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As personal devices and pervasive technologies for interacting with networked objects continue to proliferate, there is 
an unprecedented world of scattered pieces of contextualized information available. However, the explosive growth and 
variety of information ironically lead users and service providers to make poor decision. In this situation, recommender 
systems may be a valuable alternative for dealing with these information overload. But they failed to utilize various types 
of contextual information. In this study, we suggest a methodology for context-aware recommender systems based on the 
concept of contextual boundary. First, as we suggest contextual boundary-based profiling which reflects contextual data 
with proper interpretation and structure, we attempt to solve complexity problem in context-aware recommender systems. 
Second, in neighbor formation with contextual information, our methodology can be expected to solve sparsity and 
cold-start problem in traditional recommender systems. Finally, we suggest a methodology about context support 
score-based recommendation generation. Consequently, our methodology can be first step for expanding application of 
researches on recommender systems. Moreover, as we suggest a flexible model with consideration of new technological 
development, it will show high performance regardless of their domains. Therefore, we expect that marketers or service 
providers can easily adopt according to their technical support.
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1. Introduction

As personal devices (e.g., smart phone or 
wearable devices) and pervasive technologies for 

interacting with networked objects in IoT (Internet 
of Things) environments continue to proliferate, 
there is an unprecedented world of scattered pieces 
of contextualized information available (Gershenfeld 
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et al., 2004; Lee and Hong, 2011). However, the 
explosive growth and variety of information with 
these technologies ironically lead users and service 
providers to make poor decision because they are 
hard to be interpreted and structured (Zhang et al., 
2011).

In this situation, recommender systems may 
be a valuable alternative for dealing with these 
information overload of them (Mulvenna et al., 
2000; Garcia-Molina et al., 2011). But they failed 
to utilize various types of contextual information as 
traditional recommender systems (e.g., collaborative 
filtering systems, and so on) only consider user 
explicit or implicit ratings (Konstan, 2004; 
Adomavicius et al., 2005). Therefore, such environments 
offer unique challenges to researcher of recommender 
systems which do not typically consider information 
about where and when a particular user accesses 
(Adomavicius and Tuzhilin, 2005). Recently, as it 
is important to cope with challenges to use these 
contextual information into the recommendation 
system in order to make a recommendation list 
under certain situation of the user, many applications 
called context-aware recommender systems (CARS) 
have been attempted.

With the evolution of computing paradigm, 
we should consider some important things in context- 
aware recommender systems. First, the propagation 
of personal devices such as wearable devices and 
the development of sensing technologies extremely 
increase the amount of data dealing with. Context- 
aware recommender systems are performed based 
on not only preferences of users and item profiles 
in their generation of recommendation, but also 

contextual information such as location, time, or 
weather. Moreover, these data need suitable 
interpretation based on knowledge from experts and 
taxonomies. Therefore, with the development of 
technologies, studies for context-aware recommender 
systems should solve complexity problem for 
composing user profiles. Second, in IoT 
environment, their devices spontaneously interact 
with each other. Therefore, each interaction in an 
efficient manner gradually updates the current users’ 
context. That is, as they track users’ behavior in 
real-time, recommendations should be consistently 
fitted by users’ current context and systems should 
be activate interactively in real-time. Lastly, 
plentiful data set related with users such as 
contextual information can be utilized to infer their 
preferences. Therefore, as we suggest a novel user 
model with consideration of contextual information, 
our methodology is also expected to solve sparsity 
and cold-start problem in traditional recommender 
systems.

Consequently, in this study, we suggest a 
methodology for context-aware recommender systems 
based on the concept of contextual boundary. First, 
as we suggest contextual boundary-based profiling 
which reflects contextual data with proper interpretation 
and structure, we attempt to solve complexity 
problem in context-aware recommender systems. 
Second, in neighbor formation with contextual 
information, our methodology can be expected to 
solve sparsity and cold-start problem in traditional 
recommender systems. Because, with contextual 
boundary of the target user in recommendation 
process, our methodology decide candidate neighbor 
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Definition

Brown et al.(1997) location, who they are with, time of day, season of the year, temperature, and so fourth

Ryan et al.(1998) location, time, temperature, user identity

Dey(1998) information the user is attending to, emotional state, focus of attention, location and 
orientation, date and time of day, objects and people in the user’s environment

Dey et al.(1998) any information about the user and the environment that can be used to enhance the 
user’s experiences

<Table 1> Definition of context

set of the target user before neighbor formation 
stage, it can recommend items even their users 
have no purchase records or their data set is 
sparse. Finally, we suggest a methodology about 
context support score-based recommendation 
generation. Although typical recommender systems 
generate recommendation lists based on similarity 
between neighbors, we attempt to consider 
interactivity in our methodology as it regenerates 
recommendation lists according to the target user’s 
current context. 

2. Related Work

As a kind of personalization technics, 
recommender systems traditionally are performed 
based upon a two-dimensional matrix representation 
of preferences (N×M; N users by M products). 
However, Adomavicius et al.(2005) suggest that 
each users under various situations may have 
different preferences and needs according to their 
context. Therefore, with the development of 
technologies, contextual information recently is 
considered as additional valuable information 

sources to inference the user preference. Context in 
recommender systems refers to any information 
which express the current situation of an entity 
including the user (Kim et al., 2007). Although it 
have been defined by various researchers in 
recommendation studies such as Table 1, the 
definition of context in this study is derived from 
Dey et al.(1998).

In the last decades, there are many attempts 
to using these contextual information in their 
generation of a recommendation list. Especially, 
Adomavicius and Tuzhilin(2005) suggest three 
paradigms for context-aware recommender systems 
such as Figure 1.

(a) Contextual pre-filtering : contextual 
information is used to make contextualized data set 
which is filtered data set according to the specific 
context of users

(b) Contextual post-filtering : although 
contextual information is ignored in initial stage of 
recommendation process, the initial recommendation 
list though recommender systems is adjusted 
according to each user’s situation (i.e., context)

(c) Contextual modeling : using contextual 
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<Figure 1> Paradigms for CARS

<Figure 2> Conceptual model for methodology

model for recommendation process as a factor to 
estimate preference, they directly use contextual 
information to generate a recommendation list.

In this study, such as Figure 2, we attempt 
to combine three paradigms as mentioned above. 
First, in the case of existing user, we adopted 
contextual modeling concept with a user model 
based on contextual boundary for his/her 
recommendations. On the other hand, in the case 
of new user, we adopted contextual pre-filtering 
based on the current context boundary of the user. 
Second, in the perspective of contextual 
post-filtering, our methodology filters initial 

recommendation lists according to the target user’s 
contextual boundary in the contextual space.

3. Methodology

2.1. Overall Procedure

Based on conceptual model, an overall 
procedure of our methodology is composed of two 
phases; contextual boundary-based profiling and 
context support score-based recommendation 
generation. In contextual boundary-based profiling 
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<Figure 3> Overall procedure

phase, according to the current context of the 
target user, we determine n-minded neighbors 
utilizing contextual boundary of the target user and 
existing user profile. And then we generate a 
recommendation list utilizing context support score 
and neighbors’ opinion for products in context 
support score-based recommendation generation 
phase. Detailed procedure of our methodology is 
shown as Figure 3.

Before description of our methodology, we 
first define user profile and product context profile. 
According to contextual data description based on 
the knowledge of experts and taxonomies, a user 
profile is defined as a collection of his/her sensing 
data from various devices and purchasing records. 

Therefore, our user profile is composed of two 
parts; the matrix of product preference ratings ∀ , ∈  and context preference ratings ∀ , ∈ . First, the product preference 
ratings are defined as

, 1, 	 	 	0, 																																													
(1)

where  means the   user and  means 

the   product. Hence, when user  purchases 
the product , the user ratings is 1. Second, the 

context preference ratings are defined as
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, 	1, 	 	 	 		0, 																																	
(2)

where  means   context dimension and  

means   context in   context dimension. 
Therefore, each context description is involved in 
a certain context dimension. Namely, the context 
preference ratings are in a contextual space of each 
user.

On the other hand, a product context profile 
is a collection of sensing data which is obtained 
when users purchased it. Likewise the context 
preference rating of users, the product context 
profiles are defined as

, 	1, 	 	 	 		0, 																																
(3)

These profiles are utilized as source of 
recommendations. Especially, in the case of new 
user, user profile is narrowly used.

2.2. Phase 1: Contextual Boundary-based 
Profiling

When the target user requests a recommendation 
list, we first update his/her context preference 

ratings with a current context , , ⋯ , . If the target user   
requests a recommendation list at  , 

context preference rating of the target user   will 

be temporarily updated following as

, # 	 1# 	 	 1		 ∈# 	# 	 	 1			 ∉
(4)

As mentioned above, in the case of new 
user which does not have user profile, its context 
preference rating is defined as

, 1 ∈0 ∉ (5)

After updating the target user profile, we 
determine the centroid and range of contextual 
boundary of the target user. Contextual boundary 
refers to approximate preference for each context. 
In our methodology, the centroid of contextual 
boundary   is equal with the updated 

context preference rating , ∈ . 
That is, we use only context preference ratings 
related with the current context of the target user. 
And the range of contextual boundary is defined as γ  where γ  is a parameter for the 
range (0 γ 1 . Therefore, the bigger  mean 
the more indifferent of context preference ratings.

As a last step of contextual boundary-based 
profiling, we determine n neighbors for the target 
user. In this step, we first find candidate neighbors 
of the target user utilizing context preference 
ratings and boundary. Candidate neighbors means 
users in the condition of

γ ∀ , γ
(6)
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where , ∈ . That is, candidate 
neighbors refer to users who have similar context 
preference with the target user in the current 
context. After finding candidate neighbors, we 
calculate the similarity between the target user and 
candidate neighbors. But if the target user is new 
user, we will not calculate the similarity and n 
neighbors are equal with candidate neighbors. 
Similarity between the target user   and the 

candidate neighbor   is calculated as 

	 , ∑ , ,∑ , ∑ ,
(7)

where similarity denotes Pearson correlation 
which is well-known approach in collaborative 
filtering systems. According to the similarity between 
users, we can determine top-n neighbors in candidate 
neighbors.

2.3. Phase 2: Context Support Score-based 
Recommendation Generation

In phase 2, we generate a recommendation 
list based on context support score. For this 
purpose, we first generate an initial recommendation 
list for the target user. The initial recommendation 
list is created along with the purchase likelihood 
score (PLS) (Adomavicius and Tuzhilin, 2005). 
We suggest two ways to calculate the PLS whether 
the target user is new or existing user.

	 , ∑ ,∈#	 (8)

, ∑ , ,∈ ∑ ,∈
(9)

Here, equation (8) is the simplest case 
which has some drawbacks that the similarity 
measure is not considered and it is easily affected 
deviation of ratings. But because new user has not 
similarity value, equation (8) is utilized for new 
user. In the case of existing user, with the 
similarity measure, equation (9) is utilized. As the 
higher the purchase likelihood score mean the 
higher probability that the target user will purchase 
the product, we generate top-k initial recommendation 
list according to their purchase likelihood score.

Before generating the recommendation list, 
for contextual post-filtering, we evaluate the context 
support score of products in the initial 
recommendation list. The context support score of 
the target user   to the product  is defined as

, 	 ,∈
(10)

Finally, as the higher context support score 
mean the more purchases in the current context of 
the target user, we sort the products according to 
their context support score and return N products 
with the high context support score among the 
initial recommendation list.

4. An Illustrative Example

To help readers understating better, we now 
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weather time date

sunny cloudy rain 09～12 12～15 15～18 weekday weekend holiday

4 0 6 8 2 0 5 5 0

2 3 0 0 3 2 0 1 4

1 4 5 2 2 6 3 3 4

<Table 2> Raw data for an example

Context()

weather() time() date()

sunny

( )

cloudy

( )

rain

( )

09～12

( )

12～15

( )

15～18

( )

weekday

( )

weekend

( )

holiday

( )

0.4 0 0.6 0.8 0.2 0 0.5 0.5 0

0.4 0.6 0 0 0.6 0.4 0 0.2 0.8

0.1 0.4 0.5 0.2 0.2 0.6 0.3 0.3 0.4

<Table 3> Contextual data description

weather() time() date()

sunny

( )

cloudy

( )

rain

( )

09～12

( )

12～15

( )

15～18

( )

weekday

( )

weekend

( )

holiday

( )

 1 2 6 3 4 2 0 1 8

<Table 4> Target use rprofile

present an example. Especially, as our methodology 
takes account of the contextual space concept and 
is based on traditional collaborative filtering 
technics, we explain with an illustrative example to 
show. Table 2 represents raw data description for 
contextual data description in this section.

In Table 2, a value in raw data means the 
number of purchases at each context which is 
classified by a taxonomy. Using this raw data, we 
make a user profile according to contextual data 
description such as Table 3.

According to a taxonomy, our example has 
three contextual dimension; weather(), time

(), and date(). And each dimension has three 

contexts in it. A value in Table 3 means the 
context preference rating of each user. For 
example, the context rating of sunny   for user 

  is evaluated as 

, # 	 	 	 	# 	 	 	1
        

44 0 6 0.4
Based on contextual data description, suppose 

that the target user  requests a recommendation in 
{sunny(); 12~15(); weekend()}. So the 
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weather() time() date()

sunny

( )

cloudy

( )

rain

( )

09～12

( )

12～15

( )

15～18

( )

weekday

( )

weekend

( )

holiday

( )

 0.2 0.2 0.6 0.3 0.5 0.2 0 0.2 0.8

<Table 5> Updated profile of the target user

weather() time() date()

sunny

( )

12～15

( )

weekend

( )

 0.2 0.5 0.2

 0.4 0.2 0.5

 0.4 0.6 0.2

 0.1 0.2 0.3

<Table 6> Contextual space of the target user

current context of the target user is , , . If the target user   has a user 
profile like Table 4, his/her context preference 
ratings are updated following as Table 5 when the 
target user request a recommendation list.

That is, a context such as sunny() which 

includes in   is updated by#		 	 	 	 1#	 	 	 	 	 	 	 1  

like 
1 19 1 0.2, otherwise they are updated by #		 	 	 	#	 	 	 	 	 	 1 

like 
29 1 0.2.

Based on this updated profile, we composed 
of the contextual space of the target user according 
to the current context. In this example, three 
context dimension and the contextual space are 

composed such as Table 6 according to  
and the centroid of the target user is 0.2, 0.5, 0.2 . If we set a range 
parameter  to 0.3, the contextual boundary of the 
target user is 0.3. The shaded areas in 
Table 6 mean that the value is located in the 
contextual boundary. Figure 4 represents a 
conceptual graphic of the contextual boundary.

<Figure 4> Conceptual graphic of the 
contextual boundary
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weather() time() date()

sunny

( )

cloudy

( )

rain

( )

09～12

( )

12～15

( )

15～18

( )

weekday

( )

weekend

( )

holiday

( )

 0.4 0.6 0 0 0.6 0.4 0 02 0.8

 0.1 0.4 0.5 0.2 0.2 0.6 0.3 0.3 0.4

<Table 7> Product context profile

Therefore,   is only selected as a candidate 

neighbor. Until now we only explain the concept 
of context awareness in our methodology, we leave 
similarity calculation and neighbor selection out of 
this section. That is, candidate neighbors are equal 
to neighbor list of the target user.

To simplify the recommendation generation 
process, suppose that   only purchased two 

products and their purchase likelihood scores are 
equal. That is, we only consider context support 
scores of products in this example. Therefore, an 
initial recommendation list is composed of products 
  and  . An example of product context profile 

is represented as Table 7.
For generation of a recommendation list, we 

evaluate the context support score of products 
based on product context profile and the current 
context of the target user. Shaded areas in Table 7 
means contexts which are satisfied by  . In 

this example, the context support score of each 
product is following as

	 	 , ,∈0.4 0.6 0.2 1.2

, 	 ,∈0.1 0.2 0.3 0.6
Consequently, our methodology recommends 

a product   to the target user   according to the 

context support score.

5. Conclusion

In this study, we propose a novel approach 
for context-aware recommender systems (CARS). 
Technological development has made us enhance 
our life, but the explosive growth and variety of 
data and information sometimes lead us to make 
wrong decision due to information overload 
problem. Fortunately, from information retrieval, 
recommender systems as a kind of personalization 
technics are alternatives for coping with this 
problem (Kim et al., 2009). Over a decade, as it 
has being important to use the contextual 
information as valuable inference sources, context- 
aware recommender systems receive attentions 
from researchers. Especially, thanks to the 
development of information technologies such as 
IoT, there is data everywhere and it is useful 
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source of generating a recommendation. However, 
with the evolution of computing paradigm, we 
should consider three things for improving 
context-aware recommender systems. First of all, 
as context-aware recommender systems for the 
current age should use various type of contextual 
information, they needs suitable interpretation and 
to solve complexity problem for composing user 
profiles. Second, interaction between devices play 
a key role to update the current users’ prediction 
in real-time. Therefore, their recommendation 
technics should be designed that they can track 
users’ current context and active interactively in 
real-time. Finally, using plentiful data set related 
with users, recommender systems should solve 
sparsity and cold-start problem.

Based on these considerations, we suggest a 
methodology for based on the concept of contextual 
boundary. Contextual boundary means the 
approximate preferences for their contexts in user 
profile. Through this concept, we first attempt to 
solve complexity problem dealing with descriptive 
value of contexts by taxonomies of experts. Moreover, 
with this concept, our methodology also tries to 
solve sparsity and cold-start problem in the 
traditional collaborative filtering systems. Second, 
although typical recommender systems generate 
recommendation lists based on similarity between 
neighbors, we also attempt to consider interactivity 
and real-time computation in our methodology as 
it regenerates recommendation lists according to 
the target user’s current context.

In the perspective of application for recommender 
systems, their applications have been restricted in 

e-commerce due to several limitations. However, 
as new technologies available, researchers in 
recommender systems have recognized real-world 
market (e.g., department store, exhibition, or 
tourism) as a new opportunity. Therefore our 
methodology can be first step for expanding 
application of researches on recommender systems. 
Moreover, as we suggest a flexible model with 
consideration of new technological development, it 
will show high performance regardless of their 
domains. Therefore, we expect that marketers or 
service providers can easily adopt according to 
their technical support. 

However, there are some limitations of our 
study. In the determination of the centroid and the 
range for contextual boundary, we just determine 
them with a parameter settings. And we assume 
that a user has approximate preferences for 
contexts. Therefore, for future works, with the 
in-depth consideration of precise user models, we 
will expand and develop our methodology.
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국문요약

상황 정보를 이용한 개인화 추천 방법 개발*

1)문현실**ㆍ최일영***ㆍ김재경**†

`
최근 개인 단말기의 보급과 객체간의 네트워크 연결이 확산됨에 따라 방대한 양의 상황 정보들이 

수집되고 있지만 역설적으로 사용자들과 서비스 제공자들은 정보의 홍수 속에서 종종 잘못된 의사결

정을 내리고 있다. 이러한 정보 과부하 문제를 해결하기 위해 추천 시스템은 좋은 대안이 될 수 있지만 

전통적인 추천 시스템은 다양한 형태의 상황 정보 사용에 한계를 보이고 있다. 또한 획득 가능한 상황

정보가 다양해지고 방대해짐에 따라 이를 활용한 추천 시스템은 복잡성의 문제를 해결해야 하며 지속

적으로 변화되는 사용자 선호 및 상황에 부합할 수 있도록 실시간 서비스가 가능하도록 설계되어야 

한다. 따라서 본 연구에서는 상황 영역의 개념을 기반으로 한 상황 인식 추천 서비스 방법론을 제안하

여 추천 시스템에서 상황정보를 활용하는 한편 복잡성 및 실시간 서비스 제공의 문제를 해결하려 한

다. 먼저 적절한 해석과 구조로 상황 데이터를 사용자 프로필에 반영할 수 있도록 상황 영역 개념에 

기반한 프로파일링을 제안함에 따라 기존의 상황 인식 추천 시스템이 가지고 있던 복잡성의 한계를 

해결하고자 한다. 다음으로 목표 사용자의 상황 영역에 기반한 이웃 집단 탐색으로 추천 시스템의 희

박성과 신규 사용자 문제를 해결하는 한편 현재의 상황 정보에 대한 해석으로 도출되는 상황 지지 점

수를 기반으로 한 추천 목록을 생성하여 실시간 서비스가 가능한 방법론을 제안한다. 결론적으로 본 

연구에서 제안하는 방법론은 추천 시스템의 적용 영역을 확장하는 연구가 될 것으로 기대되며 새로운 

기술 출현을 고려한 유연한 모델을 제안함에 따라 마케팅 담당자나 서비스 제공자들이 쉽게 본 연구에

서 제안하는 방법론을 적용할 수 있으리라 판단된다.
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