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ABSTRACT

Collaborative filtering is a technique that takes into account the common characteristics of users and
items in recommender systems. Matrix decompositions are one of the most used techniques in collabo-
rative filtering based recommendation systems. Singular Value Decomposition (SVD) and Non-negative
Matrix Factorization (NMF) based approaches are widely used. Although they are quite good at dealing
with the scalability problem, their complexities are high. In this study, the Truncated-ULV decomposition
(T-ULVD) technique was used as an alternative technique to improve the accuracy and quality of recom-
mendations. The proposed method has been tested with Movielens 100 k, Movielens 1 M, Filmtrust, and
Netflix datasets, which are widely used in recommender system researches. In order to assess the perfor-
mance of the proposed model, standart metrics (MAE, RMSE, precision, recall, and F1 score) were used. It
is seen that while progress was achieved in all experiments with the T-ULVD compared to the NMF, very
close or better results were obtained compared to the SVD. Moreover, this study may guide T-ULVD based
future studies on solving the cold-start problem and reducing the sparsity in collaborative filtering based
recommender systems.

© 2023 The Author(s). Published by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Recently, advancing access to the information resources and the
increase on the information resources have canalized researchers
to investigate how much we have reached the accurate informa-
tion. Some information resources require users to evaluate the con-
tent they access qualitatively or quantitatively to increase the
access to the correct information (Anandhan et al., 2018; Ricci
etal, 2011; Zhao et al., 2018). These resources use a module called
recommender system, which uses feedback from users to provide
better service. In the recommender systems, the feedback that
users leave to the information they access is processed and the
information that may be able to be liked by the users is recom-
mended (Ekstrand et al., 2011; Zhao et al., 2018). Recommender
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systems typically serve users in many areas such as music, movies,
videos, web pages, digital products, TV programs, search engines,
e-commerce applications (Bennett et al., 2007; Chen and Fong,
2010; Healey, 2009; Linden et al., 2003). In addition, considering
the financial gain to be provided, the developed recommender sys-
tems have not been able to fully meet the needs of the users yet.
Therefore, researchers continue to work on the development of
the recommender systems.

Recommendation systems are usually classified into thee cate-
gories: content-based filtering, collaborative filtering, and hybrid
recommendation approaches (Adomavicius and Tuzhilin, 2005;
Anandhan et al., 2018; Ricci et al., 2011). Each filtering method
has some advantages and disadvantages. Disadvantages of the col-
laborative filtering are scalability, sparsity and cold start problems
(Herce-Zelaya et al., 2020; Kuo et al.,, 2021; Singh, 2020). The
content-based filtering technique is a method that proposes new
items based on the items that the user liked in the past. This
method examines the items that the active user has previously
rated in the gigantic item pool. Then the new items that the user
has never faced before are recommended. These items are similar
to the items previously rated by the user. The problem mentioned
is called the overspecialized recommendations (Aggarwal, 2016a;
Rana et al., 2020). Coming to the advantages of the proposed

1319-1578/© 2023 The Author(s). Published by Elsevier B.V. on behalf of King Saud University.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


http://crossmark.crossref.org/dialog/?doi=10.1016/j.jksuci.2023.101724&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.jksuci.2023.101724
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:fhorasan@kku.edu.tr
https://doi.org/10.1016/j.jksuci.2023.101724
http://www.sciencedirect.com/science/journal/13191578
http://www.sciencedirect.com

F. Horasan, Ahmet Hasim Yurttakal and S. Giindiiz

collaborative filtering techniques, the following issues can be con-
sidered. In collaborative filtering, only the rating matrix is needed
during the training of the model. In the model, there is no need
for any other data about the user and the item. It is also a successful
method of presenting the right content that will be of interest to
users, since similar users are taken into account. The Collaborative
filtering technique examines all users and users’ feedbacks on the
items. Thus, new items could be recommended to the active user
by taking into consideration the similar characteristics of the other
users. This method uses a matrix called user-item matrix which
contains the users’ feedbacks. It can reduce the success of the rec-
ommender system because the user-term matrix is very sparse.
This disadvantage is called as sparsity problem (Kuo et al., 2021).
The cold start problem is that there is no any rating yet when a
new user or item is included in the system (Herce-Zelaya et al.,
2020; Wahab et al., 2016; Wahab et al., 2020). Thus, an item that
any user has not rated yet is represented in the user-item matrix.
This may reduce the accuracies of possible predictions for the
added newly user/item. Another problem is scalability of recom-
mender systems. The recommender systems process a large matrix
of users and items in real time and recommend new items for each
user. Since this system produces outputs according to increasing
and gigantic input, this scalability problem arises (Jie et al., 2015;
Singh, 2020). Researchers have proposed low-rank matrix decom-
position techniques such as the SVD, regularized SVD, NMF, and
probablistic matrix factorization to deal with the scalability prob-
lem (Jalili et al., 2018; Koren et al., 2009; Ma et al., 2008; Mehta
and Rana, 2017). Social regulation is applied to reduce the losses
appeared after dimension reduction which decreased time com-
plexity. In this social regularization stage, the efficiency of the rec-
ommendation system is increased Jalili et al. (2018), Ma et al.
(2008).

The general focus of the research is to reduce the scalability
problem and reduce the computational cost. In addition, the aim
is to investigate the usability of the alternative matrix decomposi-
tion technique T-ULVD in recommender systems. Finally, a more
efficient model is expected to be obtained.

Matrix decompositions are mathematical model-based tech-
niques used in the collaborative recommender systems. With this
research, the ULVD technique is proposed as a mathematical model
for use in the collaborative recommender systems. The T-ULVD
technique is used as alternative to the SVD and NMF. In the litera-
ture, the T-ULVD is used to some fields including text analysis
(Horasan et al., 2019; Lopez et al., 2018), data science (Jalili et al.,
2018; Zhang et al., 2020), and signal processing (Kaloorazi and de
Lamare, 2018a). In these areas T-ULVD has shown promising per-
formance. In this context, use of T-ULVD is proposed to solve the
scalability problem in the recommender systems. In addition, it’s
effect on the performance of the system is examined. The main con-
tributions of this study are as follows:

e A novel collaborative recommendation system model is devel-
oped using the T-ULVD

e The performance of the developed model according to the
matrix decompositions, which are frequently used in the litera-
ture, has been compared and assessed.

e The benchmarked and the proposed models have been tested
with real datasets and their performance is assessed with com-
monly used metrics in recommendation systems.

e A dimension reduction approach is applied and time complexity.

e Better results is obtained in almost all tests with the proposed
model.

In the continuation of this paper, Section 2 presents a review of
the past work in the field. Section 3 explains the preliminaries
on the subject and the details of the techniques mentioned in
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the study. The test results performed on the data sets, which
are commonly used in the recommendation systems are presented
in Section 4. Finally, the study is discussed and concluded in
Section 5.

2. Related work

In this section, studies involving model-based collaborative fil-
tering techniques using matrix decompositions are explained.

These systems, which are used to make recommendations based
on users’ purchasing habits or interests, are constantly being devel-
oped to improve the commercial gain and solve the problem of
access to the correct information resources. The first idea about
the collaborative filtering was proposed by Goldberg in 1992 in a
study called Tapestry (Goldberg et al., 1992). Then, according to
Breese et al., the collaborative recommender systems have been
investigated in two groups as model based and memory based
(Breese et al., 2013; Horasan, 2022). The Memory-based collabora-
tive recommendation systems use user-item matrix to calculate the
similarity between users/items. The main target of these systems is
to calculate similarities of users or items and find the most similar
to recommend new items to active users. However, the scalability
problem emerges because they have to keep the entire user-item
matrix in the memory. In addition, the cold start and the sparsity
problems are also encountered (Kuo et al., 2021; Li et al, 2021;
Tahmasebi et al., 2021; Symeonidis et al., 2006). The model-based
recommender systems require the training of known ratings for
the estimation of an unknown rating. Well known models are
matrix factorization, bayesian classifiers, genetic algorithms and
fuzzy systems. The sparsity and scalability problems are also
observed in model-based systems (Bokde et al., 2015; Breese
et al., 2013).

In order to overcome the scalability problem, matrix decompo-
sition is usually applied. In this way, the dimensions of user and
item vectors are reduced Aghdam et al. (2015), Sarwar et al.
(2002), Luo et al. (2014). In the studies on collaborative filtering-
based recommender systems, the SVD is generally used as matrix
decomposition. Due to the facts that the computation of the SVD’s
time complexity is very high, there are studies on alternative
matrix decompositions for the recommender systems (Aghdam
et al., 2015; Himabindu et al., 2018; Koren et al., 2009; Luo et al.,
2014).

The first study to use the SVD to the recommendation system
was carried out by the authors in Sarwar et al. (2000). They adapted
the technique of latent semantic analysis, which is usually applied
in text mining, to the collaborative filtering (Deerwester et al.,
1990; Valdez et al., 2018). Moreover, the fact that the SVD is a
dimension reduction method has a significant effect on the solution
of scalability problems (Jiao et al., 2019; Koren et al., 2009; Ma
et al., 2008; Sarwar et al., 2000; Yuan et al., 2019).

The model based recommendation approaches using the matrix
decompositions have become very popular because of their high
accuracy and scalability (Jiao et al., 2019; Mehta and Rana, 2017;
Parvin et al., 2019). The probabilistic latent semantic analysis based
collaborative filtering (Hofmann, 2004; Huang et al., 2019; Li et al.,
2018), the regularized singular value decomposition for collabora-
tive filtering (Ma et al., 2008; Li et al., 2018; Paterek, 2007) and
the expectation maximization algorithms for matrix decomposition
(Kurucz et al., 2007; Luo et al., 2015) are some of the most well-
known approaches.

Model-based collaborative filtering studies using matrix decom-
positions have increased further after Netflix prize competitions.
This is so because the high performance of a study based on the reg-
ularized matrix decomposition in these challenges (Takacs et al.
(2008).
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In recent years, another purpose of using matrix decomposi-
tions is to find a solution to the sparsity and cold start problems
(Herce-Zelaya et al., 2020; Ran et al, 2022; Liu et al., 2011;
Singh, 2020; Yuan et al., 2019). In the previous studies, it is seen
that the SVD is generally used in model-based collaborative recom-
mendation systems (Aggarwal, 2016b; Koren et al., 2009; Paterek,
2007; Ricci et al., 2011). There are also studies in which the NMF is
used as an alternative to the SVD or to obtain more efficient results
(Gouvert et al., 2020; Luo et al., 2014; Parvin et al., 2019). In addi-
tion to these, there are also studies in which matrix decomposition
methods are used and new models are proposed (Bin and Sun,
2021; He et al., 2018; Jakomin et al., 2020; Wang et al., 2019;
Hao et al., 2018).

In order to examine it more clearly, the models using the matrix
decomposition techniques for the collaborative filtering-based rec-
ommender systems and their features are listed in Table 1. Some of
the techniques using the SVD or NMF do not include the regular-
ization process. The proposed study includes the regularization
process after the dimension reduction process. Five of the listed
studies used data imputation methods to deal with the sparsity
problem in their recommendation system. Another important fea-
ture that draws attention in the collaborative recommendation
systems is the way of feedback received from the users. There
are two types of feedback: explicit and implicit. In systems that
use explicit feedback, users are asked to rate items explicitly. In
the other, the system itself generates feedback based on the user’s
actions and interest. Researchers have obtained implicit feedback
by taking into account the neighborhood of users and items with
the technique called social regularization. As can be seen from
the table, it is seen that both types of feedback are used in most
studies. Since the proposed study includes this social regulariza-
tion process alongside the rating matrix, both explicit and implicit
feedback is taken into account. Although the matrix decomposi-
tions are generally used in the model-based collaborative recom-
mendation systems, it has been observed that they are also used
in the memory-based collaborative recommendation studies. As
is the case with most, a novel model-based approach is suggested
in this study.

When the above-mentioned studies are examined, the follow-
ing features have been remarkable. The dimension reduction is
applied to the user-item matrix by means of the matrix decompo-
sition. In order to obtain the k-dimensional vector space after the
matrix decomposition process, a dimension reduction approach
called rank-k approximation is applied. The rank-k approximation
has the ability to remove erroneous and ineffective features in the
user-item matrix, so it can be considered as a feature selection
method. In this way, it is aimed to develop a system having low
computational complexity and high efficiency.
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Unlike the well-known matrix decompositions, a new tech-
nique is used in the proposed work. As a result of the tests, it
was observed that more efficient results were obtained. In addi-
tion, the ability of the proposed T-ULVD technique to perform
operations without the need for recalculation in cases where the
matrix is updated is better than other techniques, which is an
important reason for preference. Since the T-ULVD decomposition
has not been used in recommender systems before, it is foreseen
that it will shed light on new studies after this study. In addition,
the parameters used to regularize the matrix can be determined
by new optimization algorithms in the literature (Abualigah
et al., 2021a; Abualigah et al., 2021b; Ezugwu et al., 2022).

It is seen that matrix decompositions are used in a very wide
area. Some of these areas are information retrieval systems
(Horasan et al.,, 2019), sparse matrix problems (Kaloorazi and
Chen, 2019), recommender systems (He et al., 2018), scientific
computing (Kaloorazi and Chen, 2021) and image processing
(Rasti et al., 2018), etc. In this study, the T-ULVD is used as an alter-
native matrix decomposition technique to the SVD and NMF. In
previous studies, the T-ULVD has provided efficient results in the
signal processing (Kaloorazi and de Lamare, 2018a; Kaloorazi and
Chen, 2021), data science (Jalili et al., 2018; Zhang et al., 2020),
and text mining (Horasan et al, 2019) studies. The T-ULVD
includes the dimension reduction process of the vector space
obtained with ULV Decomposition (ULVD) (Horasan et al., 2019).
The ULVD technique, which is less costly and efficient than the
SVD, was proposed by Barlow and Erbay (2009). Researchers gen-
erally use the T-ULVD technique for noise reduction, dimension
reduction and vectorization (Barlow and Erbay, 2009; Horasan
et al., 2019; Kaloorazi and de Lamare, 2018b; Rebrova et al,,
2018). In particular, the vector space model obtained with the T-
ULVD is updated faster than other matrix decompositions.There-
fore, this technique is recommended due to its simplicity in updat-
ing the vector space and low computational complexity (Horasan
et al,, 2019). This study reveals that the T-ULVD technique can be
used as a good alternative method in recommender systems. Thus,
it is aimed to be a study that gives direction to further studies.

3. Methods

In this part of the article, first of all, the user-item (rating)
matrix and its properties are mentioned in Section 3.1. In the fol-
lowing sections, the SVD (in Section 3.2), NMF (in Section 3.3),
and T-ULVD (in Section 3.4), are described, respectively. Section 3.5
describes dimension reduction and obtaining reduced vector space.
Finally, regularization of the reduced vector space and performing
the rating predictions are described in Section 3.6. In addition, the

Table 1
Feature comparison of the matrix decomposition based collaborative recommender systems.
Techniques Regularization Dimension Reduction Data Imputation Explicit rating Implicit rating ~ Approach

Ref. Ma et al. (2008) SVD Yes Yes No Yes Yes Model Based
Ref. Horasan (2022) SVD No Yes No Yes No Memory Based
Ref. Symeonidis et al. (2006) SVD No Yes No Yes No Memory Based
Ref. Aghdam et al. (2015) NMF Yes Yes No Yes Yes Model Based
Ref. Luo et al. (2014) NMF Yes Yes No Yes Yes Model Based
Ref. Sarwar et al. (2000) SVD No Yes Yes Yes No Model Based
Ref. Jiao et al. (2019) SVD Yes Yes No Yes Yes Model Based
Ref. Yuan et al. (2019) SVD Yes Yes Yes Yes Yes Model Based
Ref. Parvin et al. (2019) NMF Yes Yes No Yes Yes Model Based
Ref. Li et al. (2018) SVD Yes Yes No Yes Yes Model Based
Ref. Paterek (2007) SVD Yes Yes No Yes No Model Based
Ref. Kurucz et al. (2007) SVD Yes Yes Yes Yes Yes Model Based
Ref. Ran et al. (2022) NMF Yes Yes Yes Yes Yes Model Based
Ref. Yuan et al. (2021) SVD Yes Yes Yes Yes Yes Model Based
Proposed T-ULVD Yes Yes No Yes Yes Model Based
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flowchart of regularized matrix factorization based recommenda-
tion systems is shown in Fig. 1.

Algorithm 1. Regularized T-ULVD based collaborative filtering
Algorithm

1function Regularized TUL VD (A, k, o, /1, /2, UB, IB)
Input Rating Matrix (A), Rank — k value (k), learning rate
parameters (o), regularization parameters (A1, A2), user and
item bias (UB, IB)

Output Regularized singular vector matrices (ITk, ﬁz)
2 Start
3 [K,L,M] = ULVD(A)

[Kk, Ly, M{] = DimensionReduction(K, L, M, k)

5 [ﬂ ,Ml} = RegularizeTheReducedVectorSpace (Kk,Lk,MT, UB,IB)

6 Return [I?’k,l\ﬁ/lz]
7 End.

It was mentioned in the previous section that T-ULVD is a
dimension reduction based matrix decomposition. Therefore, the
proposed model both reduces the computational cost and provides
more efficient results since it does not include noise-like features. It
is used as an alternative matrix decomposition model to deal with

Rating Matrix

Predicted Ratings

Matrix
Factorization

Prediction
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the scalability problem. Moreover, social regularization is imple-
mented after T-ULVD process. In this way, it is ensured that the rec-
ommendations are more accurate by considering both the rating
matrix as well as the neighborhood of the users and items. The
flowchart where we can see the stages of the proposed model is
illustrated in Fig. 2 and Fig. 3.

The theme of the model is based on the TULV decomposition,
dimension reduction, and regulation process, respectively. In addi-
tion, the proposed model is explained in detail in Algorithm 1. As
seen in the algorithm, the dimension reduction was performed
after applying the ULVD to the rating matrix. In order to minimize
the semantic losses in the low-dimensional vectors obtained, regu-

larization process has been carried out. Thus, K, and M£ are
obtained as user and item vectors, respectively. In this section,
the steps of the algorithm are explained in detail.

3.1. User-item matrix

The datasets (The Rating Matrices) used in recommender sys-
tems are generally expressed in a very sparse matrix. This situation
decreases the efficiency as well as negatively affects the processing
time (Aggarwal, 2016a). The rating matrices (Table 2) are already in
the form of the sparse matrix (Table 3). Each indices of O in the rat-
ing matrices is not included in the sparse matrix. In Table 2the U;
and J; represents the i-th user and the j-th item, respectively.

Dimension
Reduction

Regularization

calculation

Fig. 1. The flowchart of regularized matrix factorization based collaborative filtering.

Regularized T-ULV
Decomposition

Rating Matrix

Prediction
calculation

Predicted Ratings

Fig. 2. The flowchart of regularized T-ULVD based collaborative filtering.

Regularized T-ULV Decomposition

Rating Matrix

Predicted Ratings

ULV
Decomposition

Prediction

Dimension
Reduction

Regularization

calculation

Fig. 3. The detailed flowchart of regularized T-ULVD based collaborative filtering.
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Table 2
Rating matrix.
1 12 I3 14
U1 3 0 5 0
U2 0 1 4 0
u3 0 4 0 3
U4 2 0 5 0
Table 3
Sparse rating matrix.
User-Id Item-Id Rating
1 1
1 3 5
2 2 1
2 3 4
3 2 4
3 4 3
4 1 2
4 3 5

The rating matrix is symbolized as A € R™" and this matrix is
represented as

ann di2 Qin
ay1r Oy -+ Qp

A= . . . (1)
am dm2 Amn

. Here g;; represents the rating score that the i-th user made to the j-
th item.

Xi=(an ap Qi ) (2)
ayj
(12]'

Yj= 3)
Amj

In the above equations, the user vector for the i-th user is
denoted with X;, while the item vector for the j-th item is repre-
sented by Y;. So the matrix A can be represented by

Xi
X
A=[Aj]= :2 =(Y1 Y, Yn) (4)

Xm

3.2. Singular value decomposition

The SVD is the most used matrix decomposition technique in
model-based collaborative recommender systems. The latent
semantic structure between the users and the items is extracted
thanks to the SVD. Thus, it becomes possible to calculate the sim-
ilarities between the users/items more accurately. The SVD pro-
cessing is applied to the user-item matrix called A (A € R™" and
m > n) in the recommendation systems as in Eq. 5.

A=UzZV". (5)

As can be seen from here, U,X and V' matrices are obtained
from the matrix A after the SVD processing. U< R™" and

Journal of King Saud University - Computer and Information Sciences 35 (2023) 101724

V € R™" matrices are orthogonal matrices (UU" =U'U =1,
and W' = V'V =1,), 2 is the diagonal matrix where the singular
values of the A matrix are located in descending order
(X =diag(a1,02,---,0n)).

3.3. Non-negative matrix factorization

The NMF processing of A with numerical rank k is performed by
the Eq. 6, provided that Ac R™"and m > k > n

A=WH. (6)

The matrices in the equation are of the form W € R™* and
H € R¥". As a result of this decomposition, there is approximation,
not equality. Therefore, in order to minimize the difference
between A and W.H, the optimum W and H are found after the
optimization process in Eq. 7.

min f(W, H) = ZZ(""‘J - (WH)i_j)z
W g (7)

Subject to Wiy > OHy; > 0,Y;,j, k.

3.4. Truncated-ULV decomposition

Provided that A € R™" and m > n, the T-ULVD of A is per-
formed with

A=KLM" +E. (8)

Here K € R™" and M € R™". Also K and M are orthogonal matrices
(KK"=K'K=1, and MM"'=M'M =1,). LeR™" is the non-
singular lower triangular matrix and E € R™" is an error matrix.

3.5. Rank-k approximation and obtaining vector space

Some features of the rating matrix negatively affect the success
of the recommendation systems. One of them is that the rating
matrix is too sparse. In other words, the number of items rated
by each user is very low compared to the total number of items.
The inclusion of data that does not affect the meaning and is called
noise also reduces efficiency. In addition, the large number of users
and items also causes scaling problem. In order to overcome these
problems and reduce their effects, the dimension reduction is
applied after the matrix decomposition processing.

The dimension reduction called rank-k approximation is
applied to the components obtained after the A matrix is factored,
provided that m > k > n. In the SVD applied model, dimension-
reduced A, matrix is obtained according to Eq. 9.

A = U Vi 9)

% € R** and X, = diag(g1, 02, - - -, 0y) in Eq. 9 indicates a diagonal
matrix, U, € R™* indicates the first k columns of U, and V| € R**"

represents the first k rows of V'. In the model using the T-ULVD,
dimension-reduced A, matrix could be calculated through Eq. 10.

A = K(LM;,. (10)

Ly € Rk is the non-singular lower triangular matrix, K, € R™** rep-
resents the first k columns of K, and M; € R indicates the first k
rows of M". In the NMF, matrix decomposition is already performed
in a reduced dimension. Therefore, there is no need for the dimen-
sion reduction after the NMF processing.

The optimum k value is obtained when the difference between
the singular values in the ¥ matrix is maximum. That is, the differ-
ence between the k-th singular value and the k + 1-th singular
value is expected to be higher than the difference between the
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m = n—k

Fig. 4. Rank-k approach.

other singular values. A, which is the rank-k approximation of 4, is
used instead of A. The dimendison reduction process applied to an
m x n dimensional matrix with the rank-k approach is schematized
in Fig. 4. For the SVD, NMF, and T-ULVD, U,, W, and K, represent
vectors of users, respectively. Likewise, V},H, and M} are vectors

of the items.
3.6. Regularizing the reduced vector space and predicting the ratings

In the vector space-based recommendation systems, R € R™"
matrix obtained from Eq. 11 is generally used for predictions after
the matrix decomposition process.

R~ XY. (11)

Here X and Y are determined according to the matrix decomposition
technique used. If the SVD is used, then X = U, Y = V[, For the NMF,
X =W,Y = H. Finally, it is determined as X = K,,Y = M{ in the T-
ULVD technique. In the R matrix, there may be data loss due to
the dimension reduction in X and Y matrices. For this reason, X
and Y are regulated by using the A matrix in order to reduce losses
and increase the prediction accuracy. Thus, we obtain the rating (P;;)
given to the j-th item by the i-th user with the following Eq. 12.

Pj=X-Y; (12)

For this purpose, the following loss function (Eq. 13) should be
minimized.

min||A — Pll. (13)

Since matrix A is very sparse, this Equation is updated as
follows:

mind "> 1G.J).(ry — Py)’

i=1 j=1

(14)

where I(i,j) is determined by whether the i-th user has made a rat-
ing to the j-th item. It takes the value 1 if it has made a rating, and 0
otherwise. To avoid over-fitting, the Eq. 14 is converted to the fol-
lowing form (Eq. 15). Thus, regularization of the matrices is carried
out.

. UL 2 A A
inky > ) (g — Pu)” + 5 IXE + 2 il

i—1 j=1

(15)

In addition, if biases (UB, IB) are added for both the users and the
items, the prediction and optimization Equations will be as in Eq.
16 and Eq. 17, respectively. 2; and 4, usually have the same value,

so a single variable a was used.
Pij:ﬂ+UBi+IBj+Xin (16)

m n a
miny > 1(0.J).(ryg = Py)” + 5 (IXillF + 1Yill7 + UB: + 1B;)
T =t

(17)

Here u represents the overall average rating. Usually, gradient des-
cent is used to minimize the loss function. Thus the multipliers of
the matrix are regularized. Where e;; =r;; — X;Y;,X; and Y; are
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Table 4
Statistics of the datasets.

Dataset Num of Ratings Num. of User Num. of Items
Movielens 100 k 943 1682 100000
Movielens 1 M 6040 3900 1000209
Filmtrust 1508 2071 35497

Netflix 979 1813 184923

updated using the Eq. 18 and Eq. 19 for the SVD and T-ULVD,
respectively.

X,' :X,'+OC(€,'J‘Y;' 7/1]Xj) (18)

Yj:Yj+OC(€iJXi—).2Yj) (19)

Fy represents the items that the active user gives feedback, and F;
represents the users that give feedback to the active item. So for
the NMF, X; and Y; are updated using Eq. 20 and Eq. 21, respectively.

> YiPy

X=Xy (20)
> Y1+ alFulX;
ieFy
ZX]-.Pi i
Y. — Y icF; 21
TN Xim + alRY @)

icF;

The biases (UB, IB) used for all three techniques are updated by
the following Equations.

UB; = UB; + a(e;j — 1UB) (22)

IB]' = IB] + OC(eiJ' - }ZIBJ) (23)

In the Equations, /; and /, are the regularization parameters and
o is the learning rate. After the specified number of iterations, the
prediction of the rating of the j-th item made by the i-th user
(Pij) is calculated by Eq. 16.

4. Experimental analyzes

This section describes the experiments performed for the pro-
posed and compared models. The datasets used in the experiments
are Movielens 100 k, Movielens 1 M', Filmtrust?, and Netflix®. The
number of users, items and total ratings in the Netflix dataset is very
large. Therefore, researchers usually work on a subset of the Netflix
dataset (Hao et al., 2021; Yuan et al., 2019; Yuan et al., 2021). In this
study, a subset of user-item matrix containing randomly selected
users and items was obtained. Each user in this matrix has at least
20 ratings. Details of the datasets are presented in Table 4. For each
dataset, 90% and 10% of the user item matrix are randomly deter-
mined as training and test data, respectively. Moreover, a ten-fold
cross-validation method was utilized for the verification of the mod-
els. All experiments were conducted with Matlab 2018b on a com-
puter that has an Intel processor (2.5 GHz), 32G RAM, and a Win10
operating system.

The computational complexity of the techniques proposed and
compared in the study is the same in each method. Accordingly,
when the rank-k approach is not applied, it is O(mn?). However,

T http://grouplens.org/datasets/movielens.
2 https://www.librec.net/datasets.html.
3 https://www.netflix.com.
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when the rank-k approach is applied, it becomes O(mnk). Here the
condition k < min(m,n) is provided. Since k is very low compared
to m and n, a significant gain is achieved in performance and run-
time. Therefore, it can be said to be O(mn) ~ O(mnk). It is also sta-
ted that if the decomposed matrix is very sparse, the complexity of
the T-ULVD is O(m + n) (Horasan et al., 2019). In this way, consid-
ering the sparsity of matrices used in the collaborative filtering
based recommender systems, the proposed algorithm can be
explained as O(m + n).

4.1. Metrics

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE)
metrics are commonly utilized to measure the performance of the
recommender systems (Jalili et al., 2018). MAE and RMSE are cal-
culated with Eq. 24 and Eq. 25, respectively.

> Ay =1l

MAE =3
IT|

(24)

RMSE = (25)

Here, A;; represents the i-th user’s rating for the j-th item. r;; is used
to predict the i'th user’s degree for the j-th item. |T| is the total num-
ber of tests. It is understood that the lower the results of both met-
rics, the better the performance.
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On the other hand, Precision, Recall, and F1 score metrics are
used to see how accurately the recommended items are predicted
in the recommendation systems. In these metrics, the best N items
recommended to the user by the system are taken into account.
Accordingly, the Precision (Py) and the Recall(Ry) metrics are cal-
culated with Eq. 26 and Eq. 27, respectively. Here N indicates the
number of items recommended to users.

TP

Px = 5 Fp (26)
P

Ry =N 27)

Here, TP is equal to the number of correctly recommended items, FP
represents the number of incorrectly recommended items, and FN
denotes the number of non-recommended items. The F1 score met-
ric, in which both Precision and Recall metrics are taken into
account, is calculated as follows.

_ 2xPyxRy

Fl=——— 28
Py + Ry (28)

4.2. Performance analysis

The information of the parameters and inputs used in each
method in the study are as follows.

(-) The number of iterations to fairly compare techniques was
determined as 50.

(-) The regularization parameters (/, 4;) and the learning rate
(o) usually take very small values. You can see the performance
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Fig. 7. MAE and RMSE results according to different rank-k values for the Movielens 100 k dataset.

according to the change of the learning rate variable for an experi-
ment where the rank-k number is determined as 50 in Fig. 5. Like-
wise, its performance results according to the change of
Regularization parameter variables can be seen in Fig. 6.

(-) Number of reduced features: Matrix decompositions are a
feature extraction method. The extracted features are ranked from
the most significant to the most meaningless. For this reason, the
dimension reduction is made with the rank — k approach men-
tioned in Section 3.5. The number of reduced features represents

the actual size of the rating matrix (the number of noise-free fea-
tures). Therefore, experiments were carried out to determine the
correct number of features. The k used in the dimension reduction
method (rank — k) indicates the number of features. After the tests
for all the four datasets, you can see the effect of the number of
dimensions in Figs. 7-10. It was found that RMSE and MAE metrics
did not change much when k > 50 on average in all datasets.
Considering the changes in Fig. 5, it was set that « = 0.001 for
the SVD, « = 0.002 for the T-ULVD and « = 0.002 for the NMF in
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Fig. 10. MAE and RMSE results according to different rank-k values for the Netflix dataset.

Movielens 100 k. For Movielens 1 M, o was chosen as 0.005 for the
SVD, 0.004 for the T-ULVD and 0.007 for the NMF. « was set as
0.003 for the SVD, 0.002 for the T-ULVD and 0.004 for the NMF
for Filmtrust. Finally, « was set as 0.002 for the SVD, 0.004 for
the T-ULVD and 0.008 for the NMF for the Netflix.

The changes in Fig. 6 were observed. Thus, in Movielens 100 k,
the/ value for the SVD, the T-ULVD, and the NMF was set to 0.007,
0.002 and 0.005, respectively. For Movielens 1 M, A was chosen as
0.003 for the SVD, 0.009 for the T-ULVD and 0.006 for the NMF. For
Filmtrust, /2 was set as 0.005 for the SVD, 0.006 for the T-ULVD and
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Table 5
o and / values used in the experiments.
Parameters Dataset SVD NMF T-ULVD
o Movielens 100 k 0.001 0.002 0.002
Movielens 1 M 0.005 0.007 0.004
Filmtrust 0.003 0.004 0.002
Netflix 0.002 0.008 0.004
1,72 Movielens 100 k 0.007 0.005 0.002
Movielens 1 M 0.003 0.006 0.009
Filmtrust 0.005 0.007 0.006
Netflix 0.016 0.001 0.014
Table 6
Performance comparisons.
Dataset k Metrics SVD NMF T-ULVD
Movielens 100 k 10 MAE 0.7046 0.7346 0.7031
RMSE 0.8970 0.9400 0.8975
P@10 0.8937 0.8359 0.8992
R@10 0.7502 0.7415 0.7504
F1 0.8157 0.7859 0.8181
50 MAE 0.7037 0.7346 0.7016
RMSE 0.8952 0.9400 0.8923
P@10 0.8976 0.8360 0.9005
R@10 0.7512 0.7417 0.7525
F1 0.8179 0.7860 0.8199
Movielens 1 M 10 MAE 0.6866 0.7395 0.6737
RMSE 0.8670 0.9400 0.8537
P@10 0.9126 0.8923 0.9133
R@10 0.7949 0.7826 0.7981
F1 0.8497 0.8339 0.8518
50 MAE 0.6854 0.7394 0.6697
RMSE 0.8654 0.9400 0.8487
P@10 0.9136 0.8926 0.9207
R@10 0.7964 0.7829 0.8124
F1 0.8510 0.8342 0.8632
Filmtrust 10 MAE 0.6172 0.6330 0.6224
RMSE 0.8037 0.8210 0.8108
P@10 0.8902 0.7863 0.8891
R@10 0.3628 0.3633 0.3628
F1 0.5155 0.4970 0.5153
50 MAE 0.6174 0.6330 0.6135
RMSE 0.8031 0.8210 0.8031
P@10 0.8858 0.7863 0.8923
R@10 0.3631 0.3633 0.3635
F1 0.5151 0.4970 0.5166
Netflix 10 MAE 0.6734 0.7196 0.6785
RMSE 0.8664 0.9210 0.8713
P@10 0.9025 0.8762 0.9092
R@10 0.7401 0.7704 0.7388
F1 0.8133 0.8199 0.8152
50 MAE 0.6701 0.7196 0.6673
RMSE 0.8603 0.9210 0.8571
P@10 0.9188 0.8762 0.9281
R@10 0.7519 0.7704 0.7533
F1 0.8270 0.8199 0.8316

0.007 for the NMF. Finally, 4 was set as 0.016 for the SVD, 0.014 for
the T-ULVD and 0.001 for the NMF for the Netflix. Initial bias values
for the users and the items were determined as 0.02. The o and 4
values chosen for the datasets and techniques used in the experi-
ments are shown in Table 5.

According to Figs. 7-10), the T-ULVD technique gives better
results than the SVD and the NMF techniques at almost every con-
dition. While the k value does not have much influence for the NMF,
it has significant influence for the SVD and the T-ULVD. For exam-

ple, for the Movielens 1 M dataset, it can be seen that the perfor-
mance is better as k increases in the SVD and the T-ULVD
methods. In some cases, the best results are obtained at lower k val-
ues. For example, in the Movielens 100 k, the best result for the SVD
was obtained when k = 40. The reason why there is no or very little
change is that the regularization process already exists at the base
of the NMF technique. In other words, after the current regulariza-
tion process in the NMF method, a second regularization process
does not change the results.

10
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In order to show the performances of the models, the perfor-
mance results are presented in Table 6 for all datasets, respectively.
Accordingly, it can be seen that all results for the Movielens 100 k
and the Movielens 1 M are better in the T-ULVD than the SVD and
NMEF. For the Filmtrust and the Netflix, when the k value is 50, the
T-ULVD technique is better than the SVD, and better results are
obtained for all k values than the NMF technique. As seen in Table 6,
the proposed technique achieved the best performance for all data-
sets (when k = 50). The performance results obtained from all data-
sets are acceptable. However, it was observed that the recall and
the f1 score results for the Filmtrust could be improved. In addi-
tion, it is seen that all metrics are not affected by the number of
features (k) in the NMF technique. Therefore, there is no significant
change in the results obtained when the number of features is 10
or 50. However, the best results are observed when k = 50 in both
SVD and T-ULVD methods.

We can draw the following inferences from Table 6: The T-
ULVD technique yielded much better results than the NMF tech-
nique. It has been observed that almost all of them are better than
the SVD. Those that were not better than the SVD also produced
very close results to the SVD. Therefore, it is understood that the
T-ULVD based model can be used successfully for collaborative rec-
ommendation systems.

5. Discussion and conclusions

In this study, a model-based matrix decomposition using the T-
ULVD is proposed as an alternative to the SVD and NMF tech-
niques, which are frequently encountered in the literature. After
the experiments;

- In the technique in which the T-ULVD is used, it is seen that
better results are obtained than the SVD and NMF used in many
studies before.

- The T-ULVD can be used in many models and techniques
where the SVD and NMF are used.

- The usability of the T-ULVD in the collaborative recommender
systems has been tested and shown to be applicable to other mod-
els similar to the proposed model.

The T-ULVD draws attention with its efficiency in information
retrieval studies when there are updates in the data set. For this
reason, this paper could be guide further studies, such as solving
the cold start problem or reducing the sparsity problem. In addi-
tion, as in the collaborative recommender systems, the T-ULVD
technique can be used as a dimension reduction method in
machine learning algorithms using matrix decompositions.

The findings of this work could direct many researches, espe-
cially due to its low time complexity and efficiency. This situation
becomes even more remarkable when the areas where the SVD and
NMEF are used are also taken into account. The T-ULVD is similar to
these matrix decompositions in many ways. For example, left and
right eigenvector matrices obtained after decomposition have sim-
ilar properties as in other matrix decompositions. The singular
value matrix obtained in the SVD method is a diagonal matrix. In
the ULVD, the lower left triangle matrix is obtained instead of this
matrix. In collaborative filtering-based recommender systems
using SVD, left and right singular vector matrices are regulated.
The eigenvector matrices are not included in any process. Similarly,
the singular vector matrices obtained with T-ULVD are regulated.
As a result, the ULVD based model produced more efficient results
rather than being a good alternative method. This shows that T-
ULVD could be a technique that will find application in many areas
where the popular matrix decompositions are used. Therefore, the
T-ULVD could be used as an alternative method in many areas such
as signal processing, information retrieval, information accessing,
data mining, text mining, content based recommender systems,
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data hiding and digital watermarking. In general, it is predicted
that the proposed the T-ULVD could be used in many areas where
matrix decompositions are used.
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