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Abstract. Popular online services, such as Amazon.com, provide 
recommendations for users by using other users' rating scores for items. In this 
study, we describe three types of rating systems: score-rated, count-rated, and 
digital-rated. We hypothesize that digital-rated systems provide the most useful 
recommendations. Then we analyze the differences in the results of the rating 
when the granularity of the score changes. Finally, we visualize users by 
developing a 2-D visualization system that uses a multi-dimensional scaling 
method. 
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1   Introduction 

Popular online services, such as Amazon.com, provide a recommendation to users 
when a user opens a page describing an item or clicks a link to view its detail. Finding 
items from the recommendation list is accomplished by information retrieval using 
methods such as keyword search or browsing.  

This recommendation method works well when the user has no exact target, but it 
lacks quantitative value. In general, calculation of recommended items utilizes a user's 
history of purchases or rating scores for items. For example, the user gives a score 
between 1 and 10 based on his or her evaluation of the item. Such rating scores, 
however, are not exact because people tend to give high scores such as 9 or 10. 
Ratings can be recognized as “interest in items.” Thus, it might be thought that an 
item rated as a 9 or 10 by a user means that it is his or her favorite, but the rating is 
not definitive. Therefore, a binary rating such as “buy or not” or “listen or not” could 
provide a more useful recommendation. We hypothesize that such a binary rating 
makes it easier for users to rate items and also makes it easier for recommendation 
systems to perform calculations. 

In this paper, we first observe existing rating systems. Then we analyze the 
difference between the results when the granularity of the rating scores changes. In 
order to analyze the results visually, we developed a 2-D visualization system that 
visualizes users who are making recommendations using a multi-dimensional scaling 
(MDS) method. MDS is widely used in various fields to analyze mutual relations 
among items. The quantification theory type III (QT-III) enables calculation of the 
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“distance” between items. Using this distance, we can decide the geometrical position 
of each item so that similar items are placed physically near each other. For example, 
if user A answered that “Oasis” and “Beatles” are his or her favorite artists, “Oasis” 
and “Beatles” are near each other with respect to user A. In the same way, if user A 
and user B answered that “Oasis” is their favorite artist, users A and B are near each 
other with respect to “Oasis”. 

2   A Study of Rating Methods 

In this study, we consider three types of rating methods for items. The first method 
gives regulated rating scores such as five stars. We call this a “score-rated type”. The 
next method counts a user's actions such as history of purchase. We call this a “count-
rated type”. The third method expresses a user's interest in terms such as “1 or 0”, 
meaning “I like it” or “I don’t like it.” We call this a “digital-rated type”. In the 
following sections of this paper, we analyze the differences between the results 
obtained by each rating type.  

2.1   Samples of Each Type of Rating 

Score-Rated Type: Ratebeer.com. Ratebeer.com is a web service about beer. It has 
a huge amount of information about beer and also rating data by its users. 

 

Fig. 1. Ratebeer.com 

Once a user gives ratings about aroma, appearance, flavor, palate, and overall 
impression, Ratebeer.com converts them to official scores between 0.0 and 5.0. In this 
case, Ratebeer.com is categorized as a score-rated type. 

Count-Rated Type : Last.fm. Last.fm is a web service related to music. This service 
stores users’ histories of listening in real time. Using these histories, it provides 
recommended tracks and artists to each user. Last.fm is categorized as a count-rated 
type. 

 

Fig. 2. Last.fm 
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Digital-Rated Type : Hondana.org. Hondana.org is an online bookshelf service. Its 
users can register any books they have. It does not require the users to rate books. 
Hondana.org can be categorized as a digital-rated type. 

 

Fig. 3. Hondana.org 

2.2   Creating a Data Set 

Currently, there are many web services such as Flickr or del.icio.us that feed XML 
documents like RSS or Atom. In order to collect as much real rating data as easily as 
possible, we used the XML feeds and created ratings data from them. 

Getting data from Web service. Service providers gather and use users’ data for 
their own purposes. They also deliver the information as an XML document called an 
RSS feed. We can utilize this XML document in our applications. 

 

Fig. 4. Web service 

Last.fm and Audioscrobbler.net. Audioscrobbler.net provides XML documents. Its 
data source is the users' listening habits at Last.fm. Using Audioscrobbler, it is 
possible to get such data as a profile, top artists, top albums, and top tracks for each 
user. 

 

Fig. 5. Web service of Audioscrobbler 
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Figure 6 shows the XML about top tracks.  

 

 

 

 

 

 

 

 

Fig. 6. Users’ Top Artists XML 

3   Study of Each Data Type 

We obtained top favorite artist data for 100 users from Audioscrobbler and conducted 
experiments described in the following sections. We converted these data to category 
data for the QT-III, which we called the original data set.  

3.1   Original Data Set 

In the original data set, it is very rare to see that two or more users listen to the same 
artist the same number of times. Consider, for example, user A who listened to a track 
by Oasis, for instance, 10 times and user B who listened to the same track 200 times. 
 

 

Fig. 7. Original Data Set and Normalized Data Set 
 

<topartists user="orimo">  
<artist>  
<name>Oasis</name>  
<mbid/>  
<playcount>1768</playcount>  
<rank>1</rank>  
<url>http://www.last.fm/music/Oasis</url>  
</artist>  
<artist>  
<name>Ben Folds</name>  
<mbid/>  
<playcount>702</playcount>  
<rank>2</rank>  
<url>http://www.last.fm/music/Ben+Folds</url>  
</artist>  

-snip-  
</topartists> 
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If A listened to a particular song 10 times and B listened to the same song 10 times, 
the result might be given as “A's listening habit is similar to that of B” since both 
listened to the song the same number of times. This is not appropriate because the 
total number of A's playing count is different from that of B. 

It is, therefore, necessary to normalize the data. By setting max repeat count to 100, 
we normalized all repeat counts. For example, if user A listens to a song by Oasis 10 
times and a song by Blur 5 times, the value of Oasis is set to 100 and that of Blur is 
set to 50. Using this normalized data, we calculate similarity of users’ listening by 
QT-III. 

3.2   Normalized Data Set  

We converted the original data into a normalized data set, as shown in fig.7. Then we 
analyzed the difference in the result of the rating when the granularity of the score 
changed. In order to compare the results visually, we developed a 2-D visualization 
system that categorizes items by using MDS. Using this data set, we created a 
temporal data set of the count-rated type. Then we observed how users' positions 
changed on 2-D space. 

3.3   Score-Rated Data Set 

To create a temporal data set of the count-rated type, we converted the normalized 
data set as shown in fig.8. We call this result a score-rated data set. In ten grades of 
scoring, the user can give a score from 1 to 10. Since such fine granularity makes the 
rating complicated, few services use this rating. A system using five grades of 
scoring, as seen in YouTube.com, is more popular. In this case, users' positions are 
calculated and are plotted on a 2-D map as shown in fig.9. Both rating methods, 
however, have the problem that there is no exact rule for scoring, and this might 
reduce the reliability of the rating. In two grades of scoring, on the other hand, the 
user chooses “good” or “not good”. In this case, users' position are calculated and 
plotted as shown in fig.10. 

 

Fig. 8. Score-Rated Data Sets 
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Fig. 9. Users’ map using Scoring Data Set 

 

Fig. 10. User map using Scoring Two Grades data Set 

3.4   Digital-Rated Data Set  

In the next step of this study, we converted the original data set to a digital-rated data 
set. In this data set, we consider that “repeating artist A's track 100 times” and 
“repeating artist A's track 1 time” are the same. Scoring in digital is a rating based on 
selecting “yes” or “don't care”. In this case, users' positions are calculated and plotted 
as shown in fig.11.  
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3.5   Study of Each Data Set  

Using coordinate values calculated by QT-III, we drew a line graph (fig. 12) to 
compare changes of results from each score-rated data set. This shows that the ups 
and downs of the graph are almost synchronized, indicating that the granularity of the 
rating is not very important.  

 

Fig. 11. User map using Digital-rated data Set 

 

Fig. 12. Comparing results of Score-Rated data sets 

Next, we compared the 2D maps generated by two-grade scoring and scoring in 
digital-rated scoring. The user “orimo” was set at the origin of coordinates and other 
users were placed by using the distances from “orimo” (fig. 13). 
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Fig. 13. Distances to Origin Point User 

Since the top 25 similar users are almost the same, it could be said that both data 
sets could provide almost the same result. We also analyzed the reason why the 
distances between these users and “orimo” are close. Most similar users in the 
digitized data set were almost repeating the same artist's track. Most similar users in 
the two-grade scoring data set were repeating tracks of an artist similar to orimo's 
favorite. So it seems that both data sets apply to similar users. 

4   Visualization System 

We developed a visualization system using Apache Tomcat on Windows XP. The 
system was implemented using a Java Servlet and Java applets. We acquired XML 
 

 

Fig. 14. Process of Calculating Mapping Data 
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data of Last.fm via HTTP. Using a Java Servlet, the original data are converted to 
normalized data. Finally, each user is visualized by using a Java applet. This process 
is shown in fig.14. 

5   Related Work 

The authors previously developed a visual browsing system for a movie database. The 
system, named ZASH, visualized movies, recommenders, actors, directors, and 
keywords on different 2-D planes in one 3-D space. Movies and recommenders are 
categorized by using MDS QT-III, and therefore similar movies are displayed 
physically near each other. One of the problems in ZASH is it requires users to give 
scores to the movies. 

TechLens+ is a hybrid recommender algorithm that combines collaborative 
filtering and content-based filtering to recommend research papers to users. Through 
some experiments, it is shown that the algorithm gives a good recommendation. 
However, it also requires the users to give scores to papers. 

Amazon.com uses recommendation algorithms to personalize the online store for 
each customer. The available selection radically changes based on customer interests. 
Amazon uses an algorithm called item-to-item collaborative filtering, but it also  
requires users to rate items. 

6   Conclusion and Future Works 

In this paper, we observed existing rating methods and identified that the granularity 
of the rating scores is not very important in calculating the similarities of users. In 
order to verify our hypothesis, we developed a system that collects a large data set 
from the Internet, normalizes the data, calculates the similarities of users by using 
MDS QT-III, and visualizes them on a 2D map. The experimental results support our 
hypothesis. 

As a future project, we will collect much more data and analyze the similarities of 
users. Then we want to apply our method to the recommendation system. 
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