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Abstract 
The popularity of Social networks, user demands, market realities, 
and technology developments are driving recommendation 
systems to explore new models of marketing and advertisements. 
Each user on social media sites shows a specific behavior such as; 
ranking interest items or like favorite contents. Hence, by studying 
user profiles we can explore their interests and preferences. Due to 
the great bulk of data on social media websites, the process of 
extracting hidden knowledge from data has become a hectic 
activity. For achieving this goal data mining techniques were 
flourished to discover interesting knowledge along with 
recommendation systems to suggest appropriate items to users 
based on this extracted knowledge. On of the most common 
obstacles in recommendation systems is “cold-start” problem, 
which is related to users who do not indicates any behavior on 
social medias. This paper aims to propose a solution for tackling 
this problem by using data mining techniques. Data were collected 
from facebook user accounts through Netvizz tools. In the next 
level, we enhance the recommendation method through Cuckoo 
algorithm to offer minimum number of items to get maximum 
feedback from users. Results indicate high performance of our 
propose solution. 
Keywords: 
Recommendatiuon systems, Data mining, Social networks, Cuckoo 

algorithm, cold-start 

 
1. Introduction 
 

Social network is a kind of service that focuses on 
online network, which includes different types of people 
who are interested in sharing their experiences and activities 
through the Internet [1]. Social network’s users have 
particular profiles and these profiles assist researchers to 
acquire more information about users [2]. Finding  
similarities among users profile is conducted based on 
various types of techniques, so the users profiles have 
become a significant source of information for researchers 

[3][4]. Social networks contain complementary information 
and independent data center to help individuals in forming 
new connections. This type of information plays an 
essential role in recommendation systems performance [5]. 
Moreover, Recommendations to users are based on 
analyzing their online behaviors and information. Due to the 
great bulk of information, the process of analyzing data has 
become a hectic and time-consuming activity. Therefore, 
data mining techniques can be utilized to discover the 
hidden knowledge from a bulk of data. In fact, Data mining 
refers to uncovering new, interesting and valuable patterns 
and knowledge from massive amount of data [6][7].  

Extracted knowledge from data sets is used in 
recommendation systems to suggest goods or services to 
customers based on their preferences and tendency. 
Actually, recommendation systems try to find a thinking 
pattern of users, offering the best option to them [8][9]. On 
of the most significant challenges in recommendation 
systems is “cold-start” problem. This problem occurred due 
to insufficient information of recommender system about 
novel users or new items. In essence, recommender systems 
can not recognize users online behavior pattern and can not 
offer the best option to users as well thus, it frequently 
causes poor prediction outcomes for a recommender 
systems. [10][11][12][13]. In this study, we proposed a 
solution for this problem through clustering techniques and 
association rules. In the next level, for optimizing 
suggestions to users and increasing the accuracy of results, 
Cuckoo algorithm has been carried out. The main aim of 
this research study is to recommending minimum options 
with maximum acceptance by users. Our case study is 
facebook website which is one of the most popular online 
social networks in the world. It includes more than 100 
millions daily users, each of them login to their profile at 
least one time during a day [14]. This paper is arranged in 
following sections; section 1; exploration of related works 



IJCSNS International Journal of Computer Science and Network Security, VOL.26 No.8, August 2026 
 

 

151 

 

regarding cold-start problem; section 2; explanation of our 
research methodology and section 3; evaluation of results.  
 
 
2. Literature Review  
 

Social networks involve complementary 
information and independent databases. This type of 
information and relationship between them can boost the 
performance of recommendation systems [5]. The purpose 
of social media is to encourage users to share many 
attributes with the people close to them. In the other word, 
users incline to be touched by opinion and recommendation 
by their friend with similar interests rather than marketing 
promoters [15]. In this regard, one study analyzed online 
users behavior’s on the facebook website to explore the 
advantages of using this websites, finding the factors that 
effect users behaviors. Due to some characteristics of 
facebook such as; indicating some aspects of individual life 
e.g. Location, occupation, email address, people tend to use 
this social network website more than others. These features’ 
lead facebook to become one of the most popular social 
networks all across the globe [16]. The popularity of 
facebook dramatically increased in recent years and a plenty 
of research done in this area as EBSCO contend that there 
were 634 research papers published regarding facebook 
until May 2015[17]. In the research done by Petrocchi and 
Asnaani in 2015, they distributed a survey among 214 
students at Boston University to compare facebook users 
who only used Facebook with the users used both Facebook 
and Twitter social networks. They analyzed factors like; age, 
gender, nationality, and number of posts or twits they posted 
in a particular period of time. The results of this study 
showed that there is no huge difference between these two 
groups of users however, users tend to join more than one 
social network [18]. Hence, social networks become more 
and more prevalent among people in the world. Increasing 
popularity of social network sites helps companies to 
promote their product and services through knowledge 
discovery and recommendation systems techniques. In 
addition, customers come across with numerous choices to 
select. Actually, choosing the best option for users based on 
their preferences has become a hectic debate. One study 
analyze some Twitter profiles and suggested a framework 
to automatically offer real time recommender system, 
which applied sentiment analysis to explore positive and 
negative feedback, and achieved data set of users with their 
preferred products without asking them to enter ratings and 
feedback’s. Data were gathered from Twitter site through 
twitter API. Further, clustering techniques and association 
rules have been used to distinguish and recommend 
appropriate items to users [19]. Another study conducted on 
Facebook social site to propose a social recommender 
system with user-oriented approach focusing on 
relationship between social relations and user interest 

similarities through sentiment analysis. In the first phase, 
data were crawled from Facebook website pages, creating a 
favorite product list of users including cellphone brands and 
in the second phase, each user was presented regarding 
specifications of information such as; year of birth, gender, 
education level, hometown, interests, etc. The results 
argued that social features outweigh biography characters 
in expressing the social relations amongst users [20]. 

In a research done by Forouzandeh and Soltanpanah, 
they applied data mining techniques and association rules to 
propose a recommender system that suggest options to 
purchase to users based on their behavior on facebook 
website. Data collection performed by Netvizz software, 
exploring user interests through their likes in other posts 
then, by similarity of users profiles on the facebook and 
their interests to different products, they offered a second 
choice to users [21].  Data mining techniques assist 
recommendation systems to offer the best options to 
customers based on their tendency for instance, one 
research study implemented data mining techniques such as 
visualization, clustering and association rules to find the 
best places for tourists based on their favorites. Authors 
analyzed tourists profiles on tripadvisor website, which is 
one of the popular travel websites. Data were crawled from 
600 users profiles through specific web crawler from 
tripadviser website then, data mining techniques and 
qualitative analysis by NVIVO software were carried out to 
discover the valuable and conclusive outcome. The results 
of this study used in recommender system to suggest tourist 
destination for travellers in Malaysia [22]. Another study 
conducted K-means and Cuckoo search optimization 
algorithms applied at Movielens dataset to present a novel 
recommendation system regarding movie suggestion. They 
used well-known Movielens dataset to analyze a data. Their 
hybrid model performance was more efficient than current 
one in terms of Mean Absolute Error (MAE), Standard 
Deviation (SD), and Root Mean Square Error (RMSE) 
metrics [23]. 

In terms of addressing “cold-start” problem, there 
are several research studies have been published. For 
example in the research study done by Braunhofer, he 
suggested a problem solving method by switching hybrid 
context-aware recommender systems algorithm for solving 
a poor recommendation to new users. He analyzed two data 
sets including; 2,422 contextually-tagged rating for places 
of interests and 2,296 contextually-tagged rating for movies. 
Results claimed that content-aware recommendation 
algorithm was more precise than the baseline model. In this 
model the information of user profiles have been used to 
recommend an option [24]. Another study offered a graph-
based and matrix factorization recommendation model to 
tackle the cold-start problem regarding movie and music 
recommendation to new users. Data sets are achieved from 
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structured version of Wikipedia called “DBpedia” and 
proposed model was evaluated with a facebook “like” 
dataset. Results of this study mentioned that suggested 
approach provided relevant recommendation even for users 
with very few likes. In addition, graph-based technique 
more efficiently elicited content information [25]. 
Moreover, Chou Szu-Yu and his colleagues conducted a 
research in order to addressing cold-start problem for next-
song recommendation by using factorization-based 
algorithm to exploit content features from music’s and 
sequential behavior to guess the next song. They studied on 
a large-scale music recommendation datasets and found that 
proposed algorithm achieved high performance that other 
content-based methods. Additionally, their method assists 
users to explore new options in next item recommendation 
[26]. In another research regarding cold start problem, 
authors presented three-stage solution in order to predict 
users behavior and interests. The suggested method uses 
demographic data for identifying other users with similar 
behavior. Next, each new user is classified in a specific 
category and consequently a rating prediction technique has 
been applied at items.  

Finally, the experimental results presented high 
performance of offered system in various experimental 
scenarios [27]. For diminishing the cold start problem in 
Recommendation systems Pereira and Hruschka offered a 
collaborative filtering recommendation with demographic 
information. Users are classified into clusters based on their 
similar characteristics. The method is based on current 
algorithm SCOAL (Simultaneous Co-Clustering and 
Learning). Providing a hybrid recommendation 
methodology to tackle the cold start problem. Results 
indicated that the efficiency of proposed techniques to 
replace the lack of information for novel users [28]. Another 
solution for cold start problem presented in paper [29] by 
combination of association rules and clustering techniques. 
Movielens dataset has been chosen for data collection for 
this study. They analyzed a dataset through Weka software 
to carry out association and clustering approaches on data. 
Results showed that using association rules can be solved 
novel user problem and clustering techniques can be 
utilized to categorize elements based on similarities to 
predict the items in order to tackle new item problem [29].   

 

3. Proposed Framework  

Our suggested framework is depicted in figure 1. 
As can be seen, it consists of two phases. In the first phase, 
data were harvested from facebook users profiles and in the 
second phase, all algorithms were applied at collected 
dataset.  

 

Figure 1  Proposed Framework i 
 
 

3.1 Gathering data from facebook 

For collecting data from users profile on facebook, 
we used Netvizz software to obtain friendship graph for 
each user. Moreover, Paper [14][21][30] used Netvizz 
application for harvesting data to analyze. Data collection 
includes two sections. Section one consists users profiles 
information and section two contains adjacency matrix 
made by MATLAB software to identify the friendship 
relations. Thus, the profile data and adjacency matrix were 
added to dataset. To analyze users behavior’s we proposed 
200 topics related to technology, sport, health, music and 
book, asking users to like each item if they interested in. 
These questionnaire were distributed through 5 accounts on 
facebook contains totally 3650 friends in which 2780 users 
fulfilled this questionnaire. 

3.2 Solving cold-start problem and proposing 
recommendation system 

In the second phase, according to our dataset, data analysis 
done in two stages. In the first stage, several data mining 

techniques were applied to solve the cold-start problem 
including: clustering, DBSCAN algorithm and association 
rules mining. In the second stage, Cuckoo algorithm has 

Figure 1. Proposed framework 
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been utilized to boost recommendation system accuracy in 
terms of suggesting items to users.   

 
 

4. Cuckoo optimization algorithm 
 

Cuckoo algorithm is an optimization algorithm 
introduced by Xin-she Yang and Suash Deb in 2009 [31]. 
Like other evolutionary algorithms, Cuckoo Optimization 
Algorithm (COA) starts by initial population of Cuckoos. It 
was inspired by Cuckoos species [32]. Cuckoos put their 
eggs in the nest of other birds.  Only the eggs that are highly 
similar to bird eggs have a chance to grow otherwise, they 
will throw a way by birds. [33][34][35]. The more eggs 
survived in the nest the more benefits we can get. Hence, 
the location in which more eggs lived will be the best point 
for us in terms of optimizes parameter [36][37][38]. For 
solving an optimization issue, it is required to convert 
variables to a form of array. This array known as “Habitat” 
in Cuckoo algorithm. In a N dimensional optimization issue, 
a habitat is an array of 1*Nvar indication present living 
location of Cuckoos. This array defines as below[39]: 
 
Habitat = [x1,x2,…,xNvar]                       (1) 
 
The habitat profits (ƒp) is attained by assessing of profit 
function based on equation 2 as below: 
 

Profit = fp(habitat) = ƒP (x1,x2,…,xNvar)                 (2) 

 
The cuckoo algorithm maximizes the benefit function. To 
apply Cuckoo algorithm in optimization problems we can 
used the profit function defines as below: 
 

Profit = - Cost (habitat) = - ƒC (x1,x2,…,xNvar)                 (3) 
 

In the beginning of process the habitat matrix 
creates with Npop * Nvar arrays. Then, some eggs are 
dedicated to each habitat. In natural life each Cuckoo lay 
eggs between 5 to 20 eggs , so that numbers define as a 
lower bond and upper bond of algorithm. Also they lay eggs 
within the maximum distance from their habitats, which is 
known as Egg Laying Radius (ELR).  In each optimization 
problem every variable has upper bond Varhi and lower 
bond Varlow. The ELR formula presented as below: 

 

ELR = α × 
୒୳୫ୠୣ୰ ୭୤ ୡ୳୰୰ୣ୬୲ ୡ୳ୡ୩୭୭’ୱ ୣ୥୥ୱ

୘୭୲ୟ୪ ୬୳୫ୠୣ୰ ୭୤ ୣ୥୥ୱ
 × (varhi – 

varlow) 
 (4) 

 
Where α represents as integer, suppose to handle the 
maximum value of ELR.  

5. Methodology  
 

Our methodology is divided into two phases. In the 
first phase, we applied density-based clustering and 
DBSCAN algorithm and in the second phase for improving 
suggested items to users, Cuckoo algorithm has been 
employed. Clustering of users done based on their profiles. 
In essence, the purpose of clustering in this research is to 
finding users with high similarities with intended user. The 
DBSCAN algorithm is one of the density-based data 
clustering algorithms that offers some concepts such as; 
core point, nearby neighbors, noise, and so on [32][40]. 
According to the structure of facebook website, selecting 
clusters were based on users neighbors; it means that each 
selected user put into the cluster with his/her neighbors. In 
fact, in social media websites users usually connect to 
people who are similar with him/her in terms of profile, 
behavior or interests [41]. Therefore, the length and the 
number of clusters are depending on user neighbors. Finally, 
the items that are ranked by users were recommended to 
intended users. For calculating profile similarity, we used 
formula defines as below [42]: 

 
Rc , c' = ∑ 𝑠𝑖𝑚 (𝐶 , 𝐶ᇱ) ×௖ᇱ ∈஼  rc, c'          (5) 
 
Where the similarity between user C and C' is estimated 
by  Sim (C,C'). The more similarity between user C and C', 
the more accuracy for rc, c' regarding select an end user. In 
the next level, the mutual items among users should be 
found. For this purpose, we can use Cosine similarity or 
Pearson correlation coefficient formula. Experimental 
studies contend that Pearson formula is more effective that 
Cosine similarity. Thus, The Pearson correlation coefficient 
formula has been applied in this study. The formula defices 
as below [42][43][44]: 

 
                                                                               

(6) 
 

 

In this formula Simii,j represents a distance of two 
items or users. If i and j are two users, then i∩j represent all 
items that these two users have ranked them. ri

’ and rj
’ are 

average ranked of user i and j on the same items i∩j. ri,m is 
user I ranked to item m and rj,m is user j ranked to item m. 
Due to the fact that user’s ranking in facebook is a binary, 
accordingly ri,m and rj,m include likes of user i and j on item 
m. using formula (1) leads to identify the users that have 
profile similarity with each other and intended user. 
Afterward, formula (2) assists us to compare user’s 
behavior to extract the mutual items that they liked. Finally, 
the output can be recommended to users.  

Simi i , j = 

∑ ௠ ∈(௜ ∩௝) (௥೔,೘ିŕ೔)(௥ೕ,೘ିŕೕ)

ට௠ ∈∑  (೔ ∩ೕ)
(ೝ೔,೘షŕ೔)మ

ට௠ ∈∑  (೔ ∩ೕ)
(ೝೕ,೘షŕೕ)మ
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In the next phase, Cuckoo algorithm has been 
carried out to select a user randomly in each cluster, 
comparing this profile with other profiles in the cluster. If 
there is a similarity between this user and others, we can 
conclude that Cuckoo will put eggs in this profile due to 
high level of similarity. It should be noted that the main goal 
of using Cuckoo algorithm in this study is to find clusters in 
which we can extend a suggestion to all members of cluster. 
Finally, it is assumed that the users that have similar profile 
with each other’s will have similar behaviors and if they 
accept one suggestion, their neighbors might accept this 
suggestion as well. 
 
 
6. Algorithm Implementation  
 

In this research, we applied algorithms in two 
sections. In section one, DBSCAN algorithm is carried out 
and in section two, Cuckoo optimization algorithm has been 
implemented. The following sections describe about both 
algorithms: 
 

6.1 DBSCAN Algorithm 

To address the cold-start problem we used data 
mining techniques. First, DBSCAN algorithm uses to 
identify users with profile similarity. This process is done 
by following algorithm [45]; 

 

Algorithm 1. DBSCAN algorithm 

Input: D: data set, e: radius, MinPts: minimum number of 
points 
Output: 𝜋: Clustering 
1: clusterId = 0  
2:   ƒor all unvisited point p ∈ D do 
3:      mark p as visited 
4:      N = getNeighbors (p,𝜀) 
5:      iƒ sizeof (N) <  MinPts then 
6:        mark p as noise point 
7:     else 
8:       clusterId + + 
9:       add p to cluster clusterId 
10:     ƒor all point p' ∈ N do  
11:       iƒ p' is not visited then 
12:         mark p' as visited 
13:         N' = getNeighbors (p' , 𝜀) 
14:         iƒ sizeof ( N' ) ≥ MinPts then 
15:         N = N ∪ N' 
16        iƒ p' does not belong to a cluster then 
17:         add p'  to cluster clusterId  
18: return 𝜋 
 
 

DBSCAN (Density Based Spatial Clustering of 
Application with Noise) algorithm, which is disclosed in 

algorithm 1, is an efficient density-based clustering 
technique, which can explore random shape clusters and 
noise. In DBSCAN algorithm the following key phases are 
executed: 1) Labeling all elements as core, border, or noise 
points. 2) Putting an edge concerning all core points, which 
are neighbors. 3) Labeling connected core points as a cluster. 
4) Involving all border points within the neighbors of a 
cluster into the similar cluster [45].  

 
DBSCAN algorithm works based on distance scale, 

considering intended user profile as a point with 
coordination in (0,0) and for each difference field in 
neighbor’s profile the position of point in axis will be 
changed whereas, if the similarity of two profiles were high 
the distance between this profile and intended user will be 
zero. There were 200 topics regarding sport, health, 
technology books and music distributed among users to like 
their favorite subjects. For applying clustering algorithm, 
due to the structure of our survey, which includes 5 main 
topics thus, we choose 5 users who liked more than other in 
each subject and each cluster contains these 5 users 
neighbors. Given that in this research clustering technique 
is based on user profiles and DBSCAN algorithm calculated 
the distance of points, then user profiles formed into binary 
code as below table: 

 
Table 1. Coding user profiles fields on facebook 

 

 

Fields State 
1 

Co
de State 2 Co

de 

Age Under 
30 0 Above 

30 1 

Gender Man 0 Woma
n 1 

Educati
on 

Diplo
ma 0 

Acade
mic 
degree 

1 

Marital 
status Single 0 marrie

d 1 

Figure 2. DBSCAN algorithm outcomes 
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According to table 1, DBSCAN algorithm were carried out 
for 5 users and the outcome is depicted in figure 2 as below 
(it is presented a book cluster results): 

As it is shown in figure above, the user who has 
maximum number of likes put into position (0,0) and other 
users are located into different positions base on their 
similarities. Red colours circules indicate that these users 
have a high level of similarities with intended user. Results 
for 5 users and final outcomes are presented in table 2 as 
below:  

 
Table 2. Clusters information 

Clusters User Number

 of user  

Profile  

matchin

g 

%Similarit

y 

Health 1 1 1 1 94 52 % 55 

Technolo

gy 

0 0 1 1 217 164 % 75 

Book 1 1 1 1 234 98 % 42 

Film 0 1 0 0 147 74 % 50 

Music 0 0 0 1 119 63 % 52 

 
As it is shown in table 2, the highest similarity is 

related to Technology cluster in which 75% of users have a 
profile similarity with intended user. Hence, technology 
cluster is one of the most suitable clusters to study user 
behavior’s to extract that which item should be suggested to 
the novel user in terms of solving the cold-start problem.   

6.2 Association rules 

The main aim of association rules is to find the most 
frequent items among users that have high similarity with 
intended user containing subjects that gain a plenty of likes 
to recommend to user in future. Association rules algorithm 
consists of three elements which are defines as below 
[6][20]: 

 
1. Support: represents a percentage or total 

transactions of A and B to total number of records. 
The more percentage of support, the more relation 
that A and B have with each other. Support rule is 
defines as below: 

 
supp ( A⟹ 0 ) = P ( A ∩ 0 ) = P (A) P ( 0 │A) = P (0) P (A│0)             )7 (  

supp ( B⟹ 1 ) = P ( B ∩ 1 ) = P (B) P ( 1 │B) = P (1) P (B│1)                   

)8(  

2. Confidence: is a ratio of the number of transactions, 
which include all items in the consequent, as well 
as the support to the number of transactions. Using 

this criterion besides support can evaluate an 
outcome of association rules algorithm. Below 
equations define Confidence criterion: 
 
Conf ( A⟹ 0 ) = P (A│0)                                     )9 (  

Conf ( B⟹ 1 ) = P (B│1)                                     )10 (  

3. Lift: lift known as interest factor or interestingness, 
presents independency between item A and B. A lift 
ratio larger than 1.0 implies that the relationship 
between the antecedent and the consequent is more 
significant than would be expected if the two sets 
were independent. Equations (11) and (12) shows 
lift scale for A and B: 

Lift ( A ⟹ 0 ) = 
୔ (୅│଴)

୔ (଴)
 = 

୔ ( ୅ ∩ ଴ ) 

୔ (୅) ୔ (଴)
                            )11 (  

Lift ( B ⟹ 1 ) = 
୔ (ଵ│୆)

୔ (ଵ)
 = 

୔ ( ୆ ∩ ଵ ) 

୔ (୆) ୔ (ଵ)
                            )12(  

 

The outcomes of association rules techniques as shown  
below: 

 
 
  
 
 
 
 
 
 
 

As it is shown in figure 2, rules are extracted through 
association rule techniques and first rule (red color text) 
indicates a maximum amount of support. It means that the 
topic number 70 and 129 are the most popular topics among 
users. Second most popular subjects are 95 and 117 in rule 
4 with high dependency ratio. Also, the lift number 
indicates an attractiveness of these rules. Therefore, 
extracted items are appropriate options for recommending 
to users to overcome the cold-start problem.  

6.3 Cuckoo Optimization Algorithm 

In this section, Cuckoo optimization algorithm has 
been utilized to find a high level of similarity between users 
and goal user. First of all, some nests should be created then, 
Cuckoos lay their eggs on these nests. The similar eggs will 
be survived in the nests. In this study, user profiles 
considered as a Cuckoo’s egg and the similarity criteria’s 
are based on four factors that are shown in table 1. Cuckoo 
algorithm has been applied according to equation 13 as 
below: 

 

CS = ∑ ∑ ∑  ସ
௞ୀଵ

௡
௝ୀଵ

ସ
௜ୀଵ  xi ⨁ mjk                   (13)                                             

 

Rule #1: 129 --> 70 
       Support = 0.66159 
    Confidenec = 0.93233 
          Lift = 1.2452 
  
Rule #3: 90 --> 160 
       Support = 0.65128 
    Confidenec = 0.89437 
          Lift = 1.357 

Rule #2: 27 --> 183 
       Support = 0.63026 
    Confidenec = 0.91507 
          Lift = 1.3356 
  
Rule #4: 95 --> 117 
       Support = 0.64103 
    Confidenec = 0.92616 
          Lift = 1.2757 
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To making mathematical model of algorithm, we 
define two matrixes, comparing them with each other. In the 
other word, we store user profile information in the form of 

matrix. This matrix presents as a Xi and use ∑  ସ
௜ୀଵ  to read 

it. As it is mentioned before, user profiles contains four field 
hence, we define its change interval from 1 to 4 by variable 
i. Then, this matrix should be compared with other matrixes 
defines as an mjk matrix in which j represents a number of 
rows and k indicates the number of columns. Change 
interval for variable j depends on the number of eggs (users) 
in nest including from 1 to n. j variable represents number 
of fields that suppose to compare with Xi matrix. Operator 
XOR is defined to create output of comparing these 
matrixes. If the amount of two fields similar to each other, 
the outcome will be 0 otherwise, it will 1. Cuckoo algorithm 
defines as below: 

 
Algorithm 2.   Cuckoo algorithm 

Input: D: data set , users profile matrix 
Output: 𝜇: Optimal nest 
1:  X = [a : b : m : n] 
2:      Size = 1 to p : fields of users profile 
3:    for i= 1 to Size 
4:     function compare(a,b,m,n,name) 
5:   n = 0; 

6:    for i=1:size(a,1) 

7:     for j=1:size(b,2) 

8:     for k=1:size(m,3) 

9:     for s=1:size(n,4) 

10:     if  Isequal (i(1, a), j(2,b) , k(3,m) , s(4,n)) 

11:       n = n + 1; 

12:    end   

13:      end 

14:          end 

15:            end 

16:                end 

17:  display(name); 
18:   precent (display (n-size(a,1) & size(b,2) & size(m,3) & size(n,4) 
/100)); 
19: return 𝜇 

In the first place, some habitats should be 
provided to put user profiles as eggs into nests for 
identifying the similarity among eggs (other user profiles). 
In this research, our case study is facebook website and we 
choose 5 accounts to study. In each account we selected 2 
users that have maximum number of neighbors. Neighbors 
were put in the habitats to compare with intended user in 
terms of profile similarity. Results of comparison of 10 
users and 10 habitats are shown in table 3 as below: 
 
 
 

Table3. Results of applying COA at 10 habitats 

 Cuckoo Egg 
Number of 

Users 
% 

Similarity 

Rest 1 0 1 1 0 704 % 52 

Rest 2 0 0 1 1 593 % 59 

Rest 3 1 0 1 0 1389 % 57 

Rest 4 0 1 0 0 886 % 41 

Rest 5 1 0 1 1 1660 % 73 

Rest 6 1 1 0 1 1079 % 56 

Rest 7 0 0 1 0 917 % 47 

Rest 8 1 1 0 0 914 % 61 

Rest 9 0 1 1 1 2398 % 66 

Rest 
10 

1 1 1 0 1705 % 64 

 

As it can be seen, each color in the table above, 
presents specific group of users. Moreover, the number of 
eggs and user profiles are indicated as well as similarity 
percentages with other eggs (profiles). According to the 
results, “Rest 5” is nominated for the best place for Cuckoo 
eggs because of 73% similarity. Also, a second best place 
for Cuckoo eggs is “Rest 9” with 66% similarity. Thus, 
these two habitats are suitable nests for growing Cuckoo 
eggs. In essence, for users who are located in Rest 5 and 
Rest 9 habitats, we can recommend similar items due to the 
high similarity of profiles with each other’s. Actually, we 
can conclude that they will have similar tendency and 
preferences.     

 
7. Analysis of Results   
 

In this section, we evaluate proposed algorithms that 
carried out in this research study. Cuckoo algorithm 
performance compared with other algorithms. For 
performance assessment of algorithms we used some 
standard measurement parameters consist of [42][46]: 

   
7.1 Mean Absolute Error (MAE) 
 

It is a statistical accuracy metric for assessing the 
average total difference between the anticipated rating and 
actual rating. A minor MAE value indicates more accurate 
prediction. It is shown in equation 13 as below: 

 

MAE = 
∑ | ŕ೔ೕ ି௥೔ೕ| 

୑
                       (13)   
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Where M is an overall number of predictions. r`ij represents 
the forecasted value for user i   and on item j and  rij is the 
true rating. 

  
7.2 Accuracy and integrity 
 

For evaluating an accuracy of model, two 
measurement factors are used including: “Precision” and 
"Recall”. These metrics explore an accuracy of model 
regarding user behavior prediction. The equations for both 
Precision and Recall are define as: 

 

Precision = 
|୘୔|

|୘୔ା୊ |
                       (14) 

TP represent a number of records that systems 
predicted them correctly. FP presents a number of records 
that are not chosen in TP domain. Recall is a portion of 
relevant instances that have been retrieved over total 
relevant instances. The equation 15 defines Recall 
fraction: 

 

      Recall = 
|୘୔|

|୘୔ା୊ |
                   (15) 

TP represents a number of records that systems predicted 
them correctly and FN represents records that are not 
selected in a whole dataset. Hence, the outcome amount of 
Recall will be lower than Precision.  

 
In this paper, the main aim of using Cuckoo 

optimization algorithm is to finding user favorites through 
minimum recommendation to them, suggesting appropriate 
items based on their preferences. In this regard, we compare 
Cuckoo algorithm with traditional Collaborative Filtering 
(CF), Particle Swarm Optimization algorithm (PSO) and 
Firefly Algorithm (FA) to verify our results. The CF 
algorithm proposes recommendation to users based on their 
similarities regarding profiles, ranking items and so on 
[42][47][48][49]. In this research study, a similarity 
criterion is based on two factors; gender and education level. 
In PSO algorithm, particles tend to move to the best and 
optimized position in the search-space, which is, updated as 
better position uncovered by neighbor particles [50][51]. In 
this study, user’s profile considered as a particle and other 
users (particles) moved to this profile if they have similarity 
with this user. The FA algorithm is inspired by flashing 
behavior of flashing bugs. Randomly produced possible 
solutions will be measured as fireflies where their 
brightness is determined by their performance on the 
objective function. The algorithm works in two phases; 
updating light intensity and movement. Fireflies are 
attracted to neighbors with high brightness and after several 
repetitive procedure, the optimize solution will be come out 
[52][53]. For applying FA at our data, each user is defines 

as a firefly and other users (fireflies) move closer to this user 
based on their similarities and this is the brightness of goal 
firefly. Hence, all fireflies that have similar profiles come 
together thus, we can propose specific items to this group 
of fireflies.  

For validating our results of Cuckoo algorithm, 
we compared this algorithm outcomes with other 
algorithms mentioned above. As we choose 10 user profiles 
to study in previous section, the same profiles have been 
chosen to analyze by CF, PSO and Firefly algorithms. In 
each algorithm if users have similar interests with each 
other’s the accuracy of recommender system regarding user 
behavior prediction will be high. For achieving this goal we 
analyzed 300 user behaviors through these algorithms 
carried out by MATLAB software. We executed CF, PSO, 
FA and Cuckoo algorithms to compare the results based on 
MAE metric, indicating the number of users who liked same 
posts. Results are shown in figure 4 as below: 

Figure 4. Results of 5 algorithms based on MAE metric 
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As it is shown, among all algorithms, the error rate for 
Cuckoo algorithm is less that others. In terms of traditional 
CF, we divided filtering method based on education level in 
CF-A and gender in CF-B. Another important point about 
figure 4 is that the accuracy of each algorithm is different in 
each position. Evaluation based on Precision and Recall 
metrics are shown in figure 5 and 6 as below: 

Figure 6. Accuracy of recommendation of 5 algorithms (Recall metric) 
 
As it can be seen, Cuckoo algorithm is more effective than 
other algorithms therefore, using this algorithm serve as a 
breeding ground for enhancing recommendation system 
performance.  

 
 

8. Conclusion  
 

In this research paper, cold-start problem in 
recommendation systems has been studies and to tackle this 
problem density-based clustering has been utilized. Results 
presented a high performance of proposed method for 
solving cold-start problem compared to other solutions. 
Actually, we showed that the relationship between user 
profiles similarity and their preferences on facebook. It 
means that users profiles similarities lead to similar 
requirements and interest. Therefore, user profiles are one 
of the most significant factors in order to recognize them, 
recommending interesting items based on their preferences. 
In the next level, Cuckoo algorithm has been applied to find 
users that have similar behaviors and profiles. Thus, 
through minimum number of suggestions we can meet users 
requirements. The outcomes of our study can be very useful 
for firms and organizations regarding marketing and 
advertisements. Before this, they had to study user profile 
individually to extract their interests, but through Cuckoo 
algorithm they can find user interests and preferences by 
groups of users, suggesting them items and services. 
Consequently, they can reduce advertisement and 
marketing costs.    
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