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products and services to customers. To ensure that the user has the ability to provide
a suitable proposal for a request or to solve a need in the midst of a huge amount of
data, recommender systems are the right solution. Different methods of providing
suggestions in recommender systems are divided into eight methods according to
the data mining of the classification of methods. In each method, in these systems,

the necessary suggestions and predictions are provided to users in a special way, and
the most important method is the recommender system among other methods, is the
Keywords: filtering method. In this method, the number of clusters in the data set related to
C3M Method, MoveiLens100K recommender systems is dynamically determined by c¢3m clustering algorithm on a
Dataset, Kmean Clustering data set called Movielens ml-100k, which has a data oscillator in four inputs, as well
Algorithm, KNN Algorithm as k-means algorithm and performance optimization. It was estimated. The final
clustering is done well with the help of this method, if the target user enters after the
clustering operation and by matching the profile information which includes a series
of items rated by similar users in the same cluster, the similar cluster search for
Based on the correlation filter, which is one of the methods used by the KNN
algorithm, it finds its similar cluster with each cluster head (cluster representative)
and based on the items ranked in demographic information, the nearest neighbors
(neighbor and similar) finds users-items and the item that has the highest rank among
other users. The obtained similarity is stored in the user's top-n list and presented in
the form of an offer.

1. INTRODUCTION

Ground Penetrating Radar (GPR) is a widely utilized non-invasive technology for detecting subsurface objects
across various domains, including landmine detection, buried pipeline identification, and locating oil beneath snow-
covered terrains. By emitting electromagnetic pulses and analyzing the reflected signals, GPR effectively identifies
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variations in subsurface materials. Its capability to detect both metallic and non-metallic objects makes it particularly
valuable in scenarios where traditional detection methods may fall short [1-2].

Recommender systems are integral to modern digital platforms, assisting users in discovering content and
products tailored to their preferences. These systems operate by collecting and analyzing user data, which can be
obtained through explicit feedback such as ratings and reviews or implicit feedback, including browsing history,
purchase behavior, and interaction patterns. By leveraging this information, recommender systems predict user
preferences and suggest relevant items, enhancing user experience and engagement [3].

Advanced recommender systems incorporate various data sources, including demographic information (e.g., age,
gender, nationality) [4], social media interactions (e.g., followers, posts, likes) [5], and data from Internet of Things
(IoT) devices (e.g., GPS locations, health metrics) [6]. This multifaceted approach enables the generation of
personalized recommendations that account for contextual factors and user behavior.

To evaluate the effectiveness of recommendations, systems assess metrics such as accuracy, novelty, diversity,
and stability. Collaborative filtering, a prevalent technique in recommender systems, identifies patterns among users
with similar preferences to generate suggestions. This method is often combined with content-based filtering,
knowledge-based approaches, and social filtering to enhance recommendation quality [7].

In intelligent platforms, recommender systems distinguish themselves by adapting to user preferences through
continuous learning. For routine purchases, these systems analyze historical buying patterns to suggest relevant
products [8]. In contrast, for specialized items, recommendations are refined through ongoing interactions, capturing
evolving user interests and needs [9].

The core functions of recommender systems encompass collecting user preferences [ 10], constructing models to
represent this information [11], managing personal data [12], and monitoring user feedback [13]. Implementing
agent-based methodologies, where autonomous agents perform specific tasks concurrently, has proven effective in
managing these complex processes [14]. This article provides a comprehensive overview of the research landscape,
detailing algorithms, variables, and key considerations essential for advancing knowledge in the field.

2. SUGGESTED METHOD

In this section, we present and explain the proposed methodology based on the flowchart illustrated in Figure 1.
Each step of the flowchart is elaborated in detail below. This research focuses on enhancing clustering-based
recommender system approaches. The improvement is achieved through the integration of the C3M clustering
algorithm to determine the optimal number of clusters and to perform clustering on large-scale user datasets typically
used in recommender systems. The output clusters are further refined using the exclusive flat K-Means algorithm,
and each stage of the methodology is systematically discussed.

As shown in Figure 1, the collaborative filtering-based recommender system (specifically, correlation-based
collaborative filtering) is employed. This approach leverages the preferences and behavior of other users who have
rated similar items. Throughout the process, collaborative filtering techniques are used to enhance the quality of
recommendations.

Assuming the MovieLens dataset is used as the input, the first step involves data preprocessing and loading the
dataset in the required format (e.g., data.mat). All data are then processed using the C3M clustering algorithm, which
performs an initial user clustering. C3M is selected due to its ability to overcome certain limitations of traditional
K-Means, particularly its inability to reliably handle large and high-dimensional datasets.

Following the initial C3M clustering, the exclusive K-Means clustering algorithm is applied to refine the clusters.
For each target user, clusters that exhibit similar behavioral patterns are identified. This is achieved through user
profiling using collaborative filtering, in combination with exclusive KNN-based clustering. This step ensures the
alignment of the target user with similar users by comparing the items rated by the cluster representatives (i.e., the
"head" users) against the target user's preferences.

If a match is found, the user is associated with the most similar cluster containing up to k similar users. If no
suitable match exists, comparisons continue across other clusters. Ultimately, the target user is either assigned to an
existing cluster or a new cluster is formed.
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Once the target user is associated with a cluster, recommendations are generated by ranking the items based on
user-item similarity within that cluster. The KNN algorithm is then employed to compute user ratings and sort them
in descending order. The item(s) with the highest predicted rating from among similar users in the cluster are then
recommended to the target user.

@ Login Target
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Find Cluster Similar o
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Fig.1. Suggested Diagram

2.1. Description of the proposed method

First, before explaining the proposed method, assuming the default dataset of MovieLens (the dataset for rating
items related to movies by users), how to prepare and apply pre-processing on the data and prepare them to an
acceptable format for the application software and MATLAB simulation, which is This research has been used.

2.2. Prepare and apply pre-processing to the data

In order to cluster users according to their demographic information (default dataset information), we need to be
able to apply the data related to the relevant dataset or any other valid dataset to an acceptable format for the
MATLAB simulation software used in this research. The acceptable format for the data in this software is with the
extension (.mat*), to do this, first import all the default data in the Excel database software, and then import the
imported file in the MATLAB emulator software in the matrix format and with the desired name. We do this in such
a way that all the values of the matrix in Excel and the MATLAB simulator software are equal after extraction, if
there are some nominal characteristics such as gender, occupation or any other qualitative characteristic in some
datasets, they are converted into numerical data type in order to speed up the clustering. It should be noted that most
of the datasets are initially in (.txt*) format, and the description of each dataset is in its readme section.

2.3. Data clustering

In the following sections, the steps to determine the number of optimal clusters and the proposed method are
described.
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2.3.1. ¢3m clustering algorithm

One of the most important phases of this research is data clustering, or in other words, to determine in a novel
way which similar cluster each data belongs to, and to place similar data in the same cluster, which was discussed
in the previous chapter using various clustering methods with criteria. Each clustering method was fully described.

As you can see in the diagram above, the 'c3m' algorithm is used for initial clustering of data or users. At first,
using the ‘c3m’ clustering algorithm, initial clustering is done to determine the number of clusters. The use of this
clustering algorithm, which among a large number of data (large (OLAP) and relatively large datasets), such as the
default dataset, has the ability to determine the optimal clustering based on the density of users in a completely
dynamic way among many other users. or in other words, it puts similar users in a cluster. The second reason for
using this algorithm in clustering is to solve some of the disadvantages of the exclusive k-means clustering algorithm.
The advantages of this algorithm over other clustering algorithms are:

It is not dependent on DATA and based on prioritization and partitioning of data, it performs similar to clustering.

e Clustering operations are distributed clusters.

e Dynamically specifies the number of k or data centre points.

e The clustering operation obtains the clusters more optimally.

e Itinvolves less time and memory complexity.

e Itis optimal and suitable for clustering a large database (database) or data warehouse (OLAP).

e Compare each data once with all the data in the form of a matrix and find the cluster belonging to it, if in
other clustering algorithms such as K-MEANS based on distance, and each time to select the head of the
cluster, it performs the comparison operation, which is the same. It increases time and memory and involves
a lot of cost, so outlier data are very sensitive to the average and it is not a good measure of clustering.

e In this algorithm, information is retrieved every time.

e The stability of the clusters is high and it takes much less outlier data, while in k-means every time the
clustering is changed according to the distance and the choice of the cluster head and it has a lot of outlier
data (noise).

e In this algorithm, it performs clustering by using the correlation matrix ¢ to match the data using query.

In this section, a pseudo-code of the ‘c3m’ clustering algorithm is presented, which is fully explained.

First, we calculate the following value for each term in each document. In another sense, we initialize the C matrix.
C[m’m] < _0 — HO” p — Flp" > (1)

For each document, it creates a matrix whose dimensions (rows and columns) are equal to m * m and their values
are from zero to p, and the number of corrections used in a document in the form of a matrix, which is T =
t_1,t_2,...,t_i} is (in the adjacency matrix).

Compute p(t_i) = D(I,t)/sum_t{D(l,t)} )

In this part, the function calculates the probability density, which is equal to the probability of each term in an
entire document on all or all documents, for example, the word to is used 10 times in a document and If this word is
repeated 1000 times in all documents, the value of the probability density function shows how likely these documents
are to be close to each other using this word. It obtains a matrix of all the indices of the calculated terms, or in other
words, all the terms that are present in the document along with their number of occurrences in the form of a
previously created m*m matrix is.

Then it calculates the probability of each document in that list (the probability of the oval rule) or in other words,
how likely is it that a document in that list, which reversely matches one document with other documents each time,
is the desired document be included in the list with other documents.

2.3.2. Ellipse theorem formula
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_ p(x|M)ph)
p(hlx) = T (3)
C[Ljl=cll,jl+p(D) = p(d_jlinv(t_i)) (4)

To obtain each matrix, the initial value is multiplied by the Bayes probability and density probability and added
to the default value, or in other words, the same value of the density function that was in the previous step in the
initial value of the matrix created from a document and it is added by the probability of the default value and the
document list are multiplied.

n_c =\sum_i,c[l, ] (5)

In this part of the code, the value obtained is the number of clusters. According to the pseudo-code above, it has
a series of criteria to create matrix ¢, which is explained as follows:

2.3.3. Formation of matrices

As mentioned, various factors are involved in forming the correlation matrix. This matrix, which is based on
correlation filtering, is used to correlate different data and create a relationship between data through spatialization
(correlation similarity matrix) through the following relations, but before from each operation, the correlation
coefficient relationship is as follows:

cov ariance al xandy

r= (6)

SxSy

In the formula above, s, is equivalent to the standard deviation for s,, x is equivalent to the standard deviation
for y. To calculate the correlation coefficient, we first need to calculate and determine the covariance of two
variables, which is displayed in the form of cov(x,y). Covariance is similar to variance, but in covariance the
deviation from the mean for x , y is simultaneously used from the following relationship:

2E-NW-y)

cov(x,y) = EE2C

(7

Observe the similarity between covariance and variance by comparing their equations (formulas above).

It should be noted that correlation analyzes are no longer valid when causality is assumed. Correlation or
regression can be calculated on a series of data, not both. Regression analysis assumes the existence of a cause and
effect relationship.

The formula related to the existence of a linear relationship between two variables (regression line) is y = a + bx
b is the slope of the line. We divide the changes of y into x. (Ay/Ax) and a is the width from the origin of the line.
To determine each line, it is first necessary to calculate its slope and width from the origin:

cov(x,y)

b =2 ®)
a=7y-—bx 9)

As aresult, if there is a cause and effect relationship between two variables, we can predict the value of y for any
given value of x, we can use the formula y = a + bx or to calculate y for any desired x, we can use the regression
line.

After analyzing the data, c3m clustering algorithm will partition each side of the data to understand the
production, which is obtained from the following relationship:

P = {Clv Cy, ---'Cn}' and Z?zcllcil =m (10)
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That the set p can be created in different ways, for example, the threshold value of a "suitable" can lead to
acceptable partitioning in a single step, the average of steps, or the maximum value of a complete graph. Although
the existence of partitioning in order to estimate the value It will be a threshold, but in any case, partitioning is
acceptable.

In the mentioned algorithm, when a data is compared with other data each time for clustering, but using a series
of balanced equations, or in other words, both sides of the equations to create a cluster (the data in a cluster that is
in the software as a seed is provided in a field with specific coordinates) together with respect to other similar data:

di * di and dLRMdL d di € (D - DS) 69 (D - DS) (11)

Each(D — D) represents a data sample from a cluster, which matches each data or seed similar to all the data of
each cluster through d;RMd; — d; There are several steps to create this method, which consists of :

e Select the first data as a cluster data.

e The data (seed) is randomly selected among a set of data (dataset).

e Data cluster generation based on random data.

¢ Dividing the dataset (according to the data points) into different partitions.

e For each data, according to its stability, the cluster chooses the largest data type.

To create the presented matrix according to the document and text dataset, we consider that to create the matrix
provided in the document dataset assuming the number of text {d,,d,,...,d;,} and the number of words
{t1, t3, ..., ty} In the coefficient and concept coverage matrix or matrix sc (correlation) to select the document among
the documents, the corresponding domain with c;;which exists (1 < i, j < m)which is used to select the word in
each text as d; document from d; of the document.

In order to be able to create the matrix ¢ with the specifications d;
following conditions, which are:

i» (1< i<m,1<j<n), we must meet the

joidijp1<i<m (12)
Which in the above formula can display one word (similar example) for each document.

Z‘{Zldl’],l S}S‘n (13)
In the formula above, each word is to be entered into a document for its clustering. In general, we have:

Sij = djix/Ch=1din), Sk = A/ Eherdp)for1<i<ml1<k<n (14)

Which creates the following matrix:
If the vector X is our random variables, then we have:

x=1:] (15)

Xn
The covariance matrix is a matrix whose terms are obtained in the following way.
E;; = cov(x;, %) = E(x; — p) (% — 1) (16)
which gives the following matrix:

Z [E[x1_l‘1)(x1_ﬂn)] ----E[(xn_ﬂn)(xn_ﬂn)]]
E[xn—pn) Cc1 = )] E[Gen—pn) (in—pin)]

where E is the mathematical expectation.
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If the covariance of two random variables is zero, then the two variables are called uncorrelated. If two random
variables X, Y are independent, then their covariance is zero. This issue can be concluded as follows:

Because: E(X.Y) = E(X).E(Y), then we have COV (X,Y) = 0, while the opposite of this issue is not true, that
is, the covariance of two random variables may be zero, but those two variables are not independent by chance.

In the matrix above, as you can see, it deals with the correlation between the data, or in other words, for the
relationship between two interdependent variables, such as the height of a person compared to its weight, it
determines the level of health or its appropriate weight. In this matrix, for the relationship between Different data
for optimal clustering at the right time, we use the ¢ matrix that various factors and formulas make this matrix, one
of these formulas is the covariance matrix that performs the data clustering operation and a proximity matrix that
makes it possible to distinguish between different data. Determine the number of clusters in the datasets, the criteria
for forming this matrix are described in the rest of this research.

2.3.4. K-means clustering algorithm

In the previous section, we fully explained the initial clustering of data on the default dataset, and on the other
hand, the number of clusters was determined dynamically, then the exclusive K-means clustering algorithm performs
the final clustering on the desired data or users. Or in other words, by obtaining the number of clusters in the c3m
clustering algorithm, in this distance-based algorithm that uses the average measure to determine the representative
of each cluster randomly, it performs the final clustering operation on the data or users. The K-means clustering
algorithm has a series of disadvantages that were stated in the previous chapter, most of which were solved with the
c3m algorithm, because the final clustering algorithm is formed in this algorithm and assuming a set of target users
who use the information Profiling of each user is done after the final clustering using collaborative filtering algorithm
(correlation) based on exclusive K-means clustering algorithm, or in other words, after the final clustering operation
if there are target users according to the demographic information and scoring method of each user. matched with
the representative of each cluster to find the number of k users similar to the target user, which will be discussed
further in the next sections.

2.4. Simulation steps and proposed method

In this part, we will present the simulation step by step in the form of images and diagrams. The first step in the
proposed method is the prefilling and data preparation step.

2.4.1. Simulation of the preprocessing step of the data source

The data of this research has been presented with the extension.mat, which has been converted to.mat in various
formats such as .txt, .xIsx for the many necessary uses of the extensions. For this purpose, it is necessary to have a
dataset related to the users in the format. mat. First, the default dataset (ml-k100 dataset) in .txt format has been
extracted using WordPad software in Excel software with .xIsx format. The use of clustering algorithms, which are
fully described step by step in the following sections, is used. In the proposed method, which is an optimal and useful
method, the dataset related to the default recommender systems of users-items is used for clustering with the name
ml- k100 dataset is as follows.

The default dataset of users-items, which is a dataset in the form of one hundred thousand data in four entries.
In the default dataset, a series of training and test data is used in several related files, the overall file of which is in
four entries, which are:

e User ID: row number of existing users (educational) in the dataset.

e [tem ID: item number (film and its specifications) available in the dataset.

e Rating: Educational users' score for each item in the dataset.

e Time Stamp: time stamp related to the items and received by each educational user in the dataset.

The total data is a total of 100,000 points (range 1-5 points) by 943 users on 1682 items, each user has rated 20
movies (items). are arranged There are time stamps from 1970/1/1 UTC of Unix seconds.
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Finally, a dataset with high specifications is prepared to be applied to clustering algorithms through simulation
software, which is prepared as a 100000 * 4 matrix in the Workspace section of this software and is applied to
clustering algorithms that are fully described in the following sections.

2.4.2. Initial clustering of users

After the data has been pre-processed, initial clustering should be done. As explained in the previous chapter, the
k-means clustering algorithm performs the clustering operation based on the average, and it had some disadvantages,
but in the proposed method, now with The use of ¢3m clustering algorithm which overcomes the disadvantages of
k-means clustering algorithm, which among the most important tasks of this algorithm is the dynamic calculation of
the number of clusters in the dataset related to the recommender systems, which in case of adding a new user using
demographic information Based on correlation filtering, it clusters its similar cluster or, in other words, similar users
with the new user, which explains the clustering operation step by step in the following sections.

The ¢3m algorithm is a type of single-stage clustering algorithm for data clustering. The basis of this algorithm
is to select a set of data (documents, movies, music, images, sites, etc.), considering each data as a point. that
dependent or similar clusters are placed in one cluster, and non-dependent clusters are placed in other clusters, that
the clustering operation procedure in this algorithm has several steps as follows:

e Creating a general and basic correlation matrix to identify similar data
e Calculate the power of each point in the matrix as a data in each cluster
e Separation of related and similar data in the desired cluster

Now, in the implementation phase of the relevant data according to the desired algorithm in the simulator
software, we have the primary data in the form of the diagram below, where in the above matrix similar and dissimilar
users and the location of each user on the diagram were determined according to the numerical data that each the
user is placed as a point in the following diagram.

As you can see in figure (2), the desired data of the location of each of their coordinates on the graph was
determined that the desired data is related to the movie recommender systems, and the relevant data set contains one
hundred thousand points (range of points from 1 to 5) from 943 users are on 1682 movies (items). Each user can
assign different points to 20 desired items and it is in the form of a 100000*4 matrix, or in other words, one hundred
thousand data in four inputs. In this dataset, as mentioned, in the way of scoring in the algorithm, the proposed
method first displays the users in a vector. Clustering in the form of users with similar interests, or in other words,
users who have common interests and tastes for each item (movie) in the diagram below shows the output related to
the clustering of the ¢3m algorithm on the above data. It dynamically performs the clustering operation using
Gaussian functions and detects the number of clusters in the user-item dataset, which is in the form of the diagram
below.

In Figure (6), as you can see, the distance and iteration criteria of the output related to the users-items dataset and
the movie recommender system, which was prepared in the form of a matrix of numbers in the pre-processing stage,
and according to diagram 4-4, it has a series of points (seed) appears in different parts of the diagram and is clustered,
and each of the points has a coordinate corresponding to the points to find the head of each cluster using the desired
loop in the program until the head of the cluster does not change and for each point its distance to The center of the
cluster shows the repetition of the best time to repeat the data in the desired cluster. Then it should be mentioned
that the best repetition of the data in the cluster is the ratio of the distance to its coordinates in a time equivalent to
(Time = 263.8836) and (Best Fitness =23293196317.7663). Then, in the next part, we will talk about the target user
and how to introduce it to the new cluster and the nearest neighbors, which will be fully examined and explained in
the next part. The evaluation criteria in relation to the coordinates in the dataset is as follows.
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Movie-User Matrix Sparsity Pattern
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Fig. 2. Specifying the coordinates of each point of the default users-item dataset before clustering in the c3m algorithm.
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Fig. 3. Initial clustering diagram of default dataset by c3m clustering algorithm.

As you can see in Figure (3), the number of clusters related to the default dataset was determined dynamically. In
the above algorithm, the number of clusters was clustered into 19 clusters using the desired unsupervised algorithm
based on Gaussian and density functions. The clustering operation facilitates the clustering in the k-means algorithm
and improves and reduces the time and memory complexity, which in the next section we describe the
implementation of the k-means algorithm on this default dataset with the number of clusters.

2.5. Applying the k-means clustering algorithm to the data

The c3m clustering algorithm has performed the primary clustering operation on the data, as mentioned, one of
the most important tasks of this clustering algorithm is to dynamically calculate the number of clusters, since the k-
means clustering algorithm is based on the average and applying the user dataset to On this algorithm, it is able to
perform clustering based on the distance of users to each other. If after obtaining the number of clusters, using the
c3m clustering algorithm dynamically and fixing the disadvantages and optimizing it as mentioned in the previous
sections It performs the clustering offline, and in case of adding a new user and finding a cluster similar to the new
user, it performs the correlation based on filtering, and the result is shown in the following figures in the output of
this algorithm in relation to the user dataset. It should be noted. that the clustering operation of this algorithm is fully
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explained. For the clustering of educational users, first before clustering, the location of each data, where each data
is considered as a user, is in the following diagram.

Movie-User Matrix Sparsity Pattern
u} .

movies

1000 H

1200

1400

1600 1

600 800

400
users

u} 200

Fig. 4. Specifying the coordinates of each default data point which is a matrix of 4x100000 in the graph before clustering in the
k-means algorithm.

100 200 300 400

Fig. 5. Data clustering after initial clustering to determine the number of clusters by k-means algorithm.
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Fig. 6. Diagram of repetition of the best data in each cluster and relative to its coordinate distance.
2.6. Applying the K nearest neighbor algorithm to the data (KNN)

The types of evaluation criteria in this algorithm in the material software are divided into two parts, which are:
1- The amount of regression error 2- The amount of error based on cross-validation, which in the first part calculates
the amount of data error in terms of regression, which the number of errors If it is less, we have better data, or in
other words, the fewer the number of errors in the cluster, that cluster is considered as the best cluster. In the k-
nearest neighbor algorithm, this method is used less, but in the second method, during data clustering, this The
algorithm should first check what behavior it can have with the data.

2.7. K-Fold

In this type of validation, the data is divided into K subsets. From these K subsets, each time one is used for
validation and another K-1 is used for training. This procedure is repeated K times and all data are used exactly once
for training and once for validation. Finally, the average result of these K times of validation is chosen as a final
estimate, and the implementation of the steps is as follows. Comparing the clustering error by the number of clusters:
with the above explanation, taking into account the amount of data error in the default dataset in each cluster. The
output diagram is as follows. In the KNN algorithm, to display the graph of the errors related to each cluster in
relation to the training data after loading the desired data dataset and display the values as an n*m matrix in the
command window part of the simulation software.

> oad b
= K=maas

Ly
WX

35000 14000 02000
310000 14000 02000
32000 13000 02000
31000 15000 02000
36000 14000 02000
39000 1.TDOD  0.4000
34000 1.4000 0.3000

o

Fig. 7. Loading data in the default dataset for the number of errors in different ways in the KNN algorithm.

As you can see in Figure (7), one hundred thousand data are displayed in four inputs. Also, after performing the
operation of specifying clusters by c3m clustering algorithm and data clustering by K-MEANS algorithm, naturally,
the number of errors in each dataset related to the recommender systems is determined dynamically by using
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Gaussian and density-based functions. It will be less on the training data available in the dataset, and if test data is
added to the data using profiling information in the form of a matrix in the form of a series of numbers and specifying
it on a graph based on correlation filtering which is done through one of its own methods called The KNN algorithm
is introduced to the new data with the closest and most similar data, which includes a predefined list that includes a
series of items that have the highest scores among other items and is placed in the TOP-N list, and presents a proposal
to the new data. and it is clustered with other similar data, and this clustering is in the form of a new offer to the new
user (target user) and is based on the mutual filtering of all future offers that are introduced to the data in that cluster.
The newly arrived user, who is also present in the training data cluster, is introduced in the MOVIE LENSES dataset
related to users and movies, based on a series of items related to each movie in the form of a matrix. Among the
users, it is ranked as the best item and it is placed in the TOP-N list, which is compared with the head of each cluster
using profiling information of each user using correlation filtering, and in case of similarity, among The members
of the cluster find the nearest neighbors, such as the TOP-TOP or KNN algorithm, the corresponding cluster is
determined, and it is clustered with other similar users based on their interests and tastes related to movie selection.
At first, it displays the user-item dataset diagram, and then In order to specify the target user, it first displays the
current precision chart.

1800
1600
1400

1200

. et
o 100 200 300 400 1000

Fig. 8. Determining the target user cluster among other clustered training users based on correlation filtering.

In the previously mentioned user-item dataset, each user gives special points to a series of items (movie), which
are the target user among other educational users based on collaborative filtering, which means that the system
cooperates and contributes to all users. (Scoring each item) and the item that gets the most points among most and
sometimes all users as the best item in the TOP-N list in the suggester system for new suggestions to target users
according to their interests and the users' tastes are sent in each similar cluster, which is presented to the target user
in the following output in the corresponding dataset of users who have the same interest and who have gained the
most points, as shown in the diagram below.

In Figure (9), looking at the slope of the fit lines, it can be said that Kevin and Jay as users do not share the same
goals because their ratings are negative. One of the common measures of similarity in collaborative filtering is the
Pearson correlation coefficient. This variable ranges from 1 to -1, where 1 is a positive correlation, 0 is no correlation,
and -1 is a negative correlation. We calculate the correlation of users using rows without any missing values. The
similarity scores between Kevin and Jay are equal to -0.83 and Kevin and Spencer are equal to 0.94. Since Kevin
and Jay have different tastes, their similarity is negative. Kevin and Spencer, on the other hand, share very different
tastes. Similar users are called neighbors, and we can predict the ratings of arbitrary items by combining our existing
ratings for other items. But we need to find these neighbors first. Let's find neighbors for Kevin. Kevin has three
neighbors who get along well with him. We can use our rankings and correlation scores to predict a coin's ranking.
The weighted average method is a basic approach for forecasting. Because the rating scale can vary among
individuals, we need to use centered ratings instead of raw ratings. Kevin has not yet rated 'Boyhood'.
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Fig. 9. Rating diagram of users who have the most votes and similarities in the users-item dataset.

Table 1. Ranking of users in the form of a matrix according to similarity with each other.
Actual Predicted

Moviel 2 1.3103
Movie2 3 1.1748
Movie3 NaN  3.9652
Movie4 5 4.2751
Movie5 3 3.3103
Movie6 4 3.6878
Movie7 2 2.3058

Predicted rating for "Movie3": 4

According to the above explanations about the MOVIE LENS dataset, the precision diagram for the proposed
method is as follows.
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Fig. 10. The diagram of the precision diagram of the users-related item dataset based on collaborative filtering.
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In the diagram below, there are measurement criteria as follows:
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Fig. 11. Nearest neighbor diagram to k along with recall diagram.

The MAE diagram related to the simulated dataset is as follows.
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Fig. 12. Average RMSE diagram of 10 times validation of clm with 5, 10, 15, 20, 25, and 30 nearest neighbors.

Figure (12) gives the average RMSE of CV 10 times after selecting 5, 10, 15, 20, 25, and 30 nearest neighbors
from the user and the proximity and item similarity matrix. Once again, similarity matrices represent memory-based
information, while proximity matrices carry content-based information. Four different sources of features are called
"feature categories" in the diagram, and it should be noted that the average error rate is 0.5567.

Results of likelihood ratio tests are presented, along with Akaike information criterion (AIC) values for all
models; A comparison between AIC values is presented. I compare models that include top neighbors from memory
and content-based matrices, while models that only include information from memory-based matrices on the other
hand. As you can see, AIC is consistently higher for models which include content and memory-based information
(with significant LRTs showing that the contribution of content-based information cannot be rejected) is lower.
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Fig. 13. Average diagram () of CLM estimated instructions of the logit model without cross-validation and including 5, 10,
15, 20, 25, and 30 nearest neighbors from the matrix based on memory and content.

The following diagram is related to the MAE diagram of the relevant dataset:
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Fig. 14. MAE diagram related to MOVIELENS.
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Fig. 15. F-measure diagram related to Movielens dataset.

2.8. Comparing the results of the proposed method with other methods
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In this comparison, firstly, the investigation of the evolution of accuracy and coverage of a different pattern when
the percentage of data as a training set has been changed. The results are shown for the MovieLens data, while in
this comparison, another comparison is shown in the Netfix stream. As the percentage of data in the training set
(dataset) increases, the users' rating matrix also increases, and naturally, the error is higher and more information is
required. The prediction is calculated. Similarly, with the increase of information density, a slight decrease is
observed among the algorithms, while the difference between each of them is in the density of information density.
A comparison among different algorithms such as (UB, RSVD2, SVD#++, RSVD, SO, TB ““while at 10%, SVD
++ provides the best results along with RSVD2, TB, NSDV2, RSVD.
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Fig. 16. RMSE evolution diagram according to matrix density, for MovieLens data set.

As can be seen in Figure (16), the RMSE diagram of the algorithms in question was evaluated based on different
similarity criteria in the Movielens dataset, which includes the error range of 0.95<x<1.05. Although we do not deny
this limitation, our results show that, on the contrary, this is the biggest limitation of an algorithm affected by lack
of information.

In other words, the prediction accuracy is limited by the amount of information that can be obtained from the
ranking matrix. And this is mostly limited by the information actually in the matrix, that is, its density. In the RMSE
diagram below, our values before the corresponding dataset are as follows.

RMSE for original viewer-rating dataset

).955 0.953

0.951
947 0.947

0.947 0.943

Fig. 17. RMSE diagram of former methods for other datasets.

- Randomized Singular Value Decomposition.
f. Singular Value Decomposition.
§ - Slope one.
** - Tight-Binding.
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In this section, as reviewed, the algorithms that were compared with the proposed method in the form of a general
diagram relative to the item or method, the MAE fferror rate is as follows.

Table 2. Computational ability of different studied algorithms

Algorithm Training Prediction
User-based - O(mn)
Slope one 0(mn?) O(n)
Tendencies-Based 0(mn) o)
RSVD 0(mnk) o)
RSVD2 0 (mnk) o)
SVD++ 0(mn?k) o(1)
NSDV2 0 (mnk) o)

Table 3. Comparison of the proposed method with previous methods.

SVD ++ RSVD RSVD2 SO UB suggested method
0.73 0.75 0.68 0.63 0.78 0.43

As you can see from Table 3, the error value of the proposed method is less than other methods with a value of
0.43, So the proposed method can be trusted and used in the proposed systems.

3. CONCLUSION

In the contemporary digital age, the rapid growth of the global population and the increasing diversity of
individual needs have led to a growing demand for personalized services. Simultaneously, the continuous expansion
of the web and the widespread integration of intelligent systems into websites have enabled platforms to analyze
vast volumes of data and generate personalized predictions and recommendations for each user. Given the massive
scale of data such as those found in OLAP data warehouses, large-scale datasets, and extensive databases
recommender systems have emerged as an effective solution for delivering targeted suggestions and insights tailored
to user preferences.

Various clustering methods have been employed in recommender systems to manage and organize large datasets.
However, each method presents its own set of limitations. To address these challenges, the proposed approach adopts
the Cover-Coefficient-Based Clustering Method (C3M) as an initial step. This technique dynamically determines
the optimal number of clusters and is used to overcome the shortcomings of traditional clustering methods such as
the exclusive K-Means algorithm.

While K-Means a popular partitioning method in clustering is commonly used due to its simplicity and efficiency,
it often fails to perform adequately on large-scale or complex datasets. The proposed method enhances K-Means by
integrating it with C3M, which serves as a density-based clustering technique that not only optimizes the
performance of K-Means but also improves the accuracy and reliability of clustering in large databases and data
warehouses. Looking ahead, the integration of innovative designs and advanced strategies holds promise for further
improving the performance and adaptability of the proposed recommender system framework.
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