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Abstract Recommender Systems have gained much popularity among researchers and is applied in a number of
applications. The exponential growth of users and products poses some key challenges for recommender systems.
Recommender Systems mostly suffer from scalability and accuracy. The accuracy of Recommender system is
somehow inversely proportional to its scalability. In this paper we proposed a Context Aware Hybrid
Recommender System using matrix reduction for Hybrid model and clustering technique for predication of item
features. In our approach we used user item-feature rating, User Demographic information and context
information i.e. specific time and day to improve scalability and accuracy. Our Algorithm produce better results
because we reduce the dimension of items features matrix by using different reduction techniques and use user
demographic information, construct context aware hybrid user model, cluster the similar user offline, find the
nearest neighbors, predict the item features and recommend the Top N- items.

Key Words : Item features rating, User Demographic information, Contextual information, Matrix Reduction
Techniques, k-means clustering Algorithm.
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| . INTRODUCTION

User Preference and Recommendation Systems have
gained much popularity and are widely used in E -
Commerce, Automatic IPTV content recommendation,
Media sharing, Net Surfing and web service selection
etc. Choosing among a number of items is challenging
job for a user. Advancement in Technology and
growing density of contents and users demands
make an

recommendation in user bearable time. Most of
1, 2, 3l

recommender system to accurate
recommender systems use Collaborative filten'ng[
that work on the idea that similar users have similar
preferences. Collaborative filtering can be divided into
two types, memory*basedm and model-based”.

In this paper, we used two different matrix reduction
techniques 1ie. Singular Value Decomposition and
Relative Feature Rating in specific time and day to
reduce the dimension of items feature rating matrix.
Then we construct Temporal Aware Hybrid User
Model from the reduced matrix and User Demographic
information. We applied K-means Clustering Algorithm
1 on the Hybrid Model, in order to cluster the similar
users offline. Do neighbors selections from the cluster
to which user belong to reduce online processing time.
The final recommendation is based on the contextual
information, neighbors set and rating matrix. Keeping
temporal information in term of Day, Time improves
the accuracy of the system. We predict the item
features and select the Top N-items from the rating of
the neighbors set.

The paper is organized as follow: Section-II briefly
describe about the matrix reduction techniques and its
calculation. Section—III describe the Temporal Aware
Hybrid Recommender System, Section-IV Temporal
Hybrid User Model, Section-V clustering technique,
Section—VI is about neighbor selection and predication
of item features & item selection, Section—VII is about
our simulation and results and the last section about

conclusions and future work.

II. MATRIX REDUCTION TECHNIQUES

In order to improve the scalability of recommender
system we reduce the size of the items features rating
matrix. We use two different techniques to reduce the
matrix. Using the statistical measure of Mean Absolute
Error (MAE), due to less MAE we recommend relative

feature rate for reduction of matrix as shown from Fig. 1.

1. Relative Feature Rating

In Relative Feature Rating Technique we find the
relative mean of each feature by using the item feature
rating that user rate at specific time and day. The
related concepts and definition we used are as under:-

Definition 1 Total Feature Rating:
ratings R that user ‘i’ grades for all the item attributes

the sum of

at a specific time and day, which is expressed as
TFRG,t,d).

TFR (i,t,d) = Xy RG,j 6 d) (6]

Here Ti stands for the set composed of items have
been graded by user i.

Definition 2 Feature Rating: the sum of ratings that
user i grades for the feature k in that time and day,
which is expressed as FRG kt,d).

FR G,k t,d) = z R,k t,d) (2)
keFkcTi
Definition 3 Relative Feature Rating: relative feature
rating that user i grades for feature k, expressed as
RFR, is defined as the ratio of Feature Rating
FRGkt,d) and Total Feature Rating TFR(,t,d).

FRktd) )
el K3

RFR (!‘| ku t! d) = (TFR(i,t,d) (3)

Since the relative is normally a value less than one, so
we use is "a” a constant factor in our algorithm. In our
algorithm we use seven days a week and four time
ranges in each day. In order to understand above
mentioned concepts we consider five different movies

that are rated by three users at four time ranges at Day
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Table 1. Movies/ltems features rating by user at time Ti and day Di
Movies items Userl Userl User3 ContextInformaton
C1l ] C3 C4 C1 C2 C3 C4 C1 C2 c3 "4 Time Day
1 4 5 5 4 5 3 1 2 2 2 3 2 t1 d1
2 4 3 2 3 4 2 3 3 4 4 5 1 t1 d1
3 2 1 4 3 3 5 3 4 3 3 4 4 t1 d1
4 5 4 3 5 4 4 5 1 1 4 3 3 t1 di
5 1 2 4 2 4 3 2 2 3 2 5 1 t1 di
1 0 4 5 4 4 4 2 5 1 4 2 2 t2 di
2 4 0 2 5 2 2 4 5 4 2 3 1 t2 di
3 2 3 3 2 2 1 1 1 2 5 3 2 t2 di
4 2 3 3 4 3 2 2 1 4 5 4 4 t2 d1
5 3 4 4 3 4 2 3 2 3 5 2 2 t2 d1
1 T T2 2 [ 2 3 2 23 23532 11 T
2 4 5 3 1 5 3 4 3 3 b El 1 tl a2
3 2 1 4 2 2 3 2 4 4 4 5 2 tl dz
4 0 4 3 3 4 2 3 2 3 3 El 3 tl a2
3 1 3 2 3 2 4 3 3 3 2 3 3 tl dz
PESS——— — S— - N — f— B— — e — f— S—
2 5 2 2 3 2 3 3 2 4 2 3 5 tl d3
3 4 2 3 2 3 4 2 3 4 2 3 5 tl d3
4 5 3 4 3 4 2 1 4 4 3 3 5 tl d3
3 4 3 4 4 5 b 3 3 4 4 3 5 tl d3
1 0 4 3 3 4 2 3 2 5 4 3 3 tl do
3 T35 2 3 [ 2 F 3 3223 7 T
dl-d7. The Tablel shows the data we use for 2. Singular Value Decomposition

understanding of above concepts. Table.2 shows the
reduced matrix after applying the Equation.l, 2 and 3.

= 2. AIXIE 95t RFR
Table 2. RFR for users at time Ti and day Di

Users Relative Feature Rating Context Info.
Cl C2 C3 4 Ti Di

Ul 242 221 2.73 2.58 T1 D1
U2 317 2.7 2.22 19 T1 D1
U3 2.2 254 3.39 1.86 T1 D1
Ul 183 2.33 2.83 3 T2 D1
u2 2.11 25 2.24 3.16 T2 D1
U3 3.33 221 2.88 15 T2 D1
Ul 167 3.13 292 2.29 T1 D2
u2 21 2.37 2.37 2.4 T1 D2
u3 2.34 297 297 1.72 T1 D2
Ul 3.39 1A 2.26 242 T1 D3
u2 2.74 3.06 194 2.26 T1 D3
u3 2.18 167 2.08 347 T1 D3

Singular Value Decomposition (SVD), is a matrix

[78]

factorization technique that decomposes a single

matrix into three different matrices.

M=UxV “@

If M is a matrix of m X n, then U is m X m an
unitary matrix, X is an mxn rectangular diagonal
matrix, and V* (the conjugate transpose of V) is nxn
an unitary matrix. The diagonal entries Xii of X are
known as the singular values of M s

We apply the SVD in order to find the singular value
for each feature rated by a user at specific time and
day. We normalize the singular values matrix by
dividing it the maximum singular value and multiply it
by a constant, so the mean value in RFR and SVD is
25 in our algorithm. So we find the Mean absolute
error of both reduction methods by using different

number of users that rate the movies at specific time
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and day as shown in Fig. 1.
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Fig. 1. Matrix reduction using RFR and SVD

lll. Scalable hybrid recommender system
with temporal information

As the number of users and items are growing
exponentially, so it becomes difficult for recommender
system to make an accurate recommendation in user
Some Conventional Recommender

system uses only item rating for recommendation ng,

bearable time.

some improved recommender system uses attribute
ratingllOJ and demographic Similaﬁtym. The conventional
recommender system does not consider any temporal
information that whether user a like the item at that
specific time or not, it find the similarity of item with
all database, which reduce the scalability and increase
the recommendation time.

The Workflow of our algorithm i.e. scalable hybrid
recommender system with temporal information is
shown in Fig.2. In our algorithm we use the temporal
information that is four time ranges per day and seven
days a week. We use the rating and demographic
information in order to predict the feature value if a
user have not assigned to any attribute in order to
eliminate the sparsity problem. When we dense the
rating matrix, we apply the matrix reduction technique
1.e. Relative Feature Rating in order to reduce the

dimension of the rating matrix. We construct the

temporal aware hybrid model by using the relative
feature rating matrix, user demographic information
and context information i.e. time and day. We apply the
k-means clustering algorithm to temporal aware hybrid
user model in order to cluster the similar users. The
process from feature rating to clustering the similar
users is offline. We find the target user belong to
which cluster, then similarity with users and select the
Top N- similar neighbors. Using the similar neighbor
we predict the item features and recommend the Top

N-similar items.

User Demographic
Information

o
. F
Matrix Dense _

Algorithm F

Context Information Trem'movie -

attributes rating

information

Matrix Reduction

ie. Relative

Feature Rating

Context Aware / 1
|
21 Hybrid User

7

Cluster Similar Users
using K-means Clustering

J

User Sinlarity in a

| Context Information I

cluster and Select
Top N similar Users

W L
Item Features ¢ — 1
Prediction

E
Top-N Items Prediction

a2 2. A2t MEE 0|88t Scalable Hybrid
Recommender A|AHIO| QFEZQ

Fig. 2. Workflow of Scalable Hybrid Recommender
system with temporal information

IV. Temporal aware hybrid User model

We construct the temporal aware hybrid user model
offline by using relative feature rating matrix, user
demographic information and temporal information. We
have considered four demographic features of each
user. The temporal aware hybrid user model is a three
dimensional matrix as shown in Table III. The temporal
aware hybrid user model has the following advantages:—
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@ The temporal aware hybrid user model has a

reduced dimension as compared to the items feature

rating matrix, so

complexity.

it reduces the computational

@ We apply the clustering technique on this model

offline to cluster the similar users so that the system

recommends an accurate item with user bearable time.

I 3. &% QA sto|Hz|E AKXt 2
Table 3. Context aware hybrid user model
Relative Features | User Demographic | Context
User Rating Features Info.
RR1 RFRp Dl .| Dy Ti Di
Ul Hi1 Hlp Hip+) Hi(pq) T1 | D1
Um | Hm Hmp Hlptl) Holptg | T1 | D1
Ul Hil Hlp Hi(p+) Hi(p+g) T2 | D1
Um | Hm Hmp Hlptl) Hhiptg | T2 | D1
Um | Hm Hmp Hmlptl) Hhiptg | T4 | T7

V. Clustering of Simmilar users

Clustering means to divide the items into similar
groups based on some similarities. Cluster analysis
could be divided into hierarchical clustering and
non-hierarchical clustering techniques. Examples of
hierarchical techniques are single linkage, complete
linkage, linkage,

Non-hierarchical techniques include k-means, adaptive

average median, and Ward.
k-means, k-medoids, and fuzzy clustering“z' BA good
clustering algorithm is one who produces groups with
non-overlapping. We apply the k-means clustering
technique to temporal aware hybrid user model to
group the similar users into k—groups. In our algorithm
we use the cosine similarity in order to group the
similar users. The algorithm is explained in Fig.3 and
Fig4.

Input:- Mawix of Contexr Aware Hybrid User Model of size m rows andn
columns for each time andday

Ouiput:- A vector having the Groupi.e. cluster number of mx1, and a
matrix having thecentroid for each cluster ofsize kx n.

Steps:-

1. Select k-cluster with initial centroids
2. Parition the matrix intok-clusters(Cy, Cs, ._.Cy) based on cosine

similarity in such a way that ;M=o and Clu C2 v

..Cy is the original manix

3. Cosine similarityE 0|23t K-means Z2{AH
al
o

. 3. K-means clustering using cosine similarity

a3 4. a8 W AR HEE

712l ALEA SAEY
Fig. 4. Clustering similar users in a group

VI. Neighbors selection and item features
predication and item selection

The process in our algorithm from items feature
rating to clustering similar users in a group is offline,
which improve the performance of recommender
system. We find the Top N-similar users in a
group/cluster at a specific time and day not in a whole
database of items or hybrid model. We find the
minimum absolute error (MAE) using Eq5 of target
user with the centroid of each group.

2 Ik — el
n

MAE = (5

We select the cluster that having minimum MAE
with the target user and using relative cosine similarity
Eq. 6 to find the Top N most similar user in that group
at that specific time and day.

- 65 -



Sl0|E2|= Recommender A|AE]

sim(abt.d)— Tyed |(Haked — Hatd) X (Hbked— Hbid) |

T5*9 (Haktd —Hatd) X Y5 *(Hbktd — Hbtd)?

performance i.e. recommendation time. Fig.5 shows that

© there is a little difference in mean absolute error; the

collaborative filtering using hybrid user model has less

Where Haktd and Hbktd are the relative interest error as compared to our algorithm, because we
score for feature k in time ‘t’ and day ‘d’ for target user

consider a cluster of users not the whole users matrix.
a and user b from cluster. Hatd and Hbtd

is the Byt there is a tremendous difference in the
average rating of User a and b in time ‘' and day ‘d recommendation time as shown in Fig.6.
respectively.
x10°
1. Iltems Feature Predications and Item |¥| T conext Av;areHyl‘ari -+ Rocommen derSy;tem
Selection Based on Similar Users 1| “ -+~ Collaborative Filtering Using Hybrid User Model
After obtaining the similar users from a cluster with o8 Q"\‘
the target user, we predicate the target user feature £ “\‘
rating by using Eq.7. %ﬂ o6l ‘.‘.
P(a,j,t,d) = {Ratd + ZifuSi;"i(::;]dj;gg;d‘m} Q) é 0.4f “"‘:I‘:l
Where P(aj,t,d) is the predicted rating that user a 0.2f Q\:‘n\\ 1
grades for feature j at time t, and U is the nearest . - \0 ‘‘‘‘‘ <E>I t:ETJTJ&;r.-.-&.-_-.-.- e
neighbor set of user "a” calculated at that time and day. 0 5 10 15 Nong Nei::bor U:grs 3 40 45 50
Rijtd is rating of neighbor 1 for the content j in that

. . . o O 5. old 2F : 5l0|22|= ARSXt Rt AIZFEEE AL
time and day. Ratd is the rating to user a in time t and 23 B 9= j0|HE|S ALK mHS AIRS
day d. After obtaining the predicated item features, we Collaborative Z!E{2!

Predication error : Collaboratice filtering
using hybrid user model and Scalable
Hybrid Recommender System with Temporal

select the Top N- most similar items from the similar Fig. 5.

neighbor set we selected for feature predication.

Information
VII. Simulation and Results 012 R T ——
-~ Collaborative Filtering Using Hybrid User Model
Currently no such movies or items database we find o1 K
that has rating at specific time and day. So we build g ) ,()""
our own database having 1000 movies rated by 200 %008 /0'/
users at four time ranges per day and seven days a éooe ,,-‘7,
week. Each movie has four feature rating and user has § ',.»‘)' ‘ ) E/I:I
four demographic information. We compare our 20.04— ’,0' -4 U,,,D' - |
algorithm with Collaborative Filtering using Hybrid g .--—0/ /,ﬂ’ -
User Modellm, we consider the 1000 movies database 0,02} g,,-u"'u i
for the Collaborative Filtering wusing Hybrid User
Model also. % 5 10 15 2 % @ % @ & 50
We use 80% of the data as a training data and 20%

No of Neighbor Users
for testing. Many statistical measuring can be used, but

a2 6. = Mzt

we use the mean absolute error of Eqb5 and  Fig. 6. Recommendation time
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VIII. CONCLUSION AND FUTURE WORK

The traditional recommender systems do not
consider the context, so due to increasing the items and
users it becomes difficult to recommend an accurate
item with user bearable time. Our algorithm solves the
problem of sparsity, scalability and cold start issues.
We apply our algorithm for recommendation of movies,
but it can be used anywhere for recommendation.

We have considered only the time and day as
but
recommender system by adding further context

context information, we will improve our
information and user demographic information. We are
also working by adding the device information for N

screen service architecture.
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