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ABSTRACT 

In recent years, the popularity of Location-Based Social Networks (LBSNs) has surged among tourists 

seeking to share their travel experiences with their social circles. Although these platforms generate vast 

amounts of data, effectively utilizing this information to provide personalized recommendations poses 

significant challenges. Point-Of-Interest (POI) recommendation systems have emerged as a promising 

solution, leveraging data from LBSNs to suggest tailored destinations for tourists. Collaborative Filtering 

(CF) has gained recognition as a widely adopted memory-based technique. By analyzing user similarities, 

CF often uses similarity metrics to predict the likelihood of tourists visiting specific POIs. This study 

introduces a novel method, called IUPJS (Incorporation of User Proximity in Jaccard Similarity), which 

extends the traditional Jaccard index by integrating geographic proximity into the similarity calculation. 

Experimental evaluations on a Foursquare data set indicate that the proposed IUPJS significantly 

enhances the effectiveness of the recommendation system. This improvement is particularly evident in key 

evaluation metrics, including precision, recall, F1-score, mAP, and NDCG, exceeding the performance of 

traditional methods commonly employed in the literature. 
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I. INTRODUCTION  

In recent years, the surge of Location-Based Social 
Networks (LBSNs) has sparked significant interest in 
developing efficient Point-Of-Interest (POI) recommendation 
systems [1, 2]. These systems aim to suggest locations that 
users may be interested in visiting, taking advantage of user 
preferences and geographic proximity. Collaborative Filtering 
(CF) techniques [3], one of the most widely used approaches in 
recommendation systems, have been extensively studied and 
applied to POI recommendation tasks [4]. Traditional CF 
approaches can be broadly classified into two types: user-based 
and item-based [5]. The user-based CF technique identifies 
users with similar behavior patterns by comparing their 
interaction histories. If two users share overlapping 

preferences, one can receive recommendations based on the 
other's choices [6]. However, the effectiveness of these 
recommendations depends heavily on the underlying similarity 
measures [7]. Traditional similarity metrics, such as Pearson's 
correlation, cosine similarity, and Euclidean distance, evaluate 
the similarity between users based on ratings or check-in data 
[8]. These measures are essential to identify user clusters with 
comparable preferences, forming the backbone of user-based 
CF systems [4]. Figure 1 illustrates the user-based CF 
technique. 

Recognizing the limitations of traditional CF models, recent 
research has sought to incorporate additional contextual 
information, such as geographical influence and user 
proximity, into recommendation systems [9]. By integrating 
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these factors, researchers aim to enhance the relevance and 
accuracy of POI recommendations [10]. One such approach is 
to include geographic proximity as a core component of the 
recommendation system, as users tend to visit locations that are 
close to their current or past check-ins [11]. By doing so, the 
recommender system becomes more aware of the user's 
physical context, which significantly improves its ability to 
suggest relevant POIs. Furthermore, the integration of user 
proximity, which considers the user's social connections or 
behavioral similarity with other users, offers an additional layer 
of personalization [12]. Social influence has been shown to 
play a pivotal role in shaping user preferences, as individuals 
often follow the recommendations of their social networks 
[13]. 

 

 
Fig. 1.  User-based CF technique. 

Building on these advances, this study proposes a novel 
similarity measure that incorporates geographic and user 
proximity directly into the CF process. Unlike existing methods 
that typically treat geographic and social factors as auxiliary 
components, this approach embeds these dimensions into the 
similarity calculation itself. By doing so, the proposed method 
enhances the relevance of POI recommendations in terms of 
both user preferences and spatial considerations. The 
contributions of this work are threefold:  

 Proposes a novel similarity measure that extends traditional 
metrics by integrating geographic proximity.  

 Evaluates the proposed method within a CF framework 
using a real-world dataset from Foursquare. 

 Compares the proposed with baseline methods that use 
traditional similarity metrics, such as Pearson correlation, 
Euclidean distance, cosine similarity, and Jaccard 
similarity, using evaluation metrics such as precision, 
recall, F1-score, mAP, and NDCG.  

Experimental results demonstrate that the proposed 
similarity measure outperforms traditional CF techniques, 
yielding recommendations that are more geographically 
relevant and personalized. 

II. RELATED WORKS 

CF is a widely adopted technique in recommender systems, 
particularly for POI recommendations [4]. Traditional CF 
approaches predict user preferences based on historical 
interaction data by leveraging similarity measures. These 
measures have been widely applied in various domains [14]. 
However, when applied to POI recommendation tasks, 
traditional similarity measures have significant limitations, 
mainly due to their inability to take into account spatial POI 
factors, such as geographic proximity [15]. To overcome this 
challenge, recent research has focused on integrating 
geographic information into CF-based recommendation 
systems. Several studies have introduced novel methods that 
incorporate spatial proximity into CF frameworks to improve 
the accuracy and relevance of POI recommendations. These 
enhanced models demonstrate significant potential to address 
the limitations of traditional methods by aligning the 
recommendations more closely with the spatial contexts of 
users. 

In [16], an approach was proposed that integrated both 
spatial and temporal factors for POI recommendations. This 
model captured the dynamic behavior of users over time and 
space, leading to enhanced accuracy in recommending places 
specific to certain times of day or regions. Similarly, in [17], 
the focus was on a spatial-temporal distance metric embedding 
to model the spatial proximity between POIs while also 
considering time-specific user preferences. This model 
significantly improved the accuracy of time-based POI 
recommendations compared to baseline methods. Another 
notable contribution was proposed in [10], which exploited 
geo-social correlations in a pairwise ranking method for POI 
recommendation. This approach leveraged geographical 
proximity and social interactions between users, boosting the 
performance of pairwise ranking algorithms. The incorporation 
of geo-social data resulted in better rankings of POIs by 
capturing both individual preferences and social influence on 
user behavior. Further advances in POI recommendation 
involve the integration of text data. In [3], CF was enhanced by 
clustering review texts. This method allowed the system to 
provide more accurate recommendations by analyzing the 
content of user reviews, improving the context-awareness of 
the recommendations.  

Temporal aspects have also been thoroughly investigated. 
In [18], the STPR model was developed, which used spatio-
temporal effects and purpose-based ranking to predict the next 
POIs of users. This model introduced a purpose-driven 
personalized ranking, considering both spatial proximity and 
temporal patterns. The results showed substantial 
improvements in next-POI prediction, outperforming several 
baselines. Geographic and temporal preferences have also been 
integrated into real-time recommendation systems. In [19], 
R2SIGTP was presented, which is a novel real-time 
recommendation system that incorporates both geographical 
and temporal preferences. This system dynamically adapts to 
users' evolving preferences, providing relevant POI suggestions 
in real time. In contrast, in [20], a model was proposed that 
incorporated POI-specific spatial-temporal context. This 
approach captured fine-grained spatial and temporal 
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information associated with each POI, allowing for more 
context-aware recommendations. The model demonstrated 
superior performance, in terms of both precision and recall, 
compared to traditional spatial-temporal models. Other works 
have focused on the larger context of user behavior and 
geographic influence. In [21], a personalized geographical 
influence model considered not only the distance between POIs 
but also the personalized geographic preferences of individual 
users. 

Building upon the existing body of research, this study 
presents an innovative approach that explicitly incorporates 
user proximity into the similarity computation framework. The 
proposed method enhances the capabilities of traditional CF 
techniques by integrating the physical distance between POIs 
as a fundamental component of the recommendation process. 
This integration aims to increase the contextual relevance of 
the suggested POIs, thereby addressing key limitations 
associated with conventional CF models. 

Including geographic proximity in CF is a significant 
advance in the field of POI recommendation systems. This 
work contributes to the evolution of existing methods and 
provides a robust solution to address the shortcomings of 
traditional CF approaches, The proposed method demonstrates 
the potential to improve the accuracy and applicability of 
location-based recommender systems. 

III. METHOD 

A. IUPJS Similarity Formula 

The IUPJS similarity is calculated by incorporating two 
distinct types of similarity measures. The first type, inspired by 
Jaccard similarity, is used to normalize the values derived from 
this measure. The second type is based solely on the users' 
departure check-in choices. These two types of similarity are 
then combined to produce IUPJS similarity. This combined 
similarity measure is subsequently utilized to generate the 
predictions required for the POI recommendation process. 

User profiles are analyzed, which consist of the check-in 
history from visits made by tourists. It is hypothesized that the 
similarity between users can be determined by examining the 
overlap in the POIs they visited during their trips. The 
similarity between two users is calculated using the Jaccard 
similarity method. The similarity between each pair of users is 
given by the following formula: 
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where ��  and �
  are sets of POIs visited by users ��  and �
 , 
respectively, ������� , u.�  are geographic influence 
components between ��  and �
 , �/012��� , �
�  is the 
Euclidean distance between the first POIs visited by �� and �
 , 
3412���, �
� is the Euclidean distance between the last POIs 
visited by ��  and �
 , and � ∈ [0, 1] , �, δ ∈ [0, 1] , and 
� + δ = 1 balance the contributions of shared preferences and 
geographic influence. 

B. Prediction Calculation 

The prediction is generated by using the following formula 
[22]: 

�0�:/;2��1�0,, �<�=� =
∑ ?=@�,,A�×BC,DC∈E

∑ ?=@�,,A�
 (3) 

where � is the set of all users, �/F��, G� is the final similarity 

(IUPJS) between users � and G, and HA,=  is the number of visits 

of user G on �<�= . 

C. Phases and Steps 

The primary steps of the proposed IUPJS method are 
outlined below: 

 Step 1: Construct a User-POI visits matrix based on the 
check-ins dataset. 

 Step 2: Once the User-POI visits matrix is constructed, it is 
partitioned appropriately. 

 Step 3: For the target user (��), the ����� scores for all 
pairs (��, �
) are calculated. 

 Step 4: Based on the calculated ����� similarity scores, a 
list of I most similar users is identified. 

 Step 5: Predictions are then generated using (3). 

 Step 6: Finally, a list of top J  recommended POIs is 
presented to the target user 

IV. EXPERIMENTS AND RESULTS 

A. Data Collection 

A dataset collected from Foursquare was employed to 
evaluate the performance of the proposed similarity measure. 
This dataset comprises a collection of Foursquare check-ins 
from April 2012 to February 2013 in Tokyo City [23, 24]. It is 
important to note that this dataset exhibits a high level of 
sparsity, meaning that users have only visited a small fraction 
of the total POIs available within the system. Table I presents a 
summary of the key characteristics of the dataset used for 
experimentation. 

TABLE I.  DATASET USED IN THE EXPERIMENTS 

Dataset Tokyo dataset 

Users 2293 

POIs 61858 

Check-ins 573703 

Sparsity (%) 99.85 

 

B. Baseline Approaches 

The recommendation performance of the proposed method 
was assessed by benchmarking it against several baseline 
methods. Each baseline represents a well-established approach 
to similarity computation and recommendation in CF 
frameworks: 

 POP: The basic model that recommends the most popular 
POIs to users. 
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 CF-JACC: User-based CF employing the Jaccard similarity 
measure, which measures the overlap in visited POIs 
between two users, emphasizing commonality in user 
behaviors. 

 CF-SPEAR: User-based CF using the Spearman similarity 
measure. This is a rank-based similarity measure that 
accounts for the ordinal nature of user preferences. 

 CF-EUCL: User-based CF using Euclidean distance 
similarity. This measure is a straightforward distance metric 
quantifying the spatial separation between users' check-in 
or preference vectors. 

 CF-COS: User-based CF using the cosine similarity 
measure. This metric measures the cosine of the angle 
between two users' feature vectors, capturing the directional 
similarity in their check-in behaviors regardless of the 
magnitude. 

C. Parameters 

After extensive experimental tests, the parameters of the 
proposed system were established as follows: � = 0.75 , 
� = 0.3, ) = 0.7, I = 40, and J = [5, 10, 15]. 

D. Evaluation Metrics 

Five evaluation metrics, namely precision, recall, F1-score, 
mAP, and NDCG, were employed to compare the IUPJS model 
with other similarity-based algorithms. 

E. Experimental Procedure 

The performance of the proposed IUPJS method was 
evaluated by comparing it with several traditional similarity 
measures, including Pearson correlation, Spearman correlation, 
Euclidean distance, cosine similarity, and Jaccard index. To 
achieve this, the dataset was partitioned into training and 
testing subsets based on user check-ins. Specifically, 90% of 
each user's check-in records were allocated for training, while 
the remaining 10% constituted the testing data. Subsequently, 
the user-based collaborative filtering method was employed to 
recommend the Top@K POIs to each user. The evaluation 
process involved the following steps: 

1. Partitioning the dataset into training and testing subsets 

2. Constructing the User-POI visits matrix. 

3. For each user: 

a. Calculating their similarities with the other users. 

b. Identifying the I most similar users. 

c. Generating predictions. 

d. Recommending the Top-J ranked POIs. 

e. Computing the precision, Recall, F1-score, mAP, and 

NDCG. 

4. Aggregating the global precision, mAP, and NDCG values 

across all users. 

For each user 5, 10, and 15 POIs were recommended, and 
40 similar users were considered. 

V. RESULTS AND DISCUSSION 

The Tokyo dataset was used for the experiments. Figures 2 
and 5 show that the precision and mAP of all models decrease 
as the number of recommended POIs (J) increases. However, 
Figures 3, 4, and 6 show that recall, F1-score, and NDCG 
increase as the number of recommended POIs decreases. 

 

 

Fig. 2.  Precision performance. 

 

Fig. 3.  Recall performance. 

 

Fig. 4.  F1-score performance. 

 

Fig. 5.  mAP performance. 
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Fig. 6.  NDCG performance. 

The experimental results on the Tokyo dataset demonstrate 
that the IUPJS similarity measure significantly exceeds 
baseline methods that use traditional similarity measures in 
terms of performance. This notable improvement is attributed 
to the method's ability to effectively incorporate geographical 
influence along with users' historical check-in behavior into the 
computation of similarity measures. By integrating these two 
critical factors, the IUPJS-based approach delivers 
recommendations that are both accurate and contextually 
relevant. This enhanced capability to consider users' 
geographic locations in conjunction with their historical 
behaviors underscores its potential to improve user satisfaction 
by tailoring recommendations more precisely to individual 
preferences. Such an approach holds particular promise in 
domains such as smart tourism, where a tourist's location and 
visit history are pivotal for providing personalized and 
meaningful POI recommendations. The experimental findings 
highlight the superiority of the proposed method, which 
effectively integrates geographic proximity and user behavior, 
over traditional approaches that rely solely on conventional 
similarity measures. This comparison underscores the value of 
considering contextual factors in improving the quality of POI 
recommendation systems. 

VI. CONCLUSION AND FUTURE WORK 

In recent years, the rapid expansion of location-based social 
networks has significantly transformed the engagement of users 
with tourism-related activities. In this context, similarity 
measures are crucial in enhancing the accuracy and 
effectiveness of CF recommendation systems. However, 
traditional similarity methods did not consider geographical 
influence, which can reduce the accuracy of recommendations. 
To address this limitation, this study presents a new method to 
recommend POIs based on CF. This approach is based on the 
Jaccard similarity measure, incorporating geographical factors 
in the similarity calculation. The proposed method improves 
the efficiency of the recommendation by integrating the 
strengths of the Jaccard method and the geographical influence 
of the first registration of users. Experimental evaluations 
indicate that the introduced method enhances the performance 
of user-based CF POI recommendation systems. Future 
research could build upon this method by incorporating 
additional contextual information, such as semantic attributes 
of POIs, regional characteristics, and weather conditions, to 
further refine the recommendation process. 
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