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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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[Il. 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 (usersXxitems)
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
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V. Performance Experiments

1. Background
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Table 2. Lbd and Hbd values for each dataset
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MAE for varying topNNs: MovieLens(ML) (left),

BookCrossing(BX) (middle), Jester(JT) (right)

2. Results

I8 18 Al 7] A2 T2 549 vlolEl Al o] &-35te] A
gk MAECGE At exh o] Aafelrt, Q14 o] 55 HSA|A
7} Axo] 45 W3 Folg dolrkth AWk o Fo] -
427} 2718kl upgl MAEE 7)o $238] 7+4sith) <k st
HE AgE Btk adeA PCCe o4 whe] AxE Hole
], MovieLens(ML)®} BookCrossing(BX)olA 4 o2 uf
G Az Qes Hlal, 53] 2] dolHAleA 1S 12
sk, o]= PCC7L w5 343k vlojE Aol FF &35t
3 fFAE & AbESH] wlitelth4](5]. BX AelA veRd
PCC A58 2 AEE9 A% ao7t wig- & 3s &
dolg 3|aAo] PCC fAME # kol dwht Fa 3k J3ks 7|
A=A g 4 9lrh

ol’d FFe= Jaccard®] 450l BXelA v Holdd], 7t
A& s WA k2 HE% BTt FEHIHEE
Meto g 7 953 MAE AlsS Bt =3k BX XU}
3|/ o] tha 3 MLoA = ‘:}E F WF 2 %(JacUODSH
JacLMH) Rt} A5o] tha XAk PCC Kb 423k A

s 235 B vbdo Jester(JDoll A= JAHZ Jaccard
ﬂ 5ol 71 A Az o]= B ol Mlo] Lo
F7HAE AF uEsA] & Jaccard?] W ol El5hy] wiE-
olt}.

g8 JacUOD®} JacLMH®| Z#}-5 vlas)®y ML BXol
A AL YT A Bl W, JTA = JacLMHZF 8%
AT wheba, 7 ARG 7EA] Afele] A7]E e
JacUOD7} 7k A8 a4 e A 71hd 3534713
B 08 nhS 223k JacLMHel H]8), 343k dlo] Ao M=
o A1 45E BolA a1, U dlolg A= 23]

Y Ax3 AeS 1 Rolth 53|, JacLMH= JTolA PCC

% ANRE HQo =M HUAE 1 EHA &

A3hE ehd & g

a9 2% Fl1 A9E 4E}H1~r%l °olE flaf 7} wlolE Aol
383 W7HA] Wele] 80% o1dQ) B ASAE T FEE
& FHeIh S, MLl 3754171 4, BXelAl 8, JTel
A6 oot dd FES FHITE MAE A3t fAH A



Improving Performance of Jaccard Coefficient for Collaborative Filtering 125

083 =

o 06l T = =G _._._ﬁ.. —0- = -

--4r- Jaccard
059 ommmm e

—H— JaclMH

—E—PCC

—+—Jacl0D |- =]

e I o --A-- leceard |
—t+—JzclOD
—H—Jad MH
--A-- laccard o 02 4----1 —m—PcC
o
T ——l=cion [T
C.18
—B— ladMH

—B—PcC A REE [ N

5 10 15 20 25 30 35 40 45 50 55 60
topNN

5 10 15 20 25 30 35 40 45 50 55 60

5 10 15 20 25 30 35 40 45 50 55 60
topNN topNN

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