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Attributes play an important role in recommendation systems. This paper presents a 

method to enhance the result of a recommendation system through attribute selection 
based on user goals. With a limited amount of data, a recommendation system suffers 
from sparsity problems and cold start problems in collaborative filtering. In order to uti-
lize such data, our method seek to find a set of suitable attributes using goal-driven re-
quirements analysis to provide more timely information of user preferences for the cur-
rent needs of a user. The process of goal-driven analysis is aided by the Analytic Hierar-
chy Process in attribute selection. The experiments show that this method is feasible and 
derives promising results. 
 
Keywords: attributes selection, goal-driven use case analysis, analytic hierarchy process, 
user preferences, recommendation system 
 
 

1. INTRODUCTION 
 
Research in recommendation systems has been active for the last two decades, 

solving information overloading problems to assist users in filtering unnecessary infor-
mation [1, 2]. Applications of recommendation systems appear in social networks, online 
shops, search engines, and service promoting products. In a recommendation system, 
attributes of products and customers are used in calculating the similarity among prod-
ucts and among customers. 

Collaborative filtering is used for recommender systems. Taking a product recom-
mender as an example, collaborative filtering techniques use the past ratings of a current 
customer to find a group of similar customers in order to give recommendations of prod-
ucts that the current customer has not encountered in the past. Despite their usefulness in 
a wide range of applications, collaborative filtering methods still suffer from sparsity 
problems and cold start problems. As an example of a sparsity problem, if a product 
lacks ratings from other customers, then the recommendation of that product may not be 
given [3]. Moreover, as an example of cold start problem, if the user is a new customer, 
finding similar customers becomes a problem since there are no previous ratings to com-
pare with the user [4, 5]. 

A large amount of data is required in a recommending system, and computing all 
combination of attributes is infeasible. Thus, using a set of suitable attributes becomes 
important. However, attributes are usually chosen using expert heuristics, and the dy-
namical change in user preferences is not considered. Instead of solving the sparsity 
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problems or cold start problems by changing the algorithms of similarity measures or 
categorization, we focus on utilizing the attributes in hand to enhance the result of a 
recommendation. The contribution of this paper to the recommendation system research 
field is to leverage the extra information gather through requirements engineering. By 
following the concept analysis of user preference [6], the idea is to identify user attrib-
utes from the user requirements on the service provided by a recommendation system. By 
having a set of attributes more related to user preferences, extra information can be sup-
plied in order to gain better recommendation within the limit of current techniques in 
collaborative filtering. 

The rest of the paper is organized as follows. The next section states the motivation 
of this work and investigates the cold start problem, the sparsity problem, and the evalua-
tion method. Our proposed method is presented in Section 3, and the fourth section pro-
vides the results of our experiments. Finally, the conclusion is given in the last section. 

2. MOTIVATION 

The main challenge is brought by the lack of data introduces the problem of finding 
no similar users for new users. For a new product, it may not be selected if previous rat-
ings are the only feature used in selection. Collaborative filtering relies heavily on user 
ratings, and the system is not able to compute similarity effectively. In order to address 
these problems, the hybrid recommendation techniques have been proposed. Hybrid 
recommendations combine two or more different techniques to gain better efficiency and 
decrease weaknesses [7]. Most commonly, collaborative filtering is combined with some 
other technique in an attempt to exploit benefit of each one of these techniques, such as 
demographic filtering [8], content-based filtering [9] and utility-based filtering [10]. 

These recommenders provide recommendations via referring to user profiles and 
item profiles. A user profile is a collection of individual characteristics information asso-
ciated with a specific user. The information includes demographic information, e.g., age, 
gender, education, occupation, etc., and represents the user’s interests or preferences. 
Item profiles can be used to record the description of the features of each item; for exam-
ple, in a movie recommender system, each movie can be represented by actors, director, 
genre, year of release, etc. The recommendation systems give different results based on 
models of using different features/attributes. Therefore, selecting critical attributes is 
considered an important step in the successful recommender system [11, 12]. 

In the process of attribute selection, the prediction is enhanced by taking into con-
sideration user context information [13]. According to the situation analysis, the system 
can obtain the user’s current needs, and then make recommendations. The concept is an 
application of knowledge-based recommender system [14]. It builds a knowledge base 
with a model of the users and items in order to apply inference techniques and find 
matches between need of users and features of items. In our system, we exploit a know- 
ledge-based approach, named GDUC [15], for building recommendation criteria. A de-
tailed discussion of GDUC will appear in the next section. 

As for evaluating the recommendation result, the Mean Absolute Error (MAE) is 
commonly used [16]. By comparing the recommendation with the actual choice of the 
user, the recommendation is evaluated. The formula in Eq. (1) is given where n is the 
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number of product to predict, ps the rating of product calculated by the system, rs the ac-
tual rating by the user on the product s, and es the difference in ratings. 
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Looking at Eq. (1), the simple goal is to make the value ps as close to rs as possible. 
The techniques in improving the value of ps are discussed in the next section. 

With the above description of the issues associated with a recommendation system, 
we consider attribute selection as a requirements engineering problem. The product rec-
ommended is something to satisfy user requirements. The user requirements are derived 
from the user preferences and the context when the user request is made. We can also 
consider the goal of the user request is to reach that product which satisfy the user re-
quest. Thus, the purpose of our approach is not to solve the sparsity problems or the cold 
start problems by altering the algorithms on similarity measures or categorization, but to 
provide a set of suitable attributes to enhance the recommendation. 

3. PROPOSED METHOD 

3.1 Problem Description 

The main purpose of our study is to find a set of suitable attributes to be used in a 
recommendation system. Thus, our recommendation system is to add a method of attrib-
ute selection into a typical approach in recommendation systems. The existing approach 
in recommendation system [17] follows these phases: 
 
(1) Constructing a user rating matrix 
(2) Constructing a user similarity matrix 
(3) Applying the nearest neighbor method 
(4) Producing prediction/recommendation 
 

The main idea behind the above approach is that the item which you may be inter-
ested in is recommended through finding persons with high similarity values to you. 
However, similarity measures depend on good choice of attributes in categorizing users. 
Based on this reason, we consider preferences of individual users to be used as attributes 
in similarity measure. Furthermore, user preferences may change at times, so context 
needs to be considered. 

Looking for personal preferences, we have employed a requirements engineering 
method in the past [18]. Our approach exploits the Goal-Driven Use-Case (GDUC) anal-
ysis method [15] in deriving user preferences. It consists of the following four steps in 
similarity measures, in which the steps 2 and 3 are performed repeatedly. 
 
(1) Identify the user 
(2) Identify the goals 
(3) Construct the use case model 
(4) Evaluate the goals 



 

1276

analy
whic
summ
low b

 

tribu
matr
simil

 
3.2 D

name
by re
on m
LDO
tors. 
diffe

3.3 M

mod
attrib
in Ta
The 
been

In order to id
ysis with Ana
ch will be use
marizes the st
box is steps o

Fig. 2 shows
ute is selected
rix. According
lar users. This

Dataset 
 
We have eva

ely MovieLen
esearchers in 
movies, and t
OS-CoMoDa c

Both dataset
erent situation

Model Constr

The dataset, 
del constructio
butes like the 
able 1. It con
ratings are giv

n rated by the 

PEI-CHUAN

dentify what a
alytic Hierarch
ed in the reco
teps, where th

of AHP. 

Fig. 

s our recomm
d by the GUD
g to key attrib
s helps recomm

Fig. 2. F

aluated the pe
ns [19] and LD
the study of 

the size of da
contains less 
s will be pres

ns. 

ruction 

u1.base, is p
on uses u1.bas

user ID, item
sists of 100,0
ven in the ran
associated use

N ZHOU, ALAN L

attributes affec
hy Process (A
ommendation 
he blue box in

1. Steps involve

mended system
DC method an

utes which ar
mendation eff

Flowchart of ou

erformance of
DOS-CoMoD
recommendat

ata is large w
data, but hav

sented to dem

rovided by M
se as illustratio

m ID, and asso
00 ratings fro

nge of 1 to 5, a
er. 

LIU AND CHING

ct the user goa
AHP) to decid

system to im
ndicates steps 

ed in attribute s

m flow. There
nd AHP before
re selected in 
fect. 

ur recommendat

f our methods
Da [20]. Movie
tion systems. 

with many us
ve different us
monstrate the e

MovieLens, an
on. The user-i

ociated ratings
om 943 differe
and the value 

G-JUNG LEE 

als the most, w
de the prioritie
mprove the pe

of GDUC me

selection. 

e are five pha
e constructing
a context, we

tion system. 

s on two diffe
eLens is a pop
The dataset c
er ratings. On
ser features an
effectiveness o

nd the followi
item matrix ca
s, and a sampl
ent users on 1
0 indicates th

we apply pair
es of the attrib
rformance. Fi
ethod and the 

 

ses, where th
g a user simil

look for the m

 

erent real data
pular dataset 
consists of rat
n the other h
nd contextual 
of our method

ing descriptio
an be created 
le matrix is sh
1,682 movie it
hat an item has

rwise 
butes 
ig. 1 

e yel-

he at-
larity 
most 

asets, 
used 
tings 

hand, 
 fac-
ds in 

on of 
with 

hown 
tems 
s not 



A REQUIREMENTS ENGINEERING APPROACH TO ATTRIBUTE SELECTION IN A RECOMMENDATION SYSTEM 1277

Table 1. U1 user-item matrix (u1.uim). 
Item id 

User id  1 2 ... 1681 1682 

1 5 3 … 0 0
2 4 0 … 0 0
… … … … … …

942 0 0 … 0 0
943 0 5 … 0 0

 

After deriving the user-item matrix, the similarity among users is calculated. We use 
the Pearson’s correlation coefficient method in obtaining the similarity. Based on [21], 
the Pearson correlation coefficient is used to define the similarity of two users i and j 
based on their ratings for common items, as shown in Eq. (2), where s is the item to re-
view, Si,j the common items reviewed by both users i and j, ri,s the rating of the item s 
given by the user i, andri the average rating is given by the user i. 
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Table 2 shows the result of processing the similarity between two users. The users 
in the column are compared to the users in the row. The related values are in the range of 
1 to 1. The diagonal shows the total similarity between the same person, which obvi-
ously has all 1’s, and the upper triangle contains the similarity values in positive and 
negative values. The lower triangle would be equivalent to the upper triangle, as repre-
sented by this symbol “--”, so it does not have to calculate. The value nan indicates that 
there are no items that the corresponding pair of users, causing the denominator of the 
formula to be 0. 

 

Table 2. U1 person’s coefficient method in obtaining the similarity between users 
(u1.pcc_table). 

User id 1 2 3 ... 942 943
1 1 0.5218 0.525129 ... 0.1778 0.2964
2 -- 1 0.14 ... 0.2497 0.7124
3 -- -- 1 ... 0.5133 nan
… … … … … … …

942 -- -- -- -- 1 0.3453
943 -- -- -- -- -- 1

 

After obtaining a similarity matrix like Table 2, we use the k-nearest neighbors (k- 
NN) algorithm to process the similarity among users. For choosing values like 5, 10, 20, 
30, etc. for k, we can observe the differences in recommendation content. We try to pro-
vide more information obtained from user requirements through user attribute analysis in 
order to ease the problem caused by sparsity. 

3.3 User Attributes Analysis 

Following the four steps of the GDUC analysis method mentioned above, we need  
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to identify and define a user in order to obtain the status and needs of the user. A use case 
model is constructed as a base for further analysis. Since a typical recommendation sys-
tem approach uses a method like the k-NN algorithm to process the similarity based on 
user ratings, we are trying to discover the attributes more fitting to the similarity of the 
users, which reflect the needs of the users at a particular moment. The status of a user is 
associated with extended information about the user. Such information includes not only 
the age and the gender of the user, but also the time of day, the day in the week, the loca-
tion, the weather of the day, the mood/emotion of the user. The status attributes are sum- 
marized in Table 3. 

 

Table 3. User status and information. 
User status Information Categories  

age 6-17,18-30, 31-50, > 50 years old  
gender male, female  
time morning (5-12), afternoon (12-18), evening (18:-23), night (23-5)  

daytype weekdays and weekend  
location private bedroom, public room, outside, away from home  
weather sunny, cloudy, rainy  
mood happy, upset, bored etc.  

 

A faceted classification scheme in GDUC analysis aides in identifying goals and 
checking the integrity. A goal is classified with three facets: Competence, View, and 
Content. For competence, we can see that requirements are either completely satisfied or 
partially satisfied. This can also be seen as fulfilling a rigid goal or a soft goal. The view 
facet leads the analyst to see if the requirements are viewed as actor-specific or system- 
specific. The content facet identifies the goals with functional requirements or nonfunc-
tional requirements. 

Using the GDUC approach, the information in Table 3 can be analyzed and associ-
ated with goals. After affirming the original goals, the next step is to construct the use 
case model. The original use case, “Input the user status” has a goal which needs to sat-
isfy system requirements, and this goal is a rigid (R), actor-specific (A), and functional 
(F) goal. Other goals are soft (S), actor-specific (A), and nonfunctional (N) goals. 

 
 Input the user status: Satisfy system requirements (R, A, F) 
 Age: Basic information of age (S, A, N) 
 Gender: Gender differences in information (S, A, N) 
 Time: Time of day (S, A, N) 
 Day type: weekday, weekend, working day, or holiday (S, A, N) 
 Location: location specific information (S, A, N) 
 Weather: Weather information (S, A, N) 
 Mood: Personal emotional information (S, A, N) 

 
The resulting use case model is depicted in Fig. 3. With eight use cases (numbered 

U1 ~ U8) and eight goals (numbered G1 ~ G8) to analyze, where all use cases inherit use 
case of “input user status”. These are summarized in Table 4. It indicates that the more 
specific model element shares the same specification with. We can find out the relevant 
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3.4 Attribute Selection 
 
The most suitable attributes need to be identified among the attributes derived. For 

making such decision, we rely on a pairwise comparison method based on AHP. First we 
can see how much the environment factors (EF) and the current situation (CS) affect the 
weighting of the personal information (PI) in Eq. (3). As an illustration, assume a person 
cares more of the current situation and thinks about the personal information the least, we 
could give the scores of 7 and 3, respectively. As for the environment factors, a neutral 
score 5 is given. The weighting values is obtained by using Saaty’s criterion [22]. By 
following the process in the AHP, we will have a calculation as below. 

 

 Personal information Environmental factors Current situation 
PI 3/3 3/5 3/7 
EF 5/3 5/5 5/7 
CS 7/3 7/5 7/7 
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 (3) 

The produced weights concerning these three attributes are 0.2 for PI, 0.33 EF, and 
0.47 CS. With these weights in hand, three plans are proposed to see how the attributes 
can be used. The plan A uses a single attribute of PI which is what a typical recommen-
dation system uses. The plan B excludes PI and combines EF and CS. The plan C adds 
CS to PI. Table 6 shows the scores assigned to this concept. 
 

Table 6. Attribute scores for each plan. 
Plans Personal information Environmental factor Current situation 

Plan A 7 1 1 

Plan B 1 5 7 

Plan C 3 1 5 
 

Based on these score assignments, we see how each of these attributes weighs in the 
view of each plan. For PI, Plan A values it as 7 but Plan B has 1 while Plan C treats it 3. 
The following steps derives the weights of PI in each plan, as show in Eq. (4). 
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After repeating the similar calculation above to EF and CS, then a matrix containing 
three plans (A, B, and C) having different weights on each attributes is derived as below. 
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analysis. By utilizing requirements analysis, more suitable attributes are identified be-
sides the commonly used attributes. In addition, this approach can be used to accommo-
date personalization. 

Our proposed method reveals some promising results in our ongoing research, in 
which additional information has some effect to the recommendation. However, the cur-
rent evaluation method is not able to validate the personalization. The current experi-
ments are done for the k-NN method. For future work, finding relationship between the 
user attributes and the classification methods must be conducted. 
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