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Abstract. The rapid growth of information enables a large increase in needs of recommendation. To satisfy this need, Collaborative Filtering and Social Filtering are adopted
as solutions for personalized music recommendation. Contemporary recommender systems based on collaborative filtering and social filtering always suffer problems of unreliable item similarity, rating sparsity, lack of rating and un-robust evaluation measure.
For problems of un-reliable item similarity, rating sparsity and lack of rating, in this
paper, we propose an innovative recommender system named Music Recommendation by
Social and Collaborative Filtering (MRSCF) by considering playcount and tag information simultaneously. For problem of un-robust evaluation measure, we employ Recommendation evaluation by Normalized Discount Cumulative Gain (RNDCG) to make the
evaluation more solid. The experimental results show that, our proposed approach can
achieve the higher quality of music recommendation than other state-of-the-art recommender systems in terms of RNDCG and RMSE (Root Mean Square Error).
Keywords: Recommender system; music recommendation; collaborative filtering; social
filtering, random walk.

1. Introduction. Mining the users’ preferences from a vast amount of music data has
been a hot topic within the area of knowledge discovery in recent years. This issue is
motivated by applications known as music recommendation, which finds the relationships
between music and users. However, it is not easy for a music recommender system to
find the interested music pieces effectively, especially for a large amount of music data.
To cope with this issue, the well-known Collaborative Filtering (CF) is proposed as a
solution to predict users’ preferences on music. In a typical CF-based recommender
system, the user’s preferences for music (called item in this paper) can be described by
numerical ratings scored from one to five. Based on the ratings, a user-to-item rating
matrix is constructed as the training data to predict the user’s preferences. Typically, the
recommendation procedure of a traditional music recommender system can be decomposed
into two following stages, namely rating prediction and item selection stages.
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1. Rating prediction stage: Based on the user-to-item rating matrix, the goal of this
stage is to predict the ratings of un-purchased items. The predicted ratings can be
regarded as the user’s potential preferences on music.
2. Item selection stage: According to the ratings predicted in the first stage, the unpurchased items are sorted into a ranking list. By the ranking list, the top K items
are selected as the final results to the active user.
Since the technical challenge of the second stage is much lower than that of the first
stage, most researchers’ attention is focused on the first stage. Basically, the primary
concept of CF is to use the users’ collaborative ratings as the prior knowledge to predict
the users’ preferences. Hence, the items/users with similar ratings are viewed as relevant
items/users to support the rating prediction. Although recent CF-based recommender
systems have been shown to be effective on music recommendation, there remain some
issues to be aimed at further.
1. Unreliable item similarity: This problem is mostly caused by inconsistent ratings
among users or items. As mentioned above, the concept, which indicates relevant
items/users are grouped to support the rating prediction, should be based on the reliable item similarity. Unfortunately, many inconsistent ratings resulting in unreliable
item similarities exist in many real applications frequently.
2. Rating sparsity: Rating sparsity indicates that, a user-to-item rating matrix contains a lot of zero elements where zero ratings denote the items that are not rated by
the users. In fact, it is difficult to predict the ratings of target items (called unknown
ratings in this paper) via a sparse rating matrix.
In addition to above issues, recently, traditional CF recommender systems based on user
ratings suffer a problem named lack of rating information. The lack of rating information
indicates that, modern social-based recommender systems just offer the tagging service
without the rating service. Hence, no rating information for social-based recommender
systems can be used as the prior knowledge to predict the users’ preferences. To solve
this problem, many researchers have brought attention to the topic of how to conduct
a social-based recommender system by utilizing social media information without rating
information. Generally, this type of recommender systems predicts the relevance between
the user and items instead of predicting ratings. That is, the first stage of the recommendation procedure mentioned above is replaced with relevance prediction. Then the
top K items are selected by the predicted relevance in the second stage. Although this
paradigm can avoid the problems existing in rating-based CF systems, it still encounters
the following problems:
1. Unreliable relevance: In fact, the value of tag information in social-based recommender systems has been approved in [12, 24]. Yet, since it might contain noise
information, the relevance is not reliable to characterize the users’ preferences. In
contrast, ratings can directly describe the users’ preferences. As a result, one of the
purposes of this paper is to transform playcounts into ratings.
2. Un-robust evaluation: Traditionally, the main evaluation of rating-based recommender systems aims at the first stage of the recommender procedure, namely rating
prediction error. Since recent social music websites offer only social media information like tags, playcounts, etc, instead of ratings, the focus of evaluations is changed
from the first stage to the second stage, namely TopK recommendation precision.
The precision of TopK recommendation is based on an aspect that, the resulting item
should be one of testing items. That is, testing items are regarded as the ground
truth, while the resulting items not testing ones are regarded as incorrect predicted
results. This measurement paradigm is controversial since no evidence shows that
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un-rated items are negative for the active user. For example, assume there are 5
items item1, item2, item3, item4, item5 in the database. For an active user, the
testing item set, which indicates the items rated by the active user, contains item2
and item4. Then, a ranking list derived by a TopK-based recommender system is
item3, item2, item4, item1, item5. Accordingly, the precisions should be 0/1, 1/2,
2/3, 2/4 and 2/5 for K = 1, 2, 3, 4 and 5, respectively. The point to show in this
example is that, it is unsuitable to identify the un-rated ones as false predictions
since item3, item4 and item5 might be the positive ones for the active user.
The issues above show the problems rating-based and social-based recommender systems encounter. They inspire us to propose an innovative recommender system, namely
Music Recommendation by Social and Collaborative Filtering (MRSCF) that incorporates
social information with collaborative information as the knowledge base to attain highquality of music recommendation. On the whole, from technique and evaluation points
of view, the benefits over existing social-based and rating-based CFs are summarized as
follows.
1. From the technical viewpoint, the contributions are:
– To alleviate problem of unreliable social-based relevance, in this paper, we propose a new method transforming playcounts into ratings. Although our proposed
method is based on social tags, the user preferences are still presented by direct
ratings/playcounts instead of ordinary social-based relevance.
– To aim at issues of unreliable item similarity and rating sparsity, in this paper, the
item similarity is calculated by unifying playcount and tag information without
traditional rating-based item similarity. According to the proposed item similarity, the effectiveness of our proposed recommender system can be increased
more obviously than those of state-of-the-art methods for music recommendation. Moreover, by our proposed method, the recommender system can work well
if lacking rating information. That is, without user ratings, the users’ preferences
can be captured through users’ listening and tagging behaviors.
2. From evaluation viewpoint, we employ a robust evaluation metric that can avoid the
problem of un-robust evaluation. In the experiments, we conducted complete evaluations by comparing our proposed method with 14 state-of-the-art methods for music
recommendation. The experimental results reveal that, our proposed recommender
system is more effective than other compared methods in terms of RMSE (Root Mean
Square Error) and RNDCG (Recommendation evaluation by Normalized Discount
Cumulative Gain).
The remaining of this paper is structured as follows. Previous work is briefly reviewed
and described in Section 2. In Section 3, we explain the notion of our proposed method
for music recommendation in detail. Experimental results are illustrated in Section 4.
Finally, conclusions and future work are elaborated in Section 5.
2. Related Work. In principal, music recommendation refers to a set of predictive algorithms learning from users’ listening behaviors on music, including rating, tagging,
commenting and so on. In fact, there have been a lot of earlier studies that made attempts to formulate users’ behaviors for retrieving music preferences using machine learning techniques. Generally, the work for music recommendation can be categorized into
the following types.
1. Memory-based CF: The major concept behind this type of recommender systems
is to predict the ratings using the user/item similarity on ratings. It can further be
divided into two well-known categories, namely user-based CF and item-based CF.
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For user-based CF [9, 16], the unknown ratings are derived by the most relevant users
to the active user, while those are derived by the most relevant items to the target
item for item-based CF [7, 21]. Bobadilla et al. [2] presented an approach similar
to user-based CF using significances of the users and items to predict the users’
ratings. By capitalizing on the advantages of user-based and item-based CFs, Wang
et al. [25] unified the user-based and item-based CFs to capture the users’ preferences.
Although memory-based recommender systems based on ratings can bring out good
recommendation results, they are still tied to the difficulties mentioned in Section 1.
2. Model-based CF: This is another recommender system on the basis of ratings.
Unlike memory-based CF, the primary goal of model-based CF is to construct the
inference model by modeling users’ ratings. Through the inference model, the users’
preference patterns hidden in the ratings can be recognized thereby. The well-known
predecessors such as Decision Tree [13], SVM (Support Vector Machine) [26] and
Bayesian [3] viewed rating prediction as rating classification to infer the users’ preferences. Cremonesi et al. [5] compared the SVD (Singular Value Decomposition)-based
algorithms with a non-personalized algorithm based on item popularity. In [27], a
Neighborhood-Integrated Matrix Factorization (NIMF) approach proposed by Zheng
et al. predicts collaborative- and personalized- Web service QoS (Quality-of-Service)
values to acquire the users’ interests on web service. In [11], Koren et al. combined
the latent factor and neighborhood models to improve the recommendation performance. These model-based CF systems are effective, but the related effectiveness is
limited in the problems mentioned in Section 1.
3. Content-based CF: To avoid the problems existing in the rating-based CF, more
and more researchers begin the discussion by considering additional content information such as low-level audio features [6, 17, 18, 22], context information [23], seller
information [4], profiles, playcounts [8, 19], tags [19] and so on. Shepitsen et al. [20]
presented a context-dependent variant of hierarchical tag clustering to conduct a
personalized recommendation. Peng et al. [14] integrated user profiles and tag information to conduct a joint item-tag recommendation framework. Tso-Sutter et al. [24]
unified user, item, and tag information into a two-dimension matrix to discover the
correlations of unified information. Konstas et al. [12] constructed a social graph by
integrating users, items and tags and then performed Random Walks with Restarts
(RWR) to achieve music recommendation. In [12], playcounts were employed as implicit preferences, and social tagging was shown to be important information that
can enhance music recommendation. Qi et al. [15] intended to infer the users’ preferences by computing the users’ similarities using the inferred tag ratings. Jamali et
al. [10] proposed TrustWalker that performing item-based collaborative filtering by
accompanying user trust information.
3. Proposed Recommender System.
3.1. Overview. As already elaborated above, there remain some problems in existing
CF recommender systems. In this paper, we propose an effective recommender system
to aim at these problems by mining the correlations among users, tags and items from
social media information. As shown in Figure 1, the whole procedure of proposed method
can be decomposed into two phases, namely offline preprocessing and online prediction
phases.
1. Offline preprocessing phase: In this phase, there are two main processes. First,
the playcounts are transformed into the ratings to describe the users’ preferences.
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Second, for online determining the most relevant items, two item similarities are calculated by item-tag and artist-tag frequencies. Finally, the item similarity matrices
are constructed.
2. Online prediction phase: The primary concern of this stage is to generate the ranking
list. First, the most relevant items to the target item are determined. Then the rating
prediction algorithm is performed to predict the ratings of target items. Finally, all
predicted items are sorted by the related ratings.

Item-Tag
Frequency
Artist-Tag
Frequency

Item
Similarity by
Artist-Tag

Offline preprocessing
Online prediction

Item
Similarity by
RWR
Fusion

User-Item
Playcounts

Transformation

Item
Ratings

Similarity
Matrix

Target
Items

Determination of
Top-n Relevant
Items

rating Prediction

Item Ranking

Ranking
List

Figure 1. Framework of proposed method.

3.2. Offline Preprocessing.
3.2.1. Rating Transformation. Because many recent social music websites do not provide
the rating information, how to describe the users’ preferences without ratings has been a
critical issue for social-based recommender systems recently. In addition to ratings, there
are some other useful information sources to assist the music recommendation such as
playcount, social tag, social comment, profile and so forth. Although the playcount has
been adopted as implicit preferences in some previous work [12], it has never been transformed into the explicit preference – rating. As a result, the first process in our proposed
method is to transform the playcounts into ratings. In this process, the playcounts are
firstly divided into two ranges by a threshold T which is defined as:
T = µ − τ × σ,

(1)

where µ stands for mean of playcounts, τ stands for standard deviation of playcounts
for a user and σ is a weight. Next, the range lower than the threshold is further divided
into two equivalent sub-ranges with respect to the range number set {1, 2}, while that
higher than the threshold is divided into three equivalent sub-ranges with respect to the
range number set {3, 4, 5}. Therefore, as shown in Figure 2, the playcounts in the specific
range are projected onto the referred range number, which are viewed as ratings.
In this process, the determination of T, indeed, is based on the real rating data gathering from the rating system we conducted ever. Figure 3 shows the rating distribution
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Figure 2. Scenario of rating transformation.
of real data. By referring to Figure 3, Figure 4 is the near optimal distribution of transformed experimental data under setting τ as 0.5. The details of experimental data will
be described in Section 4.

Figure 3. Rating distribution for real rating data.

3.2.2. Item Similarity by Tripartite Random Walk with Restarts. As we can recall from
previous mentions, our intent is to attack the weakness of the traditional rating-based CF,
including unreliable item similarity and rating sparsity. Although traditional rating-based
recommender systems do reduce the prediction error, the partial and incomplete rating
information always brings out the large limitation in capturing the users’ preferences.
This is the main motivation to inspire us to propose an innovative music recommendation
by mining social and listening behavior information. In our proposed method, the item
similarity is calculated by social media information, including Item Similarity by Tripartite
Random Walk with Restarts (called ISRWR model in this paper) and Item Similarity by
Artist-Tag Frequencies (called ISATF model in this paper). In this subsection, ISRWR
model will be described in detail.
For ISRWR, the basic idea referring to [12] is to construct a tripartite graph to discover
the relevance among users, items and tags. Hence, instead of traditional ratings, the item
similarity can be calculated by item-to-user relevance and item-to-tag relevance. Figure 5
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Figure 4. Rating distribution for our transformed experimental data.
is the example illustrating the main notion of ISRWR. In this graph, nodes of users, items
and tags are connected by the relevance. From item-to-user level, items 2 and 4 are very
relevant, item 3 is somewhat relevant to item 4 and item 1 is irrelevant to the other items
by considering the connections. From item-to-tag level, items 2 and 4 are relevant, but
item 1 is irrelevant to the other items. On the whole, items 2 and 4 are the most relevant
items and item 1 is irrelevant to the other items. This example delivers an aspect that,
without ratings, the item similarity can be derived by item-to-user relevance and itemto-tag relevance. The experimental results shown in Section 4 can reveal the similarity
based on social media information is more robust than that based on the rating-based
similarity.

User 2

User 1

Item 1

Tag 1

User 3

Item 3

Item 2

Tag 2

Item 4

Tag 3

Figure 5. Example of tripartite random walk with restarts.
In the followings, how to perform ISRWR model is shown in detail. To construct the
social graph, in this model, a number of matrices need to be conducted first, which are
defined in Definition 1.
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Definition 3.1. Assume there are s unique users U = {u1 , u2 , . . . , us }, i unique items I =
{itm1 , itm2 , . . . , itmi } and j unique tags T = {tag1 , tag2 , . . . , tagj } in the database. The
User-to-User, User-to-Item, User-to-Tag, Item-to-User, Item-to-Item, Item-to-Tag, Tagto-User, Tag-to-Item and Tag-to-Tag matrices are defined as U UU →U , U IU →I , U TU →T ,
IUI→U , III→I , ITI→T , T UT →U , T IT →I and T TT →T , respectively. Then these matrices are
merged into an extended adjacency matrix of tripartite graph, which is defined as:
M RW RU IT →U IT .

(2)

Note that, because all we concern are relationships of user-to-item, item-to-user, itemto-tag and tag-to-item, the elements of UU, UT, II, TU and TT are set as zero in this
paper. Moreover, the elements of UI and IU are the normalized playcounts and those of
IT and TI are the normalized tagging frequencies. Figure 6 is an example that illustrates
the extended adjacency matrix.

Figure 6. Example of the extended adjacency matrix.
According to the extended adjacency matrix, the social graph is constructed, while
the users, items and tags are viewed as the nodes in the graph. Then we can obtain the
relatedness between item nodes and other nodes (user nodes and tag nodes) by performing
TRWR (Tripartite Random Walk with Restarts) Algorithm which is shown in Algorithm
1.
On the basis of the Item-to-UserTag relatedness matrix IUT I→U T , the item similarity
can be calculated and the item-to-item similarity matrix is generated thereby. In this
paper, the item similarity between two items {itmx , itemy } using IUT I→U T is defined as:
P
0<z≤(|U |+|T |) rx,z × ry,z
qP
IU T sim(itmx , itmy ) = qP
(3)
0<z≤(|U |+|T |)(rx,z )2 ×
0<z≤(|U |+|T |)(ry,z )2
where r indicates the relatedness vector of the item. Based on Equation 3, the item
similarity matrix using Item-to-UserTag relatedness is yielded finally.
3.2.3. Item Similarity by Artist-Tag Frequencies. In addition to ISRWR, other useful social media information considered in this paper is the artist information. Actually, the
items a user prefers are always limited in some specific artist space in real applications.
Imagine that, you are selecting a music piece from a large number of music pieces. The
potential consideration for choosing the preferable music pieces is the artist, and the
preferable artist information is so stable and reliable that we attempt to employ it as the
considered information in addition to ISRWR. In summary, the basic concept we want to
show is that, the user preferences can be delivered by two relevant items and two items
are viewed as relevant ones if they are relevant on the artists. Hence, the item similarity
in this model can be represented by the artist similarity which is defined in Definition 2.
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Algorithm 1: TRWR (Tripartite Random Walk with Restarts)
Input: An extended adjacency matrix.
Output: An Item-to-UserTag relatedness matrix IU TI→U T .
(t)
1 let S be M RW RU IT →U IT and P (t) be the column vector where pi be the probability
that the random walk at step t is at node itmi ;
2 let Q be the query-column vector where qi indicates the initial probability at node
itmi ; let qi = 1 and other elements in Q be zero;
3 let α be the weight parameter;
4 for each itmi ∈ I do
5
t = 0;
6
P (t) = Q;
7
P (t+1) = (1 − α) × S × P (t) + α × Q;
8
while P (t+1) does not converge do
9
t++;
10
P (t+1) = (1 − α) × S × P (t) + α × Q;
add P (t+1) intoIU TI→U T ;

11
12

return IU TI→U T ;

Definition 3.2. Following Definition 1, assume there are g unique artists AT = {at1 ,
at2 , . . . , atg } in the database. An artist contains a set of items and an item itmx is
composed of the item-to-tag frequency vector itmx = {ditemx ,1 , ditemx ,2 , . . . , ditemx ,j },
where the item-to-tag frequencies are normalized. For an artist atg , the related artistto-tag frequency vector is {fg,1 , fg,2 , . . . , fg,j }. Accordingly, the similarity between two
artists {ata , atb } is defined as:
P
0<≤j fa,c × fb,c
qP
AT sim(ata , atb ) = qP
,
(4)
2×
2
(f
)
(f
)
0<c≤j a,c
0<c≤j b,c
where

P
fa,c =

and

P
fb,c =

ditmx ,c
,
|ata |

(5)

ditmy ,c
,
|atb |

(6)

itmx ∈ata

itmx ∈atb

Based on Definition 2, the item similarity of two items {itmx , itmy } can be calculated
by artist-to-tag frequency vectors of ata and atb if itmx ∈ ata and itmy ∈ atb . Finally, the
item similarity matrix using artist-to-tag frequencies is generated.
3.2.4. Fusion of Artist-Tag-Driven and TRWR-Driven Similarities. As mentioned above,
ISRWR and ISATF can represent the item similarity well by the user-item-tag relatedness
and the artist similarity, respectively. Nevertheless, there leave some rooms to improve.
To use both of individual advantages, we accompany the ISRWR with ISATF as a fusion
model called Fusion of Artist-tag-driven and TRWR-driven model (FAT ). In this model,
the fusion item similarity is defined as:
F AT sim(itmx , itmy ) = IU T sim(itmx , itmy ) × AT sim(itmx , itmy ).
(7)
Then the fusion similarity matrix is constructed by fusing the user-item-tag relatedness
and the artist similarity.
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3.3. Online Prediction. After offline preprocessing, a rating matrix and three similarity
matrices are generated. In this subsection, the online prediction will be shown in detail.
Basically, this stage starts with an active-user visit. Next, the ratings of un-rated items are
predicted one by one. (Here the un-rated item to predict is called target item.) Then the
ranking list is generated by sorting the predicted items. In the rating-prediction process,
first, the n items most relevant to the target item are determined by the constructed item
similarity matrices. Next, the unknown rating of a target item is defined as Definition 3.
Definition 3.3. Following Definitions 1 and 2, given a user-to-item rating matrix transformed from the playcounts, assume the most relevant item set to a target item itmi for
an active user us is mris = ∪itme , where itme ∈ I. Thereby the rating v of un-rated itmi
for us is defined as:
P
itme ∈mris sim(itmi , itme ) × vs,e
P
vs,i =
(8)
itme ∈mrs sim(itmi , itme )
i

where


sim(itmi , itme ) = IU T sim(itmi , itme ), if using ISRWR
sim(itmi , itme ) = AT sim(itmi , itme ),
if using ISATF

sim(itm , itm ) = F AT sim(itm , itm ), if using FAT
i
e
i
e
Note that, in the following experiments, we evaluate our proposed system MRSCF using
ISRWR, ISATF and FAT as the main models compared.
3.4. Evaluation Methodology. In previous work, the evaluation aspect can be classified into two categories, namely “rating prediction error” and “TopK recommendation
precision”, which are proposed for evaluating the first and second stages of the recommendation procedure, respectively. As stated in Second 1, since the TopK recommendation
precision suffers problem of un-robust evaluation, in this paper, we adopt other evaluation metric called Recommendation evaluation by Normalized Discount Cumulative Gain
(RNDCG) to measure the effectiveness of the recommender system instead of traditional
TopK recommendation precision. Basically, the main goal of RNDCG is to reveal the
accuracy of the generated ranking list and it can be defined as Definition 4.
Definition 3.4. Assume there are a number of unrated items to predict for an active user,
including a set of testing items and a set of un-purchased items. For each active user,
the testing items indicate the ones with the relevance judgements and the un-purchased
items indicate the ones without the relevance judgements where the relevance judgement
indicates the normalized playcount. Then, the testing items for each user are sorted by
the relevance judgements. After predicting the ratings of testing items, top k testing items
are selected from the ranking list. Thus, the related RNDCG is defined as:
DCG
RN DCG@k =
(9)
IDCG0
where
X
2lps − 1
DCG =
(10)
log2 (ps + 1)
1≤ps≤k
In Definition 4, IDCG (Ideal Normalized Discount Cumulative Gain) stands for a normalization factor so that the value of NDCG with perfect ranking would be 1, ps stands
for the ranking positions, and l stands for the relevance judgement using normalized playcounts. From Definition 4, the major concept we want to deliver is that, the major aim
of traditional TopK recommendation precision is the un-rated item set, and in contrast,
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that of RNDCG is the testing item set only. Consequently, the problem of un-robust
evaluation can be avoided effectively.
4. Empirical Evaluations. In the preceding section, we have presented our proposed
approach in great detail. In this section, we will conduct a complete analysis by comparing
our proposed method with state-of-the-art recommender systems.
4.1. Experimental Settings. The experimental data came from the collection of Last.fm [1].
Last.fm is a popular social music website which provides the users with online listening
and tagging services. Through this platform, 30 million active users can describe their
music tastes by tagging the music they have listened to. Therefore the data from Last.fm
is widely adopted as an experimental data. Table 1 shows the detailed information of
experimental data. In our experiments, for each user, 20% of rated items were randomly
selected as the testing data, and the others of rated items were used as the training data.
Table 1. Experimental data information.
Description Value
#Users
912
#Items
27,303
#Tags
24,076
#Artists
3,559
#User-Item 204,164
#Item-Tag 262,351
Additionally, the further data analysis is shown in Figure 8. Figure 8 is an echo of
aspects depicted in Figure 2, showing the playcount distribution of experimental data.
To carry out the experiments, the playcounts were transformed into a user-to-item rating
matrix by referring to the real rating data distribution shown in Figure 3. Note that, the
real rating data shown in Figure 3 contains 67 volunteers and 1000 music pieces. Overall
6,315 ratings were collected in this real rating data. Finally, the rating distribution of
experimental data is generated as shown in Figure 4.
To completely analyze the effectiveness of our proposed approach, two criteria, namely
RNDCG and Root Mean Square Error (RMSE), are employed in the experiments. For
RNDCG, we do not repeat it since it has been described in subsection 3.4. For RMSE, it
is the main metric also used in most previous work and can be defined as:
sP
2
|test| (v − v̂)
RM SE =
(11)
|test|
where v indicates the ground-truth rating, v̂ indicates the predicted rating and test
indicates the testing dataset. Generally, RMSE reveals the prediction error variance.
That is, the lower the RMSE, the lower the error, the higher the performance. In contrast,
the higher the RNDCG, the higher the performance.
To make the experimental evaluation more robust, in the experiments, we compared
our proposed method with three main categories containing 14 state-of-the-art recommendation methods. The detail of compared method information is listed in Table 2.
An important point to emphasize here is that, the whole evaluation was conducted from
RNDCG and RMSE viewpoints to reveal the real effectiveness of our proposed method.
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Figure 7. Playcount distribution for the experimental data.
4.2. Experimental Results. In order to realize the performance of our proposed recommender system MRSCF, the experiment primarily lies in two aspects: 1) comparisons
of the proposed prediction models in terms of RMSE and RNDCG, and 2) comparisons
between FAT and other recommender systems in terms of RMSE and RNDCG. In all
experiments, the prediction of item itmi for user us was performed by selecting top n%
of most-relevant items as mris stated in Definition 3.
Table 2. Experimental data information.
Method
User-Based (UB) [16]
Item-Based (IB) [21]
Similarity Fusion (SF) [25]
Significance-Based (SB) [2]
TrustWalker [10]
User-based Prediction by Tag Ratings (UPTR) [15]
RandomWalk (RWR) [12]
Tag-aware recommender system (TagA) [24]
SVM [26]
Decision Tree (DT) [13]
Bayes [3]
PureSVD [5]
SVD++ [11]
Neighborhood Integrated Matrix Factorization (NIMF) [27]

Category
Memory-Based
Memory-Based
Memory-Based
Memory-Based
Content-Based
Content-Based
Content-Based
Content-Based
Model-Based
Model-Based
Model-Based
Model-Based
Model-Based
Model-Based

4.2.1. Comparisons of Proposed Prediction Models. Although the proposed models have
their own advantages, our intent in this experiment is to clarify which of our proposed
models is the best for music recommendation. Based on Subsection 3.3, top n% mostrelevant items were used as the prediction base. Figure 9 shows the experimental results
of comparing ISRWR, ISATF and FAT in terms of RMSE. From Figure 9, we can obtain
that, first, the fewer the most-relevant items, the lower the RMSE, the better the performance. This is because the more the considered items, the more the noises. Second, the
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performances of ISATF and ISRWR are pretty close, but ISRWR performs better than
ISATF under using top 10% most-relevant items. This reveals the tripartite relatedness is
more reliable than the artist information in representing the item similarity. Third, whatever the n is, FAT is the best. On the whole, the main concept delivered from Figure 9 is
that, without ISRWR and ISATF, FAT cannot achieve the good performance. In other
words, the fusion model can really bring out better results for music recommendation. In
the following evaluations, FAT is adopted to compare with other previous methods.
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Figure 8. Comparison results of ISRWR, ISATF and FAT under deferent n
4.2.2. Comparisons of FAT and Other Recent Recommender Systems. A. Evaluations
of rating prediction algorithms by RMSE
After evaluating our proposed models, the first comparative evaluation is to measure
the quality of rating prediction using RMSE. Figure 10 depicts the experimental results of
comparing FAT with other rating-based recommender systems in terms of RMSE. From
Figure 10, we can obtain some observations. First, user-based CF (UB) is the worst.
Second, although SB adopts the significances of the users and items to predict the users’
ratings, it is just slightly better than UB. Fourth, UPTR performs much better than
UB and SB if considering their best performances only. Actually, UB, UPTR and SB
are oriented from user-based idea, but UPTR adopts additional tag information. This
delivers an aspect that, tag inofrmation indeed facilitates the rating prediction. Fifth,
the performances of IB and SF are very close and they are better than three user-based
CFs (UB, UPTR and SB). Sixth, overall, our proposed FAT is the best. Seventh, for UB,
UPTR and SB, the more the considered users, the higher the performances.
Since some model-based CFs such as Bayes, DT, SVM, NIMF, SVD++ and Trustwalker
yield ratings without considering top n% most-relevant items, we conducted a comparative
evaluation by comparing the best RMSEs of rating-based methods. Figure 11 shows the
comparisons among the rating results using the best RMSEs. It shows that, first, the
performances of Bayes, DT and SVM classifiers are much worse than other methods,
especially for Bayes. Second, the performances of SVD++, IB and SF are pretty close.
Third, although Trustwalker adopts the trust information, it still cannot work well. The
potential interpretation is that, Trustwalker is also a user-based CF. Fourth, overall our
proposed FAT can bring out better results of rating prediction.
B. Measuring the accuracy of ranking lists by RNDCG
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Figure 9. Experimental results of comparing FAT with other rating-based
recommender systems in terms of RMSE.

Figure 10. Experimental results of comparing rating-based methods using
the best RMSEs.

In order to make the experiment more solid, one more evaluation is to measure the
effectiveness of recommender systems using RNDCG. Through this experiment, we can
know the strength of recommender systems for yielding an accurate ranking list. From
Figure 12, some experimental results are described in the followings. Note that, the
restart probability of ISRWR was set to be 0.8 and top 10% most-relevant items were
adopted in this evaluation. First, the RNDCG increases as the k value increases. Second,
UB and IB are much worse than other competitors, and UB is still the worst. Third, our
proposed FAT whose RNDCG can reach around 0.8 is better than other methods. Fourth,
although IB performs well in rating prediction, it cannot achieve high quality of ranking
list. The detailed concept is that, rating errors cannot reveal the real effectiveness of a
recommender system. In contrast, our proposed method FAT is very robust for music
recommendation in terms of both RMSE and RNDCG.
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Figure 11. Experimental results of comparing FAT with other recommender systems in terms of RNDCG.
4.3. Discussion of Experimental Results. In previous Subsection 4.2, the experimental comparisons are shown in detail. In this subsection, we will make a detailed discussion
for experimental observations.
1. On the whole, user-based CFs do not perform well even if adding some additional
information. This result shows that, the preferences of relevant users are too diverse
to provide good support in predicting the users’ preferences.
2. Basically, IB is an algorithm of rating prediction. It predicts the ratings using the
relevant items determined by rating similarities. In constrast, the similarity in our
proposed method relies on playcounts and tag information. Considering Figures 9
and 10, IB is worse than ISRWR. The further concept here is that, our proposed
relatedness is more reliable than rating similaity in predicting the ratings. That is,
problem of unreliable item similaity can be alleviated using ISRWR.
3. In our experiments, RWR [12] is one of the compared methods. Although [12] is
similar to our proposed sub-model ISRWR, there exist some differences between our
proposed method FAT and [12]. First, the graph of ISRWR is different from that
of [12]. Second, FAT fusing tag and artist information generates the ranking list by
predicted ratings, but [12] which does not predict ratings generates the ranking list
by relateness. Figure 12 shows that, our proposed FAT is more effective than [12]
in terms of RNDCG. What it makes clear is that, the tripartite relatedness and the
artist-tag information are very helpful in yielding the reliable item similarity, and
the reliable item similarity can effectively support the rating prediction further.
5. Conclusion and Future Work. Up to the present, most previous work still has
encountered the problems of unreliable item similarity, rating sparsity, lack of ratings and
un-robust evaluation measure. To cope with such problems, in this paper, we propose an
innovative recommender system called MRSCF which includes ISRWR, ISATF and FAT
models. For ISRWR model, a tripartite graph is constructed to compute the relatedness
among items, users and tags. For ISATF model, artist-to-tag frequencies are derived by
item-to-tag frequencies. By fusing ISRWR and ISATF, the reliable item similarities can
be calculated and the rating prediction is thereupon enhanced. In addition, the users’
preferences hidden in playcounts are transformed into ratings and a more robust evaluation
measure RNDCG is adopted to make the evaluation more solid. The experimental results
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show that, our proposed model FAT is promising in predicting the users’ preferences using
playcount and tag information.
Although the proposed method can alleviate problems occuring in previous work, there
are still some issues to be investigated in the future. First, we will add more useful information such as profile, low-level feature and context information. Second, this idea will
be applied to other media recommendation. Third, more effective aggregation methods
will be tested for the fusion model.
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