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Abstract: User-based collaborative filtering is an effective and widely-used method in recommender systems. But the data 
sparsity (the ratings or actions are very sparse for resources) is an inherent limitation of this method. In order to solve the data 
sparsity, an approach which uses K-medoids algorithm in collaborative filtering is proposed. And the content features of 
resources are applied to clustering. This approach mainly includes three parts. Firstly, the resources are clustered by K-medoids 
algorithm. Secondly, the user-behavior data are condensed based on the clustered resources. Thirdly, the recommended list is 
generated via user-based collaborative algorithm using the compressed user-behavior data. Finally, experiments on data from an 
Internet education resources sharing platform indicate that the proposed method brings significant improvement both on Recall 
and Precision in sparse dataset. 
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1 Introduction 
Since the growing demands of the information era have 

led to more and more frequent information overload, 
recommender systems emerge as the times require. At the 
same time, many technologies are constantly created and 
applied in recommender systems. Based on the application 
of technologies, recommender systems can be briefly 
divided into the following categories: content-based, 
knowledge-based, utility-based, collaborative, demographic, 
and hybrid recommender systems [1, 2, 3]. Specifically, as 
user-based collaborative filtering is easy to use and don’t 
need domain knowledge, user-based collaborative filtering is 
widely used in practice. This method concentrates on finding 
user’s interested items through identifying users’ preferences 
from their feedback and behavior. In user-based 
collaborative filtering, the user similarity matrix needs to be 
figured out. Then similar users’ relationships who have 
common hobbies and interests are obtained. Sometimes, it is 
because the user-behavior data is sparse that we can’t find 
similar users so that we can only obtain less recommended 
resources. Even though collaborative filtering has been 
successfully applied in practice, the data sparsity is one of 
the major limitations for collaborative filtering [4]. 
Therefore, we should solve the data sparsity to obtain high 
quality recommendation results. 

Although many methods are created to alleviate the data 
sparsity, these methods have their strengths and weaknesses. 
There are mainly three methods to deal with the sparsity 
problem. The first method is the item-based algorithms [5]. 
The users’ feedback and behavior are applied to calculate the 
similarity among items. Then this method recommends items 
to users, which are similar to these items the user has liked. 
And this item-based algorithms have remarkably better 
performance than user-based algorithms. Not only do the 
item-based algorithms produce high-quality 
recommendations, but also have a better scalability in large 
data sets. The second method is the dimensionality reduction 

approach. For instance, literature[6] proposes a novel 
memory-based collaborative filtering algorithm (Multi-label 
Probabilistic Latent Semantic Analysis based Collaborative 
Filtering) by reducing the dimension of the user-rating-data 
matrix to solve the data sparsity. In fact, the dimensionality 
reduction approach solves the sparsity problem by removing 
insignificant or unrepresentative users or items to condense 
the user–item interaction matrix [7]. Nevertheless, during the 
reduction process, we might lose useful information. The 
third method is the hybrid approach which combines 
content-based recommendation approaches with 
collaborative filtering [8]. On the one hand, the hybrid 
approach makes a significant improvement in recommending 
quality. On the other hand, some extra information are 
necessary for this method to obtain similarity among users or 
items. 

In this paper, a novel hybrid approach to deal with the data 
sparsity is proposed. This method firstly applies K-medoids 
algorithm to cluster resources. Then the clustered resources 
are used to compress the user-behavior data. Finally, based 
on the compressed user-behavior data, applying 
collaborative filtering generates recommendation results. 
Our experiments indicate that this method has a better 
performance than the pure user-based collaborative filtering. 
In addition, this approach is appropriate for the situations 
such as educational resources recommendation, in which 
resources features can be extracted by the text description of 
its contents. Nowadays, more and more recommender 
systems are applied to solve the recommendation problem of 
the field of education [9]. 

The remainder of this paper is organized as follows. The 
next section gives the profile of the proposed method. 
Section 3 describes how to cluster similar resources and 
condense the user-behavior matrix in K-medoids algorithm. 
Section 4 presents the complete recommendation algorithm. 
Section 5 provides the results and analysis of experiments. 
The final section summarizes this paper and provide the 
future direction of research. 
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2 The profile of the proposed method 
When the user-behavior data is sparse, similar users are 

difficult to be found in collaborative filtering. But similar 
users are a critical factor for collaborative filtering. In order 
to improve the performance of recommendation, we expect 
to condense the user-behavior data so as to find more similar 
users. Since the user-behavior data contains the relationships 
between users and downloaded resources, we consider that 
compressing resources may contribute to condensing the 
user-behavior data. Therefore, the similarity of resources is 
utilized to cluster resources. Then, based on the clustered 
resources, the user-behavior data can be condensed. 

This hybrid approach has three major components: the 
clustering analysis of resources, the dimensionality reduction 
of user-behavior matrix, and recommendation based on 
collaborative filtering. And the major processes are shown in 
Fig. 1. 

Firstly, we analyze the content of resources by extracting 
resources features. And we utilize the resources features to 
cluster similar resources.  

Then, depending on the clustered resources, users’ 
download records are compressed. The dimensionality 
reduction of user-behavior matrix is created by compressed 
users’ download records. 

Finally, we apply the condensed user-behavior matrix to 
generate recommendation resources in user-based 
collaborative filtering.  

 

 
 

Fig. 1: The processes of this hybrid approach 

3 Resources clustering and data compression 
Clustering aims to partition objects to particular clusters 

by identifying the features of objects. One can note that the 
clear difference between clustering and classifying is 
whether the categories is known in advance. Actually, the 
categories of clustering is previously unknown. And 
clustering refers to the unsupervised classification. The 
method of clustering can be simply classified into the 
following categories: partitional methods, hierarchical 
methods, density-based methods, grid-based methods, 
model-based methods and other methods [10, 11]. Although 
there are many methods applied to clustering, different 
methods respectively have different limitations or applicable 
scopes. 

For instance, using K-means algorithm needs that the 
average of objects is meaningful. And K-means algorithm is 
fairly sensitive to noise and outliers. Even though 
hierarchical methods are relatively easy to use, this method is 
often faced with the difficulty of deciding merging or 
division. Many clustering methods can only deal with a 

particular type data, such as numeric data, consecutive or 
discrete data. 

K-medoids algorithm is a kind of partitional methods and 
has its limitations. Nevertheless, we chose K-medoids 
algorithm, based on the following reasons: 

(1) The particularity of data: The data set is a variety of 
resources in the Internet, such as videos, pictures, documents. 
Hence, if the data set is various, we need a method that is 
strong applicability and wide serviceability. 

(2) The meaningful similarity metric among resources: As 
the data set is not structured data, we need to find a pattern to 
present the meaning of data so that the similarity of resources 
can be calculated. Therefore, the similarity metric among 
resources should have the practical significance and 
calculability in clustering algorithms. 

3.1 The Clustering Analysis of Resources 

When the data set becomes multifarious, the clustering 
analysis of it becomes intractable. However, multifarious 
data contain more information. If we can extract useful 
information hidden in data, we can more accurately identify 
different resources so as to gather similar resources. To 
achieve the clustering analysis of resources, the major 
processes are as follows: 

Step 1: The representation of resources 
The keywords and type of resources are applied to 

represent resources. We described a resource as: 
RES (id, {keywords1, keywords2…keywords3}, type) 
(1) We can obtain some information about resources, such 

as the description of resources and the type of resources. The 
description of resources are free texts about Chinese, and 
contain some English words. The type of resources can be 
presented by extracting the resource file suffix. 

(2) Resources keywords are extracted from the description 
of resources. Based on Chinese word segmentation, we get 
individual words and compute words TF-IDF values. And 
we select keywords whose TF-IDF values are the top 90%. 

Step 2: The similarity calculation of resources 
In clustering algorithms, the similarity metric is a critical 

factor. The similarity of resources A and B is defined in 
equation (1). 

| ( ) ( ) |( , )
| ( ) ( ) |

                ( , ), + =1

keywords A keywords Bsim A B
keywords A keywords B

type A B
  (1) 

Here, keywords(A) and keywords(B) are respectively the 
keywords set of resource A and the keywords set of resource 
B. The function type(A, B) is defined as equation (2): 

1, ( ) ( )
( , )

0,
if type A type B

type A B
otherwise

  (2) 

Based on equations (1)-(2), the similarity among 
resources are computed and obtain the similarity matrix of 
resources. 

Step 3: The clustering of resources 
K-medoids algorithm is applied to gather similar 

resources, the details are described as: 
(1) Set the number of clusters 
Since the number of clusters depends on the data set, the 

number of clusters can be found by experiments. 
(2) Initialize medoids of clusters 

Clustering analysis of resources 

Condense user-behavior matrix 

Generate recommended results 
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Based on the number of clusters K, K resources are 
randomly selected as the initial medoids of clusters. 

(3) Allocate resources to a specific cluster 
In K-medoids algorithm, a medoid represents a cluster. In 

this paper, specific resources are selected as medoids, and 
the distance of resources and medoids are measured by the 
similarity which is defined in equation (1). If the similarity of 
a resource and medoid is larger, the distance is smaller 
between the resource and medoid. Therefore, a resource will 
be allocated to a specific cluster that the resource and the 
medoid of cluster has the maximum similarity. The process 
of allocating is depicted as: 

1:  for A in resources set: 
2:    if A is not medoids: 
3:    cluster = findMaxSim(A, medoids) 
4:    A is allocated to cluster 
(4) Find a better medoid of clusters 
In order to achieve a better clustering result, a medoid and 

a resource which is not medoid are randomly selected. Then, 
using the selected resource replaces the medoid and calculate 
a cost function. The cost function evaluate whether replacing 
the medoid can improve the performance of clustering. 
Suppose that the original set of medoids is M0, the replaced 
set of medoids is M1, and Ci represents the cluster of the i-th 
medoid, then the cost function is defined as: 

1 1

0 0

0 1 1

0

cost(M ,M )= ( , )

( , )
i

j

i M r C

j M r C

sim r i

sim r j
  (3) 

If the cost function is greater than 0, swapping the medoid 
and resource can get a better clustering result. Then, the 
medoids of clusters are updated. And go to (3), these 
resources will be reallocated to updated medoids. The 
process of finding a better medoid of clusters is constantly 
repeated until we can’t find a swapping that the value of the 
cost function is greater than 0. 

3.2 The Dimensionality Reduction of User-behavior 
Matrix 

Based on clustered resources, we condense the 
user-behavior matrix. The process of compressing 
user-behavior matrix is described as: 

Step 1: Compress users’ download records 
1:  def compress(downloads, clusters): 
2:   compress_downloads = [] 
3:   for record in downloads: 
4:    for medoid in clusters: 
5:     if record in clusters[medoid]: 
6:      record.resource_id = medoid.resource_id 
7:      break 
8:    compress_downloads.append(record) 
9:    return compress_downloads 
Step 2: Generate the dimensionality reduction of 

user-behavior matrix 
1:  def getMatrix(compress_downloads): 
2:   matrix = [] 
3:   for record in compress_downloads: 
4:    matrix[record.user_id][record.resource_id] = 1 
5:   return matrix 

As an example, there are five resources and four users, the 
resources are clustered into 3 medoids, the result of 
clustering resources is shown in Table1. And original 
user-behavior matrix is shown in Table2. The dimensionality 
reduction of user-behavior matrix is shown in Table3. 

Table 1: Clustering result 

 
 
 
 

Table 2: Original user-behavior matrix 

              Resources 
Users 

R1 R2 R3 R4 R5 

U1 1 0 0 0 1 
U2 0 1 0 0 0 
U3 0 1 1 0 0 
U4 0 0 0 1 0 

Table 3: Condensed user-behavior matrix 

              Resources 
Users 

R1 R3 R5 

U1 1 0 1 
U2 1 0 0 
U3 1 1 0 
U4 0 1 0 

4 Complete Recommendation algorithm 
Combined K-medoid algorithm and collaborative filtering, 

complete recommendation algorithm is depicted as: 
Step 1: Calculate the similarity among users 
Based on the dimensionality reduction of user-behavior 

matrix, the similarity of users are calculated. The similarity 
between user u and v is given by [12] 

1
log(1 | ( ) |)( , )
| || |

u vi I I

u v

N iw u v
I I

  (4) 

where Iu  is a set of resources that user u has downloaded, 
Iv is a set of resources that user v has downloaded, and N(i) is 
the set of users who have downloaded resource i. 

Step 2: Produce recommended results 
The recommended results are produced by collaborative 

filtering. The process of producing recommended results is 
mainly included: 

(1) Find the K nearest neighbor users 
According to the similarity among users, the top K users 

are selected as the K nearest neighbor users. And K is a 
tunable parameter in collaborative filtering. 

(2) Compute the interestingness of users for resources 
Collaborative filtering will recommend these resources 

that users’ K nearest neighbor users like. Through computing 
the interestingness of users, the list of recommended 
resources can be obtained. Suppose that u is a user and i is a 
resource, then the interestingness of users for resources is 
defined as [12]: 

( , ) ( )

( , ) uv vi
v U u K N i

p u i w r   (5) 

Here, U(u, K) is the K nearest neighbor users of user u, wuv 

is the similarity between user u and v, and rvi is the rating of 

Cluster Resources Medoid 
C1 R1,R2 R1 
C2 R3,R4 R3 
C3 R5 R5 
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users for resources. In this paper, the rating of users for 
resources is 1, because the data set is lack of the rating of 
users for resources. 

5 Experiments 
In the experiment, the data set derives from an Internet 

education resources sharing platform 
(http://sweb.honghe-tech.com/). The experiments have been 
made on a subset of it, which consisted of 13251 resources 
and 2425 users. There are 25893 user-behavior records. But 
only 241 users who had downloaded at least five resources 
are applied to the experiment, and 23000 user-behavior 
records can be used. In addition, 20% data is used for testing, 
and 80% data is used for training. A series of experiments are 
carried out using the data set. 

5.1 Effect of the Dimensionality Reduction of 
User-behavior Matrix 

We use the original user-behavior records to calculate the 
similarity among users, and similar users are shown in Fig. 2. 
Based on the dimensionality reduction of user-behavior 
matrix, we calculate the similarity among users, similar users 
are shown in Fig. 3. 

 

 
 

Fig. 2: Similar users (Don’t Condense) 
 

 
 

Fig. 3: Similar users (Condensed) 
 

Compared Fig. 2 with Fig. 3, we observe that more similar 
users can be found by using the dimensionality reduction of 

user-behavior matrix. Hence, condensing the user-behavior 
matrix has a good effect on finding similar users. 

In order to observing the changes of the number of 
similarity users, we calculate similar users with these users 
who had downloaded at least ten resources. In this condition, 
there are 127 users, and 22284 user-behavior records. It is 
shown in Fig. 4-5. And it can be clearly observed that more 
similar users can be found by using the dimensionality 
reduction of user-behavior matrix. 

 

 
 

Fig. 4: Similar users (Don’t Condense) 
 

 
 

Fig. 5: Similar users (Condensed) 

5.2 Effect of clustering results on recommended results  

We compare the recommendation results in different 
clustering results. In our experiment, recall, precision and F1 
are used to evaluate each user’s recommendation result. 
Suppose that recommended results of user i is R(i), T(i) is the 
test set of user i, then evaluation metrics are defined as [13, 
14]: 

| ( ) ( ) |
| ( ) |i

T i R irecall
T i

  (6) 

| ( ) ( ) |
| ( ) |i

T i R iprecision
R i

  (7) 

1
2* *i i

i i

precision recallF
precision recall

  (8) 
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Fig. 6 shows the performance of recommendation in 
different clustering results. CF is the pure collaborative 
filtering. The cost(M1, M2) is 98.676 between clusters C1 
and C2. It can be observed that a better clustering results can 
obtain better recommendation. Furthermore, if a better initial 
medoids of clusters can be selected, a better clustering 
results can be found more quickly. 

 

 
(a)  Top-N = 5 

 

 
 (b) Top-N = 10 

 
Fig. 6 Comparison of performance in different clustering results 

 
In addition, we compare the performance of 

recommendation with different number of clusters. Table4 
shows the performance of recommendation, when the 
number of clusters is respectively 662, 1325, 2650 and 6625. 

Table 4: Impact of the number of clusters on recommendation 

(a) Top-N = 5 

Clusters Top5 
 Recall Precision F1 

662 0.0748 0.0658 0.0468 
1325 0.0708 0.0689 0.0460 
2650 0.0706 0.0710 0.0474 
6625 0.0689 0.0677 0.0454 

(b) Top-N = 10 

Clusters Top10 
 Recall Precision F1 

662 0.1047 0.0556 0.0466 
1325 0.1091 0.0570 0.0469 
2650 0.1085 0.0607 0.0505 
6625 0.1016 0.0586 0.0476 

When the number of clusters is 2650, it provides a better 
performance. On the one hand, if the number of clusters is 
too small, more information would be lost. On the other hand, 

if the number of clusters is too large, the data sparsity can’t 
be alleviated. 

5.3 The Performance of Recommendation 

The graph density definition[7] is used to measure the 
degree of sparsity of user-behavior matrix. It is depicted as: 

   

       

      

Graph density

Number of actual links present in the graph

Number of possible links in the graph
  (9) 

 In our data set, the degree of sparsity of user-behavior 
matrix is: 

   
 y

   

 23000 / 241 /13251 0.007202

average records of users
Data densit

the number of resources   (10) 

Compared the pure collaborative filtering and the 
proposed method, the result is shown in Fig. 7.The solid line 
represents the proposed method that combines K-medoids 
algorithm and collaborative filtering (KM-CF), and the 
dotted one represents the pure collaborative filtering (CF). 

 

 
(a)  Recall (Top-N: 1-45) 

 

 
(b) Precision (Top-N: 1-45) 

 

  
(c) F1 (Top-N: 1-45) 

 
Fig. 7 The performance of recommendation in two methods 
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In Fig. 7, we observe that the proposed method has a better 
performance than the pure collaborative filtering. In the 
experiment, it can be observed that our proposed method can 
alleviate the data sparsity and improve the performance of 
recommendation. 

6 Discussion 
From a series of experiments, we make some 

observations. 
Firstly, when the data set is large, obtaining the optimal 

solution in a less time is difficult. Actually, K-medoids 
algorithm will traverse all of medoids and resources to find 
the swapping that the value of the cost function has 
maximum. And K-medoids algorithm will constantly iterate 
until finding the optimal solution. But the time complexity of 
each iteration is O(k(n-k)^2) in this fashion. Here, k is the 
number of clusters, and n is the number of clustering objects. 
Hence, when k or n is larger, the runtime becomes 
unbearable. Therefore, the number of iteration is limited in 
our experiments. 

Secondly, the initial medoids of clusters will influence the 
quality of clustering. Actually, under the limited iterations, 
the clustering result is easy to fall in local optima. But if the 
more appropriate initial medoids of clusters can be found by 
using some methods, we can obtain a much better clustering 
result.  

Finally, the number of clusters is a critical focus for 
condensing user-behavior matrix. The less the number of 
clusters is, the more condensed the dimensionality reduction 
of user-behavior matrix is. If the number of clusters is less, 
the more information may be lost. Therefore, the number of 
clusters and the density of data need us to make a trade-off. 

7 Conclusion 
As the rapidly development of information technologies, 

more and more information are produced on the internet. 
People run into a common problem named data explosion. 
With the information overload, many recommendation 
technologies are applied to recommender systems. But the 
data sparsity hinders the development of recommender 
systems. In order to solve the data sparsity, an approach 
which uses K-medoids algorithm in collaborative filtering is 
proposed. This approach has three major components: the 
clustering analysis of resources, the dimensionality reduction 
of user-behavior matrix, recommendation based on 
collaborative filtering. Compared with the pure collaborative 
filtering, the proposed method provides a better performance 
improvement in the experiment. And the proposed method 
alleviates the data sparsity so that more similar users can be 
found. 

In the future, we will concentrate on reducing the time 
complexity of the algorithm. At the same time, we would like 
to find some methods to select the more appropriate initial 
medoids of clusters. In addition, we expect to propose a 
better method to alleviate the data sparsity. 
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