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Abstract 
 

Collaborative filtering with a traditional rating-based approach uses interaction records between users and systems to measure similarity, 

prediction, and generate recommendations. However, traditional rating based cannot capture user preferences of different products. To 

overcome this issue, the ranking based approach, such as the Borda method has been used. The method takes advantage of rating data to 

determine the position of the product in the list of preferences as the basis for determining product points. However, the list of the prefer-

ences which is merely based on rating data, results in an insufficient accuracy of the recommendation. This paper, therefore, proposed a 

novel approach namely the WP-Rank aggregation method which maximizes the use of rating data to generate product weight. The exper-

imental results show that the WP-Rank method was superior to the Borda method with NDCG average value difference of 0.0220. How-

ever, the WP-Rank method required longer running time with 0.0206 seconds lag from the Borda method. 
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1. Introduction 

The development of technology has provided convenience for the 

users by providing various information either in the forms of im-

ages, video, blocks, multimedia and so forth. However, the diverse 

information creates challenges for analysts to extract user-

beneficial knowledge and capture meaningful events from a mas-

sive amount of data. Many studies have been conducted to solve 

these challenges such as the development of recommendation 

systems. Recommendation systems are systems which can simpli-

fy, support, and ease processes from very large inputs of data and 

information to produce efficient output and specify the needs of 

users or organizations[1]. 

Recommendation systems are rapidly evolving, which are used in 

various domains such as books, movies, songs, restaurants, news 

and other media [2]. In addition, various approaches have been 

developed to improve the performance of recommendation sys-

tems, such as content-based, collaborative filtering, demographic, 

knowledge-based, community-based, and hybrid systems[3]. One 

of the popular approaches is collaborative filtering [4], which is an 

algorithm based on the prediction and recommendation of other 

users' judgments or behaviors with similar preference in the past. 

Several categories of the implementation of collaborative filtering 

are memory-based, model-based, and hybrid [1][5][6]. 

The memory-based approach uses data ratings derived from user 

interaction records with the system, as a basis for measuring the 

similarity, prediction, and generation of recommendation. The 

examples of the memory-based approach are Pearson correlation 

[7][8][9], k-Nearest Neighbors (k-NN) [10], and Cosin methods 

[11] for rating based. Meanwhile, the examples of rankings based 

are VSRank [12] and Borda methods [13]. However, the memory-

based approach faces the main problems of sparsity and scalability 

of data. Data sparsity arises because most users only rate a small 

number of products; thus, the user-item matrix becomes rare and 

affects the recommendation quality. Meanwhile, computing scala-

bility in the memory-based method is often decreased when the 

number of users and items are increased [5]. 

In contrast to the memory-based approach, the model-based ap-

proach builds user profiles based on user preferences of some 

products, then calculates the probability of users who share the 

same personality with others. The examples of model-based ap-

proach are Bayesian Network algorithm [5][13], clustering algo-

rithm [5][14][15][16], and Singular Value Decomposition (SVD) 

algorithm [5][11][14]. Nevertheless, the model-based approach 

often takes a long time to be built and updated, and it cannot cover 

a wide range of various users as the memory-based approach. 

Moreover, there is another approach namely the hybrid approach, 

which consists of several applications that combine the techniques 

of memory-based and model-based collaborative filtering [1], such 

as content-boosted CF algorithm and Personality Diagnosis (PD). 

The advantages of this approach are it can improve prediction 

performance and address data sparsity problems. However, hybrid 

approaches generate complexity of the system due to the variety of 

techniques used. 

The various advantages possessed by each approach are utilized to 

improve the performance of the recommendation system. One of 

the highlights is ranking-based that can generate a recommenda-

tion list without predicting the rating, and it is able to operate well 

despite the data sparsity conditions. Various methods of ranking-

based collaborative filtering have been developed including ag-

gregation rankings, but studies using such approaches are rare [13]. 

Some studies that use aggregation rankings are Das et al. [17] 

which combined clustering techniques with voting algorithms. 

The study used DBSCAN as the clustering technique by classify-

ing users to identify groups of users with similar characteristics. 

Meanwhile, the Borda method is used as the voting algorithm to 

combine the opinions of some users. The combination of 
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DBSCAN and Borda generated the recommendation of the most 

favored films according to the genre. However, because genre 

selection was done randomly, this resulted in a decrease of the 

recommendation quality. Furthermore, Wu et al. [18], used user-

based collaborative filtering (CF), graph-based method and social-

based CF methods, which were integrated using aggregation 

methods of CombSum, CombMED, and Borda to form hybrid 

recommendations. The approach improved the performance of 

recommendations but the Borda method accuracy was still low.  

The Borda method is a method used in group decision making for 

the selection of winners. Determination of winners is based on the 

acquisition of points obtained from the position of the product in 

the users’ list of preferences. Since the products rank in the list of 

preferences is only based on rating data, then the recommendation 

result becomes less accurate. The problem with the Borda method 

is the inaccuracy of the recommendation result as it is only based 

on the use of rating data for product positioning in the preference 

list. Therefore, this study aimed to propose a new method of 

Weight Point Rank (WP-Rank). The method works by optimizing 

the use of rating data as a weighting at the time of product point 

determination; thus, increasing the relevance of the recommenda-

tions. 

2. WP-Rank  

This paper proposed the Weight Point Rank (WP-Rank) method, 

which aims to increase the relevance of the recommendations of 

product to users. The WP-Rank method works by maximizing the 

use of rating data to generate product weight.  

Suppose that there is a shop selling and renting CD/DVD movies. 

Customers who buy or rent CD/DVD movies are required to pro-

vide ratings. For example, there are 5 users (u1, u2, …., u5) who 

rate 10 movies (p1, p2, ...., p10) as in Table 1. The rating values 

range from 1 to 5. The greater the rating indicates the higher the 

user's interest in a product and otherwise.  
 

Table 1: User Item Matrix 

p1 p2 p3 p4 p5 p6 p7 p8 p9 p10

u1 5 2 3 4 5 5 4 3 2 1

u2 0 3 5 3 2 3 4 5 3 4

u3 2 4 5 4 3 4 2 3 4 5

u4 0 3 4 2 4 1 3 4 3 3

u5 5 4 2 4 3 5 5 3 4 4  
 

Based on the data in Table 1 then we can provide the users with 

recommendations by using the developed WP-Rank method. The 

WP-Rank process consists of 4 stages, namely: 

 

1) Calculate the same rating amount 
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User is represented as U = {u1, u2, ..., ug, …, ul-1,ul}, the product is 

represented as P = {p1, p2, …, ph, …, pm-1,pm}, rating from user ug 

for product ph is represented as R(ug,ph) and rating from user uk for 

product ph is represented as R(k,ph). Equation 1 shows the same 

rating amount (S(ug,ph)) gained by calculating the same rating 

amount in every product (SR(ug,ph),R(k,ph)). The same rating is as-

signed with the value of 1, and the others are 0, as in Equation (2). 

 

2) Determining product point 
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Equation 3 is used to determine the ranked product point (P(ug,ph)) 

obtained by adding the value of 1 to the result of the sum of point 

ranks PR(ug,ph,k) as in Equation 4. The product point is given the 

value of 1 if: 

a. the product rating to-Ph (R(ug, ph)) is greater than the prod-

uct rating to-k (R(ug,k)). 

b. the product rating to-Ph(R(ug, ph)) is same with the product 

rating to-k (R(ug,k)), and the same product rating amount to-

Ph(S(ug,ph)) is greater than the same product rating amount 

to-k (S(ug,k)). 

c. the product rating to-Ph(R(ug, ph)) is same with the product 

rating to-k (R(ug,k)), and the same product rating amount to-

Ph (S(ug,ph)) is same with the same product rating amount 

to-k (S(ug,k)), and the product index to-Ph is smaller than 

the product index to-k. 

d. Apart from these three conditions then the point will be 0. 

3) Calculating Weight Point 
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Equation 5 is used to calculate the weight point (WP(ug, ph)), ob-

tained from the multiplication process of the product point P(ug,ph)) 

with the sum of the same rating amount (S(ug,ph)) and rating 

(R(ug,ph)). 

 

4) Calculating Weight Point Rank (WP-Rank) 
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Equation 6 states that the Weight Point Rank (WP-Rank(ph)) is 

obtained by summing the weight point of each product (WP(k,ph)). 

The output of WP-Rank is a score for each product, which will 

then be sorted from the highest score to the lowest score and taken 

Top-K product. 

3. Research Method 

The stages of this research included: collecting datasets from 

MovieLens [19]–[22], which was then clustered using the K-

means algorithm into 7 clusters. Each cluster formed was then 

aggregated using the Borda method and the WP-Rank method. 

The results were then evaluated using NDCG to see the relevance 

of the recommendations. In addition, the evaluation of running 

time on the Borda method and the WP-Rank method was also 

done to see the complexity of both methods. These stages can be 

seen in Figure 1 and each of the stages is described in the follow-

ing sections. 

3.1. Dataset 

This dataset can be accessed at 

http://grouplens.org/datasets/movielens/100k/. The dataset con-

sists of 100,000 ratings with scales 1-5 obtained from 943 users 

and 1682 movies. The dataset contains sparsity of approximately 

93.7% and has general characteristics of demographic information 

(user id, age, gender, occupation, and zip code), and consists of 19 

genres. 



International Journal of Engineering & Technology 195 

 
3.2. Clustering 

This study used demographic and genre information in the dataset 

for the clustering process. The genre clustering process was done 

by seeing that one genre consists of many movies, and one movie 

can be a member of several genres. Based on these conditions, 

then the movies were grouped into their respective genres. There 

are 19 genres in the dataset, but only favorite genres were used in 

this study [23]. Among 19 genres, only the top 10 favorite genres 

were selected based on the highest number of ratings that the gen-

re has. The list of genres can be seen in Figure 2. 

The next process was clustering the user by utilizing demographic 

information. A total of 943 users in the dataset were grouped into 

7 clusters based on the user’s age using the K-means algorithm. K-

means is a clustering algorithm that is widely used by researchers 

because it is a simple algorithm and the process is fast [24]. The 

K-means algorithm divides the number of objects in the dataset 

into partitions based on certain categories by looking at the given 

centroid. The distance between an object and the closest centroid 

is used to classify the object. Hence, the object becomes a member 

of the category that is formed. Euclidean Distance Space is one 

equation for calculating the distance by knowing the shortest dis-

tance between two points. The distance is calculated using Eq. (7). 

 

 −
=

=
N

iji cxcx jiD
1

2

)(),(                                        (7) 

               

The K-means algorithm is started by determining the number of 

clusters (k) and followed by determining the centroid (cj) of each 

cluster randomly. The next step is to calculate the distance of each 

object xi to cj denoted by D(xi, cj). Based on the process, the object 

will be grouped into the nearest centroid. The next step is to up-

date the centroid of each cluster by calculating the average dis-

tance of all objects to the centroid. The process will be repeated 

until it reaches convergence.  

3.3. Aggregation Process 

The aggregation process was done on every cluster using the WP-

Rank method and the Borda method. Both methods aim to unify 

the opinions of some users to produce a product ranking. The 

product ranking generated by the WP-Rank method is obtained 

through several stages of the calculation process, which includes 

calculating the same rating amount, determining product points, 

calculating weight points, and calculating weight point ranks as 

described in Section 2. In the meantime, the Borda method calcu-

lates the points of each product. Position in the preference list 

becomes the basis for determining product points. The point of 1 

is given to the product in the last position while the point of 2 is 

given to the product with one position before the last, and so on. 

Mathematically, it can be said that the first place position gets N 

point, where N is the number of products. The second place re-

ceives (N - 1) point, and so on. Based on that points, the product 

with the biggest point or value is declared as the winner [17]. 

3.4. Evaluation 

This research used two evaluation approaches i.e. running time 

evaluation and rank evaluation. Running time evaluation was done 

by calculating the average processing time required by the Borda 

and WP-Rank methods. In the meantime, ranking evaluation was 

done using the standard commonly used in the recommendation 

system, namely Normalized Discounted Cumulative Gain 

(NDCG) [12][20][25][26]. The evaluation takes into account the 

higher product rankings in the ranking list[27]. The NDCG defini-

tion for Top-K product ranking can be seen in Equations (8) or 

(9): 
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Equation (8) is the Discounted Cumulative Gain (DCG), which is 

obtained by summing the result of . reli is the value of the 

relevance (rating) given by the user at that rank and p is the num-

ber of data (product) to be evaluated. The next process is to calcu-

late the NDCG (Equation (9)) obtained from , where Ideal 

Discounted Cumulative Gain (IDCG) is the data that has been 

sorted by rating value to reach the ideal value. 

 

Movielens 100k

Dataset

Clustering Dataset

(K-means )

Evaluation

(ranking (NDCG) & 

running time)
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WP-Rank
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Aggregation Process 
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Fig. 1: Flowchart of Rank Aggregation Based on Collaborative Filtering 

 

 
Fig. 2: The user’s interest in the movie genre 

4. Results and Discussion 

Experimental results show that the WP-Rank method was superior 

to the Borda method. The NDCG evaluation results are shown in 

Table 2-8. Table 2-5, 7 and 8 show that the mean values of 

NDCG@1, NDCG@3, NDCG@5, NDCG@10 of the WP-Rank 

method were higher than those of the Borda method. However, the 

WP-Rank method was only inferior to the Borda method (Table 6) 

in NDCG@3 and NDCG@5. Overall, the respective mean values 

of NDCG@1, NDCG@3, NDCG@5, NDCG@10 are 0.5102, 

0.5269, 0.5803, and 0.7411 for the WP-Rank method, and 0.485, 

0.5021, 0.5630, and 0.7201 for the Borda method. Thus, the WP-

Rank method was superior to the Borda method with NDCG aver-

age value difference of 0.0220. 
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Borda WP-Rank Borda WP-Rank Borda WP-Rank Borda WP-Rank

Drama 0.3015         0.3837         0.3550         0.4100         0.4311         0.4775         0.6324         0.6637         

Comedy 0.4465         0.4273         0.4801         0.4297         0.5316         0.4943         0.6960         0.6797         

Action 0.4731         0.4785         0.4934         0.4825         0.5456         0.5266         0.7066         0.7073         

Thriller 0.4050         0.4144         0.3906         0.4735         0.4305         0.5447         0.6556         0.7135         

Romance 0.5535         0.5375         0.4953         0.5288         0.5681         0.5843         0.7205         0.7402         

Adventur 0.5789         0.5690         0.4618         0.5808         0.4991         0.6168         0.7185         0.7736         

Sci-Fi 0.5828         0.5820         0.5259         0.5984         0.5790         0.6363         0.7625         0.7857         

War 0.5831         0.5968         0.5763         0.6055         0.6090         0.6279         0.7708         0.7886         

Crime 0.4785         0.5446         0.5483         0.5674         0.5946         0.6056         0.7463         0.7672         

Children 0.4734         0.4702         0.4710         0.5311         0.5613         0.5881         0.7236         0.7493         

Average 0.4876         0.5004       0.4798         0.5208       0.5350         0.5702       0.7133         0.7369       

Genre
NDCG@1 NDCG@3 NDCG@5 NDCG@10

Table 2: NDCG in Cluster 1 

Borda WP-Rank Borda WP-Rank Borda WP-Rank Borda WP-Rank

Drama 0.5272         0.3834         0.4230         0.4092         0.4778         0.4725         0.6785         0.6472         

Comedy 0.3306         0.3404         0.4562         0.4154         0.5371         0.5103         0.6599         0.6557         

Action 0.1593         0.4168         0.3414         0.5215         0.4109         0.5683         0.5957         0.7031         

Thriller 0.3235         0.5502         0.3496         0.4893         0.4506         0.5520         0.6089         0.7313         

Romance 0.0860         0.4154         0.4576         0.5014         0.5168         0.5496         0.5983         0.6820         

Adventur 0.6406         0.5668         0.6649         0.5973         0.6973         0.6602         0.8069         0.7947         

Sci-Fi 0.5677         0.6194         0.6591         0.6615         0.7334         0.7277         0.8195         0.8392         

War 0.5565         0.6210         0.5453         0.6338         0.5972         0.6519         0.7792         0.8184         

Crime 0.3456         0.2765         0.3988         0.4422         0.5393         0.5402         0.6733         0.6913         

Children 0.5376         0.4165         0.5573         0.5382         0.6088         0.5992         0.7904         0.7579         

Average 0.4075         0.4606       0.4853         0.5210       0.5569         0.5832       0.7011         0.7321       

Genre
NDCG@1 NDCG@3 NDCG@5 NDCG@10

 
 

Table 3: NDCG in Cluster 2 

 
Table 4: NDCG in Cluster 3 

Borda WP-Rank Borda WP-Rank Borda WP-Rank Borda WP-Rank

Drama 0.3969         0.3513         0.4192         0.4126         0.5047         0.4900         0.6704         0.6672         

Comedy 0.4772         0.4408         0.5241         0.4615         0.5860         0.5309         0.7251         0.7018         

Action 0.5329         0.5031         0.5270         0.4624         0.6003         0.5189         0.7333         0.7029         

Thriller 0.2646         0.3889         0.3009         0.4350         0.3698         0.5060         0.5947         0.6858         

Romance 0.5768         0.5321         0.5511         0.4956         0.6413         0.5627         0.7546         0.7314         

Adventur 0.5669         0.5567         0.4465         0.5461         0.5097         0.6181         0.7150         0.7674         

Sci-Fi 0.5925         0.5829         0.5873         0.6034         0.6212         0.6034         0.7806         0.7723         

War 0.5752         0.5570         0.5655         0.5393         0.6204         0.5874         0.7776         0.7653         

Crime 0.2478         0.3607         0.3192         0.4516         0.4353         0.5300         0.5831         0.6634         

Children 0.5083         0.4935         0.6052         0.5528         0.6205         0.6206         0.7388         0.7354         

Average 0.4739         0.4767       0.4846         0.4960       0.5509         0.5568       0.7073         0.7193       

NDCG@1 NDCG@3 NDCG@5 NDCG@10
Genre

 
 

Table 5: NDCG in Cluster 4 

Borda WP-Rank Borda WP-Rank Borda WP-Rank Borda WP-Rank

Drama 0.3416         0.3488         0.3836         0.3941         0.4588         0.4699         0.6391         0.6538         

Comedy 0.4961         0.4872         0.4955         0.5188         0.6014         0.5543         0.7173         0.7240         

Action 0.4493         0.4630         0.4511         0.4878         0.5142         0.5578         0.6864         0.7184         

Thriller 0.2151         0.4491         0.3753         0.4784         0.4305         0.5372         0.6182         0.6981         

Romance 0.4628         0.4446         0.5363         0.4676         0.5799         0.5361         0.7125         0.7016         

Adventur 0.5003         0.5140         0.4454         0.5374         0.5095         0.5857         0.7014         0.7450         

Sci-Fi 0.5497         0.5507         0.4801         0.5143         0.5501         0.5533         0.7203         0.7437         

War 0.5699         0.5692         0.5657         0.5630         0.6356         0.6076         0.7735         0.7780         

Crime 0.3732         0.5020         0.4543         0.5727         0.5254         0.6273         0.6940         0.7622         

Children 0.4680         0.4999         0.4898         0.5280         0.5543         0.5876         0.7219         0.7519         

Average 0.4426         0.4829       0.4677         0.5062       0.5360         0.5617       0.6985         0.7277       

NDCG@5 NDCG@10
Genre

NDCG@1 NDCG@3

 
Table 6: NDCG in Cluster 5 

Borda WP-Rank Borda WP-Rank Borda WP-Rank Borda WP-Rank

Drama 0.3590         0.3236         0.3969         0.3961         0.4869         0.4654         0.6537         0.6534         

Comedy 0.4252         0.3623         0.4722         0.4264         0.5802         0.4924         0.6896         0.6696         

Action 0.5802         0.5359         0.5096         0.5051         0.5723         0.5491         0.7304         0.7220         

Thriller 0.2556         0.5251         0.3624         0.5074         0.4257         0.5585         0.6105         0.7169         

Romance 0.6259         0.6106         0.6428         0.5946         0.6921         0.6600         0.7925         0.7969         

Adventur 0.6966         0.6923         0.6716         0.5607         0.6778         0.6152         0.8121         0.7910         

Sci-Fi 0.6438         0.6404         0.6889         0.6394         0.6948         0.6614         0.8232         0.8174         

War 0.6533         0.5611         0.6321         0.5784         0.6341         0.5961         0.7982         0.7773         

Crime 0.5161         0.6406         0.6194         0.6079         0.6114         0.6409         0.7696         0.7943         

Children 0.3226         0.4076         0.4170         0.3761         0.5815         0.4469         0.6667         0.6694         

Average 0.5078         0.5300       0.5413         0.5192       0.5957         0.5686       0.7347         0.7408       

Genre
NDCG@1 NDCG@3 NDCG@5 NDCG@10

 
 

 

 

 

 

 

Table 7: NDCG in Cluster 6 

Borda WP-Rank Borda WP-Rank Borda WP-Rank Borda WP-Rank

Drama 0.3349         0.3361         0.4072         0.3988         0.4728         0.4819         0.6383         0.6651         

Comedy 0.4150         0.3880         0.4896         0.4654         0.5547         0.5316         0.7032         0.6915         

Action 0.6315         0.6064         0.5633         0.5953         0.6521         0.6287         0.7818         0.7746         

Thriller 0.2430         0.3397         0.3365         0.4294         0.3948         0.5051         0.6019         0.6661         

Romance 0.6667         0.6147         0.5821         0.5705         0.6185         0.6044         0.7765         0.7682         

Adventur 0.6897         0.6897         0.5609         0.6202         0.5863         0.6413         0.7703         0.7904         

Sci-Fi 0.6671         0.6575         0.5600         0.6020         0.6190         0.6310         0.7779         0.7902         

War 0.6592         0.6412         0.5595         0.5745         0.5831         0.6159         0.7743         0.7898         

Crime 0.3710         0.5274         0.4972         0.5715         0.6289         0.6242         0.7417         0.7790         

Children 0.3683         0.5403         0.5066         0.5656         0.5747         0.6122         0.7036         0.7493         

Average 0.5046         0.5341       0.5063         0.5393       0.5685         0.5876       0.7270         0.7464       

NDCG@5 NDCG@10
Genre

NDCG@1 NDCG@3

 
 

Table 8: NDCG in Cluster 7 

Borda WP-Rank Borda WP-Rank Borda WP-Rank Borda WP-Rank

Drama 0.3350         0.4394         0.3943         0.4628         0.4547         0.5403         0.6257         0.6985         

Comedy 0.5097         0.4240         0.5916         0.4437         0.6482         0.5175         0.7601         0.6964         

Action 0.4459         0.5081         0.3876         0.4999         0.5674         0.5676         0.6861         0.7442         

Thriller 0.5652         0.4692         0.5041         0.4719         0.5696         0.5611         0.7067         0.6979         

Romance 0.4792         0.5231         0.4647         0.5614         0.4784         0.6207         0.7104         0.7785         

Adventur 0.6232         0.4129         0.6413         0.5273         0.6719         0.6045         0.8215         0.7634         

Sci-Fi 0.9263         0.9263         0.7913         0.7740         0.7696         0.7778         0.9017         0.9075         

War 0.4419         0.6097         0.5236         0.5880         0.5203         0.6444         0.7537         0.8106         

Crime 0.8105         0.8105         0.6693         0.8020         0.7172         0.7776         0.8467         0.8845         

Children 0.5806         0.7473         0.5314         0.7252         0.5828         0.7288         0.7742         0.8617         

Average 0.5718         0.5871       0.5499         0.5856       0.5980         0.6340       0.7587         0.7843       

Genre
NDCG@1 NDCG@3 NDCG@5 NDCG@10

 
 

In addition to evaluation with NDCG, this study also performed 

the running time analysis of the WP-Rank and Borda methods, 

which were 0.0264 seconds and 0.0058 seconds, respectively 

(Figure 3). Hence, the WP-Rank method needed a longer running 

time with 0.0206 seconds lag from the Borda method. 

 

 
Fig. 3: Average Running Time 

5. Conclusion  

This paper proposed a new Collaborative filtering framework by 

combining clustering and ranking approaches. The clustering pro-

cess used the K-means algorithm by using user demographic in-

formation and genre information available in the MovieLens da-

taset. The clustered dataset was then aggregated to generate the 

product ranking. The aggregation method used the Borda method. 

The method used the rating data to determine the position of the 

product in the list of preferences to determine product points. The 

list of preferences merely based on rank data tends to result in less 

accurate recommendations. Therefore, the WP-Rank aggregation 

method was proposed to maximize the use of rating data to gener-

ate product weight. The experimental results show that the WP-

Rank method was superior to the Borda method with the NDCG 

average value difference of 0.0220. However, the WP-Rank re-

quired longer running time than the Borda method with 0.0206 

seconds lag. For future work, a combination with other methods to 

improve the accuracy of the ranking process and testing with dif-

ferent domains are strongly suggested. 
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