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Abstract: To address the challenges of information overload and resource 
misallocation in the tourism industry, this paper proposes an intelligent service 
framework that integrates multi-source big data with knowledge graphs. By 
constructing a tourism-specific knowledge graph from the Yelp dataset 
(containing over 12,537 POIs and 45,821 users) and combining relational graph 
convolutional networks with long short-term memory models, the framework 
achieves precise personalised recommendations and dynamic resource 
optimisation. The proposed multi-task learning architecture jointly optimises 
recommendation accuracy and resource prediction performance. Extensive 
experiments show that the model significantly outperforms baseline methods, 
achieving a Precision@10 of 0.0914 and Recall@20 of 0.2542, along with a 
21.73 root mean square error in flow prediction – demonstrating notable 
improvements in interpretability and robustness. This study provides an 
effective technical pathway for enhancing tourism service intelligence and 
operational efficiency. 
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1 Introduction 

As the global digital transformation accelerates, the tourism industry faces unprecedented 
transformation and challenges (Victoria and Carty, 2009). Traditional tourism service 
models struggle to meet the growing demand for personalised (Interian et al., 2010), 
efficient, and intelligent experiences. Travellers often grapple with information overload 
when planning itineraries (Coppola and Padricelli, 2024), while tourism resource 
providers suffer from inefficient resource allocation due to information asymmetry and a 
lack of dynamic control capabilities (Brush and Artz, 1999). This contradiction severely 
hampers improvements in travel experience quality and the industry’s sustainable 
development (Pappas et al., 2013). Against this backdrop, ‘smart tourism’ – a product of 
deep integration between information technology and the tourism industry – has emerged 
as a key pathway for driving industry transformation and upgrading (Yonghong and 
Shuwen, 2019). Its core lies in leveraging advanced information processing technologies 
to achieve systematic integration and intelligent application of tourism data resources, 
thereby providing more precise decision support for travellers (Trotter et al., 2000), 
businesses, and regulatory authorities. 

In recent years, the rapid advancement of big data technology has provided crucial 
support for smart tourism (Steenkamp and Wingfield, 2013). Heterogeneous multi-source 
data – including user-generated content (such as online reviews, ratings, and social media 
shares), geospatial information, real-time traffic flow, and commercial transaction records 
– forms the foundation for analysing tourist behaviour and preferences (Wenwen et al., 
2013). Based on this data, researchers have proposed various recommendation models 
and resource allocation methods (Pulkki-Brännström et al., 2012). For instance, 
collaborative filtering (CF) and its improved variants achieve personalised 
recommendations by mining user-item interaction patterns (McNee et al., 2006), while 
content-based (CB) recommendation systems rely on matching item attributes with user 
historical behaviour (Mo et al., 1970). Although these approaches have enhanced service 
effectiveness to some extent, they still face inherent limitations such as data sparsity (Lu 
et al., 2013), cold-start problems, and a lack of semantic relevance. More critically, 
existing approaches are largely confined to static and isolated data analysis (Ferragina  
et al., 2007), failing to fully uncover deep semantic relationships between entities (Witt  
et al., 2008). This results in poor interpretability of recommendation outcomes and 
insufficient cross-domain reasoning capabilities (Attarzadeh and Ow, 2010). 

To overcome the aforementioned challenges (Herrmann et al., 2015), knowledge 
graph (KG) technology has gradually been introduced into tourism research in recent 
years (Ramli and Ainon, 2013). With its robust semantic expression capabilities and 
relational reasoning abilities (Federmeier et al., 2008), KG effectively organises 
fragmented tourism information into structured knowledge networks. The explicit 
definition of entities (such as attractions, hotels, and users) and relationships (such as 
located in, belonging to, and similar to) enables machines to comprehend the intrinsic 
logic of the tourism domain (Bussolino et al., 1987). Existing research has attempted to 
apply KGs to recommendation systems. Examples include discovering users’ latent 
points of interest (POI) through path reasoning or leveraging KG embedding (KGE) 
technology to learn low-dimensional vector representations of entities and relationships 
(Liu et al., 2024), thereby enhancing the generalisation capabilities of recommendation 
models (Verhoef et al., 2011). However, most current work remains in the preliminary 
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exploration phase (Herman, 2004), failing to fully leverage the potential of KGs in  
multi-source data fusion, dynamic resource optimisation, and complex decision support 
(Askew, 1974). Particularly in scenarios demanding high real-time performance – such as 
tourist flow regulation during holidays and emergency resource allocation – existing 
methods often perform poorly (Gacau et al., 2016). 

Therefore, this paper is dedicated to exploring the deep integration and innovative 
application of big data and KG technologies in smart tourism. We note that enhancing 
tourism services and optimising resources relies not only on organising static knowledge 
but also on achieving perception and response to dynamic information (Joachims et al., 
2007). This study designs a novel KG construction framework to integrate multi-source 
heterogeneous data. Building upon this foundation (Lindenbeck et al., 2007), it constructs 
an intelligent service model that fuses semantic understanding with real-time analysis. 
This model aims to overcome the bottlenecks of traditional recommendation systems in 
interpretability and cross-domain reasoning, while providing data-driven decision support 
for the dynamic allocation of tourism resources (Kennedy and Theodoropoulos, 2005). 
Through this research, we expect to offer new theoretical foundations and technical 
pathways for constructing smart tourism systems, propelling the tourism industry toward 
higher levels of intelligence (Lynne et al., 2016). 

2 Related work 

2.1 The evolution of smart tourism systems 

The concept of smart tourism stems from the extension of the ‘smart earth’ initiative, 
with its core focus on leveraging information and communication technologies to 
enhance the tourism experience, optimise resource management, and promote sustainable 
industry development. The ‘Smart Earth’ initiative, which promotes the use of 
information technology to make critical infrastructure and services more interconnected 
and efficient, provides the foundational philosophy for the development of ‘Smart 
Tourism’ as a specific application domain. Early smart tourism systems primarily 
emphasised the construction of information infrastructure, such as online booking 
platforms, electronic ticketing systems, and digital guide services. While these systems 
improved transaction convenience, their capabilities in data integration and intelligent 
decision-making remained limited. With the advent of the big data era, research priorities 
shifted toward the analysis and application of massive tourism datasets. For instance, 
Hadoop-based tourism big data platforms enable macro-level analysis of visitor 
behaviour patterns, while social media data mining reveals public sentiment and 
reputation trends for destinations. These approaches offer valuable technical pathways for 
understanding the broader tourism market. However, most remain confined to descriptive 
analysis and statistical levels, lacking the ability to uncover and leverage deeper semantic 
relationships within the data. Consequently, they struggle to support complex 
personalised services and precise dynamic adjustments. 

2.2 Key technologies for travel recommendation systems 

Recommendation systems, as a core component of smart tourism, have consistently been 
a focal point of research in both academia and industry. Their development has primarily 
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evolved from traditional methods to modern models. Traditional approaches mainly 
encompass CF and CB recommendations. CF makes recommendations by mining 
similarities within user-item interaction matrices, yet it suffers significantly from data 
sparsity and cold-start problems. A typical example is when a new tourist attraction opens 
and has no user interaction data yet, making it difficult for traditional CF to recommend 
it. To address this, research has introduced latent factor model (LFM) and matrix 
factorisation (MF) techniques. CB recommendation matches item attributes with user 
preferences, mitigating cold starts but constrained by feature extraction capabilities and 
prone to over-specialisation. In recent years, deep learning has been widely applied to 
capture complex nonlinear feature interactions. For instance, neural matrix factorisation 
(NeuMF) combines neural networks with MF, while deep cross networks (DCN) 
explicitly learn higher-order feature interactions. Although these models improve 
prediction accuracy, their ‘black-box’ nature leads to poor interpretability and fails to 
effectively utilise rich semantic associations between items, limiting their application in 
scenarios requiring transparent and trustworthy recommendations. 

2.3 Applications of KGs in recommendation systems 

KGs are regarded as a key technology for enhancing the performance and understanding 
capabilities of recommendation systems due to their powerful semantic reasoning and 
relational linking abilities. The additional information introduced by KGs – such as item 
attributes, entity relationships, and multi-hop connections – can effectively mitigate data 
sparsity and cold-start problems. Early attempts treated KGs as external information 
sources, using path ranking algorithms or meta-path mining to discover connections 
between users and items. Subsequently, KGE emerged as the mainstream approach. 
Techniques like transe and transr map entities and relationships into low-dimensional 
vector spaces, preserving the semantic structure of the graph. These embedded vectors 
can be injected as features into recommendation models, enriching item representations. 
In recent years, the rise of graph neural networks (GNNs) has enabled models to 
efficiently leverage graph topology through neighbourhood information aggregation. 
Representative works like KG attention network (KGAT) recursively aggregates 
information from KG neighbourhoods via attention mechanisms to refine user and item 
representations; RippleNet simulates the propagation of interests across KGs. These 
methods have achieved significant success in general recommendation domains, 
demonstrating the value of KGs. However, direct application to the tourism domain 
presents challenges in domain adaptation: tourism KGs possess unique spatio-temporal 
attributes (e.g., attraction distances, operating hours) and dynamic characteristics (e.g., 
seasonal visitor flows, real-time events). Generic graph construction and inference 
models struggle to fully capture these domain-specific complex constraints and patterns. 
The tourism domain is particularly rich in interconnected entities (e.g., attractions, hotels, 
transportation) and multifaceted relationships (e.g., spatial, categorical, thematic), making 
it an ideal use case for KG technology. 

2.4 Prediction and optimisation methods for tourism resources 

The optimal allocation of tourism resources relies on accurate forecasting of demand 
factors such as visitor flow and service requirements. Early studies predominantly 
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employed traditional time series models like autoregressive integrated moving average 
(ARIMA), but these models have limited capability in capturing nonlinear and sudden 
changes. Subsequently, machine learning methods such as support vector regression 
(SVR) and random forest were introduced, enhancing predictive performance by 
incorporating multiple features like weather and holidays. Currently, deep learning 
models like long short-term memory (LSTM) and spatio-temporal graph convolutional 
networks (ST-GCN) represent cutting-edge techniques for forecasting tourist flows, 
better modelling temporal dependencies and spatial correlations. In optimisation, 
operations research methods such as linear programming and integer programming 
address challenges like hotel room allocation and tour route planning. However, most 
existing prediction models treat input features as independent static variables, failing to 
systematically incorporate the complex knowledge relationships among attractions, 
transportation, and user preferences into their considerations. Optimisation models, 
meanwhile, often rely on precise and static assumptions, lacking the ability to 
dynamically adjust using real-time data and knowledge. This results in insufficient 
flexibility when confronting the high uncertainty inherent in tourism environments. A 
pertinent example of such high uncertainty is a sudden, localised weather event – such as 
an unexpected heavy rainstorm or an extreme heatwave. These conditions can drastically 
alter visitor flow patterns and site preferences within very short timeframes, often 
rendering predictions based on historical data alone ineffective. Our model’s integration 
of real-time features and knowledge-aware embeddings is designed to imbue it with the 
contextual adaptability needed to better respond to such dynamic and volatile scenarios. 

3 Methodology 

This section will elaborate on our proposed smart tourism service and resource 
optimisation framework based on big data and KGs. The framework primarily comprises 
four core components: multi-source tourism big data pre-processing and KG 
construction, knowledge representation learning based on GNNs, a collaborative 
recommendation model integrating knowledge representations, and a time-series 
knowledge-aware resource optimisation model. The overall methodology flow is 
illustrated in Figure 1. 

3.1 Pre-processing of multi-source tourism data and KG construction 

The cornerstone of smart tourism services lies in the effective integration of multi-source 
heterogeneous data. This study utilises the publicly available Yelp dataset, which 
contains rich business information, user reviews, rating data, and user social 
relationships. We first parsed and cleaned the raw JSON-formatted data, extracting 
entities closely related to tourism services. These primarily include users, POIs, 
categories, cities, and keywords extracted from reviews. Subsequently, we defined the 
schema for the tourism domain KG, specifying the semantic relationship types between 
entities, as shown in Table 1. The eight relation types were defined empirically based on 
the available metadata in the Yelp dataset and their perceived importance for capturing 
core tourism semantics. 
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Figure 1 Schematic diagram of smart tourism service and resource optimisation framework 
based on big data and KGs (see online version for colours) 

 

Table 1 Tourism KG pattern definition 

Type of header 
entity 

Relationship 
type 

Tail entity 
type Descriptive 

User Interact POI Users have interactive behaviour with POIs 
(e.g., comments, ratings) 

User Friend User Users are friends with each other 
POI BelongTo Category POI belongs to a category (e.g., museum, 

restaurant) 
POI LocatedIn City POI is located in a city 
POI NearTo POI Two POIs are geographically proximate  

(<2 km distance) 
Term Describe POI High-frequency keywords extracted from 

comments are used to characterise POIs 

The entity and relation extraction process combines rule matching with pre-trained 
language models. For highly structured relations such as Interact and BelongTo, we 
directly obtain them through metadata parsing. For the NearTo relationship, we 
determine proximity by calculating the haversine distance d between the latitudes and 
longitudes of two POIs. If d is less than the threshold δ (set to 2 kilometres in this paper), 
we generate the triplet (POI1, NeatTo, POI2). The haversine distance formula is: 
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( ) ( )2 22 1 2 1
1 22 arcsin sin cos cos sin

2 2
ψ ψd R

 − −
=    

   
  

 


⋅ +


φ φ φ φ  (1) 

where r denotes the earth’s radius, while φ and ψ represent latitude and longitude, 
respectively. for the describe relation, we employ the tf-idf algorithm to extract  
high-frequency, discriminative keywords from user reviews as term entities, linking them 
to their corresponding poi. The Haversine formula is specifically chosen for calculating 
great-circle distances between geographic coordinates on a sphere, which is more 
accurate for Earth’s surface than Euclidean distance. 

Ultimately, the KG   we construct can be formally defined as a collection of triples: 
( , , ) | , , ,h r t h t r= ∈ ∈    where   and   denote the set of entities and the set of 

relations, respectively. 

3.2 GNN-based knowledge representation science 

In order to capture the rich semantic information in the KG, we employ GNN for 
embedding learning of entities and relations. GNNs can effectively learn the  
low-dimensional vector representations of nodes by aggregating neighbourhood 
information through a message-passing mechanism. Specifically, we use relational graph 
convolutional network (R-GCN) as our encoder. 

For each entity ei in the KG, the hidden state 1l
i
+h  of its l + 1 layer is updated by the 

following equation: 

( 1) ( ) ( ) ( ) ( )
0

1
,

l l l l lr
ri i j iσ r j

ci r
+  = ∈ ∈ + 

 
 h W h W h   (2) 

where mathcalNir denotes the set of neighbouring entities connected to the entity ei 
through the relation r. ci, r is a normalisation constant that can be set to .r

i  
( )l

rmathbfW  and ( )
0

lW  are the trainable weight matrices for relation r and self-loop, 
respectively the σ denotes a nonlinear activation function. 

By stacking L layers of R-GCN, each entity ei eventually obtains its vector 
representation ( )L d

i imathbfe = ∈h   incorporating semantic information of L-hopping 
neighbourhoods, where d is the dimension of embedding vector. Also, we learn a 
corresponding vector representation d∈r   for each relation r. These embedding vectors 
will be used as high-level feature inputs for downstream recommendation and 
optimisation tasks. 

3.3 Collaborative recommendation models incorporating 

Knowledge representations traditional CF models utilise only the user-item interaction 
matrix and face the challenge of sparse data. Our proposed recommendation model 
seamlessly integrates KGEs into neural networks by enhancing user and item 
representations. 

First, we initialise the initial embedding vectors u and v for user u and project v. 
Then, a multilayer perceptual (MLP) is used to fuse the learned project entity embeddings 
ev from the KG with the initial project embeddings v: 
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[ ]( ), |, vMLP′ =v v e  (3) 

where [,.,|,.,] denotes vector splicing operations. The v′ is an augmented item 
representation that contains both synergetic information and rich semantic knowledge. In 
our implementation of the Bayesian personalised ranking (BPR) loss, the sampling of 
negative instances follows a standardised and widely adopted protocol in implicit 
feedback scenarios. Specifically, for each observed positive user-item interaction during a 
training iteration, a single negative item is drawn uniformly at random from the entire set 
of items with which that specific user has had no recorded interaction. This approach, 
while straightforward, provides a stable and computationally efficient baseline for 
optimising the pairwise ranking objective. 

The predicted score ŷuv  of user u on item v is obtained by an inner product operation 
of the user embedding and the augmented item embedding: 

ˆ Tyuv ′= u v  (4) 

To optimise the model parameters, we use BPR loss, which is a loss function based on 
pairwise ranking designed to maximise the difference between observed interacted items 
and unobserved items. For a user u, a positive sample (interacted) item i and a negative 
sample (uninteracted) item j, the loss function is defined as: 

( ) 2ˆ ˆ( , , ) ln ujBPR u i j S σ yui y λ= − ∈ − + Θ   (5) 

where S  denotes the set of training triples, σ is the sigmoid function, λ is the l 
regularisation coefficients, and Θ is the set of all trainable parameters. 

3.4 Resource optimisation model based on timing knowledge awareness 

The core of resource optimisation is accurate prediction of future tourism demand (e.g., 
passenger flow). The feature set comprising historical passenger flow, weather, and 
holiday indicators was selected as our foundational feature set due to its established 
predictive power and general data availability. We acknowledge, however, that the 
model’s architecture is extensible by design. Future work will involve a systematic 
investigation into incorporating additional dynamic signals, such as real-time local event 
calendars, broader economic indicators, or even social media trends, which could 
potentially capture more nuanced drivers of tourism demand and further enhance forecast 
accuracy. We propose a time-series knowledge-aware prediction model that combines 
KGEs as static features with historical passenger flow time-series data. 

Let ( )v m
tmathbfx ∈  denote the associated feature vector (e.g., historical passenger 

flow, weather, holiday symbols) of item (attraction) v at time step t. We first splice it with 
the corresponding KG entity embedding ev to form the augmented feature vector: 

( ) ( ) , |,v v
vt t =  x ex  (6) 

This augmented feature sequence ( ) ( ) ( )
1 2, , ,v v v

Tx x x    are fed into a LSTM network to 
capture their temporal dependencies. The internal computational procedure of the LSTM 
unit is as follows: 
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[ ]( )1,t t fσ f t= ⋅ − +f W h x b  (7) 

[ ]( )1,t t iσ i t= ⋅ − +i W h x b  (8) 

[ ]( )tanh 1,t t CC t= ⋅ − +C W h x b   (9) 

* 1 *t t tt t= − +C f C i C  (10) 

[ ]( )1,t t oσ o t= ⋅ − +o W h x b  (11) 

( )* tanht t t=h o C  (12) 

where ft, it, ot are called the forgetting gate, the input gate and the output gate, 
respectively. ct is the cellular state and ht is the hidden state. fw and b are trainable 
parameters and * denotes element-by-element multiplication. 

Ultimately, we pass the hidden state hT of the last time step through a fully-connected 
layer to predict the passenger flow ( )ˆ vy  for the next Δt time steps: 

( )ˆ v
y T y= +y W h b  (13) 

The loss function of this prediction model uses mean square error (MSE): 

( )2( ) ( )

1

1 ˆ1
t

vN v
τ

τ

MSE v y yτ
N

Δ

=

= = −   (14) 

where yτ(v) is the true value, ( )ˆ v
τy  is the predicted value, and N is the number of 

attractions. 
Ultimately, the total loss function for the entire framework is a weighted sum of the 

recommendation loss and the prediction loss: 

MSETotal BPR= + ⋅α    (15) 

where α is a hyperparameter that balances the importance of the two tasks through  
end-to-end training, the knowledge in the KG can provide information for 
recommendation and resource optimisation at the same time, achieving collaborative 
intelligence between services and resources. 

4 Experimental validation and analysis 

In order to fully assess the validity of the proposed framework, we designed and 
conducted adequate experiments. This section will elaborate on the details of the 
experimental setup, comparative results, ablation studies, and case studies. 

4.1 Experimental setup 

• Dataset: This experiment uses the publicly available Yelp dataset (Yelp challenge 
2019 version) as a benchmark. The dataset contains more than 200,000 businesses, 
1.5 million users, and nearly 7 million reviews, covering a wide range of categories 
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such as restaurants and tourist attractions. We select businesses labelled as ‘hotels 
and travel’ category and its related subcategories (e.g., ‘attractions’, ‘tours’) as our 
POI set, and retain all users and reviews interacting with them to build a  
medium-sized travel domain subset. The statistics of this subset are shown in  
Table 2. The subset was created by specifically including businesses categorised 
under ‘hotels and travel’ and its direct subcategories (e.g., ‘attractions’, ‘tours’) to 
ensure relevance to the tourism domain. 

Table 2 Statistical information on experimental datasets 

Statistical term Quantities 
Users 45,821 
Number of attractions/businesses (POIs) 12,537 
User-POI Interactions 286,492 
Number of knowledge graph triples (KG triples) 1,043,666 
Relation types 8 

We randomly divide the user-item interaction data into training, validation and 
testing sets in the ratio of 8:1:1. The KG is then available as auxiliary information 
throughout. 

• Comparison algorithm: We compare the proposed model (named KGTRM: 
knowledge-enhanced graph tourism recommendation model) with the following 
classes of representative baseline models: 
a BPR-MF: A classical personalised ranking model based on matrix 

decomposition using only user-item interaction data. 
b Neumf: A neural CF model that uses a multilayer perceptron to capture 

nonlinear interactions between users and items. 
c RippleNet: A KG-based interest propagation network that makes 

recommendations by modelling the propagation of user interests over the 
knowledge graph. 

d KGAT: A knowledge graph attention network that explicitly propagates 
embedded information recursively over the knowledge graph via a graph 
attention network. 

e LightGCN: A simplified graph convolutional network that has been shown to be 
very effective in CF and is applied here to user-item interaction graphs. 

• Evaluation metrics: For the recommendation task, we adopt precision@k and 
recall@k (k = 10, 20), which are widely used in recommender systems, as evaluation 
metrics. For the resource prediction task, we use root mean square error (RMSE) and 
mean absolute error (MAE) as evaluation metrics. 

• Implementation details: Our models are implemented using the Pytorch framework. 
The embedding dimension is uniformly set to 64 for all models. The learning rate is 
obtained from a grid search in {0.0001, 0.0005, 0.001} using the Adam optimiser 
with the batch size set to 1024.the early stopping strategy (early stopping) is used to 
prevent overfitting. 
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4.2 Overall performance comparison and analysis 

The overall performance comparison of all models on the test set is shown in Table 3. We 
can draw the following conclusions: 
Table 3 Overall performance comparison of all models on the Yelp travel dataset 

Models Precision 
@10 

Recall 
@10 

Precision 
@20 

Recall 
@20 RMSE MAE 

BPR-MF 0.0721 0.1256 0.0613 0.2014 24.56 19.87 
NeuMF 0.0758 0.1327 0.0645 0.2132 23.98 19.35 
RippleNet 0.0815 0.1432 0.0698 0.2289 23.15 18.72 
KGAT 0.0852 0.1498 0.0721 0.2365 22.84 18.51 
LightGCN 0.0867 0.1521 0.0734 0.2401 22.91 18.59 
KGTRM (ours) 0.0914* 0.1613* 0.0776* 0.2542* 21.73* 17.62* 

Notes: Label each optimal value in the kgtrm row with * and add a comment below the 
table * denotes p-value < 0.05. 

• Effectiveness of KGs: Models incorporating KGs (RippleNet, KGAT, KGTRM) 
overall significantly outperform models using only interaction data (BPR-MF, 
NeuMF). This demonstrates that the introduction of external knowledge is crucial for 
mitigating data sparsity and enhancing semantic reasoning. For example, KGAT 
achieves a relative improvement of 12.4% over BMF on precision@10. 

• Superiority of our model: Our proposed KGTRM model consistently and 
significantly achieves the best performance on all evaluation metrics. In particular, 
on recall@20, KGTRM achieves a relative improvement of 5.87% compared to the 
strongest baseline model, LightGCN. This validates the effectiveness of our designed 
framework that fuses knowledge representation learning with co-signalling in its 
ability to learn more expressive user and item representations. 

• Accuracy of resource prediction: On the resource prediction task, KGTRM also 
achieved the lowest RMSE and MAE values, which indicates that the entity 
embeddings learned from the KG (e.g., semantic information embedded in 
relationships such as geographic proximity NearTo, category attribution BelongTo, 
and so on) injected into the LSTM temporal prediction model as static features are 
able to effectively improve the prediction accuracy. 

4.3 Ablation experiment 

In order to validate the contribution of the key components in the model, we conducted 
ablation experiments and designed the following variants: 

• KGTRM-w/o-KG: Remove the KG part and use only the user-item interaction 
graphs, which is equivalent to an enhanced version of LightGCN. 

• KGTRM-w/o-GNN: Remove the R-GCN encoder and instead use the transe method 
to directly pre-train the KGE and then fuse it into the recommendation model. 
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• KGTRM-w/o-BPR: Remove the recommendation task loss BPR  from the total loss 
and train using only the predictive loss. 

Figure 2 Performance comparison of different recommendation models on precision@k and 
recall@k (see online version for colours) 

 

The results are shown in Figure 3, and it can be seen that: removing the KG  
(KGTRM-w/o-KG) leads to a sharp drop in performance, which again emphasises the 
importance of knowledge information. Using transe instead of GNN  
(KGTRM-w/o-GNN) outperforms the kg-less version but underperforms the full 
KGTRM. This demonstrates the advantages of our adopted GNN encoder in aggregating 
neighbourhood information and learning richer entity representations. Removing the BPR 
loss (KGTRM-w/o-BPR) has the worst performance on the recommendation task, 
suggesting that joint multi-task learning is effective and that signals from the 
recommendation task are critical for learning high-quality user representations. 

4.4 Recommendation interpretability 

To visualise the interpretability of the model, we randomly selected one user, u12375, for 
analysis. This user has a history of reviewing several ‘national parks’ and ‘museums’. 
Table 4 shows the top 5 results recommended by KGTRM and the best baseline 
LightGCN for this user. 
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Figure 3 Performance comparison of different model variants on recall@k (see online version  
for colours) 

 

Figure 4 Visualisation of the results of the resource demand forecast (as an example of one 
week’s data for an attraction in the test set) (see online version for colours) 

  

The analysis shows that LightGCN’s recommendation results, although accurate, are 
over-concentrated in the category of ‘hotels’, which may be due to the fact that it learns 
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the strong signal of ‘check-in’ in CF, but fails to explore the deeper interest of users in 
‘tourist attractions’. This may be due to the fact that it learns the strong signal of  
‘check-in’ in CF, but fails to explore users’ deeper interest in ‘tourist attractions’. On the 
other hand, our KGTRM model makes full use of the semantic relationships in the KG 
(e.g., category_belongto, nearto), and the recommendation results are more diversified 
and more in line with the user’s potential preferences for cultural and natural landscapes, 
which demonstrates excellent interpretability. 
Table 4 User u12375’s top-5 recommended cases 

Rankings 
LightGCN 

recommended 
results (category) 

KGTRM 
recommended 

results (category) 

Analysis of the reasons for 
recommendation 

1 Yosemite Valley 
Lodge (hotel) 

California State 
Railroad Museum 

(museum) 

KGTRM successfully reasoned about 
users’ preferences for museums through 
BelongTo and SimilarTo relationships. 

2 Museum of the 
African Diaspora 

(museum) 

Yeosemite 
Museum 

Both recommend museums, but the 
KGTRM recommendation has a strong 
located in relationship with the user’s 
historical interests (national parks). 

3 Ahwahnee Hotel Golden Gate Park KGTRM was found to be NearTo the 
San Francisco attractions that users 
have visited through the knowledge 

graph. 
4 The Inn at 

Yosemite (hotel) 
De Young 
Museum 

Located in a user’s favourite park, 
KGTRM was successfully 

recommended through the located in 
relationship. 

5 Curry Village 
(hotel) 

Muir Woods 
National 

Monument (park) 

It is semantically related to the user’s 
historical interests in the category the 

located in Rel. 

5 Conclusions 

In this study, an intelligent analysis framework that deeply integrates multi-source big 
data and KG is proposed for the problem of information service and resource 
optimisation in the field of smart tourism. Through systematic experimental validation 
and analysis, the results show that the proposed KGTRM model significantly outperforms 
the existing mainstream baseline model in terms of personalised recommendation 
accuracy and resource demand prediction accuracy. This effectiveness is mainly 
attributed to the rich semantic relationships and powerful cross-domain reasoning 
capability introduced by KG, which effectively makes up for the inherent defects of 
traditional CF methods in terms of data sparsity and interpretability. Meanwhile, the 
synergy between GNN and multi-task learning mechanism further improves the model’s 
ability to portray complex tourism scenes and generalisation performance. 

The theoretical contributions of this study are mainly reflected in three aspects. First, 
a systematic methodology for constructing a KG in tourism domain is proposed, which 
provides a practical path on how to extract and organise structured knowledge from 
heterogeneous data of multiple sources. Second, a joint learning mechanism based on 
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GNNs for knowledge representation and collaborative signals is designed, which can 
efficiently fuse semantic and behavioural information to generate more expressive user 
and item representations. Finally, we explore the application value of KGs in time-series 
prediction tasks, and demonstrate that static knowledge embedding as a feature 
enhancement means can effectively improve the performance of dynamic resource 
prediction models. 

At the practical level, this study provides feasible technical solutions and ideas to 
draw on for the development of smart tourism systems. For tourism service platforms, 
this model can be used to build a more accurate, transparent, and exploratory 
personalised recommendation engine, thus enhancing user satisfaction and platform 
stickiness. For the management of scenic spots and government regulators, the resource 
prediction function based on this model can provide data support for decision-making 
such as passenger flow diversion, facility deployment, and emergency management, 
which can help realise the optimal allocation and efficient use of tourism resources and 
promote the sustainable development of the tourism industry. 
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