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Using Degree of Match to Improve Prediction
Quality in Collaborative Filtering Systems

& | S (Jacbong Sohn) AR
M 8 B (Yongmoo Suh) A g

FO

o}

FAN2YL AHEAES BAE nE ofolge 150 BT 44 FEE EoFAY, 189 J)E

o 7Iukste] ofn Sl ol EL A
g g AHgAEY JAs Fxst
AR 7138 vehle
HEF 7 FHA L] AMRAES 7

&
o FH&

ol FHAAE G A=
= B, AHESE dolEY Fg Zole

e AL

ZIFIE : #HA2H, §Y HHY, A7 EAT JE, =

At A7
F3E ASAANA F2L ek
e MRS BrhgRt

4
Botel £ Aol Ago] RAN2AS) ARRS wolFol, B2
9 AT FEA2EY YEE 9SS By

g 3FAINR 49 BEIF S FAN S
%, olo|dsel et

3 3 AR o g AHgEh olHH, Y
71Z0g ol & EE MAHAA,
A2 Yot AFEE Y F U A2 AR, & =RdAe
RS o83 Y LEHY 7 FN2E S

ge AR olgdd
$4 A= A7EA 3

A Fg.
YRR A&A o g FAEY B, FAA L] AReE FAT £
A Fodith 2 =%

AHEE HlolB o] F& Fol7] AT NFo R AMEStA Ad

Me A AEs) ATFEAT ﬂi—
A2 58 AT B =
A %E

ONo

ow i, JHAF, F4 =

I. Introduction

In ACM President’s letter on “Electronic Junk”
in 1982, Peter Denning, one of the Presidents of
ACM, noticed that the visibility of personal com-
puters, individual workstations, and local networks
had focused most of their attention on generating

information - the process of producing documents

and disseminating them. Therefore, we should pay
more attention to receiving information - the proc-
ess of controlling and filtering information that
reaches the persons who use it (Peter et al., 1982).

Recently, success of many new information serv-
ices such as online education service, electronic
mail, and the World Wide Web is crucially depend-

ent on the availability of information filtering

Information Systems Review

139



114

HEME S

technology. From past to present, even though the
contents and sorts of information on the web are
being changed, the demand for information filtering
technology is being increased and is not limited to
new information. Recently, we have seen explosive
growth of sheer information. The huge volume of
available information makes it difficult to find use-
ful information that attracts our interest.

The most frequently-used approaches to solving
the problems of information overload and filtering
have been either content-based or collaborative
filtering. Content-based filtering has been used
mainly in the context of recommending items such
as books, web pages, news, etc. for which in-
formative content descriptors exist. Namely, con-
tent-based filtering uses features of items to make
recommendation. In contrast, collaborative filtering
(CF) system, one of the successful recommendation
systems, helps users make choices based on the
opinions of other like-minded users (Resnick et al.,
1994). CF systems essentially automate the process
of “word-of-mouth” recommendations (Shardanand
et al., 1995). That is, they exploit correlations be-
tween ratings of each of a population of users and
ratings of an active user to predict rates of new
items (Basilico et al., 2004). Predicting rates for an
active user more accurately is a major challenge of
CF systems (Basilico et al., 2004). Actually, tradi-
tional CF algorithms consider all the users who
have rated at least one same item as the active user.
Because of this shortcoming, the performance of
CF-based recommendation systems has been de-
graded and their prediction accuracy needs to be
improved.

In this paper, to address the above problems of
traditional CF systems, we propose degree of match
(DOM) and demographic information as criteria for
reducing the data volume, thereby improving both

the accuracy and the performance of CF recom-
mender systems. The basic idea of reducing data
volume by DOM is that we will not use the ratings
of all the users who have rated at least one same
item as the active user. Instead, we will use the
ratings of selective users who have rated many items
that the active user has rated. Also, we will use
the ratings of selective users who are similar to the
active user in terms of demographic information.

The rest of the paper is organized as follows.
We introduce classification and components of rec-
ommender systems in Sections [ and [, re-
spectively. Section IV explains CF-based recom-
mendation systems using DOM and demographic
information. Section V describes the details of ex-
periments and the results. Finally, the paper ends
in Section VI with summary and conclusion.

0. Literature Review:
Recommender Systems

Oftentimes, we are at a loss whether to buy
something or not. In that case, it would be helpful
if someone gives recommendation regarding it. As
such, when we come across a situation where we
have to make an informed decision on a specific
item or an artifact, we want to rely on external
knowledge associated with it or on sources having
such knowledge in order to make a better decision.
Also, there could be many factors which influence
a person when making decisions (Basu et al., 1998).

So, recommender systems have come into being
in order to help us make a good informed decision,
as we do without such systems. That is, using the
systems, we can either rely on information provided
by others or consider various factors before making
a decision. Those systems help users find items in

which they have interest more easily given a huge
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(Table 1) Comparison of recommender systems (B2002)

Collaborative

Ratings from U of

approach item in I

Ratings from a of
items in i

Identify users in U similar to a, and
extrapolate from their ratings of i

Content-based . .
Features of items in I .
approach inl

a’s ratings of items

Generate a classifier that fits a’s
rating behavior and use it on i

Demographic information
about U

and their ratings

of items in I

Demographic
approach

Demographic
information about u

Identify users that are
demographically similar to a, and
extrapolate from their ratings of i

amount of data. Though there have been diverse rec-
ommender systems, the most frequently-used ap-
proaches taken by the systems are content-based,
collaborative filtering or demographic information-
based.

These representative approaches are compared in
<Table 1>, where I represents the set of items over
which recommendations might be made, U the set
of users whose preferences are known, a is an active
user for whom recommendations need to be gen-
erate&, and i an unseen item for which we would
like to predict a’s preference.

2.1 Content-Based Filtering

Based on the attributes or the features of the items
that users already rated, content-based filtering sys-
tems try to recommend items similar to those an ac-
tive user has liked in the past (Balabanovic et al.,
1997). A content-based filtering system works as fol-
lows: 1) it learns a profile of a user’s interests, con-
sisting of features of each item that he or she has
rated (Burke, 2002); 2) it analyzes the contents (i.e.,
values of features) of the profile, given the values
of features of a new item; 3) it infers which of the
yet unseen items might be interesting to the active
user (Yu et al., 2003). Schafer, Konstan and Riedl
regard content-based filtering as ‘item-to-item corre-

lation’ (Burke, 2002). This approach has its roots
in the IR (information retrieval) community, and thus
employs many of the same techniques as is used in
that community (Balabanovic et al., 1997), such as
neural networks, decision trees and vector-based
representations. Since the content-based recom-
mendation is appropriate to be used especially when
there is rich content information on items, it has been
used to recommend articles or web pages (Lim et
al., 2001).

2.2 Collaborative Filtering

Collaborative filtering (CF) is the most famous
and popular in the field of recommender systems.
It is also knows as “word-of-mouth” (Shardanand
et al., 1995). In CF systems, ratings from other users
on items such as movie and music are used to predict
an active user’s preference on a new item that has
not been rated (Sun Lee, 2001). So, CF can be re-
ferred to as ‘people-to-people correlation’. Two gen-
eral classes of CF algorithms are used: memo-
ry-based and model-based. Memory-based algo-
rithms operate over the entire user database com-
posed of users’ ratings on items. On the other hand,
model-based algorithms use a part of user database
when they produce a model and use another part
when they estimate it (John et al., 1998).
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The concept of CF, which was coined by
Goldberg et al. (Goldberg et al., 1992), was de-
scended from the study in the area of information
filtering (Goldberg et al., 1992). Resnick defined CF
recommender systems as follows: it helped people
make choices based on the opinions of other people
(Sarwar et al., 2000). CF utilizes user database
which consists users’ ratings on each item and pre-
dicts whether an active user will like or dislike
(Khors et al, 1999). There are many CF-based
systems. Tapestry implemented a novel mechanism
for CF in which users annotate documents before
the documents are filtered but it was not automated
(Goldberg et al., 1992). Ringo was a social in-
formation filtering system for personalized music
recommendations (Shardanand er al., 1995). The first
automated CF recommender system was introduced
by GroupLens research project (Resnick et al.,
1994). GroupLens provided personalized predictions
for Usenet news articles. It made use of Pearson cor-
relation coefficient.

Basically, predictions in CF systems are made as

is explained in <Figure 1>. First, when an active
user needs a prediction on an unseen item, CF sys-
tems find users who already rated the item from the
user database. Second, correlation coefficient be-
tween the active user and each one of the selected
users is calculated using methods such as Pearson
correlation coefficient, or Spearman correlation
coefficient. Once the correlation coefficients are pro-
duced, recommendation on the unseen item is pro-
posed for the active user using prediction formulas,
explained later.

2.3 Demographic Information-Based
Filtering

Demographic recommendations first segment the
users based on personal features and then make rec-
ommendation based on the information in segmen-
tations. The benefit of demographic recommenda-
tions is that it may not require a history of user rat-
ings needed by CF systems (Burke, 2002). Other
than that, demographic recommendation systems are

}_B-miccanaepf of CESystems

@ . User Dambase 2‘ An Active User - @ Selected Users
bl N RO . ﬂz . o

Correlition Cosfficients ’ & i Prailcﬂon

J [ eem: 428

(Figure 1) Basic Concept of Collaborative Filtering Systems
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similar to CF systems. However, they analyze sim-
ilarities between users based on their demographic
data, such as age, gender, and occupation (Krulwich
et al., 1997). One of the most crucial advantages
of the demographic recommendation is the ability
to recommend crossing genres or beyond the boun-
dary of specific artifacts. For example, it is possible
that listeners who enjoy cool jazz also enjoy classical
music, but a content-based recommender trained on
the preferences of a cool jazz would not be able to
recommend classical music since none of the fea-
tures such as performers, instruments, repertoire as-
sociated with cool jazz would be shared in the differ-
ent categories (Burke, 2002).

. Major Components of CF
Systems

The purpose of CF systems is to predict the utility
of an unseen item to an active user based on other
users’ opinions. Components that are needed by the
CF systems are those such as user database, a meth-
od to calculate correlation coefficient between users,
and prediction formula.

We will explain briefly how CF systems works,
using a simplified case, as is depicted in <Figure
2>, Suppose Nancy is an active user who wants to
know whether she herself will like movie 6 or not
and we have three other users in our database, Bill,
Kate and Ken. CF systems work as follows. First,
usets, Bill and Kate, who rated movie 6 are selected
from the user database. Then, correlations between
Nancy and Bill and between Nancy and Kate are
calculated using correlation coefficients such as
Pearson correlation coefficient. Finally, prediction
(ie., 4.56 in our case) on movie 6 is calcolated, using
a prediction formula which is explained later. Now
each component of CF systems will be explained
in detail.

3.1 User Database

User database contains each user’s preferences on
specific items. User’s preferences are represented as
ratings and are the only source for CF systems to
recommend. Therefore, the user database can be seen
as a matrix (v;; ), where v;; corresponds to the user

i’s vote (i.e., rate) on item j.

Fz‘mm Plz oI CF AlBorithm

@ User Database &

Active User >- Selected Users

Predictian

% Correlation Coefficients &g

{Figure 2) Example of Traditional CF Systems
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3.2 Correlation Coefficients

Simply, prediction in CF systems is made in two
steps. First, correlation coefficient between an active
user and a selected user needs to be computed.
Second, the ratings of users need to be combined
and transformed into a predicted rating for an active
user using a prediction formula (Bergholz, 2003). In
the following, we explain the various methods to cal-

culate correlation coefficients between users.

3.2.1 Pearson Correlation Coefficient

The first CF system introduced by GroupLens
Research Project (Resnick et al., 1994) uses Pearson
formula to calculate the correlation coefficient be-
tween users. Pearson correlation coefficient, ranging
from -1 to 1, indicates how much an active user
tends to agree to other user on items that they both
rated. The Pearson formula is defined below in
equation (1):

Zinll(rai _a)(Tu 3 _E>
R, = — : = M
VI (=)' (=7,

, where r_; is the rating given to item i by user
a; and r, is the mean rating given by user a and
is calculated as in equation (2); and m is the total
number of items (Rojsattarat et al., 2003). ¥ Ji is
the set of items on which user i has voted, then we

can define the mean vote for user i as in equation
(2) (John et al, 1998):

Vs 2)

Variations of Pearson correlation coefficients are
also used in CF systems. Pearson 2.5 (P25) defined
in equation (3) replaces r, and r, in the Pearson

formulas with the average possible rating (Bergholz,

2003). The average possible rating in MovieLens da-
taset is 2.5 because users’ opinions were rated using
a 5 point Likert scale (1="very bad movie” to
5="very good movie”).

=, —25)(r, , —2.5)

R =
\/Zi";l (ra,i - 2'5)221':1 (Tu,i —25)?

a,u

©)

However, the Pearson correlation coefficient is
derived from a linear regression model that relies
on a set of assumptions regarding the data, namely
that the relationship between two users’ ratings must
be linear, and the errors must be independent and
have a probability distribution with mean 0 and con-
stant variance for every setting of the independent
variable. When these assumptions are not satisfied,
Pearson correlation coefficient becomes a much less
accurate indicator of similarity. It is common for
these model assumptions to be violated in CF data
(Jonathan et al., 1999). Because Pearson correlation
coefficient uses the actual values of the observations,
it is much affected by outliers. On the other hand,
Spearman correlation coefficient which is explained
in the following section uses only the ranks of the
observations. For that reason, the coefficient is less
affected by outliers than Pearson correlation co-
efficient. In the case of MovieLens dataset, Pearson
correlation coefficient was not suitable for calculat-
ing similarity between an active user and a selected

user.

3.2.2 Spearman Rank-Order
Correlation Coefficient
Spearman rank-order correlation coefficient is

similar to Pearson correlation coefficient but it is
free from model assumptions, computing a measure
of correlation between ranks instead of between rat-
ing values. When there are no ties of ranks in the
dataset, the Spearmah correlation coefficient is de-
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fined as in equation (4):

Spearman p=1— 36 (Zd?) )]
n®—n

, where d; is the rank difference of item i between
two users and n is the number of items. Because
the ratings of MovieLens dataset were ranged from
1 to 5, the ties among items occurred frequently.

3.2.3 Modified Spearman Rank-Order
Correlation Coefficient

Jonathan’s study showed that Spearman rank-or-
der correlation performs similarly to Pearson corre-
lation coefficient. However, he noticed the large
number of tied rankings results in a degradation of
the accuracy of Spearman correlations coefficient
(Jonathan et al., 1999). According to Callan’s study,
correlation coefficient that ignores the effects of ties
can give misleading result (Callan et al., 1999). For
that reason, Callan (Callan et al., 2001) proposed
Spearman tank-order correlation coefficient consid-
ering both complete ordering and effect of ties of
rank. Prior to computing the Spearman rank-order
correlation coefficient, the original ratings are first
transformed into ranks. If the rank correlation co-
efficient is 1, 0 or -1, it means that the ranks between
two users are identical, unrelated, or in reverse order,
respectively. The exact correlation coefficient is
computed as in equation (5):

6 1 1
1= (Zdi+ SR - f)+ 1520 — g, )
p= 3 5
\/(1_ Z(f; fk))X\/(l— Z(!IT gm))
n—n n—n

o)

, where f, is the number of ties in the k-th group
given by a user, g, is the number of ties in the
m-th group given by another user and d; is the rank

difference of item i, n is the number of items.

3.3 Prediction Formulas

Having calculated the correlation coefficients, CF
systems made a prediction for an active user by us-

ing the equation (6) given below.

Z (Ji'_J)TUJ

J € raters

Uipog=U+ 6
Zprecl—— E|7‘U]| ( )
J

, where U is an active user, i is an unseen item,
J is a user who rated item i, and J; is the J’s rating
of item i and J/ is the mean voting of J. (Resnick
et al., 1994).

The combination of both Pearson and Signifi-
cance Weighting is also used in a variation of the
Pearson method. The idea is that user correlation
based on a high number of commonly rated items
should be more important than that based on a lower
number. Four or more commonly rated items count
as significance 1, three as 0.75, two as 0.5 and one
as 0.25 in (Bergholz, 2003). The prediction formula
given below is adapted in (Bergholz, 2003):

n
sa’ir(a,z’)(vi,j—vi)
i=1

(3

P.=v,+

57

M

, where s,; denotes the significance of the correlation

between users a and i, v, ; indicates user i’s rating

ij
on item j, and v is the mean rating, and r(a, i) repre-

sents correlation coefficient between user a and i.

IV. Collaborative Filtering
using Selected Dataset

Because World Wide Web technologies are grow-
ing so fast, lots of data could be collected and stored
in the type of databases or files. If we use all the
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available data when we make predictions based on
such data, the prediction will take too much time
and the result of the prediction may not be exact.

That is, the prediction will be useless. Therefore,
in order for the recommender system to have prac-
tical value, it is important to use the available data
selectively. Here, we propose two ways of reducing
the size of the dataset. One is to use a new concept
of degree of match and the other is to use some
of demographic information which shows positive

correlation with the domain item.

4.1 Dataset Selection using Degree of
Match (DOM)

When correlation coefficient is calculated between
two users, all users who rated the item whose rating
is to be predicted for an active user are utilized in
the process of prediction. In other words, if users
have rated at least three items, including the unseen
item among all the items, prediction formula could
provide recommendation for an active user. What if
there are so many such users who rated the item
whose rating is to be predicted? It is natural to think
of selecting more reliable users out of those users
based on some criterion.

So, as such a criterion we propose a new concept,
degree of match (DOM) between an active user and

a selected user. DOM is defined to be the percentage
of items rated by a selected user among items rated
by the active user. That is, DOM can be used to
select users among the users who have rated the item
whose rating is to be predicted. Our assumption is
that the higher the DOM between an active user and
a user is, the more accurate the prediction based on
the user’s opinion will be.

In CF systems, ratings on unseen items are com-
puted using the ratings of others who rated the un-
seen item. <Figure 3> explains the DOM concept.
Nancy who is an active user and wants to know how
much she will like movie 6 can make use of the
opinions of Bill and Kate just because they rated
item 6. In this case, DOM between Nancy and Bill
is 100% and DOM between Nancy and Kate is 50%.
Prediction made based on Bill’s opinions would be
better than that made based Kate’s opinion. If we
set DOM to be a high value, a much less number
of users will be selected and the prediction based
on the information of those users will be more

accurate.

4.2 Dataset Selection using
Demographic Information

As is mentioned earlier, another way of reducing
the size of the dataset is to use some of demographic

DOM:

100 %

Bill Nancy

56 %

Kate Nancy

(Figure 3) Example of Degree of Match (DOM)
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information which shows positive correlation with
the item of interest, say, movie in our case.

Therefore, we first need to find such demographic
information. Suppose occupation is known to be pos-
itively correlated with movie. Then, only those users
whose occupations are the same as the active user
are selected from the original dataset. Dataset thus
reduced will be much less in size, and therefore the
performance of the recommender system using the
reduced dataset will be improved a lot.

V. Experiments and Results

We conducted an experiment, where we im-
plemented a new CF algorithm which differs from
the traditional CF algorithm in two aspects: 1) Our
CF algorithm adopts modified Spearman correlation
coefficient instead of the Pearson correlation co-
efficient; 2) We reduced the dataset size based on
the concept of DOM and based on demographic
information. All functions related to CF algorithm
were written in Structured Query Language (SQL).

5.1 Data Preprocessing

MovieLens dataset collected by the GroupLens
Research Project was used for the experiment. The
dataset contained 1,000,209 anonymous ratings of
3,706 movies rated by 6,040 MovieLens users
(www.movielens.org). 10,000 users were selected
for prediction at random without replacement.
MovieLens dataset provides three files which are
movie.dat, users.dat and ratings.dat in the form of
text file. The file movie.dat contains MovielD, Title
and Genre of movie. The attributes of users.dat are
UserlID, Zip-code, Occupation and demographic in-
formation such as age and gender. And the last file,
ratings.dat, consists of UserID, MovielD, Rating and

Timestamp. We designed a relational model for
transferring the above three flat files to a relational
database. All functions needed to make prediction
were implemented in commercial relational database
system, SQL Server 2000.

5.2 Experiment Design

We implemented CF algorithm that uses either de-
gree of match or demographic information. And we
adopted the Spearman rank-order correlation co-
efficient which considers both complete ordering and
the effect of ties in ranks, instead of using either
Pearson correlation coefficient or pure Spearman
correlation coefficient.

In the experiments, we adopted modified CF algo-
rithm which contains the processes of selecting users
based on both DOM and demographic information.
The flow divides CF algorithm into three steps as
follows.

1) Selecting an active user: In user database, an ac-
tive user is selected among users.

2) Calculating correlation coefficients: Users whose
ratings are to be used in making a prediction are
selected based on both DOM and demographic
information. Then, correlation coefficient be-
tween an active user and each user among the
selected users is calculated using modified
Spearman correlation coefficient.

3) Recommendation: recommendation on a new
item for an active user is proposed using pre-
diction formula based on correlation coefficients

calculated in step 2.

The purpose of the experiment is to verify the
improvement of CF system in prediction accuracy
and performance by adopting degree of match and
demographic information. Since reducing the scope
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of information by degree of match and demographic
information results in the less computation time, it
is natural that the performance of the CF algorithm
will be better. So our concem in this experiment can
be summarized in three hypotheses as follows:

HI: Prediction based on the ratings of users with
high DOM will be more accurate than that
based on ratings of users with low DOM

H2: Prediction based on the ratings of users se-
lected using demographic information will be
more accurate than other wise.

H3: Combination of demographic information and
degree of match provides better prediction than
otherwise.

5.3 Results of Experiments

We compare the performance of our approaches
to pure CF systems. To measure performance of our
approach, we use Mean Average Error (MAE) to

evaluate the accuracy of CF by comparing the pre-
diction values against actual user ratings for the
items (Good et al., 1999).

5.3.1 Test Result of Hypothesis H1

<Figure 4> tells us that the higher DOM between
users is, the lower MAE is produced, as we
expected. The numerical difference in MAE between
DOM = 0 and DOM = 50 was 0.034. And also we
could confirm that the MAE was decreased gradually
as the DOM increases. Therefore, hypothesis H1 can
be accepted.

5.3.2 Test Result of Hypothesis H2

<Figure 5> shows that age or gender can be used
to select users whose ratings are to be used in mak-
ing predictions. However, it also shows that occupa-
tion is not good demographic information that can
use used to select users when making predictions.

Therefore, we can conclude regarding hypothesis
H2 that some of the demographic information can

Varying Degree of Match

0.78
0.776
0.77
0.765
0.76 |

0.755

MAE

0.75
0.745 :
0.74
0.735

0.73

DOMO | DOMS5 | DOM 10 [ DOM 15 | DOM20 | DOM 25 | DOM 30 | DOM 35 | DOM 40 | DOM 45 | DOM

[—VaryingDoM| 0774 | 0769 | 0.7619 | 0.7562 |

0.75

07469 | 0.7437 | 07423 | 0.7413 | 0.7396 | 0.7396 |

(Figure 4) MAE based on Varying Degree of Match (DOM)V

1) The results of paired-samples ¢ test identify significance at 5% level between DOM 0 and from DOM 5 to

DOM 50.
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be used to reduce the dataset size for better pre-
diction. The kind of demographic information that
can be utilized when making a prediction seems to
be different for different domain of items.

We also compared the MAE difference between
when no demographic information is used and when
combination of demographic information is used. As
we can see in <Figure 6>, when more than two kinds

of demographic information are used to select users,
the result proves to be worse than otherwise.
Hypothesis H2 can thus be partially accepted ac-
cording to the experimental results.

5.3.3 Test Result of Hypothesis H3
In <Figure 7>, we can see that when demographic

information is used to select users whose ratings are

None vs. Demographic Information

MAE
o
~
®

0.775

0.77

0.765

0.76

0.755

None

Age Gender Occupation

B None vs. Demographic Information 0.774

0.7695 0.7705 0.7944

(Figure 5) MAE according to Demographic Information2)

Hybrid of Demoraphic Information

0.88

0.86

MAE
=3
™

0.74

B

0.72

None

Gender*Age

Gender*Occupation

Age*Occupation

Gen*Occ*Age

B Hybrid

0.774

0.7772

0.8047 0.841 0.8573

(Figure 6) None vs. Hybrid of Demographic Information

2) The results of paired-samples ¢ test identify signiicance at 10% level between None and Age and between None

and Gender.
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Varying DOM vs. Demographic Information based on DOM

08 [
0.795
0.79 k
0.785 £
0.78
0.775
077
0.765
0.76
0.765
075 k
0.745
0.74
0.735

MAE

DOMO

DOM 10

DOM 20 DOM 25

DOM 30

—&— Varying 0.774 0.7619

0.7562 0.75 0.7469 0.7437

—=— Age 0.7695 0.7626

0.7538 0.7512 0.7497

—&— Gender 0.7705 0.7615

0.7531 0.7496 0.7464

~3¢ Occupation 0.7944 0.7861

0.7818 0.781 0.7818

(Figure 7) MAE Comparison between DOM and Combination of DOM and Demographic

Information

to be used to make predictions MAE decreases by
degrees as DOM increases as in the case of hypoth-
esis H1. (The MAE difference between DOM 0 and
DOM 30 based on gender was 0.0241.) However,
a close look at the figure reveals that 1) MAE ob-
tained after occupation is used to select users is big-
ger than MAE obtained without using demographic
information; 2) MAE obtained after age or gender
is used to select users is smaller than MAE obtained
without using demographic information until DOM
is 10; 3) When the DOM exceeds 10, combination
of DOM and demographic information results in
worse prediction accuracy. Therefore, Hypothesis
H3 is not accepted.

VI. Conclusions and Further
Works

Problems with the CF-based recommendation sys-
tems include data sparsity and first-rater problems.

First-rater problem seems to have no solutions, and

data sparsity problem is no longer a problem because
a large amount of data is available nowadays.
Instead, it would be better to think of how we can
improve the performance of the system as well as
the prediction accuracy, by reducing the size of the
dataset to be used since it is another problem of
CF-based recommender systems that it takes long
time to make a recommendation because of the too
much available information.

In the study, in order to select more useful in-
formation out of too much available information, we
proposed a new concept of degree of match (DOM)
and the use of demographic information such as age,
gender and occupation. The size of the user database
could be reduced a lot by selecting users based on
the DOM concept and on the demographic in-
formation. In addition, the user dataset thus obtained
has more useful than the whole set of users, which
means the prediction made from the reduced dataset
of users could be more accurate than that from the
original dataset. So, we made three hypotheses about
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the prediction and tested them by conducting
experiments. Conclusions we have drawn from the
experiments are:

1) Prediction based on the ratings of users with high
DOM will be more accurate than that based on
ratings of users with low DOM. By adjusting the
DOM value to an appropriate value we can get
the right size of data set, which could be depend-
ent on the domain of items.

2) Prediction based on the ratings of users selected
using some demographic information such as age
or gender in our domain of movie will be more
accurate than other wise.

3) Use of both demographic information and DOM
provides worse prediction than otherwise, to the
contrary of our expectation.

In the experiments, we adopted Spearman rank
correlation coefficient instead of Pearson correlation
coefficient. Spearman correlation coefficient is the
right choice because the assumptions for the use of
Pearson correlation coefficient are not satisfied by
our dataset.

We have used MAE to compare the traditional
CF-based recommendation system with our recom-
mendation system which use the reduced data set
based on DOM and demographic information. We
may have to examine whether such a difference in
MAE is statistically effective. Also, other metric
may be investigated to compare them, such as the
mumber of instances showing decreased accuracy or
increased accuracy as DOM increases.
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Using Degree of Match to Improve Prediction
Quality in Collaborative Filtering Systems
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Abstract

Recommender systems help users find their interesting items more easily or provide users with
meaningful items based on their preferences. Collaborative filtering (CF) recommender systems, the
most successful recommender system, use opinions of users to recommend for an active user who
needs recommendation. That is, ratings which users have voted on items to indicate preference on
them are the source for making recommendation. Although CF systems are designed only to use users’
preferences as the source of recommendation, use of some available information is believed to increase
both the performance and the accuracy of CF systems.

In this paper, we propose a CF recommender system which utilizes both degree of match and demo-
graphic information (e.g., occupation, gender, age) to increase the performance and the accuracy. Since
more and more information is accumulated in CF systems, it is important to reduce the data volume
while maintaining the same or the higher level of accuracy. We used both degree of match and demo-
graphic information as criteria for reducing the data volume, thereby naturally enhancing the
performance. It is shown that using degree of match improves the prediction accuracy too in CF sys-
tems and also that using some demographic information also results in better accuracy.

Keywords: Recommender System, Collaborative Filtering, Demographic Information, Spearman Rank
Correlation Coefficient, Degree of Match
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