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ABSTRACT

ADAPTING A RECOMMENDATION SYSTEM ACCORDING TO CHANGING
USER CONSIDERATION

Jehan Kadhim Shareef AL-SAFI
Department of Computer Engineering
Program in Computer Engineering
Anadolu University, Institute of Graduate Programs, August 2021
Supervisor: Prof. Dr. CIHAN KALELI

The recommendation system is used to provide personalized recommendations to
clients when they are selecting a product from a list of available options. The most often
used technique for recommendation is collaborative filtering. In a collaborative filtering
algorithm, the similarity factor employed in discovering the users with the same actions
is one of the critical components of recommendations based on user rating for items; it
does not consider any other information related to the recommender system entity (user
and item). Although these methods can produce successful predictions, they have some
drawbacks, such as scalability issues, finding suitable neighbors, and facing the cold-
starting problem. Thus, the similarity computed in this manner is volatile for user pairs
sharing a limited set of experiences and is undecidable for most users due to the absence
of specified common tastes. In this dissertation, different solutions are presented to

identify fluctuating user preferences and provide accurate recommendations.

The first solution proposes a novel neighbor selection approach based on correlation
and slope that focuses on determining the relevance of entities. It is outlined the connected
entities' similarities according to importance degree. Additionally, we proposed a new

model for rating prediction based on the first accessible rating from nearby neighbors.

The second solution introduces a new user similarity measure to promote
recommendation accuracy by determining each user's similarities even when only a few
ratings are available. The suggested model considers only users' common ratings based

on the proportion of dissimilar ratings and the highest value of this dissimilarity.

il



The third method provides a user similarity algorithm that uses item genre
characteristics to provide more accurate suggestions. It establishes a relationship between
users based on item genre preferences, identifies the current users' nearest neighbors in
each genre, and generates a final list of nearest neighbors who share the same taste across
all genres. Finally, it uses a definite prediction process to forecast ratings for goods.
Additional to suggest a solution to the user cold-start problem via the "Ask-to-rate"
technique/adaptive approach of inquiring about the new user's chosen item genre. Then,
top users from the same genre are considered nearest neighbors for the active user. To
assess the model's accuracy, we suggest two additional assessment criteria: the rating

level and the rating level's reliability among users.

Numerous tests on real-world data sets have been undertaken. The experimental
results demonstrate that the suggested algorithms generate highly accurate and reliable

predictions.

Keywords: Collaborative filtering, Item-genre, Local similarity, Side information,

Similarity measure.
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OZET

BIiR ONERI SISTEMINI DEGISEN KULLANICI DUSUNCESINE GORE
UYARLAMAK

Jehan Kadhim Shareef AL-SAFI
Bilgisayar Miihendisligi Anabilim Dali
Bilgisayar Miihendisligi Bilim Dali

Anadolu Universitesi, Lisansiistii Egitim Enstitiisii, Agustos 2021
Danisman: Prof. Dr. CIHAN KALEL]

Oneri sistemi, miisterilere mevcut segenekler listesinden bir iiriin segerken
kisisellestirilmis Oneriler sunmak i¢in kullanilmaktadir. Tavsiye i¢in en sik kullanilan
teknik isbirlik¢i filtrelemedir. Bir isbirlik¢i filtreleme algoritmasinda, ayni eylemlere
sahip kullanicilar kesfetmede kullanilan benzerlik faktorii kullanici derecelendirmesine
dayali 6nerilerin kritik bilesenlerinden biridir ve tavsiye sistemi bagka bir varlik ile ilgili
hicbir bilgiyi dikkate alinmamaktadir. Bu yontemler basarili tahminler iiretebilse de,
Ol¢eklenebilirlik sorunlari, uygun komsulari bulma ve soguk baslatma problemiyle
yiizlesme gibi baz1 dezavantajlar1 bulunmaktadir. Bu nedenle, bu sekilde hesaplanan
benzerlik, sinirl bir dizi deneyimi paylasan kullanicr ciftleri i¢in degiskendir ve belirli
ortak begenilerin olmamasi nedeniyle ¢ogu kullanict icin karar verilemez. Bu tez
calismasinda, degisken kullanici tercihlerini belirlemek ve dogru onerilerde bulunmak

icin farkli ¢oztimler sunulmaktadir.

[k ¢6ziim ile varliklarin benzerlik diizeyini belirlemeye odaklanan korelasyon ve
egime dayali yeni bir komsu se¢im yaklasimi onerilmektedir. Baglantili varliklarin 6nem
derecesine gore benzerlikleri ana hatlariyla belirtilmistir. Ek olarak, yakin komsulardan
ilk erisilebilir derecelendirmeye dayali tahmin {iretmek icin yeni bir model

onerilmektedir.

Ikinci ¢dziim olarak yalmzca birkag derecelendirme mevcut oldugunda bile her
kullanicinin benzerliklerini belirleyerek ©neri dogrulugunu artirmak i¢in yeni bir
kullanic1 benzerligi 6lciisii sunulmaktadir. Onerilen modelde, farkli derecelendirmelerin
oranina ve bu farkliligin en yiliksek degerine dayali olarak yalnizca kullanicilarin ortak

derecelendirmelerini dikkate alinmaktadir.



Uciincii yontem ise daha dogru oneriler saglamak icin dge tiirii zelliklerini
kullanan bir kullanic1 benzerlik algoritmas1 sunmaktadir. Oge tiirii tercihlerine dayali
olarak kullanicilar arasinda bir iligki kurar, mevcut kullanicilarin her tiirdeki en yakin
komsularini tanimlar ve tiim tiirlerde ayn1 zevki paylasan en yakin komsularin nihai
listesini olusturur. Son olarak, iirlin derecelendirmeleri tahmin etmek i¢in kesin bir tahmin
stireci kullanilir. Ek olarak, yeni kullanicinin sectigi 6ge tiirii hakkinda sorgulamaya
yonelik "Derecelendirme isteme" teknigi/uyarlanabilir yaklasim yoluyla kullanic1 soguk
baslatma sorununa bir ¢6zliim Onerilmektedir. Ardindan, ayn1 tiirden en iyi kullanicilar,
aktif kullanict i¢in en yakin komsular olarak kabul edilir. Modelin dogrulugunu
degerlendirmek i¢in derecelendirme seviyesi ve derecelendirme seviyesinin kullanicilar

arasindaki gilivenilirligi olarak iki ek degerlendirme kriteri onerilmektedir.

Gergek diinya veri setleri lizerinde ¢ok sayida test yapilmistir. Deneysel sonuglar,

Onerilen algoritmalarin olduk¢a dogru ve giivenilir tahminler lirettigini gostermektedir.

Anahtar Sézciikler: Isbirlikci Filtreleme, Oge—Tiir, Yerel benzerlik, Yan Bilgi,
Benzerlik Olgiisii.
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1. INTRODUCTION

Amidst increasing the websites, e-commerce sites, the number of online shoppers
and goods has significantly risen. As a competitive operation, online shops require
purchasing tools which can improve sales businesses, advantages, and client gratification.
Recommendation systems (RS) assist these markets by offering recommendations for
buyers according to their preference history. Therefore, recommendation algorithms are
frequently associated with different expertise sectors to enhance RSs production and

accuracy (Linden, Smith, and York 2003).

The RS uses approaches to filter data and present items relevant to the user's choices
(Kortenhof 2017)(Beel et al. 2016). In general, RS requires data mining techniques to
manage the growing volume of data, prediction algorithms to forecast the expected
evaluation of active users for a particular item, and recommendation algorithms to deliver

recommendations to the active user (Isinkaye, Folajimi, and Ojokoh 2015).

The RSs personalize websites. The RSs are essential applications that can help users
choose their preferred product from a vast range of products (Ricci, Rokach, and Shapira
2014). The demand for new and more reliable RSs has increased since the websites, users,

and various products and services increased.

Recommendation systems recognize users' interests in advance and use this
knowledge to suggest items that the user may not have previously known them. As a
result, recommendation systems have become essential for accessing information in e-
commerce operations, reducing vast amounts of data, and directing users to meet their

needs better (Beel et al. 2016)(Burke 2002).

To provide the appropriate content at the right time to the user, the RS collects the
user's previous preferences, which can be an explicit rating for the items or an implicit
rating. The system can deduce the implicit rating from the user's behavior towards a
specific product. For example, the user took a long time on a particular product page; this
reflects the user's interest in the intended outcome. Recommendation techniques can vary
depending on the availability of updated information about user preferences and items.
Accordingly, researchers in (Yang et al. 2016) have classified the RS technologies into
collaborative filtering (CF), Content-based (CB), Demographic-based (DB), Knowledge-
based (KB), and hybrid algorithms, as shown in Figure 1.1.



Memory-based .

Ttem based

|
il

algorithms g Collaborative filtering (CF)

Model-based
WY Knowledge-base (KB)

Hybrid

Figure 1.1. Current recommendation algorithms and categories

The CF algorithm recommends products preferred by users who are similar to the
active user. The CB algorithm proposes products identical to those favored by the active
user in the past by analyzing product ratings and contents. In a DB algorithm, user
demographic information is exploited to generate recommendations. Finally, the KB
algorithm depends on analysis and domain-specific knowledge of the product to be
proposed. In addition to hybrid algorithms, which combine more than one of the above

algorithms to overcome each algorithm's defects (Burke. 2007).

The most common methods for recommending items to users are CF (Breese,
Heckerman, and Kadie 1998). CF systems measure the similar mindset of users by
comparing their previous preferences. This degree of similarity is then invested in
selecting the group of users who influence the final recommendations. Therefore, the

similarity calculation is an essential step in the CF algorithm.

In recommendation systems, the number of available ratings is small compared to
the number of ratings to be predicted. Therefore, it is necessary to obtain an accurate
prediction based on general information. This process represents the main problem of
traditional similarity measures because they rely only on local information in calculating
similarity. As a result, they infer similarity from the evidence that might be insufficient
in most cases and fail to find the actual convergence between users (Gediminas

Adomavicius and Tuzhilin 2005).

Indirect or general similarity measures endeavor to defeat the local similarity
measures problems by exploiting the actual or social connections to calculate the

similarity between users (Luo et al. 2008)(Dell’ Amico and Capra 2008).
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Global similarity metrics improve the quality of recommendations and accurately
predict user preferences even if the data is dispersed. However, there are methods
concerned with prediction algorithms that take advantage of general and local similarity
measures to ensure more accurate recommendations in most circumstances (Luo et al.

2008). A detailed overview of recommender systems is presented in Chapter 2.

1.1. Collaborative Filtering

The CF systems are based on our daily practice when we consult friends to make a
specific decision about what movie to watch, what hotel to select, and so on. However,
instead of the biased opinions of friends, the CF system harnesses the views of thousands
of system users to find suitable recommendations for us. Furthermore, the CF assumes
that user preferences are stable, is based on the theory that people who have agreed in the

past tend to settle in the future.

Many popular recommendation apps have relied on the CF; Such as Ringo,
Amazon, Movie Lens, etc., because it is the most popular among other recommendation
techniques. However, the CF systems are classified into model-based and memory-based
methods (Breese, Heckerman, and Kadie 1998). In model-based methods, statistical and
machine learning methods discover the user model from the available data and generate
recommendations. Various techniques are used in the model-based approaches, such as
clustering (K. jae Kim and Ahn 2008), Bayesian networks (Breese, Heckerman, and
Kadie 1998), decision trees, and neural networks (Billsus et al. 1998)(Paradarami,

Bastian, and Wightman 2017).

The dimensions of the data are reduced by specific techniques and then rely on the
acquired model to calculate the prediction for the required item (Ur Rehman, Hussain,

and Hussain 2013). The model-base has several characteristics:

The ability to deal with data sparsity and scalability problems reduces the data
dimensions, lowers the model implementation time, and uses the data efficiently through
the used models (Das, Majumder, and Mali 2017)(Charu C. Aggarwal 2016). The
prediction speed is faster than the memory-based technique since querying the data in the
learned model is shorter than the time required to query from the entire dataset (Charu C.
Aggarwal 2016). Despite its advantages, it suffers from the cost of building and updating
the used models (Demissie 2018).



Memory-based algorithms are heuristics algorithms, which rely entirely on the
user's rating record to infer prediction. These commonly include user-based and item-
based methods. This technique involves finding similarities between user pairs to find the
nearest neighbors (NN) and then prediction inferring. When defining a neighborhood, the
required item rating is calculated based on the ratings of NN. This algorithm is the most
popular and has been used extensively. The memory-based method provides relatively
accurate results, but it needs more memory due to the continuous increase in items and
internet users who need to generate thousands of recommendations per minute (Resnick

et al. 1994)(Luo et al. 2008).

With proceed of RSs, researchers have condensed on exploiting the strengths of CF
categories. Such as, authors in (Al-Shamri and Bharadwaj 2008) integrate memory-based
and model-based methods to create a genetic approach that maintains accuracy with the

memory-based process and avoids scalability by model-based approach.

Among the most important reasons that make memory-based models more common
in creating recommendations are: predictive quality, simplicity and clarity of the
algorithm structure, ease of justifying recommendations to users, and adding new data
more flexibly than model-based methods. However, the process of creating requests for

the active user "a" in memory-based forms consists of three main stages:

Similarity assessment: by estimating the similarity of the user with the rest users
in the data set. Diverse methods have been presented for this purpose (Zeng et al. 2004)
(Ahn. 2008) (Anand and Bharadwaj 2011)(Sun et al. 2012; Jestis Bobadilla, Ortega, and
Hernando 2012) (Y. Wang et al. 2017).

Neighborhood formation: it is critical to select the proper subset of users based
on their calculated similarity to the active user. The most frequently used strategy in this
regard is the k-NN approach, which involves selecting the k most comparable users who
have common items to participate in the suggestion process. A downside of this strategy
is that users with relatively low levels of similarity may also contribute to the suggestion
process, lowering the quality of the recommendations. Various approaches limit the
closeness between a user and "a" to address this issue. If the similarity between the user
and "a" is less than the threshold level, the user will not be in a's community. While this

ensures that neighbor quality is not degraded, the number of neighbors may be restricted;



no users may meet the similarity requirement in some circumstances. Numerous ways
recommend selecting all users who are favorably connected with "a" regardless of the
degree of similarity (Chrsistian Desrosiers and Karypis 2008), mainly whenever the

assessment range is Sparse.

The NN CF algorithm utilizes information gathered about the use rating of this user
to forecast interests (X. Su and Khoshgoftaar 2009). Using tools like PCC (Cremonesi,
Koren, and Turrin 2010), vector space similarity (Ghauth and Abdullah 2009), and
cosine-based similarity (Deshpande and Karypis 2004)(B. Sarwar et al. 2001), NN CF

suggestions will routinely use the various measures of distance between users or things.

Regarding these two major options, here's how they are differentiated: the first kind,
which relies on other similar-minded users to propose an item to a specific user, is the
user-based approach. This model must locate the NN whose tastes or preferences are the
same. Because of this, predictions of users who are active on the site and have unrated

products rely on the rating of users with the same goods.

The second kind is the item-based model; this model identifies objects that are
strongly linked or comparable to the target item and presents them to particular users. The
item-based approach finds a group of similar things and predicts the user's rating based
on the user's ratings for those items; this user's ratings for the target item's neighboring

items constitute the prediction.

CF is concentrated on the k-NN algorithm to show users or products that have the
highest probability of being suggested (Y. Park et al. 2015) (B. Sarwar et al. 2001) (Zeng
et al. 2004).

Generating recommendations: it is produced by managing the collection of
identified neighbors, combining their ratings for the specific item to predict the rating that

the active user will assign the item.

n_n

The most often used method of aggregating ratings for item pi by active user "a

was presented by (Resnick et al. 1994) as Eq.(1.1):

ZueNN(a) Sima,u*(ru,pi_fu) (1 1)

Pa,pi= ot

YueNN(a) |Sima,u|

Where:



P, pi : The predicted rating for the active user a for item pi,
7, : The mean rating for a.

simg ,, : The similarity between a and u, and
NN (a): The neighborhood of a.

Alternatively to this strategy, weighted median and weighted mode procedures may

be used.

In (Garcin et al. 2009), the authors compare various aggregating approaches.
Typically, the user is given a list of things rated according to their expected choice. Once
all the ratings are anticipated, the system can provide suggestions in whichever format
the application requires. While this fundamental analysis concentrated on user
community generation, a comparable strategy from the item perspective is also pursued
and has been widely employed with one of the most popular RS, Amazon (Linden, Smith,
and York 2003). Item-based approaches begin by analyzing the user-item matrix to
uncover relationships between different items and then use these associations to infer
similarity between people (B. Sarwar et al. 2001). Ratings filtering by taste and quality
are achievable due to dependence on people. In comparison, their independence from the
content description enables them to be implemented in any area with access to important
preference information. However, several obstacles have harmed the acceptance of CF

systems, as described in the next section.

1.2. Obstacles of Collaborative Filtering

Sparsity: in CF, the sparsity matters relate to the shortage of available user ratings,
making estimating closeness between specific user/item pairs impossible. This problem
occurs because it is impossible to identify whether the user did not rate an item since he
disliked it or does not get the opportunity to try it. Since each user's sample of reviewed
things is a small percentage of the total pool of existing things, the overlap in ratings
amongst two users, which is the basis for many similarity assessment methods, may be

inadequate.

There are additional issues associated with the sparsity problem, including "cold
start," which denotes a lack of information in the initialization step, preventing the

selection of good recommendations.



Data sparsity intimates an insufficient number of ratings for items from users;
sparseness in the <user x item> matrix, limiting the CF algorithm to pick the suitable set
of similar users (Xue et al. 2005; Ahn 2006; Subramaniyaswamy and Logesh 2017). In
parallel, the cold-start problem is a significant problem in recommender systems. This
problem is divided into cold users and cold items. The problem with the cold user occurs
by the lack of information about the user's preferences (Ahn 2006; Middleton, Alani, and
Roure 2002)(G and A 2005). In addition, numerous efforts have been made until now to
remedy the sparsity and cold-start problems. Some of them will be described in more

detail in this dissertation.

Scalability: it is an issue that arises when the volume of information generated
exceeds the capacity of users to handle it. It is challenging for memory-based CF, as all
calculations are conducted at prediction time. As a result, a dimension reduction
algorithm must deal with it and generate accurate recommendations in the shortest time

and space.

Several of the most significant scalability challenges have been founded on model-
based approaches, including dimensionality reduction. The authors in (Billsus et al. 1998)
outline user ratings and rated items into a lower-dimensional space by singular value
decomposition (SVD) of the original user rating matrix. The authors in (Bell et al. 2007)
describe a system to improve the nearest neighbor approach by removing global impacts
from rating data, hence increasing the comparability of entities and a method for
simultaneously calculating resemblance weights for all pairs of entities. Apart from
delivering superior recommendations to conventional similarity schemes, the technique

is also highly time-efficient.

Privacy: the recommendation system collects and stores user data to compare and
find similar users. It is stated that the depth or specificity of the user profile has a

significant effect on the richness of recommendations.

However, a user may have a reasonable fear when disclosing personal information;
sensitive data is possibly misused data for evil purposes. As a result, a trade-off occurs
between user privacy and the quality of the recommendations generated (O’Connor and

Herlocker 2001).



Vulnerability to attacks: collaborative recommender systems rely on their users'
friendliness, i.e., there is an underlying assumption that users will participate with the
system to obtain beneficial recommendations for themselves while also contributing

valuable data for their neighbors.

A multitude of motives will make people interact with RSs. While these factors
may contradict those of the system's owner or most of its users, they are supported by

valid arguments (Ricci, Shapira, and Rokach 2015).

Malicious individuals may access the system with the apparent intention of
manipulating user opinions in favor of or even against a specific item (Al-Shamri and
Bharadwaj 2008). Numerous proposed attack-resistant CF techniques utilize trust scores
collected from the user social network in addition to rating data to infer forecasts from

people's grasp (Dell’Amico and Capra 2008).

1.3. Research Problem

This section explains the research problem that this dissertation will address. As
previously mentioned, there are several drawbacks to the current recommendation
systems. Although the current recommendation systems can attract users via
recommendations, such systems need more knowledge about the user requirement in
some instances. We examine whether knowledge about the user's actual interest, the
weight of local similarity and dissimilarity for users, and side information of entities can
fill part of the missing knowledge gap needed by recommendation systems. The details

of each problem are clarified in the coming chapters.

1.4. Research Questions

1. Is it possible to identify the most promising nearest neighbors when defining the
actual similarity between entities via determining the users' interests and importance, the
weight of local similarity and contrast between users, and side information of entities,

then creating the appropriate recommendations based on these similarities?

It is necessary to find similarity measures and algorithms that discover the actual
preferences of users, most promising neighbors and create a recommendation system
based on available information that provides accurate recommendations to answer this

question.



2. Does the proposed recommendation system perform better than the previous

recommendation systems in providing accurate recommendations?

To answer this question, we need to compare the performance of the proposed
system with the traditional and the previous recommendation systems that depend on

different methodologies in suggesting recommendations.

1.5. Dissertation Contributions

The dissertation makes the following significant contributions:

- Model of similarity based on PCC and regression: it provides a novel neighbor
selection strategy based on correlation and slope to determine the entity's importance. It
is summarized the similarities between the connected entities in terms of their relative
importance. Additionally, we proposed a new model for rating prediction based on the

first accessible rating from neighboring properties (J. K. S. Al-safi and Kaleli 2021).

- RDLD (Rating Dissimilarity and largest Difference) similarity measure: this
model determines the degree of difference between user ratings to identifying users'
similarity degree. The degree of dissimilarity is determined by calculating the weight of
dissimilar ratings in co-rated items and the most substantial difference in co-rated items

between users (J. Al-safi and Kaleli 2021).

- UGSM (User-Genre Similarity Model): by exploiting the side information. The
suggested technique calculates users' average preference for each item genre as side
information using a user similarity threshold value and discovers nearest neighbors. It
identifies neighbors who share similar tastes across genres by intersecting user
preferences across genres and treats them as the ultimate neighbors for the current user.
Additionally, we propose a strategy for resolving the user cold-start problem using the
"Ask-to-rate" technique/adaptive method. Furthermore, we propose two additional
evaluation criteria to quantify accuracy: rating level and user reliability at that rating level

(Al-Safi and Kaleli 2021).

1.6. Thesis Outline

The background of the dissertation is introduced in chapter 2. Chapter 3 described
the PCC-slope- based similarity model. RDLD similarity model is explained in chapter
4. Entity side information is exploited to infer UGSM, which is introduced in chapter 5.

Conclusion and future studies are presented in chapter 6.
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2. BACKGROUND
There are dozens of television stations, catalog products, thousands of movies, and

more, which are part of our everyday lives in our surroundings.

Users can utilize recommender systems to filter out items that are attractive, unique,
or advantageous. They are distinguished from information retrieval systems in that they
recover objects that match consumer behavior without requiring a query, hence
facilitating "discovery" instead of "search." A recommender system's observation and
learning of a user profile are similar to the queries presented by users in an information

retrieval system.

The subsequent sections provide an overview of RS's various sorts of input and the
forms of recommendations made. We then explore the many types of recommender
systems and the multiple strategies for utilizing local similarity and entities side

information for supporting RS.

2.1. Data Derivation

To create recommendations, the RS derives its data from the user rating matrix for
products. This rating matrix represents all the ratings that users have given to the
purchased or watched products. Ratings may be explicit or implicit. Explicit rating may
be binary such as "like" or "dislike." Or it may be specific scores, such as the movie Lens,
a Movie RS that allows numerical ratings from 0.5 to 5 (Harper and Konstan 2015). For
example, "0.5" represents "No preference," and "5" illustrates the "Total preference" for

the movie that the user has watched, or Yahoo! music dataset

(http://research.yahoo.com) that allows numerical ratings from 1 to 100 to evaluate

the music the user has listened (Pazzani 1999).

The systems derive users' implicit rating of products from their browsing behavior,
allowing more information to be collected about actual user preferences. These ratings
may be more intense than explicit ratings because they do not require user effort, but they
are often less accurate. However, it is impossible to deduce the user's products because
users only browse their favorite items. Accordingly, other types of information such as
the item features, like movie genre, or the user's characteristics such as demographic,
occupation, and age can determine the user's preferences (J. Ben Schafer et al.

2007)(Hasan and Roy 2019).
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2.2. Types of recommender systems

Recommendation systems first came into operation in the 1990s and were limited
to combining user inputs and providing recommendations to recipients. The first
recommendation system called "Tapestry" followed this process. It is a messaging system

that allows users to rate messages binary, either "good" or "bad."

The researchers called this system "collaborative filtering" (Goldberg et al. 1992).
First, recommendations were made manually by users by specifying similar users with
their tastes. Then, an automated selection process was introduced and suggesting similar
users by analyzing usage patterns of all system users (Shardanand and Maes

1995)(Resnick et al. 1994).

The CF technique is based on automating "word-of-mouth" recommendations by
gathering and recommending similar user views. The active user is the user for whom the
system suggests the advice. Product features, user attributes, and feedback have been
exploited either independently or mixed with CF to precisely predict user interests
(Shardanand and Maes 1995). In addition to the CF algorithm described in detail in the
previous chapter, we briefly present the other recommendation strategies in the following

subsections.

2.2.1. Content-based filtering

The content-based system depends on the attributes of the items preferred by the
user for creating the user profile. The characteristics of the favorites are compared with
those available in the system to develop recommendations. The user profile varies
depending on the learning methods used in the system (Burke 2002). For example, a
restaurant recommendation system differs from a news recommendation system; each
system has its characteristics and structure. Various methods such as decision trees and
vector-based representations represent the user profile in this system (Pazzani and Billsus

2007).

This system suffers from multiple deficiencies that limited its success compared to

the collaborative filtering system(Villegas et al. 2018). Among the shortcomings:

Require a detailed description of the item contents: It can be applied in areas

that provide a detailed item description. For example, while it is capable of textual
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description in articles, it lacks an accurate recommendation in media such as images or

videos.

The lack of diversity in recommendations: users only rate their desire items, and

the system cannot identify which undesired items.

The new user problem: The new user does not have any profile in the system, so

it is difficult for the system to recommend what it prefers accurately.

2.2.2. Demographic filtration system

Demographic technologies are similar to collaborative links. Such as, the Lifestyle
Finder system (Krulwich 1997) relies on demographic groups that include purchase
history and survey response to generate recommendations. Creating a user profile
depends on "interpersonal” connections and different types of users' data such as age,
place of residence, occupation, and others. Users who are demographically suited to the

active user are chosen to contribute to the recommendations.

Recommendations are generated based on the preferences of the active user's group.
One of the essential features of this approach is that it does not require prior user ratings
as in collaborative filtering and content-based technologies (Burke 2002). Despite this, it

suffers from many problems, such as:

Data elicitation: The task of gathering demographic information is difficult
because most users are undesired of disclosing their data, and incorrect data may exist (B.
J. Schafer et al. 2007). Therefore, some systems have relied on importing demographic

information from the users' homepages (Pazzani 1999).

Gray sheep problem: this problem occurs when some users have unique tastes and
cannot belong to a similar group. Thus, it is challenging to generate a recommendation

for such users (M. Claypool, A. Gokhale, T. Miranda, P. Murnikov, D. Netes 1999).

2.2.3. Knowledge-based system

This system is based on knowledge of the items and user preferences; considered a
content-based system type. Items are recommended based on explicit item knowledge in
a specific field that meet user preference. The difficulty of knowledge-based systems lies
in the necessity to obtain a detailed knowledge base in advance. On the other hand, these

systems do not suffer from the item or user cold-start problem or the data sparsity
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problem. The collaborative filtering systems rely on user rating only face (Arekar, Sonar,
and and Uke 2015) (Sielis, Tzanavari, and Papadopoulos 2014). There are two classes in

knowledge-based system:

Case-Based recommender systems: in this category, the current case is compared
with the possibilities available in the database and classified according to the degree of
similarity between them. These systems provide explanations for why these elements are

recommended.

Constrained-Based recommender systems: They depend on specific sets of

preferences and are conditionally restricted.

2.2.4. Hybrid recommendation systems

Hybrid approaches work by combining the best features of multiple
recommendation systems to improve the recommendations generated. The hybrid
approaches in (Pazzani 1999)(Ricci, Rokach, and Shapira 2014) have been produced by
integrating the CF with other recommender system strategies like content-based
and demographic to provide a quality recommendation. For instance, the content-based
recommendation technique can overcome the new user problem introduced by user-based
CF and demographic filtering. The author in (Burke 2002) presents a comprehensive

study of hybrid recommender systems.

2.3. Local Similarity

The similarity between users is a critical component of both user-based and item-
based strategies in CF algorithms. The majority of similarity approaches estimate
similarity solely based on the similarity of ratings between two users; we refer to this as

'Local similarity.'

The Pearson Correlation Coefficient (Resnick et al. 1994) and Cosine similarity
(Breese, Heckerman, and Kadie 1998) methods are the most frequently used methods for
determining the local similarity between users. Generally, resemblance computations are
based on determining the similarity of rating vectors comprising user ratings of system
items. Pearson correlation coefficient is used to determine the level to which there is a

linear relationship between the ratings of two users (z and v) and is specified as Eq. (2.1):

Ypet (rup=Tu) (rop=To)

\/Zpel (ru,p_fu)z ‘\/Zpel (rv,p_fv)z

sim(u, v)PC¢ = (2.1)
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Where:

I: Denotes the set of the common rating items by user u and v.

7, ,andT, : is the average rating value of u and v, respectively.

Tup » and 7, : denotes the rating of item p by u and v, respectively.

Another often used similarity metric for CF is the Cosine similarity (COS) (Breese,
Heckerman, and Kadie 1998), as in Eq. (2.2):

Ty Ty

H cos
sim(u, v ==
(w,v) 1711751

(2.2)

Where:

7, , and 7.,: Is the vector of the user u and v rated, respectively. The magnitude of

the vector is represented as a //-/.

For item-based CF, amongst the most successful techniques for determining
similarity is to utilize the Adjusted Cosine Similarity (ACS) (B. Sarwar et al. 2001), which

determines the variance in the user rating system and is described as Eq.(2.3):

YpeN (Tu,p—fu)(rv,p_fV) (23)

sim(u, v)4°S = = -
\/ZpeN (Tu,p_fu) 'JZpen (TV,P_FV)

Where:
N: represents the set of all items in the dataset.

The Spearman Rank Correlation is comparable to the Pearson Correlation, except
that it is determined using the rank of items in the users' preference list rather than actual

ratings (J. Herlocker, Konstan, and Riedl 2002).

Lathia et al., 2007 in (Lathia, Hailes, and Capra 2008) estimate the relationship
between two users using concordance-based techniques. The degree of similarity between
two users is defined by the amount of concordant, conflicting, and tied pairs of shared
evaluations. When the desired data is binary, i.e., whether the user likes or dislikes an
item, the Jaccard coefficient is used to compute the similarity proportionate to the number

of common things between users.

14



Similarity calculated purely based on frequently rated products may not be a
reliable reflection of the users' genuine affinity. Thus, weighing systems consider
additional characteristics to weigh the similarities horizontally or vertically to make the

resulting similarity better understandable.

For instance, (J. Herlocker, Konstan, and Riedl 2002) find that it is typical for
active users to strongly link neighbors based on a limited number of common items.
These neighbors were commonly found to be poor predictors of the active user because
they were based on small samples (typically 3 to 5 co-rated items). Therefore, the more
points matched between users, the more certain it is that the computed correlation
accurately represents the actual correlation between the users. They propose a meaningful
weighing technique that employs a linear drop-off for correlations with a sample size less
than a specified threshold. In (Candillier, Frank, and Fessant 2008), the authors offer
numerous weighted similarity measures for collaborative filtering based on users and
items. According to the plan, the Jaccard similarity is used as a weighting system while
other similarities are simultaneously promoted, such as the Pearson correlation
coefficient. This method highlights how similar individuals are who like various items
but who also post frequently. In (J. Herlocker, Konstan, and Riedl 2002), the focus of

this approach is on products' co-rated and liked," as opposed to 'co-rated.'

A different technique to rating objects suggests giving each object a score to be
graded based on their remarkable capacity. A system that uses variance-weighting to
assign weights to various items. According to how much variability there is in ratings for
an item like an unpopular or popular item, such as a controversial topic, represents the

actual degree of preference similarity far better than equal weighting methods.

The same method for rating domains in binary rating systems was outlined by (R.
R. Liu et al. 2009), who recommended scaling ratings in comparing objects according to
the amount of each thing that is being judged. This process is not the first time there have
been various item weighting strategies. For example, inverse-user frequency (Breese,
Heckerman, and Kadie 1998) has been used previously. However, as in (Jin, Chai, and Si
2004), points out an automatic item-weighting method is employed that, in effect, causes
item vectors to be clustered in the item space. As a result, individuals with similar interests
will get closer together, while those with disparate interests would be more remote from

each other.
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2.4. Side Information

Due to the RS's widespread application in various real-world contexts,
recommender methods have been extensively explored. The RS handles the users, items,
and characteristics. Social relations among users, connections between users, and things
are all intertwined. The general view is that all infrastructure needs with an RS revolve
around the three main components, the user, the item, and user-item interaction.
Therefore, an RS's data is all associated with them. Data may be divided into two major
categories: data on users and objects, such as clicks and ratings, and data on aspects of

the users' profile and items' profile (Yue Shi, Larson, and Alan Hanjalic 2014).

Sequential interaction data and generic interaction data are two types of interaction
data. As a result, the data from an RS are classified into three categories: (1) data on

general interactions, (2) data on sequential interactions, and (3) data on side information.

The interactions between people and objects are typically depicted using an
interaction matrix, in which each row represents a user, but every column represents a
product. Each element in the matrix contains information about the sort of interaction that

occurred.

The interaction data can be classified as explicit (i.e., users' ratings on a product) or
implicit (i.e., clicking, purchasing, watching) based on the type of interaction (S. Zhang
et al. 2019). Consequently, the recommendation objective is typically defined as a matrix

completion task using this aggregated interaction data (M. Zhang and Chen 2020).

A sequential interaction data set is a set of sequences of user-item interactions
within a certain period and sorted according to their date. Indeed, it can be classified into
single-type and multi-type data sets based on the number of interaction events shown in
the sequence. Multiple-type interactions, such as watching, and purchasing, frequently

occur in practice (W. Wang et al. 2020).

A recommendation system based on sequentially interaction data is described as a
Sequential Recommender System (SRS), which also uses a sequence of prior interactions
to forecast the likely future interaction(s) (Quadrana, Jannach, and Cremonesi 2018) (S.

Wang et al. 2019).
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The data is frequently sparse (Hu et al. 2019); it is insufficient to capture users'
preferences for items accurately. As a result, side information, such as attribute and social

information, and external knowledge, are often used to address the sparsity affair.

User attributes (e.g., gender, age) and item attributes (e.g., genre, price) are the most
common types of attribute information (Han et al. 2018). Typically, a user attribute's
original data is stored as a user information table, with each row representing a single
user and each column representing a single category. It is frequently paired with general

or sequential interaction data to provide suggestions.

Social information is information on the social relationships that users have in
common. In addition, external knowledge, such as item taxonomy and semantic
relationships between concepts, about users and items, typically helps to understand
better users' preferences and item features (H. Wang et al. 2018), hence increasing
recommendation performance. External knowledge is primarily divided into two forms

in RS: the item/user ontology and shared knowledge.

Typically, the ontology of users or items is represented as a hierarchical branching
network containing the structural relationships between individuals or things. A type of
ontology knowledge frequently used for recommendation purposes is item taxonomy
information (Jin Huang et al. 2019). A tree graph of this type is utilized on Amazon.com,

where the platform's products are organized using their category information.

By incorporating item ontology knowledge, it can be better understand consumers'
multi-level preferences for items, increasing the explain ability of suggestions (Gao et al.
2019). However, propagating users' preferences across objects in the hierarchy tree

network to extract multi-level selections remains challenging.

Because of entities' complexity and relationships, common knowledge is usually
described as a heterogeneous and complicated network with various nodes and edges

(Guo et al. 2020).

Incorporating common knowledge facilitates discovering and exploiting various
external implicit relationships between users and boosting recommendation performance.
However, it is still challenging to gather coherent and usable information between

different entities via multiple links between them for good recommendations.
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Recently, recommender systems have significantly grown. One of the valuable
methods is the rating prediction method, which is extensively used to infer the future

preferences of users.

Methods based on CF are a fundamental building block of many recommender
systems. By identifying and exploiting patterns of similarity between users and products,
the CF can forecast which items a user will favor (Breese, Heckerman, and Kadie 1998).
However, with the rising availability of side information, information linked with objects
such as product reviews, movie plots, and so on, there is considerable interest in utilizing

such information to compensate for the ratings' sparsity (Y. Chen and De Rijke 2018).

Numerous techniques for incorporating side information into recommender systems
have been explored. The majority of these techniques were created in response to the
rating prediction problem. These techniques are based on latent factor models involving

hybrid methods (Gantner et al. 2010).

The authors of (Singh and Gordon 2008) proposed a method for rating prediction
using collective matrix factorization. This strategy includes both the user-item preference
matrix and the item-feature content matrix into a similar latent space, allowing for

exploiting both types of information through associated item factors.

In (Agarwal and Chen 2009), authors introduced regression-based models that use
characteristics to estimate the latent factors. Their method determines the latent user and
item factors by independent regression on user and item characteristics. The

recommendation is generated using a technique based on the user and item factors.

Another study (De Campos et al. 2010) utilized Bayesian networks made of item
nodes, user nodes, and item feature nodes to integrate content-based and collaborative
filtering-based suggestions. During forecasts, content information is spread via feature
nodes from purchased to non-purchased products, and purchase information is
transmitted via item nodes from other users to the user of concern. The two components
are then merged to generate recommendations. The study (L. Chen et al. 2021) focused
on employing the item genres to raise predicted ratings' accuracy and overcome the
sparsity problem. The algorithm involves creating a matrix containing the user's item
weight by combining two vectors; the first vector is the user's taste vector, extracted from

the user's ratings for items. While, the second vector is a vector that contains the degree
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of items' belonging to a specific type, which results from the exploitation of the collective
ratings of a particular item. Finally, the resulting matrix was used to get the prediction of

the desired item.

2.5. Evaluation Metrics

RS that offers recommendations involves two sets of data: one for training and one
for evaluation. It is anticipated that training ratings are present in the system, and people
give test ratings in the future. System predictions are used to find out how accurate the
algorithm is. The algorithm's accuracy is following the results of the forecasts concerning
the test set ratings. We quantify prediction quality by utilizing a variety of different
indicators, which are Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and Mean square error (MSE).

2.5.1. Prediction accuracy metrics

We used many metrics to determine accuracy, one of which is Mean Absolute Error
(MAE), the other is Root Mean Squared Error (RMSE) (Stephanie 2016), and finally, the
Mean square error (MSE) (Willmott and Matsuura 2005) (Shardanand and Maes 1995).
Measuring absolute divergence between expected and actual ratings of an item is one way
MAE determines the bias in ratings. To calculate the mean absolute error, we can think
of n as the set of items in the test set, think of p; as the predicted rating for the i rating
in the test set, and 7; : Represents the actual matching rating (B. J. Schafer et al. 2007), as
Eq.(2.4):

MAE = ~ SiIr; — pil (2.4)
Where:
r : represents the actual rating;
p : represents predicted rating;
n : indicates the total number of ratings.

The RMSE is defined as accumulating errors and squaring the result; as shown

below in Eq. (2.4):

RMSE = \/%Z{Ll(n - pi)? (2.5)
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Unlike the MAE, which considers every user's differences to be equal weight, the
RMSE focuses on the effects of significant errors. The root means square error
(RMSE) represents the standard deviation between the expected and original
rating values. Numerous errors are highly undesirable; the (Stephanie 2016)
research results show that a minor variation in root mean square error
(RMSE) leads to a significant increase in the accuracy.

MSE is a quality metric used to calculate the mean squared error

between actual and projected ratings. Asin Eq. (2.6):

1
MSE = — 3iLilr; — pil® (2.6)

Thus, lower MAE, MSE, and RMSE values signify a more accurate
model.

2.6. Literature Review
Numerous researches in the field of recommender systems are described in this
section. They are classified into two categories based on the theories provided in this

research.

- The first category is concerned with applying Collaborative Filtering
techniques, such as similarity metrics and prediction algorithms, to improve
recommendations accuracy by utilizing the local similarity of common ratings

between entities, as follows:

Many researchers have offered various similarity measures. Even though there have
been several differences, the common idea is to check similarity among users or items
using some action to recommend items or users based on the highest similarity. CF is
rapidly expanding and affects the majority of recommender systems. The K-NN
algorithm is the adaption algorithm used in a memory-based CF recommendation method.
The recommendation procedures of K-NN-based recommender systems are reliable and
deliver correct suggestions with CF (Z. Lu and Shen 2015) (Borras, Moreno, and Valls
2014). Researchers conducted numerous experiments on the suggestion process to
discover more effective NN algorithms. (J. Herlocker, Konstan, and Riedl 2002) perform
a study on the item selection of CF. According to their exhaustive investigation, PCC is
a viable option for determining user correlations, and the optimal method for establishing

a neighborhood is to hire the most comparable K users. The PCC measures the linear

20



correlation between two vectors of user ratings (X. Su and Khoshgoftaar 2009; B. Sarwar
etal. 2001). However, the PCC similarity measure does not regard the number of common

ratings.

Additionally, the Constrained PCC is proposed. It is a somewhat adjusted version
of Pearson’s correlation that recognizes only the pairs of ratings on the same side, e.g.,
both being positive or negative, by taking the median value in the rating scale in the
dataset to gain a good correlation (D. E. Chen 2009). Spearman’s Rank Correlation is also
used as a similarity measure, where the similarity between two vectors is determined
based on the similarity of ranks of values in these two vectors (J. L. Herlocker et al. 1999;

J. Lu et al. 2010).

The cosine measure model studies the angle between two vectors of ratings; the
smaller angle is considered a more remarkable similarity between these two vectors.
ACOS is used in some item-based CF methods for similarity among items where the
difference in each user’s use of the rating scale is considered in the similarity calculation

(X. Su and Khoshgoftaar 2009; B. Sarwar et al. 2001).

Even that, there are some weaknesses in the methods as well. The most common
CF problems are data sparsity and cold-start. Data sparsity indicates low ratings, or
sparseness, in the <user x item> matrix (Xue et al. 2005; Ahn 2006). In comparison, the
cold-start problems relate to the difficulty of recommending new items to new users
where there are not enough ratings available from them (Middleton, Alani, and Roure

2002; Ahn 2006).

The propped model concentrates on the cold-start problem for new users with few
ratings and selecting proper nearest neighbors. Previous studies on the cold start problem
focused on new entities with no rating record at all. These studies provide different
recommendation systems that combine content information with rating data to solve the
cold start problem (Z. Huang, Chen, and Zeng 2004; Q. Li and Kim 2003; S. T. Park et

al. 2006). The content-based similarity is used for new entities with no rating record.

On the other hand, researchers propose various researches on creating more suitable

K-NN in the recommendation process.
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The authors of (T. H. Kim and Yang 2007) suggest an effective threshold-based
technique for CF community selection. The model substituted neighbors for a client with

unusual interests.

In (Baltrunas and Ricci 2008), the prediction accuracy improved in their suggested
model since an adaptive neighborhood selection model based on user taste is proposed.
This model takes into account dynamic changes in the user profile and the profile of a
particular object. It calculated the similarity between individual users using a selection of

co-rated things.

The purpose of the heuristic similitude metric in (Ahn. 2008) was to enhance
recommendation efficiency during cold-start settings. In this study, a system called
Proximity-Impact-Popularity (PIP) was presented that utilized collaborative filtering to
analyze three user behavior variables. The Proximity factor has been used to indicate
whether the two ratings agree or differ. The Impact factor considered the positive
reputation given to an item by users as a proxy for similarity. The popularity metric took

the space between users and their average rating into account.

Many researchers provide valuable confirmation on the growing achievement of
CF methods. In (Baltrunas and Ricci 2008), the authors considered dynamic changes in
user profiles, and they are adaptive neighborhood selection approach based on
individuals’ preferences for a given product. Thus, actual evidence supports the assertion

that this technique improves the accuracy of recommendation forecasts.

Early methods to solve data sparsity integrated the weight of similarities in the
existing similarity behavior. Typically, this weight is determined by the number of

popular items among customers.

In (Koren 2010), the authors offer a model for determining user connections based
on a portion of a dataset rather than the full dataset. They chose neighbors based on the
variance of the procedure for computing user similarity. This model increased the
recommendation accuracy. By combining the Jaccard index and mean squared
differences, authors in (J. Bobadilla, Serradilla, and Bernal 2010) create a new similarity

measure.

The study in (H. Chen, Li, and Hu 2016) investigates the rating variation; this study

employs a balancing factor to combine the PCC and adjusted cosine similarity.
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Wang Yong et al. (Y. Wang et al. 2017) suggested a nonlinear mixed similarity
measure algorithm based on users’ rating information; it reveres the similarity and user
asymmetry. It strengthens the relationship between users and items, but it suffers from a

high time complexity.

This technique (Soojung Lee 2017) is predicated on the premise that two consumers
of more common goods will share a greater degree of similarity. In (Zhu et al. 2018), the
extended Jaccard index concept was created and utilized to estimate similarity. While it
has been demonstrated that sparsity may be mitigated by merging several common ratings
using similarity models, the method does not incorporate contextual information from

rating data.

Huang et al. (M. Huang, Wang, and Zhou 2019) aimed to mitigate the data sparsity
using a linear regression model to fill unrated items in the user-item rating matrix and
find the similarities between users. This model considers the average user ratings and the
average item ratings as the features and the user’s rating as the label. The model used the
traditional collaborative filtering algorithm for rating prediction after filling the user-item
rating matrix. This model can mitigate the data sparsity, find more suitable user

neighbors, and gain more rating prediction accuracy.

He and Jin (X. He and Jin 2019) proposed a similarity measure model based on
users’ preferences for item attributes, commonly rated items, and the number of widely
rated items. It develops the recommendation production’s performance by setting strong
relationships between users and items and mitigating the data sparseness. This model
achieved better performance than the other tested methods in terms of accuracy and

diversity.

Jaccard similarity (Koutrika 2009) is a similarity measure that overlooks the
absolute values and the average value of users’ ratings. A similarity measure model that
considered the proportion between absolute rating values and the number of co-rated
items was suggested by (Ayub et al. 2020) to improve Jaccard similarity measure
performance. This model is based on users’ rating preference behavior and implied a
threshold on the average user rating value. This measure promotes prediction quality and

recommendation accuracy.
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Once similarities among users are available, the prediction of item rating by the
active user can be estimated based on the average rating of the active user and the
similarities with their neighbors as described in (Ahn. 2008) for the user-based CF

algorithm.

- The second category examined strategies for increasing recommendation

accuracy through the use of entity ratings and side information, as follows:

Essentially, the RS relied on the filtering algorithm to obtain entity information.
Researchers proposed several similarity measures to CF-RSs, attempting to demonstrate
the accuracy of the recommendations to the desired level. Using entity-side information
is a common strategy for overcoming the RS’s problems and obtaining suitable

recommendations (C. Li et al. 2015).

In (Vincent Schickel-Zuber 2005), the model forecasts ratings based on a
continuous scale; instead of classification, the model used the regression approach. The
standard K-NN algorithm using PCC and Cosine as similarity measures was confronted
with the SVM regression. The multiple regression methods had been used to estimate the
compound attributes’ weights. At the same time, ontologies calculated the model and

estimate utility values.

The accuracy and quality of recommender systems diminish when entity
information is insufficient (Ahn. 2008). As a result, several solutions to the sparseness

and new user issues have been offered.

The suggested model in (Liang, Bo, and Jun 2009) investigates user correlations
and NN determination using a portion of a dataset rather than the full dataset. They
proposed a unique model in CF for choosing the neighbors of active users based on their

similarity variance. This model enhanced the accuracy of the CF forecast.

Most CF models measure user comparison on the whole ratings and ordered user
relations with active users to select the NNs. But we debate this is irregular since we
consider that users have a similar partial interest, not on the whole rated items (Liang, Bo,
and Jun 2009). Therefore, our researches are based on the part of the dataset selected

according to specific conditions.
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Item genres are incorporated into the RS to increase the RS’s accuracy. Several
studies have concentrated on utilizing the movie genre feature to collect user input and
enhance suggestions, particularly for massive datasets (O’Donovan et al. 2008;
O’donovan et al. 2009). Others improve an RS called “Taste Weights” (Bostandjiev,
O’Donovan, and Hoéllerer 2012); analyzing a user’s Facebook profile identifies their
preferred music genre. Then, the semantic web resource “DB pedia” is utilized to discover
new artists performing music in the same genre as the active user’s favorite and

recommend such music to other users.

In (Y. Zhang and Song 2009), the genre-based algorithm was developed using the
notion of item genres rather than items themselves. The algorithm picked neighbors based
on their genre preference, comparable to that of others in the community. This research

used user data to determine item similarity, and CF sparsity is alleviated.

The authors in (Jestis Bobadilla et al. 2012) proposed implementing a neural
learning-based user similarity measure that would deliver favorable recommendations to
users with few ratings ( 2 to 20 ratings). Additionally, the experimental results show that

this method is even more accurate, recallable, and repeatable than prior systems.

In (You et al. 2013) proposes a method for resolving the cold-start status using a
clustering approach. This approach is constructed using the user’s preferred item ratings
and genres to determine similarity. The findings indicate that the proposed model
improves the cold start solution considerably and outperforms comparable techniques in
the recommendation and cold-start circumstances. As a result, this method outperforms

specific existing recommendation algorithms in terms of accuracy.

The authors (Gogna and Majumdar 2015) enhance prediction accuracy by using
auxiliary data on the user’s demography and item characteristics. The model incorporates
supervised label terms to make feasible recommendations for new entities using the

matrix factorization framework.

The research conducted in (Rosli et al. 2015) is focused on developing a model that
mitigates cold-start circumstances using genre interest and “Likes” and “Co-Like” movies
data from Facebook Pages. CF cold-start issue experimentally solved by this model.

However, new users may abandon the system due to flaws in the suggestions during the
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initial phases when users lack the necessary ratings to give to the CF in RS to calculate

the user similarity.

Authors in (G. Adomavicius et al. 2015) reasoned differently to increase the
accuracy of RSs. Their approach is based on the addition of contextual information to
establish relationships between users or products. As a result, they suggest many
mathematical methods for information filtering and modeling that demonstrate through
experimental results that contextual information is critical for receiving correct

recommendations.

Authors (H. R. Zhang, Min, and Shi 2017) propose a regression-based three-way
RS to minimize the mean cost of various RS actions. They predicted ratings using a
regression-based binary recommendation system based on slope one (Lemire and

Maclachlan 2005) and the k-NN algorithm (B. Sarwar et al. 2001).

In (Frémal and Lecron 2017), a clustering method using the item’s genre
information is presented. This model concentrates on establishing a hybrid approach,
combining the CB clustering method and CF, instituted by the items genre’s investment.

The model improves the rating prediction operation with a less time-consuming model.

In (Jiang et al. 2018), the model merged trusting data with user similarity to enhance
the slope one model and generate the recommendation formula. The study in (J. Li et al.
2018) introduces a hybrid approach for solving sparse data by determining user interest.
The movie feature is used to create a vector of movie attributes, merged with the user

rating vector to generate a user interest vector to calculate users’ similarity.

The researchers employed trust data to boost prediction accuracy and circumvent
cold start and sparsity issues. In (Yuan, Zahir, and Yang 2019), two approaches are
presented for calculating user trust in items according to their ratings. Although it is
challenging to obtain trust information between users and objects, the proposed method

performed better than tested methods in addressing the intended problems.

In (Zare et al. 2019), the authors use location information in recommendation
algorithms to create a mobile learning application focused on presenting the user with

favorable recommendations.
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Differently, in (Ai et al. 2019), the authors introduce a user similarity model based
on genre preferences to present a weighted link prediction model according to a complex

network modeling and the detected user community.

In (D. Wang, Yih, and Ventresca 2020), a new NN selection model that combines
structural and rating-based similarity calculations has been suggested. The experimental
findings confirm that the memory-based CF algorithms exceed the model-based CF
algorithm in prediction accuracy. This model was achieved on a few neighbors comparing

with the traditional memory-based CF models.

Li and Li (S. Li and Li 2020) constructed an algorithm based on user characteristics
and user preferences. They used multiple similarity measures, like user score, user
attribute, and user interest similarity, to solve the cold-start problem and enhance the
recommendation accuracy. This model used even user registration information to obtain

user similarities. The model can solve the mentioned problems.

The authors (Moscato, Picariello, and Sperli 2020) present a music
recommendation system that uses users’ behavioral features in the model and exploits the
user’s overall mood and sentiment to produce recommendations. In addition, they blend
CB recommendation with users’ personality qualities on social networking sites,
behavior, interests, and requirements and examine several methods for inferring users’

personality qualities.

Researchers continue to exploit the item genres to create a recommender system; in
(Z. Su et al. 2020), novel user-based similarity measures based on a vector to hold the
user similarity using items genre is presented. The model contains finding the global,
local, and Meta similarities between users to create the similarity vector and reveal and
estimate user associations in different scenarios. They emphasize that users’ similarities

might be defined differently depending on the various items genre.

Researchers in (Yadav, Duhan, and Bhatia 2020) involve overcoming a new user
cold-start challenge, weak recommendations accuracy, and other RS’ issues by
establishing a user profile on Linked Open Data initiative, collaborative aspects, and
networking site attributes. The item similarity is determined by finding the ontology

between items; then, they calculated the similarity according to the user rating for items.
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The study (L. Chen et al. 2021) focused on employing the item genres to raise
predicted ratings’ accuracy and overcome the sparsity problem. The algorithm involves
creating a matrix containing the user’s item weight by combining two vectors. The first
vector is the user’s taste vector, extracted from the user’s ratings for items. The second
vector is a vector that contains the degree of items’ belonging to a specific type, which
results from the exploitation of the collective ratings of a particular item. Finally, the

resultant matrix was utilized to obtain the required item’s forecast.
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3. A NEIGHBOR SELECTION MODEL FOR RECOMMENDER SYSTEMS
USING CORRELATION AND REGRESSION

The recommendation system is already being used for personalized
recommendations to clients when selecting a product from a list of available goods. The
most often used mechanism for recommendation systems is collaborative filtering. In a
collaborative filtering process, the similarity ratio is one of the essential aspects of
suggestions, independent of any other information about the entity. This chapter
introduces a novel neighborhood selection methodology based on correlation and
regression relationships quantifying the significance of entities' effects on one another.
The presented method takes into consideration the connected entities' similarity in

importance.

Additionally, we recommend a new rating prediction algorithm that considers the
first accessible rating from the closest neighboring users. In complement to our proposed
model, we also tested several novel models. We undertake three genuine experiments on
three actual data sets to evaluate our model accuracy and compare with state-of-the-art
similarity measures. It is shown that the suggested framework provides an increase in
accuracy over the predictions of the approaches used previously. Using the knowledge on
how important a neighborhood is for obtaining a suited recommendation system, we
demonstrated that the recommendations found on this platform are accurate. Thus, our
suggestion will be a successful technique of selecting the nearest neighbors, and it will

assist the recommendation process by helping to filter potential candidates.

3.1. Introduction

Numerous studies are attempting to resolve data sparsity, improve recommendation
accuracy, and develop the NN selection of CF algorithms. For example, the CF-boosted
default vote compensates for the user's unrated ratings (X. Su and Khoshgoftaar 2009).
On another side, some measures utilized contextual information to build a similarity
model without considering the traditional similarity measures that do not depend on the

user ratings or supplementing the missing rating data (H. Liu et al. 2014).

However, CF algorithms have several defects. Despite its effectiveness, the user-
based CF has scalability and real-time performance constraints. The complexity of

numerical procedures increases linearly with the number of customers, which in
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conventional commercial applications might reach many millions. As a result, the user-

based CF can't prove the accurate suggestion.

Additionally, CF is incapable of handling recommendations from individuals with
different interests. When users' interests diverge, it makes bad suggestions (Badrul Sarwar
et al. 2000). These restrictions cause the customer to have doubts about the RS. The
suggested research focuses on such CF constraints and attempts to overcome them by

using a novel neighborhood selection approach.

3.1.1. Problem definition

Predictions of the requested destination for the active user rely on the neighbor
liking for the rated item in the CF algorithm (X. Su and Khoshgoftaar 2009). However, it
is natural for an individual to have several interests. For instance, a person may enjoy
both 'Fantasy' and 'Drama’ film genres concurrently. If we anticipate the genre "Drama"

using value expectations for the "Fantasy" genre, the prediction findings are suspicious.

3.1.2. The contribution

One may deduce the critical nature of picking areas with comparable content to
obtain an accurate rating forecast from the constraints discussed before. If two correlated
users have similar slope values, they can be considered suitable neighbors, increasing RS
accuracy. To create a more accurate NN selection model, we combine the conventional
similarity PCC-base relationship (Jin, Chai, and Si 2004) with the regression coefficient
(slope) values of entities (Sarstedt and Mooi 2014).

The suggested model accounts for the influence of users' and items' rating behavior
on the weights of items and users by utilizing the multiple regression approach on

associated user ratings. It is based on the PCC and the slope for determining similarity.

Additionally, we proposed a novel model for rating prediction based on the first
accessible rating from nearby neighbors. We evaluate our model's efficacy against a

variety of contemporary CF methods using benchmark datasets.

To achieve a good balance between model sparsity, complexity, and computing
time, we have determined to employ a subset of the dataset, users, and objects from the
benchmark datasets to create our model. Our model uses a subset of the dataset, users,

and items in the high rating numbers from the benchmarks to mitigate these concerns.
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Several CF approaches have been applied to get at correlations for different people
or items. The application of the PCC creates this proposed solution stated in Equation
(2.1), K-NN algorithms given in subsection (1.1), and multiple linear regression below.
The traditional similarity measures like adjusted COS and PCC are accurate, but these
techniques are only applicable in specific scenarios (Jin, Chai, and Si 2004)(Gazdar and
Hidri 2019); because they investigate only the linear correlations and ignore the nonlinear
correlation entities' weight impact on those relationships. Thus, entities' weight influence

might yield greater authenticity for the entities' commonalities.

However, in contrast to standard CF algorithms, which use rating similarities, CF
models employing rating divergences are being investigated. Our approach uses
correlation connections combined with regression coefficients (slope) for a neighbor's

selection model (PCC-Slope-based model).

The suggested models outperform standard CF models in rating prediction
accuracy, particularly on sparse data sets. The research's most significant contributions

are as follows:

1- The average influence of user ratings on the weight of the item is computed, as

is the moderate impact of item ratings on the weight of users.

2- A novel correlation and regression-based neighbor selection approach is

provided for constructing a similarity model between entities.

3- We present a model for rating prediction based on dynamic K-NNs and a subset

of a dataset to decrease the model's sparsity, runtime, and complexity.

4- We are increasing the accuracy of recommendations made by recommender

systems.

3.2. Regression Method

When employing the linear regression approach, you may learn which
characteristics are important in forecasting the outcome and find how various variables
are connected. It uses X as an input and calculates Y as output depending on the
connection between X, and Y. One independent variable can be written in regression as

Eq. (3.1):
Y=ap+bX+e 3.1)
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Where:

Y: The score calculated based on weight measurements of both items and users,
ap: The point where X and Y intersect,

b: is depicts the slope,

X: In this situation is the independent variable (the users' and item's ratings), and
e: is an abbreviation for error.

The used datasets in this research contain many features. Thus, the suggested model

uses multiple linear regression. So, the regression is done as in Eq. (3.2):
Y=ap+b1X1+b2X2+"'+kak+e (32)

We have K different independent variables, and every variable has its slope, but
there is one error. For K>2 independent variables, locating the b values (slopes) is

complicated, so we need matrix algebra for calculations (Sarstedt and Mooi 2014).

3.3. The Proposed Model for Selecting Nearest Neighbor
The proposed similarity measure and a new model for rating prediction are

demonstrated in this section.

3.3.1. The correlation-regression-based neighbor selection model

It is important to use the available information to gain the most useful information
from the entities' profiles. Thus, it is necessary to investigate how the user rating
influences the item weight and how item rating affects the importance of user opinion to

produce a trustworthy neighbor selection model that boosts RS accuracy.

The entities' impacts are determined by applying the multiple regression techniques.
Then, it follows that we urge computing the relevance of linked entities to harness them

in similarity measures and find out who is an active user's NN.

The initial step in the suggested model is to compute the correlation connection

between entities to derive the PCC, as shown in the following Eq. (3.3).
Simq(a,u) = corr (a,u) (3.3)

Where:
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The similarity between a and u is denoted by Sim, (a, u).

Then, the second component of similarity is determined using the multiple
regression techniques. The value of the average regression coefficient C (u) or slope
denotes the significance of correlated entities. The second similarity between entities is
represented by the absolute differences in the slope values of active users and correlated

users, which result in the formation of NNs, as defined in Eq. (3.4).
Sim, (a,u) = |C(a) —C(w)|, u € corr, (3.4)
Where:

Sim, (a,u): express the similarity between a and u based on the average regression

coefficient.

C(a): denotes the average regression coefficient of a’ ratings on the items' weights

in the regression model, and similarly for u,
corr,: This variable indicates the collection of users with whom a is correlated.

The regression technique is used to get the average regression coefficient C(u) of
users. The Sim, (a,u) Values are sorted ascendingly to determine which NNs are

assigned to the active user.

Similarly, the proposed technique is used to compute item-based similarity metrics
across item rating vectors. The user rating weight is utilized as the regression model's
output to infer the item's importance based on user ratings, creating the NN for the current

item.

The correlation between entities in Sim4(a, u) is in the range [0, 1], and the same
is true for Sim, (a,u). Thus, comparing the similarity of entities is possible. The

proposed procedural stages are depicted in Figure 3.1.

33



user-item rating matrix
m items

Selecting an Finding the correlation relationship
active user between active user and other users

i
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Selecting the nearest neighbars ( the in slope value between the active
users who have the lowest slope user and his correlated users and
differences with the active user) ranking the differences ascendingly

Figure 3.1. The suggested PCC-regression-based NN model

3.3.2. A novel technique for forecasting

Calculating the number of acceptable K neighbors is a key step in the K-NN
method. If K is small, it may lose several comparable neighbors. While many K allows
for selecting very different neighbors, this results in a decrease in the predictive accuracy
of recommendations. Thus, changing the value of K may aid in prediction accuracy
(Ricci, Shapira, and Rokach 2015)(Zeybek and KALELI 2018). As a result, our approach
utilizes a dynamic K value for NNs. A unique rating predictor based on the first accessible
rating from NN has been suggested to acquire NNs and arrange them ascendingly

according to the difference in the essential quality of a and his linked NN's.

After recognizing an active user's neighbors, one may anticipate the ratings of a to
item pi based on the first accessible rating from his neighbors. Eq. (3.5) illustrates the

formula for user-based model prediction.
Popi =Tupi © UE K—NN, andpi € I, (3.5)
Where:
Py pi: 18 the predicted rating value for an unrated item pi as determined by a.
Typi - is the u's rating value to pi.
K — NN,: denotes the set of a's k nearest neighbors.

I,: denotes goods that have been rated by u.
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Similarly, the technique is done to things rather than individuals in the item-based

approach.

3.4. Experiments and Analysis
We conducted experiments on the frequently used data sets to determine the
effectiveness of the proposed approach for finding NN and the proposed model for rating

prediction in the user-based and item-based CF algorithms.

3.4.1. Data sets

We evaluated our model's performance using the Movie Lens 100k (ML 100k),
Movie Lens IM (ML 1M), and Movie Lens 20M (ML 20M) datasets (Harper and Konstan
2015). The Group Lens Research Group compiled this dataset at the University of
Minnesota (http://www.grouplens.org) for the Movie Lens. At least twenty ratings are

assigned to each user. The datasets are described in the following manner:

ML100k dataset: This data set contains 100,000 ratings from 943 people for 1,682
movie. The grading scales range from 1 (worst-case scenario) to 5 (the best case). This

dataset 1s 93% sparse. The level of sparsity is determined by Eq. (3.6) (Veras De Sena
Rosa et al. 2020):

(3.6)

Sparsity = 100 « (1 — S

m+*n

Where n is the total number of items and m is the total number of users. Table 3.1
contains information about the remaining datasets. We studied the ML 20M dataset for
our suggested model. Simultaneously, we utilized the other data sets to make comparisons
to prior studies. St stands for star, U for the user, I for the item, R for rating, and spar for

sparsity.
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Table 3.1. Datasets Detail (movielens.umn.edu)

Name Scale U 1 R Spar (%)
ML 100K 1-5St 943 1682 100000 93.00
ML IM 1-5St 6040 3706 1000209 95.00
ML 20M 0.5-5St 7120 27278 1048575 99.00
User-based model ML 20M  0.5-5 St 1500 7500 676312 93.96
Item-based model ML 20M  0.5-5 St 7000 1500 781798 92.55

3.4.2. Items' and users' weight: Bayesian posterior mean method (BPM)

We require the weights of items as outcomes in the user-based regression model
and the weights of users as outputs in the item-based regression model. For those
purposes, we employed the Bayesian Posterior Mean technique (BPM). BPM is a
statistical theory based on Bayesian interpretation probability used to determine the
degree of confidence in an occurrence. The level of trust may be determined using prior
knowledge about the event or past experiments. The following formula is used to
determine the weight of each item mathematically (the item weight I, comparable to a

Bayesian posterior mean) (‘IMDb’ 2019):

he = (e ) + (om0 ) 3.7)

U;+min(U;) ) U;+min(U;) )
Where:
U;: The collection of all users who rated the item i.

min(U;): The minimal number of ratings necessary to include i in the specified

dataset.
y;: The item's mean rating, and
w: The average rating across a dataset.

While the following equation is used to determine the weight of each user:

U = (e ) + (o ) (3.8)

Iy+min(ly) Iy+min(ly) *

Where:
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1,: denotes the collection of items that are rated by u.

min (I,): the minimum wanted ratings from u to be involved in the dataset;
uu: the average of u's ratings; and

u: the average of all ratings in the dataset.

3.4.3. Evaluation metrics

It is very crucial to predict rating in machine learning models by evaluation metrics.
Three different assessment metrics are employed in this study to measure the performance
of prediction: Mean Absolute Error (MAE), Mean Square Error (MSE), and Root Mean

Square Error (RMSE), as mentioned in section 2.5.

3.4.4. Experimentation methodology

The tests have been performed on Movie Lens data sets. We have created the code
that controls our model using Python 3.9. It is executed on the Pycharm 2020.2.1
environment. We limited the subset of the ML-20M data set to avoid the data sparsity

problem, thereby lowering the complexity of the model and the amount of running time.

The first 1500 users with the greatest rating number in the user model set are
contained in this sub-set. The highest user owns 2711 ratings, and the lowest user has 190
ratings. We concentrate on the first 1500 items in the data set for the item-based model
with the highest rating. The top item has a rating of 3498, and the lowest item has a rating
of 165. Then, the BPM was determined for each user and item, and the average effect

(slope) of each entity was derived using a multi-regression coefficient value.

The weight of items must be measured in the user-based similarity model to
measure the influence of the user rating on the item weight. The weight of users is
calculated for the item-based similarity model. We apply the suggested K-NN rating
model on the specified sub-datasets for the rating prediction procedure. In the user-based
and item-based models, K has a dynamic value. Then, we utilized the prediction rating
model for 250 ratings from each user. We employed the same methods in the item-based

model.

To test the proposed model quality using the selected dataset, the NNs were

arranged according to:
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Firstly, the PCC degree of users /items with the active user /item, where PCC value
>=(.5. Secondly, the slope difference between the active user (item) and the NNs, where
the difference is <=0.5. Thirdly, the difference in R-Squared (R?) value between the active
user (item) and NNs where the difference is <=0.5; (R? is a mathematical pointer
expressing a relationship of the variance of a dependent variable specified in regression
analysis by the independent variable or variables. It explains to what range the variance
of one variable explains the variance of another variable (HAYES 2020)). Fourthly, the
variance in R-squared (R?) between the active user (item) and his correlated users (i.e.,
according to PCC and R?) where the difference is <=0.5. Finally, the proposed model

(PCC and regression) where the difference is <=0.5.

3.4.5. Results and discussion
The model's findings were studied and compared with various contemporary CF
similarity metrics to understand why the neighbor selection model is based on the PCC-

Slope.

First, we can see from the rating vectors of the nearest neighbors that resulting from
suggested models' that the current user has the same tastes as the NNs. They have similar
preferences and dislikes. The contemporary item in the item-based model has similar
rating values to its closest neighbors, indicating that the user likes the active item and its

similar items (its neighbors), as seen in Tables 3.2 and 3.3.

Table 3.2. A representative NN sample for a

a U1 U2 U3 U4
5 5 5 5 5
5 5 4.5 0 5
5 5 4 4 5
5 4.5 4 4 5

Table 3.3. A representative NN sample for I

I 12 I3 14

[ S N

4
4
4
4

W W W
[V T RN
O N N
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We hypothesize that by adding the value of significance of connected entities, we
may boost the information available to CF methods, get more suitable NNs, mitigate the
data sparsity, and improve RS accuracy. Thus, the first phase of our studies demonstrates
an increase in accuracy when our model is used for user-based rating prediction compared
to other models. We illustrate the difference in the prediction accuracy of user ratings as

compared to the specified models using an average MAE value of only ten users.

The experimental results validate the accuracy of our suggested NNs selection and
rating prediction approaches. As seen in Figure 3.2, our suggested model outperforms the
other models since it achieves the lowest MAE value with virtually all users; MAE=0.28
with U4, followed by the PCC+ Rsqr model. The PCC model records the worst MAE,

which is 0.68 for the same person.

PCC Rsqr slope PCC+Rsqr == PCCslope
0.800

0.700
0.600
E 0.500
-
0400
0300

0.200
Ul 02 10 U4 U Us U7 U8 U U0

Sample of users

Figure 3.2. MAE comparison between our user-based model and other models.

As aresult, we assert that relying only on the correlation model, slope value, or R-
squared value is insufficient for determining the proper neighbors in the RSs. Thus, by
combining the suggested model with conventional entity similarity, we enhanced the
amount of information in the CF method and verified our hypotheses. In the item-based
model, we achieved the same findings; our model remained to have the lowest MAE value

compared to the rest of the models (Figure 3.3).
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Figure 3.3. MAE comparison between our item-based model and other models.

Although we set 50 neighbors (K=50), neither the user-based nor the item-based

model's rating prediction value exceeded K=5.

Tables 3.4 and 3.5 detail the assessment criteria for the user- and item-based
models using the MAE, MSE, and RMSE. In both tables, our suggested models
outperform the other models in terms of prediction accuracy. M1: PCC; M2: R-sqr;
M3: slope; M4: PCC+Rsqr; and M5: PCC+slope.

Table 3.4. User sample and assessment metrics

« 0
S = S =

UMlT M2 M3 M4 M5 MI M2 M3 M4 M5 M1 M2 M3 M4 MS

RM
SE

1 06 06 06 04 03 05 05 04 04 04 07 07 06 06 06
2 06 06 06 05 04 06 06 05 06 04 07 08 07 08 0.6
3 07 07 06 05 04 06 06 05 06 05 08 08 07 07 07
4 06 06 06 05 04 07 06 06 06 05 08 08 07 08 07

5 06 05 06 06 05 07 05 04 05 04 08 07 06 07 07

Table 3.5. Sample of items and their evaluation metrics

MAE MSE RMSE
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I M1 M2 M3 M4 M5 M1 M2 M3 M4 MS5 M1 M2 M3 M4 MsS
110.6 0.6 0.6 0.6 0.4 0.6 0.7 0.7 0.7 0.5 08 08 08 0.7 0.7
21038 0.7 0.7 0.6 0.4 0.9 0.7 0.7 0.7 0.5 09 08 08 0.7 0.7
3106 0.5 0.5 0.6 0.5 0.6 0.6 0.6 0.6 0.5 08 0.8 08 0.7 0.7
4109 0.7 0.7 0.7 0.5 0.9 0.7 0.8 0.9 0.6 1.0 08 09 0.7 0.7
5106 0.6 0.6 0.6 0.5 0.7 0.7 0.7 0.7 0.6 08 08 08 0.8 0.7

Second, we contrast the user-based and item-based models. According to the

assessment metrics values, the accuracy of the user-based model surpasses the accuracy

of the item-based model, as the user-based model records MAE=0.497. In contrast, the

item-based model registers MAE=0.52 (Figure 3.4).

Figures 3.5 and 3.6 depict these comparative results in terms of MSE and RMSE.

As a result, we've decided to design an accurate recommendation system around users

0.525
0.520
0.515
0.510

'El. 0.505

o
0.500
0.495
0.490
0.485

rather than items.

Figure 3.4. MAE averages for user and item models
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Figure 3.5. MSE averages for user and item models
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Figure 3.6. RMSE averages for user and item models

As previously stated, several types of research have been conducted to increase the
efficiency of CF systems, whether by increasing the process of neighbor collecting or by
using current assessments of similarity. To demonstrate that the proposed technique
improves the accuracy of the CF algorithms' suggestions, we compared the

proposed method to earlier studies.

Wang et al. (2020) combined structural and rating-based similarity estimates in

their model (D. Wang, Yih, and Ventresca 2020). We compared our suggested models'
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precision and effectiveness to their model using the same number of movie lens data sets.
Tables (3.6 and 3.7) and figures (3.7-3.10) illustrate the findings.
Table 3.6. Comparison of the predictive accuracy of proposed models to that of contemporary CF

algorithms on the ML-100 K data set. MAE values are listed in descending order; our models are
highlighted in bold

Method Parameterization MAE RMSE

ItemKNNPearson K=60 0.736125 0.936507
ItemKNNAdjustedCosine K=60 0.733618 0.935528
ItemKNNPearsonReg K=60 0.733399 0.932648
ItemKNNAdjustedCosineReg K=60 0.729538 0.929991
ItemKNNBCosine K=25 0.725362 0.924898
BiasedMatrixFactorization num_factors = 40, bias_reg 0.721715 0.912668

=0.1, regu=1.0, reg_i =
1.2, learn_rate = 0.07,
num_iter = 100,

ItemKNNPearsonShrink K=40 0.718144 0.915559

ItemKNNAdjustedCosineShrink K=40 0.71739 0.91571

SigmoidUser AsymmetricFactorModel num_factors = 5, 0.71655 0.910353
regularization = 0.003,

bias_reg = 0.01, learn_rate
= 0.006, bias_learn_rate =
0.7,

SVDPlusPlus num_factors = 50, 0.715941 0.909214
regularization = 1, bias_reg
= 0.005, learn_rate = 0.01,
bias_learn_rate = 0.07,

ItemKNNCombined K=25 0.708815 0.909131
ItemKNNCombinedReg K=25 0.704588 0.903682
PCC-slope Item-based Dynamic K from1to 50  0.596141 0.7359
PCC-slope User-based Dynamic K from1to50  0.53 0.65
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Table 3.7. Comparison of the predictive accuracy of proposed models to that of contemporary CF
algorithms on the ML-1 M dataset. MAE values are listed in descending order; our models are highlighted
in bold.

Method Parameterization MAE RMSE
ItemKNNAdjustedCosine K =280 0.690876 0.87984
ItemKNNAdjustedCosine K=80 0.690622 0.879012

BiasedMatrixFactorization num_factors = 120, 0.675454 0.853102
bias_reg = 0.001,
regularization =
0.055, learn_rate =
0.07, num_iter =
100,

SVDPlusPlus num_factors = 20, 0.667725 0.853002
num_iter = 80, reg =
0.05, learn_rate =

0.005
ItemKNNCombinedReg K=20 0.664384 0.852439
ItemKNNCombined K=20 0.66427 0.852514
PCC-slope Item-based Dynamic K from 1  0.576141 0.7267
to 50
PCC-slope User-based Dynamic K from 1  0.526 0.68
to 50
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Figure 3.7. MAE comparison of suggested models to contemporary CF techniques on the ML-100 K
dataset
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Figure 3.9. MAE comparison of suggested models to contemporary CF techniques on the ML-IM
dataset
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Figure 3.10. RMSE comparison of suggested models to contemporary CF techniques on the ML-IM
dataset

As seen in the comparative tables and figures, our proposed models had reduced
MAE and RMSE values, with ML-100K having an MAE of 0.53 and an RMSE of 0.65.
MAE=0.52, RMSE=0.68 when using ML-1M.

3.5. Summary

RS is used to collect data on websites linked with the user's interests in various
products. It utilizes multiple online information sources to ascertain consumers'
preferences for certain goods; as such, it plays a critical role in the purchase of

commodities or services (Xiao et al. 2018).

The experimental findings indicate that the proposed model (PCC+ Slope model)
outperformed the other considered models. This finding emphasizes the critical nature of
including information about recommendation system entities to locate acceptable

neighbors and provide correct suggestions.

As aresult, we can conclude that the suggested model is selecting nearest neighbors
effectively and supporting the recommendation process correctly. Because our rating
prediction model requires a limited number of NN to calculate entity rating prediction,

the model's complexity and computational time are reduced.
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4. A SIMILARITY MEASURE MODEL BASED ON THE DISSIMILARITY
DEGREE BETWEEN USERS

Collaborative filtering is a frequently used technique for producing user-specific
services. This technique's essential component is recognizing comparable users or items
based on their correlations for the system to provide suggestions to users. The majority
of recommendation approaches used in conjunction with collaborative filtering
algorithms are based on conventional similarity metrics such as Pearson correlation
coefficient and cosine. While these approaches can produce accurate forecasts, they have
significant disadvantages, including scalability, locating neighbors, and dealing with the
cold-starting problem. This chapter introduced a user similarity metric that improves
suggestion accuracy by assessing how similar each user is even when just limited ratings

are available.

The proposed model considers just users' common ratings, as determined by the
fraction of different ratings and their maximum value. We conduct experiments on real
data sets and compare the results to numerous state-of-the-art similarity metrics. The
results demonstrate the suggested similarity model's superiority in neighbor matching,
performance accuracy, and resolving user cold-starting situations. Thus, this work
contributes to current research on the user cold-starting problem and assists in forming
appropriate neighbors in the user-based collaborative filtering technique based on the

suggested similarity measure.

4.1. Introduction

To build a good neighborhood, CF employs a range of similarities among users or
items. The fundamental regard of neighborhood-based CF algorithms is to discover the
similarity between users or items. The nearest neighbors (NN) are those users who have
the same interests. The CF algorithm relies only on the NNs preferences to predict the
target user ratings for a specific item instead of depending on the entire users' rating.
Therefore, for obtaining accurate prediction accuracy, it is imperative to choose the NN

carefully.

4.1.1. Problem Definition
Generally, K-NN-based CF algorithms set the neighborhood of an entity by
employing traditional similarities, like PCC, COS (X. Su and Khoshgoftaar 2009), and

ACOS measure (B. Sarwar et al. 2001). These similarity measures are work well at
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capturing entity relationships. Nevertheless, they have shortcomings in working with a
sparse dataset (Zeng et al. 2004), cold start (Middleton, Alani, and Roure 2002) problem,
and can provide undependable neighborhoods. Therefore, researchers recommend
various studies to enhance the CF algorithms' NN selection ability, besides improving the
correctness of predictions either by offering new similarity measures (Sun et al. 2012;
Jesis Bobadilla, Ortega, and Hernando 2012) or developing new prospects for NN
configuration (Bellogin and Pablo Castells 2009; Koren 2010).

4.1.2. Contributions

This chapter concentrates on prediction accuracy in memory-based CF algorithms,
the most extensively used algorithm in recommender systems (Gediminas, Manouselis,
and YoungOk Kwon 2011). The focus of CF is to measure similarities or relationships
among entities, i.e., users or items. Traditional similarity measures are not sufficient to
obtain similar users correctly, particularly for the cold start problem in C.F. Hence, it is

challenging to introduce a better accurate similarity measure CF-based RSs.

Although we have the same goal as previous researchers in finding a similarity
measure between users for the recommendation system, our research is different. The
proposed model determines the degree of difference or dissimilarities between users'
ratings in finding similarities. The dissimilarity degree is obtained by determining the
weight of the dissimilar ratings in the co-rated items and determining the most
considerable difference in the co-rated rating between users. To our knowledge, these

factors have not been addressed in the previous researches.

Additionally, the proposed model requires nothing more than user ratings that CF
systems essentially use. In contrast to most previous research that needs multiple
information to construct the similarity model, such as user context information, user
registration information, user general behavior information, and others. It strives to
promote recommendation performance when there are a small number of ratings in the
user record by forming a new similarity measure for CF systems based on the weight of
dissimilarity in the user rating vector. Thus, this study can be considered as
complementing existing researches on cold-start problems and forming suitable

neighbors in the user-based CF method based on this similarity measure.
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The main contributions of this research to the recommender system are the

following points:

1- Determining the degree of rating difference between pairs of users and the weight

of this difference according to the data set's highest rating value.

2- Building a new similarity measure model that can select the nearest neighbors

accurately and reliably by investing in the rating differences.

3- Enhancing recommendation performance in cold-starting situations, where only

a few ratings are available for similarity computation for each user.

4- Experimental analysis on two real-world data sets revealed that the newly
suggested similarity measure model surpasses the other traditional similarity measures in

prediction accuracy and recommendation quality by picking the appropriate neighbors.

4.2. A New Similarity Measure Model

We begin in this part by examining the limitations of existing similarity metrics.
Following that, we will discuss the motivations for and interpretation of the intended
similarity measure technique. Finally, we demonstrate the mathematical formalization of
the innovative similarity measure approach that we have proposed. We suppose that U =
{ful,u2 .. uN}and P = {p1,p2 ... pM} are referred to the collection of users and items,
respectively. The symbol R denotes the user-item rating matrix as R = (7; j))nxm 1=1,

2., N j=1,2., M.

4.2.1. The insufficiency of present similarity measures

The traditional similarity measures have some drawbacks. Researchers have
proposed many modifications to these scales to overcome these defects, including the
Constrained Pearson Correlation Coefficient (CPCC) (D. E. Chen 2009) to measure the

effect of positive and negative ratings.

If two people share a large number of goods, their similarities will be more realistic.
The weighted Pearson correlation coefficient (WPCC) and the sigmoid function based on
the Pearson correlation coefficient (SPCC) are provided for this purpose (J. L. Herlocker

et al. 1999). The WPCC and SPCC formulae are as shown below:
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; pcc 1
sim(u, v)wPec = § S )= an, I < H (4.1)
sim(u, v)P¢C, otherwise
1
sim(u, v)$PCC = sim(u, v)P<¢ - 1] (4.2)

Where: H is an experimental value (J. L. Herlocker et al. 1999).

Each user has a special rating style, some of them do not give a high rating even if
he prefers the item, and others provide a high rating even if he is not interested in the
item. This style does not account for the traditional cosine similarity (COS) method.
Therefore, the adjusted cosine measure (ACOS) (B. Sarwar et al. 2001) has been proposed
to process those drawbacks. The ACOS is described in Eq. (2.3).

Jaccard measure (Koutrika 2009) also is commonly used in the similarity measure.
According to the notion that people are more identical if they share a greater number of
ratings, this metric solely considers the number of shared ratings between users. It does
not, however, take into consideration the importance of ratings. But on the other side, the
mean squared difference (MSD) similarity metric (Cacheda et al. 2011) is concerned with
the value of the ratings, but it disregards the credibility of common ratings. The formulas

are as follows:

|, 0 ||
: Jaccard _ "U v
sim(u,v = 4.3
(,v) |1, UL (4.3)

. Zpel (Tu,p - rv,p)z
1]

sim(u, V)P =1 (4.4)

Where:
I, and I,: denotes the set of items rated by user u and v, respectively.

While new similarity criteria have been proposed and overcome some of the
problems of traditional similarity approaches, these similarity approaches have significant

drawbacks too.

This section will describe various similarity approaches and point out their

shortcomings. A user-item rating matrix is shown in Table 4.1.
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Table 4.1. A sample of the user-item rating matrix

1 12 I3 14
U1 4 3 5 4
U2 5 3 - -
u3 4 3 3 4
U4 2 1 - -
Us 4 2 - -

Within the practices, we assume four items (I) and five users (U). The notation
represents the rating matrix's missing ratings "-"; then, similarly with the similarity
metrics described previously, we calculate the similarities of users inside Table 4.1. The

results of the user similarity analysis in Table 4.1 are depicted in Table 4.2.

Table 4.2. The user similarity of Table 4.1 according to similarity measures

U2 U3 U4 Us U2 U3 U4 Us
U1 0.71 0.0 0.71 0.71 U1 1.0 0.58 -0.45 0.71
U2 1.0 1.0 1.0 U2 1.0 -0.45 0.71
U3 1.0 1.0 U3 -0.45 0.71
U4 1.0 U4 0.32
(a) PCC (b) CPCC
U2 u3 U4 us U2 U3 v4 Us
U1 0.52 0.0 0.52 0.52 U1 0.61 0.98 0.61 0.61
U2 0.73 0.73 0.73 U2 0.70 0.99 0.99
U3 0.73 0.73 U3 0.69 0.69
U4 0.73 U4 1.0
(c)SPCC (d) CoS
U2 U3 U4 Us U2 U3 U4 us
Ul | -0.363 0.0 -0.162 -0.316 U1 0.98 0.96 0.84 0.98
U2 0.171 0.077 0.77 U2 0.98 0.74 0.96
U3 0.224 0.224 U3 0.84 0.98
u4 0.1 U4 0.9
(e) ACOS (f) MSD
U2 U3 v4 uUs
U1 0.5 1.0 0.5 0.5
U2 0.5 1.0 1.0
U3 0.5 0.5
U4 1.0
(g) Jaccard

Due to the symmetry of the user similarity matrix, we can only provide partial

interpretations. The following are the primary disadvantages:
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1- Despite identical ratings by two people, there is little similarity.

According to PCC, Table 4.2(a) depicts the user correlation matrix. As seen in Table
4.1, the U1 and U3 have fairly comparable ratings. For U1 and U3, the rating vector is (4,
3,5, 4) and (4, 3, 3, 4), respectively. However, as seen in Table 4.2(a), the similarity
between these two users is zero. This disadvantage is still in the SPCC and the ACOS as
well (Table 4.2 (c) and (e)). The CPCC has marked a bit rise as the similarity is 0.577
(Table 4.2 (b)).

2- Disregarding the common rating proportion between users drives low similarity

accuracy.

MSD calculates the average disagreement between two users but ignores the
fraction of people that agree on a rating. As a result, this may account for the low
accuracy. The similarity between Ul and U2 is equal to 0.98, whereas Ul and U3 are
equal to 0.96. We can see that Ul and U3 should be more than or similar to the similarity

between Ul and U2, as the MSD does not consider the user's common rating proportion.

In Table 4.1, the common rating proportion between Ul and U2 is 1/3, while the
ratio is 1/2 between U1 and U3. The fraction of shared ratings is computed as the similar

ratings divided by the number of ratings for both users.

3- It is difficult to discover users' similarity degree when disregarding the value of

a common rating and depend only on the number of the common rating.

The Jaccard similarity studies the number of common ratings and does not examine
a common rating's value; this drives the inability to discover the users' similarity degree.
In Table 4.2 (g), we perceive that similarities: either 1.0 or 0.5. The similarity between
Ul and U2 is 0.5; because Ul rated four items, and U2 rated two items. While the
similarity between U2 and US is 1.0. Additionally, the similarity between U2 and U4 is

1.0 too, although the latter users should be lower similarity than the former users.

4.2.2. The motivations the proposed neighbor selection model
The drawbacks of conventional similarity metrics and processed variations are
discussed in Section 4.2.1. Many recommender systems allow users to evaluate a small

number of items. The insufficient amount of preferences results in incredibly low accurate
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likeness established in previous models. The proposed research proposes an enhanced

similarity measure model to increase the effectiveness of recommender systems.
The motivations for the new neighbor selection model are as follows:

- The similarity measure model examines the common dissimilar rating value, the
weight of the common different ratings, and the largest difference in the common

different ratings.

- Normalization and efficient merging of the standard association model with

additional association measure models are required.

4.2.3. Rating dissimilarity and largest difference similarity measure

We give the mathematical formalization of the proposed novel similarity measure
technique in this part. To penalize incorrect similarity and reward correct likeness, we
employ a linear function in our model. Moreover, we will call the new models RDLD
(Rating Dissimilarity and largest Difference). The RDLD similarity model can be

calculated as follows:

sim(u, V)RPLP = 1 — (wgp (w, v) * wyp(u, v)) 4.5)

Where: wgp (u, v) represents the dissimilarity weight of common rating between u
and user v. it is calculated as the Eq. (4.6):

# of dissimilar ratingpe;(Up,Vp)
#of I

Wep per (Up) Vp) = (4.6)

Where:

# of dissimilar ratingpe;(up, vp): Means the number of the rating of « on item

p that is not equal to the rating of user v on item p; i.e. ,, # 7,,; and
# of I : represents the number of common items or ratings.

The second part in the equation (4.5) is wyp (u, v) which represents the weight of

the largest difference between common dissimilar ratings. It is calculated as:

Max (ldif ferecepe;(up,vp)l)
Max rating in the data set

WLp pel (u,v) = “4.7)
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Where: Max (|dif ferece,e;(uy,, v,)|) means the maximum value of the absolute

difference or subtraction operation between dissimilar rating Max(|r,,, — 7,,); and

Max rating in the data set: represents the max rating in the dataset. For

example, the movie lens dataset's max rating is 5; in Yahoo! Music dataset is 100.

It is clear that the RDLD model is composed of two factors; the weight of unequal
or dissimilar ratings in common ratings and the importance of the largest difference in
those unequal ratings. Each part belongs to (0, 1) in this model. These two factors
composed the degree of difference or dissimilarity between users; thus, we can calculate
the similarity of users by subtracting their differences from one, as illustrated in Eq. (4.5).
The RDLD similarity value is between 0—1; the higher value indicates higher similarity.

Algorithm 4.1 displays the operations of the RDLD model and prediction methodology.

Algorithm 4.1: Recommendation procedure
Input: User rating

Output: Rating prediction B, ,

1- Divide the dataset into 80% from users as training users and 20% as testing users.

2- Select a user from the testing set as an active user u and their rating on p.

3- Determine the common items between users in the training set.

4- Count the number of dissimilar ratings in the common item ratings.

5- Calculate the dissimilarity weight in the common rating by Eq. (4.6) to
find (Wgp per (Up, Vp))-

6- Calculate the largest difference between dissimilar ratings by subtracting the
dissimilar common rating values between users; Max (7, — Typ);

7- Calculate the weight of step (6) by Eq. (4.7) to find w;p pe; (1, v).

8- Multiply the result in step (5) by the result in step (7) to obtain the dissimilarity
degree between users.

9- Apply the Eq. (4.5) to obtain the similarity value between users, i.e.
sim(u, v)RPLD,

10- Sort the users' similarities in descending order.

11- Calculate the rating prediction of u for p by applying the rating prediction model
(J. K. S. Al-safi and Kaleli 2021) in section 3.3.2.

12- Return the rating prediction value of u on p; B, ,,
END Procedure

In Section 4.2.1, we discussed the drawbacks of existing similarity metrics. We
demonstrate that the new similarity model (RDLD) can overcome these drawbacks, as in

Table 4.3.
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Table 4.3. The user similarity of Table 4.1 according to the RDLD similarity measure

U2 U3 U4 Us
U1 0.9 0.9 0.6 0.9
U2 0.9 0.4 0.8
U3 0.6 0.9
U4 0.6

First, we can see from Table 4.3 that U1 and U3 are identical to U1 and U2 because
they both have the same amount of different ratings. This difference is not accounted for
in the PCC, CPCC, SPCC, ACOS, and MSD similarity measures, implying that the
RDLD similarity measure can overcome poor similarity despite comparable evaluations

by two users.

Second, U3 and US are more comparable than U4 and US5; this is not discovered
using COS, ACOS, Jaccard, or JMSD. Thus, this demonstrates that the RDLD similarity

measure may avoid this error.

Third, if there is a significant disparity in two users' ratings, the similarity will be
rather small. For instance, the similarity between U2 and U4 is rather low; it is around
0.4. It is the user similarity matrix's lowest similarity. Indeed, as seen in Table 4.1, they
share the least resemblance. However, the RDLD model takes note of this small

resemblance as well.

4.3. Experiments

The tests were conducted using the Movie Lens and Yahoo! Music datasets to
determine the effectiveness of the proposed NN selection model in the RDLD. The trials
assessed the accuracy of RDLD for users and analyzed user cold-starting scenarios.

Additionally, the RDLD model is compared to existing CF methods.

The performance evaluation of the given model has been done on the following data
sets: Movie Lens (ML-20M) and Yahoo! Music. The information of the movie lens
datasets is described in section 3.4.1; while information of the Yahoo! Music dataset is

shown in Table 4.4. (The int: integer)
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Table 4.4. Data sets Detail (http://research.yahoo.com)

Name S U | R Spar (%)
Yahoo! Music 1-100int 1,948,882 98,211 11,557,943 99.993
User-based model Yahoo! Music 1-100 int 1,500 13,000 400,000 97.94

The ML-20M data set comprises the first 1500 users in the data set with the highest
ratings. The highest-rated individual has 2711 ratings; the lowest-rated individual has 190
ratings. While the Yahoo! Music dataset also includes the first 1500 users, the highest-

rated user has 4,966 ratings, while the lowest-rated person has 108 ratings.

Performance measures control the suggested method in real conditions or get on for
real specific data. In our experiment, we used prediction performance measures.
Numerous measures are utilized to assess system performance. They often choose to
estimate the system's accuracy by determining the accuracy of computed predictions
related to genuine user ratings. The popular way to assess accuracy is based on a statistical
metric, like MAE and RMSE, to estimate the prediction performance as described in

section 2.5.

4.3.1. Experiment methodology

The ML 20M dataset was randomly divided into 20% of users as a testing set and
the remaining as a training set in all experiments. Then, we randomly selected 150 ratings
from each test user and replaced their value with 0. We measured prediction accuracy
using a prediction model proposed in (J. K. S. Al-safi and Kaleli 2021), with K ranging
from 1 to 50.

4.3.2. Results and discussion

Many performances were shown to demonstrate the effectiveness of the RDLD
similarity measure concentrating on examining recommendation performance on
selecting proper neighbors and new user cold-starting situations. In the first experiment,
the RDLD is compared to the PCC and COS measures in terms of the largest difference
(LD) value and MAE. The RDLD is then compared against a variety of memory- and
model-based methods. The second experiment simulates artificial cold starts and
evaluates the results of the metric mentioned above. Among the most important steps that

affect the CF algorithms' performance are selecting appropriate neighbors and predicting
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the user ratings correctly. We will evaluate the performance of our model according to

these two steps.
1- Experiments over full selected ratings

We applied a prediction model that relies on a dynamic value for K to improve

prediction accuracy and increase recommendations' correctness.
- Comparison analysis of the largest difference (LD) value between ratings:

Intending to illustrate how the RDLD model supports improving NN size and
quality, we presented the NN analysis on RDLD and the traditional similarity measures
like PCC, and COS, according to the LD value in common rating value between users.
Firstly, we calculated the LD value in common rating between users on the ML-20M data
set. Secondly, we applied RDLD on this dataset to measure the similarity between users,
and we sorted this similarity in descending order. Thirdly, we summarized the first 50-
NN for the active user and recorded their LD value according to the sorted similarity
value with other users. Then, we recurred the same steps for PCC and COS similarity
measures. We demonstrate this for one user to facilitate the operation explanation. The

outcomes are represented in Figure 4.1.

—$=RDLD —8—PCC COSs

3.5

NN

Figure 4.1. Largest difference (LD) with NN on ML-20M dataset

In figure 4.1, we can note that the RDLD model chose appropriate and closer
neighbors that are not different from the active user in the ratings; the LD value falls in

the interval (0, 1) for most of the closest neighbors selected at the head of the NN list.
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The LD exceeded one in 4 of 50 chosen neighbors at the NN list's tail in the neighbors
who follow the 30"-ranked neighbor.

On the other hand, the COS model selected NN who have LD=0.5 to 1.5. However,
as average, the RDLD model scored LD= 0.85/5 between the active user and their closest
neighbors. COS follows it with LD=1.09/5 and LD=1.23/5 for PCC models. Thus, RDLD
overcomes the traditional models in selecting suitable NN. However, The PCC model is
the worst model for selecting NN. Consequently, Figure 4.2 shows the sequence of
neighbors for a specific user with the LD's value in the common ratings on the Yahoo!

music data set.
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Figure 4.2. Largest difference (LD) with NN on Yahoo! music dataset

From Figure 4.2, we can perceive that the model RDLD succeeded in selecting the
correct and appropriate neighbors regularly, as the selected first neighbor has LD= 0. The
selected second neighbor has only 10 out of 100 (100 is the largest rating value in the
music dataset), and the LD continued to increase regularly until the last neighbors, i.e.,
the fiftieth neighbor, where the last neighbor scored 81 out of 100 as the largest LD with
the same specific user. While the models PCC and COS are troubled in selecting the right
neighbors. According to the PCC similarity measures, the target user's first neighbor is
different from the target user by LD=30 and the second neighbor by LD=50. The
differences in LD values were irregular until the last neighbor. We can notice the same

problem with the COS model, where the first neighbor recorded LD=30. The neighbor's
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selection process is continued with unstable differences in LD value, as the selected
neighbor who has the value of LD =0 is selected at the 26™ and 18™ position in PCC, and
COS respectively. Nevertheless, with the RDLD model, the first selected neighbor has
the value of the LD =0 with the target user.

Therefore, as average, the RDLD model scored LD=48/100 between the active user
and their closest neighbors. It is followed by the COS model with LD=54.86/100, then
and LD=58.76 for PCC models, respectively. However, compared with the ML-20 M
data set, from 5-stars ratings, the Yahoo! music data set's results will be as: RDLD model
scored LD=2.4/5, COS with LD=2.743/5, finally the PCC with LD=2.938/5. The LD.
values with the ML-20 M dataset are less than in Yahoo! music dataset. Thus, the
prediction accuracy with the ML-20M dataset might be better than with Yahoo! music
dataset. Consequently, the results demonstrate the ability of the RDLD model to select

the right neighborhood.
- Comparison analysis of MAE:

We want to improve the prediction accuracy of RSs. We checked the RDLD
model's achievements and the traditional similarity models according to the absolute error
(AE) in rating prediction. Firstly, in the experiments, we measured the similarity between
users according to the RDLD, PCC, and COS to select NNs. Then, we calculated the
rating prediction of these models according to the prediction mentioned above model.
Finally, we summarized the AE for each rating prediction. We show this procedure for a
user to describe the guesses of models clearly. We introduced the results of the ML-20M

data set for the models mentioned above in Figure 4.3.
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Figure 4.3. AE for a user in ML-20M dataset

From the results, we note that the RDLD similarity model has remarkable
improvement. It obtains the lowest AE value than the other similarity measures. The AE
value in the RDLD model fall between O to 1 values, followed by the COS model, which
is fall O to 2 as AE While, in the PCC model, the AE value falls between O to 4. On
average, the MAE and RMSE of the tested users are 0.493 and 0.6733 respectively by the
RDLD model, which is the best. At the same time, MAE is 0.63 by COS similarity
measure. However, PCC recorded 0.696 and 0.8355 as MAE and RMSE values,
respectively; it is the worst model, as illustrated in Figures 4.4 and 4.5. That is because
similarity measure models are sensitive to the unsuitable neighbors, where the similarity

value between two users is high, but their favorites are not alike in reality.
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Figure 4.5. RMSE of models on ML-20M dataset

Figure 4.6 shows the AE value of a user on 50 items on Yahoo! music dataset.
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Figure 4.6. AE for a user on Yahoo! music dataset

From Figure 4.6, we can understand that the RDLD model maintained an advanced
level in the AE value, as it scored a low value compared to the rest of the models. It
ranged from 0 to 33/100 in the RDLD model, while the COS model came in the second
stage with an AE value ranging from 0 to 40/100. Accordingly, the PCC model was
ranked the third stage, as the AE values reached 81/100.

Thus, as average, the MAE is 0.537 in the RDLD model. It is 0.69, 0.76 in COS,
and PCC, respectively (Figure 4.7)). Hence, the RMSE value of the RDLD model is
0.726. It is the best among the tested models, as illustrated in Figure 4.8.
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Figure 4.7. MAE of models on Yahoo! music dataset
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Figure 4.8. RMSE of models on Yahoo! music dataset.

In this part, we compared our model with some memory-based and model-based
algorithms listed in (‘Surprise Prediction algorithms Package’ 2020), including singular
value decomposition (SVD), the CF, and other algorithms. These models contain
different similarity measures and multiple prediction algorithms. In these algorithms, a

fixed neighborhood size has been established that contains 50 neighbors.

Firstly, we applied these algorithms on the ML-20m dataset to find similarities
between users in the experiments. Secondly, we applied different ratings prediction
models on these similarities. Finally, we measured MAE and RMSE for tested users.
Except for the RDLD model, which is based on dynamic k value, all models are based on

K=50. The outcomes are represented in Figures 4.9 and 4.10.

We note that the RDLD gains better MAE than all other similarity measures. The
second-lowest MAE value records by the K-NN Baseline algorithm is 0.644. At the same
time, the Normal Predictor algorithm recorded the highest MAE value, MAE=1.15,
followed by 0.701 and 0.685 by the Co-clustering and K-NN Basic algorithm (the
traditional prediction algorithm in the CF algorithm), respectively. Similarly, with the
RMSE evaluation metric, the RDLD surpasses all other similarity measures, followed by

the SVD algorithm with RMSE=0.833.
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Figure 4.10. RMSE of other models on ML-20M dataset

Also, on the Yahoo! music dataset, the RDLD model scored first, with the lowest
MAE and RMSE. Generally, the K-NN Basic algorithm recorded high MAE and RMSE,
i.e., 0.895 and 1.251, respectively, as shown in the two figures (4.11 and 4.12).
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Figure 4.11. MAE of other models on Yahoo! music dataset
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Figure 4.12. RMSE of other models on Yahoo! music dataset

Therefore, according to the MAE and RMSE evaluation criteria values, the RDLD
model defeats some model-based algorithms such as SVD and NMF, and the memory-

based algorithms such as K-NN Basic and K-NN baseline.
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2- Experiments over cold-start user

Because the RDLD model was developed to improve recommendation quality in
cold-start scenarios, we evaluated simulated new user cold-start conditions by allowing
the similarity measure model to exercise a limited number of ratings for each user. The
number of ratings included in the similarity calculation was increased from two to twenty.
The prediction and MAE calculation were performed by RDLD, PCC, COS similarity
measures, and the remainder algorithms on the selected datasets for each number of
ratings. The RDLD, PCC, and COS model outcomes are decisive for the RDLD measure
(Figures (4.13 and 4.14)).
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Figure 4.13. MAE of new user cold-start experiments on ML-20M dataset
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Figure 4.14. MAE of new user cold-start experiments on Yahoo! Music dataset
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First, for both datasets, RDLD presents the best performance with the lowest MAE

over several ratings trained.

Second, it is noticed that COS's performance regularly improves and approximates
RDLD at some rating level; this is compatible with the result produced from the full rating

analysis. In all steps, the RDLD model is followed by the COS for the best performance.

As a consequence of these findings, it can be concluded that the RDLD measure
outperforms the other two similarity measures in cold-start scenarios. The RDLD model's

dominance is proceeding, especially when the ratings are from 10 to 20 in both datasets.

For the remainder algorithms, the results are presented in Figures (4.15) and (4.16).
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Figure 4.15. MAE of new user cold-start experiments on Movie Lens dataset by a group of algorithms
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Figure 4.16. MAE of new user cold-start experiments on Yahoo! Music dataset by a group of algorithms

The RDLD model achieves the best performance. It outperforms other measures at
all levels of multiple ratings by new users, implying that the RDLD model can be effective

in most practical situations, even with a small number of ratings from new users.

3- Comparison to modern CF algorithms
To clarify the effect of the proposed similarity measure model in this research, this
model is compared with the algorithms in the literature of (X. He and Jin 2019), (S. Li
and Li 2020), and (Ayub et al. 2020). We compared all of the research using the same
data set (ML-100k) and the same performance metric; the MAE. Therefore, we calculated
the MAE value for the same dataset by our proposed model and compared it with the

previous research; all details and results are listed in Table 4.5.

Table 4.5 shows how many K neighbors were tested in each research, the number
of neighbors at which the best error value was recorded, and the indicated model's best

MAE value.
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Table 4.5. Comparison of literature's details

Literatures K Min MAE at Min MAE
(Ayub et al. 2020) R_J Th<0.3 5to 50 k=10 0.9

(Ayub et al. 2020) R_J_RPB 5050 k=10 0.88

(S. Li and Li 2020) 10 to 50 k=10 0.78

(X. He and Jin 2019) 20 to 100 k=100 0.75
RDLD Dynamic 1 to 50  0<k<8 0.538

From Table 4.5, the results illustrate the precedence of RDLD, not only in the MAE
value but also in the number of neighbors it takes to predict the similar to correct rating;

this indicates that the RDLD model has chosen the right neighbors.

4.4. Summary

Nowadays, most people own smartphones, tablets, and computers to access social
network sites, shopping, and e-commerce sites. However, the proliferation of information
and goods leaves people perplexed. Consumers must spend considerable time exploring
for something they want. Even so, users may not be able to obtain the satisfactory results
of their aspirations. Hence, it is helpful to have users' behavior tracking services available
on social networks and online shopping sites. In this regard, a system has been used that
provides customized services to users by analyzing their behavior, called a
recommendation system (RS). It tries to identify a user's current favorites or anticipate a

certain item's rating (Jain et al. 2015; Asanov 2011).

To summarize, experimental data indicate that the RDLD model outperforms all
other models evaluated in this chapter. These experiments prove the RDLD effectiveness
in identifies the similarities between users based on only common rating and small
neighborhood size. Therefore, the RDLD and the applied rating prediction model succeed

in selecting suitable neighbors and obtaining accurate rating predictions.
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S. A MEASURE OF USER SIMILARITY BASED ON ITEM GENRE

Collaborative filtering is a method used by recommendation systems that predicts
and suggests things of interest to the user. Because users' emotions vary, relying on user
ratings for items may result in incorrect suggestions. As a result, it is critical to introduce
a new similarity metric that improves suggestion accuracy even when consumers leave
little reviews. Thus, this chapter offers a user similarity measure method that uses item
genre as additional information to provide more accurate suggestions. This algorithm
establishes a link between users based on item genre information, identifies the current
user's most related neighbors in each genre, and generates a list of the active user's final
nearest neighbors. They share his taste across all genres. Finally, it uses a defined

prediction technique to forecast the active-user rating of goods.

Additionally, to offer a solution to the user cold-start problem by utilizing the "Ask-
to-rate" technique/adaptive approach as a fundamental notion, the new user's chosen item
genre is elicited. Then the top-k users who like the same genre are suggested to be the
new user's nearest neighbors. To quantify accuracy, we propose two additional
assessment criteria: rating level and user reliability at that rating level. We validate the
suggested technique using real-world data sets. The empirical findings demonstrate that
the proposed method outperforms several current collaborative filtering techniques in

terms of projected rating accuracy, rating level, and inter-user reliability.

5.1. Introduction

Despite numerous studies and analyses on the user-user and item-item CF similarity
measures, these measures did not infer sufficient similarity in some cases. Standard CF
algorithms offer recommendations employing user' ratings for items regardless of the
effect of many features on user similarity (Koren, Bell, and Volinsky 2009) and item
similarity (B. Sarwar et al. 2001). It is essential to find a similarity measure based on the
actual preferences of users rather than the users' rating value. Therefore, researchers are
considering the effect of item characteristics on the recommendation accuracy of RSs
(Choi, Ko, and Han 2012; Santos, Goularte, and Manzato 2014; Soares and Viana 2015).
A model that mixes the item-based CF information content is introduced by (Q. Li and
Kim 2003). They created a clustering method based on this mixed information. The K-

mean clustering model and weighted deviations were used to determine the closest
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neighbors, then calculated the rating prediction for unrated items. In (K. R. Kim and
Moon 2012), the authors formed a special RS by analyzing the item genre relationship
and user-preferred genres. The Pearson correlation coefficient (PCC) and clustering
approaches are used to calculate genre similarity. Then, the model can suggest a

recommended genre to the active user.

However, the CF algorithms suffer from several obstacles, and the popular ones are
data sparsity and user cold-start. A new user with no rating is called "Pure new user". An
increased number of new users and multiple less-active users joining up for e-commerce
sites in all applications cause real difficulty for the existing recommendation algorithms
(Al-Shamri and Bharadwaj 2008). At the same time, the problem with the cold item
occurs by the lack of ratings for the new item (Ahn 2006; Middleton, Alani, and Roure
2002). Depending on CF, the user cannot receive any recommendations from the system
(Rashid et al. 2002; Ren et al. 2008). Acceptable recommendation quality cannot be

obtained when little or no information is available (Ahn. 2008).

Recent literature indicates that many RS' problems have been approached through
various hybrid ways, including side information to determine users' interests and
purchasing habits (C. Li et al. 2015). The study (H. N. Kim et al. 2010) presented a
method based on exploiting collaborative tagging as supporting information to extract the

users' tastes for the items. This study overcame the user cold-start and sparsity problems.

Regardless of many solutions proposed to solve the user cold-start and sparsity
problems, such as (Subramaniyaswamy and Logesh 2017), (C. Y. Liu et al. 2018), and
(Zare et al. 2019), most of these solutions rely only on user ratings rather than the actual
user's preferences for items. Therefore, there is indeed a deficiency of features upon
which users' similarity is determined. Similarity metrics should not be limited to users'
ratings of specific things or matching their primary demographic data. There is a pressing
need to examine additional and diverse features that adequately describe individuals
across several domains. In this chapter, the fundamental objective is to create a new
similarity measure by measuring the similarity between users based on preferred item
genres. Furthermore, enhancing the prediction accuracy of RSs, and solving user cold-

start problems.
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5.1.1. Problem definition

According to (C. Y. Liu et al. 2018) research, users' preferences are not fixed and
indicate fluctuations in their preferences for items. Hence it is not easy to find a similarity
method that matches all user behaviors. Item genre-based for user similarity is not widely
explored in the recommendation systems. Furthermore, the traditional similarity
measures do not predict accurate recommendations for new users or items, and they are
less effective for sparse datasets (Subramaniyaswamy and Logesh 2017; Zare et al. 2019).
Initially, a precise similarity measure can be configured between users depending on the
user's preferences for the item's genres. Our research experiments based on a movie lens
(Harper and Konstan 2015) and yahoo music data sets looked at user preference for
movie/ music genres. Some movies have multiple genres; as in Figure 5.1, two users, ul,
and u2 are highly equivalent in their choices and ratings of action, fantasy, adventure, and
horror. At the same time, they are different in their choices in the comedy and drama

movie genre. Consequently, this is related to their personalities.

u: user
p: item

Ve

’ ' ‘ Y
Comedy |Acﬁcm | |Drma | |Famas\' | |.-\dranture| Horror

Genres

Figure 5.1. Example of user preferences for movie genres

Traditional similarity algorithms hold all ul and u2 ratings collectively. Calculating
their similarity shows that their relationship is medium because of their remarkable
similarity in action, fantasy, adventure, horror movie genre, and weak similarity in
comedy and drama. Hence, the results fail to show that their preferences on many movie
genres are notably significant and reasonably weak on the other genres. Thus, the
traditional similarity algorithms are incapable of representing the different choices
between the multiple interest users. A similar rating might not mean similarity in actual
preferences. Therefore, relying solely on user ratings may produce incorrect similarity
rates between users or items. Watchers can frequently imagine the movie's story and spirit

through its genre(s); hence, the movie’s genre guides viewers’ attention and helps them
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decide whether or not to attend it (Choi, Ko, and Han 2012). Accordingly, extracting
critical choices and contextual information from the users' profiles is essential to
establishing vital similarity metrics among users. Therefore, we planned to solve this

problem.

5.1.2. Novelty

Since most of the dataset is sparse (Qian et al. 2014; Y. Zhang and Song 2009),
efficient solutions should avoid the sparsity problem and not rely entirely on user ratings.
Therefore, to increase recommendation accuracy, dominate the user cold-start and data
sparsity problems, a user-based similarity model according to the user's preference for the
item genre has been suggested. The novelty of the proposed similarity measure is
represented by measuring the user's average preference for a specific genre. Firstly, we
calculated the average of the active user' ratings for items in his preferred genres;
secondly, computing users' similarity by comparing the average user preferences across
genres. Then, by specifying the target user's initial neighbors in each genre based on a
certain similarity threshold with other users, we can create the target user's initial
neighbors list. Then, extracting users who share the target user's tastes across all of his

preferred genres, created the target user's final neighbors' list.

Besides, we follow the "Ask-to-rate" technique/ adaptive method (Nadimi-Shahraki
and Bahadorpour 2014) for proposing the user cold-start solution. The novelty in this
solution is that the system will ask the new user to answer the "What is your preferred
genre" question during the registration process instead of forcing him to rate pre-defined
items. According to the user answer, the system will select the highest average' users in
that genre to be the nearest neighbors for this new user. The system thus begins creating

a profile for this new user.

5.1.3. Research contribution

Unlike algorithms that solely rely on user ratings for items, we seek to develop a
similarity measure that incorporates user interest and identifies user-suitable neighbors.
Since specialists in the relevant item field handle the item genre information, the genre is
regarded as reliable information used to identify user similarities and resolve user cold-
start issues. The proposed technique computes users' average preference for each item
genre and identifies nearest neighbors in each genre based on a user similarity threshold

value. By intersecting user preferences per genre, it determines neighbors who share the
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same taste across genres and considers them the ultimate neighbors for the current user.
Additionally, we present a system to the new user by focusing on the "Ask-to-rate"
technique/adaptive method (Nadimi-Shahraki and Bahadorpour 2014), distinct from
previous approaches. The system inquiries about the new user's favorite genre instead of
rating pre-defined items. We applied our method to real data sets and performed different
experiments to verify the suggested method's accuracy and efficacy in picking neighbors
and resolving the user cold-start problem. When compared to past baseline procedures,

our novel approach consistently generates superior results.

This research aims to develop an effective user similarity metric depending on the
user request for item genre and a solution to the user's cold-start issue. The essential

contributions of this article are:

- Suggesting a model for measuring users' similarity according to their general
preference for item genres;

- Introducing an "Ask-to-rate" methodology for resolving the new user problem;

- Proposing new evaluation criteria: level of predicted ratings and users'
reliability;

- We prepared a detailed analysis to verify our presumption that the suggested

model exceeds the current CF algorithms.

5.2. Proposed Model

A user-based relationship analysis model has been offered based on the item genres.
The current CF-based approaches cannot suggest items for the users with acceptable
accuracy since a data set sparsity is high. Therefore, they offer undesirable
recommendations, in particular, for the user's cold-start situation. To rectify this
difficulty, we aimed to define the relationship between users by exploiting the item genre
information, which appears confident in robust relationship measurement even between

cold-start users with reasonable error value in the sparse data set.

As explained before, examining only users’ ratings to find similarities between
users does not consistently deliver accurate recommendations. Two users might rate the
same movie with the same rating for multiple reasons, which differ from one user to

another, which may be due to his desire for the movie genre or because he prefers the
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movie's actor and other reasons. Therefore, the similarity method must expose the actual

user preferences.

5.2.1. User-based similarity measure using item genres information

This section includes a user-based similarity measure model, defined from users'
preferences for item genres. In this model, the classifications of users have been prepared
according to their preferences for item genres. Then, the similarity between users is
determined according to the average user rating for the item genres, so it is called the

user-genre similarity model (UGSM), as illustrated in Figure 5.2.

As aresult of classifying users according to their favorite item genres, we construct
Table 5.1, representing a sample of five users and their preferred genres. Assume that U=
{ul, u2... un} represents the set of users, and G= {gl, g2... gs} represents the collection
of genres, and p= {pl, p2... pm} is a set of common items. The item genres in Table 5.1
refer to the movie genres identified in the movie lens dataset (Harper and Konstan 2015),

and the values represent the average users rating to their preferred genres.
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Figure 5.2. Proposed model flowchart for regular users

Table 5.1. Users (u) and their mean rating on preferred Item genres (g)

g name ul u2 ul ud us
gl: Action|Comedy|Sci-Fi|Thriller 4 5 3 5 3
g2: Action|Thriller 3 5 0 3 3
£3: Adventure|Animation|Children 0 4 0 4 3
g4: Comedy 35 4 5 3 5
g5: Adventure 5 0 35 4 5

From Table 5.1, it is clear that an item may be related to multiple genres, and the
user preferences differ from one genre to another. Selecting an active user
particular genre means the user prefers that genre. Therefore, there are remarkable
opportunities for two users to be highly similar when they like the same genres. The

essence of the memory-based CF algorithms is calculating the actual similarity between
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entities for selecting proper neighbors. Thus, in addition to the rating prediction phase,

the proposed similarity metric involves four significant steps:

Step 1: Building a genre rating <uxg> matrix from the master data set, including

(u-id, i-id, r, i-g) by calculating the user preference average per item genre (g).

Step 2: Finding the similarity between the users' preferences per genre using Eq.

(5.1). A slight difference indicates a significant similarity.
diff(a,w) =lavrrgy; — avrry 4; | © a,anduipreferred g; (5.1
Where:
i=I..,n,andj=1..., s.

dif f (a,u;): represents the degree of difference between a and u preference for the

same genre g. A smaller value means more significant similarity between users.
avr rq 4;: represents the average ratings of a to g;.

avr ry; gj: represents the average ratings of ui to g;.

Users similarity is calculated as the absolute difference between users rating'

average for the same genre.

Step 3: Finding the nearest neighbors (K-NN) for each user per genre by arranging

the difference values in the preferences rate in ascending order.

Step 4: Find the final nearest neighbors (NNf) for the active user by intersecting K-
NN groups in the previous step to get the neighbors who share all their preferences with

the active user, according to Eq. (5.2).

annf =  Agnn,gr N Arnngj (5.2)
Where:
ayyy: It is the final a’s NN,

agnn,g1: It is the K-NN for a in the first common genre; g1.

agnn,g;j - Itis the K-NN for a in the j common genre.
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In fact, as display in Table 5.1, if two users are similar to each other in their
preference for a genre, they may differ for different genres. Therefore, the similarity
model must carefully choose a similar neighbor to a in his preferences for all genres.
Accordingly, the UGSM includes an intersection process among the first K-NN in all

genres to find a's closest neighbors similar to a in all preferences.

Each a will have several neighbors, which differs from another a. The reason for
that is, the intersection process will keep users who are similar with a in all genres. Thus,
the results of the intersection process among users vary from one a to another. For
example, the first a might get 40 NNf, while the second a might get only 35. If the
similarity value among a and many neighbors is equal, to form the ayy, these neighbors
are arranged in descending order according to the number of common genres shared
with a. To maintain the most significant number of neighbors sharing one or more genres

with the active user, the proposed model includes the following process:
If agnngr N arnngj = 3 then, ayny = arungr N Arnngj—1  €lse
annyg = AgNN,g1-
Step 5: The active user rating prediction process.

To recommend the correct items to the active user, the final step in the proposed
model is the active user rating prediction. The proposed model relied on the prediction
model proposed in (J. K. S. Al-safi and Kaleli 2021); as illustrated in section 3.3.2. His
final neighbors' average aggregate rating differences are ordered in descending order to

establish the proper neighborhood's ranking.

5.2.2. User cold-start proposed solution

The second part of the proposed model includes a solution to the user's cold-start
problem. Following the "Ask-to-rate" technique/ adaptive method (Nadimi-Shahraki and
Bahadorpour 2014). We presume that when a new user registers with the system, the
system asks them to choose their favorite genre. The system then recommends the top-k

individuals who rated the same genre as this user's nearest neighbors.

Assume that vy; represent column vectors for each gj. Each vector contains

average user ratings who preferred gj i.e. avr r, 4; sorted in descending order:
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Vgj = [avr 7‘u.gj]t

Then, assume that Index vy; represents column vectors for each vy;. Index vy;

Contain the index order of users who preferred gj:
Index vy; = [index1u,index2 u,index3u,...]*

The K-NN for the new user is the first K-indexed user from Index vgj; who

preferred the same genre. The items preferred by these neighbors will be suggested to the

new user.

5.2.3. An illustrative example of the proposed algorithm

For elucidation, the following example explains the UGSM similarity measure
model: Assume that we have five users (ul, u2, u3, u4, and u5) and five genres (g1, g2,
g3, g4, and g5). Based on Table 5.1 and Eq. (5.2). The differences in values between the
five users are shown in Table 5.2. The symbol "-" denotes the value of the difference

between two users on the uncommon genre.

Table 5.2. Differences between 5 users according to 5 preferred genres

o1 ul w2 3 4 s 2 ul 2 w3 4 Jus
ul 1 2 1 2 ul [0 2 - 0 0
u2 |l 0 D 0 D w2 P 0 - D 2
u3 2 2 0 2 0 w3 | - 0 - -
ud |1 0 2 0 2 w4 [0 2 - 0 0
us P > b 2 0 us 0 2 : 0 0
g3 ul w2 w3 w4 s g4 ul u2 u3 u4 us
ul [0 - - - ul 0 05 15 s |15
w2 | 0 - 0 1 w2 05 1 2 1
ud | - 0 - - w3 15 i 0 2 0
ud | 0 - 0 1 ud 0.5 2 0 2
us | 1 - 1 0 us 15 i 0 D 0
es ul u2 u3 u4 us
ul 0 - 15 | 0
u2 - - - -
w15 | 0 05 |i5
ud |1 - 0.5
us o - 15 |
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Then, we find the first 3-NN for u/, like in Table 5.3.

Table 5.3. First 3-NN for ul

gl g2 g4 g5
u2 u4 u2 us
u4 us u4 u4
us u2 us u3

Accordingly, from Table 5.3, for ul first 3-NN in gl are u2, u4, and u5. In g2 are
u4, u5, and u2, and so on. Therefore, based on Eq. (5.3), the final list for ul NN (ul NNf)
contains only u4 and u5. In the prediction process, the predicted rating will be based on
u4 firstly because the average difference between ul and u4 is 0.625, with u5 is 0.87.
However, if there is an unrated item in the u4 profile, the prediction operation will be

based on u$5 ratings.

The following example explains our proposed solution for the user cold-start
problem: the system asks the user to specify his preferred genre; assume that the new user

chooses the "Drama" genre;

t
Ubrama = [avr ru,Drama] > Uprama = [5’5’4’4’4’3’3’3]1:
And
Index Vpgrmq = [u10,u8 ,u25,u22,u100,u52,u84,u2]t

Which mean avr 7,10 prama = 5, AVg Tugprama = 9 AVT Ty25prama = 4; and
so on. Consequently, new useryyy=[ul0,u8 ,u25,u22,u100,u52,u84,u2]t. Then,

the system suggests the elements that these neighbors preferred to the new user.

5.2.4. Proposed evaluation metrics

- Predicted rating level (P. L.)

Since we endeavor to improve the accuracy of RSs, we suggested a new evaluation

measure named predicted rating level determination, which divides the ratings into:

e The positive level (POS) is represented when the rating r
> (max/2); where "max" means the maximum score
rating in the data set.

e The average level (AVG) when r= (max/2); and

e The negative level (NEG) when r< (max/2).
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We suppose that if the predicted and original ratings are both at the same level, the
proposed model's outputs are accurate. The model can select an appropriate

neighborhood.
- Communities reliability level (Rel. L.)

We strive to quantify community reliability. As a result, we presented a new
measure of reliability based on the ratio of common ratings with a similar rating level
between the active user and his neighbors to the total number of common ratings. A high

value indicates better reliability. The reliability can be obtained from Eq. (5.3):

Reliability (a,u;) = #I(a;ji(tﬁjﬂui (5.3)

Where:

# 1(a,u;)rLa=riui : The number of common item I between a and his neighbors u;,

which are at the same rating level rL; i = I..., K-NN.
rLa,rLui : The rating level of a and ui.

5.3. Experiments

The experiments were performed on real data sets to examine the accuracy of the
outcomes when employing the suggested UGSM. In this research, we relied on the
prediction method presented in (J. K. S. Al-safi and Kaleli 2021) for rating prediction.
The experiments included evaluating the accuracy, the level of the predicted rating, and
reliability between users, in addition to the comparison of UGSM to current CF

algorithms.

5.3.1. Data sets

We relied on an offline analysis approach based on previously collected data from
websites (Beel et al. 2013). We used two offline data sets: Movie lens (ML-20M)
(https://grouplens.org/datasets/movielens/20m (2 February 2021)) (Harper and Konstan
2015) and R2-yahoo! Music user ratings of songs with song attributes, version 1.0 data
sets  (https://webscope.sandbox.yahoo.com/catalog.php?datatype=r&did=2 (15 May
2021)). ML- 20M it included two separate files: the first file consisted of (User id, Movie
id, Rating) and the second file consisted of (Movie id, Movie title, Movie genre). Movies

are classified into 20 genres. The R2-yahoo! Music dataset represented music preference
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data for songs from the Yahoo site. It included multiple files: the first file contained (User
id, Song id, rating), the second file included (Song id, Music genre id), and the last file
included (Genre id, Genre name). We used the data in the “ydata-ymusic-user-song-

ratings-meta-v1_0/train-1.txt” file.

In both datasets, the files were merged to implement the proposed algorithm. We
needed a user id, movie/song id, movie/music genre id, and user rating for the
movie/song. Furthermore, we compared our findings to previous researchers’ findings by
utilizing additional datasets (ML1 and ML-1M). The sparsity level was obtained using
Eq. (3.8).

In brief, our experiments were based on the first 1500 users who had the highest

number of ratings (more than 100 ratings). The dataset details are shown in Table 5.4.

Table 5.4. Data sets Detail

Dataset Scale U I R No. Spar (%)
g
MLI 0.5-5St 671 9125 100,00 18 98.36
0

ML-1M 0.5-5St 604 3952 1,000,2 20 95.8
0 09

ML-20M 05-5St 712 2727 11,0485 20 99.0
0 8 75

Adapted ML-20M 05-5St 150 7500 676,31 19 93.96
0 2

R2-yahoo! Music 1-5 St 282 127,2 11,0485 58 99.7

9 17 72
Adapted R2-yahoo! 1-5 S 266 17,32 147,22 57 99.5
Music 3 7 3

Since the proposed algorithm depends on genre information, we describe the genre
information in Tables 5.5 and 5.6 for the ML-20M dataset and Table 5.7 for R2-yahoo!
Music dataset. Table 5.5 shows the genre names and the number of movies that belong to
them. The drama genre was the most common, and there were 13,344 drama movies. The
comedy genre came in second, and there are 8374 movies. Thus, this dataset contained
246 movies belonging to the “unknown” genre, which we excluded from the dataset in

the experiments.
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Table 5.5. Genre name in ML-20 M dataset and number of movies per genre

No. g Name # Movies No. g Name # Movies
1 Drama 13,344 11 Mystery 1514
2 Comedy 8374 12 Fantasy 1412
3 Thriller 4178 13 War 1194
4 Romance 4127 14 Children 1139
5 Action 3520 15 Musical 1036
6 Crime 2939 16 Animation 1027
7 Horror 2611 17 Western 676
8 Documentary 2471 18 Film-Noir 330
9 Adventure 2329 19 Unknown 246
10 Sci-Fi 1743 20 IMAX 196

Table 5.6 shows the number of genres and the number of movies in that genre. The
movie may belong to more than one genre. A total of 10,829 movies belonged to a single
genre, while 8800 movies belonged to the complex genre (i.e., contained more than one

genre). Some movies belonged to five genres.

Table 5.6. Several g and the movies of that g in ML-20M dataset

#eg # Movies #g #Movies
1 10,829 6 83

2 8809 7 20

3 5330 8 5

4 1724 9 -

5 477 10 1

Table 5.7 shows the genre name in the R2-yahoo music dataset and the number of
songs that belong to it. Most songs have an unknown “un” genre, where there are 109,890
“un” genre songs. Since we did not use any item from the “un” genre in the experiments
of the proposed algorithm, the rock genre was first, where there were 7013 songs. In this
dataset, each song belonged to only one genre. Thus, this dataset contained 58 genre

groups of a single size. Note that “S” represents a song.
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Table 5.7. Genre name in R2-Yahoo Music dataset and number of songs per genre

N g Name #8S N g Name # N g Name #

0. 0 S o S

1 Unknown 109,8 2 Adult 75 4 Indie Rock 16

90 1 Contemporary 1

2 Rock 7013 2 Blues 73 4 Alt-Country 12
2 2

3 Pop 2776 2 Metal 59 4 Movie 12
3 3 Soundtracks

4 R&B 2122 2 Pop Metal 58 4 R&B Gospel 10
4 4

5  Country 1118 2 Shows ; Movies 58 4 Hard Rock 8
5 5

6 Rap 920 2 Easy Listening 58 4 Techno 7
6 6

7  Classic Rock 443 2 Vocal Jazz 57 4 Holiday 6
7 7

8  Comedy 400 2 Industrial Rock 42 4 Gospel 6
8 8

9  Folk 228 2 Folk-Pop 37 4 Modern R&B 4
9 9

1 Jazz 225 3 Disco 32 5 Early Blues 3

0 0 0

1  Reggae 213 3 World 30 5 Traditional Folk 2

1 1 1

1  Latin 157 3 Ambient Tech 23 5 Minimal Techno 1

2 2 2

1 Mainstream 145 3 Soft Pop 23 5 Mainstream Pop 1

3 Dance 3 3

1  Classic R&B 136 3 Death Metal 23 5 New Wave 1

4 4 4

1  Religious 124 3 Classical 23 5 Indie Pop 1

5 5 5

1 Speed Metal 122 3 New Age 21 5 Country 1

6 6 6 Comedy

1 Modern Rock 87 3 Vocal Standards 21 5 Lounge 1

7 7 7

1 Christmas 84 3 Modern Blues 18 5 Orchestral 1

8 8 8

1 Electronic/Danc 79 3  Funk 17

9 e 9

2 Adult 77 4 Punk 17

0  Alternative 0

5.3.2. Evaluation metrics

Evaluation metrics are an essential part of assessing a prediction in machine
learning models. Since the introduced method can produce a forecast of ratings, MAE
was used as a metric of algorithm performance. Additionally, we used the proposed
evaluation metrics: level of predicted rating and the reliability between users that are

described in section (5.2.4).

5.3.3. Experimental setup
We randomly divided the Adapted ML- 20M and the Adapted R2- Yahoo! Music
dataset to 20% of users' rating as a test set to evaluate the suggested algorithm and 80%

train set to train it. Then, we randomly select 100 ratings from each test user and replaced
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their ratings with 0. In the rest of the paper, we call the adapted ML-20M and adjusted
R2 - Yahoo! Music data sets ML-20M; R2 - Yahoo! Music, respectively.

5.3.4. Experimental procedures, evaluation, and discussion

We conducted three types of experiments with users by UGSM: users with a high
number of ratings (i.e., regular users), users with 20 or fewer ratings, and users without
ratings (i.e., pure cold-starting users). We described, evaluate, and discuss the results of

each type separately.

- Type 1: Experiments of regular users:

Experiment 1: Determining the K-NN and minimum similarity

The proposed algorithm contains essential parameters: the active user's initial
nearest neighbors in each genre (K-NN) and the final nearest neighbors for the active user
in all genres (NNf). We tested choosing the optimal K-NN and minimum similarity (Avr.
min. sim.), i.e., similarity threshold between the active user and his NNf list, to obtain
optimal performance and examine changes to the accuracy of the proposed algorithm.
Thus, different values of K-NN using UGSM, PCC, and COS, from 20 to 100 in
increments of 5 per stage for both data sets. We measured the algorithms' accuracy

according to MAE. Figure 5.3 shows the result of the ML-20M data set.

UGSM PCC Cos
0.8
0.75
0.7
0.65
g 0.6
0.55

0.5

0.45
20 25 30 35 40 45 50 55 60 65 70 V5 80 85 90 95 100

K-NN

Figure 5.3. MAE for different K-NN sizes on ML-20M by UGSM and other models. The x-axis is the K-
NN size, and the Y-axis is the MAE value

It is seen that the accuracy of UGSM prediction is better when K= 35, where
MAE=0.54. Therefore, in the rest of the experiments, the value of K is fixed to 35. For
comparison, PCC scored the lowest MAE=0.68 when K=60, and COS recorded
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MAE=0.637 when K=65. In the UGSM, the "avr min sim" was derived using the
following Eq. (5.4):

max(avr.diff(agj ,ui_gj))
maxr

w avr.min.sim = 100 * (1 — > & u; € NNf, list (5.4)

Where:
NN{,: represent the final NN for a;

w avr.min.sim: is the weight of average minimum similarity between a

and NNf,;i=1,2,..., NNf,, and j=1, 2...# of common g between a and NNf,,

In this model, we assume that the weight of NNf,on K-NN (w.NNf, =
(#NNf,)/(# K — NN)) has a significant role in enhancing the prediction accuracy by
finding the proper neighbors. Therefore, we chose the optimal value for similarity

according to the lowest MAE value and the suitable size of NNf,. The details are shown
in Table 5.8.

Table 5.8. MAE, NNf, and w min sim of adaptive ML-20M data set

K-NN W. NNf W minsim MAE K-NN W.NNf W min sim MAE
20 6/20=0.3 0.4 0.592 65 29/65=0.44 0.2 0.54
25 11/25=0.44 0.3 0.57 170 33/70=047 04 0.56
30 12/30=04 04 0.59 75 33/75=0.44 0.3 0.56
35 22/35=0.62 0.5 0.54 80 33/80=0.41 04 0.54
40 22/40=0.55 0.3 0.56 85 35/85=0.41 0.3 0.57
45 24/45=0.53 0.3 054 90 39/90=043 04 0.56
50 24/50=0.48 0.3 0.57 95 41/95=0.43 0.5 0.56
55 26/55=0.47 0.5 0.57 100 41/100=0.41 0.3 0.54
60 27/60=0.45 0.3 0.54

From Table 5.8, it is notable that when K= 35, the W.NNf{; is distinct and higher
than the rest of the neighbors recorded when K was higher or less than 35. W.avr min sim
was more significant than the remaining values, here w avr min sim=0.5, with it, the
minimum MAE is recorded. PCC and COS have an avr min sim=0.2 and 0.23,
respectively, with their ideal neighbors' size. In comparison, the UGSM model picks up

suitable neighbors with less neighborhood size.
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For the R2-yahoo music data set, Figure 5.4 declares the result of prediction

accuracy of UGSM, PCC, and COS.

UGSM PCC COS
0.8
0.75
0.7

0.65
0.6
0.55
0.5

0.45
20 25 30 35 40 45 50 55 60 65 70 V5 80 8 90 95 100

K-NN
Figure 5.4. MAE for different K-NN sizes on R2-yahoo music data set by UGSM and other models. The x-
axis is the K-NN size, and the Y-axis is the MAE value.

The accuracy of UGSM prediction is better when K = 45, where MAE=0.56.
Therefore, in the rest of the experiments, the value of K is fixed to 45. While PCC has the
lowest MAE=0.63 when k=65. However, COS has MAE=0.61 when k=55. Table 5.9

contains the values of avr min sim for the R2-yahoo music data set.

Table 5.9. MAE, NNf, and w min sim of adaptive R2-yahoo music data set

K-NN W. NNf W.minsim MAE K-NN W.NNf W.min sim MAE
20 8/20=0.4 0.5 0.63 65 28/65=0.43  0.52 0.56
25 12/25=0.48 04 059 70 28/70=0.4 0.4 0.59
30 12/30=04 04 0.56 75 32/75=0.42  0.32 0.582
35 12/35=0.34 0.63 0.59 80 33/80=0.41 0.46 0.561
40 14/40=0.35 0.4 0.61 85 33/85=0.39  0.38 0.546
45 23/45=0.51 0.54 0.56 90 35/90=0.39 0.5 0.56
50 23/50=0.46 0.451 0.56 95 37/95=0.39 04 0.558
55 25/55=0.45 0.56 0.572 100 37/100=0.37 0.4 0.573
60 27/60=0.45 0.541 0.58

From Table 5.9, it is distinguished that when K= 45, the W. NNf is high, and w avr
min sim=0.54. While PCC and COS have an avr min sim=0.18, and 0.21, respectively,
and greater MAE with their typical neighbors' size. By comparing UGSM to the PCC and
COS similarity measures in both datasets, the results demonstrate that the UGSM captures
better similarity, with less neighborhood size and small MAE. This result is a simple

indication of UGSM's ability to choose the correct neighbors.

Experiment 2: Prediction accuracy
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This experiment contains three parts:

The first part assessed the UGSM method's performance according to predicted
ratings' accuracy by comparing it with PCC and COS. At the test stage, models produce
a list of predicted ratings by utilizing the test datasets. We compared the predicted ratings
to the original ratings in terms of MAE, predicted ratings' level, and reliability between

users. All results are displayed in Figure 5.5.
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Figure 5.5. Comparison of UGSM and traditional similarity measures according to (1) MAE; (2) P L; (3)
Rel L; for (a) ML-20M data set, and (b) R2-Yahoo Music data set.

From the results in Figures (5.5 a, and b), it is clear that the UGSM exceeds
traditional similarity measures in both datasets since it produced an exceptional accuracy
according to all tested evaluation metrics. When the K is at the optimal value in all

models, UGSM's accuracy is significantly better than PCC and COS; firstly, in (Figure
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5.5 al) the result confirms that the UGSM decrease the MAE to 14.0 % against PCC, and
10.0% against COS for ML-20M data set. Secondly, (Figure 5.5 a2) regarding the P.L. of
UGSM, it is 22.0% and 17.0% better than PCC and COS, respectively. Finally, (Figure
5.5 a3) by applying the Rel L metric, the result also continues confirming UGSM
progress. It increases the Rel L between users by 14.0% and 11.0 % on PCC and COS.

Anyway, the same progression is obtained for the R2-yahoo music data set.

In the second part, we compared UGSM with the modern CF algorithms in CF-
SV by (Z. Su et al. 2020), User-MRDC by (Ai et al. 2019), and 10S by (X. S. He et al.
2015). These studies are used the MLI1 data set and MAE as a performance metric.
Accordingly, we measured the MAE value for the same data set by the UGSM. We
compared our findings to the results obtained in the study (Z. Su et al. 2020), where 3 to
150 neighbors are used. Table 5.10 shows the K neighbors tested in each algorithm, the
number of neighbors the best MAE recorded, and the best MAE obtained by the indicated

algorithms. Figure 5.6 shows the results.

Table 5.10. Comparison of UGSM' MAE to state-of-art algorithms.

State- of-art algorithms K Min MAE at Min MAE
CF-SV (Z. Su et al. 2020) 3t0 150 k=20 0.685
I0S (X. S. He et al. 2015) 3t0 150 k=50 0.73
User-MRDC (Ai et al. 2019) 3to 150 k=30 0.698
UGSM 3t0150 0<k<=40 0.547
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Figure 5.6. Comparison of the UGSM accuracy to the state-of-the art algorithms for the MLI data set.
The X-axis is the k-NN, and the Y-axis is the MAE value.

From Table 5.10, it is striking that UGSM gives the least MAE with a dynamic
number of neighbors. It is clear that the UGSM model has better prediction accuracy than

compared algorithms in all neighbors' sizes. Since the UGSM does not directly depend

89



on user ratings in selecting neighbors, its MAE is not affected much when changing its

size.

In the third part, we compared the UGSM to the proposed algorithm in (L. Chen
et al. 2021) "UW" algorithm, which is compared to a variety of other approaches,
including MSD, COS, Jaccard, PIP, and CJMSD. They applied the experiment on the
ML-1M data set. Thus, we used their data set methodology on the UGSM to compare
with them. Figure 5.7 demonstrates the MAE values for the ML-1M data set for UGSM

and several methods; K from 10 to 50, with increments of 5 per step.

MAE- ML-1M

——W ——CINMED PCC COS —#—Jaccard —e—MSD —8—PIF ——UGSM

10 15 0 15 g 35 40 43 50

Figure 5.7. MAE of the UGSM and the state-of-art studies for ML-IM data set. The X-axis is the k-NN,
and the Y-axis is the MAE value.

The results in Figure 5.7 show that the UGSM model overcomes the mentioned
algorithms at all neighbor sizes. Unlike other methods, the UGSM is not much affected
when increasing the neighbors' size, as it behaves almost stable with different neighbors'
sizes. When k = 50, most of the tested algorithms have improved accuracy. However, the
UGSM accuracy is still the best; the prediction accuracy improved by 24% against the
UW method, 17% against the PIP method, and more than that against the PCC and COS.

These results reflect the ability of UGSM to choose the appropriate neighbors for
the active user based on the global user's taste for the item genre, thus increasing the

power of the prediction model based on the local similarity among users.

Type 2: Experiment of a new user with an insufficient number of ratings
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According to (Ahn. 2008), the accuracy and quality of recommender systems are
decreasing when entity information is insufficient. To check the UGSM accuracy, we
checked artificial users by establishing the UGSM to handle only a few ratings from the
data sets. Similar to (Jests Bobadilla et al. 2012), we showed the number of ratings from
2 to 20. Then, we employed UGSM, PCC, and COS similarity measures to produce
predicted ratings; after that, we evaluated the result using MAE. Due to the long execution
time, we randomly selected 100 users from each data set to execute this experiment.
Figures 5.8 (a) and (b) are display MAE for different methods outlined upon a different

number of ratings on ML-20M and R2-Yahoo music datasets, respectively.
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Figure 5.8. MAE for (a) ML-20M data set; (b) R2-Yahoo music data set. The X-axis is the number of
ratings, and the Y-axis is the MAE value.

The results demonstrated that the UGSM behaves stably and produced better results
than traditional similarity measures in all numbers of ratings for both datasets. UGSM
has the successes notably better than PCC and COS even with very few available ratings;

like, when the number of ratings =2, 3, or 4.
Type 3: Experiments of pure user cold-start problem

In this experiment, the proposed user cold-start solution in UGSM is evaluated
using MAE for prediction accuracy, and compared with (Yadav, Duhan, and Bhatia
2020), which is used the ML-1M data set. During the evaluation, several sizes of neighbor
(K-NN) are determined, K from 10 to 100, with increments of 10 per step. Figure 5.9

shows the comparison.
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Figure 5.9. MAE of user cold-start methods using ML-1M data set. The X-axis is the number of ratings,
and the Y-axis is the MAE value.

The results show that the proposed cold-start solution outperforms the tested models
in all neighbor's sizes. Furthermore, the prediction accuracy improved by 5.0% against
the "User - and item-based + ontology+LOD" method and more than that against the rest

tested methods.

5.4. Summary

Online consumers and items have expanded significantly as a result of the
proliferation of websites and e-commerce sites. As a competitive enterprise, e-commerce
must seek solutions that will increase sales, competitive advantages, and customer
happiness. These marketplaces benefit from recommendation systems, which provide
customers with recommendations based on their prior choices. As a result,
recommendation algorithms are frequently used in conjunction with other domains of

knowledge (Linden, Smith, and York 2003).

Because users' moods vary, relying just on user ratings for products may result in
erroneous recommendations. As a result, it is critical to introduce a new similarity metric

that improves suggestion accuracy even when customers leave few ratings.

This study proposes a novel similarity metric based on item genre information to
account for users' preferences and resolve the user cold-start problem. The study's primary

contribution is to generate individuals' likenesses using information about their chosen
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items' genres, as people generally enjoy specific genres. As a result, two distinct types of
user's neighbors have been identified to learn about users' relationships. The first type is
the initial neighbors' group, which has users' relationships with each genre separately,
who share their preferences with the current user in that genre on an average basis. The
second category is the final neighbors' group, consisting of users who share the active

user's interests across all genres.

Although the sparsity level varies across the used data sets, the UGSM performs
consistently outperforms existing similarity measures with smaller neighborhood sizes in

regular user studies and with the cold-start user.

Generally, recommender systems utilize a similarity measure to group users who
have cast an adequate number of ratings together and another action to group users who
have cast an insufficient number of ratings. However, this study's proposed model

(UGSM) provided accurate findings for both user types simultaneously.
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6. CONCLUSION AND FUTURE WORK
This chapter includes the conclusions drawn from the proposed models and future

work for each solution.

Recommender systems are web tools that assist users in overcoming the overload
of information, boost E-Commerce profits, improve sell opportunities, and enhance
consumer support. Despite nearly two decades of ever-growing recommender systems

use, various novel aspects of them might be investigated.

This dissertation studies focus on managing local and side information of entities
to boost similarity measures for the collaborative filtering algorithm and improve
prediction accuracy. While local similarity methods rely on co-rated items to determine
entities' similarity, side information can aid in identifying similar users regardless of their

number of co-rated items.

There are several models available in the RS for determining user or item similarity.
However, there are few techniques for determining the connection between the influence
of a multi-interesting user and the degree to which the item (user) rating weight is

dependent on the user (item) rating.

In Chapter 3, we considered that it is required to carefully consider all relevant
information about the system's entities to create a sufficiently reliable recommendation
system. Considering that the regression technique can identify which characteristics have
a crucial influence on the projected output and establish relationships between distinct

variables, we believe that the regression method may quantify the entities' critical impact.

We incorporate key effect differences across connected entities to generate
appropriate neighbors for entities. As a result, the solution includes a novel PCC and
regression-based neighbor conceptual framework dubbed the PCC-Slope-based model
that supports CF. We use a novel prediction model to forecast the entity's rating
depending on the first accessible rating from NN and dynamic K-value. The model
compared to other novel methods for choosing NNs and to other contemporary CF
similarity metrics. Empirical assessments indicate that the proposed model outperforms

the other metrics stated previously in terms of accuracy.

As a result, the nearby neighbors must associate with the active user and have a

similar influence degree. The findings emphasize the important characteristics of utilizing
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entity-level information, such as the degree of relevance to select appropriate
neighborhoods and provide a suitable recommendation system. Normally, the neighbors'
size affects forecast accuracy, but this approach has demonstrated its accuracy even when

the neighbors' sizes are tiny and dynamic.

In the future, we may utilize a mixture model to create a hybrid approach for the
user- or item-based RS, which is more successful at predicting the behavior of users with
various interests. Additionally, we want to undertake a more comprehensive assessment
of the performance using a dense data set. Additional tests may be run to forecast results

for various variables, particularly efficiency and diversity.

Another method to discover user similarity is introduced in chapter 4, where the
model concentrates only on the common items to infer the users' similarities. The study
first investigates the weaknesses of the traditional similarity measures. Then, it introduces
a new similarity measure called RDLD (Rating Dissimilarity and largest difference) for
collaborative filtering. The RDLD measure uses domain interpretation of users' ratings
on goods to conquer the shortcoming of traditional similarities in determining the proper
neighborhood and new user cold-start problems. It analyses the difference in users'

common rating and the largest weight of these differences.

The experiments are tested on two available data sets to confirm RDLD
effectiveness. It presents a high performance for selecting correct neighbors and solving
a user cold-start problem in addition to beating some memory-based algorithms and
model-based algorithms. It needs no additional information rather than only the user

ratings.

The majority of research that addressed the cold-starting issue proposes hybrid
approaches that combine content-based and rating data simultaneously, focusing on cold-
start situations in which no ratings are accessible. The RDLD approach is focused
differently than in prior research; it seeks to enhance existing collaborative filtering
methods by developing new user cold-start circumstances with one accessible rating or

more.

Future research areas for this model include modifying and using the RDLD
similarity measure to various types of product recommendations; for instance, item-based

collaborative filtering or clustering approaches may be used to alter and validate the
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RDLD measure and its performance. Additionally, examining various performance
features of RDLD may be interesting and necessary for determining which factors

contribute to RDLD's correct operation.

To improve the quality of suggestions in the sparse data set, we employ item genre
as side information to form an approach for determining users' similarities. As a result, in
Chapter 5, a novel similarity measure dubbed UGSM (User-Genre Similarity Model) is
proposed. UGSM uses item genre information to account for user similarities even when
users have no rating (cold-start) or only a few ratings, i.e., 1 to 20 ratings. As users
generally like specific genres, the study's principal contribution is to produce users'
likenesses using preferred item genre information. Consequently, two classes of user

neighbors have been determined to determine users' relationships.

The first class was the initial neighbor group, which contains user relationships
according to every genre separately, who share their preferences with active users in a
specific genre, based on average user preferences. The second class is the final neighbors'

group, which includes users who share their preferences in all genres with the active user.

Furthermore, we suggested two evaluation metrics to calculate the algorithm
accuracy: the level of predicted ratings and the users' reliability. We compared the UGSM
to two traditional similarity measures PCC and COS, in terms of MAE, level of predicted
ratings, and user reliability to confirm UGSM performance. In addition, UGSM was

compared with modern user-based collaborative filtering algorithms.

Although the sparsity level was different in both tested datasets, UGSM performed
stably and delivered better results than traditional similarity measures with smaller
neighborhood sizes in regular user experiments, users with few ratings, and cold-start

users.

Generally, in recommender systems, a similarity measure is used among users with
a sufficient number of ratings. Another action is used for users who did not cast an
adequate number of ratings. In this model, UGSM delivered accurate results for both user

types simultaneously.

The model's future research will incorporate item genre into the item-based

CF algorithm, improving the item similarity measure and resolving the item cold-start
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problem. Additionally, investigating how user attributes may be used to ensure the

efficiency of a user-based CF algorithm.
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