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Improving Performance of Jaccard Coefficient for Collaborative Filtering
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Abstract

In recommender systems based on collaborative filtering, measuring similarity is very critical for

determining the range of recommenders. Data sparsity problem is fundamental in collaborative

filtering systems, which is partly solved by Jaccard coefficient combined with traditional similarity

measures. This study proposes a new coefficient for improving performance of Jaccard coefficient by

compensating for its drawbacks. We conducted experiments using datasets of various characteristics

for performance analysis. As a result of comparison between the proposed and the similarity metric

of Pearson correlation widely used up to date, it is found that the two metrics yielded competitive

performance on a dense dataset while the proposed showed much better performance on a sparser

dataset. Also, the result of comparing the proposed with Jaccard coefficient showed that the proposed

yielded far better performance as the dataset

is denser. Overall, the proposed coefficient

demonstrated the best prediction and recommendation performance among the experimented metrics.
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[l. Preliminaries

1. Jaccard Coefficient
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2. Jaccard Uniform Operator Distance (JacUOD)
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[ll. The Proposed Scheme

1. Motivation
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Table 1. Datasets for experiments

L number of matrix size ) )
dataset haracteristics ) . rating range sparsity level
ratings (usersXitems)
MovielLens 1M =20 per user 1000 X 3952 1~5 (integer) 0.9607
BookCrossing >10 per user 1014 x 883 1~10 (integer) 0.9775
Jester =36 per user 998 x 100 -10~+10 (real) 0.2936

= Apdeld. Z, g

7)ol uheh Aol 8y ZHolA 7HI7} et Bebd
AR Hel g Bohglol BASH 191 97t BAaA 4%
el AR5 6% 1A S ARSAeI) B Aow et

Proposed Coefficient
o XWW 7)eg Age] wet 71E

=]
A%
Hehz PEg nerskdch Ak A%

M

o B AT gl N AL AT
& %*UM FEOE Bo| PoIPEIE
H,

AR Wohgkel WIS A, F, S

O

o x}_ﬂ_c
2713k
] =

FRE F AR TERIYEAARE
=20
3T 1‘
N

=, 7ol Moﬂ
SAZHLbd) olakel 77,

7 FERANGEG W 5L )
O X

AEd, FAHR, A

oleltt 14 Sl AEE WHS AR,

%

S0

o
ftl
A1)

ol
o

L gy

Jo o
rlo
S
rlo
o,

84

10 o
S
rg: Ly

Ll Jlm - -

2 2 rf

RS

25} 19} Akl AFhE ASE ofelel o] Aolgl.

[L,u = {ielit|r71,i < Lbd}
Ly ={i€ LI Ly <r,; < H,}

]H,u = {ZE[U|’I“U71 2 Hbd} ................

|]L un ]L 1'|
Ji d , — by ThHY
accard; (u, v) |IL,uU 7.
Dysu® Iy
Jaccard (u, v) = s
M |]11uU ]Au|
|]Hun [Hbl
Jaccardz(u,v) = ————.........
H( ) |]HuU [H v|

JacLMH(u,v) = (JaccardL (u,v)+ JaccardM(u, v)

+ Jaccardy (u,v))/3......... @)

V. Performance Experiments

1. Background
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Table 2. Lbd and Hbd values for each dataset

Mg 72t ES e
Lbd Hbd Lbd Hbd
MovieLens 1M 1~3 3~5 2 5
BookCrossing 1~4 6~9 4 6
([bd, Hbd) =
Jester (=7,7)~(-2.5,2.5)7}x| 2zt -3 3
S5tA 0.54 His5t5t0] AH.

MAE for varying topNNs: MovieLens(ML) (left),

BookCrossing(BX) (middle), Jester(JT) (right)
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Fig. 2. F1 for varying topNNs: MovieLens(ML) (left), BookCrossing(BX) (middle), Jester(JT) (right)
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