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[Abstract]

Neighbor-based collaborative filtering is a representative recommendation algorithm that predicts user
preferences based on user or item similarity and it is known for its simplicity and interpretability.
However, this approach faces the data sparsity problem, in which the accuracy of similarity computation
deteriorates when user rating data is insufficient. To address this limitation, this study proposes novel
symmetric and asymmetric item-based similarity measures that rely solely on item attribute information.
The proposed measures do not require the number of co-rated items or the ratings distribution, but they
compute semantic similarity based on common item attributes, which allows for robust performance
even under sparse conditions. Experimental results using two public datasets demonstrate that the
proposed method outperforms existing techniques in terms of average precision and coverage. The
method is applicable even in systems with no explicit ratings provided, and if item attributes are static,

similarity computation needs to be performed only once, offering strong system scalability advantages.

» Key words: Similarity Measure, Data Sparsity Problem, Item-based Collaborative Filtering,
Recommender System
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I. Introduction
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III. Proposed Methodology

1. Description
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Table 1. Algorithm for the proposed similarity
measure and rating prediction
1 for i=1 to I do
2 for j=1 to I do
3 if i=j then SMJAC(i, j)=SMJACA(, j)=1
4 else
5 for f=1 to F do
6 if Vilv))=1 then nj++
7 if Vi(v))=1 then nj++
8 if Vilv)=1 and Vj(v)=1 then nj++
9 SMJAC(, j) = ni / (ni + nj = ny)
10 SMJACAG, j) = ny /
11 for u=1 to U do
12 for i=1 to I do
13 if u has not rated i then
Y sim(, ]')(VM-—;J-)
14 Sy 4 JSN
" ' Y AsimCG, j)
JENN,
Table 2. Notations and their descriptions
notation description
A feature vector of item i
I set of items
F total number of vector elements
U set of users
rui rating value of user u for item i
7, mean rating value of item i
;m predicted rating of user u for item i
NN; set of nearest neighbors of item i
sim(i, j) similarity between items i and j

2. Example of Similarity Calculation
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8317] 9Jat oA] dlojelolct. Bo] B} Wels} 159

AAQoIL £ B5 i9}j 20 SAES L T 0,
32 7 20 5g BIRIE Fofet MR ALRAT 22
Uepdct

Table 3. Number of users who rated each rating
for the items

_rating(n) |y 2 3 4 5
item
i 4 6 6 3 1
j 5 4 8 2 1
Pir 0.2 0.3 0.3 0.15 0.05
Pir 0.25 0.2 04 0.1 0.05

Kullback-Leibler divergence(KL)?} Bhattacharyya
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IV. Performance Experiments

1. Experimental Background
1.1 Dataset
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Table 4. Characteristics of datasets used for experiments

MovielLens 100K MovieLens 1M
(ML-1) (ML-2)
No. of users 943 2096
No. of items 1682 3952
total # of ratings 100,000 358,158
Rating range 1~5, integer 1~5, integer
Sparsity level 0.93695 0.95677
Min/max/avg 20/737/106.05 | 20/1850/170.88
#ratings per user
Min/max/avg 1/583/59.45 1/1291/90.63
#ratings per item

1.2 Performance Metrics
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1.3 Baseline Methods
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V. Conclusions
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