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a b s t r a c t 

Internet protocol television (IPTV) provides video on demand (VOD), internet service, and real-time 

broadcasting to users as a service that combines broadcasting and communication technology. Among 

various services, the sales of VOD are profitable because VODs offer relatively strong direct revenue mod- 

els in IPTV services. However, the development of a VOD recommender system for IPTV service is highly 

challenging owing to the lack of explicit preference information of users in an IPTV environment. Previous 

studies for IPTV VOD recommender systems have attempted to solve the data sparsity problem through 

implicit preference information; however, it is better to utilize explicit preference information to im- 

prove the performance of system. Recently, IPTV service providers have provided their own over-the-top 

(OTT) services such that explicit preference information of users for items can be combined. Therefore, 

we proposed a novel information fusion method for an IPTV VOD recommender system that integrates 

the explicit information of both IPTV and OTT services. In addition, we utilized the probabilistic matrix 

factorization, that guarantees high performance in most recommender systems, as a recommender algo- 

rithm in this study. Finally, we conducted comparative evaluations based on various metrics and validated 

that the information fusion of IPTV and OTT services contribute to the IPTV VOD recommender system. 

© 2019 Elsevier Ltd. All rights reserved. 
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. Introduction 

Utilizing high-speed internet network, internet protocol tele-

ision (IPTV) is a service combining broadcasting and telecom-

unication and provides users with video on demand (VOD)

ontents and internet service as well as real-time broadcasting

 Bambini, Cremonesi & Turrin, 2011 ). Among them, VOD service

as utilized as the most important attribute to measure the pref-

rence of user for IPTV services ( Song, Jang & Sohn, 2009 ). In addi-

ion, the sales of various VOD contents, such as movie, animation,

nd drama, are the primary sources of revenue for IPTV service

roviders, who are attempting to provide users with various VOD

ontents ( Kim, 2018 ). Therefore, it is important for IPTV service

roviders to develop an IPTV VOD recommender system that rec-

mmends VOD contents suitable for users. With the development

f recommender systems, they can expect an increase in sales rev-

nue and satisfied IPTV service users. 

The specificity of the IPTV service environment, however,

auses many difficulties in developing a recommender system
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or IPTV compared to other domains ( Bambini et al., 2011 ;

hang, Hightower & Kveton, 2009 ; Cremonesi & Turrin, 2010 ;

remonesi, Turrin & Airoldi, 2011 ; Jang, Zhao, Hong, Park & Yi,

016 ; Oliveira, Silva, de Abreu & Almeida, 2016 ; Vanattenhoven

 Geerts, 2015 ; Zhang, Deng & Shi, 2017 ). First, it is difficult to

dentify users who are currently watching ( Chang et al., 2009 ;

liveira et al., 2016 ). As IPTV services are often used by fami-

ies rather than by individual users, it is highly difficult task to

orrectly determine an individual user or a group of users who

re currently watching. Next, it is difficult to obtain the prefer-

nce information of users for items in the IPTV recommender sys-

em compared with other domains ( Cremonesi & Turrin, 2010 ;

remonesi et al., 2011 ). Although abundant information is avail-

ble that can measure the preference of users through data in-

ut by them in other domains, in IPTV recommendation, unlike

ther domains, it is difficult to obtain preference information that

s necessary for a recommender system because of the IPTV envi-

onment in which data input by users is inconvenient. This results

n data sparsity problems that are directly related to the last prob-

em. Finally, many requirements exist for building an UI for IPTV

ecommendation ( Jang et al., 2016 ; Vanattenhoven & Geerts, 2015 ;

hang et al., 2017 ). Unlike PC and mobile, the IPTV service does

ot involve interactive input devices such as a mouse or a touch

https://doi.org/10.1016/j.eswa.2019.113045
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interface. Therefore, IPTV users have trouble inputting the prefer-

ence information for items. In addition, in the IPTV recommender

system, it is necessary to provide recommendations during real-

time broadcasting; therefore, a constraint exists where recommen-

dation results must be provided quickly and simply in real time.

These reasons result in the lack of studies for the IPTV recom-

mender system as compared with other domains despite its im-

portance. Herein, we focus on solving the data sparsity problem

caused by the difficulty in acquiring the preference information of

users among the three problems mentioned above. 

Studies on the IPTV recommender system have not been ac-

tively conducted compared to other domains. Few studies have ad-

dressed the low accuracy of recommendation as well as several is-

sues in the IPTV recommender system. First, many studies utilized

memory-based recommender algorithms that provide recommen-

dation results by measuring the degree of similarity between users

or items ( Jin, Junhua, Suqi & Jian, 2017 ; Kim, Kim, Song, Song &

Khil, 2012 ; Kim, Song, Song, & Kim et al., 2012 ; Park, Choi & Lee,

2010 ; Ullah, Sarwar & Lee, 2014 ; Xiao & He, 2012 ; Yang et al., 2014 ;

Yang, Hu, He, Ni & Wang, 2015 ). These algorithms are inappropri-

ate to solve the data sparsity problem, because the accuracy of rec-

ommendation is reduced when the data are not enough. Further-

more, an implicit preference information such as an IPTV watch-

ing log of users, which is easy to obtain in an IPTV environment,

is utilized in many studies because of the difficulty in obtaining

explicit preference information, such as rating ( Cremonesi & Tur-

rin, 2010 ; Jin et al., 2017 ; Kim, Kim et al., 2012 ; Kim, Kwon, Cho &

Kang, 2011 ; Kim & Kang, 2013 ; Kim, Song et al., 2012 ; Ko, Kim, Ko

& Chang, 2014 ; Park et al., 2010 ; Park, Han, Yang & Choi, 2017 ;

Park, Oh & Yu, 2017 ; Sumiyoshi et al., 2010 ; Xiao & He, 2012 ;

Xin & Steck, 2011 ; Yang et al., 2015 ; Zibriczky, Petres, Waszlavik

& Tikk, 2013 ). Although the use of implicit information in the rec-

ommender system can solve the data sparsity problem, it generates

a synergistic effect only when used with explicit information and

does not guarantee recommendation accuracy when used alone

( Ma, 2013 ). 

Every IPTV service provider has aimed to improve the quality

of the IPTV recommender system with over-the-top (OTT) media

service which provides various media contents through the inter-

net. IPTV provides contents through their set-top boxes, while OTT

can deliver the same services as IPTV through mobile devices. Re-

cently, they provided their OTT service or actively attempted to co-

operate with OTT service providers ( Park, 2018 ). For example, Ko-

rean IPTV service providers (e.g., SK Broadband, KT, and LG U + )

provide their own OTT services (e.g., Oksusu, Olleh TV mobile, and

Video portal) and IPTV services (e.g., B tv, Olleh TV, and U + tv) si-

multaneously. Furthermore, many IPTV service providers have col-

laborated with OTT service provider such as YouTube and Netflix

to strengthen their IPTV contents ( Dwyer, Shim, Lee & Hutchinson,

2018 ). This flow of IPTV service markets implies that explicit infor-

mation fusion between IPTV and OTT services is possible. There-

fore, in this study, we propose a new method for an IPTV VOD

recommender system extending explicit preference information to

resolve the data sparsity problem. This method has not been con-

sidered in the existing IPTV recommender system studies. Further-

more, to improve the satisfaction of IPTV users for VOD contents,

we propose an IPTV VOD recommender algorithm that provides

them with suitable VOD contents using a highly accurate algo-

rithm, such as probabilistic matrix factorization (PMF). 

The contributions of this study are summarized as follows. 

(1) We proposed a method of explicit information fusion be-

tween IPTV and OTT services to solve the data sparsity prob-

lem occurring in the IPTV recommender system. The perfor-

mance of the IPTV VOD recommender system based on this

method was higher than that of the existing methods that
used the implicit preference to extend the explicit prefer-

ence information of users for VOD contents. 

(2) Particularly, to improve the accuracy of the IPTV VOD

recommender system, we proposed an IPTV VOD recom-

mender algorithm based on PMF that is more accurate

than memory-based recommender algorithms and suffi-

ciently flexible to guarantee high performance in most do-

mains. Therefore, the IPTV VOD recommender algorithm

based on PMF outperformed the algorithms in the existing

studies. 

(3) Several baseline algorithms were utilized for comparative

evaluations through the IPTV and OTT data provided by the

IPTV service provider in Korea. In addition, we measured

the accuracy of the recommender algorithm based on the

root mean squared error (RMSE) and mean absolute error

(MAE). In addition, we proved the superiority of our pro-

posed method by measuring the satisfaction of users for

the recommended items based on precision, recall, and f1-

measure metrics. According to experimental results, we ver-

ified that the performances of all recommender algorithms

were improved when extending the IPTV data through the

OTT data, and that PMF exhibited a higher performance than

other recommender algorithms. 

The remainder of this study is organized as follows. The existing

tudies related to the IPTV recommender system including its limi-

ations are analyzed in Section 2 . Section 3 describes the memory-

ased and model-based collaborative filtering recommender algo-

ithms used in this study. Section 4 focuses on describing the IPTV

OD recommender system based on the data fusion of IPTV and

TT services. In Section 5 , we explain the comparative evaluations

hat were conducted by utilizing the IPTV and OTT data and val-

date the performance of our proposed IPTV VOD recommender

ystem based on the information fusion of both IPTV and OTT ser-

ices. Finally, Section 5 presents the conclusions and future direc-

ions of this study. 

. Related Work 

The accuracy of the IPTV recommender system has not been

nough owing to the unique characteristics of the IPTV environ-

ent, although the importance of the recommender system has

merged in many research areas. In this study, we investigated the

lgorithms, preference information, experimental data, and recom-

ended items that were used in the existing studies and analyzed

hether information fusion was conducted. Table 1 presents the

nalysis of the existing studies. 

Recommender systems are mainly based on three filter-

ng methods, such as content-based filtering (CB), collaborative

ltering (CF), demographic filtering (DF), and hybrid filtering

 Bobadilla, Ortega, Hernando & Gutiérrez, 2013 ). Most recom-

ender system studies mainly focused on utilizing CF rather than

ther filtering methods because of its effectiveness and efficiency

 Seo, Kim, Lee & Baik, 2017 ). In addition, hybrid methods are gen-

rally the combination of CB and CF or DF and CF ( Bobadilla et al.,

013 ; Burke, 2002 ; Inan, Tekbacak & Ozturk, 2018 ). Therefore, the

PTV recommender system is primarily based on the CF method,

xcept in a few studies ( Bhatt, 2009 ; Kim & Kang, 2013 ; Kim et al.,

011 ; Ko et al., 2014 ; Park, Han et al., 2017 ; Sumiyoshi et al.,

010 ). Some studies ( Bhatt, 2009 ; Kim et al., 2011 ) utilized clus-

ering algorithms to obtain the suitable set of items for users.

hatt (2009) addressed the voting stuffing problem that occurs be-

ause most users do not change their preferences after entering

heir initial ratings. Therefore, they found the genuine rating set of

sers by utilizing the genre ratings and fuzzy c-means clustering

lgorithm. Kim et al. (2011) built a semantic relation among VOD
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Table 1 

Existing studies for IPTV recommender system. 

Algorithm Preference info. Data Item Info. fusion 

Method Algorithm Explicit Implicit 

Bhatt (2009) n/a Fuzzy c-means clustering Rating n/a IMDB a VOD n/a 

Kim et al. (2011) n/a K-means clustering n/a Watching log Unknown VOD n/a 

Kim and Kang (2013) n/a Reasoning process based on 

ontology 

n/a Watching log, 

Shopping behavior 

IPTV watching data (Nilson 

Research) b 

Ad. ◦

Ko et al. (2014) n/a Semantic cluster-based n/a Watching log IPTV service in Korea VOD ◦
Sumiyoshi et al. (2010) n/a CB n/a n/a IPTV service in Japan VOD n/a 

Park, Han et al. (2017) n/a CB n/a Watching log Their website VOD n/a 

Park et al. (2010) Memory-based Hybrid filtering (CF + CB) n/a Watching log IPTV watching data (Nilson 

Research) 

VOD ◦

Kim, Kim et al. (2012) , 

Kim, Song et al. (2012) 

Memory-based User-based CF n/a Watching log IPTV service in Korea VOD n/a 

Xiao and He (2012) Memory-based User-based CF n/a Watching log IPTV service in China VOD ◦
Ullah et al. (2014) Memory-based User-based CF Rating n/a Yahoo multi-data Movie 

dataset c 

VOD n/a 

Yang et al. (2014) Memory-based User-based CF Rating Watching log Unknown TV program ◦
Yang et al. (2015) Memory-based Item-based CF, User-based CF n/a Watching log IPTV service in China TV program n/a 

Jin et al. (2017) Memory-based User-based CF n/a Watching log Unknown TV program n/a 

Cremonesi and Turrin (2010) Memory-based, 

Model-based 

Item-based CF, SVD n/a Watching log IPTV service in Italy 

(ContentWise) d 

TV program n/a 

Cremonesi et al. (2011) Model-based Hybrid filtering (CF + CB) Rating Pseudo rating MovieLens, ContentWise VOD ◦
Xin and Steck (2011) Model-based PMF n/a Watching log IPTV service in UK (BARB) e TV program ◦
Zibriczky et al. (2013) Model-based Tensor factorization n/a Watching log IPTV service in Canada 

(SaskTel) f 

TV program ◦

Park, Oh et al. (2017) Model-based Tensor factorization n/a Watching log TV rating measurement 

company in South Korea 

TV program ◦

a http://www.imdb.com. 
b https://www.nielsen.com. 
c http://research.yahoo.com/academicrelations. 
d https://www.contentwise.tv. 
e https://www.barb.co.uk. 
f https://www.sasktel.com. 
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contents based on ontology and computed the users’ preference for

VOD content through the number of viewing times. Finally, they

generated the recommended VOD contents through the K-means

clustering algorithm. A clustering algorithm can group similar data

easily; however, this is not a typically used algorithm to guaran-

tee the effectiveness of the recommender system. The semantic

relationship among users or items may be regarded as an impor-

tant factor of IPTV recommendation ( Kim & Kang, 2013 ; Ko et al.,

2014 ). Kim and Kang (2013) developed an advertisement recom-

mender algorithm in IPTV service to improve the performance and

reusability of recommendation based on the ontology reasoning

method. They did not focus on enhancing the accuracy of recom-

mendation, but inferred semantic relations between heterogeneous

ontologies, such as IPTV program ontology, viewer profile ontology,

reference group ontology, product ontology, and advertisement on-

tology. Ko et al. (2014) proposed the semantic cluster-based rec-

ommender algorithm. First, they grouped contents with similar or

related semantics into a single set and defined this set as a se-

mantic cluster. Subsequently, they called the users who had con-

sumed many content leading users and provided recommended

results suitable for general users through their information. How-

ever, their proposed method might be only recommended popu-

lar contents having high influential in a semantic cluster. In other

words, they experienced a problem with the low diversity of the

recommended contents. In addition, CB was used in some stud-

ies ( Park, Han et al., 2017 ; Sumiyoshi et al., 2010 ). The CurioView

system ( Sumiyoshi et al., 2010 ) is a content-based recommender

system for IPTV service that allows users to retrieve contents as-

sociated with the content that they are currently watching; it is

a flexible system that can be utilized on a TV, PC, or mobile

phone. Park, Han et al. (2017) developed a system that provides

recommendation through specific points in video using IPTV ser-

vice. They defined the metadata for contents according to the key

frames extracted from VOD contents. The preference of users for

contents was measured by these defined metadata. CB is a pop-

ular approach in recommender systems along with CF. In a CB-

based recommender system, data sparseness does not occur, but

its effectiveness is lower than that of CF-based ( Wang et al., 2017 ).

Therefore, most studies on recommender systems, including IPTV

service, have followed the CF approach ( Cremonesi & Turrin, 2010 ;

Cremonesi et al., 2011 ; Jin et al., 2017 ; Kim, Kim et al., 2012 ;

Kim, Song et al., 2012 ; Park et al., 2010 ; Park, Oh et al., 2017 ;

Ullah et al., 2014 ; Xiao & He, 2012 ; Xin & Steck, 2011 ; Yang et al.,

2014 , 2015 ; Zibriczky et al., 2013 ). 

In the IPTV recommender system, CF has served as the pri-

mary source in most studies. Two primary methods exist in CF,

such as memory-based and model-based ( Alonso, Bobadilla, Or-

tega & Moya, 2019 ). The memory-based method is referred to as

the neighborhood method ( Seo et al., 2017 ) and primarily uti-

lizes several k-nearest neighbor algorithms (i.e., Pearson correla-

tion coefficient (PCC), cosine similarity (COS), and Jaccard mea-

sure etc.) to compute the similarity between users or items.

Park et al. (2010) calculated the preference value for VOD con-

tents according to the viewing times of users ranging from 0 to

1. Furthermore, they considered genre preference value and mea-

sured the final preference value of users for VOD contents based on

these two preference values. Finally, they proposed a hybrid filter-

ing method that combined CB and CF. They utilized the data from

an audience measurement corporation to conduct a comparative

evaluation. However, their data might be different from actual IPTV

data provided by IPTV service providers. Kim, Kim et al. (2012) and

Kim, Song et al. (2012) found groups with similar viewing pat-

terns by utilizing their past viewing histories. They measured the

similarity among users in the group through the PCC and Spear-

man’s rank correlation coefficient. Finally, they generated the rec-

ommended results based on the predicted preference value that
s obtained by the predicted preference values through user-based

F. Xiao and He (2012) suggested two recommended algorithms,

uch as the tag-based CF algorithm and user template algorithm.

he former is a traditional memory-based CF method based on

he Jaccard similarity measure, whereas the latter can resolve new

ser problems by data extension through the information of in-

uential users and other users of the same demographic group.

heir recommender system is flexible because it can adopt algo-

ithms that fit each scenario. Ullah et al. (2014) measured the sim-

larity and mutual influence among users on SNS. However, this

pproach is not suitable for the IPTV recommender system be-

ause the IPTV environment does not form the relationship infor-

ation among users, unlike SNS. Yang et al. (2014) categorized

PTV data to measure user preference, such as time slot infor-

ation, viewing time of channel, and genre hierarchies. They re-

arded several types of data as the latent features to resolve the

parsity problem. Yang et al. (2015) developed an IPTV recom-

ender system for family users. This system can identify the pri-

ary viewer who is currently watching TV by time zone and pro-

ide customized recommendations for each family member. Al-

hough the identification of the primary viewer is one of the

ain issues in the IPTV recommender system, this system exhibits

igh computational complexity because it measures the similarity

wice. Jin et al. (2017) analyzed the data types for the IPTV rec-

mmender system that focused on the watching behavior of users.

hey extracted various features through the watching behavior of

sers to compute the score of TV programs. In addition, they uti-

ized Apache Spark to improve the time efficiency. As mentioned

bove, various studies based on memory-based method have been

onducted; however, this method generally exhibits lower perfor-

ance than model-based methods in various domains ( Koren, Bell

 Volinsky, 2009 ). Several studies have validated the superiority of

odel-based method in terms of both effectiveness and efficiency

n recommender systems ( Forsati, Mahdavi, Shamsfard & Sarwat,

014 ; Koren et al., 2009 ). 

Typically, recommender system studies have primarily utilized

odel-based methods that generate recommendations through

pecific models, such as the neural network, fuzzy system, ge-

etic algorithm, and latent factor model ( Bobadilla et al., 2013 ).

mong the various models, the latent factor model, which is also

alled the matrix factorization method, is the dominant model

wing to its high accuracy and performance ( Koren et al., 2009 ).

n the IPTV environment, many studies based on several ma-

rix factorization methods exist, such as singular value decompo-

ition (SVD) ( Cremonesi & Turrin, 2010 ; Cremonesi et al., 2011 ),

MF ( Xin & Steck, 2011 ), and tensor factorization ( Park, Oh et al.,

017 ; Zibriczky et al., 2013 ). Cremonesi and Turrin (2010))) com-

ared the accuracy of the recommender algorithms, such as SVD

nd item-based CF algorithm, according to temporal change and

tem popularity. However, they only analyzed the performance of

he existing recommender algorithms and did not suggest a so-

ution to solve the problems of the IPTV recommender system.

remonesi et al. (2011) proposed a hybrid algorithm with low com-

utational complexity for IPTV recommendation. In addition, they

rovided a solution to the new item problem that occurred in IPTV

ecommender systems because the number of items (i.e., IPTV con-

ents) with ratings was extremely small. Even if they measured

he pseudo rating through the features or metadata of items to

ncrease the density of the user-to-item matrix, this rating is not

elated to the user preference for items. Therefore, their algorithm

ould not guarantee high effectiveness. Xin and Stech (2011) uti-

ized both positive and negative feedbacks by distinguishing them

hrough watching log of users when learning the implicit rating

f items. They confirmed that their method demonstrated better

erformance than the existing methods using only positive feed-

ack. Zibriczky et al. (2013) presented an interactive TV platform
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ocusing on the recommendation of an electronic program guide

EPG). They considered channels as items rather than TV programs

ecause users tend to watch the same channel simultaneously. Fur-

hermore, they considered the user behavior over time as an im-

ortant factor in measuring the preferences of channels and fo-

used on eliminating factors that adversely affect the preferences.

ark, Oh et al. (2017) developed RecTime, a real-time recommender

ystem for IPTV considering both time factor and preference. They

tilized four features; user, item (i.e., TV program), watching log

f user, and running time of items, and applied these features to

our-dimensional tensor factorization to alleviate the noise of miss-

ng value. Most model-based studies for the IPTV recommender

ystem have addressed the recommendation of TV programs or

hannels ( Cremonesi & Turrin, 2010 ; Park, Oh et al., 2017 ; Xin &

teck, 2011 ; Zibriczky et al., 2013 ), instead of VOD, except one

tudy ( Cremonesi et al., 2011 ). However, because VOD presents a

arge effect on the sales of IPTV service providers, we must address

he development of model-based IPTV VOD recommender systems

ith both high effectiveness and efficiency. 

Generally, the existing IPTV recommender systems solve the

ata sparsity problem by extending or modifying the IPTV dataset.

or example, most of them utilized the metadata of items or users

 Cremonesi et al., 2011 ; Park, Han et al., 2017 ; Sumiyoshi et al.,

010 ) or the information of influential users ( Ullah et al., 2014 ;

iao & He, 2012 ). However, in the existing studies, this challenge

s not addressed by integrating the preference information of users

rom external data sources other than IPTV. Therefore, to enhance

he IPTV recommender system, we proposed a new information fu-

ion approach between IPTV and OTT services for the same users. 

. Preliminary 

Although PMF is a primary algorithm for an IPTV VOD recom-

ender system in this study, we intend to represent that the per-

ormances of various CF-based recommender algorithms and PMF

mprove when the information used in the IPTV recommender

ystem is extended through OTT information. Therefore, we de-

cribe the existing CF-based recommender algorithms focusing on

emory-based and model-based methods before explaining the

rimary idea of this study. 

.1. Memory-based method 

A memory-based method is also called a neighborhood method;

t focuses on computing the similarity between items or users

 Bobadilla et al., 2013 ). A user-oriented approach measures the

reference of a target user for an item based on the information

rom a set of neighbor users. Neighbor users have with a sim-

lar tendency and interests of items to a target user. The final

ser-based CF algorithm oriented by user similarity is obtained by

q. (1) ( Konstas, Stathopoulos & Jose, 2009 ) that estimates the pre-

icted preference value of a target user a for an item i ( ̂ r a,i ): 

ˆ 
 a,i = r a + 

∑ 

u ∈ N k 
i ( a ) 

( r u,i − r u ) w a,u ∑ 

u ∈ N k 
i ( a ) 

w a,u 
(1) 

here N 

k 
i 
(a ) is the set of k -nearest neighbor users for user a that

as the rated item i . r a and r u indicate the average preference val-

es for all items rated by users a and u , respectively. In addition,

 u,i represents the rating of a neighbor user u for an item i. w a,u 

ignifies the similarity between user a and u , and it is the most im-

ortant element in memory-based CF algorithms. Diverse similarity

easures exist to calculate w a,u . Among them, the PCC and COS are

he most famous and widely used methods in recommender sys-

ems because of their effectiveness Adomavicius & Tuzhilin, 2005 ).

herefore, we utilize these two similarity measures in this study,
nd they are estimated by Eqs. (2) and ( (3) , respectively, where I a,u 

s the set of all items that have been rated by both users a and u .

 

PCC 
a,u = 

∑ 

i ∈ I a,u 
( r a,i − r a ) ( r u,i − r u ) √ ∑ 

i ∈ I a,u 
( r a,i − r a ) 

2 
√ ∑ 

i ∈ I a,u 
( r u,i − r u ) 

2 
(2) 

 

COS 
a,u = 

∑ 

i ∈ I a,u 
r a,i r u,i √ ∑ 

i ∈ I a,u 
r 2 

a,i 

√ ∑ 

i ∈ I a,u 
r 2 

u,i 

(3) 

The item-oriented approach, by contrast, utilizes the rating in-

ormation of neighbor items by the same user to calculate his/her

reference. The equation of the predicted preference value using

tem-based CF is almost similar to that of user-based CF, where

 

k 
a (i ) implies the set of k -nearest neighbor items for an item i that

s rated by user a , and the item-based CF is computed by Eq. (4) .

ˆ 
 a,i = r i + 

∑ 

j∈ N k a ( i ) 

(
r a, j − r j 

)
w i, j ∑ 

j∈ N k a ( i ) 
w i, j 

(4) 

 i,j represents a version of similarity measure between items i and

 , and it can be computed similarly as Eqs. (2) and (3) . where U i,j 

mplies the set of all users that have rated both items i and j; w i,j 

s presented in Eqs. (5) and (6) . 

 

PCC 
i, j = 

∑ 

u ∈ U i, j 
( r u,i − r i ) 

(
r u, j − r j 

)
√ ∑ 

u ∈ U i, j 
( r u,i − r i ) 

2 

√ ∑ 

u ∈ U i, j 

(
r u, j − r j 

)2 
(5) 

 

COS 
i, j = 

∑ 

u ∈ U i, j 
r u,i r u, j √ ∑ 

u ∈ U i, j 
r 2 

u,i 

√ ∑ 

u ∈ U i, j 
r 2 

u, j 

(6) 

User-based and item-based CF algorithms, which are

emory-based methods, have been conducted for a long time

 Bobadilla et al., 2013 ; Seo et al., 2017 ). However, they exhibit

ower performances than model-based approaches in terms of

oth effectiveness and efficiency. 

.2. Model-based method 

Unlike the memory-based method that considers the correla-

ion between similar users or items, the model-based method pri-

arily depends on matrix factorization (MF) among various mod-

ls for a recommender system ( Koren et al., 2009 ). The MF divides

he matrix into low-dimensional latent vectors for the users and

tems to generate the recommended results. Therefore, this method

s also known as the latent feature model. 

Singular value decomposition (SVD) is the most basic MF algo-

ithm ( Sarwar, Karypis, Konstan & Riedl, 20 0 0 ), where an N × M

reference matrix R exists, and the predicted rating matrix ˆ R is

iven by the product of the latent feature matrices for the users U

nd items V as follows: 

ˆ 
 = U · S · V 

T (7) 

U and V are the orthogonal matrices of size N × k and M × k ,

espectively, where k is smaller than N and M ( k < N , M ). S is a

iagonal matrix of size k × k . The latent feature vectors, p a and q i ,

re specified as the components of the matrices U and V . p a is a

atent feature vector associated with user a and is an a th row of

atrix U . Meanwhile, q i is associated with item i and is the i th 

ow of matrix V . The predicted preference rating ˆ r a,i is computed

y the product of p a and q i , and is represented by Eq. (8) . 

ˆ 
 a,i = p a · q T (8) 
i 
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1 http://www.zinnaworks.com/ 
The final ˆ r a,i can be determined by the k -dimension that mini-

mizes the squared error between the actual and predicted ratings

as follows: 

min 

p ∗, q ∗

∑ 

( a,i ) ∈ K 

(
r a,i − ˆ r a,i 

)2 
(9)

where K is the set of ( a, i ) pairs when r a,i is not null. We utilized

the stochastic gradient descent (SGD) as a minimization approach

because of its easy use and time efficiency. SGD is represented by

Eqs. (10) –(12) ( Koren et al., 2009 ). 

e a,i = r a,i − p a · q T i (10)

p a ← p a + γ ( e a,i · q i − λp a ) (11)

q i ← q i + γ ( e a,i · p a − λq i ) (12)

SVD presents several advantages as compared to memory-based

methods. First, it is generally better in recommendation effective-

ness (i.e., accuracy) and time efficiency than item-based and user-

based CFs. Furthermore, it can be coped with flexibly even if the

number of users increases on the recommender system. In other

words, SVD enhances scalability. Finally, it can be applied to the

sparse matrix in the recommender system. However, over-fitting

will likely occur. 

To resolve the problem of over-fitting in the conventional SVD,

Mnih and Salakhutdinov (2008) proposed the probabilistic ap-

proach (PMF) to control the over-fitting phenomenon. They utilized

a regularization that involves adding a penalty term to Eq. (9) (i.e.,

error function). Eq. (13) represents the modified error function as

follows: 

min 

p ∗, q ∗

∑ 

( a,i ) ∈ K 

(
r a,i − ˆ r a,i 

)2 + λ
(‖ 

p a ‖ 

2 + ‖ 

q i ‖ 

2 
)

(13)

where λ is a coefficient that implies the relative importance of

the regularization term compared with the sum-of-squares error

term. PMF could mitigate the problem of over-fitting and deliver

high performance with high flexibility in various domains. How-

ever, this algorithm could not reflect the biases (i.e., variations) of

rating values that are caused by the tendency of users to rate and

thus result in the low diversity of recommendation results. There-

fore, the biases of an individual user and item ( b a,i ) must be con-

sidered ( Koren et al., 2009 ) and it is represented by Eq. (14) . The

ratings with even distribution modified by the bias are given by

the sum of the bias and the existing predicted rating (i.e., Eq. (8) ),

as described by Eq. (15) . Eq. (16) represents PMF with bias added.

b a,i = μ + b a + b i (14)

ˆ r a,i = b a,i + p a · q T i (15)

min 

p ∗, q ∗

∑ 

( a,i ) ∈ K 

(
r a,i − ˆ r a,i 

)2 + λ
(‖ 

p a ‖ 

2 + ‖ 

q i ‖ 

2 + b 2 a + b 2 i 

)
(16)

where μ represents the overall average rating in the recommender

system; and b a and b i are the deviations of user a and item i , re-

spectively. PMF with bias can prevent the recommended results

that concentrate on popular items by considering the deviation.

In addition, it exhibits higher effectiveness and accuracy compared

to not considering bias. However, an additional cost is incurred in

measuring the bias. 

PMF is the most popular model-based method in the recom-

mender system; however, other methods exist, such as SVD ++
( Koren, 2008 ) and the non-negative matrix factorization (NMF)

( Luo, Zhou, Xia & Zhu, 2014 ). Users tend not to rate their explicit
references (i.e., explicit rating range from 1 to 5). Therefore, many

ecommender system studies have utilized implicit preference to

ddress data sparseness and the cold-start problem caused by the

ack of explicit preference. SVD ++ is a representative method to

pply an implicit preference to the MF. Eq. (17) represents the

odified rating that is utilized for SVD ++ : 

ˆ 
 a,i = b a,i + 

( 

p a + | I a | − 1 
2 

∑ 

j∈ I a 
y a, j 

) 

· q T i (17)

here y a,j indicates whether user a has measured the rating for

tem j (i.e., y a,j = 1 if the rating exists, 0 otherwise), and I a corre-

ponds to a set of items that are rated by user a . SVD ++ utilizes

q. (16) as an error function. This method has the advantage of

omplementing the sparse user-to-rating matrix; however, it re-

ults in increased costs owing to the additional implicit informa-

ion. 

NMF is a special case of MF where all elements of the latent

eature matrix are positive. In other words, at each step of the SGD

rocedure, latent feature vectors, which are Eqs. (11) and (12) , are

pdated by Eqs. (18) and (19) , respectively. 

p a ← p a 

∑ 

i ∈ I a q i r a,i ∑ 

i ∈ I a q i ̂  r a,i + λa | I a | p u (18)

 i ← q i 

∑ 

a ∈ U i p a r a,i ∑ 

a ∈ U i p a ̂  r a,i + λi | U i | q i (19)

here λa and λi are regularization parameters, and U i corresponds

o a set of all users who rates item i . NMF is a suitable method for

lustering similar latent features and guarantees high performance

n various research areas. However, this method exhibits poor per-

ormance in the sparse matrix; therefore, it demonstrates a rela-

ively lower performance in the recommender system compared to

he other domains. 

In this study, we utilize various recommender algorithms, such

s user-based CF, item-based CF, PMF, SVD ++ , and NMF, to con-

uct comparative evaluations. Based on these various algorithms,

e validate the effect of information fusion of IPTV and OTT ser-

ices in the IPTV recommender system. 

. IPTV VOD recommender system based on information fusion

f IPTV and OTT services 

We propose a novel information fusion approach for the IPTV

OD recommender system by combining the IPTV and OTT data.

ore specifically, the explicit information of IPTV is complemented

y that of the OTT. Several IPTV provider companies provide their

wn OTT services or expand their VOD contents through partner-

hips with other OTT services. Therefore, information fusion be-

ween IPTV and OTT data is possible for the IPTV VOD recom-

ender system. This information fusion approach contributes sig-

ificantly to the IPTV VOD recommender system by solving the

ata sparseness problem and enhancing the accuracy of the rec-

mmendation results. 

As shown in Fig. 1 , we suggest a framework for our proposed

PTV VOD recommender system. The framework consists of four

rimary steps: data collection and processing, creating user-to-

ating matrices for IPTV and OTT, information fusion of IPTV and

TT services, and IPTV VOD recommendation. In the first step, we

escribe our IPTV and OTT data provided by Zinnaworks Inc. 1 and

he process of processing data. Subsequently, we create two user-

o-rating matrices based on the explicit information of the IPTV

http://www.zinnaworks.com/
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Fig. 1. Framework for IPTV VOD recommender system based on information fusion between IPTV and OTT services. 

Fig. 2. ER diagram for the raw data of IPTV recommender system. 
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nd OTT. Next, we combine two matrices as one integrated ma-

rix for IPTV VOD recommendation. Finally, we derive the recom-

endation results from the various recommender algorithms, es-

ecially PMF, based on the integrated matrix. 

Step 1. Data collection and processing . In this study, the log

ata of IPTV and OTT are provided by Zinnaworks Inc., a com-

any that develops the various IPTV applications in South Korea.

he provided data consist of user information, VOD information

movie), and rating information for IPTV and OTT. In addition, a

ser ID matching table is provided, and this is key for the infor-

ation fusion of IPTV and OTT services. 

First, we covert all log data to a relational database (RDB) that

ontains various tables as shown in Fig. 2 , such as “IPTV_USER ”,

OTT_USER ”, “VOD_INFO ”, “IPTV_RATING ”, “OTT_RATING ”, and

ID_MATCHING ”. “IPTV_USER ” and “OTT_USER ” tables exhibit three
ttributes related to users, such as user id, sex, and age. The

VOD_INFO ” table contains three attributes related to movie

ODs, such as VOD id, title, and genre. The “IPTV_RATING ” and

OTT_RATING ” tables are associated with the rating matrices of

PTV and OTT, respectively, and exhibit three attributes, such

s user id, VOD id, and rating. Finally, the “ID_MACHING ” table

epresents the same user information as those of IPTV and OTT

ervices through matching between two attributes, such as IPTV

ser id and OTT user id. 

The table schemas used herein are as follows: 

- IPTV_USER = (IPTV_USER_ID, sex, age) 

- OTT_USER = (OTT_USER_ID, sex, age) 

- VOD_INFO = (VOD_ID, title, genre) 

- IPTV_RATING = (IPTV_USER_ID, VOD_ID, rating) 
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Table 2 

IPTV and OTT services of IPTV providers. 

Company IPTV service OTT service Country 

SK Broadband Btv Oksusu Republic of Korea 

KT Olleh Olleh TV mobile Republic of Korea 

LG U + U + TV Video portal Republic of Korea 

Amazon Prime Video Prime Video USA 

Apple Apple TV Apple OTT USA 

AT&T/Direct TV DirectTV DirectTV now, mobile, and previews USA 

Google YouTube TV YouTube TV USA 

SaskTel MaxTV Stream MaxTV Stream Canada 

Fastweb Fastweb Chili TV Italia 
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- OTT_RATING = (OTT_USER_ID, VOD_ID, rating) 

- ID_MATCHING = (IPTV_USER_ID, OTT_USER_ID) 

Steps 2 & 3. Creating an integrated user-to-rating matrix for

IPTV recommender system . Before applying to the recommender

algorithm, we convert the rating tables (i.e., “IPTV_RATING ” and

“OTT_RATING ”) into two user-to-rating matrices for the IPTV and

OTT. Subsequently, we create an integrated matrix for the IPTV rec-

ommender system to combine them. 

These steps are key for the IPTV VOD recommender system

to address data sparseness in this study. In the IPTV VOD rec-

ommender system, it is difficult to measure the preference rating

of items (i.e., VOD) compared to other recommender system do-

mains that contain abundant information to collect and calculate

the preference of users for items. In the IPTV environment, UI is

not user friendly because there are no user-friendly input devices

such as a mouse or touch interface unlike a PC and mobile. In

other words, this environment results in a difficulty in gathering

data that can measure the users’ preference required for the rec-

ommender system. Therefore, in most IPTV recommender systems,

data sparseness occurs and results in inaccurate recommendation

results for users. 

However, in recent years, IPTV providers have also been pro-

viding their mobile OTT services, as shown in Table 2 . Because a

similarity exists between the data collected in the IPTV and OTT

services, this information fusion approach affects the performance

of the IPTV VOD recommender system. In addition, we propose a

fine-grained preference value of users for items ( r a,i ) by weighing

the average preference of the movie genre. 

In this study, we denote r IPT V 
a,i 

and r OT T 
a,i 

as the preference values

of user a for item i in the IPTV and OTT services, respectively. The

final preference value for our proposed IPTV VOD recommender

system is calculated by adding the genre weights to each pref-

erence value and combining them. First, we measure the average

preference values for the movie genres and define the preference

vectors of user a for genre g in the IPTV and OTT services as

Eqs. (20) and (21) . 

r IPT V 
a,g = 

(
r̄ IPT V 

a, g 1 
r̄ IPT V 

a, g 2 
... r̄ IPT V 

a, g n 

)
(20)

r OT T 
a,g = 

(
r̄ OT T 

a, g 1 
r̄ OT T 

a, g 2 
... r̄ OT T 

a, g n 

)
(21)

where r̄ IPT V 
a, g n 

and r̄ OT T 
a, g n 

are the average preference value of r IPT V 
a, g n 

and

r OT T 
a, g n 

, and n is the number of genre. Furthermore, the range of

each vector value of r IPT V 
a,g and r OT T 

a,g is normalized between 0 and

1 through min-max normalization. 

Additionally, we define the item-genre vector i g to measure the

genre weight. This vector represents the genres included in the

item i and is defined as Eq. (22) . 

i g n = 

{
1 i f i includes g n 
0 else 

i g = 

(
i g 1 i g 2 ... i g n 

) (22)
The final genre weight is measured by the inner product be-

ween the genre preference vector of the user (i.e., r IPT V 
u,g and r OT T 

u,g )

nd item-genre vector i g . Eqs. (23) and (24) represent the genre

eights of the IPTV and OTT services, respectively. 

 

IPT V 
a,i = 

i g · r IPT V 
a,g 

‖ 

i g ‖ 

2 
(23)

 

OT T 
a,i = 

i g · r OT T 
a,g 

‖ 

i g ‖ 

2 
(24)

The fine-grained preference value of user a for item i is com-

uted by adding the genre weight to the original preference value

 a,i . In addition, we consider the interval of rating d . For example,

f the rating is 1, 2, 3, 4, 5, d corresponds to 1, however, if the

ating is 0.5, 1, …, 4.5, 5, then d corresponds to 0.5. This interval

alue could prevent low rating items from becoming higher than

he high rating items (i.e., if r a, i 1 
= 4 and r a, i 2 

= 5 , r a, i 1 
will never

ecome higher than r a, i 2 
). Eqs. (25) and (26) indicate the fine-

rained preference values for IPTV and OTT services, respectively,

nd Eq. (27) represents the final fine-grained preference value for

ur IPTV VOD recommender system in this study. 

 

′ IPT V 
a,i = dw 

IPT V 
a,i + r 

′ IPT V 
a,i (25)

 

′ OT T 
a,i = dw 

OT T 
a,i + r 

′ OT T 
a,i (26)

 a,i = 

⎧ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎩ 

r 
′ IPT V 
a,i 

i f r 
′ IPT V 
a,i 

� = null and r 
′ OT T 
a,i 

= null 

r OT T 
a,i 

el se i f r 
′ IPT V 
a,i 

= nul l and r 
′ OT T 
a,i 

� = nul l (
r 

′ IPT V 
a,i 

+ r 
′ OT T 
a,i 

)
/ 2 el se i f r 

′ IPT V 
a,i 

� = nul l and r 
′ OT T 
a,i 

� = nul l 

null else 

(27)

Step 3. Generating recommendation results . In this study, we

tilize PMF, i.e., Eqs. (13) and (16) , as an IPTV VOD recommender

lgorithm because it guarantees high performance in most do-

ains. In addition, we utilize SGD, i.e., Eqs. (10) –(12) , as a learning

ethod for the model-based approach. 

. Experiments and evaluation 

We conducted an experiment and validated the superiority of

ur proposed information fusion approach for the IPTV VOD rec-

mmender system. We utilized RMSE, MAE, precision, recall, and

1-measure as the accuracy metrics to compare the results of

nly IPTV data and integration of IPTV and OTT data. In addition,

e evaluated memory-based and model-based recommender al-

orithms. The former consists of user-based CF ( Jin et al., 2017 ;

im, Kim et al., 2012 ; Kim, Song et al., 2012 ; Ullah et al., 2014 ; Xiao

 He, 2012 ; Yang et al., 2014 , 2015 ) and item-based CF ( Cremonesi

 Turrin, 2010 ; Yang et al., 2015 ) based on the PCC and COS, and

he latter consists of NMF ( Luo et al., 2014 ), SVD ++ ( Koren, 2008 ),

nd PMF ( Cremonesi & Turrin, 2010 ; Xin & Steck, 2011 ). 
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Table 3 

Dataset for experiment. 

#Users # Ratings #Items #Genres 

IPTV OTT Active users IPTV OTT 

155,906 82,841 2957 213,074 82,827 636 21 
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Fig. 3. Accuracy of various recommender algorithms for an IPTV VOD recommender 

system. 

w  

i  

p  

I

 

g  

b  

s  

Table 4 

Accuracy improvement ratio when OTT data are added to IPTV data (%). 

Algorithms RMSE MAE 

User-based CF COS 6.78 8.20 

PCC 6.59 7.18 

Item-based CF COS 3.27 5.09 

PCC −0.88 1.37 

SVD ++ 3.68 5.41 
.1. Dataset 

In this study, we utilized the data related to the explicit pref-

rence information of users in the Korean IPTV and OTT services

rovided by Zinnaworks Inc. as shown in Table 3 . First, based on

0 0 0 popular movies, we collected the information of users who

ated those movies. We extracted 155,906 IPTV users and 82,841

TT users, and they had 213,074 ratings and 82,827 ratings re-

pectively. Subsequently, to ensure a precise experiment, we found

957 active users who have many ratings and both IPTV and OTT

Ds in the provided raw data. In addition, we collected the genre

nformation related to each item by utilizing an open API in the

orean Film Council (KOFIC) . 2 KOFIC divides the movie genre into

1 categories, such as drama, comedy, action, melodrama/romance,

hriller, mystery, horror, adventure, crime, family, fantasy, SF, west-

rn, historical drama, animation, documentary, war, musical, adult,

erformance, and unknown. 

.2. Accuracy of recommender algorithm 

We validated the quality of the recommendation results from

ur IPTV VOD recommender system using the RMSE and MAE.

hey are widely utilized to measure the accuracy of recommender

lgorithms for IPTV systems ( Ullah et al., 2014 ; Yang et al., 2014 ).

y measuring them, we first verified that extending the data of

he IPTV VOD recommender system through OTT data improved

he recommendation performance. Furthermore, we proved that

MF is more accurate than other recommender algorithms, such

s user-based CF, item-based CF, SVD ++ , and NMF. 

The RMSE and MAE calculate the difference between predicted

nd original ratings ( Bobadilla et al., 2013 ; Seo et al., 2017 ). In

ther words, they are the error measurements of the predicted

ating calculated by the recommender algorithms. Therefore, the

maller the MAE and RMSE values, the better is the recommenda-

ion performance. To measure the RMSE and MAE, we must obtain

 set of items of which the predicted and original ratings are not

ull values, and this set is defined by Eq. (28) , where I a implies all

tems are rated by user a . 

ˆ 
 a = 

{
i ∈ I a | r a,i � = null ∧ ̂

 r a,i � = null 
}

(28) 

After obtaining a ˆ R a , we can easily compute the RMSE and MAE

hat are defined in Eqs. (29) and (30) , respectively, as follows: 

AE = 

1 

| U | 
∑ 

a ∈ U 

( 

1 ∣∣ ˆ R a 

∣∣ ∑ 

i ∈ ̂ R a 

∣∣r a,i − ˆ r a,i 

∣∣) 

(29) 

MSE = 

1 

| U | 
∑ 

a ∈ U 

√ 

1 ∣∣ ˆ R a 

∣∣ ∑ 

i ∈ ̂ R a 

(
r a,i − ˆ r a,i 

)2 
(30) 

here U denotes all users in the recommender system. 

Fig. 3 represents the results of accuracy with regard to vari-

us recommender algorithms including PMF. As shown in Fig. 3 ,

he accuracy of the recommender algorithms was improved in all

ases, except in the RMSE of item-based CF. Table 4 represents

he accuracy improvement rate when IPTV data are supplemented
2 http://www.kobis.or.kr/ 
ith OTT data in detail. According to the accuracy results shown

n Fig. 3 and Table 4 , we verified that the information fusion ap-

roach that combined IPTV and OTT data could be beneficial to the

PTV VOD recommender system. 

Furthermore, we describe the experimental results of each al-

orithm in more detail as follows. First, we compare the memory-

ased methods with model-based methods. The former corre-

ponds to item-based CF and user-based CF, while the latter
NMF 6.06 9.14 

PMF 4.32 5.99 

http://www.kobis.or.kr/
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Table 5 

Satisfaction improvement ratio when OTT data are added to IPTV data (%). 

Algorithms Precision Recall F1 

k = 5 k = 10 k = 5 k = 10 k = 5 k = 10 

User-based CF COS 32.04 28.85 3.20 1.81 27.30 26.45 

PCC 26.89 27.45 1.35 0.57 22.69 25.01 

Item-based CF COS 38.99 38.47 8.28 7.68 33.93 35.68 

PCC 52.21 51.58 13.46 13.75 45.69 48.11 

SVD ++ 40.47 37.66 8.48 7.94 35.20 34.97 

NMF 52.55 49.81 15.47 14.93 46.35 46.64 

PMF 53.11 52.74 16.84 16.14 47.02 49.38 

d  

2

 

r  

F  

 

t  

p  

f  

b

 

m  

b  

c  

o  

t  

o  

m  

t  

l  

w  

r

 

a  

p  

r  

o  

t  

i  

t  

s  

t  

(  

2

 

a  

s  

c  

b  

e  

w  

u  

b  
corresponds to SVD ++ , NMF, PMF. As with previous studies

( Lee, Sun & Lebanon, 2012 ; Ma, 2013 ), all model-based methods

demonstrated higher accuracy than memory-based methods. In the

IPTV environment, the ratio of ratings in the user-to-rating ma-

trix is extremely low. This affects the accuracy of the recommender

algorithms, especially memory-based approaches because they fo-

cus on measuring similarity based on ratings. Next, comparing be-

tween the two memory-based methods, item-based CF demon-

strated better accuracy than user-based CF. The number of users

rated for one item is typically higher than the number of ratings

for one user; as such, similarity of item-based CF is measured more

exactly than that of user-based CF. Therefore, the performance of

item-based CF is generally better because the accuracy of similarity

measurement affects the performance of the overall recommender

system. In the case of SVD ++ , the accuracy was almost similar

to those of PMF but slightly lower. As SVD ++ considers both the

implicit and explicit ratings, it generally demonstrates higher ac-

curacy than when only explicit rating is considered. However, in

the IPTV environment, SVD ++ is not an appropriate method when

only the number of ratings is considered as an implicit rating. In

the case of NMF, this algorithm has been utilized in many research

areas because it is highly effective for clustering similar patterns of

latent features. However, in NMF, the results were not consistent

in particular, and it did not guarantee the performance in recom-

mender systems. In Fig. 3 , we verified that the accuracy of NMF

was generally lower than those of other model-based methods. Fi-

nally, PMF outperformed other recommender algorithms, in partic-

ular, user-based CF, item-based CF, and NMF as shown in Fig. 3 .

Their accuracies were almost similar to that of SVD ++ , but their

overall performance is relatively higher than that of SVD ++ be-

cause their calculation costs were much lower than that of SVD ++ .

5.3. Quality of users’ satisfaction for recommended items 

Although the RMSE and MAE are suitable metrics to mea-

sure the accuracy of recommender algorithms, they cannot be

used to evaluate the satisfaction of users for recommended items.

Therefore, we utilized precision, recall, and f1-measure to quan-

tify the satisfaction of users ( Bobadilla et al., 2013 ; Seo et al.,

2017 ). These metrics have been utilized in various recommender

system studies; they indicate the number of movies that have in-

terested users in a recommended items list. Park et al. (2010) uti-

lized precision to evaluate their hybrid IPTV VOD recommender

system. Bambini et al. (2011) used recall to compute the perfor-

mance of their channel recommendation in an actual IPTV en-

vironment (i.e., ContentWise 3 recommender system in Fastweb 4 ).

Park, Oh et al. (2017) validated their real-time IPTV recommender

system based on precision, recall, and f1-measure. 

If Z a implies the set of k recommended results (i.e., items) to

user a , Eqs. (31) and (32) represent the special sets for calculating

precision, recall, and f1-measure. 

L k a = { i ∈ Z a | r a,i ≥ θ} (31)

P k a = { i ∈ I a | r a,i ≥ θ} (32)

L k a and P k a denote the number of items that user a prefers in the

set of Z a and I a , respectively; that is to say, the number of items

that exceed a certain threshold θ . After defining L k a and P k a , we can

calculate the precision, recall, and f1-measure. Eqs. (33) –(35) in-
3 https://www.contentwise.tv/ 
4 https://www.fastweb.com/ 

i  

a  

I  

m  
icate how they are calculated ( Bobadilla et al., 2013 ; Seo et al.,

017 ). 

precision = 

1 

| U | 
∑ 

a ∈ U 

∣∣L k a 

∣∣
k 

(33)

ecall = 

1 

| U | 
∑ 

a ∈ U 

∣∣L k a 

∣∣∣∣P k a 

∣∣ (34)

 1 = 

2 × precision × recall 

precision + recall 
(35)

Precision indicates the ratio of preferred items for users from

he top k recommended items, while recall indicates the ratio of

referred items in the top k recommended items from all the pre-

erred items of the users. In addition, the f1-measure considers

oth the precision and recall. 

Figs. 4 and 5 represent the results of precision, recall, and f1-

easure for the IPTV VOD recommender system. We set the num-

er of top k recommended results to 5 and 10 (i.e., k = 5, 10). In

ase of utilizing only IPTV data, we verified that the performance

f model-based methods including PMF was slightly lower than

hose of memory-based methods. This is because a small number

f preference information of users affects the users’ satisfaction

easurements, such as precision, recall, and f1-measure; hence,

he precise measurements are difficult to compute. Particularly, the

ow preference ratio affects the performance of precision. In other

ords, as shown in Figs. 4 and 5 , precision is much lower than

ecall in all cases. 

However, the results of all algorithms improved when the IPTV

nd OTT data were integrated with the results of Figs. 4 and 5 . In

articular, as shown in Table 5 , precision increased by about 42%,

ecall by about 9%, and f1-measure by about 37% as compared with

nly utilizing IPTV data. Among all algorithms, PMF demonstrated

he best results of the users’ satisfaction measurements and their

mprovement ratios in all cases as expected. In addition, unlike

he results of RMSE and MAE, item-based CF demonstrated higher

atisfaction measurements than NMF and SVD ++ , and a similar

endency was often observed in other IPTV recommender systems

 Bambini et al., 2011 ; Cremonesi & Turrin, 2010 ; Cremonesi et al.,

011 ). 

We tested two aspects, i.e., the accuracy of the recommender

lgorithms and the satisfaction measurements of users, to demon-

trate the effectiveness of IPTV and OTT data integration. The ac-

uracy of model-based methods was better than those of memory-

ased methods in all cases. Meanwhile, memory-based methods

xhibited higher satisfaction of users than model-based methods

hen only IPTV data were used. In particular, the satisfaction val-

es of item-based CF were improved significantly in the memory-

ased method when IPTV and OTT data were integrated. However,

n this study, we focused on the integration of IPTV and OTT data

nd confirmed that this integration affected the performance of the

PTV VOD recommender system positively. In addition, the perfor-

ance of PMF was the best when OTT data were added to the IPTV

https://www.contentwise.tv/
https://www.fastweb.com/


Y.-D. Seo, E. Lee and Y.-G. Kim / Expert Systems With Applications 143 (2020) 113045 11 

Fig. 4. Results of precision, recall, and f1-measure (Number of top k results corre- 

spond to 5). 

Fig. 5. Results of precision, recall, and f1-measure (Number of top k results corre- 

spond to 10). 
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data in our evaluations; therefore, we verified that PMF guaranteed

high effectiveness in the IPTV domain. 

6. Discussion 

In this study, there are some limitations because the type of

provided data was not diverse. First, we only considered a case

when IPTV service company serves both IPTV and OTT services but

not a case when IPTV service company partners with OTT service

company to provide OTT service. In the latter case, it is possible to

apply our proposed method if information sharing between differ-

ent IPTV and OTT companies would be possible. However, without

information sharing between two different companies, it is hard to

apply our proposed method technically or legally. Furthermore, we

utilized PMF as our recommender algorithm and other CF methods

as the baseline algorithms, but did not considered tensor factoriza-

tion even though it is a newly popular algorithm. Tensor factoriza-

tion was not a suitable algorithm for our VOD recommender sys-

tem based on explicit preference information and a 2-dimensional

matrix (i.e., user-to-item matrix) using this information, because

we need an N-dimensional matrix rather than 2-dimensional ma-

trix to utilize it. 

7. Conclusion 

In this study, we proposed a novel integration method of IPTV

and OTT for the IPTV VOD recommender system. The data spar-

sity problem of the IPTV recommender system could be solved by

supplementing the IPTV data with OTT data. In addition, PMF was

utilized as an algorithm in our recommender system to guarantee

a high-performance recommendation. According to the actual IPTV

data in Korea, we conducted comparative evaluations based on var-

ious metrics, such as RMSE, MAE, precision, recall, and f1-measure,

to validate our explicit information fusion method for IPTV VOD

recommendation. The experimental results indicated that the ad-

dition of OTT data solved the data sparseness problem and im-

proved the performance of the IPTV VOD recommender system in

all recommender algorithms, except RMSE of item-based CF based

on PCC. In particular, PMF outperformed the other algorithms and

showed higher performance increasement in all metrics when sup-

plementing the IPTV data with OTT data. 

In the future work, we will intend to extract user’s behavior in-

formation that improves the performance of VOD recommendation

based on tensor factorization. Furthermore, there existed channel

recommendation as well as VOD in the IPTV recommender system.

Therefore, we will propose an IPTV channel recommender system

by collecting the IPTV watching logs of users and measuring the

channel preference of users based on these log data. 
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