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Abstract—This paper studies various collaborative filtering 

item recommendation methods based on matrix factorization 

and clustering approaches. We develop six methods that are 

modified based on three matrix factorization approaches, i.e., 

Non-Negative Matrix Factorization (NMF), Singular Value 

Decomposition (SVD), and Principal Component Analysis 

(PCA); and two clustering techniques, i.e., K-Means and Fuzzy 

C-Means. The framework of method development consists of 

three main phases: the matrix factorization for generating the 

latent factors; the users clustering for grouping similar users; 

and the user-based collaborative filtering for generating the 

item recommendation. The recommendation performances are 

evaluated in terms of F1-Score and Normalized Discounted 

Cumulative Gain (NDCG) metrics, at various top-𝑵. Using the 

MovieLens rating dataset, experiment results show that the 

combination of PCA and K-Means outperforms the other five 

methods, where the global averages of outperformance are 

82.05% in terms of F1-Score and 52.10% in terms of NDCG. It 

is also worthwhile to note that the combination of K-Means 

clustering with any matrix factorization techniques is superior 

compared to that of the Fuzzy C-Means. Additionally, the 

advantage of implementing the matrix factorization approach 

depends on which clustering technique used in the method.  

Keywords—clustering, collaborative filtering, item 

recommendation, matrix factorization  

 
I. INTRODUCTION 

Collaborative Filtering is widely studied and implemented 
as the learning model in Recommendation Systems [1]. 
Methods that implemented such a model generate the list of 
top-𝑁 item recommendations to a target user based on his/her 
previous ratings along with other users that have considered-
similar preferences [1, 2].  

The traditional collaborative filtering item 
recommendation methods are commonly known to suffer 
from problems that are impacting their performances [2-6]. 
Researchers have proposed to enhance the methods by 
implementing the matrix factorization approaches [7-11] or 
clustering techniques [5, 12-18]. Three latent factor 
approaches are widely known and used in various areas, 
namely, Non-Negative Matrix Factorization (NMF),  Singular 
Value Decomposition (SVD), and Principal Component 
Analysis (PCA) [2]. Meanwhile, K-Means and Fuzzy C-
Means are the two popular clustering techniques implemented 
in Recommendation Systems [19].  

Recent studies have shown that combining the matrix 
factorization approach with the clustering technique is 
beneficial in enhancing the performance of Collaborative 
Filtering methods, e.g., SVD and K-Means [20], NMF and K-
Means [21], PCA and K-Means [22]. However, to the best of 
our knowledge, there has not been any in-depth work that 
investigates and compares the performances of collaborative 
filtering item recommendation methods based on various 
combinations of matrix factorization and clustering 
approaches. 

This paper comprehensively studies various collaborative 
filtering item recommendation methods based on matrix 
factorization and clustering approaches. We develop and 
compare the performance of six methods that are modified 
based on three matrix factorization approaches, i.e., NMF, 
SVD, and PCA approaches; and two clustering techniques, 
i.e., K-Means and Fuzzy C-Means. For the empirical analysis, 
the experiments are conducted on the real-world MovieLens 
rating dataset. 

The contributions of this paper are (1) presenting the 
performance comparisons of various collaborative filtering 
item recommendation methods based on matrix factorization 
and clustering approaches, and (2) providing 
recommendations on which combination of matrix 
factorization approach and clustering technique best used in 
the method.  

The rest of this paper is systemized as follows. Section II 
details the developed collaborative filtering item 
recommendation methods based on matrix factorization and 
clustering approaches. Section III presents the empirical 
analysis and Section IV points out the conclusion and future 
work of this paper. 

II. COLLABORATIVE FILTERING ITEM RECOMMENDATION 

METHOD BASED ON MATRIX FACTORIZATION AND 

CLUSTERING APPROACHES 

The input of the collaborative filtering item 
recommendation method based on matrix factorization and 
clustering approaches is rating data. Assume that 𝑈 =
{𝑢1, 𝑢2, 𝑢3, … , 𝑢𝑚}  is the set of 𝑚  users and 𝐼 =
{𝑖1, 𝑖2, 𝑖3, … , 𝑖𝑛}  is the set of 𝑛  items. The rating data is 
represented as a matrix 𝑅 ∈ ℝ𝑚×𝑛  where 𝑟𝑢,𝑖  is the rating 

given by a user 𝑢 towards item 𝑖. 

The development of the method consists of three main 
phases: (1) matrix factorization, (2) users clustering, and (3) 
user-based collaborative filtering. The framework is outlined 
in Fig. 1. 



A. Matrix Factorization 

Matrix factorization is a low-rank 𝐹  approach that 
decomposes a matrix 𝑆 ∈ ℝ𝑚×𝑛 as 𝑃 ∈ ℝ𝑚×𝐹 and 𝑄 ∈ ℝ𝑛×𝐹 
latent factor matrices such that:  

 𝑆 ≈ 𝑃𝑄𝑇  (1) 

We implement the matrix factorization approach to the 
rating matrix, resulting in users and items latent factor 
matrices. This paper uses three well-known variations of the 
matrix factorization approaches: 

 NMF: a matrix factorization approach that 
decomposes a non-negative matrix into two non-
negative latent factor matrices [23, 24].  

 SVD: a matrix factorization approach that decomposes 
a matrix into two latent factor matrices of orthonormal 
singular vectors and a singular value diagonal matrix 
that works as the controller [11].  

 PCA: a matrix factorization approach that decomposes 
a matrix into two latent factor matrices by using the 
eigenvalue decomposition of the data covariance 
matrix to get the principal components [25].  
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Fig. 1. Framework of Collaborative Filtering Item Recommendation 

Methods based on Matrix Factorization and Clustering Approaches 

 

Algorithm: K-Means Clustering 

Process: 

1. Randomly initialize 𝐶 centroids  

2. Calculate the distance between user and centroid points. 

Assign each user to its closest centroid 

3. Update each centroid by taking the mean of user points 

assigned to the associated cluster 

4. Repeat Steps 2 and 3 until the algorithm converges 

5. Output 𝐶 clusters 

Fig. 2. Algorithm of K-Means clustering 

Algorithm: Fuzzy C-Means Clustering 

Process: 

1. Randomly initialize 𝐶  centroids: 𝐶 = ⌊𝜇𝑖𝑗⌋   where 1 =

∑ 𝜇𝑖𝑗
𝐶
𝑘=1  

2. Calculate the center of each cluster 𝑘 on attribute 𝑗 

3. Update 𝐶 = ⌊𝜇𝑖𝑗⌋ 

4. Repeat Step 2 until the algorithm converges  

5. Output 𝐶 clusters 

Fig. 3. Algorithm of Fuzzy C-Means clustering  

B. Users Clustering  

Clustering is a technique that groups data such that the 
considered-similar data are joint in the same cluster. We 
implement the clustering technique to group users based on 
the users’ latent factor matrix. This paper uses two well-
known variations of the clustering approaches: 

 K-Means clustering: a clustering technique that groups 
the data based on their distance to the centroid of each 
group [13, 19]. That is the minimum the distance in the 
group the higher the similarity between users. The 
algorithm of K-Means clustering is shown in Fig. 2. 

 Fuzzy C-Means clustering: a clustering technique that 
allows data to belong to more than one cluster [19, 26]. 
The algorithm of Fuzzy C-Means clustering as shown 
in Fig. 3. 

 

C. User-based Collaborative Filtering 

User-based collaborative filtering is an approach for 
generating the top-𝑁 item recommendation. At this stage, the 
list of item recommendations for a target user 𝑢 is generated 
based on the ratings given by users that belong to the same 
cluster as the target user. This approach consists of four steps: 

1) User similarity  
The similarity between target user 𝑢  and 𝑣  within the 

same clusters can be calculated using the Pearson coefficient 
correlation:  

 𝑆𝑖𝑚(𝑢, 𝑣) ∶=
∑ 𝑠𝑢𝑖 ∙ 𝑠𝑣𝑖𝑖∈𝐼𝑢∩𝐼𝑣

√∑ 𝑠𝑢𝑖
2

𝑖∈𝐼𝑢∩𝐼𝑣  ∙ √∑ 𝑠𝑣𝑖
2

𝑖∈𝐼𝑢∩𝐼𝑣

 (2) 

where 𝐼𝑢 is the list of items that have been rated by target user 
𝑢. Meanwhile, 𝑠𝑢𝑖 is the mean-centered rating of target user 𝑢 
towards item 𝑖 calculated as: 

 𝑠𝑢𝑖 = 𝑟𝑢𝑖 − 𝜇𝑢    ∀𝑢 ∈ {1 … 𝑚} (3)

where 𝜇𝑢 is the mean rating of user 𝑢: 

 𝜇𝑢 =
∑ 𝑟𝑢𝑖𝑖∈𝐼𝑢

|𝐼𝑢|
    ∀𝑢 ∈ {1 … 𝑚} (4)

2) User neighborhood 
User neighborhood, 𝑋𝑢(𝑗), is the top-𝑘 most similar list of 

users to the target user 𝑢 , who have rated item 𝑗 such that 
|𝑋𝑢(𝑗)| ≤ 𝑘: 

 𝑋𝑢(𝑗) ∶=

𝑘
argmax
𝑣 ∈ 𝑈𝑗

  𝑠𝑖𝑚(𝑢, 𝑣)  (5)



where 𝑈𝑗  is the list of users who have rated item 𝑗, and 𝑘 is the 

size of users neighborhood. 

3) Rating prediction 
In the user-based collaborative filtering approach, rating 

prediction �̂�𝑢𝑗 of target user 𝑢 towards item 𝑗 is calculated as: 

 �̂�𝑢𝑗 ∶= 𝜇𝑢 +
∑ 𝑆𝑖𝑚(𝑢,𝑣) ∙ 𝑠𝑣𝑗𝑣∈𝑋𝑢(𝑗)

∑ |𝑆𝑖𝑚(𝑢,𝑣)|𝑣∈𝑋𝑢(𝑗)
 (6) 

4) Top-N item recommendation 
The list of top-𝑁 item recommendation for a target user 𝑢, 

𝑇𝑜𝑝𝑢(𝑁), is generated by descending order the list of rating 
predictions: 

 𝑇𝑜𝑝u(𝑁) ∶=

𝑁
argmax

𝑖 ∈ 𝐼𝑢

  �̂�𝑢𝑗   (7)

where 𝐼𝑢 is the list of items that have not been rated by target 

user 𝑢. In this case, 𝐼𝑢 = 𝐼 − 𝐼𝑢 whereas 𝐼𝑢 ∩ 𝐼𝑢 = ∅. 

 

III. EMPIRICAL ANALYSIS 

We conduct experiments to empirically analyze and 
compare the performances of the developed collaborative 
filtering item recommendation methods based on matrix 
factorization and clustering approaches.  

 

A. Experiment Setup 

The experiments in this paper are conducted using the 
MovieLens dataset available from the 
https://grouplens.org/datasets/movielens/. The dataset 
consists of 943 users, 1682 movies, and 100000 rating data 
where the rating range is 1 – 5. Note that we implement the 
same experimental design as those commonly used in the 
collaborative filtering item recommendation based researches 
[12, 14, 15, 27].  

To evaluate the method performances, we use the F1-
Score and Normalized Discounted Cumulative Gain (NDCG) 
metrics. The formulation of the top-𝑁 recommendation metric 
scores for a target user 𝑢 are as follows: 

 𝐹1-𝑆𝑐𝑜𝑟𝑒𝑢(𝑁) ∶=
2∙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑢(𝑁)∙𝑅𝑒𝑐𝑎𝑙𝑙𝑢(𝑁)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑢(𝑁)+𝑅𝑒𝑐𝑎𝑙𝑙𝑢(𝑁)
 (8)

 𝑁𝐷𝐶𝐺𝑢(𝑁) ∶=
𝐷𝐶𝐺𝑢(𝑁)

𝐼𝐷𝐶𝐺(𝑁)
 (9)

where 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑢(𝑁) ∶= 100 ∙
|𝑇𝑜𝑝𝑢(𝑁) ∩ 𝐻𝑢|

𝑁
 (10)

 𝑅𝑒𝑐𝑎𝑙𝑙𝑢(𝑁) ∶= 100 ∙
|𝑇𝑜𝑝𝑢(𝑁) ∩ 𝐻𝑢|

|𝐻𝑢|
 (11)

 𝐷𝐶𝐺𝑢(𝑁) ∶= ∑
1

log2(1+𝑥)
∙ 𝕀(𝑇𝑜𝑝𝑢(𝑥) ∈ 𝐻𝑢)𝑁

𝑥=1  (12)

 𝐼𝐷𝐶𝐺(𝑁) ∶= ∑
1

log2(1+𝑥)
𝑁
𝑥=1  (13)

where 𝐻𝑢 is the ground-truth and 𝕀(∙) function results in 1 or 
0 to indicate that the condition is either true or false. 

 

B. Methods 

We develop six variations of methods based on the three 
matrix factorization approaches, i.e., NMF, SVD, and PCA; 
and the two clustering techniques, i.e., K-Means and Fuzzy C-
Means used in this paper. Table I shows the labelling of 
method variations.  

TABLE I. THE VARIATION OF METHODS 

 Clustering 

K-Means Fuzzy C-Means 

M
a

tr
ix

 

F
a

c
to

ri
za

-

ti
o

n
 

NMF NMF-KM NMF-FCM 

PCA PCA-KM PCA-FCM 

SVD SVD-KM SVD-FCM 

 

To achieve the best performance of each method, we 
empirically adjust the subsequent parameters: the rank of 
latent factor model (𝐹), number of clusters (𝐶), and size of 
users neighborhood ( 𝑘 ). As a result, the resulted list of 
adjustments are as follows: 

 NMF-FCM: 𝐹 = 512, 𝐶 = 620, and 𝑘 = 7 

 NMF-KM: 𝐹 = 4, 𝐶 = 400, and 𝑘 = 5 

 PCA-FCM: 𝐹 = 16, 𝐶 = 190, and 𝑘 = 5 

 PCA-KM: 𝐹 = 16, 𝐶 = 330, and 𝑘 = 5 

 SVD-FCM: 𝐹 = 64, 𝐶 = 490, and 𝑘 = 5 

 SVD-KM: 𝐹 = 2, 𝐶 = 380, and 𝑘 = 5 

 

C. Results and Discussion 

Fig. 4 and Fig. 5  respectively show the performance 
comparisons of the six methods in terms of F1-Score and 
NDCG, at a various range of top-𝑁. We observe three remarks 
based on the outcomes. 

First, PCA-KM always achieves the best performance 
compared to the other five methods, in terms of both F1-Score 
and NDCG metrics, at most top-𝑁. It is only at top-1 that 
NMF-KM beats PCA-KM in terms of NDCG. Table II and 
Table III respectively list the global averages of 
outperformance of PCA-KM, i.e., 82.05% in terms of F1-
Score and 52.10% in terms of NDCG. On the contrary, the 
worst performance is achieved by PCA-FCM at nearly any 
top-𝑁. It is one time that NMF-FCM performs the worst in 
terms of F1-Score at top-1. These findings advocate that a 
collaborative filtering item recommendation method based on 
matrix factorization and clustering approaches is best 
implemented by using PCA and K-Means, but certainly not 
PCA and FCM. 

Second, the combination of K-Means clustering with any 
matrix factorization techniques is superior compared to that of 
Fuzzy C-Means. This result opposes the outperformance of 
Fuzzy C-Means compared to K-Means [12], i.e., in the case 
where no matrix factorization approach is implemented. 

https://grouplens.org/datasets/movielens/


The advantage of implementing the matrix factorization 
approach depends on the choice of the clustering technique 
used. It is recommended to implement the NMF matrix 
factorization when the Fuzzy C-Means clustering is used. 
Meanwhile, a method that uses the K-Means clustering is best 
coupled with the PCA matrix factorization. This outcome 
shows that the outperformance of a matrix factorization 
approach is not an absolute case [25, 28]. 

 

 

Fig. 4. The F1-Score results 

 

 

Fig. 5. The NDCG results 

 

TABLE II. THE OUTPERFORMANCE OF PCA-KM IN TERMS OF F1-SCORE 

 Outperformance of PCA-KM (%) 

 top-1 top-5 top-10 top-15 top-20 

NMF-FCM 117.60 110.33 117.08 122.46 119.05 

NMF-KM 11.88 15.41 17.06 18.28 17.71 

PCA-FCM 112.45 124.16 134.31 136.16 137.52 

SVD-FCM 127.60 121.02 125.06 126.67 120.59 

SVD-KM 18.55 24.15 25.18 25.79 25.17 

AVERAGE 77.62 79.02 83.74 85.87 84.01 

GLOBAL 

AVERAGE 
82.05 

TABLE III. THE OUTPERFORMANCE OF PCA-KM IN TERMS OF NDCG 

 Outperformance of PCA-KM (%) 

 top-1 top-5 top-10 top-15 top-20 

NMF-FCM 62.03 66.89 73.33 78.44 79.76 

NMF-KM -0.82 7.82 9.96 11.18 11.37 

PCA-FCM 66.68 84.07 89.42 93.28 96.03 

SVD-FCM 66.21 72.92 76.63 80.17 80.54 

SVD-KM 12.83 19.80 21.03 21.66 21.40 

AVERAGE 41.38 50.30 54.07 56.95 57.82 

GLOBAL 

AVERAGE 
52.10 

 

 

IV. CONCLUSION AND FUTURE WORK 

This paper develops and compares the performances of six 
Collaborative Filtering item recommendation methods based 
on three matrix factorization (i.e., NMF, SVD, and PCA) 
approaches and two clustering techniques (i.e., K-Means and 
Fuzzy C-Means). The recommendation performances are 
evaluated in terms of F1-Score and NDCG metrics, at various 
top-𝑁. 

Experiment results show that PCA-KM outperforms the 
other five methods, where the global averages of 
outperformance are 82.05% in terms of F1-Score and 52.10% 
in terms of NDCG. It is worthwhile to note that the 
combination of K-Means clustering with any matrix 
factorization techniques is superior compared to that of Fuzzy 
C-Means. Additionally, the advantage of implementing the 
matrix factorization approach depends on the choice of the 
clustering technique used. 

In the future, we are planning to modify the framework of 
our method such that the users' similarity matrix is used as the 
input of the matrix factorization process. We also want to 
further enhance the method by implementing items, instead of 
the users, latent factor matrix in the current framework. 
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