part of the profile, a table was constructed that organizes the sociodemo-
graphic data of tourists by cluster. Table 4 shows the scaled data with the percentages
obtained in the respective modalities. Cells in green indicate the distinctive modalities for
each cluster.

Description of the characteristics that define each cluster in the population studied,
see Figure 5:

• Cluster 0: Women with secondary school studies, working in scientific jobs, with no
preference in time and ages between 26 and 35.

• Cluster 1: Women or men with secondary education, with student occupation, prefer-
ring to visit in the afternoon and with ages between 18 and 25.

• Cluster 2: Women or men with university education and working in wholesale and
retail trade, preferring to visit in the afternoon and with ages between 26 and 35.

• Cluster 3: Women or men with secondary education, working in teaching, with no
preference in time and with ages between 51 and 64.

• Cluster 4: Women or men with secondary education, working in scientific jobs, with
no preference in time and with ages between 36 and 50.

• Cluster 5: Women with secondary education, with student occupation, with no prefer-
ence in time, and with ages between 18 and 25.

• Cluster 6: Women with secondary education and student occupation and other activi-
ties, who prefer to visit in the morning and all ages.

• Cluster 7: Men with secondary education, working in scientific jobs, preferring to visit
in the afternoon, and with ages between 36 and 50.

• Cluster 8: Women with secondary education working in scientific jobs, with no prefer-
ence in time and with ages between 18 and 25.

• Cluster 9: Women or men with secondary education working in wholesale and retail
trade with no preference in time and with ages between 26 and 35.

In the second part of the profile, a list of activities on the cultural points of interest
to visit was constructed. At this stage, the variables were also scaled in each cluster. The
results of this phase are presented in Table 5, where the cells in gray indicate the relevant
activities in each of the clusters.
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Figure 5. Tourists distribution in the 10 clusters.

Table 5. Scaled data on interest in visiting the different types of activities in the Riohacha District.

Cluster Monuments Paintings Historic
Sites

Urban
Heritage

Architectural
Heritage

Festive and
Recreational

Events

Traditional
Religious

Events
Handicrafts Traditional

Medicine
Culinary
Culture

Language
and

Traditions
Natrual
Habitat

Architectural
Works

0 69% 31% 52% 15% 19% 17% 4% 79% 8% 56% 35% 29% 10%
1 44% 14% 50% 22% 17% 56% 6% 75% 8% 56% 53% 8% 11%
2 64% 19% 39% 25% 22% 36% 11% 86% 8% 58% 44% 22% 6%
3 71% 14% 60% 29% 14% 23% 3% 91% 6% 51% 43% 31% 11%
4 74% 26% 43% 26% 20% 20% 4% 89% 11% 52% 52% 17% 11%
5 76% 26% 55% 21% 24% 21% 14% 83% 12% 48% 48% 17% 21%
6 60% 19% 54% 23% 19% 35% 13% 85% 13% 54% 40% 21% 13%
7 58% 8% 44% 31% 19% 33% 8% 86% 6% 44% 28% 19% 14%
8 42% 26% 32% 19% 19% 35% 6% 84% 19% 58% 48% 16% 19%
9 77% 14% 34% 14% 11% 31% 3% 83% 11% 51% 51% 14% 6%

The handicrafts, monuments, and local culinary culture are the most popular activities
for tourists visiting the area. When analyzing each cluster, it can be observed that some
groups are interested in additional activities beyond the most popular cultural attractions.
Among these activities, visits to historical sites, paintings, and urban heritage are presented
in a smaller number of clusters. In particular, visits to paintings and historical sites are
predominant among women, with a majority in the 18–25 and 26–35 age ranges. In addition,
certain activities such as folkloric events and traditional medicine are characteristic of
a single cluster, while others such as architectural heritage, religious events, languages, and
traditional, habitat, and architectural works are distributed among two or three clusters,
adapting to the specific preferences of different groups of tourists.

Sensitivity Analysis

To evaluate the robustness of the recommendation system against variations in the
thresholds defined for each type of cultural activity, a comparative analysis was conducted.
This involved modifying the thresholds and examining the effects of increasing and de-
creasing them across different ranges. Table 6 shows the number of cultural activities
recommended to user clusters under various threshold levels, both above and below the
reference value. Activities with low recommendation assignment (recommended to one
cluster or no clusters) are highlighted in blue. An increase of just 2% in the threshold leads to
a rise in activities falling into this undesired condition, increasing from two to four clusters.
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Table 6. Number of recommended activities per cluster with threshold sensitivity analysis.

Number of Recommended Activities with Increased Threshold

Threshold
Monuments
(Threshold

50%)

Paintings
(Threshold

25%)

Historic
Sites

(Threshold
50%)

Urban
Heritage

(Threshold
25%)

Architectural
Heritage

(Threshold
20%)

Festive and
Recre-
ational
Events

(Threshold
50%)

Traditional
Religious

Events
(Threshold

13%)

Handicrafts
(Threshold

50%)

Traditional
Medicine

(Threshold
15%)

Culinary
Culture

(Threshold
50%)

Language
and

Traditions
(Threshold

50%)

Natrual
Habitat

(Threshold
25%)

Architectural
Works

(Threshold
15%)

0 8 4 5 4 3 1 2 10 1 8 3 2 2
2 8 1 4 2 2 1 0 10 1 6 2 2 2
5 8 1 2 1 0 1 0 10 0 4 0 1 1
7 8 0 1 0 0 0 0 10 0 2 0 0 0
10 7 0 1 0 0 0 0 10 0 0 0 0 0

Number of Recommended Activities with Reduction to the Threshold
0 8 4 5 4 3 1 2 10 1 8 3 2 2
2 8 4 5 5 7 1 3 10 2 9 5 2 4
5 8 4 5 7 8 1 4 10 5 9 5 4 8
7 9 6 7 8 9 1 6 10 8 10 7 5 8
10 10 6 7 9 10 1 10 10 10 10 8 8 10

Conversely, activities recommended to seven or more clusters are marked in orange,
which implies that most of the tourists are being directed to the same places, reducing differ-
entiation among experiences, and producing overcrowding situations. While a 2% decrease
in the threshold is considered acceptable, further reductions are not recommended, as up
to six clusters fall into this condition. These findings support the selected threshold as the
most balanced configuration, with only a 2% reduction being tolerable.

Figure 6 shows the total number of activities recommended across all clusters as the
threshold changes in the range from −10 to +10 relative to the originally established values.
As observed, the results follow an almost linear trend, suggesting that the output depends
linearly on the value of the threshold (i.e., a small variation in the threshold leads to a small
variation in the results). Therefore, the proposed method shows a linear smooth behavior
in terms of threshold changes, which shows that the results are sensitive to this parameter.
Consequently, a proper adjustment of the threshold is needed to have a balanced assignment
of activities to clusters, which confirms what was observed in the previous table.
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Figure 6. Sensitivity analysis with respect to threshold variation.

4.2. Results of the Recommendation Process: Validation with Tourists

The validation of the tourism recommendation system was carried out through tests
conducted with a group of tourists in the District of Riohacha, in order to evaluate the
functionality of the system and the satisfaction of the participants. For this purpose, the
web platform designed for cultural tourism recommendations in the Historical Center of
Riohacha was used, and the participants tested the system in a real environment, allowing
direct interaction with the interface and its functionalities. The onterface is only available
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in Spanish. The validation process involved 51 tourists visiting the District of Riohacha; the
group was composed of users of various ages and profiles to obtain a broader perspective on
the user experience. Figures 6 and 7 present representative images of the system interface.

 

Figure 7. System interface—user input form.

After interacting with the system, tourists completed a survey designed to measure
the system’s functionalities. The questions focused on relevant aspects of the recommender
system, including the accuracy of recommendations, ease of use, relevance of the informa-
tion provided, and overall satisfaction, see Table 7. The main questions posed in the survey
are presented below:

1. Is the website easy to use?
2. Do you consider the content of the web application relevant?
3. Can you act on the information provided by the web application?
4. Would you recommend the web application?
5. Did the recommendation help you identify points of cultural interest in the Historic

Center of the District of Riohacha?
6. Do you consider that more points of cultural interest should be added to the recom-

mendation provided by the application? Which ones?

Table 7. User satisfaction evaluation.

Ask Yes
1. Easy navigation 100%
2. Relevance of content 100%
3. Effectiveness of information 100%
4. Recommendation of the application to other users 100%
5. Identification of points of cultural interest 100%

Table 6 summarizes the results obtained from the participants’ responses in the first
five questions. The objective of the open question 6, which asked for suggestions to improve
the recommendation offered by the system, was to evaluate whether users considered it
necessary to add more points of cultural interest in the recommendations provided by
the application, as well as to identify what type of additional experiences would be of
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interest to enrich the offer. Although the focus of the web application is cultural tourism,
users expressed significant interest in local gastronomy. User responses show a strong
tendency towards the inclusion of information on typical gastronomic sites. In addition,
participants suggested including cultural experiences based on the experiences of other
tourists. Another point that stands out is the importance of expanding the recommendation
beyond the District of Riohacha to include the entire Department of Guajira.

In addition to the previous questions, users had to give a rating on the quality of the
recommendations provided by the web application, by means of a scale from 1 to 5, with
the purpose of measuring the satisfaction and effectiveness of the recommendations. The
distribution of the scores by cluster is shown in Figure 8. The graph shows the ratings
given by tourists, segmented according to the cluster to which they were assigned by the
system, which allows us to analyze the level of satisfaction associated with each group of
users. Most of the groups were completely satisfied with the recommendations received
(qualification of 5), having only some ratings of 4 or 3 in clusters 1, 4, and 7. No rating
below 3 was obtained in any cluster.

Figure 8. System interface—visualization of recommended points of interest.

Figure 9 shows the distribution of users by cluster. It can be seen that clusters 1, 4, and
7, mentioned above, concentrate the highest population density, with more than 50% of all
segmented users.
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Figure 9. Distribution of user ratings by cluster.
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4.3. Comparison of Cluster Distribution in Training and Testing

Figure 10 shows the distribution of users assigned to each cluster in the training and
test sets of the model. Although variations are visualized in some clusters, such as C1
and C4, this difference can be explained by the size of the samples analyzed. However,
a remarkable coherence is maintained in other clusters (C0, C2, C8, and C9), a positive
result to identify the ability of the model to maintain certain segmentation structures despite
different samples. The results suggest that the proposed recommendation model identifies
patterns in user segmentation inherent in real contexts where populations can be highly
dynamic, see Figure 11.
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Figure 10. Distribution of user by cluster.
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Figure 11. Distribution by cluster in training and test.

5. Conclusions
The proposed recommender system uses machine learning techniques, such as the

K-means algorithm, to segment tourists according to sociodemographic data and travel
preferences, and an OWA operator with a disjunctive policy that assigns the most relevant
cluster to each of them. An algorithm for determining the most relevant activities in each
cluster has been presented. This is a new content-based recommendation procedure that
allows the provision of personalized recommendations in touristic destinations based on
the observation of other travelers’ features and behavior.
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The flexible profile-based recommendation system shows great potential for promoting
cultural tourism in emerging destinations. This paper has addressed the case of Riohacha
(Colombia), with the aim to improve the visitor experience in the historic center of this
beautiful city. The constructed recommender system not only increases the visibility of
local attractions, but also permits the identification of distinctive tourist profiles, which
may be of interest to the local destination tourism managers. It is worth mentioning that
for emerging destinations, where tourism has not yet been studied, the method proposed
needs only the collection of a representative visitor’s data by means of a survey. The
artificial intelligence techniques used for the exploitation of this data and recommendation
generation are fast and of low computational cost, which is a great advantage in comparison
with other approaches based on huge deep learning or language models.

The evaluation and validation process of the recommendation system showed a high
level of satisfaction in terms of ease of use and effectiveness of recommendations. Satisfac-
tion rates reached 100% in several aspects, such as ease of navigation, relevance of content,
effectiveness of information provided, and recommending the application to other users.
In addition, users expressed interest in extending the recommendations to include local
gastronomic and cultural experiences beyond the immediate area.

The proposal not only effectively addresses the particularities of the context but also es-
tablishes a replicable approach for regions with similar cultural and tourism characteristics.
The methodology and techniques developed in this study can be adapted globally, allowing
for the optimization of the visitor experience and the enhancement of cultural heritage.

The main limitations of the study are related to the lack of available and updated data
for the construction of the recommender system, a common situation in emerging tourism
destinations, especially due to the absence of historical data. Therefore, it is not possible to
apply content-based techniques which require having previous evaluations of the different
features of the items, nor collaborative techniques that need to exploit the information of
the scores given by other users. In addition, it is not possible to have quantitative metrics
(e.g., precision, recall, F1 score), because these metrics require information based on users’
actual behavior in response to the recommendations. The current prototype does not permit
collecting these data at the moment, but we plan to work on that in order to be able to
analyze usage logs for a quantitative evaluation. Moreover, in future work, we should
study the possibility of including a broader and more diverse set of features related to trip
characteristics, such as length of stay and level of expenditure. It is also planned to extend
the demographic descriptors to achieve a more detailed characterization of tourist profiles.
These improvements are intended to increase the adaptability and accuracy of the system
in dynamic and heterogeneous tourism contexts, favoring a more effective personalization
of recommendations.

A direct comparison of the proposed system with other recommenders is not feasible.
Being an emerging tourist destination, Riohacha does not have a detailed textual description
of each specific point of interest (that is why the recommendation was focused on types of
activities, rather than on concrete items); thus, content-based semantic recommenders or
recommenders based on embeddings generated from textual content are not applicable.
Moreover, the lack of a strong tourism industry makes it impossible to obtain a large number
of opinions and ratings from traditional worldwide touristic platforms like Tripadvisor,
preventing the use of content filtering techniques. They could be applicable in the future,
when the system is deployed and enough ratings and opinions have been obtained.
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