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Abstract In this paper we present an improved method by using demographic information for
overcoming the similarity miss-calculation from the sparsity problem in collaborative filtering
recommendation systems. The similarity between a pair of users is only determined by the ratings
given to co-rated items, so items that have not been rated by both users are ignored. To solve this
problem, we add virtual neighbor’s rating using demographic information of neighbors for improving
prediction accuracy. It is one kind of extentions of traditional collaborative filtering methods using the
peason correlation coefficient. We used the Grouplens movie rating data in experiment and we have
compared the proposed method with the collaborative filtering methods by the mean absolute error and
receive operating characteristic values. The results show that the proposed method is more efficient
than the collaborative filtering methods using the pearson correlation coefficient about 9% in MAE and
13% in sensitivity of ROC.
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Bayesian probability: 1)
Pr(C=c,e;,e,)=Pr(C=0¢) nli[z_Pr(e,-l C=o0),

where e; is evaluation for item i and

C is class membership.
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Estimated evaluation : e;=ef(s; ,e.) @

Estimated function : efy(s; ,e.)= Zleﬁwﬂsi) (=D B
where wAs;) is the weight function,
e; is the evaluation by user i on item j,
e; is a evaluation by user i (=eq, ez, €m),
e., is a users’ evaluation on item j
(=ew e ),
su 1s the degree of similarity of user a and
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Sa is sRe, ,ep).
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Vector similarity : (5]
sRe, ,es)= | E,—E,|
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//Create environment (off-line—ZAA R WAF)
BEGIN
open Train_data_file
while (end—of—Train_data_file)
{
read &A1 8. (Train_data)
train[user ] {movie] = rating;
}

close Train_data_file

calculate Vp:

for(int i = l;maxuserii++)

{

for(int j = 1:maxmovie;j++)

If (AHEAF A4 = null) and (€12 < = nul)
then
calculate Sy; reference Vp
Iui = Suir
End if:
}
rore 37 At
}

for(int i = 1;maxuser;i++)

{

for(int j = limaxmovie;j++)
calculate W,, // similarity using pearson correlation
coefficient;

}

END

//Calculation estimate(on—line)

BEGIN

for(int k = 1itest_datas:k++)

{
While (FAZ >= FAX or 24 o1& <= 433])
Calculate Pa;

}

Calculate mean absolute error

END
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