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Abstract 

In present days, Recommender systems (RS) is an emerging research area finds its applicability 

in various domains. It is intended to determine the user rating for product or services, primarily 

from big data to recommend their likes. Movie RS offers a way to help users to classify them 

based on their identical interests. It makes the RS basically an essential component of websites 

and e-commerce applications. In this paper, we made an attempt to analyze the performance of 

two optimization algorithm movie RS. In addition, both of the RS are derived based on the 

common clustering algorithm called k-means clustering. Keeping the k-means algorithm as 

fundamental, two novel algorithms were introduced based on cuckoo search optimization 

(Cuckoo-K means) and particle swarm optimization (PSO) algorithms. These algorithms are 

validated by testing it on the benchmark Movielens dataset. The results are analyzed based on 

three evaluation parameters namely mean absolute error (MAE), standard deviation (SD) and 

root mean square error (RMSE). The experimental outcome ensured that the PSO based RS 

outperforms the Cuckoo search based RS.  

Keywords: Recommendation system; Cuckoo search; Particle swarm optimization; Movie 

recommender 

1. Introduction 

At present times, there exist many applications in recommendation system (RS). In YouTube, 

"recommended channel" suggest videos and Facebook recommends "People you may know" 

depending on the previous historical searches and interests. In web technology, there exist few 

recommendation examples. At present times, applications in movie RS are employed extensively 

that are combined with multimedia and web devices which uses OS like android and windows. A 

data filtering technique can be employed to offer helpful suggestions to a user community for 
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services or items which may attract them is called as RS [1]. It uses utility function which 

autonomously predict about whether the stake holder might like the item based on their item 

similarity, past behavior, context, relations with other stake holders and so on. It is a data mining 

instance wherever the data are explored and sorted in massive patterns. Various methods are 

used by RS and two methods are widely used known as content-based and collaborative filtering 

systems. Content-based system is the one that analyze the suggested items properties [2]. 

Content-based system offers item description and user’s knowledge preference. Depending on 

the similarity measures between items and users, collaborative filtering suggests the items. A 

model is being built by user’s previous behavior like the items being purchased already and 

rating in numerals were provided to it. The model built by the idea of Collaborative filtering 

depends on the concept of the individuals who accepted the decision in past will accept with 

same in upcoming days. But, different drawbacks and difficulties like data sparsity are faced by 

it, in which the task is to examine huge itemsets. Other disadvantage is the difficulty in creating 

predictions depending on nearest neighbor methods. Scalability is another issue where the item 

and users counts increases and cold start is the last problem in which poor relationship over 

unanimous people. To overcome this issue, hybrid model depended method is projected to 

enhances the issue of data sparsity and high dimensionality. Model-based collaborative filtering 

is suitable when looking over the other collaborating filtering methods. It employs whole user-

item database to create prediction as it is a memory dependent approach and to search the nearest 

neighbors, it employs statistical methods. A model-based collaborative filtering with clustering 

method is employed as the clustering minimizes the data sparse high dimension issue and 

enhances scalability. The unanimous people are grouped together into cluster and therefore avoid 

finds the entire distinct user space. Other issue is that clustering needs huge computational time 

[3]. The whole system is used in two stages: offline and online phase. The clustering model in 

offline phase resulted to small dimensional space and segments the users who are active into 

various clusters. An active user is given as top-N position in the list of movie recommendation 

because of the movie predicted rate in online phase. To create the needed clusters, FCM 

algorithm is used where a user in FCM does not depend on one cluster alone, however, in many 

clusters with varying membership degree, this make sure about the precise recommendation.  

In this paper, we made an attempt to study the performance of two movie RS based on clustering 

and optimization methods. Two methods are k-means with cuckoo search optimization algorithm 
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and k-menas with fuzzy c means and Particle swarm optimization (PSO). To validate the 

performance of these methods, experimentation over movielens dataset takes place. When 

compared with the traditional cluster based collaborative filtering technique, it gained superior 

results.  

The article is planned as below: Section 2 discuss about the K-means cuckoo search algorithm 

and section 3 explains the PSO-KM-FCM method. The simulation result and performance are 

discussed in section 4 over movielens dataset. The final section summarizes the conclusion and 

scope for future work of the projected framework.  

2. Related works 

A detailed study is done by [4] and identified that RS as a precious tool which offer related data. 

For providing relative suggestions, at present, RS approaches are used by numerous mobile and 

webs applications. The mobile applications and e-commerce are at present are entirely based on 

the RS and it is classified extensively into three kinds: collaborative based, content-based and 

hybrid models [5]. In the study field of RS, the methods of Traditional collaborative filtering 

(TCF) are highly popular. Stake holders are grouped by employing the measurement of Pearson 

correlation coefficient (PCC) in the order of the one containing high similarity are grouped in a 

cluster. Subsequently, item predicted rates are estimated and suggested to the stake holder. To 

suggest toward the end user, the top N number of highest predictive items are chosen at the end 

[6]. Using different e-commerce organizations, Context based RS are used. Towards the context-

aware RS [7], the factorization machines are also applied in recommender studies. They built an 

iterative optimization approach which found analytically the least-square solution for one 

parameter when the others are given. To design contextual data and to offer predictions in 

context-aware rating, Factorization Machines were used. As the FM model equation can be 

estimated in linear period with factorization size and context variable counts, it gives quick 

context-aware recommendations. A RS can be merged with the collaborative and content based 

methods to recommend the user items of interest and uses item semantics [8]. A hybrid technique 

is given in that the mechanism for user-specific recommendation was trained and employs 

similarity metrics among end user and item attributes measure which creates it as an attracting 

one to certain stake holder. By examining everyday activities, multitask clustering architecture 

was proposed in which the data are collected using wearable cameras [9]. The author projected 
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the clustering segments that were rational between relative tasks instead of performing data 

cluster from various users in the architecture. A technique was recommended which choose 

autonomously meaningful semantic ideas for the task of event detection depending on both 

concepts high-level feature and events-kit text descriptions. Depending on the chosen semantic 

concepts, an event oriented dictionary representation was introduced by researchers. Based on 

the chosen semantic concepts, they tried to learn the representation of event oriented dictionary. 

For segmenting a person head pose in which position freely in a surveillance environment with 

huge field-of-view cameras, the architecture of flexible graph-guided multi-task learning 

(FEGA-MTL) was provided. In spite of head orientation, the architecture of FEGA-MTL is used 

to the setting of weakly supervised wherever the target’s walking route is used as proxy. In a 

framework of multi-task clustering, few studies also assumed the egocentric activity recognition 

problem from the unlabelled data [10]. With two methods of multi-task clustering (MTC), the 

datasets of first-person vision (FPV) were examined.  

3. K-means-cuckoo based collaborative filtering framework 

To enhance the accuracy of movie prediction, a hybrid cluster and optimization depended 

approach is presented to prevent the collaborative recommender system drawbacks. The goal is 

to offer a solution in unified model which utilizes user rating for predictions from Movielens 

dataset. For enhanced and effective RS, optimization algorithm of cuckoo search and clustering 

algorithm of K-means is employed [11]. For clustering the users, primarily the algorithm of k-

means clustering is used over Movielens dataset. Randomly, the clusters are chosen at the 

starting point. Then, the user examines each other to the variances in its rating and cluster 

centroid. Then, the user is assigned with the cluster when the variance is smaller to the nearest. 

But, it is tentative that every user being allotted with actual cluster with less variance in centroid. 

With its cluster mean and other ones, every user’s distance is equated and repositions the stake 

holder in order to lower distance from other cluster mean. It is continued with the iterative 

relocation from the novel partition until no additional relocation occurs. If there is no occurrence 

of relocation, then the completion point of the procedure of clustering takes place. Using the 

steps provided in Fig. 1, the K-means method gets executed.  

 

International Journal of Scientific Research and Review

Volume 8, Issue 4, 2019

ISSN NO: 2279-543X

Page No: 514



 

Fig. 1. Cuckoo K-means algorithm 

For optimization, the resultant k-means approach is given subsequently to cuckoo search 

algorithm. With the fitness function, the cluster produced aids in user’s centroid distance 
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enhancement, whereas for a constrained iteration counts, fitness function modifies the past 

centroids. Using k-means and reduced centroid differences, teh user is classified again. By 

employing the below three rules, cuckoo search algorithm might be defined:  

 (a) At any instant, each cuckoo lay one egg and drop them in selected nest arbitrarily.  

(b) The optimum nests containing high quality of eggs will move to the next generations.  

(c) The accessible host nests is pre-defined, and laid egg is uncovered by the hosts birth a 

probability pa Є [0, 1]. 

We assume a correlation for framework whereas the stake holder is assumed as egg. 

Every nest seemed to be a cluster. In initialization, the process begins whereas an arbitrary n host 

nests population is initialized and for deriving an optimal solution, an equation of levy flights 

behavior is given. Then, the fitness is gained by employing the fitness function. Levy flights are 

defined as a arbitrary walk in that the length of steps are distributed in the order of Levy 

distribution. With aid of Fourier and Laplace transformations, Levy stable and step length 

distribution might be estimated. It has been executed in cuckoo optimization algorithm and the 

length of the flight is derived as 𝑥(𝑁)~ 𝑁1/∝ whereas random variables are 0 <∝<  2, step 

size is N. For every iteration, the travel distance of cuckoo can be estimated using this equation. 

We choose a arbitrary nest, called 𝑗, the cuckoo egg fitness is compared subsequently with host 

eggs fitness exist in the nest. Then, 𝑗 is replaced with new resolution as in (1) when cuckoo egg 

fitness function is less or equivalent to arbitrarily selected fitness function nest as defined by 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑏𝑒𝑠𝑡 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 − 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑏𝑒𝑠𝑡 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛. 

The deviation among solutions reduces with an increment in iteration count when the 

fitness function rate moves to zero and decision is made when the egg of cuckoo is similar to 

actual egg. It is complex for the bird to differentiate among eggs. When cuckoo egg fitness 

function is greater than arbitrarily selected nest, the host bird may differentiate among the 

cuckoo and host egg.  

On the whole, the method comprise of advanced k-means clustering approach in which it 

is optimized through cuckoo search which is a bio-inspired algorithm. In cuckoo optimization 

method, the clusters are employed to segment the end users through interest similarity as same as 
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host bird nest and every egg is same for a user. Primarily, the classified stake holder is assumed 

as host bird eggs. K-means is executed when the clusters are initialized as demonstrated in the 

method. The stake holders who are not chosen are selected arbitrarily. Cluster is chosen for every 

arbitrarily chosen user. An egg might be founded through host bird otherwise it might stay in 

nest in order to the fitness function gets estimated. It attempts to drop the other eggs arbitrarily 

outside the nest, when the cuckoo egg hatches. This can be performed when the cuckoo egg 

fitness is superior to preset count of user percentage that is present in the cluster already. The 

discussed method is demonstrated. Through reading a file, the dataset of Movielens is recorded 

and is segmented into clusters by employing k-means clustering in such a way that every cluster 

comprises a centroid. The distance among the centroid and user is estimated and the user is 

positioned at cluster when the distance is least far from it. The novel positions were estimated 

and the centroids are relocated, while the entire users are relocated. Subsequently, the calculated 

rating which the user will offer is estimated and using cuckoo search approach, framework is 

optimized.  For the prediction of RS, we have estimated different estimation measures like 

standard deviation, mean absolute error (MAE) and root mean square error (RMSE) that are 

adequate for the comparison of extensive RS.  

4. PSO-KM-FCM based collaborative filtering framework 

To enhance the recommendation and accuracy of movie prediction, the focus is to build a hybrid 

clustering model in this section. K-means clustering algorithm, PSO and fuzzy c-means are the 

popular clustering method that is called as ‘type division’ method is used [12]. Two attributes 

such as ‘rating’ and ‘movie id’ are contained in the primary data by a user. The given rating are 

distributed through type division method in which the type that certain movie belong to. They are 

employed as beginning of the k-mean algorithm that gives output as centers for certain method. 

For enhanced results, fuzzy c-mean method requires optimal primary centers and the generated 

centers are optimized further in fuzzy c-mean. Final outcomes are merged and employed for 

rating prediction after fuzzy c-mean algorithm processing depending on past history. For movies, 

we have constructed a type division method and used particle swarm optimization (PSO) as 

demonstrated in Fig. 2. An amalgamation of K-means, fuzzy c-means and PSO are built in our 

system. The primary dataset is converted to new form in that user are segmented depending on 

the movie kinds.  
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Fig. 2. PSO-KM-FCM based collaborative filtering framework 

To find the primary centers, the new dataset is applied over K-means and PSO combination that 

are precise and accurate centers when compared with allocating centers arbitrarily. For 

optimization, these are employed through fuzzy c-means. In various movie types, Type division 

technique is a basic method which segments the user in the order to their preferences; primary 

data set produces 19 files which it uses and every users having preferences in that certain movie 
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kind. A distinct movie might belong to various categories or kinds. We apply our method to 

merge users accurately through the rating over certain movies after the file generation. We 

search for certain user preferences and its rating for that certain kind through segmenting the 

users in order to their movie type or category. The dataset is divided easily through by type 

division creating RS highly precisely for computation.  

Type division technique is used and it does not affect K-means for every movie type 

within the dataset. For optimized center estimation, the primary clusters and centers offers an 

alternative towards input arbitrary allocation towards PSO for optimized center computation. A 

collection of centres are the final output of PSO and K-Means for every database file. The 

projected movie RS is demonstrated in Fig. 2. It includes dividing the movie dataset into 19 

kinds and using a clustering sequence and optimization algorithms.  

4.1 Adopting K-means clustering for centres 

Due to the factors such as simplicity, computational efficiency and flexibility, K-means 

algorithm is the well-known and generally employed clustering method that are used when 

massive data is assumed as a major concern. It estimates one by one the ‘k’ cluster centres and 

allocate the user to the closest cluster depending on computed distance and uses type division in 

that the movie kinds are characterized in accordance with the users. The code occurs to 

convergence, while there exist no additional modifications. K-means algorithm focuses to divide 

the users for the users and movie by ‘k’ groups autonomously. 

𝑗 = 𝑥
( )

− 𝑐                                           (1) 

Let 𝐽 = objective function,  𝑘 = number of clusters, 𝑛 = number of cases, 𝐶 = centroid for 

cluster 𝑗, 𝑥( ) = case 𝑖, 𝑥
( )

− 𝑐  = Distance function. 

(a) Group the Movie data into 𝑘 groups. 

 (b) Choose k points at random manner, as cluster centres (𝐶  𝑤ℎ𝑒𝑟𝑒 𝑗 = 1,2. . 𝑘). 

(c) Allocate objects to their nearest cluster centre in order to function of Euclidean 

distance.  
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(d) Estimate the mean or centroid of whole objects in every cluster. 

 (e) Repeat steps b, c and d until the similar points are allocated to every cluster in 

subsequent rounds. 

4.2 Particle swarm optimization application for movie 

In the swarm, number of users be 𝑆, every one comprising a position 𝑋 ∈ 𝑅  in denoted 

search space and comprising 𝑉 ∈ 𝑅  as velocity. The best known user i position and best 

position g is known as pi in the entire swarm. 

4.3 Application of fuzzy c-means and rating prediction 

 Through enabling membership to every data point, the FCM works by correlation to 

every cluster center through distance calculation between the data point and cluster center. The 

higher the data closer to the cluster center, its membership to certain cluster center is also high. 

Every data point membership sum must be equivalent to each other. Centers are modified after 

every iteration membership, in order to the users, the centers are modified and cluster sets are 

equated as  

 a) Take cluster centers produced by K-Mean-PSO code.  

b) Determine the fuzzy membership 𝜇  by the use of Eq. (2): 

𝜇 = 1 (𝑑 / 𝑑 )                                                (2) 

Where, 𝜇 =fuzzy membership, 𝑐 = number of cluster centre, 𝑑 =Euclidean distance 

from 𝑖 data to 𝑗  cluster center and ‘𝑚’ is the fuzziness index 𝑚 € [1, ∞]. 

c) Determine the fuzzy centres 𝑣  with Eq. (3). 

𝑣 =
1 ∑ 𝜇 𝑥⁄

∑ 𝜇
                                              (3)  
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d) Go to step b and execute till the minimum ‘𝐽’ value is attained, ||𝑈( )  −  𝑈  ||  <

 𝛽. Where K is the iteration step.β is the stopping condition ranges between [0,1] and 𝑈 =

𝜇
∗

 is the fuzzy membership  matrix and J is the is the objective function. Movies are 

classified and then identify the user depending on the earlier ratings in the respective types, and 

then every rating is integrated to produce a final predicted rating. 

5. Experiment results and analysis 

The open source Movielens dataset is used to test the simulations comprising of 100,000 ratings 

by 943 participants over 1682 movies with the scale values of 1–5. Towards the Movielens 

dataset, the above mentioned framework is implied whereas the data are assumed from Ua-Ub 

and u1-u5. The Movielens dataset is segmented into various files. For result validation, the 

dataset is divided into 20% test data and 80% training data. The movies are divided into 19 kinds 

named as animation, comedy, action, horror, and so on that are denoted in ‘u.item’ file. In the 

‘u.user’ file, the user data are demonstrated. To evaluate the RS architecture performance, 

various metrics namely SD, MAE and RMSE are applied. The detailed explanation of the 

attained results is given below: 

5.1. Results analysis interms of MAE 

Over Movielens dataset, the MAE is computed using the Eq. (4). 

𝑀𝐴𝐸 =
∑ 𝑃 . − 𝑟 .

𝑀
                                                        (4) 

Where 𝑀 is the complete count of movies expected, 𝑃 , demonstrates the predicted rate 

for user 𝑖 over item 𝑗, and 𝑟 .  refers the true rating. 

𝑀𝐴𝐸 =
𝐴𝐸

𝑛 ∗ 𝑚
                                                              (5) 

|𝑒 | = |𝑓 − 𝑦 |Where 𝑓  prediction is value, and 𝑦  is the actual value. 

For various k values, the K-Means Cuckoo and PSO-KM-FCM were compared interms of MAE 

and the outcome is demonstrated. The error rate should be less for the effective performance. 

When the cluster count is increased from 4 towards 68, it is found that there exists a steady 

International Journal of Scientific Research and Review

Volume 8, Issue 4, 2019

ISSN NO: 2279-543X

Page No: 521



reduction in the MAE rate. Under K-means Cuckoo, the MAE is 0.825169 while the cluster 

count is 4 and it is reduced to 15% in case of 64 clusters. With the increment in the cluster 

counts, MAE decreases with the implication of K-Means Cuckoo. While considering the PSO-

KM-FCM, it obtains the MAE of 0.819169 under 4 cluster counts. And, it attains 0.691293 MAE 

under the cluster count of 68. When comparing with K-Means Cuckoo method, PSO-KM-FCM 

achieves minimum MAE rate. Hence, it is an effective method of evaluating the dataset interms 

of MAE. The nearby element stay in similar cluster and prediction is highly precise. Every user 

comprised of increased probability to allocate as a cluster and it is allocated with less user count 

when the user counts are preset. Therefore, the variation among the original value and estimate 

values gets decreased with reduced MAE.  

Table 1 MAE for various values of 𝑘  

S. No Numbers of clusters(k) K-Means Cuckoo PSO-KM-FCM 
1 4 0.825169 0.819169 
2 8 0.806630 0.800630 
3 10 0.795371 0.789371 
4 12 0.790461 0.784461 
5 16 0.781465 0.775465 
6 20 0.776206 0.770206 
7 28 0.768038 0.762038 
8 32 0.761306 0.755306 
9 36 0.754507 0.748507 
10 40 0.744677 0.738677 
11 44 0.738921 0.732921 
12 48 0.732927 0.726927 
13 52 0.726212 0.720212 
14 56 0.716778 0.710778 
15 60 0.712400 0.706400 
16 64 0.684224 0.678224 
17 68 0.697293 0.691293 

 

5.2. Standard deviation (SD) 

 The standard deviation is derived for the Movielens dataset can be determined as 

𝑆𝐷 =

∑ ∑ ∑
(𝑒𝑥𝑝𝑒𝑐𝑡 𝑙 − 𝑚𝑒𝑎𝑛 𝐾𝑛 𝑙)

𝑚
.    

𝑛𝑜. 𝑜𝑓 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠 𝑖𝑛 𝑖
                   (6) 
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Table 2 SD for various values of 𝑘  

S. No No. of clusters (k) K-Means Cuckoo  PSO-KM-FCM 

1 4 0.235333 0.229333 

2 8 0.211460 0.205460 

3 10 0.184073 0.178073 

4 12 0.184289 0.178289 

5 16 0.150996 0.144996 

6 20 0.126688 0.120688 

7 28 0.121020 0.115020 

8 32 0.127900 0.121900 

9 36 0.126319 0.120319 

10 40 0.133401 0.127401 

11 44 0.127355 0.121355 

12 48 0.130083 0.124083 

13 52 0.119024 0.113024 

14 56 0.121663 0.115663 

15 60 0.112847 0.106847 

16 64 0.109447 0.103447 

17 68 0.119283 0.113283 

 

Table 2 demonstrates the SD for different 𝑘 values for K-Means Cuckoo and PSO-KM-FCM 

methods.  The SD rate is 0.235333 for 𝑘 =  4 that is reduced to half rate when the node count is 

at 64 for K-Means Cuckoo technique. From the cluster number is increased from 28 to 32, the 

SD increases. This is applied to non-uniform way of the Movielens dataset. For PSO-KM-FCM 

technique, at 𝑘 =  4, it attains SD value of 0.229333 and it attains 0.113283 SD, at number of 

cluster is 68. In contrast the performance attained through PSO-KM-FCM is superior when 

comparing with the K-Means Cuckoo.  
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5.3. Root mean squared error (RMSE)  

One of the highly used metric is RMSE to predict the deviation among rates. The 

variation is computed and rates obtained are square and summation using n times. The RMSE 

format is given as  

𝑅𝑀𝑆𝐸 = (𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑟𝑎𝑡𝑖𝑛𝑔 − 𝑎𝑐𝑡𝑢𝑎𝑙 𝑟𝑎𝑡𝑖𝑛𝑔)(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑟𝑎𝑡𝑖𝑛𝑔 − 𝑎𝑐𝑡𝑢𝑎𝑙 𝑟𝑎𝑡𝑖𝑛𝑔)/𝑛         (7) 

Table 3 RMSE for different values of 𝑘 (number of clusters) between 4 and 68. 

S. No Numbers of clusters (k) K-Means Cuckoo PSO-KM-FCM 

1 4 1.30652 1.30052 

2 8 1.29750 1.29150 

3 10 1.29394 1.28794 
4 12 1.28899 1.28299 

5 16 1.28522 1.27922 
6 20 1.28070 1.27470 

7 28 1.27693 1.27093 

8 32 1.27110 1.26510 
9 36 1.26650 1.26050 

10 40 1.25802 1.25202 
11 44 1.25345 1.24745 

12 48 1.25150 1.24550 

13 52 1.24576 1.23976 
14 56 1.24162 1.23562 

15 60 1.23921 1.23321 
16 64 1.23639 1.23039 

17 68 1.23104 1.22504 
 

For different k values, the RMSE has been estimated by the methods K-Means Cuckoo and PSO-

KM-FCM and the compared values are demonstrated in Table 3. When the cluster count is 

increased from 4 towards 68, it is found that there exists a steady reduction in the RMSE rate. 

The RMSE is 1.30652, while the cluster count is 4 and it drops to 1.23104 when it is increased to 
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64 clusters. With the increment in the cluster counts, RMSE decreases with the implication of K-

Means Cuckoo. By PSO-KM-FCM, it obtained the RMSE of 1.30052 when given with 4 cluster 

counts. And it attains 1.22504 RMSE, while with the cluster count of 68. When comparing with 

K-Means Cuckoo method, PSO-KM-FCM showed RMSE rate and hence it shows effective 

performance.  

5.4. Comparison of Evaluation Metric (Mean) with Different Methods 

In order to exhibit the study of K-Means Cuckoo and PSO-KM-FCM with various methods, the 

mean of certain methods are compared. The method such as PCA-SOM, SOM-CLUSTER, 

UPCC, KMEANS-CLUSTER, PCA-KMEANS, GAKM-CLUSTER and PCA-GAKM are 

compared.  

Table 4 Comparison of Evaluation Metrics with Different Methods 

Methods Mean 

PCA-SOM  0.98 

SOM-CLUSTER 0.75 

UPCC 0.81 

KMEANS-CLUSTER 0.69 

PCA-KMEANS 0.93 

GAKM-CLUSTER 0.76 

PCA-GAKM 0.98 

K-Means-Cuckoo 0.68 

PSO-KM-FCM 0.67 

 

Among the other methods as shown in Fig. 3 and table 4, the increased mean value is attained by 

PCA-SOM and PCA-GAKM. UPCC is the method that shows somewhat better than the above 

methods. SOM-CLUSTER and GAKM-CLUSTER are the methods that produce the mean value 

of 0.75 and 0.76 respectively. It is also shown that KMEANS-CLUSTER is better among the all 

methods by showing the decreased mean rate of 0.69, but, it fails to outperform PSO-KM-FCM 

which attains reduced mean rate of 0.67.  
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Fig. 3. Comparison of movie RS with existing methods 

6. Conclusion 

This paper has performed a comparative study of two movie RS based on the optimization 

algorithms. In addition, both of the RS are derived based on the common clustering algorithm 

called k-means clustering. Keeping the k-means algorithm as fundamental, two novel algorithms 

were introduced based on PSO and Cuckoo search algorithms. These algorithms are tested by the 

use of Movielens dataset to verify the attained results. The simulation results are investigated by 

the use of MAE, SD and RMSE. By the experimental outcome, it is verified that the PSO-KM-

FCM is superior to the compared methods in a significant way.  
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