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Abstract
Recommendation systems play a crucial role in assisting users with decision-mak-
ing by suggesting relevant items. Multi-criteria recommender systems (MCRS) en-
hance this process by incorporating user preferences for various aspects, leading 
to more personalised and effective recommendations. However, MCRS faces chal-
lenges such as high computational complexity and limited consideration of user 
context, including user preferences for relaxation, which may differ between solo 
trips and trips with friends. This paper addresses these limitations by proposing a 
novel MCRS approach for tourism recommendation systems. Our proposed system 
combines matrix factorisation with a deep residual network (ResNetMF), demon-
strating substantial performance improvements in terms of RMSE, MAE and lower 
training time compared to a wide range of baselines. Additionally, a user query 
analysis component allows users to express their dynamic preferences through 
queries, catering to the context-specific nature of travel decisions. The evaluation 
demonstrates that our ResNetMF model outperforms baseline and deep learning 
methods in most of the tested evaluation metrics while having the lowest training 
time. This work contributes to the field of tourism recommendation systems by 
proposing a user-centred approach that addresses both accuracy and user interaction 
for effective travel recommendations.
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1  Introduction

The ubiquitous nature of the World Wide Web has fueled an exponential growth of 
information in recent decades (Elahi et al. 2022). This phenomenon, known as infor-
mation overload, surpasses our capacity to process and manage the sheer volume of 
data effectively (Lediga and Fombad 2018; Lingo 2023). To address this challenge, 
researchers have focused on developing automated recommendation systems that 
deliver relevant information to specific users, thereby enhancing user experiences 
across various domains, including e-commerce, streaming services, and social media 
(Farooqi et al. 2022; Zhang et al. 2020). These systems are designed to alleviate the 
overwhelming nature of extensive selection options by providing tailored recommen-
dations based on user preferences (Zhu et al. 2019).

1.1  Recommendation system: a foundation for personalised user experience

Recommendation systems leverage machine learning techniques to provide person-
alised suggestions, primarily falling into three categories: content-based filtering, 
collaborative filtering, and hybrid filtering (Hussein et al. 2012; Park et al. 2012). 
Content-based filtering focuses on user profiles and item descriptions, recommend-
ing items similar to those a user has previously interacted with (Manikantan 2021). 
Collaborative filtering, a widely used approach, analyses historical data of similar 
users or items to generate recommendations (Deshpande and Karypis 2004; Su and 
Khoshgoftaar 2009). This method operates under the assumption that users with sim-
ilar past preferences are likely to have similar preferences in the future (Khalaji and 
Mohammadnejad 2019). Hybrid approaches combine elements of these techniques to 
achieve better results (Zhang et al. 2023).

Despite their success, traditional recommendation systems often rely on simplistic 
indicators, such as overall ratings or purchase history (Mahmoud and John 2015; 
Praditya et al. 2021). This approach fails to capture the multifaceted nature of user 
decision-making, which is influenced by a variety of factors beyond past behaviour 
(Alamdari et al. 2020). To address this limitation, multi-criteria recommender sys-
tems have emerged, considering a broader spectrum of factors or criteria to suggest 
items that better align with user preferences (Ifada et al. 2023). These systems can 
incorporate user ratings on specific aspects (e.g., acting in movies), genre prefer-
ences, or contextual factors like travel style or budget, leading to more nuanced and 
personalised recommendations (Zeeshan et al. 2021).

1.2  Research gap and proposed method

While multi-criteria recommender systems offer significant potential to enhance 
personalisation in various domains, their application to tourism presents unique and 
demanding challenges that are not fully addressed by existing research.

Firstly, computational complexity presents a significant obstacle, especially when 
applied to the intricate nature of tourism choices. As Liu (2022) notes, traditional 
methods, such as matrix factorisation, struggle with complex, non-linear relation-
ships, leading to high computational costs. This general limitation is particularly pro-
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nounced in tourism, where recommendations often involve numerous criteria, such 
as price, location, star rating, amenities, and user reviews, for a vast inventory of 
hotels, attractions, and activities, as typically encountered in platforms like Tripadvi-
sor.com, Booking.com or Airbnb. As Hafez et al. (2021) and Zheng and Wang (2022) 
point out, computational resources grow exponentially with the scale of users, items, 
and criteria, making this a critical issue for large-scale tourism recommendation sys-
tems. For example, generating real-time, multi-criteria travel recommendations for a 
city like Paris, considering the sheer volume of hotels and tourist interests on plat-
forms like Tripadvisor, highlights the practical implications of this computational 
bottleneck.

Secondly, training speed is a crucial consideration for tourism applications. Sham-
bour et al. (2023) emphasise the challenge of scalability and real-time updates due to 
increased training time with growing data. This is especially pertinent in the dynamic 
tourism sector, where travel trends, hotel availability, and user preferences can shift 
rapidly, influenced by seasonal changes, events, and global trends. As highlighted 
by Shambour et al. (2023), systems must adapt to these changes to avoid outdated 
recommendations. In tourism, failing to retrain models rapidly can result in missing 
critical shifts in popular destinations or changes in hotel pricing and availability, 
which directly impact the relevance of recommendations and user satisfaction.

Finally, the incorporation of contextual factors remains a significant challenge for 
effective personalisation. Meehan et al. (2016) underscore the influence of dynamic 
contextual factors on user preferences. This is exceptionally relevant to tourism, 
where travel decisions are heavily shaped by context, such as travel purpose (lei-
sure vs. business), travel companions (solo, family, group), time of year, and desti-
nation-specific events. For instance, as Meehan et al. (2016) illustrate with general 
examples of contextual influence, in tourism, a user planning a family holiday will 
have vastly different priorities compared to a solo traveller on a business trip. Exist-
ing systems often struggle to effectively integrate these diverse contextual signals to 
provide truly personalised tourism recommendations. To address these challenges 
within the tourism domain and informed by the broader challenges outlined by Liu 
(2022), Hafez et al. (2021), Zheng and Wang (2022), and Shambour et al. (2023), we 
formulate the following research questions, specifically relevant to enhancing tour-
ism recommendations:

RQ1a: To what extent does ResNetMF, our proposed lightweight neural network 
architecture, improve recommendation accuracy (e.g., lower Mean Absolute Error 
(MAE) and Root Mean Squared Error (RMSE), higher Precision, Recall, F1-score, 
NDCG, and Hit Rate) compared to traditional matrix factorization and complex deep 
learning models when applied to large-scale tourism datasets?

RQ1b: Can ResNetMF achieve a measurable reduction in training time compared 
to traditional matrix factorisation and complex deep learning models, particularly 
when applied to large-scale tourism datasets?

RQ2: How does the integration of ResNetMF’s user query analysis module, lever-
aging Natural Language Processing (NLP) techniques, impact user satisfaction with 
the personalisation and relevance of tourism recommendations in a multi-criteria 
context?
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It is important to note the scope of RQ2’s evaluation within this study. While 
RQ2 aims to understand the impact of the query analysis module on personalisation 
and relevance, our current experimental design primarily assesses this through user 
satisfaction ratings gathered from a specific cohort. A direct, granular evaluation of 
the ‘dynamic interpretation and incorporation’ mechanism itself, or a controlled com-
parison against a system explicitly operating without any query analysis, falls beyond 
the scope of this initial user study and is earmarked as a crucial direction for future 
work. This focused approach allows us to establish a foundational understanding of 
the module’s perceived benefit to the user experience.

To address these challenges, we propose ResNetMF, a novel multi-criteria rec-
ommendation system that integrates Matrix Factorisation (MF) and Residual Net-
works (ResNet) into a unified framework. ResNetMF leverages the strengths of both 
techniques: MF captures clear, linear relationships between users and items, while 
ResNet, originally designed for image recognition, excels at modelling complex, 
non-linear patterns through residual learning. (Wang et al. 2023). The core innova-
tion of ResNetMF lies in its residual learning approach, where the ResNet branch 
predicts the error (residual) introduced by the MF model rather than directly predict-
ing the recommendation score. This allows the ResNet branch to focus on correcting 
the shortcomings of the MF model, resulting in a more efficient and accurate recom-
mendation system.

Furthermore, ResNetMF incorporates a lightweight neural network architecture 
that minimises computational complexity and reduces training time, addressing RQ1. 
This ensures faster training speeds while maintaining high recommendation accu-
racy, as demonstrated by our experiments, which show an average of 20% reduction 
in training time compared to state-of-the-art methods.

To address RQ2, ResNetMF incorporates a user query analysis module that uti-
lises natural language processing (NLP) techniques, including entity recognition, 
sentiment analysis, and semantic analysis, to interpret user queries and refine recom-
mendations dynamically. By understanding the nuances of user input, the system 
ensures that recommendations align closely with user intent and preferences. For 
example, the system can adapt recommendations based on contextual factors, such 
as travel style (e.g., solo vs. group travel) or budget, ensuring a highly personalised 
user experience.

1.3  Research contributions

This research makes several key contributions to the field of personalised tourism 
recommendations. Firstly, we introduce ResNetMF, a novel hybrid recommenda-
tion engine that uniquely integrates the strengths of matrix factorisation and residual 
networks. This innovative architecture is designed to achieve high recommendation 
accuracy while significantly reducing training time, directly addressing RQ1: How 
can a multi-criteria recommender system achieve faster training speeds without com-
promising recommendation accuracy?

Secondly, to effectively leverage the rich contextual information inherent in user 
travel queries and preferences, we develop an advanced user query analysis module. 
This module utilises advanced natural language processing techniques to interpret 
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user input, enabling the dynamic refinement of recommendations based on user pref-
erences, contextual cues, and constraints. This directly tackles RQ2: How can con-
textual factors be dynamically incorporated to adapt recommendations to evolving 
user preferences?

Finally, the effectiveness of ResNetMF is rigorously validated through a compre-
hensive empirical evaluation. We conducted extensive experiments on two diverse 
datasets, HotelRec and Kuching, demonstrating that ResNetMF outperforms state-
of-the-art recommendation algorithms in terms of accuracy, personalisation, and 
user satisfaction. While the inclusion of the geographically focused Kuching dataset 
provides valuable insights into local user behaviour, we acknowledge that its lim-
ited geographic scope impacts the generalisability of findings to broader tourism 
contexts. Future research will focus on expanding our evaluation to include more 
diverse datasets, encompassing wider geographic regions and user demographics, to 
further enhance the generalisability and applicability of ResNetMF in diverse tour-
ism scenarios.

1.4  Paper structure

The remainder of this paper is organised as follows: Sect. 2 reviews related work in 
recommendation systems, matrix factorisation, and deep learning-based approaches. 
Section  3 presents the architecture and methodology of ResNetMF, including the 
recommendation engine and user query analysis module. Section 4 details the exper-
imental setup, including dataset selection, evaluation metrics, and baseline algo-
rithms. Section 5 discusses the results and compares ResNetMF with state-of-the-art 
methods. Finally, Sect. 6 concludes the paper and outlines future research directions.

By addressing the limitations of traditional recommendation systems and introduc-
ing innovative techniques for capturing complex user-item interactions, ResNetMF 
represents a significant step forward in the field of recommender systems. Its ability 
to deliver highly accurate and personalised recommendations has the potential to 
enhance user experiences across the tourism industry.

2  Related works

This section explores existing research on multi-criteria recommender systems, with 
a focus on the tourism domain. We categorise the reviewed literature into three main 
areas: traditional approaches, deep learning-based methods, and their application 
to tourism recommendations. Additionally, we highlight the contributions of major 
online travel agencies (OTAs) such as Airbnb, Booking.com, and Expedia, which 
have been instrumental in advancing the field through both research and practical 
implementations.

2.1  Traditional multi-criteria recommendation systems

Traditional multi-criteria recommender systems extend beyond single-rating 
approaches by considering user preferences for various aspects (criteria) of an item 
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when making recommendations (Zheng and Wang 2022). These methods often 
decompose the multi-criteria rating problem into separate single-rating recommen-
dation problems for each criterion (Adomavicius and Kwon 2007). An aggregation 
function is then learned to combine these individual ratings into a final overall rating.

Sahoo et al. (2012) propose a structure learning algorithm to analyse the depen-
dency structure between different rating components. Similarly, Zheng (2017) 
proposes the “Criteria Chains” method, which utilises combinations of criteria to 
enhance prediction accuracy. This implies considering how ratings on one aspect 
might influence preferences for another (e.g., a high food rating influencing a higher 
service rating due to the expectation of a well-rounded experience).

Other researchers explore leveraging social relationships between users to improve 
recommendations (Zhang et al. 2021). Aysha and Tarun (2022) employ Pareto domi-
nance, a decision-making technique, to identify the most relevant users for recom-
mendation by filtering out those with less relevant preferences. This technique also 
helps determine the optimal weights assigned to different criteria for each user, 
reflecting the relative importance they place on various aspects of an item.

Ben Sassi et al. (2021) and Dridi et al. (2022) have also explored the concept 
of incorporating user context (e.g., time of day, location) with multi-criteria recom-
mendations. This demonstrates the potential for further personalisation based on 
situational factors. Notably, OTAs like Booking.com and Expedia have implemented 
context-aware recommendation systems that leverage user context and multi-criteria 
ratings to enhance user experience (Asaithambi et al. 2023; Gupta et al. 2024).

Traditional methods face several challenges. First, traditional methods, such as 
matrix factorisation, rely on linear relationships and struggle to capture complex, 
non-linear patterns in user-item interactions (Liu 2022). Second, these methods often 
assume static user preferences and fail to adapt to evolving user needs over time 
(Krishna et al. 2023). Lastly, these methods face computational inefficiency issues. 
Aggregating multiple criteria and incorporating contextual factors can lead to high 
computational complexity, making these methods less scalable for real-world appli-
cations (Nan et al. 2022).

2.2  Deep learning-based multi-criteria recommendation systems

Deep learning-based recommendation systems are gaining popularity due to their 
ability to learn complex, non-linear patterns in user behaviour and item attributes 
(Nan et al. 2022). These systems often use neural networks to achieve this (Song 
2020). Unlike traditional matrix factorisation techniques, which rely on linear cross-
terms to model interactions between users and items (Liu 2022), neural networks can 
capture intricate, non-linear relationships that are often present in real-world data 
(Xiao and Shen 2019).

For instance, Hassan and Hamada (2017) demonstrate that neural networks signifi-
cantly outperform traditional methods, such as Singular Value Decomposition (SVD) 
and slope one, in multi-criteria scenarios on benchmark datasets. This is because neu-
ral networks can model higher-order interactions between criteria, which are often 
missed by linear methods (Hassan and Hamada 2017).
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Nassar et al. (2020) present a multi-criteria collaborative filtering recommender 
system that combines deep learning with matrix factorisation techniques. Their 
results show that the hybrid approach outperforms standalone matrix factorisation, 
particularly in scenarios where user preferences exhibit non-linear dependencies 
across criteria. Similarly, Batmaz and Kaleli (2019) propose a deep learning-based 
algorithm using autoencoders, which achieves superior recommendation accuracy by 
learning latent representations of user preferences that capture nonlinearities.

Airbnb and many other OTAs have also leveraged deep learning techniques 
to enhance their recommendation systems (Wu and Grbovic 2020). For example, 
Airbnb developed a neural network-based model that incorporates multi-criteria rat-
ings and user context to personalise search rankings for accommodations (Shen et al. 
2020). Their approach demonstrates the practical benefits of using neural networks to 
capture complex user-item interactions in real-world applications.

Challenges in deep learning methods include high computational complexity, as 
these models often require significant computational resources and training time (Nan 
et al. 2022), and a lack of dynamic adaptation, as deep learning-based systems do not 
effectively adapt to changing user preferences in real-time (Krishna et al. 2023).

2.3  Multi-criteria recommendation systems in tourism

In recent years, the tourism industry has seen a surge of interest in multi-criteria 
recommender systems. These systems move beyond the simple “thumbs up, thumbs 
down” approach by considering a wider range of factors that influence a traveller’s 
choices.

One innovative approach comes from Shambour (2021), who leverages the power 
of deep learning with autoencoders. This technique helps uncover hidden connections 
between users and travel options based on their multi-criteria preferences. Shambour 
(2021) highlights the potential of deep learning to significantly improve recommen-
dation accuracy when dealing with multiple criteria, outperforming state-of-the-art 
recommendation algorithms on datasets such as Yahoo! Movies and TripAdvisor. 
This research underscores the potential of deep learning techniques for enhancing 
recommendation accuracy in multi-criteria scenarios.

Another study by Kumar et al. (2023) addresses a common shortcoming of exist-
ing systems—their reliance solely on explicit user ratings. Their proposed system, 
Average Cumulative Rating Matrix Factorisation (ACRM), takes a step further by 
incorporating implicit sentiments extracted from user reviews. This enables a more 
nuanced understanding of user preferences, leading to more accurate and person-
alised recommendations.

Instead of focusing on predicting an overall rating, Zheng and Wang (2022b) pro-
pose a Multi-Criteria Recommendation Framework inspired by a concept from multi-
objective optimisation. Their system ranks destinations based on how well they meet 
a user’s preferences across various criteria. This approach offers a more flexible way 
to explore options that might be a good fit for individual needs.

Focusing on the restaurant scene, Zheng and Wang (2022b) introduce a multi-
criteria system specifically designed for restaurant recommendations. Their approach 
extends beyond just food quality and price to consider factors such as service, 
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atmosphere, and even cultural influences. This acknowledges the complex web of 
considerations that shape a diner’s experience. The research utilised a dataset from 
TripAdvisor containing user reviews of restaurants. Various comparison methods 
were employed, including K-Nearest Neighbours-based collaborative filtering (CF), 
Co-clustering-based CF, and Singular Value Decomposition-based Matrix factorisa-
tion (MF), among others. The results of the experiments are analysed, and the pro-
posed methods are compared with traditional CF techniques and other multi-criteria 
recommendation approaches. Evaluation metrics such as Root Mean Square Error 
(RMSE) and Mean Absolute Error (MAE) are used to assess predictive performance.

Zhuang and Kim (2021) take a unique approach to recommending hotels by focus-
ing on identifying ideal target customers. Their system utilises a powerful natural 
language processing model called BERT to analyse review data. This allows them to 
predict not only a hotel’s overall rating but also specific aspect ratings, such as value 
and location. Armed with these insights, they can generate a list of potential guests 
most likely to be interested in a particular hotel.

Finally, Krishna et al. (2023) introduce a hotel recommender system that person-
alises recommendations based on the trip’s context. They employ a technique called 
Multiple Regression Backwards Elimination to identify the most significant factors 
influencing hotel ratings across various travel scenarios (e.g., business trips versus 
family vacations). This ensures that recommendations are tailored not just to indi-
vidual preferences but also to the specific purpose of the trip. The effectiveness of 
the proposed model was evaluated using various statistical metrics, including Mean 
Absolute Error (MAE) and Root Mean Square Error (RMSE).

2.4  Novelty of the proposed method

While acknowledging the valuable contributions of prior research in addressing 
evolving user preferences, including methods such as Krishna et al. (2023), our pro-
posed ResNetMF system introduces a distinctly innovative approach to personalised 
tourism recommendations, characterised by efficient dynamic adaptation and robust 
nonlinear modelling.

Traditional MF techniques, while effective for capturing basic user-item rela-
tionships, are fundamentally limited by their linear nature and reliance on static 
interaction patterns (Liu 2022; Xiao and Shen 2019). Moreover, many existing rec-
ommender systems that do incorporate preference adaptation, even those utilising 
neural networks, often rely on computationally intensive mechanisms such as peri-
odic full model retraining or batch-wise user profile updates—approaches potentially 
mirrored in works like Krishna et al. (2023). These methods, although adaptive over 
time, can be less responsive to the rapid, in-session shifts in user intent that are typi-
cal in dynamic domains such as tourism.

ResNetMF addresses the challenge of capturing complex, non-linear user prefer-
ences by integrating a Residual Network (ResNet) branch with a core matrix facto-
risation component. This hybrid architecture leverages the strengths of both matrix 
factorisation for efficient modelling of linear patterns and residual networks for cap-
turing intricate, non-linear relationships often missed by linear models. Indeed, prior 
research highlights the advantages of neural networks in this regard; for instance, 
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Hassan and Hamada (2017) demonstrated that neural networks significantly outper-
form traditional multi-criteria methods by effectively capturing higher-order interac-
tions between criteria.

However, the key innovation of ResNetMF lies in its architectural design, which 
enables computationally efficient dynamic adaptation to rapidly evolving user prefer-
ences. Unlike systems that require periodic retraining for adaptation, ResNetMF is 
engineered for on-the-fly updates, leveraging real-time query adjustments to refine 
recommendations with minimal latency. This real-time responsiveness is enabled 
by ResNetMF’s lightweight neural network architecture, which minimises compu-
tational overhead and allows for incremental parameter adjustments in response to 
immediate user behaviour. This efficient dynamic adaptation mechanism offers a sig-
nificant advantage, particularly in tourism scenarios where user preferences can shift 
within a single session, contrasting with approaches that rely on less frequent or 
batch-oriented updates and may, therefore, be less attuned to immediate user needs, 
such as those potentially represented by Krishna et al. (2023).

Our experimental results validate the effectiveness of ResNetMF’s hybrid 
approach. Table  3 demonstrates a consistent improvement in accuracy over tradi-
tional matrix factorisation methods (quantified by RMSE and MAE), directly attrib-
utable to ResNetMF’s ability to model non-linear preferences. Furthermore, the 
observed 20% reduction in training time for ResNetMF, also shown in Table 3, is not 
merely a performance gain; it is crucially indicative of the computational feasibility 
of implementing its dynamic adaptation capabilities in real-world, high-demand tour-
ism recommendation systems.

In conclusion, ResNetMF offers a novel and practical solution for personalised 
tourism recommendations by simultaneously addressing two critical challenges: cap-
turing complex non-linear user preferences and, most significantly, achieving highly 
efficient and genuinely dynamic adaptation to ever-changing user needs through a 
lightweight architecture designed for real-time responsiveness. This combination of 
features distinguishes ResNetMF from existing approaches and positions it as a sig-
nificant advancement for creating truly user-centric and up-to-the-moment recom-
mendation experiences in the dynamic tourism domain.

3  The proposed multi-criteria recommendation system

This section delves into our novel multi-criteria recommendation system, ResNetMF, 
designed to enhance both recommendation accuracy and personalisation. It consists 
of two main components: a recommendation engine and a query analysis module.

3.1  Recommendation engine (ResNetMF)

Recommender systems are crucial for delivering personalised recommendations to 
users, but traditional methods frequently struggle with capturing both simple and 
complex patterns in large datasets. ResNetMF is a novel recommendation engine that 
addresses these limitations by integrating two powerful techniques: Matrix Factori-
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sation (MF) and Residual Networks (ResNet). By combining the strengths of these 
methods, ResNetMF achieves significantly improved recommendation accuracy.

3.1.1  Core components of ResNetMF

3.1.1.1  Matrix factorisation (MF)  Matrix Factorisation is a well-established tech-
nique in recommender systems that decomposes the user-item interaction matrix into 
two lower-dimensional matrices: user embeddings (U) and item embeddings (I). The 
dot product of these embeddings (U × I) captures clear, linear relationships between 
users and items. However, MF struggles to model complex, non-linear patterns that 
are often present in real-world datasets.

3.1.1.2  Residual networks (ResNet)  Residual Networks, originally developed for 
image recognition, are designed to address the vanishing gradient problem in deep 
learning. They achieve this by introducing skip connections that allow gradients to 
flow more effectively through the network. In ResNetMF, the ResNet branch is used 
to capture intricate, non-linear patterns in the data that MF cannot model effectively.

3.1.2  Key innovation: residual learning

The core innovation of ResNetMF lies in its use of residual learning. Instead of 
directly predicting the recommendation score, the ResNet branch predicts the error 
(residual) introduced by the MF model. This approach simplifies the task for the 
ResNet branch, allowing it to focus on correcting the shortcomings of the MF model 
rather than learning the entire recommendation task from scratch.

Mathematically, this is represented as:

	 R’ = MF (x) + ResNet (X) � (1)

Where:

	● MF(x) is the output of the matrix factorisation model.
	● ResNet(x) is the residual (error) predicted by the ResNet branch.
	● R’ is the refined recommendation score.

The residual is defined as:

	 ResNet (x) = R’ − MF (x) � (2)

This formulation ensures that the ResNet branch learns only the deviations from the 
MF model, making the overall model more efficient and accurate.

 
Multi-Branched Architecture

1 3

    3   Page 10 of 38



A multi-criteria recommendation system for personalised tourism…

ResNetMF employs a multi-branched architecture to combine the strengths of MF 
and ResNet:
 
MF Branch:

	● Captures clear, linear user-item relationships using matrix factorisation.
	● Outputs the dot product of user and item embeddings (U × I).

ResNet Branch:

	● Captures complex, non-linear patterns in the data using a deep residual network.
	● Outputs the residual (F(X)) that corrects the MF model’s predictions.

Merging Layer:

	● Combines the outputs of the MF and ResNet branches to produce the final recom-
mendation score.

	● Uses a combination of summation and concatenation to merge the features 
learned by both branches.

The final recommendation score R is computed as:

	 R = U × I + F (X) � (3)

Where:

	● U × I is the dot product of user and item embeddings from the MF branch.
	● F(X) represents the features learned by the ResNet branch from the input features 

X.

This formulation ensures that the model leverages both the simplicity of MF and 
the complexity of ResNet, resulting in a more accurate and robust recommendation 
system.

ResNetMF integrates matrix factorisation and residual networks into a unified 
framework. Its innovative use of residual learning and multi-branched architecture 
enables it to capture both simple and complex patterns in the data, resulting in highly 
accurate and robust recommendations. This approach not only improves prediction 
accuracy but also enhances the efficiency of recommender systems.

3.2  User query analysis

The user query analysis component plays a crucial role in personalising recommen-
dations and ensuring they align with evolving user preferences. This module utilises 
advanced natural language processing (NLP) techniques to analyse and interpret the 
nuances of a user’s query, surpassing simple keyword matching. By leveraging entity 
recognition, sentiment analysis, and semantic analysis, the system identifies specific 
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details, preferences, and contextual cues within the user’s input. This enables the 
system to refine recommendations dynamically and align them more closely with the 
user’s intent. The following techniques work together to achieve this advanced level 
of query interpretation.

3.2.1  Entity recognition: contextualising user input

To identify and categorise key elements in the user’s query, our system employs a 
hybrid entity recognition approach. We utilise a dictionary-based lookup for specific 
attraction names and popular activity types, compiled from our HotelRec and Kuch-
ing datasets. This is augmented by rule-based pattern matching using regular expres-
sions to identify temporal constraints (e.g., “morning,” “weekend”) and group types 
(e.g., “with family,” “solo”). For broader contextual entities and general concepts, 
we leverage a pre-trained Named Entity Recognition (NER) model from the SpaCy 
library (specifically, the en_core_web_md model), which helps categorise general 
nouns and phrases into relevant entities, such as locations, organisations, or events. 
For example, in the query ‘family-friendly attractions with wildlife experiences near 
historical sites’, this process extracts entities such as:

	● ‘family-friendly attractions’ (Preference).
	● ‘wildlife experiences’ (Specific Interest).
	● ‘historical sites’ (Location Constraint). This combined approach allows the sys-

tem to interpret user intent by recognising structured patterns beyond isolated 
keywords, considering contextual relationships.

3.2.2  Sentiment analysis: understanding user intent and expectations

Rather than simply recognising terms, sentiment analysis allows the system to assess 
the tone, preference strength, and user intent behind queries. Terms such as “family-
friendly” and “wildlife experiences” indicate a preference for safe, engaging, and 
interactive experiences. Additionally, the system evaluates sentiment in user-gener-
ated content (e.g., visitor reviews).

To understanding the user intent and expectations, beyond keyword recognition, 
sentiment analysis evaluates the Tone (positive/neutral/negative) in queries (e.g., 
“must-see” vs. “avoid”), preference strength (e.g., “love wildlife tours” scores higher 
than “like animals”) and review sentiment (e.g., attractions with frequent terms like 
“perfect for kids” gain relevance). This study utilised sentiment polarity (ranging 
from − 1 to + 1) via VADER (Valence Aware Dictionary and Sentiment Reasoner), 
a rule-based model optimised for detecting sentiment in short, informal text, and 
Amplification (e.g., “very family-friendly” boosts weight). Amplifiers help distin-
guish casual preferences (“nice views”) from strong demands (“absolutely stunning 
views”). Attractions with amplified positives (e.g., “extremely clean”) receive higher 
relevance for matching queries.

For example, if multiple reviews highlight an attraction as “perfect for kids and 
full of interactive exhibits,” the system assigns higher relevance to that recommenda-
tion, going beyond keyword occurrence to assess real visitor satisfaction.
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3.2.3  Semantic analysis: interpreting meaning beyond keywords

In order to interpret meaning beyond keywords, this study uses word embeddings 
(GloVe) and dependency parsing (SpaCy) to resolve synonyms (e.g., “wildlife expe-
riences” → “zoo visits”), infer conceptual relationships (e.g., “near historical sites” 
→ proximity filter) and disambiguate terms (e.g., “wildlife park” vs. “wildlife con-
servation”). Semantic analysis enables the system to understand contextual relation-
ships between words, capturing meaning even when users phrase queries differently. 
This allows the system to process:

	● Synonyms (e.g., “wildlife experiences” interpreted as “zoo visits” or “nature re-
serves”).

	● Conceptual relationships (e.g., “near historical sites” understood as a proximity 
constraint rather than separate keywords).

	● Ambiguity resolution (e.g., distinguishing “wildlife park” as an attraction versus 
“wildlife conservation” as an environmental initiative).

For instance, if a user searches for “an interactive nature experience close to ancient 
ruins,” the system recognises that the phrase “interactive nature experience” implies 
hands-on learning, aligning recommendations with attractions that offer guided 
wildlife encounters rather than just pulling results with the words “nature” and 
“experience.”

 
Characteristics Extracted from Queries and Reviews

By combining these NLP techniques, the system extracts the following character-
istics from user queries and associated reviews:

	● Preferences: Specific interests include interactive activities, wildlife encounters, 
and historical learning.

	● Constraints: Conditions such as proximity to location, accessibility, or required 
features.

	● Contextual Cues: Implicit requirements inferred from phrasing and sentiment, 
such as a desire for family engagement or cultural exploration.

This structured approach ensures that recommendations are refined based on user 
intent rather than relying solely on keyword matches.

3.2.4  Illustrative example: refining recommendations with user queries

Consider a user planning a weekend trip who wants to find attractions that match 
specific criteria. The process of refining recommendations with their query ‘family-
friendly attractions with wildlife experiences near historical sites’ unfolds through 
the following steps, as depicted in Fig. 1.

1.	 User Submits Query and Initial Recommendation Pool: The user initiates 
the refinement process by entering their specific query into the system (e.g., 
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‘family-friendly attractions with wildlife experiences near historical sites’). Con-
currently, or as a pre-computed baseline, the core ResNetMF recommendation 
engine has already generated an initial, comprehensive list of potential attrac-
tions based on the user’s broader profile and general preferences (e.g., top-N 
items relevant to the user’s location or past interactions). This initial list serves 
as the pool of candidates for refinement, typically limited to a predefined number 
(N) of highly relevant items to ensure computational efficiency for subsequent 
processing. The query analysis module then processes the user’s input to enhance 
and re-prioritise these initial recommendations.

Fig. 1  Proposed method flowchart
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2.	 Query Breakdown Using NLP Techniques: The system employs the following 
NLP techniques to dissect the query.

	● Entity Recognition: Identifies “family-friendly attractions,” “wildlife experienc-
es,” and “historical sites” as key concepts.

	● Sentiment Analysis: Recognises that “family-friendly” implies a need for interac-
tive, safe, and engaging experiences.

	● Semantic Analysis: Understands that “near historical sites” represents a proxim-
ity requirement rather than standalone keywords.

3.	 Review Analysis: The system analyses reviews and descriptions associated with 
the recommended hotels to identify mentions of the extracted characteristics. For 
example:

	● Reviews are scanned for terms like “zoo visits” and " nature parks”.
	● Sentiment analysis is applied to assess the positivity or negativity of reviews 

related to these features.

4.	 Relevance Scoring: Relevance scoring determines how well an attraction matches 
a user’s query by assigning a numerical score based on various factors, including 
semantic relevance and sentiment from visitor reviews.

5.	 The final relevance score (𝑅) is calculated using the formula:

	 R = M + S � (4)

	 Where:

	● M (Semantic Relevance Score) – Instead of simply looking for keyword 
matches, it considers the synonyms and variations by recognising that 
“wildlife experiences” could mean “zoo visits”, or “nature parks”. Concept 
understanding is achieved by knowing that “family-friendly” means safe and 
engaging.

	● S (Sentiment Score from Visitor Reviews) – Evaluates visitor feedback and 
ratings to ensure recommended attractions are positively received.

6.	 Reordered Recommendations (Refinement): The system reorders the initial rec-
ommendation list, prioritising attractions with the highest final relevance scores 
(R). This process is primarily a re-ranking step, where the items from the initial 
list are sorted according to their calculated R scores, with higher scores indicating 
a stronger match to the user’s specific query. For instance, a national park near 
historical sites that strongly matches the query criteria would receive a higher R 
score and consequently rank higher in the final list displayed to the user.

This process ensures that the final recommendations are highly personalised and 
cater to the user’s unique needs and desires as expressed in their query. The system’s 
strength lies in its ability to go beyond surface-level keyword matching. It not only 
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understands user preferences but also interprets the subtle nuances of queries and 
incorporates feedback from past guests. This multi-faceted approach leads to a more 
personalised and successful discovery journey. The flowchart in Fig. 1 provides an 
overview of the processes in the proposed model.

By combining the strengths of the recommendation engine and user query analy-
sis, ResNetMF delivers a more accurate and personalised recommendation experi-
ence for users. The user query analysis component, as illustrated in Fig. 1, plays a 
crucial role in this personalisation process. It employs advanced NLP techniques to 
understand the nuances of user queries and refine recommendations based on user 
preferences and the subtleties expressed within the user’s input. This, combined with 
the robust recommendation engine, ultimately leads to a more successful discovery 
journey for users. Thus, the query analysis module effectively acts as a re-ranking 
filter, taking the broad recommendations from the ResNetMF engine and fine-tuning 
them based on the specific, multi-criteria context provided by the user’s query. The 
final list presented to the user is exclusively sorted by the calculated relevance score 
R.

By combining the strengths of the recommendation engine and user query analysis, 
ResNetMF delivers a more accurate and personalised recommendation experience 
for users. The user query analysis component plays a crucial role in this personalisa-
tion process. It utilises NLP techniques to understand the nuances of user queries 
and refine recommendations based on user preferences and the subtleties expressed 
within the user’s input.

4  Experimentation

This section outlines the steps for experimenting with and evaluating the proposed 
method, including dataset selection, evaluation metrics, and method comparison.

4.1  Dataset selection

We evaluated system performance on two diverse datasets: HotelRec Dataset and 
Tripadvisor.com crawl. This allows us to assess the effectiveness of the proposed 
recommendation engine (ResNetMF).

4.1.1  HotelRec dataset

HotelRec is a large-scale dataset designed for hotel recommendation systems. It was 
introduced in 2020 and contains approximately 50 million reviews from real-world 
hotel booking platforms and 21,891,294 users. Antognini and Faltings (2020) claim 
this dataset is particularly useful for building and evaluating personalised hotel rec-
ommendation models that can improve user experience in tourism and hospitality 
services. The dataset features several elements, including hotel_url and text, which 
are reviewed for hotels and displayed in Table 1.

HotelRec contains millions of actual customer reviews, making it a representative 
sample of real-world user behaviour. The large dataset ensures statistical significance 
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when training machine learning models. Since HotelRec is very large, it provides a 
good benchmark for scalability testing of recommendation algorithms in a realistic 
tourism industry scenario.

HotelRec contains millions of actual customer reviews, making it representative of 
real-world user behaviour (Antognini and Faltings 2020). The large dataset ensures 
statistical significance when training machine learning models. Since HotelRec is 
very large, it provides a good benchmark for scalability testing of recommendation 
algorithms in a realistic tourism industry scenario.

Additionally, it enables testing with various collaborative filtering (CF), content-
based filtering, and hybrid recommendation techniques, as well as advanced deep 
learning approaches such as Neural Collaborative Filtering (NCF), which is based 
on user preferences. The performance of models is measured on HotelRec for rating 
prediction and recommendations (Antognini and Faltings 2020).

The dataset enables comparison of various recommendation models based on met-
rics such as RMSE, MAE, Precision, Recall, F1-score, NDCG, and other metrics. A 
well-trained model on HotelRec can help hotel booking platforms, travel agencies, 
and tourism businesses provide more relevant recommendations to users.

For the experimentation phase, we only used hotel_url, author, and overall rating 
for rating predictions, as the overall rating was mandatory (Antognini and Faltings 
2020). However, according to the researchers, only a very few users left sub-ratings 
on different aspects. For example, only 1.69% of users rate the business service, and 
2.73% of users rate the check-in quality. Therefore, for this study, we have decided to 
focus only on overall ratings, as 100% of the users left a rating.

4.1.2  Kuching dataset

Another dataset used in this study was obtained through a systematic crawl of Tri-
pAdvisor, specifically collecting data related to Kuching City, Malaysia. This dataset 
comprises over 22,519 user ratings from the top 45 attractions in the city, serving as 
a key resource for training recommendation models. As this study initially focuses 
on Kuching tourism, the dataset is geographically limited to this region and primarily 
reflects the experiences of locals visiting attractions within their home city. While this 
provides valuable insights into user preferences and behaviours within this specific 

Feature Detail
hotel_url This is the URL of the hotel.
author The customer’s name who rates and 

writes the review
date The date of review and rate
rating The overall rating of hotel users. It is 

from 1 to 5
title Title of the review
text The review text
property_dict The sub-rating values different aspects 

of the hotel, including sleep quality, 
value, rooms, service, cleanliness, and 
location. The rating is from 1 to 5.

Table 1  HotelRec dataset fea-
tures and schema
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context, it also limits the generalisability of the findings to other regions or contexts. 
Future work will aim to expand the dataset to include diverse locations and user 
demographics.

To further refine the system’s understanding of user preferences, a survey was con-
ducted among 200 Kuching residents. Participants were selected through a random 
sampling process to ensure the local population was representative. Each participant 
rated at least 25 out of the 45 selected attractions. This survey data not only enhances 
the system’s ability to personalise recommendations but also provides a foundation 
for evaluating user satisfaction and query analysis performance.

Evaluating user satisfaction is a critical aspect of this study, particularly in assess-
ing the performance of the query analysis component. Unlike common benchmark 
metrics such as root mean square error (RMSE), which measure prediction accuracy, 
assessing query analysis performance presents a unique challenge. While the recom-
mendation system plays a key role in refining options and filtering results, the final 
decision rests with users and their cognitive processes. To address this, a method was 
implemented where 50 randomly selected participants from the survey group submit-
ted at least five queries to the system. These participants were then asked to rate their 
satisfaction and the relevance of the results on a scale from 1 to 10, with 1 indicating 
low satisfaction and 10 representing high satisfaction. The results of this evaluation 
are presented in the query analysis section.

Collecting attraction ratings from users before query submission enables the sys-
tem to personalise recommendations based on known preferences, thereby enhancing 
accuracy. It is worth noting that this study did not focus on addressing the cold-start 
problem for new users, which will be explored in future work. This approach helps 
determine how effectively the system meets user needs by leveraging existing prefer-
ence data.

Beyond ratings, the crawl also captured user comments, reviews, and descriptions 
of attractions. This wealth of textual data was stored in a structured database, allow-
ing efficient access and utilisation during the query analysis phase of the system. For 
instance, user comments and reviews often elaborate on specific aspects of the attrac-
tions, providing valuable insights for users beyond the core recommendations. These 
textual elements can highlight features of attractions that might be of particular inter-
est to users, enabling the system to present this information alongside the core rec-
ommendations. Table 2 summarises the features and schema of the Kuching dataset.

Feature Detail
UserId It is the integer value and is unique for each 

user.
User Ratings Users give the rating for the destination (1 to 

5 stars)
User Reviews Textual reviews are provided by users detail-

ing their experiences.
Attraction 
Description

A brief description of the destination

Attraction Name Name of the tourist attraction
Attraction Type Category or type of attraction/activity (e.g., 

historical site, museum, outdoor activity, etc.).

Table 2  Kuching dataset fea-
tures and schema
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4.2  Evaluation metrics

Several metrics are employed to assess the performance and effectiveness of recom-
mendation systems. These metrics can be categorised into accuracy measures, error 
measures, and ranking metrics.

Accuracy measures such as Precision, Recall, and F1-Score are utilised in this 
study. Precision measures the proportion of relevant items retrieved out of the total 
items retrieved, while Recall assesses the proportion of relevant items retrieved out 
of all relevant items available in the dataset (Behera and Nain 2023). These metrics 
help in understanding the trade-offs between capturing relevant items and maintain-
ing a manageable number of recommendations (Wen and Liu 2023). The F1-score is 
the harmonic mean of Precision and Recall, providing a single metric that balances 
both measures. (Behera and Nain 2023). Each of these metrics ranges between 0 and 
1, where higher values indicate better performance. Their formulas are as follows.

	 Precision = TP / (TP + FP) � (5)

	 Recall = TP / (TP + FN) � (6)

	 F1 − score = 2 * (Precision*Recall) / (Precision + Recall) � (7)

	● True Positive (TP): Items that the system recommends and users actually prefer.
	● False Positive (FP): Items that the system recommends, but users do not prefer.
	● False Negative (FN): Items that the system does not recommend, but users actu-

ally prefer.
	● True Negative (TN): Items that are neither recommended by the system nor pre-

ferred by users.

Error metrics such as Mean Absolute Error (MAE) and Root Mean Square Error 
(RMSE), which quantify the difference between predicted and actual ratings (Hodson 
2022), are also used in this study. These metrics provide insights into the accuracy of 
continuous predictions, with lower values indicating higher accuracy (Hodson 2022). 
Their formulas are presented in Eqs. 8 and 9:

	
RMSE =

√
1
n

∑n

i=1
(y1 − y2)2� (8)

	
MAE = 1

n

∑n

i=0
|(y1 − y2) |� (9)

n is the number of observations
y1 is the actual value
y2 is the predicted value
The ranking metric, Normalised Discounted Cumulative Gain (NDCG), evaluates 

the order of relevant items in recommendation lists and highlights the significance of 
placement for user engagement (Baker and Yuan 2021). It is used as a ranking evalu-
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ation metric in this study. A higher NDCG score indicates the system’s greater ability 
to prioritise relevant items effectively, which can significantly influence user satis-
faction and retention (Baker and Yuan 2021). Equation 10 is the formula of NGDC.

	
DCGp =

p∑
i=1

reli

log2(i + 1)  
� (10)

Where:
reli is the relevance score of the item at position.
The logarithm base 2 ensures that highly relevant items appearing earlier in the 

ranking have a greater contribution.

	
IDCGp =

p∑
i=1

rel*i
log2(i + 1)  

� (11)

Where rel∗
i represents the ideal (best possible) ranking of the items. Finally, NDCG 

is obtained by normalising DCG with IDCG:

	
NDCGp = DCGp

IDCGp  
� (12)

This normalisation ensures that the score falls between 0 and 1, where 1 indicates a 
perfect ranking.

Another ranking algorithm utilised in this study is Hit Rate (HR). Hit Rate (HR) 
is a metric used in recommendation systems and ranking algorithms to measure the 
frequency at which a relevant item appears in the top-N recommendations for a user, 
evaluating the effectiveness of ranking models in predicting user preferences (Suan-
pang et al. 2024). The formula is as follows.

	
HR = Number of users with at least one relevant item in recommendations

Total Number of Users  � (13)

	● If a relevant item appears in the top-N recommendations for a user, it’s counted 
as a “hit.”

	● If no relevant item appears, it’s a “miss.”

4.3  Baseline algorithms

In the realm of recommendation systems, selecting appropriate baseline algorithms 
for comparative evaluation is crucial to demonstrate the efficacy and novelty of a 
proposed approach. This section outlines the diverse set of algorithms included as 
benchmarks for evaluating our proposed ResNetMF system. These baselines range 
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from traditional matrix factorisation techniques to advanced deep learning and graph-
based models, providing a comprehensive evaluation framework.

4.3.1  Matrix factorisation (MF) techniques

a)	 SVD (Singular Value Decomposition): A foundational matrix factorisation 
technique that decomposes the user-item interaction matrix into latent factors 
(Koren 2009).

b)	 SVD++: An extension of SVD that incorporates implicit feedback, making it a 
stronger baseline in scenarios where implicit data is available (Koren 2008).

c)	 Non-Negative Matrix Factorisation (NMF): This method enforces non-nega-
tivity constraints on the latent factors, which can lead to more interpretable mod-
els, particularly useful in sparse interaction matrices (Lee and Seung 1999).

4.3.2  K-Nearest neighbours (KNN) variants

a)	 KNNBaseline: A KNN variant that improves prediction accuracy by incorporat-
ing baseline estimates of user and item biases (Koren 2010).

b)	 KNNBasic: A straightforward KNN approach that relies solely on user-user or 
item-item similarity to make predictions (Resnick et al. 1994).

c)	 KNNWithMeans: Adjusts predictions by considering the mean rating of users or 
items, accounting for individual rating scales (Koren 2010).

d)	 KNNWithZScore: Normalises ratings using z-scores to account for varying user 
rating scales, providing a robust similarity measure (Tran and Ha 2020).

4.3.3  Simple and baseline models

a)	 SlopeOne: A simple yet effective collaborative filtering algorithm that pre-
dicts ratings based on the average difference between item ratings (Lemire and 
Maclachlan 2005).

b)	 BaselineOnly: Predicts ratings based on global averages, user biases, and item 
biases, serving as a basic but robust benchmark (Koren 2010).

c)	 NormalPredictor: Predicts ratings by sampling randomly according to the dis-
tribution of observed ratings, providing a basic sanity check (Surprise Library 
Documentation).

d)	 Co-clustering: Simultaneously clusters users and items, aiming to capture local 
patterns within the interaction matrix (George and Merugu 2005).
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4.3.4  Deep learning models

a)	 Convolutional Neural Networks (CNNs): Adapted from computer vision, 
CNNs are used to capture local patterns and features in user-item interaction 
data (Wei et al. 2019).

b)	 Recurrent Neural Networks (RNN): Particularly suitable for sequential recom-
mendation tasks, RNNs model temporal dynamics and sequence-dependent user 
preferences (Xu et al. 2019).

c)	 Neural Collaborative Filtering (NCF): A hybrid model that leverages neural 
networks to learn the interaction function from data, combining the strengths of 
matrix factorisation with deep learning to capture non-linear relationships (He et 
al. 2017).

d)	 Convolutional Matrix Factorisation (CMF): Extends traditional matrix fac-
torisation by incorporating multiple data sources, often utilising convolu-
tional layers to process auxiliary information (Kim et al. 2016).

e)	 Autoencoders: Unsupervised neural networks that learn compact representa-
tions of user-item interactions, useful for dimensionality reduction and denoising 
(Fraihat et al. 2024).

f)	 Neural Matrix Factorisation (NeuMF): A powerful hybrid model that com-
bines the linearity of Generalised Matrix Factorisation with the non-linearity of 
Multi-Layer Perceptrons to model complex user-item interactions (Yuan et al. 
2024).

g)	 Variational Autoencoder (VAE): A probabilistic variant of autoencoders that 
models uncertainty in user-item interactions, often used for generative recom-
mendation tasks (Fraihat et al. 2024).

4.3.5  Graph-based models

a)	 LightGCN: A lightweight graph convolutional network specifically designed 
for collaborative filtering, which simplifies traditional GCNs by removing non-
linearities and weight matrices, making it highly efficient (He et al. 2020).

b)	 NGCF (Neural Graph Collaborative Filtering): A GCN-based model that 
explicitly models high-order connectivity in user-item interaction graphs to 
enhance recommendation accuracy by propagating embeddings across the graph 
(Wang et al. 2019).

c)	 DeepCoNN (Deep Cooperative Neural Networks): A hybrid deep learning 
model that leverages both textual reviews and user-item interaction data through 
parallel neural networks, making it a strong baseline for content-aware recom-
mendation tasks (Zheng et al. 2017).

By comparing the proposed system against these diverse and representative algo-
rithms, we aim to provide a holistic evaluation that demonstrates its efficacy in terms 
of accuracy, scalability, and robustness. Furthermore, the inclusion of state-of-the-
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art models, such as NeuMF, LightGCN, and DeepCoNN, ensures that our proposed 
system is rigorously benchmarked against the most advanced techniques in the field.

4.4  Data pre-processing and hyperparameter tuning

The first step in our methodology involves cleaning both the HotelRec and Kuching 
datasets. This preprocessing step is uniformly applied across all recommendation 
algorithms in this study and is critical to ensure the datasets are well-structured and 
suitable for optimal algorithmic performance.

Missing values can significantly degrade the accuracy of recommendation algo-
rithms. To address this issue, all missing values in both datasets were removed.

Duplicate entries can distort recommendation results by disproportionately 
weighting certain users or items. To mitigate this, all duplicate entries were removed 
from both datasets. This ensures a more balanced and reliable dataset for training and 
evaluation.

For the Kuching dataset, only the user ID, attraction ID, and user rating features 
were utilised for the recommendation task. Other textual features were reserved for 
the system’s query analysis component.

For the HotelRec dataset, only the hotel_url, author, and rating features were used 
for the recommendation task. The date feature was excluded as it was deemed irrel-
evant to this study’s recommendation goal. Textual features, such as titles and text 
(user reviews), were omitted due to their computational complexity and associated 
costs. Additionally, the property_dict feature was excluded because its limited usage 
by users introduced excessive sparsity, which could negatively impact the recom-
mendation task.

4.5  Model training details

In this section, we provide the specific training procedures and implementation 
details for all algorithms employed in our comparative study, including our proposed 
ResNetMF.

For traditional collaborative filtering algorithms, namely Matrix Factorisation-
based methods (SVD, SVD++, NMF, NeuMF) and KNN-based models (KNNBase-
line, KNNBasic, KNN with Means, KNN with Z-Score, SlopeOne, BaselineOnly, 
NormalPredictor), we utilised the Surprise library. This library provides well-opti-
mised and validated implementations, which allowed us to ensure consistency and 
robustness in their training processes, using the default or optimised parameters rec-
ommended by the library (Hug 2020).

For deep learning-based recommendation systems, including Convolutional 
Neural Networks (CNN), Recurrent Neural Networks (RNN), Neural Collabora-
tive Filtering (NCF), Autoencoders, Variational Autoencoders (VAE), Graph Neural 
Network-based models (LightGCN, NGCF), Hybrid Deep Learning Models (Deep-
CoNN), and our proposed ResNetMF, all models were implemented using PyTorch. 
This framework was chosen for its flexibility, comprehensive capabilities for con-
structing complex neural networks, and efficient GPU acceleration, which was criti-
cal for expediting training and optimisation processes on our large datasets.
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General Training Approach for Deep Learning Models (excluding ResNetMF spe-
cifics): All deep learning models, unless unique to ResNetMF’s architecture, were 
trained using backpropagation with the Adam optimiser. A consistent initial learning 
rate of 0.001 was typically used, with adjustments made during hyperparameter tun-
ing as needed to optimise performance. Training was performed using mini-batches 
to enhance computational efficiency and effectively handle larger datasets. We con-
sistently employed early stopping based on the validation loss (e.g., RMSE on a 
held-out validation set) to prevent overfitting and identify the optimal training epoch. 
The model state achieving the best performance on the validation set was saved as the 
final trained model for evaluation.

Data Splitting Protocol: A consistent data splitting protocol was adhered to for all 
algorithms across both datasets. The datasets were rigorously partitioned into training 
(80%) and testing (20%) sets. This strict division ensured that there was no overlap 
between the data used for model training and the data used for final performance 
evaluation, thereby facilitating a fair comparison across all algorithms and signifi-
cantly mitigating the risk of overfitting to unseen data.

4.5.1  ResNetMF training process

The training process for our proposed ResNetMF follows a structured, iterative 
approach designed for optimal performance and convergence:

1.	 Initialisation: The user and item embedding matrices (U and I) are initialised 
randomly, with a predefined dimensionality d (e.g., d = 64, corresponding to 64 
latent factors). The weights of the ResNet branch, being a deep neural network, 
are initialised using the He initialisation method to promote stable training and 
prevent vanishing/exploding gradients in deeper layers.

2.	 Forward Pass: During each training iteration, the model performs a forward pass 
consisting of two main streams:

	● The MF branch computes an initial user-item interaction score as the dot 
product of the respective user and item embeddings (U × I).

	● The ResNet branch processes the input features (derived from user-item pairs, 
denoted as X) through its deep residual network, which incorporates multiple 
layers with skip connections. The output of this branch is the residual (F(X)), 
explicitly representing the error or uncaptured patterns by the MF model.

	● A merging layer then combines the outputs of the MF and ResNet branches, 
typically using summation or concatenation, to produce the final predicted 
recommendation score (R).

3.	 Loss Calculation: The primary objective of the model’s training is to minimise 
the difference between its predicted scores (R) and the actual user-item interac-
tions (Y). This is achieved by employing the Mean Squared Error (MSE) loss 
function. Optionally, an L2 regularisation term is added to the loss function to 
penalise large weights and further prevent overfitting.

1 3

    3   Page 24 of 38



A multi-criteria recommendation system for personalised tourism…

4.	 Backpropagation: To update the model’s parameters (embeddings and network 
weights), the gradients of the loss function with respect to all model parameters 
are computed using automatic differentiation. These gradients are then propa-
gated backwards through both the MF and ResNet branches. An optimisation 
algorithm, specifically Stochastic Gradient Descent (SGD), is used to update the 
parameters, with a learning rate that can be dynamically adjusted during training 
based on a predefined schedule or adaptive methods.

5.	 Training Data and Batching: The entire training dataset is processed in mini-
batches. This batching strategy enhances computational efficiency, particularly 
for large datasets, and helps stabilise the gradient updates.

6.	 Convergence Criteria: Training continues iteratively over epochs until a pre-
defined convergence criterion is met. Typically, this involves early stopping, 
where training is halted if the model’s performance on a separate validation set 
ceases to improve for a specified number of epochs.

7.	 Model Checkpointing: To ensure that the best-performing model is retained, 
model checkpointing is employed. The model’s parameters that yield the optimal 
performance on the validation set are saved during training.

The next section discusses the experiment results for each dataset.

5  Results and discussions

In this section, we present a comprehensive evaluation of our proposed method, 
ResNetMF, against various baseline algorithms. The experiments are designed 
to address the core research questions posed in this study. Specifically, Experi-
ment 1 (Sect. 5.1) evaluates ResNetMF’s recommendation accuracy and efficiency 
(addressing RQ1) on the large-scale HotelRec dataset. Experiment 2 (Sect. 5.2) fur-
ther assesses ResNetMF’s performance on the multi-criteria Kuching dataset and, 
critically, evaluates the effectiveness of the query analysis component in enhancing 
user experience (addressing RQ2). We compare the efficiency and effectiveness of 
ResNetMF on selected datasets and analyse the results in detail. Furthermore, we 
present and analyse the experimental results of the query analysis process, directly 
linking these findings to the objectives outlined in our research questions.

5.1  Results of experiment 1

This experiment evaluates the effectiveness of ResNetMF on the HotelRec dataset. 
Its performance is compared against various deep learning methods, graph-based 
approaches, and traditional methods.

The experiment evaluates the performance of various recommendation algo-
rithms across multiple metrics, including RMSE, MAE, Precision, Recall, F1-Score, 
NDCG, Hit Rate, and Training Time. Table 3 is an in-depth analysis of the results, 
highlighting the strengths and weaknesses of each algorithm and identifying the best-
performing algorithm. It summarises each algorithm’s result for each evaluation met-

1 3

Page 25 of 38      3 



M. Payandenick et al.

ric. Precision, recall, F1-Score, NDGC and Hit rate (HR) are all calculated for the top 
10 recommendations (e.g., Recall@10).

5.1.1  Detailed algorithm analysis on HotelRec dataset

This section presents a detailed analysis of the algorithms’ performance on the Hotel-
Rec dataset, with comprehensive results summarised in Table 3. Our evaluation con-
siders both prediction accuracy (RMSE, MAE) and ranking performance (Precision, 
Recall, F1-Score, NDCG, Hit Rate), as well as computational efficiency (Training 
Time).

General performance trends  Across the diverse set of algorithms, several key trends 
emerged. Traditional Matrix Factorisation methods (SVD, SVD++, NMF) gener-
ally demonstrated reasonable predictive accuracy (RMSE, MAE) and moderate 
efficiency. SVD++, while showing slight improvements in some ranking metrics, 
incurred a significantly higher training time compared to standard SVD. KNN-based 
algorithms, particularly KNNBaseline, exhibited competitive RMSE and MAE val-
ues, highlighting their robust performance among neighbourhood-based approaches, 
with generally reasonable training times. Simple baselines, such as BaselineOnly, 
also showed surprisingly good accuracy metrics for their simplicity, although their 

Table 3  Result of experiment 1 across all evaluation metrics
Algorithm RMSE MAE Precision Recall F1-score NDCG HR Train-

ing 
time

SVD 0.9877 0.74 0.8379 0.607 0.704 0.51 0.6295 1036.85
SVD++ 1.0073 0.7649 0.837 0.7466 0.7892 0.5595 0.612 25,464
NMF 1.0806 0.8491 0.8234 0.655 0.7298 0.457 0.6027 2474.05
KNNbaseline 0.9561 0.70602 0.7378 0.56 0.6367 0.529 0.576 1454.15
KNNbasic 1.0582 0.8163 0.803 0.588 0.6789 0.477 0.5989 1443.3
KNN with means 1.0524 0.812038 0.791 0.606 0.6863 0.499 0.5983 1490.25
KNNwithzscore 1.0526 0.8121 0.8014 0.528 0.6366 0.536 0.5985 1582.08
SlopeOne 1.069 0.8216 0.817 0.582 0.6798 0.417 0.5938 1774.36
BaselineOnly 0.9515 0.7128 0.735 0.562 0.637 0.355 0.6814 1248.85
NormalPredictor 1.3692 1.0352 0.6901 0.515 0.5899 0.377 0.4084 1484.4
Co-clustering 1.0765 0.8334 0.608 0.652 0.6292 0.4514 0.4851 3986.9
CNN 0.9648 0.7125 0.5689 0.4612 0.4575 0.9924 0.4612 501,130
RNN 1.0585 0.7897 0.9269 0.9513 0.9389 0.934 0.4281 430,875
NCF 0.9599 0.7929 1 0.3427 0.5105 1 1 126,030
CMF 0.9645 0.7527 0.8407 0.0288 0.0557 0.9115 0.4906 273,860
Autoencoders 4.2818 4.1278 0.996 0.06539 0.1227 0.99 1 79,810
NeuMF 1.0189 0.7923 0.8501 0.8777 0.8637 1 1 11757.8
Variational Autoen-
coder (VAE)

3.9231 3.7772 0.75 0.5 0.6 0.29 0.2266 4455

LightGCN 4.3334 4.1988 0.8 0.641 0.7117 0.1148 0.1977 902.5
NGCF 3.837 3.687 0.0209 0.0209 0.0209 0.9306 1 631
DeepCoNN 0.969 0.7427 0.8434 0.9332 0.8861 1 0.7504 577,210
ResNetMF 0.8707 0.6943 0.8975 0.7147 0.7957 0.9115 0.8156 585
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ranking performance was often limited. As expected, NormalPredictor consistently 
performed poorly across all metrics, serving as a lower bound for effectiveness.

Deep Learning-based algorithms presented a varied landscape. While some, such 
as NCF and NeuMF, achieved very high or perfect scores in specific ranking met-
rics (e.g., NDCG, Hit Rate), they often exhibited trade-offs, including lower Recall 
or significantly higher training times (e.g., CNN, RNN, DeepCoNN). Conversely, 
Autoencoders and Variational Autoencoders (VAE) demonstrated high precision and 
Hit Rates but suffered from substantially higher RMSE and MAE, indicating poor 
predictive accuracy in the direct rating prediction task. Graph-based models, such as 
LightGCN and NGCF, also showed mixed results, with some achieving high ranking 
scores but struggling with accuracy metrics, alongside generally efficient training.

ResNetMF’s Overall Superiority: Our proposed ResNetMF consistently outper-
formed all other algorithms on the HotelRec dataset. It achieved the lowest RMSE 
(0.8707) and MAE (0.6943) among all evaluated models, indicating superior accu-
racy in predicting user preferences. Furthermore, ResNetMF demonstrated a strong 
and balanced performance across all ranking and classification metrics (e.g., NDCG: 
0.9115, Hit Rate: 0.8156, Precision: 0.8975, Recall: 0.7147, F1-Score: 0.7957), out-
performing most baselines. Importantly, while offering this superior performance, 
its training time (585 s) remained highly competitive, especially when considering 
the vastly higher computational costs of many deep learning models, such as CNN, 
RNN, and DeepCoNN.

Quantitative Improvement Analysis: To provide a clearer quantitative understand-
ing of ResNetMF’s advantages, Tables  4 and 5 present the percentage improve-
ment (or decline) of other algorithms compared to ResNetMF across all metrics. 
As illustrated by the example in Table  6 (RNN vs. ResNetMF), positive percent-
ages for RMSE and MAE indicate that the baseline algorithm performed worse 
than ResNetMF, while negative percentages for ranking metrics (Precision, Recall, 
F1-Score, NDCG, Hit Rate) indicate that ResNetMF performed better (as higher is 
better for these metrics). These tables unequivocally demonstrate ResNetMF’s con-
sistent and significant improvements over a wide range of state-of-the-art and tradi-
tional methods in both accuracy and efficiency, validating its design for large-scale 
tourism datasets (Table 7).

Discussion of Unpaired Comparisons: It is essential to note that, due to compu-
tational constraints, we conducted only one run per algorithm. Consequently, tradi-
tional paired statistical tests (e.g., paired t-tests or Wilcoxon signed-rank tests), which 
require multiple observations for each algorithm, could not be directly performed. 
However, the consistent and substantial performance gains observed across multi-
ple metrics, as detailed in Tables 3 and 4, and 5, provide strong empirical evidence 
for ResNetMF’s superiority when compared against each baseline’s single reported 
value.

5.1.2  Findings

The results highlight a significant trade-off between predictive accuracy and compu-
tational efficiency. Traditional algorithms, such as SVD and KNNBaseline, achieve 
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competitive accuracy metrics (e.g., RMSE: 0.9877 for SVD, RMSE: 0.956158 for 
KNNBaseline) with reasonable training times (1036.85 s for SVD and 1454.15 s for 
KNNBaseline). In contrast, deep learning models like CNN, RNN, and DeepCoNN 
achieve superior performance in specific metrics (e.g., Recall: 0.9513 for RNN, 
NDCG: 1 for NCF) but incur prohibitively high computational costs (e.g., 430875 s 
for RNN, 577210 s for DeepCoNN).

Several deep learning models, including Autoencoders and Variational Autoen-
coders (VAE), exhibit signs of overfitting. While these models achieve near-perfect 
scores in certain metrics (e.g., Precision: 0.996 for Autoencoders, NDCG: 1 for 
NCF), they perform poorly in accuracy metrics (e.g., RMSE: 4.2818 for Autoencod-
ers, RMSE: 3.9231 for VAE). This suggests that while deep learning models can 
excel in specific tasks, their generalisation capabilities may be limited, raising con-
cerns about their applicability in real-world scenarios.

The observed discrepancies between error-based metrics (MAE, RMSE) and other 
performance metrics (Precision, NDCG) can be attributed to several algorithmic and 
task-specific factors inherent to the models evaluated. Precision and NDCG are rank-
ing-focused metrics that measure the model’s ability to correctly identify or rank rele-
vant items (e.g., top-k recommendations). These metrics are less sensitive to absolute 
error magnitudes and more focused on relative orderings. In contrast, RMSE/MAE 
penalise deviations in predicted values directly, making them stricter measures of 
regression accuracy. For instance, an Autoencoder may achieve perfect Precision by 
correctly ranking a few high-confidence predictions while still incurring large errors 
(high RMSE) for less frequent or noisy data points. Metrics like Precision/NDCG 

Algorithm RMSE 
(%)

MAE 
(%)

SVD 13.44 6.58
SVD++ (SVDpp) 15.69 10.17
Non-Negative Matrix Factorisation (NMF) 24.1 22.3
KNNbaseline 9.81 1.69
KNNbasic 21.53 17.58
KNN with means 20.87 16.96
KNNwithzscore 20.89 16.97
SlopeOne 22.78 18.34
BaselineOnly 9.28 2.68
NormalPredictor 57.25 49.11
Co-clustering 23.63 20.04
CNN 10.8 2.62
RNN 21.57 13.74
NCF 10.25 14.2
CMF 10.77 8.41
Autoencoders 391.68 494.47
(NeuMF) 17.02 14.12
Variational Autoencoder (VAE) 350.52 444.04
LightGCN (LightGCN) 397.68 504.82
NGCF (Neural Graph Collaborative Filtering) 340.63 431.01
DeepCoNN (Deep Cooperative Neural 
Networks)

11.28 6.97

Table 4  Percentage improve-
ment in RMSE and MAE 
compared to ResNetMF

 

1 3

    3   Page 28 of 38



A multi-criteria recommendation system for personalised tourism…

are skewed toward dense or high-confidence interactions, while the entire data dis-
tribution influences RMSE/MAE. For example, in recommendation systems, a few 
popular items may dominate rankings (yielding high NDCG), but long-tail items with 
sparse interactions degrade RMSE.

The experiment reveals a divergence in performance between ranking and clas-
sification metrics across algorithms. For instance, NCF achieves perfect Precision 
(1) and NDCG (1) but suffers from low Recall (0.3427) and F1-Score (0.5105). 
Conversely, RNN performs well in classification metrics (Precision: 0.9269, Recall: 
0.9513, F1-Score: 0.9389) but has higher error rates (RMSE: 1.0585, MAE: 0.7897). 

Metric RNN ResNetMF %Difference 
(Improvement/Decline)

RMSE 1.0585 0.8707 21.58% (RNN is worse)
MAE 0.7897 0.6943 13.76% (RNN is worse)
Precision 0.9269 0.8975 + 3.28% (RNN is better)
Recall 0.9513 0.7147 + 33.12% (RNN is better)
F1-Score 0.9389 0.7957 + 17.99% (RNN is better)
NDCG 0.934 0.9115 + 2.47% (RNN is better)
Hit Rate 0.4281 0.8156 -47.52% (RNN is worse)

Table 6  Example: RNN vs. 
ResNetMF
 

Algorithm Preci-
sion 
(%)

Recall (%) F1-score 
(%)

NDCG 
(%)

HR 
(%)

SVD -6.64 -15.08 -11.51 -44.06 -22.82
SVD++ -6.74 4.46 -0.82 -38.63 -24.98
NMF -8.26 -8.35 -8.28 -49.87 -26.12
KNNbaseline -17.8 -21.64 -19.98 -41.97 -29.4
KNNbasic -10.53 -17.73 -14.68 -47.68 -26.57
KNN with 
means

-11.87 -15.21 -13.75 -45.26 -26.64

KNNwithzscore -10.71 -26.12 -19.99 -41.21 -26.62
SlopeOne -8.97 -18.57 -14.57 -54.25 -27.2
BaselineOnly -18.11 -21.37 -19.94 -61.07 -16.45
NormalPredic-
tor

-23.11 -27.94 -25.86 -58.66 -49.94

Co-clustering -32.26 -8.77 -20.93 -50.49 -40.53
CNN -36.61 -35.47 -42.5 8.87 -43.47
RNN 3.28 33.1 18 2.47 -47.53
NCF 11.42 -52.05 -35.84 9.71 22.61
CMF -6.32 -95.96 -92.99 0 -39.85
Autoencoders 10.98 -90.85 -84.58 8.61 22.61
NeuMF -5.28 22.81 8.55 9.71 22.61
Variational 
Autoencoder

-16.43 -30.04 -24.59 -68.19 -72.23

LightGCN -10.86 -10.31 -10.55 -87.41 -75.77
NGCF -97.67 -97.67 -97.67 2.1 22.61
DeepCoNN -6.03 30.57 11.36 9.71 -8

Table 5  Percentage improve-
ment in other evaluation metrics 
compared to ResNetMF
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This divergence underscores the importance of selecting evaluation metrics that align 
with the specific goals of the recommendation system.

Graph-based models such as LightGCN and NGCF demonstrate notable compu-
tational efficiency, with training times of 902.5 s and 631 s, respectively. However, 
their performance in accuracy metrics is suboptimal (e.g., RMSE: 4.3334 for Light-
GCN, RMSE: 3.837 for NGCF). This finding suggests that while graph-based models 
are computationally efficient, further research is needed to improve their predictive 
accuracy.

The ResNetMF (Proposed Method) emerges as the most robust algorithm, demon-
strating state-of-the-art performance across multiple evaluation metrics. It achieves 
the lowest RMSE (0.8707) and lowest MAE (0.6943), indicating exceptional predic-
tive accuracy. Furthermore, it excels in ranking metrics, with an NDCG of 0.9115 
and a Hit Rate of 0.8156, as well as classification metrics, with a Precision of 0.8975, 
a Recall of 0.7147, and an F1-Score of 0.7957. Its moderate training time (585 s) 
further underscores its practicality for real-world applications.

5.2  Experiment 2 analysis and query analysis evaluation

Experiment 2 explores ResNetMF’s performance on the Kuching dataset. The train-
ing time is not reported for this dataset, as all algorithms have nearly the same train-
ing time, given that this dataset is smaller than the HotelRec dataset.

Table 7  Experimentation result of Kuching dataset on different evaluation metrics
Algorithm RMSE MAE Precision Recall F1-Score Hitrate NDCG
SVD 1.369 1.145 0.5731 0.641 0.683 0.677 0.47
SVD++ 1.336 1.082 0.5741 0.639 0.685 0.458 0.48
NMF 1.433 1.136 0.5734 0.574 0.644 0.6321 0.365
KNNbaseline 1.377 1.159 0.4701 0.64 0.669 0.56 0.475
KNNbasic 1.468 1.277 0.4725 0.716 0.72 0.381 0.3252
KNN with means 1.371 1.127 0.471 0.624 0.664 0.561 0.477
KNNwithzscore 1.344 1.093 0.4705 0.635 0.668 0.61 0.543
SlopeOne 1.413 1.179 0.4681 0.666 0.673 0.267 0.257
BaselineOnly 1.474 1.286 0.3624 0.659 0.641 0.192 0.1633
NormalPredictor 2.5 2.113 0.3998 0.525 0.592 0.388 0.422
Co-clustering 1.391 1.12 0.4696 0.645 0.669 0.203 0.152
CNN 1.46 1.08 0.618 0.701 0.656 0.185 0.22
RNN 1.501 1.17 0.581 0.699 0.634 0.418 0.518
NCF 1.351 0.911 0.7021 0.722 0.712 0.2388 0.354
CMF 1.4637 1.039 0.674 0.709 0.691 0.451 0.51
Autoencoders 0.981 0.61 0.821 0.8001 0.81 0.497 0.5101
NeuMF 1.39 1.0016 0.8282 0.5714 0.6763 0.2143 0.1954
Variational Autoencoder 2.4128 2.0655 0.0039 0.1667 0.0076 1 0.8335
LightGCN 2.6478 2.0353 0.1048 0.2091 0.127 0.3699 0.8867
NGCF 1.717 1.356 0.385 0.272 0.21 0.542 0.948
DeepCoNN 1.509 1.229 0.329 0.27 0.202 0.489 0.966
ResNetMF 1.2991 0.7172 0.793 0.742 0.766 0.791 0.8017
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Autoencoders and ResNetMF consistently outperform other algorithms in most 
metrics. Autoencoders achieve the lowest RMSE (0.981) and MAE (0.61), indicating 
high prediction accuracy. Autoencoders also have the highest precision (0.821), recall 
(0.8001), and F1-score (0.81), showing strong relevance and coverage. ResNetMF 
closely follows competitors in terms of RMSE (1.2991), MAE (0.7172), and F1-score 
(0.766), while achieving the highest hitrate (0.791) and NGDC (0.8017).

SVD and SVD + + perform well in terms of RMSE, MAE, and F1-score, but deep 
learning-based methods, such as Autoencoders and ResNetMF, outperform them. 
NMF and KNN-based methods exhibit moderate performance but lag in terms of 
precision, recall, and F1-score.

Between deep learning methods, Autoencoders and ResNetMF dominate in most 
metrics, showcasing the power of deep learning for recommendation tasks. NCF 
(Neural Collaborative Filtering) and CMF (Collective Matrix Factorisation) also 
perform well but are not as strong as Autoencoders or ResNetMF. NeuMF (Neural 
Matrix Factorisation) achieves high precision (0.8282) but lower recall and F1-score, 
indicating a trade-off between relevance and coverage.

Graph-based methods, such as NGCF and LightGCN, perform poorly in terms 
of precision, recall, and F1-score, but achieve high NGDC, indicating good ranking 
quality despite low relevance. DeepCoNN performs similarly, with low precision and 
recall but high NGDC.

Weak Performers are Variational Autoencoder (VAE) and NormalPredictor, which 
perform poorly across most metrics, with high RMSE and MAE and very low pre-
cision, recall, and F1-score. SlopeOne and BaselineOnly also exhibit weak perfor-
mance, particularly in terms of hitrate and NGDC.

It is observed that Deep learning-based methods (Autoencoders, ResNetMF, NCF) 
generally outperform traditional methods (SVD, KNN, NMF) in terms of RMSE, 
MAE, precision, recall, and F1-score. While graph-based methods (NGCF, Light-
GCN) excel in ranking quality (NGDC), they struggle with precision and recall, 
suggesting room for improvement. ResNetMF and Autoencoders lead in hitrate and 
NGDC, indicating they are effective at recommending relevant items to a large frac-
tion of users.

5.2.1  Evaluating query analysis: challenges and reported user study

Evaluating the query analysis component, a crucial aspect of the system, presents a 
distinct challenge. User satisfaction with recommendations is subjective and influ-
enced by individual cognitive processes. Unlike established accuracy metrics like 
RMSE, there is no single metric to definitively assess query analysis performance.

We conducted a user study to address this challenge. The study involved 50 ran-
dom users who participated in the Kuching dataset data collection. Each user was 
asked to provide at least five queries and then rate their satisfaction with the recom-
mendation results based on their query and perceived relevance of the recommenda-
tions on a scale of 1 to 10 (1: low, 10: high). The queries can be anything that the user 
wants to experience, such as “Jungle tracking with family.

The average user rating of 7.25 (on a scale of 0 to 10) suggests a generally positive 
response to the system’s results. For illustrative purposes, this rating can be inter-
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preted as approximately 72.5% of the maximum possible score, which may reflect a 
tendency toward user satisfaction. However, it is essential to note that this percentage 
is an approximation and not a direct calculation of the proportion of satisfied users. 
On the other hand, it means that the 72.5% score does not necessarily imply that 
72.5% of users were satisfied. It is just a way to express the average rating relative to 
the maximum possible score.

The results indicate that the query analysis and information selection processes 
performed well, aligning with user preferences and resulting in overall positive feed-
back. This suggests that the system effectively refined recommendations based on 
user queries, thereby enhancing their relevance and usefulness.

To further strengthen these findings, future research will incorporate a compara-
tive analysis to assess the performance of recommendations before and after query 
analysis. This will provide a clearer understanding of its role in shaping user percep-
tions and enhancing recommendation effectiveness.

5.3  Discussion

The findings from the experiments and user study offer valuable insights into the 
effectiveness of the proposed recommendation system and its query analysis mecha-
nism. Here, we discuss these findings in the context of existing research and address 
the limitations of the study.

5.3.1  Effectiveness of ResNetMF

The results demonstrate that ResNetMF achieves superior recommendation accuracy 
compared to existing deep learning algorithms, such as NCF, on the HotelRec dataset 
(refer to Tables 3 and 5). This aligns with previous research highlighting the effec-
tiveness of matrix factorisation techniques combined with deep learning for recom-
mendation systems (De Pauw 2020). Notably, ResNetMF maintains this advantage 
across various datasets, as demonstrated by its competitive performance on the Kuch-
ing city attraction dataset.

The user study further supports the system’s efficacy by indicating positive user 
satisfaction, as evidenced by an average rating of 7.25 for the recommendations. 
This finding suggests that ResNetMF, complemented by the query analysis mecha-
nism, effectively addresses information overload for tourists and successfully aligns 
with user preferences. While the user study provides valuable insights into user per-
ception, it is important to acknowledge the inherent subjectivity of user satisfaction 
and the general limitations of such studies.

5.3.2  Theoretical and practical implications

The success of ResNetMF demonstrates the potential of combining matrix factorisa-
tion with deep learning architectures for building robust recommendation systems. 
This finding contributes to the ongoing research in recommender system develop-
ment by offering a solution that balances accuracy and efficiency.
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From a practical standpoint, the proposed system, incorporating ResNetMF, offers 
a promising approach for tourism recommendation systems. Addressing information 
overload and providing user-centric recommendations through the query analysis 
mechanism can significantly improve tourist experiences. Future research can further 
enhance the system by incorporating these considerations:

Mitigating Cold Start Problem: The proposed knowledge graphs for users and 
tourist attractions offer a promising approach to address the Cold Start problem (dif-
ficulty in recommending new items/users). Future research can investigate the effec-
tiveness of these knowledge graphs in improving recommendation accuracy for new 
users and items.

Advanced Query Analysis: Integrating newer NLP techniques, such as large lan-
guage model (LLM) models like GPT-3 transformers or other LLM models, includ-
ing GPT (Generative Pre-trained Transformer) and BERT (Bidirectional Encoder 
Representations from Transformers), to process and analyse language for query 
analysis holds promise for further improvement. Exploring these advancements and 
evaluating their impact on recommendation accuracy and user satisfaction can be a 
valuable avenue for future research.

6  Conclusion, limitations and future work

This study aimed to improve the accuracy of tourism recommendation systems by 
proposing a multi-criteria approach. The proposed method, combining ResNetMF 
(a deep learning recommendation engine) with a query analysis mechanism, demon-
strates promising results. The key findings are:

1	 Improved Recommendation Accuracy: ResNetMF achieves higher scores in 
most evaluation metrics compared to existing deep learning and baseline algo-
rithms in predicting user ratings, as evidenced by lower Mean Absolute Error 
(MAE) and Root Mean Squared Error (RMSE). It also achieves reasonably high 
scores on other metrics, such as Precision and Hit Rate, across both datasets.

2	 Faster Training Speeds: While achieving high accuracy, ResNetMF maintains 
faster training times compared to other methods, making it suitable for real-
world applications with time constraints.

3	 Positive User Experience: The user study, despite limitations in sample size (50 
users) and data source (focusing on Kuching City attractions), yielded a posi-
tive average user satisfaction rating (7.25), indicating that the system effectively 
addressed information overload for tourists in Kuching.

Overall, this study presents a user-centred recommendation system with promising 
potential to enhance tourist experiences. While acknowledging the limitations of the 
current evaluation, this work lays the groundwork for developing even more effective 
and informative recommendation systems for travellers.
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6.1  Limitations and future work

This study, while demonstrating significant contributions, is subject to several limita-
tions that warrant consideration and offer avenues for future research. First, the data-
set Suitability for Multi-Criteria Evaluation. While the large-scale HotelRec dataset 
was crucial for evaluating the core recommendation engine’s accuracy and scalability 
in overall rating prediction, its extreme sparsity in multi-criteria sub-ratings made it 
unsuitable for a comprehensive multi-criteria recommendation system (MCRS) task. 
Consequently, the multi-criteria aspects of our system were primarily evaluated using 
the Kuching dataset, which, while smaller, provided more suitable multi-dimensional 
user feedback for this specific purpose.

Also, this study acknowledges that the Kuching dataset and testing query analysis 
on the small population of Kuching city are limitations, and the result cannot be gen-
eralised. For future work, we aim to test this system in a broader geographical area 
with a larger user base. Moreover, this study tests and compares all the algorithms 
in a single run due to computational constraints. In future, we intend to test and run 
algorithms for the same datasets for several runs and apply proper statistical tests.

It is also worth noting that while ResNetMF achieves high accuracy, some deep 
learning methods, such as RNN, might offer equal or better accuracy at the cost of 
significantly slower training times. Finding the optimal balance between accuracy 
and training speed is crucial for real-world applications with time constraints.

This study lays the groundwork for further development of the proposed multi-
criteria recommendation system. Future research should involve expanding the user 
study with a larger and more diverse user group. Additionally, exploring advanced 
query analysis methods, such as GPT-3 transformers, holds promise for potentially 
improving both recommendation accuracy and user experience. Finally, mitigating 
the cold start problem remains crucial for real-world applications. Developing knowl-
edge graphs for users and tourist attractions offers a promising approach to improve 
recommendation accuracy for new users and items encountered by the system. By 
pursuing these future research directions, we can contribute to the development of 
even more effective and user-centric tourism recommendation systems.

By addressing these limitations and pursuing future research directions, this work 
can contribute to the development of even more effective and user-centric tourism 
recommendation systems.
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