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Abstract

This paper presents an improved collaborative recommendation method based on multi-level similarity computation. Recommendation systems that suggest products to customers are gaining popularity in the field of electronic commerce. The collaborative recommendation system computes similarities between users by using previous ratings on various items, and recommends the items rated high by similar users. One significant limitation of collaborative recommendation, however, is that the sparseness of data highly restricts the range of recommendable items. To overcome the data sparseness we used a multi-level category of items in computing user similarity. By using multi-level similarity computation with cardinality and variance weighting, the coverage of recommendation can be greatly improved without sacrificing the precision of recommendation. 
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1. INTRODUCTION

As the electronic commerce market is rapidly growing, personalized recommendation systems that suggest products to customers is gaining interests. A recommendation system analyzes the personal preference of each customer based on his/her previous actions on different items – rating or purchasing them. There are two kinds of recommendation systems, which are content-based and collaborative. The content-based recommendation system analyzes the textual information of preferred items, saves keywords from those item on a user profile, and recommends new items based on the profile of the user. On the other hand, the collaborative recommendation system analyzes similarities between a user and others, and recommends new items that were preferred by other people similar to that user. Because the collaborative method does not require any information on the contents of products, it is more appropriate to recommend products like music, movies, paintings, clothes, etc., which are difficult to recommend by the content-based method [1]
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A collaborative recommendation system predicts a user’s preference based on the similar user’s preference. User similarity can be computed by statistical methods such as Pearson correlation coefficient[7]. Once similarity is computed, user preference for a certain item is predicted by computing the weighted average of similar user’s ratings on that item. The correlation-based method was used to quantify user similarities and predictions in many systems like GroupLens[8] and LikeMinds[14]. GroupLens, which is one of the well-known collaborative recommendation systems, was originally designed for filtering electronic news articles, and is now used for recommending various types of items[15]. LikeMinds is another commercial recommendation system, which is used in several electronic commerce sites. The effectiveness of the collaborative method to recommend non-textual items has been demonstrated through many applications. 

One significant limitation of collaborative recommendation, however, is that the sparseness of data highly restricts the range of recommendable items. If users evaluate only a few among thousands of items it is hardly possible to determine the similarity between two users since the items evaluated by both users would be very rare. In addition, if the number of similar users is very small, the number of items for which the prediction can be made will also be very small. Therefore, when the evaluation information about items is not sufficient, it is difficult to recommend items by using basic collaborative method. It can be a critical problem because the data sparseness can be easily observed in practical applications. Usually, the evaluation information is obtained by each customer’s purchase history, but the number of purchased items is usually small compared to the total number of items.  
In this paper, multi-level similarity computation method is proposed to relieve such limitation of collaborative recommendation. We assume that the items are classified to a multi-level (hierarchical) category, and use the category information to compute similarity between users. Thereby even when two users do not have rating information on same item, the user similarity can be computed if some of the rated items belong to a same category in higher level. As more similar users are found, the number of recommendable items increases. In computing similarity based on the multi-level category, we introduce cardinality and variance weighting schemes considering the size and relative importance of categories to improves the prediction accuracy. The proposed method has been implemented and tested with real-world data sets. The improvement of recommendation performance is demonstrated by comparing the results with those of the basic collaborative method.

2. COLLABORATIVE RECOMMENDATION
Two key parts of the collaborative recommendation system are computing similarities between users and predicting preference for items based on those similarities. Figure 1 shows the general structure of a collaborative recommendation system.  
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Figure 1. Structure of a collaborative recommendation system
The user preference information must be provided to compute similarities between users. It is usually given as a set of scores representing each user’s rating on a specific item. Given those scores, the user-to-user similarity is computed by using a statistical measure. Pearson correlation coefficient has been widely used since it was adopted in the GroupLens project. If we represent the correlation between user a and user u by using the Pearson correlation coefficient, the similarity between two users are computed by using the equation 1.  
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In above equation, 
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 is the average rating of user a, (a is the standard deviation of ratings of user a, and (i is the summation over the items rated by both users a and u. The Pearson correlation coefficient represents how the preferences of user a and user u are related by comparing each user’s relative rating over each item. This equation results in a value between –1 and 1, where –1 implies the opposite preference between users a and u, and +1 implies the same preference. 

Once the correlation between users a and u is computed, user a’s preference can be predicted for the item that has been rated by user u but not by user a yet. The prediction of preference of user a for item i can be computed as the weighted sum of the ratings of the other users as the following equation 2.
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In above equation, 
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 is the predicted preference of user a over item i, 
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 is the similarity between user a and u, and n is the total number of users. Collaborative recommendation method using these equations is also known as a neighbor-based prediction method. It has been used in many collaborative recommendation systems and various modifications have been proposed to improve the performance. Billsus and Pazzani[3] applied feature extraction techniques to predict user preference even when there is not enough information available. To make learning by this technique practical, they reduced the dimension of the user-item preference matrix by singular value decomposition (SVD). Breese et al[1] used default rating value for the item that has no rating information from a user. They also applied different weights depending on how many users have rated a certain item. This idea is analogous to inverse document frequency in the field of information retrieval, in which commonly occurring words are given low weight because they are not useful to classify documents, and is called inverse user frequency. Herlocker et al[7] suggested several variants of the Pearson correlation equation by applying different weighting factors depending on how many common items is used for computing user similarity and how widely ratings for an item distribute. 

The SVD method or using default value may alleviate the data sparseness problem. However, the SVD method is impractical because of the large amount of computation time. Using default value may be an easy solution but a fixed value cannot be generally applicable to all users. Selecting appropriate default value is another problem. The multi-level similarity computing method presented in this paper does not require significant computing time and generally applicable to most of e-commerce sites. 

3. PERFORMANCE IMPROVEMENT OF THE RECOMMENDATION SYSTEM
We extend the basic collaborative recommendation method based on the Pearson correlation coefficient by using multi-level similarity computing to improve its coverage and accuracy. In this section, the multi-level similarity computation methods with cardinality and variance weighting to improve the performance is described.
3.1 Multi-level similarity
In recommendation, the coverage is an important factor to decide the quality of the recommendation system[1]

 REF _Ref479757692 \r \h 
[7]. Coverage is defined as the percentage of recommendable items over all the items for which prediction is to be made. If there is no common item rated by two users, similarities between users become zero. Similarity zero implies that two users have no common interests, so their actions do not affect to each other. However this is true only when the rating information by two users is enough to draw a conclusion, because the similarity can also be zero due to lack of rating information. Therefore the number of rated items has been taken account in computing similarity in [7].

In this paper, we use a hierarchy of items whose leaf nodes represent items and non-leaf nodes represent higher-level category to improve coverage of the recommendation system. See the example hierarchy of electronic devices in figure 2. In this example, “Samsung SCH”, “Motorola StarTAC”, and “Qualcomm PDQ” are all connected through the higher-level category called “Cellular phone”. We can learn valuable information such that people possessing cellular phones tend to buy a PDA through this hierarchy. In most of current approaches, when user X possessing a Samsung SCH buys an IBM WorkPad, it recommends an IBM WorkPad only to another user Y who bought a Samsung SCH. Therefore if another user Z bought a Motorola StarTAC, the current approach will not recommend a PDA to the user Z, even though user X and user Z may have strong correlation by the higher-level category “Cellular phone”. 


Figure 2. Multi-level category of items
In the proposed method, the relationship between “Samsung SCH” and “Motorola StarTAC” can be found via a hierarchical structure. As a result, it becomes possible to compute similarity between a user having bought a Samsung SCH and a user having bought a Motorola StarTAC. The ratings for higher-level categories are derived from the actual ratings for the items. The rating for a category is defined as the average ratings for the items in that category as follows. 
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In above equation, cra,k is the derived rating of category k, and RNk is the number of rated items that belong to that category. These derived ratings of non-leaf level nodes are incorporated in computing the user similarity.

3.2 Cardinality and variance weighting 
In using category rating, it is usually reasonable to weight more on the similarity computed by the lower-level category (or item) because similarity computed by using individual items is more accurate than similarity computed by using higher-level categories. More generally, the similarity computation based on the category with smaller number of items would be more accurate. Therefore, we weight each category with the inverse of the category size (cardinality). An item can be regarded as a category with just one item. 

Another weighting scheme is the variance weighting, which is based on the observation that an item with similar rating from most users would not be useful in distinguishing users. We need to differentiate the effects of each category rating on user similarities by assigning different weights for categories depending on the distribution of ratings. The variance of ratings can be such a measure. Let’s consider the distributions of ratings for three items by 100 users each. Item A in figure 3 indicates the case that the item is rated similarly by most users. So the rating information for item A is not useful for classification of users. The opposite extreme case is item B, in which the item gets half of the minimum and half of the maximum possible ratings. In this case, classifying users into two groups seems straightforward. Items A and B show the extreme cases of variances of ratings within possible ranges: the variance of item A is close to the minimum and that of item B is close to the maximum. The last distribution represents the case in the middle. 



Figure 3. Three cases of different standard deviation

This example tells a need to differentiate the effects of items on computing user similarities: increasing the effects of items with large variance as in figure 3 (b) and decreasing the effects of items with small variance as in figure 3 (a). This can be achieved by multiplying normalized variance for each category as weights. Incorporating both weighting schemes, we use the category weighting factor cwk which is defined to be proportional to normalized variance and inversely proportional to cardinality for each category defined as follows.
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ck = total number of items that belong to category k. 

For an individual item, ck = 1.

vk = variance of category k / max variance 

among all categories.

The multi-level similarity computation with proposed weighting is represented as equation 5. In the equation, cra,k represents the rating of category k by user a, and k represents categories at all levels including the items at leaf level. 
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4. EXPERIMENTS
In this section, we present the experimental results of running the proposed methods and show how much the performance is improved compared to the basic method using Pearson correlation. The dataset used for the experiment is selected from the EachMovie database[9]. The EachMovie dataset has rating information on 1,628 movies 72,916 users during 18 months period since 1996. Users rated various numbers of movies by the number of stars 0 to 5, which was converted to normalized values from 0.0 to 1.0. Each movie is classified to one of the ten genres and we used this genre information as a multi-level category. 

4.1 Experimental methodology
We compared the results by applying three different methods to compute user similarity: the basic method with Pearson correlation coefficient applying only to items, the multi-level similarity computing method, and the multi-level similarity computing with proposed category weighting (section 3.2). We used three data sets each of which was generated by selecting 1,000 users randomly from the EachMovie dataset. To see how the performance of each method varies depending on the number of rated items, we assumed three cases that 5 items were rated per user, 10 items were rated per user, and all items except one were rated per user. For reliable results, we have repeated the same experiment for ten times for each case and reported the average of the results.

Two important metrics for determining the quality of the recommendation system are accuracy and coverage[1]
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[7]. The accuracy is a measure of how accurately the recommendation system provides predictions, and is obtained by comparing the prediction values with the actual user ratings. We measured the accuracy by using the well-known mean absolute error (MAE) in percentage as follows:
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N is the total number of ratings, Ru is the set of predicted items by user u, pu,i is the predicted rating of item i for user u, and cru,i is the actual rating of item i by user u.

Coverage is the percentage of items for which prediction is possible over items for which prediction is required. In this paper, we report the number of items for which prediction was not possible and use a term “not covered items”.

4.2 Results and discussion
The results of experiments are summarized in tables below. Table 1 shows the coverage in terms of the number of not covered items, and table 2 shows the accuracy in terms of MAE in percentage. The lower value represents the better performance for both tables. The row of the tables is labeled by the name representing each method. “Item only” represents the case of applying the original Pearson correlation method only to items, “M.L.” represents the multi-level similarity, and “M.LW.” represents the multi-level similarity with cardinality and variance weighting.

Table 1 The number of not covered items

	Data set
	Data set 1
	Data set 2
	Data set 3

	# of rated items
	5
	10
	all but 1
	5
	10
	all but 1
	5
	10
	all but 1

	Item only
	831.1
	263.5
	7.1
	789.5
	353.3
	6.2
	603.8
	242
	9.3

	M.L.
	194.5
	176.3
	7.4
	238.5
	205.8
	6.4
	176.4
	160.7
	7.8

	M.L W.
	191.4
	176.3
	6.9
	230.9
	205.8
	6.1
	171
	160.7
	7.3


Table 2 Mean Absolute Error

	Data set
	Data set 1
	Data set 2
	Data set 3

	# of rated items
	5
	10
	all but 1
	5
	10
	all but 1
	5
	10
	all but 1

	Item only
	21.93
	21.16
	18.44
	21.79
	21.11
	19.18
	21.48
	20.78
	18.62

	M.L.
	22.54
	22.11
	19.12
	22.33
	22.92
	19.85
	22.13
	21.65
	19.42

	M.L W.
	21.75
	21.10
	18.39
	21.63
	21.06
	19.10
	21.36
	20.73
	18.55


Table 1 shows that the coverage of the multi-level similarity is improved drastically compared to the original method. The number of not covered items by the multi-level similarity method is much smaller. The improvement is more outstanding when the number of rated items is small. It is because when the number of items is relatively small (sparse data – 5 out of 1,628 movies) the number of users that the similarity computation is possible is also very small. By using multi-level category, more users with similar preference can be found.

Table 2 shows that the accuracy of the multi-level similarity is worse than the original method. This has been expected because the derived similarity for higher-level categories must be less accurate than the similarity for items only. However the accuracy is recovered by incorporating the cardinality and variance weights in computing user similarity, which is shown in the last row (M.L.W.) of table 2. In summary, by using multi-level similarity with the cardinality and variance weighting, we can improve the coverage of recommendation without losing the accuracy of prediction.

Figure 4 shows how much the number of not covered items reduced by using M.L.W. compared to basic method. It shows that the multi-level similarity computation is effective especially in the case that there exists data sparseness. The number of not covered items is reduced about 2%-20% when all items except one were rated, but it is reduced more than 70% when the number of rated item is only 5. 

Figure 4. Improvement of coverage with respect to the number of rated items

5. CONCLUSIONS
   One of the limitations of collaborative recommendation systems is that the sparseness of data restricts the range of recommendable items. When the evaluation information about items is not sufficient, it is difficult to recommend new items by using basic collaborative method. It can be a critical problem because the data sparseness can be easily observed in real world applications. 

   In this paper, we proposed a multi-level similarity computation method to improve the coverage of the collaborative recommendation system without sacrificing the accuracy. To widen the range of recommendable items, we used a category hierarchy and derived the rating of higher-level categories from the ratings of individual items, and then compute the multi-level similarity. To prevent the accuracy degradation, the cardinality and variance weights were incorporated in computing user similarity. 

The proposed methods were simulated with the EachMovie dataset and the performance of recommendation was measured in terms of mean square error and the number of items not covered. The results showed that the coverage of the multi-level similarity was improved drastically compared to the original method, while the accuracy was slightly improved by using the cardinality and variance weights.

In this experiment we actually used only two-level similarity because of the structure of data. Experiments on datasets with variety of hierarchical category of items, such as department store, would help to determine better weighting scheme for similarity computation. 
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