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Abstract. In order to provide the personalized services, there is massive research about the mobile 
recommender system. The user influence plays an important role in the recommender system, so an 
influence calculation method based on mobile phone data is proposed in the paper. In the proposed 
method, we consider the user exchange behavior under context and the mobile user preference. 
Finally, the experimental results show that the proposed method can realize the influence 
calculation more accurately compared with the existing methods. 

1. Introduction 
Compared with the desktop, the smart phone has the following advantages: easy to carry, 

continuously improved function, low cost. Therefore, there are more and more users use the smart 
phone to communicate with other users or do shopping, entertainment, learning [1]. On the other 
hand, the smart phone has some defects, such as small screen, poor display ability, small memory 
and power of short duration. Hence, it is difficult for the mobile user to find the useful information 
from the information ocean. 

In order to raise the mobile user satisfaction and increase the economic benefits of enterprises, 
the mobile recommender system is proposed according to the characteristic of the mobile network. 
But, due to the sparsity problem of the data, the accuracy of the recommender system is very low. 
In order to solve the problem, some research introduces the trust between users. However, there are 
few recommender systems that consider the user influence which plays an important role in 
recommender system. Therefore, it is necessary to realize the accurate calculation of user influence 
to improve the performance of the recommender system. 

2. Related Work 
The calculation methods of the user influence mainly are divided into three kinds: (1) based on 

the network topology; (2) based on user behavior; (3) based on the interaction information [2]. The 
calculation method based on network topology measures the influence mainly from two aspects: the 
nodes and the edges[3]. Whether the calculation is based on nodes or based on edge, they don’t 
consider the user behavior, so the accuracy of obtained influence is relatively low. In order to 
improve the accuracy of obtained user influence, the researcher introduced the user behavior into 
the influence calculation, such as login behavior, generated information (e.g. review, forwarding 
information). Morales et al. calculated the user influence according to the number of forwarding 
information [4]. When constructing the model of the influence, Guo et al. regarded the log of user 
historical behavior in the social network as sample [5]. However, the above methods don’t consider 
the exchange information between users, such as following, sharing or comment. In order to obtain 
the accurate influence, Anger et al. considered the communication content or message between 
users [6]. 

The above methods are mainly applied in Internet. In the light of the unique characteristic of 
mobile social network, an influence calculation method based on mobile phone data is proposed in 
the paper. 
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3. Proposed Method 
In the section, the influence calculation method based on mobile phone data will be introduced in 

detail. 

A. The influence based on user exchange behavior 
In the mobile network, the mobile user can communicate with the other users and use the mobile 

network services at anytime and anywhere. According to the mobile user exchange behavior, we 
can get more real social relationship than that in the Internet. In addition, the user exchange 
behavior will be impacted by the context. So we consider the user exchange behavior and the 
corresponding context information in the influence calculation. 

The ways by which mobile user contacts with the other users contain the traditional ways (e.g., 
voice call, SMS) and the communication software (e.g., e-mail, QQ, WeChat, etc.). In the paper, we 
consider the duration and times of communication. The volume is calculated by the (1). 
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In the type: ui∈U represents some specific mobile user, U is the set of mobile users; ck∈C 

represents some specific context instance, C represents the set of the context instances; wl represents 
some specific communication way, Nw represents the types of used communication ways; ljik wuucL ,,,  
represents the duration of the communication between the ui and uj under ck by the communication 
way wl, ljk wucL ,, represents the all duration of the communication of uj under ck by the 
communication way wl; ljik wuucT ,,,  represents the times of the communication between the ui and uj 
under ck by the communication way wl, ljk wucT ,, represents the all times of the communication of uj 
under ck by the communication way wl; 1α , 2α  represents the weight of the duration and times 
respectively, and 1α + 2α =1. 

According of the obtained volume, we can calculate the influence of ui toward uj. The influence 
will increase with the increasing of the volume, while when the volume is bigger than a certain value, 
the growth rate of the influence slows down, and gradually tends to a fixed value. Hence, we choose 
the logarithmic function to measure the influence. 
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In the type: a is the basic number of the logarithmic which is determined according to the range of 
volume; Nc represents the number of the context instances; il

β  is employed to measure the weight 
of the context instance cl of ui. 

B. The influence based on user preference 
The influence of the user is not only related the user exchange behavior, and it is also related 

with the user preference. The target user will influence the preference of the other users that have 
similar preferences with target user. the more the preference of the user is similar with the target 
user, the greater the influence of the target user is. So, we employ the similarity between two users 
to measure the influence of the target user. In addition, we consider the timing problem of the user 
preference in the paper. The reason is that the user only influence the preference of the users who 
use the mobile network service later than the target user. 

In order to obtain the user similarity, we need to learn the user preference according to the user 
behavior. Firstly, we compute the usage volume of the mobile user by (3). 
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(3) 
In the type: sj∈S represents the mobile network service j, S is the set of the mobile network 

services; kji csuL ,,  represents the duration that ui uses sj under ck, ik ucL ,  represents the duration that 
ui uses the all mobile network services under ck; kji csuT ,, represents the times that ui uses sj under ck, 

ik ucT , represents the times that ui uses the all mobile network services under ck; 1λ , 2λ  are 
parameters and are employed to measure the wight of the duration and times respectively, and 

1λ + 2λ =1. And then we use the logarithmic function to calculate the user preference. 
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In the type: a1 is the basic number of the logarithmic function. 
Based on the obtained the user preference, we employed the improved Pearson Correlation 

Coefficient to calculate the influence. The formula is represented as follows: 
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In the type: Stl represents the set of common mobile network services that ui and uj both used 
under cl and ui used these mobile network services sooner than the uj; li cuP ,  is the mean value of 
the user preference under cl; θ is employed to measure the effect of the number of the common 
mobile network services, it can be obtained by (6). 
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In the type: juS  represents the set of the mobile network services that uj used; St={sk|sk∈ iuS , 
and sk∈ juS , ki sut , < kj sut , }, ki sut ,  represent the time that ui used sk. 

C. The influence between users 
In the section, we calculate the influence between users according to the above works. 

jiji uuuuji IpIeuuI ,2,1 **),( µµ +=                                     (7) 

In the type: μ1, μ2 are weight, and μ1+μ2=1. 

4. Experiments and Analysis 
However, there is no influence information in the dataset. So, we can’t verify the proposed 

method directly. The influence calculation method is proposed mainly to apply into recommender 
system in the paper. Hence, we introduce the influence into the recommender system that is based 
on the traditional collaborative filtering. 

A. Dataset 
We use the real dataset to verify the validity of the proposed method in the paper [7]. The dataset 

includes the behavior information of 94 mobile users and 200 kinds of mobile network services in 
nine months. 

B. Evaluation 
The evaluation methods include MAEp and MAEr. The MAEp is as follows. 
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In the type: Np represents the number of the predicted preferences; iuS '  is the set of mobile 
network services that the target user don’t use but his nearest neighbors have used under ck; iuC '  
presents the set of context instances under which the target user don’t use the mobile services but his 
nearest neighbors have used. 

The MAEr is as follows. 
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In the type: Ntop represents the number of recommended the mobile network services; N0 
represents the number of the mobile network services that are in the list of the mobile network 
services that the target user used; ri is the rank of the recommended mobile network services; ir '  is 
the rank of the mobile network services that the mobile user used. 

C. Experimental step 
We choose the traditional collaborative filtering (CF) as the benchmark method. The number of 

the mobile network services that we recommend is 10, that is Ntop=10. 
Step 1. Introduce the influence of user exchange behavior (method 1). Where, 2α  is set 

0.2,0.3,0.4,0.5,0.6,0.7,0.8; the value of the influence is set in [0,1], and the setting of a is limited by 
the communication volume, that is kji cuuV ,, , so a is set (the maximum of the telecommunication 
volume+1); il

β  is set according to the results in [8].
 Step 2. Introduce the influence of user preference (method 2). λ1 is set according to the results 

Step 1. directly. Because the value of kji csuV ,,  is in [0,1] and the value of the preference is positive, 
so we set a1=2; μ1 is set 0.2,0.3,0.4,0.5,0.6,0.7,0.8. 

D. Experimental results and analysis 
1) the impact of the parameter 2α  
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Fig.1 The results obtained by the traditional CF and method 1 when 2α  is set different values 
From Fig1., we can know that: (1) compared with the traditional CF, when 2α >0.3, the method 1 

can obtain the better results. This is because when 2α <0.3, the weight of the exchange times is very 
small, so leads the obtained influence is not accurate. When 2α >0.3, the obtained influence is 
improved, so the recommendation results become better. (2) when 2α =0.7, the obtained result by 
method 1 is the best. The result shows that the exchange times plays a more important role than the 
exchange duration. 

2) The impact of the weight μ1 and μ2 
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Fig.2 The results learned by the method 1 and method 2 when μ1 is set different values 
The Fig.2 shows that when μ1=0.3, the result is the best. According to the results, we can get the 

conclusion, the the user preference is more important than the user exchange behavior. 

5. Conclusion 
In the mobile network, it is feasible to collect the user exchange behavior and learn user 

preference. Hence, in order to improve the accuracy of the influence, the user exchange behavior 
and the user preference are considered in the paper. The experimental results show the proposed 
method is better than the existing methods. 
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