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ABSTRACT
Aim/Purpose This study aims to develop a solution for personalized tourism recommenda-
tions that addresses information overload, data sparsity, and the cold-start prob-
lem. It focuses on enabling tourists to choose the most suitable tourism-related
facilities, such as restaurants and hotels, that match their individual needs and
preferences.
Background The tourism industry is experiencing a significant shift towards digitalization

due to the increasing use of online platforms and the abundance of user data.
Travelers now heavily rely on online resources to explore destinations and asso-
ciated options like hotels, restaurants, attractions, transportation, and events. In
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this dynamic landscape, personalized recommendation systems play a crucial
role in enhancing user experience and ensuring customer satisfaction. However,
existing recommendation systems encounter major challenges in precisely un-
derstanding the complexities of user preferences within the tourism domain.
Traditional approaches often rely solely on user ratings, neglecting the complex
nature of travel choices. Data sparsity further complicates the issue, as users
might have limited interactions with the system or incomplete preference pro-
files. This spatsity can hinder the effectiveness of these systems, leading to inac-
curate or irrelevant recommendations. The cold-start problem presents another
challenge, particularly with new users who lack a substantial interaction history
within the system, thereby complicating the task of recommending relevant op-
tions. These limitations can greatly hinder the performance of recommendation
systems and ultimately reduce user satisfaction with the overall experience.

The proposed Uset-based Multi-Criteria Trust-aware Collaborative Filtering
(UMCTCEF) approach exploits two key aspects to enhance both the accuracy
and coverage of recommendations within tourism recommender systems: multi-
criteria user preferences and implicit trust networks. Multi-criteria ratings cap-
ture the various factors that influence user preferences for specific tourism
items, such as restaurants or hotels. These factors surpass a simple one-star rat-
ing and take into account the complex nature of travel choices. Implicit trust re-
lationships refer to connections between users that are established through
shared interests and past interactions without the need for explicit trust declara-
tions. By integrating these elements, UMCTCF aims to provide more accurate
and reliable recommendations, especially when data sparsity limits the ability to
accurately predict user preferences, particularly for new users. Furthermore, the
approach employs a switch hybridization scheme, which combines predictions
from different components within UMCTCEF. This scheme leads to a more ro-
bust recommendation strategy by leveraging diverse sources of information. Ex-
tensive experiments were conducted using real-world tourism datasets encom-
passing restaurants and hotels to evaluate the effectiveness of UMCTCEF. The
performance of UMCTCE was then compared against baseline methods to as-
sess its prediction accuracy and coverage.

This study introduces a novel and effective recommendation approach,
UMCTCEF, which addresses the limitations of existing methods in personalized
tourism recommendations by offering several key contributions. First, it trans-
cends simple item preferences by incorporating multi-criteria user preferences.
This allows UMCTCEF to consider the various factors that users prioritize when
making tourism decisions, leading to a more comprehensive understanding of
user choices and, ultimately, more accurate recommendations. Second,
UMCTCEF leverages the collective wisdom of users by incorporating an implicit
trust network into the recommendation process. By incorporating these trust
relationships into the recommendation process, UMCTCF enhances its effec-
tiveness, particularly in scenarios with data sparsity or new users with limited in-
teraction history. Finally, UMCTCF demonstrates robustness towards data spat-
sity and the cold-start problem. This resilience in situations with limited data or
incomplete user profiles makes UMCTCF particularly suitable for real-world ap-
plications in the tourism domain.

The results consistently demonstrated UMCTCE’s superiority in key metrics, ef-
fectively addressing the challenges of data sparsity and new users while enhanc-
ing both prediction accuracy and coverage. In terms of prediction accuracy,
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UMCTCEF yielded significantly more accurate predictions of user preferences
for tourism items compared to baseline methods. Furthermore, UMCTCF
achieved superior coverage compared to baseline methods, signifying its ability
to recommend a wider range of tourism items, particularly for new users who
might have limited interaction history within the system. This increased cover-
age has the potential to enhance user satisfaction by offering a more diverse and
enriching set of recommendations. These findings collectively highlight the ef-
fectiveness of UMCTCEF in addressing the challenges of personalized tourism
recommendations, paving the way for improved user satisfaction and decision-
making within the tourism domain.

The proposed UMCTCF approach offers a potential opportunity for tourism
recommendation systems, enabling practitioners to create solutions that priori-
tize the needs and preferences of users. By incorporating UMCTCF into online
tourism platforms, tourists can utilize its capabilities to make well-informed de-
cisions when selecting tourism-related facilities. Furthermore, UMCTCE’s ro-
bust design allows it to function effectively even in scenarios with data sparsity
or new users with limited interaction history. This characteristic makes
UMCTCEF particularly valuable for real-world applications, especially in scenar-
ios where these limitations are common obstacles.

The success of UMCTCF can open up new avenues in personalized recommen-
dation research. One promising direction lies in exploring the integration of ad-
ditional contextual information, such as temporal (time-based) or location-based
information. By incorporating these elements, the model could be further im-
proved, allowing for even more personalized recommendations. Furthermore,
exploring the potential of UMCTCF in domains other than tourism has consid-
erable significance. By exploring its effectiveness in other e-commerce domains,
researchers can broaden the impact of UMCTCEF and contribute to the ad-
vancement of personalized recommendation systems across various industries.

UMCTCEF has the potential to make a positive impact on society in various
ways. By delivering accurate and diverse recommendations that are tailored to
individual user preferences, UMCTCF fosters a more positive and rewarding
user experience with tourism recommendation systems. This can lead to in-
creased user engagement with tourism platforms, ultimately enhancing overall
satisfaction with travel planning. Furthermore, UMCTCF enables users to make
more informed decisions through broader and more accurate recommenda-
tions, potentially reducing planning stress and leading to more fulfilling travel
experiences.

Expanding upon the success of UMCTCF, future research activities can explore
several promising paths. Enriching UMCTCEF with various contextual data, such
as spatial or location-based data, to enhance recommendation accuracy and rele-
vance. Leveraging user-generated content, like reviews and social media posts,
could provide deeper insights into user preferences and sentiments, improving
personalization. Additionally, applying UMCTCEF in various e-commerce do-
mains beyond tourism, such as online shopping, entertainment, and healthcare,
could yield valuable insights and enhance recommendation systems. Finally, ex-
ploring the integration of optimization algorithms could improve both recom-
mendation accuracy and efficiency.

tourism recommendation, multi-criteria analysis, implicit trust network, data
sparsity, cold start, new user
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INTRODUCTION

The exponential growth of both online information and internet users over the past decade has led to
the overwhelming quantity of data presented in response to search queries. This information over-
load often requires significant time and effort from users to navigate through the overwhelming
amount of information and select options that meet their particular requirements. The tourism indus-
try exemplifies the challenges of information overload. Travelers planning a trip must navigate deci-
sions not only about destinations but also a wide range of associated tourism-related facilities such as
hotels, restaurants, attractions, transportation, and events. Recommender systems offer a promising
solution to address the challenges of information overload. These systems analyze explicit or implicit
user feedback to identify individual preferences and subsequently match these preferences with cor-
responding characteristics of tourism offerings. These personalized systems facilitate a more manage-
able selection process, aiding travelers in decision-making (Hong & Jung, 2021; Ricci, 2022).

Collaborative Filtering (CF) represents a fundamental and widely adopted methodology to recom-
mend items across various domains. However, traditional CF-based recommendation systems face
limitations. First, CF-based recommender systems often rely on a single rating score, which may not
fully reflect the multifaceted nature of user preferences. In the context of the tourism domain, such
as hotel or restaurant recommendations, multi-criteria ratings (e.g., facilities, location, staff, food, ser-
vice) offer richer insights into user preferences. Platforms like Tripadvisor.com demonstrate the
practical collection of this valuable data. Second, CF-based recommender systems often face issues
with data sparsity and cold start. Data sparsity occurs when the amount of user-item interaction data
available for a user is much less than the amount needed to accurately predict user preferences. The
cold-start problem arises when a system does not have sufficient historical data for new users, which
hinders the ability to generate personalized recommendations. The limitations interfere with the ac-
curate modeling of preferences and the delivery of personalized recommendations (Adomavicius &
Kwon, 2007; Aggarwal, 2016b; Ko et al., 2022).

Consider a real-world scenario where a tourism recommender system aims to provide personalized
recommendations for local attractions, restaurants, and accommodations based on user preferences.
In such a scenario, data sparsity can pose a significant challenge when the system attempts to recom-
mend attractions to a tourist with limited interaction history. Without sufficient user-item interaction
data, the system may find it challenging to accurately predict the tourist’s preferences, leading to less
personalized recommendations. This issue is further compounded by the cold-start problem, which
significantly restricts the system’s ability to generate personalized recommendations for new tourists.
Since the system lacks historical data for these tourists, it cannot rely on past interactions to tailor
recommendations to their preferences. As a result, new toutists may receive generic or irrelevant rec-
ommendations, potentially leading to a poor travel experience and diminished user satisfaction.

To address the limitation of relying solely on a single rating score, which does not fully represent the
complex nature of user decision-making, research has explored the development of Multi-Criteria
(MC) recommender systems. Such systems leverage additional rating data that reveals users’ prefer-
ences for specific features of items. By incorporating this richer data, MC-based CF can improve rec-
ommendation accuracy. These systems consider the critical aspects that impact users’ item selection
during the recommendation process, resulting in more accurate and effective recommendations
(Shambour et al., 2021, 2022, 2023). Furthermore, to address the limitations imposed by data sparsity
and the cold-start problem in CF-based systems, recent research has investigated the integration of
supplementary information alongside user ratings. Social trust networks emerge as a promising solu-
tion in this context. These networks function as additional data sources, revealing user preferences
for items through their interactions within the network. Moreover, they uncover trust relationships
among users, offering insights into possible user influence. Utilizing this rich social information al-
lows recommender systems to produce more accurate, diverse, and personalized recommendations,
effectively addressing data sparsity and cold-start problems (Camacho & Alves-Souza, 2018;
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Shambour & Lu, 2011). However, a key challenge associated with social trust networks is the sparsity
of explicit relationships within the network itself. To overcome this limitation, research has explored
incorporating implicit relationships into the recommendation process. This approach focuses on
identifying potential connections between users based on their interactions with items, even if they
haven’t explicitly declared a trust relationship (Ahmadian et al., 2020).

Drawing on the limitations highlighted earlier and inspired by the success achieved through the fu-
sion of various methodologies in recommender systems (Burke, 2007; Ko et al., 2022; Shambour et
al., 2020), this study introduces a novel User-based Multi-Criteria Trust-aware Collaborative Filtering
(UMCTCEF) approach for personalized tourism recommendations. The primary objective of this ap-
proach is to enhance the accuracy, diversity, and personalization of tourism recommendations for
tourists by assisting them in making well-informed choices when selecting from various tourism-re-
lated facilities such as restaurants, hotels, and museums that suit their individual needs and prefer-
ences. The proposed UMCTCEF approach addresses the challenge of personalized tourism recom-
mendations by integrating multi-criteria user preferences and implicit trust networks. This integration
aims to enhance both the accuracy and coverage of recommendations within the system. UMCTCF
comprises three key components:

- User-based Multi-Criteria Collaborative Filtering: This component analyzes user preferences
beyond simple ratings, considering multiple criteria to gain a richer understanding of individual
needs, thereby generating more precise personalized tourism recommendations.

- User-based Multi-Criteria Trust Filtering: This component enhances recommendation quality
by incorporating implicit trust relationships between users. By identifying users with similar
interests, UMCTCEF can leverage their recommendations, even if they are not directly con-
nected. This is particularly beneficial for situations where data sparsity or new users limit the
effectiveness of traditional CF-based recommendation methods.

- Fusion Recommendation: This final component intelligently combines the outputs from the
previous two components using a switch hybridization scheme. This approach exploits the
strengths of both components to provide comprehensive and personalized tourism recom-
mendations.

Together, these components improve recommendation quality by considering diverse user prefer-
ences and tapping into collective user wisdom beyond direct connections. This ultimately leads to a
more enriching travel experience, notably in scenarios with sparse data or new users, where tradi-
tional recommendation methods struggle to make accurate recommendations.

A thorough experimental evaluation was carried out to assess the proposed approach, using two real-
wortld tourism datasets: Restaurants-TripAdvisor and Hotels-TripAdvisor, along with other datasets
featuring different levels of data sparsity and new user scenarios. Based on the experimental results,
UMCTCEF consistently outperforms the baseline methods across different metrics. It attains a notably
higher prediction accuracy, indicating that its recommendations better match user preferences. Addi-
tionally, UMCTCF demonstrates excellent coverage, indicating its capability to recommend a wide
range of options with specific tourism facilities. It is especially advantageous for individuals looking
for a variety of travel experiences or discovering less popular destinations. In addition, the UMCTCF
shows resilience to data sparsity and the cold-start problem, making it ideal for practical applications
with limited data availability. The rest of this paper adheres to a well-organized layout. It commences
with a concise overview of the current literature on recommender systems in tourism. Following this,
the design methodology of the UMCTCEF approach is outlined. The final sections will present the
evaluation experiments, concluding with recommendations for further research.
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RELATED WORK

RECOMMENDER SYSTEMS IN TOURISM

Recommender systems have experienced a substantial increase in popularity in the past decade,
demonstrating their effectiveness in various domains (Ko et al., 2022). Within the tourism industry,
recommender systems are now widely used in various tourism applications (Chaudhari & Thakkar,
2020; Ricci, 2022; Sarkar et al., 2023). These systems offer tourists valuable tools for trip planning,
encompassing a wide range of recommendations, including hotels, restaurants, transportation op-
tions, travel packages, museums, and various other travel-related services.

A core focus of research in tourism recommender systems lies in developing techniques to personal-
ize recommendations for a wide range of user preferences. Kulkarni et al. (2019) propose a machine-
learning approach that leverages sentiment analysis of user reviews. By analyzing the sentiment be-
hind user ratings, the system can understand user interests beyond basic numerical scores and recom-
mend tourist attractions that align with these interests. Esmaeili et al. (2020) introduce a novel tour-
ism recommender system that incorporates social commerce aspects into the recommendation pro-
cess. Their system considers factors such as trust, reputation, and social relationships within a uset’s
network to provide personalized recommendations based on the uset’s social context. Maru’ao and
Suharjito (2021) present a tourism recommender system using a hybrid multi-criteria approach. The
system aims to provide destination recommendations to users based on their preferences by combin-
ing various methods, including content-based, collaborative filtering, multi-criteria ratings, demo-
graphic, and ontology-based approaches. Addressing the challenge of data sparsity and cold-start
problems, which often plague recommender systems, Nan et al. (2022) introduce the Collaborative
Mining and Filtering Process (CMFP) approach. This approach leverages knowledge-based transfer
learning to improve the efficiency and accuracy of personalized recommendations, especially for new
users or tourist destinations with limited data. By analyzing accumulated data from various sources,
including global and personal travel information, the CMFP provides a more robust foundation for
generating accurate recommendations, even in scenarios with limited data availability. Chalkiadakis et
al. (2023) present a novel hybrid recommender system for the tourism domain that combines a
Bayesian preference elicitation component with a content-based recommendation component. This
hybrid approach aims to address the challenge of accurately capturing user preferences, which can be
subjective and multifaceted. The system utilizes semantic similarity measures to identify points of in-
terest that are content-wise relevant to the user’s preferences, further enhancing the personalization
of recommendations.

The hospitality industry traditionally relied on travel agents and in-person booking for hotel selection.
However, the rise of online booking platforms has shifted consumer preference towards online op-
tions. While convenient, manually searching and comparing hotels online can be time-consuming,
highlighting the need for personalized hotel recommendation systems to assist travelers in making
informed choices. Recognizing this need, Hassan and Abdulwahhab (2019) propose a location-based
sentiment analyzer for hotel recommender systems. This approach goes beyond traditional rating-
based systems by considering user location and sentiment expressed in reviews to offer more detailed
insights into hotel quality and services. By analyzing user reviews and identifying positive and nega-
tive aspects of hotels, the system can provide tourists with a more comprehensive picture of potential
accommodation options, enabling them to make informed decisions based on their specific needs
and preferences. Yadav et al. (2020) present a user-centric approach that recommends hotels in a
given geographical area based on user queries. This system allows tourists to actively participate in
the recommendation process by specifying their desired location, price range, and other criteria. The
system then retrieves relevant hotels from the database and presents them to the user, allowing them
to compare options and make informed choices. Ray et al. (2021) introduce an ensemble-based hotel
recommender system that utilizes sentiment analysis and aspect-based opinion mining of hotel re-
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views. It utilizes a combination of advanced techniques, including the Bidirectional Encoder Repre-
sentations from Transformers (BERT) model, a Random Forest classifier, fuzzy logic, and cosine
similarity, to extract detailed insights from user reviews. This fine-grained analysis allows the system
to provide more personalized recommendations for hotels that serve the unique needs and prefer-
ences of individual tourists. Cui et al. (2022) address the challenge of ambiguity and uncertainty in
user reviews by proposing a hotel recommendation approach that utilizes probabilistic linguistic term
sets (PLTS). The proposed approach translates user statements into PLTSs, which capture the inher-
ent subjectivity and vagueness of natural language. By considering the probabilistic nature of linguis-
tic terms, the system can provide more accurate recommendations that reflect the user’s true senti-
ment towards different hotels. The effectiveness and superiority of the proposed approach are
demonstrated through a case application and comparative analysis with other recommendation meth-
ods using hotels in Zhengzhou. Ganji et al. (2023) propose a method that utilizes sentiment analysis,
deep learning, and data balancing techniques to improve the quality of decision-making in hotel rec-
ommender systems. Their method addresses the issue of biased or imbalanced datasets by employing
data-balancing techniques. Additionally, they leverage transformer-based models with attention
mechanisms for sentiment analysis, achieving higher accuracy in sentiment classification compared to
previous methods.

While recommender systems are widely used in a variety of tourism applications, their use extends
beyond hospitality to the culinary industry, where they play an important role in simplifying the din-
ing experience. The culinary industry is experiencing a boom, with new restaurants offering diverse
menus to attract customers. However, choosing a restaurant can be overwhelming due to the sheer
number of options. Fortunately, restaurant recommender systems address this challenge by leverag-
ing user data and intelligent algorithms to generate personalized recommendations, simplifying the
dining experience. Sun et al. (2019) exemplify this by introducing a novel approach to restaurant rec-
ommendations that leverages sentiment analysis of online Chinese reviews while incorporating uncer-
tainty theory. This approach accounts for the uncertainty associated with user sentiment by utilizing
uncertain sets and variables. Additionally, they introduce a distance-based approach to identify similar
reviewers’ opinions, enhancing the system’s ability to identify user preferences and recommend res-
taurants that align with these preferences. Hartanto and Utama (2020) present a decision support
model for restaurant recommendations that consider multi-parameters like customer interest, budget,
distance, taste and cleanliness ratings, and even halal or non-halal status for a more comprehensive
understanding of user preferences. The model uses fuzzy logic, cosine similarity distance, selection,
and optimization methods to provide personalized restaurant recommendations tailored to individual
or group needs. Asani et al. (2021) propose a personalized restaurant recommender system that lever-
ages sentiment analysis and context awareness. Their system analyzes user comments to identify food
names and the associated sentiment, allowing them to understand user preferences for specific cui-
sines. This enables the system to recommend nearby open restaurants that are tailored to the uset’s
specific food preferences, leading to a more satistying dining experience. Savchenko (2022) intro-
duces a novel approach that utilizes user-generated photos to address the cold-start problem, which
often occurs when recommending new restaurants with limited data. Their system leverages scene
recognition and multi-task convolutional neural networks to analyze photos of restaurants from the
user’s mobile device gallery. By identifying the type of cuisine depicted in the photos, the system can
create a profile of the user’s gastronomic preferences. This profile, combined with additional attrib-
utes like restaurant ratings, allows the system to recommend restaurants in a new city that align with
the user’s preferences, even if the restaurant has limited data available. Perumal et al. (2023) propose
an ontology-based recommendation system for restaurants. Ontologies define hierarchical relation-
ships between concepts, which, in this case, can represent different types of cuisines, restaurant
amenities, and user preferences. This approach allows the system to address the cold-start problem
by utilizing the defined relationships within the ontology to recommend restaurants even when lim-
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ited data is available. For a comprehensive overview of related work, refer to Table 1. This table pre-
sents a comparison of methods used and key features, advantages, and limitations of selected studies
within the field.

Table 1. Summary of related work

Study

Method

Key features

Advantages

Limitations

Kulkarni et al.
(2019)

Sentiment analysis

Analyzes user reviews
for sentiment to
understand intetests
beyond numerical
scores

Captures nuanced
user preferences;
improves accuracy

Data sparsity and contextual
ambiguity in user reviews; re-
quires extensive data for
training; requires substantial
computational resources

Esmaeili et al.
(2020)

Social analysis,
collaborative
filtering, content-
based filtering

Incorporates trust,
reputation, and social
relationships into
recommendations

Leverages social
context for
personalized
recommendations

Complex implementation;
relies heavily on explicit social
data availability

Maru’ao and

Content-based, col-

Combines multiple

Addresses diverse

Complex system integration;

Suharjito laborative filtering, |recommendation user preferences; |potential high computational
(2021) multi-criteria ratings, |methods improves accuracy |cost

demographic, and

ontology-based
Nan et al. Collaborative Uses collaborative Reduces the data  |Requires extensive data
(2022) mining and filtering, |mining and filtering  |processing sources

knowledge-based process for context-  |overheads;

transfer learning

aware travel recom-
mendations

improves accuracy

Chalkiadakis et

Bayesian preference

Utilizes semantic

Reduces the im-

Requires substantial compu-

al. (2023) elicitation, content- |similarity for pact of the cold- |tational resources
based filtering personalized start problem; ac-
recommendations curately captures
multifaceted user
preferences
Hassan and Location-sentiment |Considers user Provides detailed |Data sparsity and contextual
Abdulwahhab |based recommenda- |location and review  |insights into hotel |ambiguity in user reviews;
(2019) tion method sentiment for hotel  |quality and dependent on the availability
recommendations services of location data
Ray et al. Sentiment analysis  |Uses BERT, Random- | Fine-grained, Data sparsity and contextual
(2021) forest, and fuzzy logic |personalized hotel |ambiguity in user reviews;
for detailed review recommendations |high complexity; potentially
analysis resource-intensive
Cui et al. Sentiment analysis | Translates user Captures Data sparsity and contextual
(2022) reviews into linguistic |subjectivity and ambiguity in user reviews;
term sets to handle vagueness in handling probabilistic terms
ambiguity natural language  |can be complex
Ganji et al. Sentiment analysis  |Uses deep learning Higher accuracy in |Data sparsity and contextual
(2023) and data balancing for |sentiment analysis |ambiguity in user reviews; re-
improved sentiment quires substantial data pro-
classification cessing
Sun et al. Sentiment analysis  |leverages uncertain Improved Data sparsity and contextual
(2019) sets and uncertainty  |identification of  |ambiguity in user reviews; re-

statistics to estimate
unknown user opinion
values in reviews

user preferences

quires substantial data pro-
cessing; data privacy concerns
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Study

Method

Key features

Advantages

Limitations

Hartanto and
Utama (2020)

Fuzzy logic, cosine
similarity distance,

Considers diverse
parameters for

Tailored to indi-
vidual and group

Complex model; requires
detailed user input

selection, and comprehensive needs
optimization restaurant
recommendations
Asani et al. Sentiment analysis, |Analyzes comments |Enhanced dining |Data sparsity and contextual
(2021) context-awareness | for specific food experience ambiguity in user reviews;
preferences through context- |context data can be difficult
aware to capture
recommendations
Savchenko Scene recognition  |Uses user-generated  |Effective Dependent on the quality and
(2022) photos to address recommendations |relevance of user photos
cold-start problem with limited data
Perumal et al. |Ontology-based Utilizes hierarchical  |Effective Complexity in creating and
(2023) relationships for recommendations |maintaining ontologies

restaurant
recommendations

with limited data

DESIGN METHODOLOGY

This study introduces a novel UMCTCEF approach applicable to tourism recommendation systems,
consisting of three main components, as depicted in Figure 1. The first component is the User-based
Multi-Criteria Collaborative Filtering, which uses a user-based collaborative filtering technique to
generate recommendations based on similar users’ preferences and historical multi-criteria ratings. It
incorporates multi-criteria analysis to consider various aspects of users’ preferences. The second
component is the User-based Multi-Criteria Trust Filtering, which enhances recommendations by uti-
lizing implicit trust relationships between users. Lastly, the Fusion Recommendation component in-
telligently combines the outputs from the previous two components, exploiting their strengths to
provide comprehensive and personalized tourism-related recommendations.

PRELIMINARIES

To clarify the proposed recommendation approach, we introduce the following fundamental concepts:
Users: Denoted by U = {uy, uz, ... u,}, this represents a set of 7 users within an online community
who have interacted with and rated various items.

Items: Represented by I = {7, 4, ... 7,}, this set encompasses the  items rated by users in U.
Multi-Criteria Ratings: Our user-item rating matrix, K,»=«, captures diverse criteria for each item.
Specifically, let C = {¢;, ¢, ..., ez} be alist of criteria used to assess item 7 Each criterion represents a
distinct aspect of the item, receiving a rating value from users. The total utility U for user « of item /
is represented as an additive value function following the Multi-Attribute Utility Theory (Dyer, 2005):

U@i)= Zk: w(i)xr" (i), where ﬁ: w (i) =1 )

where W (i) denotes the weight assigned by user « to criterion ¢ for item 7, reflecting its significance.

1! (i) represents the rating provided by user z on criterion ¢ for item Z This equation sums the weighted

ratings across all criteria to compute the overall utility (overall rating) of an item for a user.

Implicit Trust Network: is modeled as a directed graph G = (U, E, w), where U is the set of nodes,
representing users, E is a set of edges, signifying implicit trust relationships between users, and w is the
edge weight signifying the implicit trust score between each user pair.
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THE RECOMMENDATION PROCESS

In this section, we will outline the recommendation process of the UMCTCF approach, which com-
bines user-based MC CF and user-based MC trust filtering techniques. The recommendation process

consists of three main components. Figure 1 showcases the components included in the proposed
UMCTCEF approach.

e A
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/ User-Item Rating /

Matrix
~— _— = =
] 3
= | ' ;
Y Compute MC-based I Compute Direct | =
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Figure 1. The framework of the proposed UMCTCEF approach

The User-based Multi-Criteria Collaborative Filtering Component
Step 1: Compute the similarity between users based on their ratings on co-rated items

In this step, the Absolute Difference of Ratings (ADF) method (Gazdar & Hidri, 2020) is initially uti-
lized to quantify partial similarities between the active user z and each user 4. The method calculates
these similarities for each rating criterion ¢ based on the items they have both rated, as shown below.
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Where 7;; and 75, represent the ratings of users z and b on item i concerning criterion ¢, I,q, denotes
the total number of items commonly rated among users 2 and 4. This equation computes the average
absolute difference in ratings between two users for a specific criterion, providing a measure of their
similarity.

Then, the total ADF similarity score among users  and 4 is derived by aggregating all partial similari-

ties (calculated for each available criterion) using the worst-case similarity approach (Adomavicius &
Kwon, 2007), as follows.

Sim™)" = min ADF’, 3
: ool .
Where £ denotes the number of available rating criteria. This aggregation method ensures that the
overall similarity score reflects the lowest similarity across all criteria.

Step 2: Compute the similarity between users based on all recorded ratings

However, the ADF method depends only on co-rated items, making it ineffective in sparse datasets
where such items are limited or absent. To overcome this limitation, we utilize the Bhattacharyya Co-
efficient (Patra et al., 2015) as an alternative method to measure similarity when there are few or no
co-rated items. This measure utilizes the entire collection of recorded ratings from both users to cal-
culate their similarity via the following formula:

Simfg = ZZBC(i,j)xloc(ra,i,rb’j) @)
iel jeJ
Both BC and /o serve as similarity metrics among users, but they rely on different information
sources. BC uses global information, while /¢ relies on local information. I and J are the sets of items
rated by users z and b, respectively. Consequently, BC is initially utilized to compute the partial simi-
larities between items 7 and j rated by users 2 and 4 for each rating criterion ¢, as shown below:

®)

Where x denotes the number of possible rating values, #5 represents the number of users who rated
an item with value 4, and #: and #;j represent the total number of users who rated items 7 and j, re-
spectively. This formula calculates the similarity based on the distribution of ratings across users,
providing a more comprehensive measure in sparse datasets. Then, the worst-case similarity is
adopted again as an aggregation function to calculate the overall similarity score between given items
as follows:

BC(@,)) = rrllink BCy; 6)
loc(r,,1,) denotes the local similarity between two ratings, as depicted by the following formula:
(ra,i’rmed )(Vb,i’rmed)

)= 7
\/zsel (r“as’rmed )2 \/Zsej (rb,s’rmed )2 @)

Here, 7.4 1s the median rating value, which is 3 in our case. This equation measures the local similar-
ity between two ratings based on their deviation from the median rating value.

loc(ra’i,rb,i
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Given that both sim?" and sim2y are already normalized within the range [0, 1], the standard sig-

moid function can be used to directly combine them into a single score. This consolidated score will
also adhere to the desired normalization range of [0, 1], as demonstrated in Equation (9).

Moreover, individual users may demonstrate varied rating behavior, with some consistently giving
high ratings while others lean towards lower values. Our approach incorporates a rating preference
factor (Pan et al., 2020) to address the inherent subjectivity, which represents the typical rating be-
havior of each user. The mean and variance of a uset’s ratings are used to compute the similarity be-
tween users 2 and 4. The approach is designed to achieve a more objective similarity measure by tak-
ing into account the uset’s underlying rating tendencies.

1
C (I+|oy —op) < U+ |1y — up)) ®

Where |, — up| represents the absolute difference between the average ratings of users « and 4,

RP,

a,

o, — 0| represents the absolute difference between their respective standard variances. The values

are integrated into the formula above to account for the impact of user preferences on their similarity
score. A smaller value signifies the reduced influence of individual user preferences on their overall
similarity, indicating a more significant emphasis on the actual content of their ratings. This formula
accounts for the absolute differences in both the average and variance of ratings between users, inte-
grating them to adjust the similarity score by reducing the influence of individual rating biases.

In conclusion, the user-based MC similarity between any two users, @ and b, can be expressed as fol-
lows:
Sim ! X RP,
b= —ADF _ o BH a.b 9
(1+exp(=(Sim,,” +Simg p ))) ©)

Step 3: Generate predicted ratings

The mean-centering approach (Resnick et al., 1994) is utilized to derive the predicted rating of target
item 7 for user « in this component, as depicted below:

MC-CF :Fa + ZbeNN Sima,h X(}/}y,i _Fb) (10)

@t ZbeNN Slmaqb

where, 7, and 7, represent the average ratings of users « and 4, respectively. 7; , represents the rat-

ing given by user 4 to target item 7. NIN stands for the number of nearest neighbors considered for
user a. This equation predicts the rating by adjusting the average rating of the active user based on
the weighted sum of deviations from the neighbors’ average ratings.

The User-based Multi-Criteria Trust Filtering Component
This component employs a two-step approach to compute the user-based MC implicit trust score for
each user pair. Initially, implicit trust values are derived from user ratings to form the initial implicit

trust network. Subsequently, this network helps spread indirect implicit trust among users who are
not connected.

Step 1: Compute the direct trust score between connected users

This study defines a user’s “trustworthiness” as their reliability in providing accurate recommenda-
tions to others, building on previous findings that indicate a strong connection between user similar-
ity and trust in online communities. Consequently, a user’s trustworthiness can be measured by evalu-
ating the accuracy of their past recommendations for the active user (Lu et al., 2020).
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Implicit trust is defined as the similarity between users’ interest in shared items, based on the premise
that trust often originates from shared interests and preferences. Computing the “direct implicit
trust” of each user pair involves evaluating their historical ratings and measuring the prediction accu-
racy of one user as a recommender for another. Users # and & would receive a high implicit trust
score if user & consistently delivers accurate predicted ratings to the user 2 based on their past ratings
(Shambour et al., 2021).

In order to accomplish this task, the prediction method introduced by Resnick et al. (1994) is initially
utilized to calculate the predicted ratings for each pair of users, as illustrated below:

P =7+(U'(i)-T) (11)

a,i

This equation computes the predicted rating of user « for item 7 by adjusting the uset’s average rating

7 based on the deviation of the user #’s overall rating from his average rating7; .

Following the prediction, the Manhattan Distance similarity measure (Adomavicius & Kwon, 2007;
Bilge & Kaleli, 2014) is used to compute the user-based distance among users z and 4 as presented
below:

MD,, = abs(P,, ~U" () (12)

i=1
where P, denotes the predicted rating of user z on item 7 and # covers all items that both users

have rated in common. This formula sums the absolute differences between predicted and overall
ratings for co-rated items. To ensure values fall within the range [0, 1], the Max-Min normalization
method (Han & Kamber, 2000) is applied to both predicted and overall utility ratings. Intuitively,
smaller distances between users indicate greater direct implicit trust. Therefore, the following metric
is used to convert the calculated distance into a direct implicit trust score:

1

st =1 b,
a,b

13)

This formula normalizes the Manhattan distance to a [0, 1] range, where a smaller distance indicates a
higher trust score.

Manhattan distance metric takes into account only the absolute difference in ratings between users,
without considering the percentage of items that are commonly rated. This can lead to inflated trust
scores for users with limited shared items, potentially hindering accuracy. The Relevant Jaccard
method (Bag et al., 2019) is utilized as a structural similarity measure to tackle this issue. The Rele-
vant Jaccard method is calculated as follows:

1
R] =
[ ! ] R 1 14
1+ + +
11N L) 1L = N I| )\ 1|1 = |2, N 1|

where |7,| and |1, | represent the total number of items that users z and b have rated, respectively.
I, N1,| represents the total number of items that both users # and & have rated in common. This for-
mula calculates the proportion of shared items relative to the union of their rated items.

Finally, the User-based Multi-Criteria direct trust between users 2 and & can be expressed as follows:

Direct

Trusta’b =Trust, p x RJacc, p, (15)
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This formula combines both the trust score and the Relevant Jaccard similarity metrics to provide a
comprehensive measure of direct trust.

Step 2: Propagating trust for unconnected users

The initial direct trust network, created based on the calculated trust scores in Step 1, may remain
sparse because users usually provide a limited number of ratings in recommender system applica-
tions. To overcome this sparsity and maximize the network’s utility, our approach adopts trust prop-
agation, a concept observed in social networks. This allows trust to be transmitted through through
intermediary users, thereby establishing new indirect connections within the network. The process
involves expanding the network and enabling more intricate trust relationships between users that go
beyond direct interactions.

To address the challenge of sparsity within the implicit trust network, we propose an aggregation
function that incorporates confidence weights when measuring trust propagated between users. The
function evaluates the level of implicit trust from user « to user ¢ via user 4. For any users a,b,¢ in the
implicit trust network G, the propagated trust score is calculated as follows:

z (T rustizm x RJacc,, b) +(m rustiimt X RJaccb’C)
Trustcf';ap _ beintermediary(a and c) (1 6)
’ Z RJacc, , + Rlacc,

beintermediary(a and c)

where user 4 serves as a common neighbour to users z and ¢« This formula calculates the maximum
trust score that can be propagated from « to ¢ through any intermediary user 4.

In summary, our approach first calculates the direct implicit trust between directly linked users (shar-
ing similar items) using Equation (15). Then, it utilizes Equation (16) to propagate trust between
non-connected users through intermediary users, enriching the network with valuable connections.

Step 3: Compute global trust scores for users

The global trust score of users plays a crucial role in enhancing the system’s capability to predict rat-
ings for unobserved items, particularly when an active user lacks sufficient nearest neighbors. As
highlighted in (Song et al., 2017), this score is computed based on two key factors:

- Average rating deviation: This aspect captures the uset’s tendency to deviate from the average
ratings of items they have rated. It is calculated as the average difference between the user’s
rating and the average rating for each item. A smaller deviation indicates higher user conform-
ity and potentially greater trustworthiness.

- Connectivity in trust network: This factor reflects the user’s overall level of engagement within
the implicit trust network, considering the number of trust relationships they have with other
users.

The formula for calculating the global trust score is shown below:
Z ra,i _?1|
iel

|Ual
GTS, =exp| ——4 X
‘ [Zal v an

where 7, . represents the rating of user  given to item 7, 7, denotes the mean rating of item 7, and
|U a| is the number of users connected to user # within the implicit trust network. This formula com-

bines the average rating deviation and connectivity to compute a global trust score.
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Step 4: Generate predicted ratings

Using the mean centering approach (Resnick et al., 1994) once more, we calculate the predicted rat-
ing of target item 7 for the active user « in this component, as shown below:

ZbeNN Trust, , x (rb,l. -7)

, 20
ZbeNN Trusta’b

if T rust, ,

r,+

MC—-Trust

(18)

a,i

74 ZbENN GTSb x (r}),i _Fb)
‘ Do GTS,
eNN b

The Fusion Recommendation Component

if Trust,, =0

Building on the success of fusing diverse recommendation techniques in prior work, this component
leverages a “switch hybridization” scheme (Burke, 2007). This scheme dynamically selects the most
suitable recommendation approach based on specific conditions, ultimately aiming to improve rec-
ommendation accuracy. The key criterion for selecting the recommendation approach is its capacity
to predict ratings for items that have not been previously seen. If both approaches under considera-
tion can provide such predictions, the Root Mean Squate metric is employed to combine their out-
puts. This metric offers the advantage of quantifying the overall agreement or disagreement between
the two ratings, providing a basis for informed decision-making.

O : ifPa{\ileCF -0 and PMC*Trust =0
PMC—CF : . PMC—CF %0 and Pg/!/]{C—Trust =0
P“ final — PMC Trust - if Paf\lflcch -0 and Pa]ff&msr 20 (19)
PMC CF + PMC Trust
\/( y ( Y L P 0 ang PO g
EXPERIMENTS

The following section explores the experimental evaluation of the UMCTCF approach proposed in
this study. The benchmark datasets utilized are presented, and the key results are analyzed, with a
comparison of UMCTCI’s performance against established baseline methods using relevant evalua-
tion metrics.

DATASETS AND EVALUATION MEASURES

Our experimental evaluation leverages two multi-criteria tourism datasets namely Restaurants-
TripAdvisor and the Hotels-TripAdvisor (Jannach et al., 2014). Table 2 summarizes their key charac-
teristics, including the number of users, items, ratings, criteria, and rating scale.

Table 2. Datasets properties

Name Users | Items | # of ratings # of criteria Rating scale
Restaurants | 1254 | 205 14633 3 [1,5]
Hotels 1039 693 28829 7 [1,5]

To assess how sparsity affects our proposed UMCTCF method and other baseline recommendation
methods, we generated six datasets with different degrees of sparsity. Ratings were deleted randomly
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from the original dataset, leading to sparsity levels ranging from 98.0% to 99.8%. Sparsity is deter-
mined by subtracting dataset density from 1, where density represents the ratio of non-zero entries
(total ratings) to all possible entries (users multiplied by items). Additionally, we created six datasets
to evaluate how UMCTCF and baseline recommendation methods perform when encountering new
users. Hach dataset allocated numbers of ratings to new users ranging from 10 to 20 ratings. This
setup allows us to examine how the methods handle users who have limited ratings.

To assess the performance of our proposed approach and benchmark methods, we employ three key
evaluation metrics: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Coverage.
MAE and RMSE help us understand the difference between predicted user ratings and actual ratings,
showing how accurately the predictions match what users truly prefer. Lower values of both MAE
and RMSE indicate better predictive accuracy. While both metrics focus on predictive accuracy,
RMSE offers insights by prioritizing the correction of prediction errors. This can be especially useful
in situations where significant deviations have an impact on user satisfaction or system performance.
Furthermore, Coverage plays a crucial role in evaluating recommender systems, particularly when ad-
dressing sparsity and new user challenges. It measures the proportion of items for which the method
can generate predictions. A higher coverage value indicates the ability to recommend a wider range of
items, potentially even with limited user-item interactions, leading to more diverse and satisfying rec-
ommendations for users. This is particularly beneficial for new users with few ratings, as the system
can still suggest relevant items based on available information (Aggarwal, 2016a).

BASELINE METHODS

To conduct a comprehensive evaluation of our proposed UMCTCE approach, we compared its per-
formance against three established CF-based recommendation methods:

- The MC User-based CF (MC-UCF): This method exploits multi-criteria ratings between us-
ers to boost prediction accuracy (Adomavicius & Kwon, 2007).

- The MC Uset-based Trust-enhanced CF (MC-TeCF): This method combines multi-critetia
ratings with implicit trust relationships between users (Shambour, 2016).

- The MC User-based CF (MC-MDCF): This method incorporates multi-criteria ratings and
employs the Mahalanobis distance metric to deliver accurate recommendations (Wasid & Ali,
2018).

COMPARISON RESULTS

The proposed UMCTCF recommendation approach undergoes several experiments to confirm its
enhancements in prediction accuracy and coverage in comparison with baseline methods. These ex-
periments were designed to tackle the issues presented by sparsity and new users across the presented
datasets.

Analysis of prediction accuracy performance utilizing the Restaurants dataset

The proposed UMCTCF approach demonstrates outstanding performance in the Restaurants
dataset, consistently outperforming baseline methods that include MC-UCF, MC-TeCF, and MC-
MDCEF in terms of prediction accuracy. This is evident in Figures 2 and 3, which illustrate the
performance across varying numbers of nearest neighbors ranging from 5 to 50. On average,
UMCTCEF outperforms the baselines by approximately 15% in MAE and 19% in RMSE compared to
MC-UCEF, 3% and 1% compared to MC-TeCF, and 8% and 5% compared to MC-MDCF. Notably,
both MAE and RMSE decrease consistently with increasing neighbor sizes, achieving their optimal
performance with the 50 nearest neighbors. In essence, these results convincingly demonstrate that
UMCTCEF outperforms existing methods in terms of prediction accuracy, highlighting its potential
for enhanced recommendation effectiveness.
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MAE Results on the Restaurants Dataset
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Figure 2. Prediction accuracy (MAE) evaluation results on the Restaurant dataset

RMSE Results on the Restaurants Dataset

1.80
1.68
w 1.56
[7,]
2
o 144
- -— —a — - -— -
1.20
5 10 15 20 25 30 50
# of NN
MC-UCF —#4—MC-TeCF ==ll=MC-MDCF UMCTCF

Figure 3. Prediction accuracy (RMSE) evaluation results on the Restaurant dataset

Analysis of prediction accuracy performance utilizing the Hotels dataset

The proposed UMCTCF approach shows exceptional results in the Hotels dataset, consistently ex-
ceeding the prediction accuracy of baseline methods, including MC-UCF, MC-TeCF, and MC-
MDCEF. This dominance is visually depicted in Figures 4 and 5, showcasing performance across vari-
ous nearest-neighbor sizes (5, 10, 15, 20, 30, and 50). Analyzing average results, UMCTCF achieves
remarkable improvements: 45% reduction in both MAE and RMSE compared to MC-UCF, 15%
and 8% improvement in MAE and RMSE over MC-TeCF, and 25% and 24% reduction in MAE and
RMSE compared to MC-MDCF. Again, both MAE and RMSE decrease consistently with increasing
neighbor sizes, reaching their peak performance at 50 neighbors.

In summary, across both Restaurants and Hotels datasets, the UMCTCF is a more effective recom-
mendation method compared to the baselines, particularly in terms of predicting user preferences ac-
curately. This improved prediction accuracy has the potential to enhance the overall effectiveness of
the recommendations in practice.
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MAE Results on the Hotels Dataset
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Figure 4. Prediction accuracy (MAE) evaluation results on the Hotels dataset

RMSE Results on the Hotels Dataset
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Figure 5. Prediction accuracy (RMSE) evaluation results on the Hotels dataset

Exploration of prediction accuracy and Coverage at different levels of sparsity

Figures 6 and 7 showcase the performance of our proposed UMCTCF approach compared to the
MC-UCF, MC-TeCF, and MC-MDCEF baselines under varying sparsity levels. The evaluation metrics
employed are MAE and Coverage. On average, UMCTCF outperforms the baselines by approxi-
mately 63%, 28%, and 62% in terms of MAE. This demonstrates its superior ability to maintain pre-
diction accuracy even with sparse data. Notably, MAE increases unsurprisingly as sparsity increases,
highlighting the challenge faced by all methods. However, UMCTCF’s resilience is evident, particu-
larly in the 99.8% sparse dataset, where it achieves a 56% average improvement over baselines. Fur-
thermore, UMCTCEF also exhibits significant superiority in Coverage, achieving average improve-
ments of 48%, 8%, and 45% over baselines. This indicates its effectiveness in recommending a wider
range of items, especially in sparse datasets where other methods struggle.

Obviously, Coverage generally increases with decreasing sparsity. However, in the 99.8% sparse da-
taset, UMCTCE still boasts a remarkable 73% average improvement, demonstrating its robustness in
recommending diverse items even with limited rating data. These remarkable results highlight the po-
tential of UMCTCEF for accurate and diverse recommendations even in challenging data sparsity con-
ditions.
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MAE results at different Sparsity levels
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Figure 6. Prediction accuracy (MAE) evaluation results at different levels of sparsity

Coverage results at different Sparsity levels
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Figure 7. Prediction coverage evaluation results at different levels of sparsity

Exploration of prediction accuracy and Coverage for new users with varied numbers
of ratings

Figures 8 and 9 illustrate the performance of UMCTCF in mitigating the negative impact of the new
user problem on both prediction accuracy and Coverage. Compared to the MC-UCF, MC-TeCF, and
MC-MDCEF baselines with varying new user rating numbers, UMCTCF demonstrates consistently
superior performance.

Figure 8 showcases UMCTCF’s significant improvement in MAE compared to baselines, with an av-
erage of 68% over MC-UCF, 10% over MC-TeCF, and 67% over MC-MDCEF. These significant im-
provements demonstrate UMCTCE’s ability to surpass baseline methods in accurately predicting the
preferences of new users, even with limited data. Figure 9 reveals UMCTCE’s advantage in Coverage
compared to baselines, achieving average improvements of 51% over MC-UCF, 6% over MC-TeCF,
and 50% over MC-MDCEF. This signifies UMCTCE’s effectiveness in recommending a wider range
of items to new users, potentially leading to more diverse and satisfying experiences.

As expected, MAE and the number of ratings assigned to new users show a negative correlation (de-
creasing with more ratings), while Coverage shows a positive correlation (increasing with more rat-
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ings). Notably, UMCTCEF displays superior reliability and efficacy in both metrics compared to base-
lines, especially for users with very limited ratings. This is evident in the substantial improvements in
both MAE and Coverage results.

MAE results for new users with varied numbers of ratings
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Figure 8. Prediction accuracy (MAE) evaluation results for
new users with varied numbers of ratings
Coverage results for new users with varied numbers of ratings
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Figure 9. Prediction coverage evaluation results for new users
with varied numbers of ratings

The UMCTCEF approach demonstrates significant potential for enhancing user satisfaction and deci-
sion-making in the tourism domain. By leveraging detailed multi-criteria ratings and implicit trust re-
lationships, UMCTCF delivers highly personalized and accurate recommendations, aligning closely
with individual user preferences across various aspects like cleanliness, service quality, and location.
This comprehensive approach results in lower prediction errors, higher recommendation coverage,
and better overall performance compared to traditional methods. For tourism providers, UMCTCF
offers actionable insights that can drive data-driven decision-making and optimize marketing strate-
gies. By understanding detailed user preferences, businesses can focus on enhancing specific aspects
of their services that are most valued by customers. Additionally, the integration of trust networks
fosters a sense of community and reliability, building long-term customer loyalty and differentiating
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providers from competitors. Overall, UMCTCF not only boosts user satisfaction but also provides
strategic advantages that contribute to sustained business success in the tourism sector.

A COMPREHENSIVE ASSESSMENT

The UMCTCEF approach demonstrates significant potential for enhancing user satisfaction and deci-
sion-making in the tourism domain. By leveraging detailed multi-criteria ratings, implicit trust rela-
tionships, and reputation scores, UMCTCF delivers highly personalized and accurate recommenda-
tions. It closely matches the distinct preferences of users in different aspects, such as cleanliness, set-
vice quality, room quality, and location, when it comes to hotel recommendations. This comprehen-
sive approach results in lower prediction errors, higher recommendation coverage, and better overall
performance compared to traditional methods. For tourism providers, UMCTCF offers actionable
insights that can drive data-driven decision-making and optimize marketing strategies. By under-
standing detailed user preferences, businesses can focus on enhancing specific aspects of their ser-
vices that are most valued by customers. Overall, UMCTCF not only boosts user satisfaction but also
provides strategic advantages that contribute to sustained business success in the tourism sector.

While UMCTCEF presents notable advantages, it is crucial to acknowledge and address potential limi-
tations. A primary concern is data availability, as acquiring multi-criteria ratings can prove challeng-
ing. Moreover, the computational requirements for processing such ratings may present scalability
and real-time processing obstacles, particularly for large-scale systems. To enhance the impact and
relevance of UMCTCEF, practical insights can guide its implementation. Incremental improvements in
data collection and optimizing computational resources are essential steps. In the tourism domain,
platforms can adopt progressive strategies for collecting detailed ratings, establish data-sharing part-
nerships, and invest in algorithm optimization to manage complexity. Additionally, educating users
on the benefits of detailed feedback can further refine the system, leading to more accurate and per-
sonalized recommendations. These initiatives not only improve user satisfaction but also provide ac-
tionable insights for tourism providers, fostering a more competitive and dynamic tourism ecosys-
tem.

DISCUSSION

The UMCTCEF approach represents a significant advancement in personalized tourism recommenda-
tions, effectively addressing the challenges of data spatsity and the cold-start problem. Its innovative
use of multi-criteria ratings, implicit trust relationships, and reputation scores enables it to consist-
ently outperform baseline methods in terms of prediction accuracy and coverage.

In both Restaurants and Hotels datasets, UMCTCF demonstrates significant improvements in MAE
and RMSE when compared to MC-UCF, MC-TeCF, and MC-MDCEF. For instance, in the Restau-
rants dataset, UMCTCF surpasses MC-TeCF, which closely resembles our proposed approach, by
achieving a 3% improvement in MAE and a 1% improvement in RMSE. These improvements are
even more pronounced in the Hotels dataset, where UMCTCF outperforms MC-TeCF with a 15%
improvement in MAE and an 8% improvement in RMSE.

Furthermore, the UMCTCF approach demonstrates robust performance under high sparsity condi-
tions, with sparsity levels ranging from 98.0% to 99.8%. In a scenario with 99.8% sparsity, UMCTCF
demonstrates a 56% average improvement in MAE and a 73% improvement in coverage compared
to baseline methods. The approach also effectively mitigates the cold-start problem for new users,
enabling reliable recommendations for new users with limited historical ratings. In a highly cold-start
scenario, where a new user has only ten ratings, UMCTCEF exhibits a 59% average improvement in
MAE and a 55% improvement in coverage compared to baseline methods.

UMCTCF’s success stems from its incorporation of multi-criteria ratings, implicit trust relationships,
and reputation scores, which expand the pool of potential neighbors during the neighbor selection
phase. This leads to superior results in terms of predictive accuracy and coverage, particularly when
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dealing with extremely sparse datasets or new users with very few ratings. By effectively addressing
the challenges of data sparsity and the cold-start problem, UMCTCF contributes to a more satisfying
user experience and improved decision-making in tourism-related activities. The enhanced prediction
accuracy and coverage ensure that users receive recommendations that are more closely aligned with
their preferences, enhancing user satisfaction and engagement.

The UMCTCEF approach represents a transformative advancement in personalized toutism recom-
mendation systems, leading to greater customer satisfaction and loyalty for hotel and restaurant own-
ers. This approach effectively matches customers with hotels and restaurants that closely align with
their preferences, thus enhancing their overall experience and increasing the likelihood of repeat vis-
its. Additionally, UMCTCEF enables businesses to optimize marketing strategies and service offerings,
ensuring that promotions and deals reach those most likely to appreciate them. Moreover, the sys-
tem’s capacity to effectively accommodate new users and diverse preferences ensures that even first-
time visitors receive relevant recommendations, potentially converting them into regular patrons and
broadening the appeal of the business.

Beyond enhancing customer experience, UMCTCEF provides valuable operational insights for hotel
and restaurant owners. Detailed data from multi-criteria ratings can inform business decisions, such
as inventory management and staffing, based on popular facilities or menu items. This approach not
only distinguishes businesses from competitors but also underscores their commitment to innovation
and customer service through cutting-edge technology. Overall, UMCTCF not only benefits custom-
ers with personalized recommendations but also empowers business owners with actionable insights
and a competitive advantage.

CONCLUSION

Recommender systems serve a vital role in the tourism industry as they efficiently match a wide range
of tourism facilities, such as restaurants, hotels, and museums, with the interests of individual travel-
ers. By using data and personalized recommendations, these systems enable travelers to explore avail-
able choices and create a customized travel experience based on their patticular preferences. This re-
search proposed a novel User-based Multi-Criteria Trust-aware Collaborative Filtering (UMCTCF)
approach for personalized tourism recommendations. The proposed approach effectively integrates
multi-criteria user preferences and implicit trust networks to enhance recommendation accuracy and
coverage. A comprehensive experimental evaluation was conducted using two real-world tourism da-
tasets (Restaurants-TripAdvisor and Hotels-TripAdvisor) with varying levels of data sparsity and new
user scenarios.

Our findings demonstrate that the UMCTCF approach consistently outperforms the baseline recom-
mendation methods in terms of prediction accuracy, as measured by MAE and RMSE, and coverage.
Significantly, the UMCTCEF exhibits exceptional robustness in sparse conditions, maintaining supe-
rior accuracy and coverage even with limited historical ratings. Additionally, UMCTCF effectively ad-
dresses the new user problem, delivering accurate and diverse recommendations to users with limited
historical ratings. These results highlight the effectiveness of our approach in understanding user
preferences and delivering meaningful recommendations, particularly in challenging scenatios.

The enhanced performance of UMCTCF signifies the importance of incorporating multi-criteria
analysis and trust-based filtering into tourism recommender systems. By considering diverse aspects
of user preferences and utilizing the implicit trust between users, the proposed approach yields more
accurate and diverse recommendations. This has direct implications for improving user satisfaction
and decision-making in the context of e-tourism.

In light of these findings, the UMCTCEF approach offers significant practical implications for all
stakeholders in the tourism industry. For travelers, UMCTCF translates into a more personalized and
enjoyable travel experience, where recommendations closely align with their preferences, leading to
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increased satisfaction and loyalty. For tourism businesses, particularly restaurants and hotels,
UMCTCEF offers opportunities to better understand and cater to customer preferences, thereby en-
hancing customer retention, improved operational efficiency, and competitive advantage. Addition-
ally, for technology providers and researchers, UMCTCF presents an avenue for innovation and fur-
ther advancement in personalized recommendation systems with potential applications beyond the
tourism industry. By effectively addressing the needs of all stakeholders, UMCTCEF has the potential
to revolutionize the tourism industry and create a more personalized and enriching experience for
everyone involved.

Future research avenues could explore several promising paths to further enrich the UMCTCF ap-
proach and broaden its applicability. One avenue involves the integration of contextual information,
such as spatial or location-based data, to provide deeper insights into user preferences and enhance
the accuracy and relevance of recommendations. For instance, considering factors like the user’s cur-
rent location, travel plans, and time constraints could lead to more personalized and timely sugges-
tions. Another potential direction entails leveraging user-generated content, including reviews and
social media posts, to glean valuable insights into user preferences and sentiments. Analyzing this
content can refine the understanding of user preferences beyond explicit ratings, thereby enhancing
recommendation personalization. Additionally, investigating cross-domain applications of UMCTCF
in various e-commerce sectors beyond tourism holds promise for personalized recommendation re-
search. By applying multi-criteria analysis and trust-based filtering principles to domains like online
shopping, entertainment, and healthcare, researchers can unlock new insights and contribute to the
development of more effective recommendation systems. Furthermore, exploring how optimization
algorithms could be integrated with UMCTCEF to potentially enhance both recommendation accuracy
and efficiency presents a valuable area for future investigation.
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