
 

33 

CHAPTER 5  

Personalized Music Filtering 

5.1 Introduction 

With the development of digital music technology, it is essential to develop the music 

filtering system which recommends music for users. The simplest recommendation is to 

recommend the new music. The advanced one is the personalized recommendation to make 

recommendation based on the personalized preference.  

There are two major approaches for the personalized recommendation. One is the 

content-based filtering approach which analyzes the content of objects that the user has liked 

in the past and recommends the objects with relevant content. The other is the collaborative 

filtering approach which recommends objects that peer group of similar preference have liked. 

Much research has been done on the development of the personalized recommendation 

technology. Research on the recommended objects consists of the news [4] [23], the USENET 

news [20], web navigation [29], video [3], television program [35] and music [34]. 

In most approaches of the music recommendation systems, the identification of user’s 

preference is based on the predefined music category. User’s preference is therefore 

represented on the basis of predefined music category. However, sometimes, it is not adequate 

to represent user’s preference by the predefined music category. For example, in the system 

providing two predefined music category, classic and jazz, what if the user who prefers 

classic jazz? 
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In this chapter, we propose a new approach to recommend music based on user’s 

preference of the melody style. The system learns the user’s preference by mining the melody 

patterns from the music access behavior of the user. A two-way melody preference classifier 

is therefore constructed for each user. Music recommendation is made through this melody 

preference classifier. 

5.2 System Overview 

The proposed personalized filtering system provides the web service of filtering users’ 

dispreferred music and recommending preferred music which is new to users. The system 

uses MIDI files as original data. The database contains both MIDI files and the features 

extracted from the melodies. Users who login the system at first time should give the 

information about their favorite by selecting their preferred categories from predefined 

categories. Music in the database is divided into two parts; one contains music of the selected 

categories, and the other contains the remaining files. The system then mines the common 

properties of user’s preference and dispreference from both parts and builds the personalized 

two-way classifier. After constructing the classifier, the music is ranked. The recommendation 

list contains music of the first N highest score ones. While the recommendation list is 

generated, users can listen and download the recommended files. The server records user’s 

profile, which contains information about user’s preference, such as the history of system 

recommendation and history of downloaded files by the user. The profiles are used for mining 

the preference later. The system architecture is shown in Figure 5.1. 
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Figure 5.1. Architecture of Music Filtering System. 

5.3 Recommendation 

In this work, we focus on the user’s preference on the melody style. The preference 

classifier is the two-way MTVS classifier, which is used to distinguish the user preferred 

music from dispreferred music. To build the preference classifier, we adopt data mining 

approach to obtain syntactic description of melody style. Issues about the preference mining 

include feature extraction, feature representation and mining techniques. These issues were 

described in Chapter 3. The MTVS classification algorithm was described in Chapter 4. 

Once the personalized classifier for the user is generated, the recommendation engine 

generates a ranked recommendation list, where the ranking is decided according to the 

recommendation scores. The system computes the score for each song based on the classifier. 

We define three types of recommendation, Boolean Recommendation, Total Rank 

Recommendation and Total Confidence Recommendation. In the following, we describe these 

types of recommendation in detail. 
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5.3.1  Boolean recommendation (BR) 

The Boolean recommendation method (BR) makes recommendation by directly 

classifying the songs with the personalized classifier. The recommendation score of each 

music object m is defined as 
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where pc is the preferred class of the user. 

Among all matched rules, only the highest precedence one which belongs to preferred 

category contributes to BR. Each song is recommended only if it is classified into preferred 

category. 

For example, given the preference classifier shown in Figure 5.2, the Boolean 

recommendation score of music objects m1:   7     7Ⅴ Ⅲ Ⅴ Ⅶ Ⅱ Ⅴ Ⅰ Ⅳ  is 1 for that m1 

matches the first rule and classified into the preferred style. Similarly, the Boolean 

recommendation scores of music objects m2: 7      and Ⅱ Ⅴ ⅢⅠ Ⅴ Ⅰ Ⅶ m3:  7  Ⅰ Ⅴ Ⅴ Ⅲ are 

both zero. 

Set: {Ⅰ, Ⅱ , Ⅳ7}→ prefer 
Bigram: {(Ⅴ Ⅲ), (Ⅴ7 Ⅶ)} → disprefer 
Sequence: (Ⅴ Ⅲ  I  Ⅴ Ⅰ) → disprefer 
Bigram: {(Ⅰ Ⅱ), (Ⅳ7 Ⅴ), (Ⅱ Ⅵ)} → prefer 
Default_class: disprefer  

Figure 5.2: A 2-way personalized preference classifier. 
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5.3.2 Total rank recommendation (TR) 

BR only makes use of single rule in the classifier, and all rules in the classifier have a 

uniform effect upon the ranking score. We propose another method which considers all 

matched rules and their ranks in the classifier. The TR ranking score of music object m is 

defined as: 
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where r and r’ are rules in the classifier that satisfies m, R is set of all rules, Rpc and Rpc’ 

represent sets of rules that belong to preferred and dispreferred categories respectively. If 

confidences and supports of two rules are equal, the ranks of two rules are the same. If there is 

no rule satisfying m, TR is set to be default_ rank. 

Take the same example as Section 5.3.1, default_rank for the preference classifier is -1. 

Because m1 matches the first and second rules, TR of m1 is 5 + (-4) = 1. Similarly, the TR 

scores of m2 and m3 are -3 and -1 respectively. 

5.3.3 Total confidence recommendation (TC) 

Total confidence recommendation method is modified from TR, which takes into 

account the confidence of all matched rules in the classifier. The confidence not only reflects 

the strength of each rule but also contains the order information in the classifier.  
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TC is set to be default confidence if there are no rules satisfying m. If the default class 

equals to preferred class, we give the default confidence a positive sign, and vice versa. 

For example, Figure 5.3 shows the preference classifier and the confidence values of 

the rules and default class. Take the same example as Section 5.3.1, the TC score of m1 is 0.9 

+ (-0.75) = 0.15. Similarly, TC scores of m2 and m3 are -0.6 and -0.55 respectively. 

Set: {Ⅰ, Ⅲ, Ⅳ7}→ prefer, conf = 0.9 
Bigram: {(Ⅴ Ⅰ), (Ⅴ7  Ⅶ)} → disprefer, conf = 0.75 
Sequence: (Ⅴ Ⅲ I Ⅴ Ⅰ) → disprefer, conf = 0.6 
Bigram: {(Ⅰ Ⅱ), (Ⅳ7 Ⅴ), (Ⅱ Ⅵ)} → prefer, conf = 0.57 
Default_class: disprefer, default_conf=0.55  

Figure 5.3: A 2-way personalized preference classifier with confidence value. 

5.4 Experiments and Results 

In our recommendation system, the data set contains 245 MIDI files. Each file belongs 

to one of the predefined categories – Chinese folk, American folk, Enya, Elton John, Beatles, 

Chopin and Bach. MIDI files of singer Elton John is collected from various web sites of Elton 

John. The album of Beatles is accessed from http://www.geocities.com/SunsetStrip/ 

Studio/7779/. Chinese, Japanese and American folk songs are downloaded from 
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http://ingeb.org. The music of New Age singer Enya is collected from various web sites of 

Enya. Chopin’s music was acquired from the web site http://egalvao.com/chopin/. Bach’s 

music was downloaded from http://www.bachcentral.com/. 

For the users who had used the system, all files which were downloaded by the users 

were viewed as the preferred category; set of not downloaded of recommended files as 

dispreferred category. In other words, system mine frequent patterns and train classifier from 

the two sets of files. Recommended music is used for mining and training classifier; system 

only recommends songs which are new to user. 

Ten users participated in our experiments and accomplished five iterations of each 

recommendation method respectively. All users were requested to listening to all 

recommended songs to ensure the downloaded files being their preferences.  

Performance measure of the recommendation is defined as follows: 

recommenddownload NNprecision = , 

where Ndownload is the number of music files which are downloaded by user in the 

recommendation list, and Nrecommend is the number of music files in the recommendation list. 

In our experiment, Number of music files in recommendation list, Nrecommend, is 20. 

Table 5.1 and Table 5.2 show results of the recommendation based on three 

recommendation methods. In Table 5.1, the cells of column 2 are average precision of first 

five recommendations of all users. Owing to the first two recommendations are on the basis of 

the pre-defined categories, column 3 shows the average precision of last 3 out of these 5 
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recommendations to eliminate the influence from the pre-defined categories. In Table 5.2, 

column 2 is average precision of all users over five recommendations. Figure 5.4 shows the 

precision trend of each recommendation method. 

The results show that recommendation based on BR performed better than the other 

two ranking methods, and there are no significant difference between the performances of TR 

and TC. Observe the precision of each recommendation, trend of BR is more stable than 

others; TC has a tendency to rise gradually and TR is downward first and upward later. 

During the experiments, we made some observation about the users’ behavior. Some 

users may feel impatient in selecting the preferred music. Furthermore, quality of MIDI files 

also affects users’ selection. These external factors also affect the performance of 

recommendation experiment. 

Table 5.1: Average precision of recommendation. 

 Total average Average of last 3 rounds 
BR 0.6328 0.6214 
TR 0.57 0.56 
TC 0.54 0.58 

Table 5.2: Average precision for each round of recommendation. 

Recommendation rounds 1 2 3 4 5 
BR 0.64 0.66 0.57 0.61 0.68 
TR 0.67 0.51 0.49 0.52 0.67 
TC 0.43 0.52 0.54 0.62 0.57 
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Figure 5.4: Trend of average precision for each recommendation method. 

 

Figure 5.5: Snapshot of recommendation results. 




