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Abstract

In location-based social networks, there exists an intrinsic correlation between
user links and location links, and different users exhibit distinct behaviors within
the social network. Therefore, we propose a collaborative personalized link
prediction algorithm to address these issues. For user-specific characteristics,
kernel density estimation is employed to model users in temporal and spatial
dimensions, overlapping community partitioning is performed based on interest
groups, and personalized user link prediction is conducted through communities,
friendships, and check-in relationships. Based on the personalized user link
prediction results, random walks restarted from communities are utilized to
predict personalized location links for users. The collaborative personalized
link prediction algorithm iteratively enhances the performance of both user link
prediction and location link prediction, and experimental results demonstrate
that the proposed algorithm achieves superior prediction performance compared
to existing algorithms.
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Abstract: In location-based social networks (LBSNs), user links and location
links exhibit certain intrinsic correlations, and different users demonstrate dis-
tinct behavioral patterns in the network. To address these issues, this paper pro-
poses a cooperation-based personalized link prediction algorithm. For capturing
user personalized features, we employ kernel density estimation to model users
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in both temporal and spatial dimensions. Users are partitioned into overlapping
communities based on interest groups, and personalized user link prediction is
performed through community, friendship, and check-in relationships. Build-
ing upon the personalized user link prediction results, we utilize community-
restarted random walks to predict personalized location links for users. The
cooperation-based personalized link prediction algorithm iteratively enhances
the performance of both user link prediction and location link prediction. Ex-
perimental results demonstrate that the proposed algorithm achieves superior
prediction performance compared to existing algorithms.

Keywords: link prediction; location-based social network; kernel density esti-
mation; personalization; random walk

0 Introduction

With the rapid development of social networks and the continuous proliferation
of mobile smart devices, location-based social networks (LBSNs) have gradually
become an ideal platform for people to maintain social relationships and share
location information [1]. An increasing number of users are accustomed to using
smart devices for location check-ins on social network platforms. However, as the
user base grows, the volume of network data has exploded, leading to network
information overload [2]. Research on link prediction in LBSNs can help users
discover potential user link relationships from massive data and recommend
other users or location information of interest, which holds significant research
importance and application value for understanding the evolution patterns of
LBSN structures and enhancing user loyalty to LBSN platforms [3].

Link prediction aims to discover and restore missing information in networks
or predict potential relationships between nodes in the future based on network
structure and existing information. Its research has important practical sig-
nificance for applications such as friend recommendation and point-of-interest
recommendation [4].

Currently, link prediction in LBSNs mainly falls into two categories: one pre-
dicts links between users, and the other predicts links between users and lo-
cations. For user-user link prediction, Valverde-Rebaza et al. [5] considered
relationship strength between users and user location information, combining
users’ social patterns and mobility patterns to improve link prediction accu-
racy. Ding Yong et al. [6] proposed constructing a friend recommendation
model from three attributes: interest, distance, and familiarity, additionally
considering users’ friend-making preference attributes. Bayrak et al. [7] argued
that different categories of locations have varying degrees of influence on link
establishment and proposed two new category-based features to enhance user
link prediction performance. For user-location link prediction, Pavlos et al. [§]
considered the social influence of user comments and the spatial influence of user
check-ins, predicting user-location link relationships by incorporating these two
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features. Li Xin et al. [9] proposed a social relationship model based on in-
terest circles in LBSNs, using social relationships including friend relationships
and expert users as regularization terms in the matrix decomposition objective
function to improve performance in predicting user-location links. Hosseini et
al. [10] believed that a correspondence should exist between users and locations
—if a user prefers activities on weekdays, they should be recommended loca-
tions popular on weekdays; similarly, for users who prefer weekend activities,
weekend-popular locations should be recommended.

The aforementioned methods independently predict user-user link relationships
and user-location link relationships for separate purposes, without considering
the correlation between them. However, in reality, the two are not unrelated.
For example, if a link exists between two users, they are likely to check in at
the same locations. Conversely, if two users frequently check in at the same
locations, they are likely to have a link relationship. Therefore, strong correla-
tions exist between user links and location links, and they can mutually enhance
each other’ s prediction performance. Currently, few works jointly address these
two problems. Zhang et al. [11] proposed a novel link prediction method called
TRAIL, which obtains optimal user links and location links by maximizing the
product of user link prediction and location link prediction. Reference [12] pro-
posed an anchor link prediction method that incorporates users’ social, spatial,
and textual information.

In real life, geographic proximity significantly influences user check-in behavior.
Although some of the aforementioned studies have considered the collaborative
nature of user-location link prediction, they have not effectively integrated the
impact of geographic location information on prediction performance. Currently,
there are two approaches to considering location information: the first filters out
locations far from users based on distance [13]; the second models user check-in
data as a probability distribution function [14]. The second approach provides
more rigorous consideration of geographic location information and thus yields
better link prediction performance. However, different users have varying tol-
erances for spatial distances, and establishing a unified probability distribution
model obscures users’ personalized features, leading to loss of personalized in-
formation and affecting prediction accuracy. Additionally, users have different
check-in habits and prefer going out at different times. Better matching user
habits will further improve algorithm prediction performance. Therefore, this
paper performs personalized modeling for each user to more accurately capture
their personalized features in spatial location and behavioral habits.

First, we consider the collaborative problem of user link prediction and loca-
tion link prediction. Second, we consider the personalized features of different
users. This paper proposes a Cooperation-based Personalized Link Prediction
(CPP) algorithm in LBSNs to improve link prediction performance from a novel
perspective.
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1 Problem Description

A location-based social network can be viewed as a heterogeneous network com-
posed of different types of nodes and edges. This paper uses a triple to represent
the node set, the edge set, and the node type set. We use several related defini-
tions to better illustrate the problem.

We use to represent, where,

Definition 1 (Interest Group). If user and user both check in at locations
of category , then users and are defined as belonging to the same interest group

Definition 2 (Local Location Importance, LLI). Given user , let denote
the set of locations visited by user , denote the total number of check-ins by user
, and denote the number of check-ins by user at location . The local location
importance represents the importance of location relative to all locations visited
by user , with the formula . Let denote the set of all users.

Definition 3 (Global Location Importance, GLI). Let denote the total
number of check-ins by all users at location , with other symbols defined as above.
The global location importance represents the importance of user compared to
other users for location , with the formula . Let denote the set of edges in the
network, where edges described in this paper are directed edges. Let denote the
set of edge weights in the network.

First, we partition user groups according to relevant definitions and construct
the initial prediction space . Then, through the link prediction algorithm pro-
posed in this paper, we predict potential user links and location links in the
network. The related problem definitions are expressed as:

1.1 Problem Input

Based on the above definitions, the inputs for this research are: a) Weighted
heterogeneous network b) Initial prediction space .

1.2 Problem Output

Given the weighted heterogeneous network in the location-based social network
and the initial prediction space , we address the following problems: a) How to
perform personalized user modeling? We use kernel density estimation from non-
parametric estimation methods to model each user’ s check-in time and spatial
location tolerance. The advantage is that it does not require prior assumptions
about sample distribution characteristics, making it suitable for small-sample
datasets. Temporal modeling uses one-dimensional kernel density estimation for
time scalars, while spatial modeling uses two-dimensional kernel density estima-
tion for latitude-longitude coordinate vectors. b) How to design a personalized
user link prediction algorithm that simultaneously solves user link prediction
and location link prediction problems in LBSNs? Based on users’ historical
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check-in locations, we obtain user interest groups and partition users into com-
munities accordingly. We calculate the probability of a link between two users
using a user link prediction method and update the user link probability using
personalized temporal features. We identify important locations in each com-
munity through community-restarted random walks and update each user’ s
location link probability using personalized spatial features. Finally, through
iterative refinement of user links and location links, the performance of both is
mutually enhanced to obtain the final prediction results.

2 User Personalized Modeling

Most existing research uses global user data for modeling, rarely considering
users’ personalized behavioral habits and individual preferences, resulting in
loss of personalized information. This paper performs personalized modeling
for individual users from both temporal and spatial perspectives based on user
check-in data to capture personalized features and further improve the accuracy
of user link prediction and location link prediction. We adopt the kernel density
estimation method for personalized user modeling.

2.1 Kernel Density Estimation

Kernel density estimation is a non-parametric estimation method whose ad-
vantage is that it does not require prior assumptions about sample distribution
and can discover distribution characteristics from the samples themselves. Com-
pared to parametric estimation methods, it avoids complex distribution assump-
tions and parameter regression processes, making sample distribution estimation
simple and efficient. Therefore, kernel density estimation is well-suited for per-
sonalized modeling of individual users. Based on the dimensionality of sample
object data, kernel density estimation can be divided into one-dimensional and
multi-dimensional kernel density estimation.

2.1.1 One-dimensional Kernel Density Estimation Let be a set of inde-
pendent and identically distributed random variables drawn from a sample, and
denote its unknown probability density function. Its kernel density estimation
formula is:

where: is the window width, is the kernel function, and the kernel function must
satisfy and .

2.1.2 Multi-dimensional Kernel Density Estimation When sample ob-
jects transform from scalar form to -dimensional vectors, the sample’ s density
distribution function becomes multi-dimensional kernel density estimation. As-
sume there are -dimensional random variables that follow an independent and
identically distributed probability density function . Its multi-dimensional ker-
nel density estimation is:
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where: the multi-dimensional kernel density estimation’ s kernel function is
constructed from the product of one-dimensional kernel functions. When , it
becomes the two-dimensional kernel density estimation function.

2.2 User Personalized Time Modeling

In real life, different users have different lifestyle habits. Some users prefer to go
out and check in during the day, while others prefer nighttime activities. These
check-in behaviors often reflect their personal preferences and lifestyle habits.
Therefore, the more similar the check-in behavior distributions of two users,
the more likely they share the same personal hobbies and behavioral habits.
According to homophily theory [15], they are more likely to become friends.

First, users may check in at any time during the 24 hours of a day. To avoid
severe bias in the probability function, this paper divides user check-in time
into 24 equal parts, corresponding to 24 time slots in a day, and then counts
user check-in frequencies in these 24 time slots. Specifically, this paper counts
the check-in time frequencies of user and user , with results shown in [Figure
1: see original paper]. The histograms represent the check-in time frequency
distributions of users and respectively. The figure shows that users and have
relatively obvious differences in check-in habits, suggesting low similarity in their
check-in behavioral patterns.

Although the above method can judge similarity between users, it is difficult to
achieve ideal results because dividing a day into 24 time slots leads to identical
check-in frequencies for different time points within a slot, which is illogical.
Therefore, we can use a Gaussian kernel function to establish a kernel density
estimation distribution based on check-in time, as shown by the curves in [Figure
1: see original paper|. The advantages of using continuous distribution are: a)
it can accurately reflect users’ check-in behavior distributions across continuous
time in a day; b) for users with sparse check-ins who have no check-in records in
most time slots, using discrete statistics would cause severe bias in calculating
similarity between users, which can be effectively alleviated through continuous
kernel density estimation distributions.

Assume the check-in probability of user in time period is . Under one-
dimensional kernel density estimation, the similarity between two users is
obtained through the cosine similarity function as follows:

where: is the set of check-in times.

2.3 User Personalized Space Modeling

This paper adopts two-dimensional kernel density estimation to mine the prob-
ability of a single user checking in at a new location. Let denote the set of
locations visited by user . Using two-dimensional kernel density estimation, we
obtain the probability of user visiting a new location :
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where: represents the two-dimensional spatial vector coordinates of location |,
with representing longitude and representing latitude. denotes the kernel func-
tion, and represents the smoothing window, also called the window width.

In equation (9), the kernel function selected is the standard Gaussian kernel
function, expressed as:

The optimal window width is set as , where and represent the mean and variance
of longitude and latitude values in the set respectively, calculated as:

3 Community Division and Link Prediction
3.1 Community Division

Traditional community division in social networks adopts network structure-
based partitioning methods. To better mine users with similar interests, this
paper utilizes the above interest group definition to partition communities. As
shown in [Figure 2: see original paper]|, since a user may visit multiple locations
and a single location may belong to multiple categories, the communities par-
titioned based on interest groups form overlapping communities—meaning one
user may belong to multiple communities. Based on interest group partitioning,
we construct a user-community matrix of size , denoted as , where indicates
user does not belong to community , and conversely, indicates user belongs to
community .

3.2 User Link Prediction

If users and belong to the same community, it indicates they share similar inter-
ests. The more communities they have in common, the greater their similarity
and the higher the likelihood of forming a link. Following the method in refer-
ence [16], we calculate the link probability between two users , in community
as:

If one of users , does not belong to community , then . Since a user may belong
to multiple communities, the probability that , have no link can be expressed
as:

where: represents the probability that , have a link.

The number of co-checked-in locations and the number of common friends be-
tween users also affect link existence probability. Therefore, equation (15) can
be modified as:

Since there are two types of edges, and this paper assumes that transition prob-
abilities between the same type of edges are identical, the transition probability
between two user nodes can be set as follows:
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where: represents the user-user relationship matrix, indicating whether users
and have a friendship; represents the user-location relationship matrix, indicat-
ing whether user has checked in at location . Through this approach, we obtain
the probability of each user forming links with other users in the network. On
this basis, considering the similarity of check-in time distributions between users
, we match users’ personalized behavioral habits and update the link existence
probability between each user and other non-friend users as follows:

)

where: represents the probability of user
exists; otherwise, equals .

s existence, and equals when user

Since different locations have varying importance to users, we need to quantify
the importance of location to user . This paper primarily uses the defined local
location importance and global location importance to quantify this metric, i.e.,

3.3 Location Link Prediction

To reasonably predict the link relationship between users and locations, this
paper first makes the following assumption: given a target user , if user belongs
to community , then user will be more willing to visit locations important to
community . If user belongs to multiple communities, the locations user is more
willing to visit are determined comprehensively by multiple communities.

To find important locations in community , this paper adopts a random walk
with restart from community , expressed as follows:

where: represents the arrival probability of user nodes, represents the arrival
probability of location nodes, denotes the iteration count, represents the neigh-
bor location set of user , represents the neighbor user set of user , and represents
the neighbor user set of location . represents the transition probability from user
to location , represents the transition probability from location to user , and is
the restart probability of the random walk. If belongs to community , ; other-
wise, .

Since location nodes are only connected to users, the transition probability
between location nodes and user nodes can be expressed as:

User nodes can be connected to either location nodes or user nodes. To coordi-
nate the weight relationships between user nodes and location/user nodes, we
introduce a A& (adjustment parameter) . The transition probability from
user to location can then be expressed as:

When the community-restarted random walk converges, the arrival probability
of each location node under community can be understood as the importance
of each location in community , as follows:

Since there are communities in the network, we can obtain the community-
location matrix as:

Using the product of the community-location matrix and the user-community
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relationship to represent the probability of user visiting location driven by com-
munity interests, the calculation formula is:

where: represents all communities in the network, and represents the importance
of location in community .

The important locations selected through community relationships are summa-
rized from sample user sets with similar interests to the target user, obtained
from the interest perspective. However, due to geographic location influence,
users may not necessarily visit these locations. For example, user is a home-
body who rarely visits distant locations, while user enjoys traveling and fre-
quently tours different countries. If both users and are found to be interested
in location from the interest perspective, and location is far from both users
and , considering that user ’ s tolerance for distance may be lower than user ’
s, we can consider that user ’ s probability of visiting location will be less than
user ° s. Therefore, predicting whether a user will visit a certain location re-
quires considering both the interest perspective and each user’ s spatial location
tolerance.

Through personalized spatial modeling of users, we obtain the probability of user
visiting location under their own spatial tolerance . We then update the access
probability matrix obtained from the interest perspective using the following
formula:

where: represents the probability that user may visit . We update the matrix
based on as follows:

where: represents the probability of user visiting location after iterations. After
updating the matrix, we can begin a new round of user link prediction and
location link prediction. The algorithm description is presented as Algorithm 1.

The complexity of the user link prediction algorithm in this paper is , where is
the number of co-neighbor users, is the number of communities, is the number of
co-neighbor locations, and is the number of users. The complexity of the location
link prediction algorithm is , where is the number of random walk convergence
iterations. Assuming the mutual iteration count is , the time complexity of the
CPP algorithm is .

Algorithm 1: CPP Algorithm Input: Location-based social network ; ini-
tial prediction space . Qutput: Potential user links and location links in the
network.

1. Based on individual user check-in times, model user check-in behavior
probability distribution using one-dimensional kernel density estimation
to obtain similarity between users .

2. Based on latitude and longitude information of users’ historically visited
locations, model users’spatial tolerance information using two-dimensional
kernel density estimation to obtain the probability of each user visiting
new locations .
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3. Partition users into overlapping communities based on interest group def-
initions and construct user-community matrix .
. repeat
. // User link prediction
. Calculate edge weights in the network using equations (17)~(20).
. Update user link probability using equation (14) to obtain personalized
user link probability .
. // Location link prediction
9. Calculate arrival probabilities of each location in each community using
equations (15) and (16).
10. Obtain community-location matrix .
11. Calculate user-location probability matrix under community drive using
equation (24).
12. Update user-location matrix using equation (25).
13. until reaching the specified number of iterations

~ O Ot W~

0g)

4 Experiments
4.1 Dataset Description

This paper conducts experiments using a dataset crawled from Gowalla, sourced
from reference [17], containing user tables, location tables, friend relationship
tables, and check-in tables. The user table includes information such as the
number of user check-ins and the number of location categories checked in; the
location table includes location latitude and longitude information, city, and
category; the friend relationship table includes friendship edges between users;
the check-in table includes user check-in locations and corresponding check-in
times, accurate to the hour.

In the experiments, this paper selects check-in records from Berlin and Houston
from the raw data as experimental datasets. We remove users with total check-
ins fewer than 10 or check-in locations no more than 2, and delete locations
with fewer than 5 check-ins or checked in by no more than 2 users to reduce the
impact of data sparsity on experiments. Table 1 provides detailed descriptions
of the processed datasets.

4.2 Experimental Results Analysis

In the experiments, we first set the maximum iteration count for user link predic-
tion and location link prediction to 30. The restart probability for the random
walk with restart is . The comparison of parameter variations is shown in [Fig-
ure 3: see original paper]. Different adjustment parameters affect location link
prediction accuracy, with location link prediction accuracy being optimal at
around . The user link prediction parameter adjusts the weights of users’ com-
mon communities, common friends, and common check-in locations on user link
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prediction. As shown in Table 2, we verify the impact of parameter on user link
prediction in real datasets. When is relatively large, link prediction accuracy
improves, with optimal user link prediction accuracy at around . Therefore,
we set for the Berlin dataset and for the Houston dataset. The simulations
primarily consider two factors affecting experimental results: first, the impact
of different proportions of training samples on different methods; second, the
impact of iteration count on the proposed CPP algorithm.

We select typical link prediction methods for comparison with the CPP algo-
rithm. The comparison algorithms include: Common Neighbors of Places (CNP)
[18], a user link prediction algorithm that assumes users with more common
friends who have visited places checked in by one user have higher probability
of forming links; Friend++ [19], an improved random walk with restart algo-
rithm for user link prediction that integrates a weighted-average method into the
random walk framework; Rank-GeoFM [20], a location link prediction algorithm
that optimizes location ranking functions by considering user preferences, check-
in locations, and spatiotemporal context; and TRAIL [11], an algorithm that
simultaneously predicts user links and location links by maximizing the product
of user link probability functions and location link probability functions.

First, we compare the impact of different proportions of training samples on
algorithm performance. This paper divides the dataset using 9 standards. To
ensure

The user link prediction results are shown in Figures 4 and 5. Figure 4 shows
user link prediction accuracy, where the horizontal axis represents the training
set proportion and the vertical axis represents algorithm accuracy. Figure 5
shows user link prediction AUC values, where the horizontal axis represents the
training set proportion and the vertical axis represents AUC values.

[Figure 4: see original paper]
[Figure 5: see original paper]

The direct physical meaning of AUC is the area under the ROC curve. The ROC
curve is a commonly used performance evaluation metric for classifiers. Since a
binary classifier’ s output of 1 or 0 often depends on the output probability and
a preset probability threshold, and the selection of the probability threshold
affects classifier performance to some extent, the ROC curve is adopted as a
metric that remains correct regardless of threshold selection. However, the
ROC curve only reflects the classifier’ s capability, while the AUC value can
quantify the ROC curve to visually present the classifier’ s ability. Larger AUC
values indicate better classification performance, with an ideal AUC value of 1.

From Figures 4 and 5, we can see that as the training set proportion increases,
the accuracy and AUC values of all methods show an upward trend. The CPP
algorithm consistently outperforms the TRAIL algorithm because TRAIL fails
to effectively capture users’ personalized features, neglecting consideration of
similarity in behavioral habits between users and users’ spatial location toler-
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ance. In contrast, CPP fully integrates users’ personalized features in both
temporal and spatial dimensions on top of algorithmic iteration, resulting in im-
proved prediction performance. The CPP and TRAIL algorithms significantly
outperform CNP and Friend++ because Friend++ only utilizes users’ social
relationships without considering check-in relationships, resulting in incomplete
information utilization. Meanwhile, CNP and Friend++ fail to incorporate it-
erative thinking, leading to less satisfactory algorithm performance.

The location link prediction results are shown in Table 3. From the table, we
can see that all algorithms have lower accuracy and AUC values in the Houston
dataset because the Houston dataset is larger with stronger data sparsity in the
network, leading to decreased algorithm prediction performance. Additionally,
the CPP algorithm consistently achieves the best prediction performance be-
cause it integrates community knowledge and personalized selection, enabling it
to reasonably mine user interests and accurately predict potential location links
in the network.

Finally, to verify that algorithm iteration can effectively improve link prediction
performance, we set the training set proportion to 0.9 and iteration counts
to . We repeat each iteration count 10 times and average the results as the
final prediction. The experimental results are shown in [Figure 6: see original
paper], clearly demonstrating that as iteration count increases, the AUC values
for both user link prediction and location link prediction continuously improve.
When the iteration count reaches around 30, the AUC values stabilize. The
experiments prove that the iterative process of the CPP algorithm can effectively
enhance link prediction performance.

[Figure 6: see original paper]

5 Conclusion

This paper addresses the problems of traditional link prediction methods that
solve user links and location links independently while failing to capture users’
personalization in temporal and spatial dimensions. We propose a Cooperation-
based Personalized Link Prediction (CPP) algorithm in LBSNs. Through one-
dimensional and two-dimensional kernel density estimation, we model each user’
s check-in time and check-in space to mine users’ check-in behavioral habits and
spatial location tolerance. Simultaneously, based on overlapping community-
restarted random walks, we effectively integrate users’ personalized features
into the model. Through a limited iterative process, the performance of both
predictions continuously improves and simultaneously reaches optimality. Our
method simultaneously completes user link prediction and location link predic-
tion tasks from a novel perspective, effectively mining and utilizing the corre-
lation between the two tasks. The limitation lies in the relatively high time
complexity of the algorithm. Future work will focus on algorithm optimization
to address the high time complexity issue in CPP.
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