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[Abstract]

In collaborative filtering systems, the item rating prediction values calculated by the systems are very
important for customer satisfaction with the recommendation list. In the time-aware system, predictions
are calculated by reflecting the rating time of users, and in general, exponentially lower weights are
assigned to past rating values. In this study, to find out whether the influence of rating time on the
rating value varies according to various factors, the correlation between user rating value and rating
time is investigated by the degree of user rating activity, the popularity of items, and item genres. As
a result, using two types of public datasets, especially in the sparse dataset, significantly different
correlation index values were obtained for each factor. Therefore, it is confirmed that the influence
weight of the rating time on the rating prediction value should be set differently in consideration of the

above-mentioned various factors as well as the density of the dataset.
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I. Introduction
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III. Movie Data Analysis

1. Characteristics of the Datasets
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Table 1. Characteristics of the datasets

CiaoDVD MovielLens
number of users 17,615 6,040
number of items 16,121 3,952
total number of ratings | 72,665 1,000,209
r.atlng time period 6~4.927 1~1,039
(in day)
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Table 2. Genre types in the datasets

t t . .
datase CiaoDVD MovielLens
genre
1 action & adventure | action
2 comedy adventure
3 family animation
4 drama children’s
5 horror comedy
science fiction & .
6 crime
fantasy
7 thriller & mystery documentary
8 martial arts drama
musicals & music
9 . fantasy
films
10 war film-noir
11 westerns horror
documentaries & .
12 ) . musical
biographies
13 special interest mystery
14 sports romance
15 world cinema science fiction
16 TV series thriller
17 anime war
18 - western
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Fig. 1. Number of ratings by day: CiaoDVD(up) and
MovieLens(bottom) datasets
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Fig. 2. Number of ratings by user id: CiaoDVD(up) and
MovielLens(bottom) datasets
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Fig. 3. Number of ratings by item id: CiaoDVD(up)
and MovielLens(bottom) datasets

2. Correlation between Time and Rating
Values of Users
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Table 3. Description of user groups

UserA |UserB |UserC
minimum number of ratings/user 1 50 200
number of 17,615 | 147 27
users
CiaoDVD
avg.number ~4.13 | =145 | ~401
of ratings/user
number of 6,040 | 4,297 | 1,589
users
MovielLens b
avg. number ~165.6 | ~219.6| ~4135
of ratings/user
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Table 4. Correlation between time and rating values
of users

CiaoDVD MovielLens
UserA -0.29405 -0.08618
UserB -0.0865 -0.07524
UserC -0.04719 -0.07265
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Fig. 4. Correlation between time and rating values per
genre of user groups: CiaoDVD(up) and
MovieLens(bottom) datasets

3. Correlation between Time and Rating
Values for Items
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Table 5. Description of item groups

ItemA |[ItemB |ItemC
minimum number of ratings/item | 1 50 200
number of 16,121 179 10
items
CiaoDVD
avg. number ~45 | ~89.55|=2615
of ratings/item
number of 3952|2514 | 1,426
items
MovielLens b ¢
ave.  number o) - 269.9 | ~389.0 | ~600.1
ratings/item

Table 6. Correlation between time and rating values
for items

CiaoDVD Movielens
ItemA -0.29405 -0.08618
ItemB 0.102159 -0.078896
ItemC 0.02852 -0.08451
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Fig. 5. Correlation between time and rating values per
genre of item groups: CiaoDVD(up) and
MovieLens(bottom) datasets

IV. Conclusions
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