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Abstract: The industry of e-commerce (EC) has become more popular and creates tremendous
business opportunities for many firms. Modern societies are gradually shifting towards convenient
online shopping as a result of the emergence of EC. The rapid growth in the volume of the data puts
users in a big challenge when purchasing products that best meet their preferences. The reason for
this is that people will be overwhelmed with many similar products with different brands, prices, and
ratings. Consequently, they will be unable to make the best decision about what to purchase. Various
studies on recommendation systems have been reported in the literature, concentrating on the issues
of cold-start and data sparsity, which are among the most common challenges in recommendation
systems. This study attempts to examine a new clustering technique named the Ordered Clustering-
based Algorithm (OCA), with the aim of reducing the impact of the cold-start and the data sparsity
problems in EC recommendation systems. A comprehensive review of data clustering techniques
has been conducted, to discuss and examine these data clustering techniques. The OCA attempts to
exploit the collaborative filtering strategy for e-commerce recommendation systems to cluster users
based on their similarities in preferences. Several experiments have been conducted over a real-world
e-commerce data set to evaluate the efficiency and the effectiveness of the proposed solution. The
results of the experiments confirmed that OCA outperforms the previous approaches, achieving
higher percentages of Precision (P), Recall (R), and F-measure (F).

Keywords: clustering algorithm; collaborative filtering; e-commerce recommendation; ordered
clustering; similarity weight

1. Introduction

Nowadays, in many modern societies, the industry of e-commerce (EC) is rapidly
growing and creates tremendous business opportunities for many firms and people. This
huge development in EC took place due to the fact that people in these modern societies
are gradually tending to prefer online shopping which results in saving their time, effort,
and money [1–7]. However, due to the information overload on the internet generally and
EC in particular, where hundreds to thousands of products and items are added and/or
sold every day, users face a big challenge to find and purchase the products that best meet
their preferences [1,3,5–8]. Furthermore, it is also difficult for users to find and purchase
relevant items that are compatible with each other. For instance, when a user buys a new
shirt, he might also need to buy new trousers that best suit the shirt. This is because people
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will be overwhelmed with a variety of similar products with different brands, prices, and
ratings. They will be unable to choose the products that are best suited to their choices.

The World Wide Web has reformed the conventional model of commerce and business
in which people purchase goods from the market in person [9]. Online services such
as e-commerce have turned out to be the most preferred platform for shopping as the
Internet provides the necessary resources to access online stores from anywhere and at any
time [9,10]. Recommendation systems are designed to recommend items automatically
and address the well-known issue of information overload [9,11–15]. It is one of the most
beneficial strategies applied over many EC platforms to attract prospective customers,
convert visitors to buyers, and increase their revenue [4,11–13,16–19]. Much attention has
been paid to the design and development of personalized e-commerce recommendation
systems that monitor and learn from the users’ behavior to introduce items that best fit
their preferences [9,10,14].

A key challenge in e-commerce systems is how to recommend relevant items from
hundreds of thousands of products stored in the database by exploiting the past user
transactions and the actual nature of the products. In many real cases, the user might not
be able to identify the items that he/she is interested in, due to the large variety of products
offered in these online stores. Hence, the user might end up with unsatisfactory results.
To resolve this issue and to provide a better experience to the user during the purchasing
activity, a smart recommendation system is needed, one that helps users to make the most
appropriate decision and buy products that best fit their preferences [1–3,5–8,16,20,21].

An analysis of the literature reveals that most of the traditional recommendation
systems rely on using either data popularity or data recency or both as properties to
recommend products for customers [9,11,13]. Nevertheless, in most real-world cases,
this recommendation based on data popularity or data recency might not fit with the
users’ preferences [10,12,13,22,23]. On the other hand, some of the existing personalized
e-commerce recommendation systems do not attempt to filter the number of items to
recommend based on the product rate behavior of a user. Thus, product recommendation
is another issue that requires a new solution to effectively select and recommend items to
customers while they are shopping online [9–13].

Traditionally, three strategies have been applied in most e-commerce recommendation
systems. These include collaboration-based filtering, content-based filtering, and hybrid
methods [22–25]. The collaboration-based filtering method involves clustering similar
users in a group based on their shopping patterns [17–19,24,25]. The collaboration-based
recommendation system creates customized recommendations for users based on their pre-
vious online shopping behavior. The collaboration-based filtering methods have difficulty
generating reliable recommendations when data are sparse, and they cannot recommend
items with no ratings from users. They have problems with scalability, data sparsity, and
cold-start recommendations [9,10,22,23]. It is due to the fact that the CF algorithms use
clustering algorithms to detect the similarities between users, and then group the users into
different clusters according to these similarities. This approach assumes that users with
similar past behavior will likely have similar tastes in the future. However, most real-world
recommendation systems are based on large datasets. This may lead to extremely large
and sparse user-item matrices for collaborative filtering, which may affect the performance
of the recommendation system. Furthermore, the cold start problem is also a significant
challenge for CF, since new items or users are difficult to recommend. In contrast, the
content-based recommendation system groups items based on the similarity of content and
recommends products from the selected clusters based on the similarity of content between
the items and the user profile. Before presenting the newly-added products to customers,
it analyzes the content of a given user’s shopping behavior. As new items are inserted,
the recommender system calculates their similarity to the user’s content-based profile and
rates them accordingly [9,26,27]. Items with the highest ratings are recommended to users.
The content-based filtering methods cannot provide accurate recommendations to a new
user who has made few transactions [14]. Hybrid recommendation methods combine two
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or more techniques to improve performance and lessen their drawbacks [22,28–30]. Most
often, collaboration-based filtering strategies are combined with other techniques aiming at
avoiding their weaknesses [9,23].

Clustering has been a rich subject of research in the area of recommendation systems
and numerous clustering algorithms have been proposed in the literature [31]. This in-
cludes, but is not limited to, K-Means [30,32,33], Fuzzy C-Means [34–36], Bi-Clustering [37],
Evolutionary Clustering [38–40], and Locality Sensitive Hashing [41].

Many of the previous studies on collaborative filtering recommendation systems
focused on the issues of cold-start and data sparsity using different techniques of cluster-
ing. The cold-start and data sparsity are among the most common challenges raised in
recommendation systems [42].

In the EC context, the problem of cold-start raises when a new user attempts to join the
system or a new product is added to the online store. In these cases, the recommendation
system is unable to provide accurate recommendations due to the lack of the necessary
information about the user and the product. The second problem is the data sparsity
problem in which users might not provide any information regarding their experience
when purchasing some products [42]. This might include no feedback or rating for the
product is given by the user. Thus, it is not easy to predict the user’s opinion about the
product and fail to provide accurate recommendations for the product to other users in the
same cluster [43].

The issue of reducing the impact of the cold-start and the data sparsity problems
in EC recommendation systems requires a new strategy in utilizing both the rich user
profile and the other users’ activities who have similar preferences to assist the e-commerce
recommendation system in achieving accurate and diverse recommendations of products
and items. Thus, identifying a strategy to effectively recommend preferred items for the
user considering both the user profile and the other users’ transactions and positive ratings
is vital. In addition, this paper attempts to answer the following two questions. First, how
to improve the quality of the clustering process in e-commerce recommendation using the
Ordered Clustering technique? Second, how to evaluate the efficiency and the effectiveness
of the proposed technique in the context of e-commerce?

Therefore, this work aims to propose a new clustering algorithm that takes into account
both e-commerce nature as well as online shopper behavior to resolve the problem of the
cold-start and the data sparsity in EC recommendation systems. Our approach focuses
on improving the accuracy of the generated results on these recommendation systems
and on retrieving the most relevant products that best suit the users’ preferences. This
research work concentrates on exploiting Ordered Clustering (OC) collaborative filtering
as a recommendation technique for e-commerce platforms.

The following points summarize the contributions of this paper:

• We discuss the problem of cold-start and data sparsity in data clustering in the domain
of e-commerce recommendation systems.

• We conduct a comprehensive review of the leading studies conducted on data clus-
tering. This covers previous approaches designed for e-commerce recommenda-
tion systems. The review examines and highlights the strengths and weaknesses of
each approach.

• A new ordered clustering-based approach for e-commerce collaborative filtering
recommendation system clustering users in e-commerce based on their similarities
in preferences is proposed. The proposed approach can handle both types of data
(numeric and non-numeric). Thus, our proposed strategy has a wider application for
real-world e-commerce applications. In addition, our proposed solution treats the
issue of data incompleteness. Thus, any incomplete record that does not have one of
the column values will be removed. After that, the initial data set will be transformed
into a matrix of ratings (RM) to fit as the input of the clustering algorithm.

• We evaluate the efficiency and the effectiveness of the proposed solution through sev-
eral experiments using real data sets. The experiments demonstrate the effectiveness
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and the performance of the proposed solution in terms of Precision (P), Recall (R), and
F-measure (F).

The remainder of the paper is organized as follows: The types of filtering approaches
are represented in Section 2. The previous clustering techniques applied to recommendation
systems have been explained in Section 3. Next, the detailed steps of the proposed approach
for e-commerce recommendation systems have been presented and explained in Section 4.
Section 5 reports and discusses the experiment results. Finally, the conclusion and some
future work recommendations are outlined in Section 6.

2. Types of Filtering Approaches

From the literature, we have concluded that three filtration approaches have been
proposed in the area of personalized recommendation systems [19,43]. These approaches
are content-based filtering, collaborative filtering, and hybrid filtering. Further details for
each approach have been given in the following subsections.

2.1. Content-Based Filtering

Most contemporary recommendation systems incorporate an intelligent recommen-
dation engine that takes into consideration different information about the user. It builds
profiles related to each user and each item. The item profile contains all the information and
attributes describing it such as the category, main functions, and color. These features are
represented using different types of values such as Booleans, integers, and strings. The user
profile contains a description of the items that were previously purchased and were rated
positively. The content-based recommendation approach compares the information of both
the profiles of items and the active user profile using different distances and similarity mea-
sures such as nearest neighbors and Euclidean distance. After comparison, the approach
suggests items to the target user with the items that best match with the user’s profile [26].
Figure 1 illustrates the basic cycle of the content-based recommendation process. The
content-based filtering approach can recommend the users with new items that did not
receive any sort of interaction, which is the reason this approach has been widely used in
the literature as well as in real-world applications. The traditional content-based approach
relies on retrieving items based mostly on their subjective attributes. This limitation results
in low recommendation accuracy due to the difficulty of distinguishing between items
of similar attributes. Furthermore, it is difficult to recommend items with insufficient
information compared with the content of the user’s profile [44].
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2.2. Collaborative Filtering

Collaborative filtering recommends items that have been purchased or positively
rated by other users who have shown similar preferences to this user. This approach
predicts the preferences of an active user based on the collected information about the
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behavior of other users with similar interests. Like the content-based approach, a user
profile is constructed that contains the collected preferences of the user. The collection
of information about user interests can either be explicit or implicit. CF uses clustering
algorithms to detect the similarities between users, then groups the users into different
clusters according to these similarities. This approach assumes that users with similar past
behavior will likely have similar tastes in the future [45]. Collaborative filtering can be
categorized into memory-based and model-based. Memory-based CF involves the use
of similarity measures to calculate the similarities and distances between users and/or
items for clustering. While the model-based method of CF uses machine learning and data
mining techniques such as clustering, latent dimensionality reduction, and singular value
decomposition techniques to generate models for users and items [18,22,24,25,34]. Figure 2
depicts the detailed components of the collaborative filtering technique.
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2.3. Hybrid Filtering

The hybrid filtering exploits both filtering techniques, namely: content-based and col-
laborating filtering approaches. It attempts to take the advantage of their basic techniques,
namely the profiling of items and users in a content-based approach, and the clustering of
users with similar preferences in the collaborative approach. In this case, problems such
as the difficulty in extracting information profiles of items in content-based filtering and
the sparsity of data in collaborative filtering are reduced. The models of hybrid filtering
presented in the literature differ in the way its sub-methods work together. There are four
ways of combining CBF and CF in a hybrid recommendation model [46,47]. CBF and CF
can work and give separate recommendation results and then their results are combined, or
the system chooses better results among them. The system can also use the characteristics
of one method in the other method; either by adding the features of CB to the CF approach
such as maintaining content-based profiles to describe the user preferences, or by using
the characteristics of CF in the CB method by grouping the profiles of users to reduce their
dimensionality.

3. Clustering Techniques Applied on Recommendation Systems

Clustering is an unsupervised learning approach that receives a data set as input while
the expected results are unknown. The goal is to learn about the structure of data and
the relations between its components. In other words, clustering is meant to discover the
patterns and groups in the data without specifying any expected information or values.
The output of the clustering process would be several clusters that describe the structure of
the data, such as the clusters of users with similar purchase behavior and clusters of users
with similar reading interests. Recommendation systems, specifically collaborative filtering
systems, use these clusters to provide users with accurate and fast recommendations from
a variety of items [31,48].

There are many clustering algorithms suggested in the literature that fall into different
categories depending on several factors such as the problem to be solved, the structure of
the data set, the method used, and the expected form of output. Some of the well-known
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categories of clustering algorithms are centroid-based, hierarchical, and density-based
clustering. Firstly, centroid-based clustering methods build clusters from the data objects
by calculating the distance between them based on other objects, called centroids, that
do not necessarily belong to the data set. K-Means, K-Medoids, and Fuzzy C-Means are
common centroid-based algorithms [49].

Hierarchical clustering consists of the gradual building of clusters whether it is down-
top (agglomerative) or top-down (divisive). Agglomerative clustering algorithm creates
as many clusters as the number of data elements where each cluster takes one element
at first, then continues to calculate the distances between the created clusters and merges
the closest clusters in the distance until all the clusters remain unchanged or a specified
condition is satisfied. The divisive approach works the opposite way, starting from a
single cluster that contains all the data elements. This cluster keeps splitting based on
the distance between elements until no cluster changes or a certain stop condition is
satisfied [49]. Finally, density-based clustering is less used in recommendation systems
than in the previous categories of clustering algorithms. DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) is the most common algorithm in this category [50].
In summary, many clustering approaches can be used in recommendation systems and
each approach has its specifications and solves a certain problem. The remainder of this
section describes briefly some of the common clustering algorithms used in the reviewed
studies of e-commerce recommendation systems.

3.1. K-Means

The K-Means technique takes the initial number of cluster centroids and the data
set as an input. The first phase is the estimation of the number k of centroids. It can
either be randomly generated or selected from the data set. Secondly, assign each of the
items to the nearest centroid. This is performed by calculating the distance between each
item and the centroids using a distance measure such as the Euclidean distance. The
third and final phase is calculating the mean of all items assigned to each centroid and
updating its previous value. The last two steps are repeated until a termination condition
is satisfied [32,51]. The termination condition could be, for example, the content of a cluster
remains unchanged, the loop reached a minimum sum of distances or reached a max
number of iterations specified initially. The problem with k-means is the ability to produce
noise. Sometimes it assigns a certain item to a cluster even if they are far away from each
other. Additionally, there is no efficient way to identify the initial k number of clusters
to create [49]. Also, the work in [32] proposed the LeaderRank approach inspired by the
leader-follower relation in social networks groups to solve the sensitivity of k-means of the
initial selection of centroids and improve the clustering quality. Yang, 2018 [30] suggested
an improvement for k-means-based clustering to solve the low accuracy and scalability
issues of recommendation. Their main idea was to normalize the input data first, select five
initial centroids with the same extension then feed this data into the algorithm and finally
execute it until the centers become unchangeable.

3.2. Fuzzy C-Means

Fuzzy C-means is an overlapping partitional clustering technique. It is similar to
the k-means in the way that the initial number of clusters is determined at the beginning.
However, it is considered non-exclusive because the items can belong to more than one
cluster, unlike k-means where every item appears only once. In FCM, a weight value that
determines the degree of membership to the cluster is assigned to each item and ranges
between zero and one, so that the sum of degrees of an item’s membership is equal to
one [34,35,52]. The work in [35] proposed a model for the retailer classification approach
based on multi-criteria decision making and fuzzy clustering. It consisted of two phases:
determination of the status of retailers in specific shopping malls using MCDM and the
clustering of stores through product prices using FCM. Fuzzy C-means are better than
k-means in the detection and rectification of noises and misclassifications, but it takes
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more computation time when dealing with large data sets. This technique is often used in
e-commerce recommendation systems.

3.3. Bi-Clustering

Bi-clustering is a recent technique that consists of simultaneous clustering of both
rows and columns of the user-item matrix (matrix of ratings) to create the largest possible
clusters of similar users. The work in [37] proposed the use of a bi-clustering algorithm
called Bi-Max to solve high dimensional and dynamic data in an online e-commerce
recommendation system with the help of social networks. The paper tried to address the
cold-start problem using multiple filtering techniques: by creating a friendship matrix
with the similarity matrix to get more accurate clusters, by using the location information
(latitude and longitude values) of users and calculating the distances between them, and
by considering the target user’s own product interest pattern and how it varies over a
specific period.

3.4. Evolutionary Clustering

The evolutionary clustering technique processes temporal data to generate clusters
across time. It is used in e-commerce recommendation systems to incorporate the changing
of users’ preferences with time [40]. The work in [39] proposed a dynamic evolutionary
algorithm for a collaborative recommendation system to reduce computation complexity
and to improve the accuracy of recommendations.

3.5. Locality Sensitive Hashing

LSH is an advanced algorithm to solve the near-neighbor search problem and cluster-
ing. It uses hash functions to hash the items in high dimensional data sets and guarantees a
high chance of collision for similar items and a low chance of collision for dissimilar ones.
The work in [41] proposed a model with an improved LSH algorithm and a non-negative
matrix factorization technique for user-based collaborative filtering to solve high dimen-
sional data and low recommendation accuracy. Table 1 summarizes the analysis of the
clustering algorithms proposed for e-commerce recommendation systems by the previous
research works considered in this research work. The table illustrates the adopted clustering
algorithms, the associated techniques, the addressed issues, and the similarity measures.

Table 1. Summary of the previous clustering algorithms proposed for e-commerce recommenda-
tion systems.

Author’s Name
and Year Clustering Method Associated Techniques Addressed Issues Similarity Measures

Rana and Jain,
2014 [40]

Evolutionary
Clustering

matrix factorization
techniques

Changes in user
preferences over a

certain period of time.

Custom similarity
measure

Akshaya et al.,
2016 [37] Bi-Max (Bi-Clustering)

Social relationships extractor,
the Rating Prediction

algorithm

High dimensional and
dynamic data

Pearson correlation
coefficient (PCC)

Koohi and Kiani
2016 [34] Fuzzy C-means

Center of Gravity (COG),
Max method of

Defuzzification, Nearest
Neighbors, Rating Prediction

Involving the Fuzzy
clustering in user-based

CF.

Pearson correlation
coefficient (PCC)

Kant et al.,
2017 [32]

LeaderRank based
K-means

Centroid selection for
K-means, Nearest Neighbors Data sparsity

Cosine Distance,
Jaccard Coefficient,
Mean Measure of

Divergence (MMD)
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Table 1. Cont.

Author’s Name
and Year Clustering Method Associated Techniques Addressed Issues Similarity Measures

Wu et al.,
2017 [41]

Exact Euclidean
Locality Sensitive
Hashing (E2LSH)

Non-negative matrix
factorization (NMF)

High dimensional data,
Inaccurate

recommendations
Euclidean distance

Oner and Oztaysi
(2018) [35] Fuzzy C-means MCDM clustering, FCM

Increase the accuracy of
the RS based on retailer
segments and shopping

mall characteristics

Euclidean distance

Yang, 2018 [30] K-means

Custom Recommendation
Algorithms (Item Based CF,
CBF, Demographic Based),
Support Vector Regression

(SVR), Fisher Classifier

Low accuracy,
Inflexible and less

personalized
recommendations

Custom similarity
measure

4. The Proposed Approach of Clustering

This section explains the detailed steps of the proposed clustering approach for e-
commerce recommendation systems. The main idea of the Ordered Clustering approach
is to create clusters of users sorted in descending order based on the similarity rates
between the users. The proposed approach, which is called Ordered Clustering (OC),
exploits the collaborative filtering technique for e-commerce recommendation systems.
The idea of OC has been inspired by the work presented in [10]. The OC approach
proposed by Darvishy [10] addresses the scalability issue in news recommendation systems
aiming at providing more accurate recommendations for online readers. The results of
their experiments demonstrated that OC displayed a high performance compared to the
K-means algorithm and can produce an effective cluster’s structure which results in more
accurate recommendations. The proposed approach comprises three phases, namely: data
preprocessing, similarity measurement, and clustering of users, as illustrated in Figure 3.
These phases are further explained in the following subsections.
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Figure 3. The phases of the proposed approach.

Based on the fact that news articles can be categorized under multiple categories of
topics, the OC was designed to build clusters of users taking into consideration that a user
may be interested in more than one category of topics to read articles about, which resulted
in users belonging to more than one cluster [9]. In this paper, we evaluate the performance
of the OC algorithm on real e-commerce data where, unlike the news data, the clustering
process was based on the ratings given by customers and not the reading behavior. The
OC approach introduced in this paper has been greatly modified to fit the e-commerce
recommendation systems. To ease the explanation of the Ordered Clustering approach,
a running example of an e-commerce data set has been used throughout the paper, as
demonstrated in Figure 4.
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4.1. Preprocessing of Data

At this phase, the data set to be used as input for the proposed algorithm will be
prepared before running the algorithm. The preparation consists of cleaning the data set
from duplicates and irrelevant values, normalizing the values of different columns, and
finally, the transformation of the shape of the data set. The original data set consists of
the records of purchased items of different categories, along with the ratings given by the
customers as illustrated in Figure 4.

The data set contains, in addition, a timestamp indicating the time of the creation of
each record. Figure 4 demonstrates the representation of the real-world e-commerce data
set in which the first column denotes the UserID (customer). While the second column
represents the ItemID that has been rated by the customer. Lastly, the third column indicates
the rating value that has been given by the customer. From the example, the rating values
range between (1–5) in which one indicates that the user does not recommend the item,
while 5 means the item is highly recommended by the customer. From Figure 4, we can
notice that the values identifying the customers and the items are represented in a string
format (series of letters and numbers) which represents a unique ID of the object in the
database. However, string values make the process of clustering very slow and will affect
the results. Thus, reformatting them to simple unique integer values before applying the
clustering algorithm would result in saving a significant amount of time for processing and
obtaining a clear and quality output. The fourth column of the data set which shows the
time of the creation of each purchase record is removed from the data set since it will not
contribute to the process of clustering. Finally, any incomplete record that does not have
one of the column values will be removed. After that, the initial data set is transformed
into a 2-D matrix of ratings (RM) to fit as the input of the clustering algorithm. The records
of the data set are transformed into a matrix RMij where the rows represent the users and
the columns represent the reviewed items, and every entry of the matrix represents the
rating score given by the customer i to item j. It has to be noted that certain entries have no
rating value because the user has not given any rating to the item. These entries will be
set to zero to prevent sudden stops or errors of validation during the clustering process.
Figure 5 depicts an example of the output of this phase.
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4.2. Similarity Measurement

The main purpose of this phase is to perform pairwise calculations on the rows of the
matrix of ratings (RM) to estimate the similarity value between each pair of users based on
their given ratings. The algorithm iterates through all the existing items for every pair of
users and calculates their similarity using the Pearson Correlation Coefficient as given in
Equation (1). In the equation, n indicates the total number of rated items by the customers
x and y, xi and yi are the ratings of the customers x and y, respectively, on item i, x and
y are the average values of ratings by the customers x and y, respectively. The Pearson
Correlation Coefficient (PCC) is better suited to compare the ratings, that have multiple
values, between two customers. In contrast, the Jaccard Coefficient considers the number of
similar values rather than the values themselves [32]. Therefore, it is better suited for data
containing binary entries that represent two options such as “A user Ui bought/did not buy
the item Ij” or “A user Ui read/did not read the article Aj”. The value of PCC varies from
−1 to +1, where the closest values to +1 show perfect correlation and thus higher similarity
in users’ preferences. In contrast, the closest values to −1 indicate dissimilar preferences.

r = ∑n
i=1(xi − x)(yi − y)√

∑n
i=1(xi − x)2

√
∑n

i=1(yi − y)2
(1)

The results are then stored in a matrix of similarities (SM) where both the rows and
columns represent the set of users and the entries SMij represent the similarity value
between the user i and the user j. Figure 6 illustrates the result of the similarity matrix of
our example.
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4.3. Clustering of Users

The clustering of the user’s phase aims at further simplifying the recommendation
process in an e-commerce data set by grouping the set of users into smaller clusters based
on their similarity values. In this case, the users with similar purchase and rating behavior
are grouped into one cluster. It takes the similarity matrix (SM) and a list of users as input.
The clustering operation chooses the highest similarity values and creates clusters for their
corresponding users. The operation is repeated until all the entries of the similarity matrix
are read, which results in clusters of users in descending order and every pair of users have
more similar preferences than the next pair from left to right in the cluster. In other words,
the proposed algorithm attempts to identify and select a pair of users with the highest
similarity ratio in the SM and then groups these users into the same cluster. This process
continues with the next highest similarity ratio. Thus, users in the same cluster are sorted
in decreasing order based on the similarity ratios between the users. In consequence, the
left-hand side neighbors of a user uj of cluster Ci are more similar than the neighbors on
the right-hand side of the user uj. The formal formulas of the similarities between users are
as follows:

Sim(Ux, Uy) > Sim(Uy, Uz) . . . and Sim(Uj − 1, Uj) > Sim(Uj, Uj + 1) . . . and
Sim(Ul − 2, Ul − 1) > Sim(Ul − 1, Ul)

For instance, three users Ux, Uy, and Uz that belong to the same cluster are put
in this order if the entry of the similarity matrix SM(Ux, Uy) is greater than the entry
SM(Uy, Uz). Figure 7 illustrates the output format of a cluster where Sim(Ux, Uy) > Sim(Uy, Uz),
Sim(Uj − 1, Uj) > Sim(Uj, Uj + 1) and Sim(Un−2, Un−1) > Sim(Un−1, Un).
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Figure 7. Format of the customers’ cluster.

Algorithm 1 clarifies the detailed steps of the Ordered Clustering algorithm. The input
of the algorithm is the matrix of similarities (SM), while the output is the list of clusters C of
users. The algorithm works as follows: in step 1, read the first entry of SMij in the similarity
matrix. If the value of Smij is positive (step 2) then set Highest to be the highest similarity
ratio in SM (step 3). Next, find the cluster Ck in the set of clusters C where k is equal to the
similarity value Smij (step 4). If the cluster Ck does not exist in C, then a new empty cluster
Ck will be created (step 6) where k corresponds to the similarity value SMij. After that, the
users Ui and Uj will be inserted into Ck (steps 7 and 8). In case of the cluster Ck existing
already in C, the algorithm will check if the user Ui exist in the cluster Ck. If not, user Ui
will be inserted into Ck (step 11). Then, the algorithm checks for Uj, if it does not exist in
Ck, it will be inserted in Ck (step 14). This process continues until each positive entry in
the similarity matrix SM is read. Finally, the algorithm sorts the set clusters C based on
their k values in descending order (step 19), and then returns the set of clusters C (step 20).
Moreover, the time complexity of our proposed approach is O(n ∗ log(n)).

Figure 8 demonstrates the result of the clustering process that has been conducted
on our running data set as an example. From the figure, it can be seen that nine clusters
have been generated (C1, C2, C3, C4, C5, C6, C7, C8, C9) in descending order based on the
similarity score. Where cluster C1 contains the users with the highest rating similarity value
and C9 contains the users with the lowest rating similarity value. This will help obtain the
most accurate predictions in the phase of recommendation since only the highest values of
similarity are considered. The figure also shows that some users belong to more than one
cluster, which reflects the non-exclusivity of the clustering approach.
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Algorithm 1: The proposed clustering algorithm

Input: Similarity Matrix SM,
Output: Set of clusters C, C = {C1, C2, . . . , Ck}
1. Foreach entry SMij in SM Do
2. If SMij > 0 Then
3. Let Highest = the highest value in SM, SMij
4. Find in C the cluster Ck where k = SMij
5. If Not Found Then
6. Create empty cluster Ck in C with k = SMij
7. Insert User i in Ck
8. Insert User j in Ck
9. Else
10. If User i does not exist in Ck Then
11. Insert User i in Ck
12. End
13. If User j does not exist in Ck Then
14. Insert User j in Ck
15. End
16. End
17. End
18. End
19. Sort C by k in descendent order
20. Return the set of clusters C
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Figure 8. The result of the clustering process.

As shown in Figure 8, it is clear that nine clusters have formed, namely C1, C2, C3,
C4, C5, C6, C7, C8, and C9. It can also be seen that a user is a member of more than one
cluster in the results. For example, users U0, U2, U4, U14, U12, U8, U18, U10, U16, U6, and
U20. Cluster Matrix (CM) represents the results of clustering users as shown in Figure 9.
By referring to the CM matrix and the active user U14, the clusters to which U14 belongs to
are identified. Hence, clusters C3 and C4 and C7, C8, C9 are selected. Using these clusters,
a selection of users that appeared on the left-hand side of U14 is made as shown in Table 2.
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Table 2. The Clusters Consisting of U14.

Cluster No Members

C3 U14, U16
C4 U14, U20, U4, U18
C7 U6, U14, U18, U2, U20, U10, U4
C8 U16, U8, U0, U18, U14, U6, U4, U20
C9 U14, U2, U6, U8, U12, U0, U16, U4

It appears that users on U14’s left-hand side are more similar than those on U14’s
right-hand side. Consequently, user U16 is selected from cluster C3, users U20, U4, U18 are
selected from cluster C4, users U6, U2, U10 are identified from cluster C7. Moreover, users
U0 and U8 are selected from cluster C8 while user U12 is selected from cluster C9. The
following is a list of the items that these users rated according to the RM matrix illustrated
in Figure 5.

L0 = {I1, I3, I5, I7, I9, I13, I15, I17}

L2 = {I1, I3, I5, I7, I9, I11, I13, I15, I17}

L4 = {I1, I3, I5, I9, I11, I13, I15, I17}

L6 = {I1, I3, I7, I9, I11, I13, I15}

L8 = {I1, I3, I5, I7, I9, I13, I15, I17}

L10 = {I1, I3, I5, I7, I9, I11, I13, I15, I17}

L12 = {I1, I3, I5, I7, I9, I11, I13, I15, I17}

L16 = {I3, I7, I9, I13, I15, I17}

L18 = {I1, I3, I5, I7, I9, I11, I13, I15, I17}

L20 = {I7, I9, I11, I13, I15, I17}

where Li is the set of items rated by user Ui. The user U14’s similarity ratios to other
selected similar users in all clusters C3, C4, C7, C8, and C9 are identified to weight all of the
selected Items. This is demonstrated as follows:

L = Sim(U14, U0){I1, I3, I5, I7, I9, I13, I15, I17}

+ Sim(U14, U2) {I1, I3, I5, I7, I9, I11, I13, I15, I17}

+ Sim(U14, U4) {I1, I3, I5, I9, I11, I13, I15, I17}

+ Sim(U14, U6) {I1, I3, I7, I9, I11, I13, I15}

+ Sim(U14, U8) {I1, I3, I5, I7, I9, I13, I15, I17}

+ Sim(U14, U10) {I1, I3, I5, I7, I9, I11, I13, I15, I17}

+ Sim(U14, U12) {I1, I3, I5, I7, I9, I11, I13, I15, I17}
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+ Sim (U14, U16) {I3, I7, I9, I13, I15, I17}

+ Sim (U14, U18) {I1, I3, I5, I7, I9, I11, I13, I15, I17}

+ Sim (U14, U20) {I7, I9, I11, I13, I15, I17}

L represents the rated items based on similar user ratings in the collaboration-based
filtering method. The Sim(ui,uj) values are as demonstrated in the Similarity Matrix in
Figure 6. Finally, the items are sorted in decreasing order based on the item weight.

5. Experiment Results and Discussion

This section presents and discusses the experimental results of the proposed approach
presented in this paper. We elaborate on the experiment settings to evaluate the perfor-
mance of the proposed approach of clustering for an e-commerce collaborative filtering
recommendation system. The section also presents and discusses the experimental results
of the proposed approach over the real data set. To validate the robustness of the proposed
solution, every experiment has been accomplished five times and the average value has
been reported in the result. Lastly, the performance of the proposed approach has been
measured in terms of precision (P), recall (R), and F-measure (F).

5.1. Experimental Settings

To evaluate the efficiency and the performance of our proposed Ordered Clustering
approach designed for the e-commerce collaborative filtering recommendation system,
we compared our approach with the most recent relevant approaches. This includes
Hierarchical Clustering Algorithm (HCA) proposed in [53] and the recent version of the
K-means clustering approach. The three approaches considered in this work have been
implemented using the Python programming language. The set of experiments was
accomplished on Intel(R) Core (TM) i7-4600U CPU @ 2.10 GHz with 12 GB memory and
Linux Ubuntu 18.04.3 LTS platform. A real data set from Amazon (http://jmcauley.ucsd.
edu/data/amazon/, accessed on 15 March 2020) e-commerce has been used to carry out
the experiments. Amazon’s e-commerce data set contains real purchase records of users
along with the ratings they give to the purchased items. The main reasons behind selecting
this data set are as follows. First, the data are recorded from an online shopping website
which meets our research work focus on the context of e-commerce, Second, it contains
real data that reflects the typical scenario of e-commerce systems. Lastly, the Amazon
e-commerce data set perfectly fits with our experiment as it contains the (userId, itemId,
rating) combinations which will be used in the phases of clustering of users and prediction
of ratings. Table 3 summarizes the characteristics of the Amazon data set. Additionally,
to investigate the performance of the proposed clustering approach, further experiments
have been conducted on four additional e-commerce data sets extracted from Amazon’s
real data set based on the categories of items. From more than 20 data sets, we choose four
data sets of purchased and rated items that fall under the categories: groceries, health and
personal care, electronics, and office products. For each data set, we fixed the number of
records used for experiments. Table 4 depicts the details of the four data sets extracted
from the Amazon e-commerce real data set. The table shows the number of records, the
number of users, and the number of items for each category.

Table 3. The characteristics of Amazon e-commerce data set.

Dataset Name Amazon Review Data 2018

Number of columns 3
Number of records 50,936
Number of users 2292
Number of items 1629
Range of ratings 1–5

http://jmcauley.ucsd.edu/data/amazon/
http://jmcauley.ucsd.edu/data/amazon/
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Table 4. The characteristics of the four Amazon e-commerce data sets are based on categories.

Data Set Type Groceries Health and Personal Care Electronics Office Products

Number of records 50,596 55,402 50,540 30,907
Number of users 2577 1546 1539 3633
Number of items 4667 8922 7131 2490

5.2. Experiment Evaluation

This section presents and examines the results of the experiments accomplished in this
work. We first explain the detailed process of rating prediction, followed by calculating the
evaluation metrics and the experimental results.

5.2.1. Rating Prediction

To test and evaluate the effectiveness of our proposed clustering approach, we take
the pairs of (user, item) from the test set which is 20% that we split from the original data
set, then the rating prediction process is performed on this portion to get the rating scores
based on the clusters generated. Since the users are not allowed to give more than one
rating on the same item, we consider each pair of (user, item) unique. To calculate the
rating value of the pair (u, i), we first look at the user v that belongs to the same cluster
as the user u. If we found that the user v has rated item i before, then the rating value is
given by the user v to the item i is multiplied by the similarity value of the users u and v. In
other words, a weighted average of each rating given by the users of the same cluster is
calculated, where the weight value is the similarity score between u and v. Equation (2)
shows the prediction function [16]. Where Vi is the set of users who have rated the item I,
Sim(u, v) is the similarity value between the users u and v, Rating(v, i) is the rating score
given by the user u for the item i.

Rating(u, i) = ∑ v ∈ Vi Sim(u, v)× Rating(v, i) / ∑ v ∈ Vi |Sim(u, v)| (2)

Algorithm 2 depicts the detailed process of the prediction of ratings based on the
results of our proposed approach. The algorithm receives as input the test set without the
rating values TS, the training set TR, and the set of clusters C. The output of the algorithm
would be the test set filled with the predicted rating scores. The algorithm starts by reading
the user u and the item i of the first entry of TS (TSui) (step 1). Then, it would look for
the first cluster Ck in C where the value k is positive, and the user u belongs to Ck (step 2).
After that, the algorithm initializes the variables X and Y which represent, respectively, the
numerator and the denominator of the rating score (steps 3 and 4). The algorithm then
iterates through the training set TR and checks for every entry TRwj if the user w belongs
to the current cluster Ck, and the item j is the same item as i (step 6). If the condition is
satisfied, the variable X is incremented by the rating score of the entry TRwj multiplied by
the similarity value k between the users u and w (step 7). Next, the variable Y is incremented
by the absolute value of k. After iterating through all the users of the cluster Ck, the value
of X is divided by the value of Y to get the final predicted rating score of the user u on item
i and write it in the corresponding entry of the test set TS (step 11). Finally, the test set TS
with all the predicted ratings is returned (step 13).
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Algorithm 2: The rating prediction algorithm

Input: Original Test Set T, Predicted Test Set TS
Output: Values of Precision, Recall and F-measure
1. Let TP = 0
2. Let TN = 0
3. Let FP = 0
4. Let FN = 0
5. Let i = 0
6. Let j = 0
7. While i < Length Ti Do
8. While j < Length Tj Do
9. If Tij > 3 and TSij > 3 Then
10. TP = TP + 1
11. Else If TSij > 3 and Tij <= 3 Then
12. FP = FP + 1
13. Else If Tij <= 3 and TSij <= 3 Then
14. TN = TN + 1
15. Else If TSij <= 3 and Tij > 3 Then
16. FN = FN + 1
17. End
18. End
19. End
20. Let precision = TP/(TP + FP)
21. Let recall = TP/(TP + FN)
22. Let f-measure = (2 ∗ precision ∗ recall)/(precision + recall)
23. Return precision, recall, f-measure

5.2.2. Calculation of the Evaluation Metrics

This section highlights the calculation of the evaluation metrics to analyze the accuracy
and precision of our experiment results. In this research work, we assume that rate values
range from 1 to 5. 1 indicate the lowest rating, while 5 indicates the highest rating. In
addition, we also consider a positive rating for every rating value greater than 3 (r > 3)
and a negative rating for every rating value less than or equal to 3 (r <= 3). Algorithm 3
demonstrates the detailed steps of the evaluation algorithm. The input of the algorithm
includes the original test set with real rating values, and the test set with the predicted
rating values, while the output includes the scores of the evaluation metrics: Precision (P),
Recall (R), and F-measure (F). The algorithm starts by initializing the values of TP (true
positives), TN (true negatives), FP (false positives), and FN (false negatives) to 0, then
reading the first rating value in both test sets. The algorithm checks if both ratings are
greater than three which represents a positive rating, increment the number of TP by one
(step 10), if not, check if the rating in the original set is negative (<=3) and the rating in
the predicted set is positive, increment the number of FP by one, check if both ratings are
negatives, then increment the number TN by one, otherwise (the rating in the predicted set
is negative while the rating in the original set is positive) increment the number FN by one.
These checks are repeated for every entry in the test set. After that, the algorithm calculates
the scores of the evaluation metrics based on the above values: precision (step 20), recall
(step 21), and F-measure (step 22). Finally, the results are returned in (step 23).
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Algorithm 3: The evaluation algorithm

Input: Test Set with null rating values TS, Training Set TR, Set of clusters C
Output: Test Set with predicted rating values TS
1. Foreach entry TSui in TS Do
2. Find cluster Ck where k > 0 And User u exist in Ck
3. Let X = 0
4. Let Y = 0
5. Foreach entry TRwj in TR Do
6. If User w exist in Ck and Item i = Item j Then
7. X = X + (TRwj ∗ k)
8. Y = Y + k
9. End
10. End
11. Let TSui = X/Y
12. End
13. Return Test Set with predicted rating values TS

5.2.3. Experiment Results

This section highlights the experiment results of the rating predictions carried out
based on the output of our proposed approach (Ordered Clustering) against the output of
the most recent techniques, namely: the Hierarchical Clustering Algorithm (HCA) [53] and
K-Means Clustering technique. The first set of experiments is performed on the Amazon
e-commerce data set that contains ratings of items of different categories. Since the initial
data set file is large, we chose to fix the minimum number of occurrences of users and
items. We excluded the users who rated less than 20 items and we ignored the items
that appeared less than 40 times in the data set. It was decided to remove the low-rated
users from the data set since they do not have a stored ranking that could be used in the
evaluation. The lower and higher bands are considered noisy data in the sample selection
process of data mining and should be ignored. During the data cleaning process, there
may be a user with a very high ranking that should be deleted. Furthermore, if a group of
users has a very low ranking, this will result in a significant reduction in the accuracy of the
results due to data sparsity. It is important, however, to consider all users when analyzing
real-world applications.

Figure 10 demonstrates the experimental results of recommendations based on the
output of the proposed Ordered Clustering, Hierarchical Clustering Algorithm (HCA) [53],
and K-Means Clustering algorithms. From the figure, it is obvious that our approach out-
performs both the Hierarchical Clustering Algorithm (HCA) [53] and the recent K-Means
approach in terms of Precision (P), Recall (R), and F-measure (F), with 11.03% improvement
in Precision, 33.58% improvement in Recall and 22.86% improvement in F-measure.

Figure 11a–d explains the experiment results of recommendations on the grocery data
set, health and personal care data set, electronics data set, and office products data set,
respectively. Figure 11a illustrates the results of experiments on the grocery data set. The
parameters fixed for this data set are 20 of the minimum number of items rated by each
user and at least 40 occurrences of each item. The results show that the OC approach gives
the highest values of precision and recall compared to both the Hierarchical Clustering
Algorithm (HCA) [53] and K-means method with an improvement of 16.23% in precision,
12.89% improvement in recall, and 14.44% improvement in F-measure. These results
of recommendations are based on 68 clusters of users generated by the OC algorithm,
42 clusters generated by the Hierarchical Clustering Algorithm (HCA) [53], and only
14 clusters generated by the K-means technique.
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Figure 10. The result of experiments of OC and K-Means on the Amazon real data set.

Figure 11b shows the results of experiments on the health and personal care data
set. The three algorithms received a fixed minimum number of occurrences of users
and items, with at least 30 occurrences of each user and 40 occurrences of each item.
Based on these parameters, the OC algorithm generates 80 clusters of users while the
Hierarchical Clustering Algorithm (HCA) [53], and K-means algorithms created 54 clusters
and 16 clusters, respectively. The results show that OC gives better output than both the
Hierarchical Clustering Algorithm (HCA) [53] and K-means in terms of the three measures
with a difference of 8.2% in precision and 11.2% in the recall.

The results of the tests conducted on the electronics data set are presented in Figure 11c.
The minimum number of occurrences items and users are fixed at 150 and 50, respectively.
We can see from the figure that the difference in the metrics scores between OC, HCA [53]
and K-Means is higher compared to the difference in the results of the other data set. This
can be explained by the fact that electronic items in e-commerce platforms receive more
ratings than other categories of items. The reason why we obtained more than 50,000
records of 1539 users who rated more than 7000 items is that the number of minimum
occurrences of users and items is bigger compared to the rest of the experiments’ fixed
parameters. The figure shows the scores of OC are higher than the scores of HCA and
K-Means in precision with 10% and 18.81%, respectively. Moreover, the result also depicts
that the OC method achieved a higher percentage of recall in comparison with HCA and
K-means with up to 10.6% and 20.17%, respectively. Finally, Figure 11d depicts the results
of experiments on the e-commerce data set of office products. Based on the output of
OC, HCA, and K-Means algorithms are 85 clusters generated by the OC algorithm and
only 59 clusters are generated by HCA, and 14 clusters are generated by K-Means. The
recommendation process registered a higher percentage of the three measures from OC
compared to both HCA and K-Means. We can notice an improvement in precision by
10.24%. The recall of OC improved by 14.55% and the F-measure improved by 11.23%
compared to the HCA method.
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Figure 11. The result of experiments on the derived four data sets based on category.
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6. Conclusions and Future Works

This paper highlights the effect of the issues of cold-start and data sparsity on the
accuracy of e-commerce recommendation systems. A new clustering approach is called Or-
dered Clustering (OC), which is designed for the clustering of users in an e-commerce data
set based on their similarities in preferences. The approach performs pairwise similarity cal-
culations of the Pearson Correlation Coefficient on the history of users’ purchase and rating
behavior. The results of the experiments show that OC can reduce the impact of cold-start
and sparsity issues and can provide a more accurate recommendation of items for users
since only the clusters with high similarity scores are considered in the prediction phase.
The performance of the proposed approach was compared to recent previous clustering
approaches, namely: Hierarchical Clustering Algorithm (HCA) and K-means clustering
using real e-commerce Amazon data sets concerning precision (P), recall (R), and F-measure
(F). This study contributes to the literature of the area of clustering and recommendation
systems by providing an empirical study to investigate the feasibility of applying Ordered
Clustering (OC) technique over e-commerce recommendation systems. In addition, this
study also is very beneficial for the interested researchers to investigate more on the area of
clustering in recommendation systems. Furthermore, the implementation and testing of
the algorithm in this study could help the developers of recommendation systems apply
the proposed technique in online environments.

As future work, we plan to further investigate the efficiency and the effectiveness of
the proposed approach over other domains such as stock exchange, multi-criteria decision
support systems, and location-based recommendation systems. The focus can be given to
examining to what extent the OC can be exploited over these domains. Furthermore, the
evaluation of the proposed approach has been conducted in an offline manner with real
data. Nevertheless, a better evaluation can be performed in an online recommendation
system. Thus, to achieve more precise results, assessment should be carried out in a real
online environment. Another way to evaluate a new clustering algorithm such as OC is
computing inter-clustering and intra-clustering to compare with well-known clustering
algorithms. Last but not least, a fuzzy version of Ordered Clustering can be designed and
utilized in other recommendation systems such as music, movies, books, etc. The fuzzy
version of OC could be evaluated with various of items recommendation.
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