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Abstract: 
In order to improve the accuracy of the location-based social network (LBSN) multi-source heterogeneous data link 
prediction, a model named anchor link-predict (AL-P), based on the anchor link method is proposed. Firstly, the network 
representation learning method is used to obtain the user relationship topology in LBSN. The matrix decomposition 
method is used to obtain the user sign-in record representation space in LBSN. Then, the anchor link method is joined 
the user relationship topology and user check-in record, and the potential relationship between them is mined. Finally, 
the experimental analysis shows that the Al-P model can significantly improve the link prediction effect under different 
evaluation indexes compared with the existing predicting models of same type. 

Keywords: anchor link; link prediction; LBSN; prediction algorithm 

1 INTRODUCTION 

In the context of big data, social networks have 
multidimensional and relevant data. It is worth thinking 
how to make full use of these features. Therefore, it is 
necessary to build a mathematical model to mine the 
potential relationship information between these data, 
such as location-based Social Network (LBSN), which 
generally contains two kinds of data [12]: One is the data 
of users themselves in the network, and the other is the 
relational data existing between users. The temporal and 
spatial information between users can be mined from 
LBSN for various application activities [6], such as friend 
recommendation [8], interest recommendation [2], 
trajectory recovery [14], behavior prediction [15] and 
other application scenarios. In fact, in the analysis of 
social networks, link prediction has always been a 
research focus of information recommendation system, 
which is to find out the information that may exist node 
link from the known node information in the network. As 
far as social networks are concerned, in the field of link 
prediction, information recommendation can be realized 
based on user check-in records and social network data. 
Li Zhepeng et al. [12] proposed the prediction method of 
the fusion of these two heterogeneous data in LBSN, 
which utilized network representation learning and 
matrix decomposition of data node information, and 
completed the prediction task through Mosaic and fusion 

scheme. Hu Wei et al. [6] constructed a link model by 
integrating network users' time behavior with social 
theory using probabilistic methods. Li Jichao et al. [9] 
used the association information between network 
structure and node formation time to construct a 
prediction method, while Liang Wenxin et al. [10] 
quantified the association between user node social graph 
attributes, user profile information and mobile features to 
model and predict friend relationships. The joint 
prediction model is constructed by combining user topic 
features and node topological structure. Ling Jiang et al. 
[7] studied the network crossover view and completed the 
link prediction task by learning link representation and 
user attribute representation. Complex network link 
prediction tasks are also completed from different 
perspectives by heterogeneous data sources for mixed 
prediction [18], based on cluster analysis [16], from the 
perspective of informatics analysis [17], based on local 
similarity of nodes [1], based on matching degree of 
resource transmission [11], based on mutual information 
[13]. In order to further improve the link performance and 
forecast accuracy, this study proposed an anchor link 
scheme to replace the data in the literature [12] fusion 
splicing solutions, deeper mining LBSN link information 
of each node and its associated data is two different 
anchor link node node for the public, the mapping 
relationship they performed by neural network algorithm. 
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2 PREVIOUS WORK 

2.1 Network represents learning 

There are many methods to extract information of 
network nodes, among which the most popular is 
network representation learning method [3], which uses 
deep learning technology to quantify the dimensionality 
reduction process of network space, so as to extract 
feature vectors of each node in the network. As shown in 
Figure 1, Deep Walk [9] implements the general process 
of network representation learning to obtain user node 
vectorization. 

 

Figure 1 Network represents the learning process 

At present, in the field of friend recommendation of 
LBSN, network representation learning can be used to 
complete tasks such as vector representation of low-
dimensional space, node classification and clustering, etc. 
By mining potential relationship rules and features in the 
network topology of social users, LBSN network 
relations can be modeled. The user association 
information of each user node and each node in the LBSN 
social relationship topology is obtained by vector 
representation. 

2.2 Matrix decomposition 

Matrix decomposition is actually a matrix 
transformation method. In order to accomplish the 
dimensionality reduction task of the matrix, the original 
matrix is split into multiple associated matrices [4]. In 
recommendation systems, matrix decomposition is often 
used to filter certain data to complete recommendation 
tasks [5]. For example, if the user scores the movie, 

assume that all the data are obtained from the movie 
ticket purchasing system and the user rating table is 
constructed, as shown in Figure 2. The row value is the 
user ID, the column value is the movie ID, and the 
symbol is “?”, which represents the missing scoring value, 
that is, the phenomenon that a user does not score a movie 
without watching it. The next step is to predict the 
missing score values (assuming a score of 1 ~ 5), the scale 
of the matrix decomposition of matrix and the product of 
the relationship between film matrix for the user. And it 
is hoped to multiply the results with the original score as 
close as possible of the matrix loss function (conditions), 
through constant iterative convergence model which can 
be acquired after several rounds of training optimization, 
that is, the loss function. Thus, the missing value in the 
original matrix is replaced by the new matrix obtained by 
multiplication, that is, the value of the user's interest in 
unwatched movies is predicted. 

 
Figure 2 Film review chart of matrix decomposition 

2.3 Relevant prediction models 

Walk2friends [13] model only extracts mobile 
features of users; The DeepWalk [9] model extracts the 
user node sequence by walking; LINE [7] model adopts 
node co-occurrence and conditional probability modeling. 
GraRep [6] model constructs transfer matrix to extract 
node similarity; Node2vec [16] Used local and global 
network attributes to extract node domain; Struc2vec [10] 
model captures the vectorization modeling of node 
structure. In this study, node information (user check-in 
record) and node structure relationship (matrix 
representation) are used to model the potential 
relationship, and anchor chain algorithm is used to fuse 
the two data to vectorize the point-to-point relationship, 
and the prediction performance is optimized through 
training set and test set. 
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3 PREDICTION METHODS 

3.1 Basic definitions 

As for any two social networks ( ),v v vG U E=  and 
( ),n n nG U E= , the traditional anchoring link method 

directly predicts whether two users 
v

iu U  and 
n

ju U
 the same person (that is, 

=i ju u
), the al-P 

model constructed in this paper adjusts the vector space 
of the two users in two LBSN, namely, the anchoring link 
satisfies the binary discriminating function ϕ :  

 ,0 1v nU U →        (1) 

whose corresponding formula is 

( ) ( ) ( ) ( ), , ,v n
i j i j j i jENC ENC DECDEC

u u u U u U P u u  =   
 

，  (2) 

Where: ( )DEC represents the vector coding of user 
node, namely the quantized value of node similarity; 
( )ENC Represents the maximum dimension preserving 
network attribute, that is, node vectorization dimension 

value;  ( ) is a user-defined similarity measure between 
nodes. 

3.2 Prediction model 

The anchor link prediction model AL-P mainly has 
three parts: user access preference learning, update 
access preference vector and social relationship 
vectionization. The detailed design architecture is shown 
in Figure 3. The input values for the user to sign in record 
and network structure relations, the output for the 
updated good user access preference vectors, anchor link 
algorithm is based on three layers neural network model, 

it receives the user access preference vectors 
v
iu  and 

vector 
n
iu  social network users, will serve 

v
iu  as a 

feature data, 
n
iu  as the corresponding labels make a 

training on (features, tag), namely (
v
iu ,

n
iu ) generated 

and updated user access preference vector 
v
iu  after 

completing the training convergence of the anchor chain 
model. The integrated mapping between layers has the 
mapping function ϕ and the learning cosine function F. 

 

 
Figure 3 Al-P prediction model 

3.3 Anchor chain connection algorithm 

The core work of the AL-P cabling model is the 
cabling algorithm, which has two main tasks: calculating 
the mapping function ϕ and learning the cosine function 
F. The mapping function  ϕ  is defined : 

G𝑣→Gn                               (3) 

the mapping between the user check-in record and the 
user-relational topology, with a pair of anchor nodes 
( ),i ju u  satisfying ϕ ( )v n

i ju u= . In order to optimize the 
vector "offset" generated by learning cosine function F  
to obtain approximate mapping function after continuous 

training and learning, if three users iu
， pu

， qu vU , 

iu  and pu
 are friends, but iu and qu

 are not friends, the 
cosine value of vector is satisfied 

( ) ( )cos , cos ,v v v v
i p i qu u u u

        (4) 

which is the potential association of user vector 
alignment method to capture nodes, the specific 
algorithm pseudo-code is as follows. 

Input: two heterogeneous networks  
vG and 

nG ; 
pre-training functions   and F; Parameters w and b. 
tagged anchor chain assembly 

vE . 

Output: updated user access preference vector 
v

iu . 

1: repeat 
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2:  for each epoch do 

3:     for i = 1 to N do 

4:        random sampling of a certain number of users 
uvi Uv to build a mini-batch 

5:       calculate u’vi according to   (when i= 1,  ‘=) 

6:       update parameters w and b 

7:     end for 

8:      calculate y = Ftrue and a= ơ (Fpredicted) 

9:      update parameters w and b again 

10:  end for 

11: until convergence 

12: return {u’vi} 

4 EXPERIMENTAL RESULTS AND 
ANALYSIS 

4.1 Preparation for the experiment 

This experiment uses two different open source 
datassets Gowalla and Foursquare [7] (among @NY 
represents New York, @TY represents Tokyo, @WHG 
represents Washington, and @CCG represents Chicago) 
based on LBSN. As shown in Table 1, user relationship 
topology and user check-in records are extracted from 
them. As well as preprocessing related data, the results 
are shown in Table 2 below. 

Table 1 Experimental data set 

Data set 

Social 

network 

users 

Social 

network 

link 

number 

Sign in 

record 

number 

Sign in 

to 

users 

POI 

number 

 

Check-in time range 

Foursquare@NY 41 408 131 467 227 428 1 085 38 338 12:00-15:00(weekday) 

19:00-24:00(weekend) 

04/2021-09/2021 
Foursquare@TY 80 774 263 684 573 705 2 295 61 858 

Gowalla@WHG 4 456 24 544 158 616 6 316   6 316 
12:00-15:00(weekday) 

19:00-24:00(weekend) 

05/2020-10/2020 
Gowalla@CCG 4 219 17 842 162 166 6 249  6 249 

 

Table 2 Data pretreatment results 

Data set 

Common 

number of 

users 

Number of 

check-in 

records 

Number of 

samples in 

test set 

Number of 

training set 

samples 

POI 

number 

Foursquare@NY  588 22 565 1 164 4 648 1 993 

Foursquare@TY 1 057 38 744 1 926 7 701 2 214 

Gowalla@WHG  881 13 596 1 166 4 663 4 797 

Gowalla@CCG  629 10 316   508 2 035 3 269 

The reference models of this experiment include 
Walk2Friends [14] and DeepWalk [15], where in 
Walk2Friends extracts user movement features, while 
DeepWalk extracts user node sequences. The operation 
methods of the two models are unified by random 
selection of Average. The evaluation indexes are AUC, 
accuracy, recall and F1 value (harmonic average of 
accuracy and recall). 

 

 

4.2 Experimental results 

The evaluation index AUC can detect the 
performance of the link prediction model, and it 
represents the probability value of positive/negative 
samples. The experimental results are shown in Table 3, 
indicating that in different data sets, the AUC value of 
AL-P model is superior to that of existing models 
walk2Friends, DeepWalk, LINE, GraRep, Node2vec and 
struc2vec, where data fusion operation uniformly adopts 
Average operation. 
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Table 3 AUC prediction results of AL-P 

Ｍethods @NY @TY @WHG @CCG 

walk2friends 0.542 1 0.539 8 0.460 2 0.433 7 

DeepWalk 0.653 3 0.625 1 0.711 3 0.609 2 

LINE 0.640 9 0.594 1 0.647 2 0.631 9 

GraRep 0.646 8 0.645 3 0.662 1 0.578 8 

node2vec 0.638 7 0.651 2 0.693 7 0.586 6 

struc2vec 0.754 4 0.752 5 0.796 6 0.689 8 

AL-P 0.932 7 0.922 3 0.857 2 0.822 1 

For Foursquare data sets (@NY and @TY) and 
Gowalla data sets (@WHG and @CCG), the 
measurement experiment of evaluation index accuracy, 
recall rate and F1 value is completed. Table 4 is the 
prediction result of Foursquare data set, And Table 5 is 
the prediction result of Gowalla data set. It can be seen 
from Table 4 and Table 5 that in the link prediction task, 
the AL-P prediction effect is the best in the two data sets. 
This is because the AL-P model includes user check-in 
preference information, which makes social network 
information more indicative than user movement 
information and effectively improves the accuracy of link 
prediction. However, the poor result of Walk2Friends is 
due to the lack of user network structure information 
during the prediction. 

 

Table 4 The predicted results of the Foursquare dataset 

Prediction 

method 

@NY Data set @TY Data set 

Precision Recall F1 value Precision Recall F1 value 

walk2friends 0.535 8 0.607 7 0.569 9 0.524 1 0.668 5 0.587 4 

DeepWalk 0.611 4 0.533 6 0.563 6 0.579 3 0.672 6 0.622 5 

LINE 0.620 6 0.595 6 0.607 7 0.569 5 0.554 2 0.561 8 

GraRep 0.601 6 0.600 3 0.590 2 0.394 2 0.416 1 0.405 1 

node2vec 0.612 6 0.501 1 0.546 2 0.586 1 0.667 1 0.623 4 

struc2vec 0.738 1 0.591 2 0.657 4 0.732 5 0.581 1 0.647 7 

AL-P 0.868 9 0.911 2 0.890 3 0.820 8 0.875 4 0.847 2 

 

Table 5 Prediction results of Gowalla dataset 

Prediction 

method 

@WHG Data set @CCG Data set 

Precision Recall 
F1 

value 
Precision Recall 

F1 

value 

walk2friends 0.542 6 0.515 6 0.528 7 0.591 1 0.460 7 0.517 8 

DeepWalk 0.811 7 0.458 9 0.586 3 0.826 6 0.606 2 0.465 8 

LINE 0.719 4 0.418 8 0.522 4 0.450 2 0.726 2 0.552 2 

GraRep 0.813 2 0.440 5 0.571 8 0.800 2 0.407 4 0.443 6 

node2vec 0.786 9 0.443 6 0.567 4 0.781 4 0.323 2 0.457 1 

struc2vec 0.772 3 0.558 2 0.667 9 0.748 6 0.435 2 0.548 7 

AL-P 0.826 2 0.901 4 0.864 9 0.850 3 0.767 7 0.784 7 
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5 CONCLUSIONS 

In order to improve the effect of link prediction, this 
study proposes an anchor chain method, which completes 
the mapping of two heterogeneous Spaces through user 
vector alignment, obtains new user access preference 
vector, and then updates the social relationship vector 
after training fusion, so as to further improve the 
comprehensive performance of link prediction. It still 
needs to be further studied on how to learn better user 
representation from mobile data and social data, and mine 
the potential value of relevant user data. If we model the 
spatio-temporal behavior, we can better complete the 
prediction task. 
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-NonCommercial 4.0 International
License (http://creativecommons.org/licenses/by-nc/4.0/), which permits any noncommercial use, sharing, adaptation, distribution
and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a
link to the Creative Commons license and indicate if changes were made. 
     The images or other third party material in this chapter are included in the chapter s Creative Commons license, unless indicated
otherwise in a credit line to the material. If material is not included in the chapter s Creative Commons license and your intended use
is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright
holder. 
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