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Using User Rating Patterns for Selecting Neighbors in Collaborative Filtering

Soojung Lee*

Abstract

Collaborative filtering is a popular technique for recommender systems and used in many practical

commercial systems. Its basic principle is select similar neighbors of a current user and from their

past preference information on items the system makes recommendations for the current user. One of

the major problems inherent in this type of system is data sparsity of ratings. This is mainly caused

from the underlying similarity measures which produce neighbors based on the ratings records. This

paper handles this problem and suggests a new similarity measure. The proposed method takes users

rating patterns into account for computing similarity, without just relying on the commonly rated items

as in previous measures. Performance experiments of various existing measures are conducted and

their performance is compared in terms of major performance metrics. As a result, the proposed

measure reveals better or comparable achievements in all the metrics considered.
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Fig. 1. Entropy of ratings of each user

2. Formulation of the Proposed Similarity Measure
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Table 1. Notations and descriptions of symbols

notation description
ro Rating of user u given to item i. If i is not rated,
u,2 NULL is assigned.

I The set of all items

1, The set of items for which user u has rated.
Tiin The minimum rating allowed in the system

T ax The maximum rating allowed in the system
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V. Performance Experiments

1. Preparations for Experiments
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Table 2. Characteristics of Jester dataset

Matrix size (usersXitems) 998x%100
Rating scale -10.0 ~ +10.0
Total number of ratings 70,502
Number of ratings per user (average) 36~100 (70.6)
Sparsity level 0.2936
Recommendation threshold 3.0
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Table 3. Mean Absolute Error (MAE) of the methods for varying number of nearest neighbors
5 10 15 20 25 30 35 40 45 50 55 60 65 70
MSD 3.403 | 3.349 | 3.334 | 3.329 | 3.325 | 3.323 | 3.322 | 3.322 | 3.321 | 3.321 | 3.322 | 3.324 | 3.323 | 3.321
JMSD | 3.582 | 3.456 | 3.416 | 3.393 | 3.383 | 3.374 | 3.367 | 3.361 | 3.354 | 3.352 | 3.349 | 3.347 | 3.346 | 3.344
KWON | 3.957 | 3.829 | 3.775 | 3.74 | 3.719 | 3.701 | 3.685 | 3.674 | 3.662 | 3.654 | 3.648 | 3.641 | 3.635 | 3.629
URP-A 3.387 | 3.326 | 3.314 3.305 3.302 3.3 3.3 3.305 | 3.302 | 3.304 | 3.305 | 3.305 | 3.305 | 3.304
URP-B | 3.388 | 3.338 | 3.316 | 3.318 | 3.309 | 3.308 | 3.308 | 3.31 | 3.311 | 3.312 | 3.314 | 3.313 | 3.311 | 3.31
URP-C | 3.587 | 3.446 | 3.41 | 3.388 | 3.377 | 3.367 | 3.362 | 3.355 | 3.35 | 3.348 | 3.343 | 3.342 | 3.341 | 3.339
Table 4. Normalized Discounted Cumulative Gain (nDCG) of the methods for varying ranks
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
MSD .800 | .807 | .817 | .829 | .838 | .850 | .854 | .859 | .863 | .869 | .873 | .877 | .883 | .885 | .890 | .892
JMSD | .792 | .800 | .809 | .820 | .830 | .843 | .845 | .850 | .853 | .861 | .865 | .869 | .875 | .876 | .882 | .886
KWON | .761 | .770 | .779 | .791 | .804 | .817 | .820 | .826 | .830 | .835 | .837 | .845 | .847 | .853 | .856 | .864
URP-A | .800 | .809 | .818 | .829 | .839 | .851 | .856 | .861 | .864 | .871 | .874 | .878 | .883 | .885 | .890 | .892
URP-B | .803 | .807 | .819 | .830 | .840 | .850 | .85 | .860 | .864 | .870 | .873 | .878 | .882 | .885 | .889 | .892
URP-C | .791 | .798 | .807 | .821 | .831 | .843 | .846 | .851 | .854 | .861 | .866 | .870 | .875 | .877 | .883 | .886
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Fig. 2. Recommendation quality of various measures
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