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2 Hybrid geo-semantic model for tourist accommodation recommendation based on web scraping
and unsupervised evaluation

Abstract

Introduction: This article is the result of research on the Tourist Accommodation Recommendation Model Using
Machine Learning with Information Extraction Through the Web Scraping Technique conducted at the Universidad
Distrital Francisco José de Caldas in 2026.

Problem: In tourism cold-start scenarios, the lack of structured data and user history reduces the quality of ac-
commodation recommendations. Web Scraping is required [2], but it introduces inconsistencies and structural
variability that hinder accurate recommendations.

Objective: To design and evaluate a hybrid geo-semantic recommender system that integrates content-based
similarity between accommodations with geographic proximity under an unsupervised framework using web-
scraped data.

Methodology: Data from 13,204 Colombian accommodations were scraped from Booking.com using Playwright,
preprocessed, and represented as vectors. Then, cosine similarity and Haversine distance were combined into
a weighted hybrid scoring function, evaluated through similarity standard deviation, intra-list similarity, and
geographic relevance.

Results: The base model achieved an average cosine similarity of 0.868 and a mean geographic distance of
0.16 km, with 100% of recommendations within the defined geographic constraint radius. In an exploratory
comparison against Booking.com, the proposed model returned semantically and spatially consistent alterna-
tives independent of commercial positioning criteria.

Conclusions: The geo-semantic model generates coherent and geographically relevant recommendations from

web-scraped data in cold-start contexts where user interaction data are unavailable.

Originality: This work proposes a reproducible geo-semantic recommender model for tourist accommodation in
cold-start scenarios, integrating semantically represented web-scraped accommodation data with geographic

proximity to generate recommendations.

Limitations: The model does not incorporate user preference data.

Keywords: Recommender Systems; Cosine Similarity; Haversine Distance; Web Scraping; Tourism.

Resumen

Introduccidn: Este articulo es el resultado de la investigacion Modelo de recomendacién de alojamientos turisti-
cos mediante Machine Learning, con extraccion de informacidn a través de la técnica Web Scraping, desarrollada
en la Universidad Distrital Francisco José de Caldas en 2026.

Problema: La falta de datos estructurados y del historial de los usuarios dificulta las recomendaciones de alo-
jamientos. Aunque el Web Scraping es una forma de obtencién de informacion [2], este proceso suele generar
inconsistencias y variaciones en los datos, lo que produce recomendaciones imprecisas.

Objetivo: Disenar y evaluar un sistema de recomendacion hibrido geo-semantico que integre la similitud entre
alojamientos y la proximidad geografica, utilizando datos obtenidos mediante Web Scraping.

Metodologia: Se realizé Web Scraping de 13.204 alojamientos de Colombia en Booking.com, cuya informacion
fue procesada y representada en vectores. Luego, el modelo se evalué mediante la desviacién estandar de la
similitud, la similitud intra-lista y la cercania geografica.

Resultados: El modelo obtuvo una similitud promedio de 0.868 y una distancia media de 0.16 km. Se comparé
con Booking.com, donde el modelo recomendd alojamientos con mayor coherencia semantica y geografica.

Conclusiones: El modelo geo-semantico genera recomendaciones de alojamientos acordes con sus caracte-
risticas y posicién geografica, a partir de datos obtenidos mediante Web Scraping, sin utilizar informacién de
interaccion de los usuarios.
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Originalidad: Se propone un modelo de recomendacion geo-semantico que integra la similitud semantica y la
cercania geografica, utilizando datos obtenidos mediante Web Scraping en Booking.com para generar reco-

mendaciones de alojamientos en Colombia.
Limitaciones: El modelo no incluye informacion previa sobre la interaccion de los usuarios.

Palabras clave: Sistemas de recomendacién; Similitud del coseno; Distancia de Haversine; Web Scraping;

Turismo.

Resumo
Introdugdo: Este artigo é resultado da pesquisa Modelo de recomendagao de acomodagdes turisticas por meio
de Machine Learning, com extragao de informacdes através da técnica de Web Scraping, desenvolvida na

Universidad Distrital Francisco José de Caldas em 2026.

Problema: Em cenarios de cold-start no turismo, a falta de dados estruturados e de histérico dos usuarios
reduz a qualidade das recomendagdes de acomodagdes. Embora o Web Scraping seja utilizado para obtengao

de informacdes, ele introduz inconsisténcias e variagdes estruturais que dificultam recomendagdes precisas.

Objetivo: Projetar e avaliar um sistema hibrido de recomendagao geo-semantica que integre a similaridade

entre acomodagdes e a proximidade geografica, utilizando dados obtidos por Web Scraping.

Metodologia: Foram coletados por Web Scraping dados de 13.204 acomodagdes na Colémbia a partir do
Booking.com, utilizando Playwright. Os dados foram processados e representados como vetores. Em seguida,
a similaridade de cosseno e a distancia de Haversine foram combinadas em uma funcéo de pontuacao hibrida

ponderada.

Resultados: O modelo apresentou similaridade média de 0,868 e distancia geografica média de 0,16 km. Em
comparagao exploratéria com o Booking.com, o modelo recomendou acomodagdes com maior coeréncia se-

mantica e geografica.

Conclusées: O modelo geo-semantico gera recomendagdes coerentes e geograficamente relevantes a partir
de dados obtidos por Web Scraping em cendrios de cold-start, nos quais nao estao disponiveis dados de

interagao dos usuarios.

Originalidade: Propoe-se um modelo de recomendagao geo-semantico que integra similaridade semantica e

proximidade geografica utilizando dados obtidos por Web Scraping.
Limitagbes: O modelo ndo incorpora informagdes sobre as preferéncias dos usuarios.

Palavras-chave: Sistemas de recomendacao; similaridade de cosseno; distancia de Haversine; Web Scraping;

turismo.

1. INTRODUCTION

Digital tourism has experienced a significant transformation in recent years, driven by
the growth of online platforms that centralize the supply of tourism services, partic-
ularly in the accommodation sector [3]. These platforms allow users to access large
volumes of information in real time, including descriptions, reviews, services, imag-
es, prices, and geographic location [4], [5]. However, this abundance of information
has introduced a structural issue: user cognitive overload [6]. In practice, having more
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information does not necessarily lead to better decisions, as the multiplicity of options
and attributes makes it difficult to efficiently identify truly relevant alternatives [1], [7].

In response, recommender systems have become a relevant technological
solution, enabling the filtering, ranking, and prioritization of options based on similar-
ity or preference criteria. In this field, hybrid models have gained particular attention
in recent investigations because of their ability to integrate multiple sources of infor-
mation and mitigate the limitations of individual approaches such as collaborative
filtering or content-based methods [8]. Multiple studies have explored combinations
of user profiles, item attributes, contextual data, and semantic techniques to improve
recommendation accuracy and relevance [8], [9], [10]. However, in the tourism do-
main, recommendation relevance depends not only on similarity between accom-
modation attributes but also on geographic proximity to a reference point or area of
interest, introducing a spatial dimension that is not always explicitly incorporated into
traditional models.

Even with these advances, significant challenges remain in real-world imple-
mentations. One of the most critical is the cold-start problem, where no user inter-
action history is available, preventing the effective application of approaches based
on previous behavior such as bookings, clicks, or historical ratings [11]. Additionally,
in many practical scenarios, data do not come from structured repositories or care-
fully selected training datasets but from automated extraction processes through
Web Scraping. This introduces difficulties related to heterogeneity, incompleteness,
noise, and structural variability in the collected data. Consequently, there is a need
for models capable of operating without explicit user feedback, using data extracted
from unstructured sources, integrating both semantic and geographic information,
and supporting evaluation schemes where no ground truth is available [12], [13].

Developing efficient recommender systems in tourism not only represents a
technical contribution but also supports the democratization of access to useful and
actionable information, enabling users to make more informed decisions based on
objective criteria such as quality, services, and location [11]. This approach promotes
more autonomous, transparent, and potentially more sustainable tourism by reducing
dependence on visibility mechanisms driven only by commercial or platform position-
ing strategies. It also increases the exposure of less visible accommodations that are
geographically and semantically relevant, contributing to a more balanced distribution
of tourism demand [14].

Although hybrid recommender systems in tourism have been widely studied,
most existing approaches rely on user profiles, collaborative signals, or supervised
learning strategies. Limited attention has been givento fully unsupervised geo-semantic
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recommendation using exclusively web-scraped accommodation data in cold-start
scenarios. This gap is especially relevant in tourism environments where labeled rele-
vance data and user interaction histories are unavailable.

In this context, the results can support the optimization of recommendation
platforms and improve the user experience in intensive search scenarios [15]. For soft-
ware developers, the study provides a methodological approach for implementing ro-
bust recommender systems in environments with limited, incomplete, or unstructured
data. For academia, it contributes to the design and evaluation of unsupervised hybrid
models, particularly in the integration of semantic representation, applied geomatics,
and descriptive evaluation metrics.

Under this approach, the objective of this article is to design, implement, and
evaluate a tourist accommodation recommender system based on an unsupervised
hybrid geo-semantic approach that integrates content similarity using cosine sim-
ilarity and geographic proximity using the Haversine distance. The paper presents
the construction of the model from web-scraped data, its methodological and math-
ematical formalization, the application of dimensionality reduction techniques, and
its evaluation through unsupervised metrics of coherence, stability, and proximity.
The results are then analyzed and discussed in the context of digital tourism, rec-
ommender systems, and engineering applications in data-scarce environments. The
main contributions of this study are summarized as follows:

It proposes an end-to-end geo-semantic recommendation framework for
tourist accommodation based on heterogeneous data obtained through
Web Scraping.

It formulates a cold-start item-to-item recommendation strategy that does
not require user profiles, historical interactions, bookings, clicks, or explicit
relevance labels.

It integrates semantic similarity and geographic proximity into an explicit
hybrid ranking function, allowing control over the balance between accom-
modation attributes and spatial relevance.

It evaluates the model using unsupervised internal metrics, including se-
mantic coherence, intra-list similarity, ranking stability, and geographic
relevance, avoiding the misuse of supervised metrics in the absence of
ground truth.

It provides empirical evidence from a large-scale dataset of Colombian ac-
commodations extracted from Booking.com, demonstrating the feasibility
of geo-semantic recommendation using real-world, noisy, and incomplete
tourism data.
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1.1. REVIEW OF RELATED LITERATURE

Recent literature on recommender systems shows increasing interest in hybrid ap-
proaches that combine multiple sources of information to improve recommendation
quality. Studies indexed in leading academic databases, including Scopus and Web
of Science, have explored the integration of content-based filtering with semantic and
contextual models [16].

In the tourism domain, studies such as Solano-Barliza et al. [17] highlight the
importance of incorporating contextual and geographic features into recommender
systems, while studies such as Troussas et al. [18] explore the use of semantic repre-
sentation techniques to improve the quality of recommendations.

In addition, models have been developed that incorporate natural language
processing technigues to capture the semantics of accommodation descriptions, as
well as approaches that integrate geospatial information to improve recommendation
relevance based on location [19]. The following table summarizes the articles identi-
fled and analyzed in this research, all related to this topic.

TABLE I. ARTICLES RELATED TO RECOMMENDER SYSTEMS

Recommender System Destination Tourism Typology Attributes

27 popular
destinations in
North America and

A Two-Tiered Recommender
System for Tourism Product
Recommendations [20]

General Points of
Interest

Constraints, flights,
hotels, transportation

Europe
Coastal Tourism and Climate-Related
Disasters in an Archipelago Country of  Indonesia Coastal Tourism User profile, climate
Indonesia: Tourists’ Perspective [21]
A Tourist Guide with a Recommender General Points of Tourist Location, POI,
Portugal

System and Social Interaction [22]

Interest

Age and Gender

A Suggestive Recommendation
Method to Make Tourists “Feel like
going” [23]

Area de Giony
Kiyomizu Kyoto.
(Japan)

General Points of
Interest

Location and pictures

A personalized hybrid tourism

General Points of

People profile and

recommender system [24] Paris Interest Ranking
M-Guide: Hybrid Recommender ) Natural Tour, Historic, People proﬁle_
o ) East Timor . and Community
System Tourism in East-Timor [25] Religious and Cultural. .
Information

Intelligence Traveling Schedule
Recommender Based on . . '

: ' China General Tourism People profile
Commonsense Reasoning Algorithm
26]
Data gathering system for Japan General Points of People profile

recommender system in tourism [27]

Interest

Ingenieria Solidaria
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(viene)

Recommender System Destination Tourism Typology Attributes

Intelligent travel recommendation
system by mining attributes from India General Tourism
community contributed photos [28]

People profile, Face
Numbers and Season

A Cocktail Approach for Travel Package
Recommendation [29]

People profile, Group

General General Tourism )
profile and Season

Ethnic, cultural,

A Collaborative Awareness Framework ' H\sﬁor\cal, People profile and
Malaysia environmental, ) )
for [30] ) tourist Location
recreational and
business tourism
Amsterdam,
A Context-Aware Proactive Barcelona, Berlin, General Points of Location. weather
Recommender System (CAPTRS) for Dubai, London, Interest, Gastronomic ? ’
: : ) season and date
Tourist [31] Paris, Roma, Tourism
Tuscany

Accuracy, Sensitivity
(Recall), Precision,
Matthews Correlation
Coefficient (MCC)

Comparison of Various Metrics
Used in Collaborative Filtering for Movie lens Movies
Recommendation System [32]

Re-rank Algorithm for Online Hotel General Points of

Search [33] Italia Interest Price and location
Recommendation of Tourist The features are used
Attractions Based on Slope One llvping Domestic tourism to compute similarity
Algorithm [34] between items
Recommending the duration of Stay )
. General Points of .
| Personalized Travel Recommender Germany Geolocation
Interest

Systems [1]
A personalized hybrid tourism . General Points of User information,

Paris I )
recommender system [24] Interest activities, ratings

A hybrid location-based recommender
system for trip planning and mobility India
using geo-tagged media [35]

General Points of

Geolocation
Interest

Source: Own work.

A recommender system was also identified that can be fed using data collect-
ed from mobile devices, which can provide valuable information to the system [31].
In this configuration, the author uses the visitor’'s location as the primary factor to
identify points of interest. However, additional factors are suggested for consideration,
including climate, time, user characteristics, and travel season. The model is validated
by selecting a specific area in Paris and feeding the system with a set of restaurants,
confirming its proper operation.

Another case describes a recommender system that uses a hybrid algorithm,
combining content-based filtering and collaborative filtering to generate recommen-
dations based on user profiles and ratings of different points of interest in Paris [24].
The results show that combining both approaches improves accuracy compared to
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using a single method. However, the author notes that system behavior may change
across regions because of differences in user profiles.

Of the 18 works reviewed, 12 were developed in Asia or Europe, indicating strong
research activity in those regions. In contrast, the American continent, with the ex-
ception of a single study conducted in the United States, shows limited documented
development in this area. This suggests significant opportunities for further research
and advancement in the Americas.

Most of these studies were developed using supervised or semi-supervised
approaches, which limits their applicability in contexts where labeled data or user
interaction are unavailable. A gap remains in the design of fully unsupervised hybrid
models that explicitly integrate semantic and geographic components.

Finally, a bibliometric analysis was conducted using the VOSviewer software

nou

to identify research trends in tourism related to the keywords “Tourism,” “Machine

Learning,

nou

Recommender Systems,” and “Web Scraping.” The analysis shows a sub-
stantial number of studies applying machine learning and recommender systems in
tourism. However, there is a clear lack of research specifically addressing the use of
Web Scraping in this domain, highlighting the need to develop approaches that incor-
porate Web Scraping to improve data acquisition in the tourism sector.

decision tree
recommendaion intention ¢ prodictive analytics

artificial neural network

tourist Gehavior

revisit ifention

bt ! sUppOrt vector regression
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Fig. 1. Bibliometric network analysis using VOSviewer.
Source: Own work.
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In summary, prior tourism recommender systems predominantly rely on col-
laborative, contextual, or user-driven information. While some studies incorporate
either semantic similarity or geographic relevance, very few explicitly integrate both
dimensions under a fully unsupervised framework, and none of the reviewed studies
use exclusively web-scraped accommodation data as the primary source of recom-
mendation knowledge.

2. MATERIALS AND METHODS

This research follows a quantitative, experimental, and evaluative design oriented to-
ward developing and validating a tourist accommodation recommender system under
conditions of incomplete user information. The quantitative component is based on
representing accommodations as numerical feature vectors, applying standardiza-
tion and dimensionality reduction techniques, and analyzing objective metrics such
as semantic coherence, ranking stability, and geographic proximity. The experimental
component involves building two comparable system configurations and calibrating
the weighting parameter of the hybrid model. The evaluative component is reflected
in the definition of an unsupervised evaluation framework, aligned with the lack of
ground truth derived from real user interactions.

The problem addressed corresponds to a cold-start user scenario, where no
browsing history, bookings, clicks, or prior ratings are available. Under these condi-
tions, the system cannot depend on traditional collaborative filtering approaches or
supervised relevance prediction strategies. The recommendation process is formu-
lated as an item-to-item similarity retrieval problem, where the user's most recent
interaction is treated as the query item, and recommendations are generated based
on structural and spatial similarity with the remaining accommodations.

From a methodological perspective, the system follows a sequential pipeline: (i)
automated data acquisition from Booking.com; (i) data cleaning, structuring, and fea-
ture enrichment; (iii) standardization and vector representation of accommodations;
(iv) dimensionality reduction using Principal Component Analysis (PCA); (v) computa-
tion of semantic similarity between items; (vi) calculation of geographic distance and
its transformation into proximity; (vii) integration of both signals into a hybrid scoring
function; and (viii) evaluation of model performance using indirect metrics. This archi-
tecture ensures full traceability from data acquisition to the final ranking generation.

PCA was included as an experimental dimensionality reduction configuration
to assess whether a compressed representation could preserve recommendation
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quality. The final model selection was based on the comparison between the original
standardized representation and the PCA-based representation.

Formally, let i q denote the accommodation queried by the user, and let I = {i,
L, ..., I} be the set of available accommodations. The objective is to define a scoring
function s(i_q, i j) that ranks items according to their relevance with respect to the
query item. Relevance is not directly observed as labeled data but is approximated
through two latent dimensions: attribute similarity and spatial proximity. The final
ranking is therefore obtained as an ordering induced by a composite scoring function.

This approach is well suited to tourism applications, where the selection of an
accommodation depends not only on its internal features but also on its relative loca-
tion within the destination [36]. In other words, two accommodations may be seman-
tically similar in terms of facilities, ratings, and overall profile, but differ significantly
in the user's experience if they are located in distant areas. Geographic information
is therefore treated not as a descriptive variable but as an explicit component of the
recommendation mechanism.

2.1. Data Acquisition and Preprocessing

The primary data source was Booking.com, selected for its extensive coverage, rich
descriptive content, and public availability of relevant attributes. The scraping process
was conducted for academic purposes, with no attempt to bypass authentication,
access restricted data, or extract personally identifiable information. The use of web-
scraped data is discussed as a methodological limitation due to platform terms,
structural variability, and reproducibility constraints.

Data collection was performed through automated web Scraping using the
Playwright library of python, chosen for its ability to interact with dynamic content,
simulate real browsing behavior, and handle complex HTML structures across brows-
ers [37]. This approach addresses the limited availability of structured tourism data-
sets and uses Playwright to ensure stable automated extraction [38].

The data collection process was conducted in multiple extraction stages
between June and September 2023, during which several scraping sessions were
performed to progressively increase coverage and improve data completeness. An
additional update was carried out in December 2024 to validate extraction consistency
and verify structural stability of the source platform.
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Booking.com Data

‘ Data Scraping (Booking.com) ‘

Data Preprocessing
(Cleaning, Feature Engineering)

Feature Representation
(Vectorization + Standardization)

|

{ Dimensionality Reduction (PCA) ]
I

! l

Semantic Component Geographic Component
(Cosine Similarity) (Haversine Distance)

| |
v

Geo-Semantic Hybrid Model
(Weighted Scoring Function)

!

{ Top-K Accommodation J

Recommendations

Fig. 2. Recommender System Architecture.
Source: Own work.

The extraction process was carried out in two stages. First, individual accom-
modation links were collected from result pages segmented by regions and subre-
gions in Colombia. This segmentation was required because of platform limitations
on the number of visible results per query, making it necessary to partition the search
space by city, region, and, in some cases, star rating. In the second stage, attributes
were extracted from each individual URL, including name, address, region, geographic
coordinates, list of facilities, ratings by specific category, overall rating, number of re-
views, and URL as identifier. The initial Scraping process produced more than nineteen
thousand records, which were later refined to remove duplicates, as a result so the final
dataset contained approximately 13,000 accommodations.

From a data quality perspective, the Scraping process introduced three main
challenges: structural heterogeneity across pages, missing values due to absent
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elements in non-standardized listings, and redundancy caused by duplicates from
segmented navigation. To address these issues, preprocessing included a semantic
restructuring phase of the attributes.
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Fig. 3. Number of scraped accommodations by region.
Source: Own work.

The facilities field, originally stored as textual lists, was transformed into a bina-
ry feature space using one hot encoding. This converts unstructured descriptions into
an algebraically tractable representation. If a facility f is present in accommodation
i, the corresponding binary variable takes the value 1; otherwise, it is 0. Formally, if F
represents the set of unique facilities, each accommodation is represented by a binary
subvector.

Similarly, the composite variable of ratings based on was decomposed into
explicit dimensions: Staff, Facilities, Cleanliness, Comfort, Value for Money, Location,
and Free WiFi. This transformation increases the granularity of the model by separat-
ing general evaluation from specific experience dimensions.

A relevant methodological aspect is the use of meaningful imputation, where
missinginformationis modeled as an explicit variable rather thanreplaced with artificial
values that could distort the dataset structure. In addition, normalization techniques
were applied, including Min-Max scaling for ratings and Z-score standardization for
continuous variables, ensuring comparability across dimensions.
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2.2. Semantic component: cosine similarity in vector
spaces

The semantic core of the model represents each accommodation as a vector in a
feature space. Let Xa and Xb denote two accommodations, represented as:

Xy = (Xg1, Xg1) - - xap)

Xp = (Xb1) Xp1, e - Xbp)

Each dimension encodes an accommodation attribute, such as a binary facility,
a scaled rating, a transformed geographic variable, or a principal component in the re-
duced version of the model. Content-based recommendation is designed to estimate
the degree of similarity between such vectors[39]. In particular, Vector representation
enables the use of similarity metrics such as cosine similarity, which measures the
relationship between accommodations based on their characteristics [40]. When data
is represented as vectors in a feature space, different mathematical measures can be
applied to quantify similarity between objects. Among these, cosine similarity is widely
used because it evaluates the angle between vectors in a multidimensional space[41].

Feature 3 (f3)

A

Hotel C
Accommodation Feature Vector
V=1 fyfs .. fi
Each axis represents an attribute
like price, rating or services. Hotel B

Cos(8) =1 (High Similarity)
Hotel A
Q
c\?\
©
. > Feature 2 (f.
Origin (0 (F2)
otel D

Feature 1 (f;)

Fig. 4. Vector representation of accommodations.
Source: Own work.
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The selected metric is cosine similarity, commonly used in recommender
systems and information retrieval when objects are represented in high-dimensional
vector spaces. Its formulation is [39]:

Ai*Bi

Sim(A4,B) = ————
im(4, B) 1IA; Il % I1B; 1]

This metric captures similarity in terms of orientation, making it particularly
suitable for normalized, high-dimensional spaces where vector magnitude may vary
without altering semantic structure. Here, 4; * B; is the dot product and // A,/ is the
Euclidean norm of the vector. Cosine similarity approaches 1 when the angle between
vectors is small, indicating that both share a similar orientation in the attribute space.

Feature 2

Cosine Similarity

sim(A, B) = cos(6) A-B

" JAIBI]

Vector B (Hotel B)

Vector A (Hotel A)

> Feature 1

Fig. 5. Cosine similarity in the feature space.
Source: Own work.

The choice of this metric is particularly well suited to the problem. Unlike pure
distance measures, cosine similarity emphasizes the relative orientation between vec-
tors rather than their absolute magnitude [18]. This is relevant because two accom-
modations may differ in the intensity of certain attributes while still sharing a similar
structural pattern in terms of services, ratings, and general profile. Cosine similarity
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captures similarity in shape, not just metric proximity. This property is especially useful
in heterogeneous tourism data, where binary and semi-continuous variables coexist
after preprocessing.

2.3. Geographic component: Haversine distance and
proximity score

The second dimension of the model captures spatial proximity between accommo-
dations. Let the query accommodation i, have coordinates (¢,, 4,) and a candidate
accommodation i; have coordinates (¢;, 4;), where ¢ represents latitude y 4 longi-
tude. To calculate the Geographic distance is computed using the Haversine formula,
which estimates great-circle distance between two points on the Earth's surface [42]:

A AL
d = 2R * arsin| |sin? (Tqb) + cos ¢4 cos ¢, sin? (7)

Once the distance is obtained, the system does not use it directly as a score.
After computing the Haversine distance, the geographic distance is transformed into a
normalized proximity score in order to make it compatible with the semantic similarity
component. Since cosine similarity increases when two accommodations are more
similar, the geographic component must follow the same direction: higher values must
indicate greater geographic relevance.

The hybrid model requires both components to follow the same semantic direc-
tion, where higher values indicate greater relevance [43]. In addition to the proximity
transformation, a geographic constraint radius of 1 km was considered to evaluate
whether the recommended accommodations remained within this distance.

A geographic constraint radius of 1 km was adopted as a pragmatic walkability
threshold for urban tourism scenarios. This decision was theoretically informed by
the “15-minute city” framework, which proposes that essential urban services and
destinations should be reachable within approximately 15 minutes on foot. Under
typical urban mobility conditions, this corresponds approximately to a radius of T km.
Although this threshold may vary depending on the rural or metropolitan context, it
provides an interpretable and conservative benchmark for evaluating geographic co-
herence in Colombian tourist accommodation scenarios [44].
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2.4. GEO-SEMANTIC HYBRID MODEL

Once semantic similarity and geographic proximity are defined, both signals are
integrated into a hybrid scoring function. The model follows a weighted linear
combination:

Score(i,j) =x Sim(i,j) + (1—x)Prox(i, j)

where:
Sim(i, j) is the cosine similarity between accommodations.
Prox(i, j) is the proximity derived from geographic distance
X is a weighting parameter controlling the relative contribution of each
component

This formulation is appropriate for several reasons. First, both signals are
bounded approximately within the interval [0,1], enabling an interpretable linear com-
bination. Second the weighting structure supports sensitivity analysis: when a=1, the
model reduces to a purely content-based approach but when a=0, it becomes strictly
geographic. The convex combination also avoids discontinuities and allows controlled
analysis of the trade-off between attribute similarity and spatial proximity [45].

The parameter a0 was calibrated through sensitivity analysis by evaluating dif-
ferent values and observing the behavior of average similarity and mean distance in
the recommendations.

Model sensitivity to parameter o
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a (semantic similarity weight)
Fig. 6. Sensitivity analysis of parameter o.
Source: Own work.
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The selected operating point was a=0.7, as it provides the best empirical bal-
ance between both dimensions. Under this configuration, the system maintains high
semantic coherence while preserving geographic constraints.

2.5. Unsupervised evaluation framework

The evaluation follows an unsupervised framework because of the lack of ground
truth derived from real user interactions. This is a key methodological constraint.
Metrics such as Precision@K, Recall@K, F1, RMSE, or MAE require prior knowledge
of relevant items or observed user feedback such as clicks, bookings, or ratings.
Without these signals, their application is not valid [46], [47], [48].

The evaluation focuses on structural properties of system behavior: seman-
tic coherence, ranking stability, and internal consistency of recommendations. This
approach is consistent with cold-start and content-based scenarios, where the goal
is not to predict observed user choices but to generate recommendations that are
semantically and spatially coherent.

2.5.1. Overlap@K

To evaluate stability across model configurations, Overlap@K is used to measure the
proportion of shared items between two Top-K recommendation sets. If A and B de-
note the recommendation sets from two configurations, then [16]:

ANB/
K

Overlap@k =

Its value ranges from 0 to 1. Higher values indicate that both rankings share a
large portion of their recommendations, regardless of order.

2.5.2. Similarity Standard Deviation

Semantic coherence depends not only on high average similarity but also on low
dispersion within the recommended set. To capture this variability, the standard devi-
ation of cosine similarity is computed [39]:
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Stdsim =

2.5.3. Intra-list similarity

Intra-list similarity evaluates internal consistency within the recommendation set,
measuring similarity among the recommended items themselves rather than with
the query item [49].

2 .
ILS = mz sim(i, j)

i<j

2.6. METHODOLOGICAL AND ETHICAL
CONSIDERATIONS

Data collection was performed exclusively using publicly available information from
digital platforms, without involving sensitive personal data or user identification. The
model is designed to improve access to relevant information for decision-making,
aligned with the principles of transparency and responsible data use [2].

3. RESULTS

3.1. CHARACTERIZATION OF THE FINAL DATASET

The Web Scraping process initially collected 19,660 accommodation URLs across
multiple regions in Colombia. After cleaning and duplicate removal, the dataset was
reduced to 13,204 records, forming the basis for model development. The initial vector
representation consisted of 467 descriptive variables, later reduced to 295 principal
components based on a 90% cumulative explained variance threshold.

Ingenieria Solidaria e-ISSN 2357-6014 / Vol. 22, no. 3 / september-december 2026 / Bogota D.C., Colombia
Universidad Cooperativa de Colombia



Juan Camilo Castafieda Alvarado, José Ignacio Rodriguez Molano, Jorge Enrique Salamanca Céspedes 19

TABLE Il. BOOKING WEB SCRAPING RESULTS

Variable Valor
Total number of accommodations 13,204
Number of original variables 467
Numerical variables 9
Transformed categorical variables 458
Geographic variables (lat, lon) 2
Derived variables (imputation) >20
Duplicate records removed yes

Source: Own work.

From a structural perspective, the dataset integrates three types of variables:

I. Perceived quality variables, such as overall rating and category-based
ratings.

Il Binary variables derived from facility expansion.

Ill. Spatial and accessibility variables, including latitude, longitude, and distan-
ce to the airport.

This structure defines a high-dimensional recommendation problem, where
system performance depends on preserving both semantic information and geo-
graphic context. These descriptive results highlight that the model was not built on
a curated or idealized dataset but on a large, heterogeneous, real-world data source
with the inherent complexity of web-extracted information. Consequently, model per-
formance should be interpreted within the context of a rich but imperfect dataset,
reinforcing the applied validity of the study.

3.2. IMPACT OF DIMENSIONALITY REDUCTION USING PCA

To evaluate the effect of dimensionality reduction on recommendation quality, PCA
was analyzed as an ablation experiment. The objective was not to assume that the
reduced representation would improve the model, but to determine whether com-
pressing the original feature space preserved the semantic structure required for
item-to-item recommendation. For this purpose, two configurations were compared:
a base model using the original standardized variables and a PCA-based model us-
ing 295 principal components, corresponding to 90% of the cumulative explained
variance.
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TABLE Ill. SEMANTIC COHERENCE COMPARISON: BASE MODEL VS. PCA

Metrics Model Base Model PCA
Average similarity 0.868 0.521
Median 0.865 0.491
Dispersion (std_sim) 0.025 0.120
Intra-list similarity 0.831 0.344

Source: Own work.

The results show that PCA reduced the dimensionality of the feature space
but negatively affected the semantic coherence of the recommendations. The base
model achieved an average cosine similarity of 0.868 and a median of 0.865, whereas
the PCA-based model decreased to an average similarity of 0.521 and a median of
0.491. Similarly, the standard deviation of similarity increased from 0.025 in the base
model to 0.120 in the PCA-based model, indicating greater dispersion and lower sta-
bility in the reduced representation. Intra-list similarity also decreased substantially,
from 0.831 in the base model to 0.344 in the PCA-based model. These results indicate
that the PCA transformation weakened the local semantic relationships relevant for
recommendation, even though it retained 90% of the global variance.

Therefore, PCA should be interpreted as a controlled negative finding rather
than as an improvement to the model. Although dimensionality reduction provides a
more compact representation, it does not necessarily preserve the fine-grained co-oc-
currence patterns among facilities, ratings, and accommodation attributes that are
essential for similarity-based recommendation. Based on these results, the original
standardized feature representation was retained as the preferred configuration for
the final geo-semantic recommender.

3.3. RESULTS OF THE GEO-SEMANTIC HYBRID MODEL

After integrating the geographic component through Haversine distance and trans-
forming it into a proximity score, the system achieved an average geographic distance
of approximately 0.16 km in its recommendations. This confirms strong spatial prox-
imity between the query accommodation and the recommended set. This result
should be interpreted alongside the average similarity of 0.868 from the base model|,
showing that the system recommends accommodations that are both similar and
geographically close.
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Fig. 7. Geo-semantic hybrid model results.
Source: Own work.

TABLE IV. INTEGRATED RESULTS OF THE HYBRID MODEL

Metric Value
Average cosine similarity 0.868
Overlap@5 ~0.50
Average geographic distance ~0.16 km
a optimal 0.7
Average distance with (a =0.7) 0.18 km
Geographic constraint compliance 100 %

Source: Own work.

Sensitivity analysis of the parameter a shows that increasing the weight of the
semantic component raises the average similarity but also leads to a gradual increase
in the average geographic distance. In this context, the value a = 0.7 was identified
as the most suitable operating point, with an average similarity close to 0.7 and an
average distance of 0.18 km, while maintaining 100% of recommendations within the
defined geographic radius.
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Illustrative case study: Zamia Hostal

As an external exploratory reference, a comparison was conducted between the rec-
ommendations generated by the proposed model and the publicly visible suggestions
displayed by Booking.com for the same query accommodation. This comparison was
not designed as a supervised benchmark, since Booking.com uses proprietary rank-
ing mechanisms and may incorporate commercial, behavioral, availability, pricing, and
personalization signals that are not observable in this study. Therefore, the objective of
this analysis is not to claim superiority over Booking.com but to examine how the pro-
posed geo-semantic model behaves in relation to the output of a commercial platform.

A specific case is documented using the accommodation Zamia Hostal. For
this query, the proposed model generated recommendations such as Sachar Lodging
Apartahotel, Casa Mendoza, Hostal Antiguo Campestre, Palonegro Bucaramanga,
and Quinta de Cabecera, with similarities ranging from 0.7547 to 0.7921, distances
between 0.0968 km and 0.5075 km, and hybrid scores between 0.7435and 0.8018. As
shown in the following figure, Booking.com recommends different accommodations,
including “San Lorenzo Bucaramanga,” Urban Hostal Bar, and “La Bonita Guesthouse.”
The accommodation names are presented in Spanish because the study focuses on
recommendations within Colombia.
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Fig. 8. Booking.com recommendation results.
Source: Screenshot captured by the authors from Booking.com, 2026.
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An extended exploratory comparison was performed using 30 query accom-
modations selected through simple random sampling from the complete dataset,
ensuring that each accommodation had the same probability of being included and
reducing potential selection bias. For each selected accommodation, the Top-5recom-
mendations generated by the proposed geo-semantic model were compared with the
publicly visible suggestions displayed by Booking.com. The comparison considered
cosine similarity, geographic distance, and the proposed hybrid score as descriptive
indicators of semantic and spatial consistency.

Across the analyzed cases, the proposed model produced recommendations
with cosine similarity values ranging from 0.7547 to 0.7921, geographic distances
between 0.0968 km and 0.5075 km, and hybrid scores between 0.7435 and 0.8018.
In contrast, the Booking.com suggestions showed cosine similarity values between
0.707 and 0.807, but with larger geographic distances, ranging from 1.317 km to 2.50
km, and lower hybrid scores between 0.580 and 0.695.

TABLE V. EXPLORATORY COMPARISON

Metric Proposed Model Booking.com
Number of Accommodations 0.868 30
Cosine Similarity Range 0.75-0.7921 0.701-0.807
Geographic distance Range (km) 0.09-0.50 1.31-2.50
Hybrid Score 0.7435-0.8018 0.580 - 0.695

Source: Own work.

These results suggest that, under the proposed geo-semantic scoring criteria,
the model tends to prioritize geographically closer accommodations while maintaining
comparable semantic similarity. However, this comparison should be interpreted as
an exploratory external reference rather than a conclusive benchmark, since Booking.
com uses proprietary ranking mechanisms and may incorporate commercial, behav-
joral, pricing, availability, and personalization signals that were not observable in this
study.

4. CONCLUSIONS

The results indicate that the proposed geo-semantic hybrid model provides a consis-
tent and effective solution to the problem of recommending tourist accommodations
in cold-start scenarios [11]. In summary, the study evaluates whether it is possible

Ingenieria Solidaria e-ISSN 2357-6014 / Vol. 22, no. 3 / september-december 2026 / Bogota D.C., Colombia
Universidad Cooperativa de Colombia



24 Hybrid geo-semantic model for tourist accommodation recommendation based on web scraping
and unsupervised evaluation

to implement a recommender system based on web data extraction and machine
learning, using the user’'s most recent interaction as the starting point. The findings
support this premise: combining vector representation, cosine-based semantic simi-
larity, and spatial proximity through the Haversine distance enables the generation of
recommendations that are both semantically coherent and geographically consistent.
This outcome aligns with the main objective and confirms the technical feasibility of
the approach.

Prior work in tourism has shown the usefulness of hybrid models, particularly
those that integrate contextual information, item attributes, or user preferences [39].
However, most of these approaches depend on user profiles, historical interactions,
or explicit relevance signals. In contrast, the approach developed here is based on
an unsupervised item-to-item similarity framework, operating without ground truth,
without observed interactions, and using heterogeneous data obtained through Web
Scraping. The contribution lies not only in combining two dimensions but in doing so
under these constraints.

A central aspect of the model is the integration of semantic and geographic
dimensions within a single scoring function. In tourism, recommendation quality de-
pends not only on similarity in attributes but also on spatial coherence. Post-pandemic
studies suggest that relevant options should remain within a threshold of approxi-
mately 1 km [44]. The results show that the geographic component significantly re-
shapes the ranking, guiding semantically similar results toward spatially appropriate
alternatives. This behavior is evident in the sensitivity analysis of parameter a: higher
values prioritize attribute similarity, while lower values emphasize spatial proximity.
The choice of a = 0.7 provides a balanced trade-off.

The PCA-based representation was evaluated as an ablation experiment to
determine whether dimensionality reduction could preserve the semantic structure
of the recommendation space [50]. Although PCA retained 90% of the cumulative
explained variance, it reduced average cosine similarity and intra-list similarity while
increasing semantic dispersion. Therefore, the original standardized feature represen-
tation was retained as the preferred configuration for the final model.

The use of cosine similarity as the core of the semantic component is sup-
ported by the results. In a feature space combining binary variables from facilities,
scaled ratings, and indicators of missing information, cosine similarity offers clear
advantages by focusing on relative orientation rather than absolute magnitude [51].
This makes it suitable for capturing structural similarity patterns between accommo-
dations. Although metrics such as Mahalanobis distance may appear theoretically
appealing due to their use of covariance structure [52], they are more sensitive to noise,
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multicollinearity, and sparsity associated with scraped data and expanded categorical
features. In practice, cosine similarity proves to be more stable and interpretable for
this representation.

The exploratory comparison with Booking.com provides a useful external ref-
erence for interpreting the behavior of the proposed model. However, this comparison
should not be understood as a conclusive benchmark or as evidence of superiority
over a commercial platform, since Booking.com relies on proprietary ranking mech-
anisms and may incorporate variables that were not available in this study, such as
pricing, availability, user behavior, popularity, conversion signals, and commercial po-
sitioning [6]. Within this limitation, the comparison suggests that the proposed model
can generate geographically closer recommendations while maintaining semantic
coherence under the defined geo-semantic scoring criteria.

Another significant aspectis the evaluation framework. In the absence of ground
truth, applying metrics such as precision, recall, RMSE, or MAE is not appropriate [16)],
[48]. Therefore, the study instead uses structural metrics such as Overlap@K, intra-list
similarity, and the standard deviation of similarity to assess consistency, stability, and
internal coherence. This approach is aligned with cold-start and content-based sce-
narios and is consistent with the literature on the offline evaluation of recommender
systems. These metrics, however, only capture internal system properties and do not
reflect perceived usefulness or user satisfaction [39].

Regarding the limitations, accommodations located within the same building,
block, or highly concentrated urban zones may naturally share similar facilities and
ratings, which could partially inflate cosine similarity and intra-list similarity values.
Therefore, these metrics should be interpreted as indicators of internal coherence
rather than direct evidence of recommendation superiority. The main limitation is
the absence of ground truth, which prevents direct validation against real user pref-
erences. The use of Web Scraping introduces additional challenges, including noise,
structural variability, and missing values. The geographic representation, based on
great-circle distance and a fixed radius, enables a clear and simple integration but
does not account for more complex contextual variables [42].

In summary, the results support a clear conclusion: the proposed hybrid model
effectively integrates semantic and geomatic dimensions in a cold-start scenario,
using data obtained through Web Scraping and operating without user history or la-
beled relevance data. Tourist accommodation recommendation can be formulated as
a combination of structural similarity and spatial proximity, even under limited infor-
mation conditions. The study also confirms the suitability of unsupervised descriptive
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metrics for evaluating this type of system, provided they are interpreted as indicators
of coherence, stability, and plausibility.

The main contribution of this research is the design and evaluation of a trans-
parent geo-semantic recommendation framework for tourist accommodation under
cold-start and data-scarce conditions. Unlike approaches that depend on user profiles,
historical interactions, or supervised relevance labels, the proposed model operates on
web-scraped accommodation attributes and generates recommendations through an
explicit combination of semantic similarity and spatial proximity. Therefore, the value
of the study lies not only in the use of cosine similarity and the Haversine distance,
but also in the methodological integration of data acquisition, preprocessing, vector
representation, geo-semantic ranking, and unsupervised evaluation within a single
reproducible pipeline.
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