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Abstract. Recently, many researchers are paying close attention to TV program 
recommendation methods because of the enormous increase of available TV 
programs for users. As TV programs are often watched by multiple users like a 
family, this paper proposes a smart TV program recommendation method for 
multi-users using Bayesian networks and AHP (analytic hierarchy process). The 
proposed method uses Bayesian networks to infer each user’s genre preference 
as well as program preference, and uses AHP to predict group genre preference 
and choose recommended programs. The accuracy of the Bayesian network 
model is improved through parameter learning from users’ watching history. 
Experiments verify the inference accuracy of the Bayesian network and the  
accuracy of programs recommended by the proposed method. 

Keywords: TV program recommendation, Bayesian network, Analytic hierarchy 
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1 Introduction 

As the technology of smart TV is rapidly developed, users can watch TV program not 
only from traditional television station but also from Internet [1]. Therefore a system 
which can recommend TV programs considering users’ preference would help people 
to save time and energy [2, 3]. For this purpose, a number of researchers have pro-
posed lots of TV program recommendation solutions. These solutions recommend TV 
programs according to users’ preference which is predicted by users’ profile or watch-
ing history. One drawback of these solutions is that they did not consider some infor-
mation such as period (e.g., Olympic) and event (e.g., the last episode of a drama). 
Also, the cold start problem is another headache for these methods. 

In this paper, we propose a TV program recommendation method for multiple us-
ers as well as single user using a hybrid recommendation method based on AHP (ana-
lytic hierarchy process) and Bayesian networks. A hybrid approach exploits the 
strengths of the individual method and enhances the performance by their combina-
tion [4, 5]. The proposed hybrid method can overcome several problems which cannot 
be addressed by single method. The contributions of this paper can be summarized as 
follows. 
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• A hybrid method of AHP and Bayesian networks: The proposed method predicts 
group preference using a hybrid method of AHP and Bayesian networks which can 
solve the consistency problem of AHP. Also, with this method, users do not need 
to provide the priority value of candidate decision when comparing each candidate 
decision with pairwise comparison in AHP.  

• Solution of cold start problem: There are two kinds of cold start problem. One is 
happened when there are no data of user’s watching history and the other is when 
all candidate programs are totally new program or have less watched time. The 
former problem is addressed by Bayesian networks and the latter is worked out by 
program audience rating from Internet. 

The rest of this paper is organized as follows. Section 2 briefly reviews the related 
works for TV recommendation method and Section 3 presents the proposed recom-
mendation method in detail. In Section 4, we conduct some experiments and analyze 
the results, and Section 5 concludes the work. 

2 Related Works 

At most of time, since there is more than one person watching TV, the research for 
TV program recommendation for multiple users is meaningful [6]. Yu et al. recom-
mended TV programs by using a group profile which is constructed by aggregating all 
users’ profile in that group [7]. Shin et al. integrated users’ profile, watched TV  
program profile as well as watching history into a group file and recommend TV pro-
grams based on it [8]. Rafael et al. proposed a method which recommended TV pro-
grams using collaborative filtering and content-based method with a TV ontology 
model [9]. Thyagaraju et al. computed group preference using each user’s preference 
in the group which was extracted from the user’s watching history [10]. Wang et al. 
proposed a method which could estimate group preference based on external experts’ 
preference [11].  

These studies did not consider some program information which could affect the 
final decision. For example, during World Cup, user may watch football game instead 
of drama or other programs. Another drawback of these methods is that recommenda-
tion results of them are highly influenced by the number of users in the group. To 
address these problems, AHP is used to predict group preference and select TV pro-
gram. AHP is one of the most widely used multi-criteria decision making method 
[12]. Chen et al. used AHP method to construct a context-aware mobile recommenda-
tion system [13]. Park et al. constructed a restaurant recommendation system for  
multiple users using AHP method [14]. Wu et al. proposed a web services selection 
method based on AHP and Wiki [15]. Because of using AHP, the proposed system 
could consider kinds of criteria when predicting group preference and selecting rec-
ommended TV program. However, they did not get over the cold start problem.  

In this paper, the Bayesian network is used to address this problem. The Bayesian 
network is a directed acyclic graph which is a represantative method giving believable 
results predicted to users in uncertain environment [16]. It uses cause-effect 
relationship between parent nodes and children nodes to predict results through 
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probability-based method [17]. Yang et al. constructed a context-aware system in 
smart TV using Bayesian networks with domain knowledge [18]. Park et al. design a 
Bayesian netwok with domain knowledge for context-aware robot in home service 
environment [19]. Park et al. developed a context-sharing system with Bayesian 
netwok [20]. One advantage of the Bayesian networks is that it could be constructed 
using domain knowledge, which means that we could construct a Bayesian network 
for a user without using the user’s specific information. Although the accuracy may 
be lower, we could update the Bayesian network when we get enough information 
about the user’s watching history.  

3 A TV Program Recommendation Method for Multiple Users 

As shown in Fig. 1, the program recommendation method consists of group  
genre preference inference part, candidate program integration part and program 
recommendation part.  

 

 

Fig. 1. Overview of the program recommendation method 

• Group Genre Preference Inference: To predict group genre preference, first, 
each user’s genre preference(GPR) is inferred by the GPR Bayesian network 
model. After that, the group‘s GPR is computed using GPR AHP model and each 
user’s GPR which is inferred in the previous step. Finally, the top two genres are 
selected as the group’s prefer genre. 
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• Candidate Program Integration: In this part, the method selects candidate 
programs based on the inferred group’s GPR as well as each user’s watching 
history in that group and a program selection algrorithm.  

• Program Recommendation: To recommend the most attractable programs to 
users, firstly each user’s preference to each candidate program is calculated by the 
program preference (PPR) Bayesian network model. Then, the group PPR AHP 
model is used to rank the cadidate programs and after that, the top N programs are 
recommended to the users. In this paper, we select 3 programs to users.  

3.1 Inference with Bayesian Networks 

In Bayesian networks, the belief of node A with evidence B is calculated by 
equation (1).  

  |  |  
 (1) 

The joint probabilities of the Bayesian network  ,  , … ,   
is calculated by chain rule and we can get equation (2). 

 , , … , | … , | , … ,                                                     ∏ | , … ,             (2) 

With Markov propery, the equation (2) could be changed to equation (3). 

 , , … ,  ∏ |  (3) 

To recommend appropriate programs to users, we construct two Bayesian network 
models for each user as shown in  Fig. 2 and Fig. 3. These models use equation (1) 
and (3) to calculate each user‘s preference. 

 

 

Fig. 2. The Bayesian network model for program preference inference 

Fig. 2 is the Bayesian network model for program preference inference. It is 
calculated using the program’s information, watching history of the program as well 
as the user’s genre preference information. Fig. 3 is the genre preference inference 
Bayesian network model which represents the relationship between a user’s genre 
preference and time. 
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Fig. 3. The Bayesian network model for genre preference inference 

3.2 Byesian Network Learning 

Each user’s genre preference Bayesian network model should be updated regularly to 
represent the user’s patterns of watching TV. In this paper, the Maximum Likelihood 
(ML) estimation algorithm is applied to learn and update the Bayesian network model 
using one user’s watching history and profile. ML algorithm is a parameter learning 
algorithm when the structure of a Bayesian network model is fixed [21].  The 
conditional probability table (CPT) of each Bayesian network model’s node is 
generated by equation (4). 

 | ,
 (4) 

In the equation (4), , is the number of occurrences that 
the  and  come out at the same time in the data set. 
Here,  is the appearance time of  in the data set. 

3.3 Candidate Program Selection  

To select candidate programs based on inferred group GPR, the equation (5) is used to 
rank the programs in the user’s watching history. 

   1    where   (5) 

In the proposed method, the top N programs are put into candidate program pool. 
In the equation (5), R is the score of the program, E is the audience rate of the pro-
gram, and P is the watching ratio of that program. In addition, T is the watching time 
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of the program and S is the total show time of the program on TV. The value  is 
used to decide which criteria would be given more weight. Because of the value , 
these newly opened TV programs, like a new TV series, could be competitive with 
other programs. In this paper, if the value P is smaller than 0.4, the value of  is set 
to 0.6, while it is set to 0.4 if the P is larger than 0.4. 

3.4 Group Decision by a Combination of AHP and Baeysian Network 

To predict group GPR and select appropriate programs to group users, we constrcut 
group GPR AHP model (Fig. 4) and group PPR AHP model (Fig. 5), respectively.  
 

 

Fig. 4. AHP model for group genre preference 

An AHP model consists of three hierarchies which are goal, criteria and 
alternatives. As shown in Fig. 4, the criteria of group GPR AHP model are each user’s 
genre preference and the alternatives are the program genre. Similarly, as shown in 
Fig. 5, the criteria of group PPR AHP model are each user’s program preference and 
the alternatives are candidate programs. 

 

 

Fig. 5.AHP model for group program preference 

In the original AHP method, users have to allocate the relative importance to each 
alternative decision with respect to each criterion. However, for TV program 
recommendation, the relative importance must be computed automatically as it is 



 AHP That Awares Contexts with Bayesian Networks for Smart TV 533 

impossible to let users give it to every candidate program and genre by themselves. 
To address this problem, we use a hybrid method of AHP and Bayesian networks in 
which the importance value of each AHP alternative decision is calculated by a 
Bayesian network model and rank of these candidate decisions is computed by AHP 
method. Another advantage of this method is that there is no need to check the 
consistency of AHP as the comparison with numerical importance value will be 
always transitive. The process of the method consists of the following steps and the 
group GPR computation process will be used as an example to explain these steps. 

At the first step, the comparison matrix is constructed for criteria and the 
alternatives with respect to each criterion through pairwise comparison. To construct 
the matrix for criteria of group GPR AHP model, like equation (6) , the users’ relative 
importance value (  in the equation) collected from user’s profile will be used.  

 ,   (6) 

To construct the comparison matrix, , , , … ,  in 
which  is representative of the alternative matrix with respect to criterion n, for 
candidate genres with respect to each criterion, like equation (7), each user’s genre 
preference predicted by the Bayesian network model will be used. In the equation, 

 means user n’s preference regarding to genre i. 

 ,   (7) 

At the second step, the priority of criterion and the alternatives with respect  
to each criterion is computed by equation (8). In the equation, i represents a  
criterion or an alternative and n and m represent the number of colums and  
rows in the matrix, respectively. For group GPR decision, a priority set, , , … , , is constructed for criteria and a priority set, , , … , , is constructed for candidate genres. 

  ∑ ∑  (8) 

At the last step, the final priority of each alternative is computed by using equation 
(9). 

   (9) 

After that, all alternatives are sorted by the final priority and top N alternatives are 
recommended to the users. 
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4 Experimental Results 

In this section, we conduct two experiments to evaluate the accuracy of the genre 
Bayesian network model and the users’ satisfaction about the recommended TV 
programs. The TV program information was downloaded from NAVER TV guide 
and 20 people attended out at the experiments. In addition, we collected the users’ 
watching history for a month through survey.  

4.1 Accuracy Evaluation of the Genre Bayesian Networks 

In this experiment, we compared the result predicted by a Bayesian network model 
after learning from a user’s watching history, a Bayesian network constructed by the 
domain knowledge, audience rate data from the internet, and rule-based inference 
method. We selected 5 times randomly to infer user’s genre preference and the rule-
based inference method always select the most watched TV program’s genre as the 
predicted result. The accuracy is estimated by asking the participants in the 
experiment on which result is the most satisfied.  

 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1 2 3 4 5
Rule based method 0.5 0.5 0.55 0.65 0.6

Domain knowledge network 0.55 0.6 0.65 0.75 0.7

Learned network 0.75 0.9 0.85 0.85 0.8

 

Fig. 6. Accuracy of the genre preference Bayesian network model 

As shown in Fig. 6, the learned network get the best accuracy. Through the 
learning process about one user’s watching history, the Baeysian network could 
represent the user’s watching pattern. For example, users select a drama which they 
have watched before instead of a drama which have the most audience rate. 

4.2 Accuracy Evaluation of the Proposed Group Recommendation Method 

In this experiment, participants were divided into ten 2-person groups, nine 3-person 
groups, seven 4-person groups as well as four 5-person groups. And we compared the 
proposed group recommendation method with a rule-based method and a neural net-
work-based method. Rule-based method recommends the program which has the most 
audience rate while the neural network-based method is trained by all users’ watching 
history. 
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As shown in Fig. 7, the proposed method has the best performance as it recom-
mends TV programs considering group’s genre preference, users’ program preference 
and the relative importance of each user. After that is the neural network-based me-
thod and the rule-based method has the worst performance. It means that not all 
people prefer the program with higher audience rate, and some information like pe-
riod and event of the program really affects the accuracy of the recommendation. 
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Rule based method 0.5 0.57 0.47 0.6 0.62

Neural network 0.72 0.7 0.75 0.68 0.71

Poposed method 0.77 0.83 0.8 0.87 0.83
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Fig. 7. Accuracy of the proposed group recommendation method 

5 Concluding Remarks 

In this paper, we have proposed a TV program recommendation method for group 
users. The proposed method uses a hybrid method of Bayesian networks and AHP to 
predict group’s genre preference and recommend TV program to users from candidate 
program pool. Also, we propose a TV program selection algorithm to generate the 
candidate program pool. Furthermore, the cold start problem is addressed by applying 
Bayesian networks. Finally, we verify the advantage of the proposed method by two 
accuracy evaluation experiments. 

As future work, we will develop a smart TV-based system which has user-friendly 
interface and can collect users’ real watching history data. Also, more experiments 
will be done with these real data and more participants. 
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