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Collaborative filtering (CF) is originally based on the B opd 7o) ol B dlo|H E A= A%
ratings of customers who vote on the items they used. 7 QAATHI2]. €etd e = FojgdRE LehfE
When customers’ votes are not available, user-item binary diole]= 871 dlo]He] vlal] 78] Fuljsie]ol] o
data set which represents choice and non-choice can also be Shd W HEE Ea s 20 ope} udlew
used in this analysis. In this case the similarities between HEH Alzell tigh BriE 471 A k8ol "HaA
active user and the other users must be modified. Therefore Att= AEs 7KL =, Fol dloly o] 2E51A]
we compare eight types of binary similarities by applying Ao 24 2 "HlolHE Algds u Wid 5 9l
them in the modified CF Algorithm. Some experimental + TAFAES Y9407 s 5 A He delt
results will be reported. HolAE 45 dloly dEloA FulloRE
el 13 022 744 diolgz 2 24 oy
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[# 1] Contingency table

choice (1)

non-choice (0)

choice (1)

a = conjoint choice

b = mismatch

nen-choice (0)

¢ = mismatch

d = conjoint non-choice

[3 2] Similarity measures for binary variables

ID Similarity Formula Properties
| Covariance (Co) a/n— ((atb)nx(atc)/n) -
2 Jaccard’s coeff. 1 (Ja) a/(atbrc) Conjoint absence is ignored.
. . Conjoint absence is ignored, conjoint
3 Dice’s coefl. (D) 2a/(Gatbre) presence is double weighted.
Conjoint ab i t evaluated
4 Russel&Rao’s coeff. (RR) a/(atbtetd) .OT.UOH.‘I absence .IS 1ot &V ga et as
similarity, but used in the denominator.
Conjoint absence is ignorad, mismatches
Sokal&Sneath’ ff. T (851 +2(b+ ?
3 © rieatlt's cos ( ) @/(et2(bre)) are double weighted.
. . Absence and presence as well as matches
+ +btet
6 Simple matching coefl. (SM) (atdyatbrotd) and mismatches have equal weights.
7 | Sokal&Sneath’s coeff. T1 (SSTT) St dY(atd) b Matches (conjoint absence and presence)
’ (atrdy2atdytbre) are double weighted.
g8 Rogers&Tamimoto’s coeff. (RT) (at+d)/(atd+2(b+c)) Mismatches are double weighted.

3. Experiments and Results
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[Z 3] Data description for experiments
Non-zeros Users Items Density (%0) A B C D
Data 1 5444 105 168 30.86 70 35 100 68
Data 2 6902 160 150 28.76 100 60 100 50
Data 3 6641 161 147 28.06 100 61 100 47
Data 4 7145 155 168 27.44 100 55 100 68
Data 5 7055 159 146 30.39 100 59 100 46
C D
A A
~ " ~
A ' E A Training users
E ! B : Active users
' , C : Items for calculating the similarities
' E | D : Items under recommendation
B '\\ L F E : Data for calculating the similarities between A and B
______________ ‘ F : Comparison data set
[2%F 1] Experimental data split
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[2 4] Precision for the data 1
D .

N Co N1 x RR S M| SSII RT
1 071 069 | 069 | 0.69 | 0.71 | 0.60 | 0.60 | 0.63
2 0.74 | 063 | 060 | 0.56 | 0.63 | 0.56 | 0.54 | 0.57
3 070 | 058 | 0.59 | 0.60 | 0.59 | 0.57 | 0.56 | 0.59
4 071 | 060 | 059 | 0.59 | 0.61 | 0.56 | 0.57 | 0.54
5 067 | 061 | 060 | 0.61 | 0.62 | 0.54 | 0.54 | 0.53
6 0.64 | 059 | 058 | 0.58 | 0.60 | 0.52 | 0.52 | 0.52
7 062 | 058 | 057 | 059 | 058 | 0.53 | 0.53 | 0.53
8 0.59 | 057 | 056 | 0.59 | 058 | 049 | 048 | 049
9 0571056 | 056 | 0.58 | 057 | 048 | 048 | 046
10 0551053 | 053 | 055 | 055|047 | 048 | 045
=t 0.65( 059 | 059 | 059 | 060 | 053 | 053] 053
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[Z 5] Average precision for the all data

Co h Di RR | 351 SM | S8 RT

Datal | 0.65 | 0.59 | 0.59 | 0.59 | 0.60 | 0.53 | 0.53 | 0.53

Data2 | 0.77 | 0.75 | 075 | 0.74 | 0.75 | 075 | 0.75 | 0.75

Data3 | 0.77 | 0.76 | 076 | 0.75 | 0.76 | 0.74 | 0.75 | 0.74

Data4 | 0.76 | 0.75 | 0.75 | 0.75 | 0.75 | 0.73 | 0.73 | 0.73

Data5 | 0.75 | 0.75 | 0.74 | 0.74 | 0.75 | 0.74 | 0.74 | 0.74

B | 074 | 072|072 (072072070 | 070 | 0.70
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4. Conclusion and Future Works
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