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Abstract—Recommendation systems are widely used on 

website platforms such as e-commerce, marketplaces, streaming 

movies to produce appropriate item recommendations for each 

user. The traditional memory-based collaborative filtering 

approach is currently used in recommender systems. This 

approach relies on users' item rating as a basic approach for 

calculates the similarity of users' responses about products to 

predict item recommendations, but the weakness is high 

prediction errors. This study aimed to reduce prediction errors 

from a memory-based collaborative filtering approach using 

hybrid filtering, so the recommendation system's quality can be 

improved. The hybrid filtering approach combined a 

collaborative filtering approach based on a matrix factorization 

model and content-based filtering, which can reduce prediction 

errors to produce accurate item recommendations. The proposed 

method has been evaluated ten times using the root mean 

squared error to measure the prediction error. As a result, the 

hybrid filtering approach produced the smallest prediction error 

of 0.68, while memory-based collaborative filtering was 2.98. 

Based on the results, the hybrid filtering approach is better than 

memory-based collaborative filtering. 

Keywords—recommender system, hybrid filtering, matrix 

factorization, collaborative filtering, content based filtering 

I. INTRODUCTION 

The recommendation system is one of the support systems 
used on a website-based platform such as e-commerce, 
marketplace, streaming movies to provide item 
recommendations to users. Currently, the approach that widely 
used in recommendation systems is memory-based 
Collaborative Filtering (CF) which is the traditional model for 
recommendation systems. The memory-based CF approach is 
one of the common approaches that is often used to 
recommend an item to a user using the rating value given by 
the user. The main idea is to predict which items a user might 
like based on the preferences of other users in giving an item 
rating value [1]. This approach is also one of the most 
successful and is often implemented for recommendation 
systems on a variety of platforms due to the resulting model of 
providing personalized item recommendations to users [2-4]. 
There is another approach that is also often used in 

recommendation systems, namely Content-Based Filtering 
(CBF) which utilizes the similarity of the content of an item 
such as categories, descriptions, or other attributes as a basis 
for providing item recommendations to users. This approach 
can provide item recommendations to users without using the 
information on the rating value of the item.  

There are weaknesses in the memory-based CF and CBF 
approaches, the first weakness is in the traditional CF 
approach, if there are items that do not have a rating, then these 
items cannot be recommended by the system (Cold Start 
Problem) [5], the second weakness, this approach ignores 
content information of the items that can actually be used as a 
basis for item recommendations, and the third weakness, the 
memory-based CF approach requires high computation because 
every time there is new rating data, the model must be 
retrained, so it produces high prediction errors. In the CBF 
approach, the first weakness is that the item recommendation 
results are not personalized, meaning that the item 
recommendations to users are all the same, and the second 
weakness is that the system cannot provide recommendations 
for items that have different content [6]. The purpose of this 
study is to reduce the prediction error of the traditional 
memory-based CF approach from previous studies using a 
combination of a new CF approach based on matrix 
factorization and CBF models into an approach called Hybrid 
Filtering (HF) to improve the quality of the recommendation 
system. The HF approach has several advantages. First, the 
system can still provide item recommendations to new users 
who have not given an item rating at all [7], second. The model 
can provide personalized item recommendations so each user 
can get various item recommendations [8], third, the HF 
approach can reduce the computational load because the 
training process is only done once, so it can reduce the 
prediction error to be smaller than the memory-based CF 
approach. The model generated from this HF approach can 
recommend items based on content similarity because of the 
capabilities of the CBF approach. After that, the results of item 
recommendations based on similar content will be processed 
again using the CF approach based on the matrix factorization 
model to produce personalized item recommendations. Thus, 
the HF approach can produce personalized new item 
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recommendations based on the similarity of item content, and 
the model can reduce prediction errors smaller than the 
traditional memory-based CF approach, so the HF approach 
can improve the quality of the recommendation system.  

II. RELATED LITERATURE 

Many other researchers have tried using new techniques 
and approaches to reduce prediction errors in recommendation 
systems in order to improve the quality of the recommendation 
system. 

Starting from the first researcher [5] using a Hybrid 
approach with a combination of Knowledge-Based 
Recommender and CF approaches, researchers not only use 
item rating data but also utilize interaction data from user 
profiles on items as one of the inputs for the recommendation 
system. The prediction error results from this hybrid model are 
measured using Root Mean Square Deviation (RMSE) and 
produce a prediction error of 0.347. On the other hand, there 
are researchers [8] who take advantage of implicit feedback 
from users in the form of similar ratings between users, and 
positive user behaviour obtained from the conversion of a 
given rating. If a user gives a rating of not less than 3, then the 
behaviour is considered positive, but if it is less than 3, then the 
behaviour is harmful. In this way, the researcher can solve the 
data sparsity problem so that it can reduce the prediction error 
of the recommendation system. The third researcher [9] also 
proposed a new method called K-RecSys to reduce prediction 
errors in the traditional CF approach used for fashion retail e-
commerce. This method uses click data on items that users 
have seen when visiting an online store, and item sales data 
obtained from offline stores to provide item recommendations 
based on the same category and different categories. The 
results of the method proposed by the researcher were 
measured by dividing the two groups of item 
recommendations, the Control Group from the old 
recommendation system, and the Experimental Group from the 
new recommendation system proposed by the researcher. After 
testing, the results of the recommendations from the 
Experimental Group get the most interactions compared to the 
Control Group. Thus the model proposed by the researcher has 
a better performance. Researchers [10] also overcome the 
problem of data sparsity to reduce prediction errors by 
proposing a Fusion Matrix Factorization model to measure the 
multi-factor similarity between users. Researchers use the 
extreme behaviour similarity measure and linear similarity 
algorithm, after obtaining a multi-factor similarity or neighbour 
matrix, then combined with the original matrix called the 
Fusing process to obtain a prediction matrix based on the 
representation of latent factors from users and items. The 
results of the model from this researcher get the smallest 
RMSE and MAE values compared to the traditional CF 
approach.  

The use of memory-based CF can produce high prediction 
errors, but the researcher [11] can overcome this by using 
clustering techniques in a hybrid approach. Researchers use the 
K-Means clustering algorithm to classify items based on 

similarity in item ratings, then use the Weighted Average of 
Deviation algorithm to predict the rating in the cluster. This 
clustering technique can reduce the prediction error of 
memory-based CF, but it takes much time for the computation 
process. Reducing the value of prediction errors and 
overcoming the sparsity of data in the recommendation system 
can be overcome by combining the Matrix Factorization and 
Deep Learning approaches as was done by researchers [12] to 
improve the CF approach. The researcher uses the NMF 
algorithm to reduce the error rate, then measures the impact of 
the feature representation calculated with the Quadratic 
Polynomial Regression formula to obtain latent features by 
increasing Item-average Clustering. The classification results 
of the CF algorithm based on in-depth learning analysis using 
the Non-Linearity calculation formula of the user-item 
produces a recommendation system with a hybrid approach. 
The results of the new model proposed by this researcher can 
reduce prediction errors in MSE estimation and overcome data 
sparsity problems and can improve the quality of the 
recommendation system. 

From the research described above, most researchers use an 
approach that only utilizes the item rating data in the model. 
The difference in this study is that the data used is not only 
item rating but also item content information to produce 
personalized recommendations for items that have similar 
content, and can reduce prediction errors from the traditional 
memory-based CF approach to improve the quality of the 
recommendation system using the HF approach. 

III. PROPOSED METHODS 

A. Dataset 

Dataset taken from MovieLens [13], MovieLens is a 
recommendation system developed by GroupLens. This dataset 
is open source and has been widely used for research related to 
recommendation systems. This dataset contains a collection of 
movie rating data from various genres with a range of movie 
rating 1 to 5. Details of the dataset can be seen in table 1. 

TABLE I.  DATASET DETAIL 

Attribute Name Number 

Metadata (Genres, Cast, Keywords, Director) 3706 

Movie Title 3706 

UserID 6040 

Rating Movie 1.000.209 

B. Data and Text Pre-Processing 

The UserID attribute is filtered to find users who have 
given ratings ranging from 150 to 200. After being filtered, 518 
users are obtained with a total rating of 89290. This filtering 
process is carried out so that the number of rating data for each 
user is balanced. Then the metadata attribute which contains 
text data, if in the attribute there are words that are not 
informative such as conjunctions, pronouns, for example "and", 
"the", and "him/her", the word will be deleted so the metadata 
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attribute can represent the informative content. In the testing 
and evaluation stage of the model later, the attribute rating of 
the movie with the number 89290 ratings will be divided into 
80,361 training data and 8929 testing data to be evaluated ten 
times using RMSE, then the results will be compared with the 
memory-based CF approach in previous studies. 

C. Hybrid Filtering 

This Hybrid Filtering is a combination of CBF and CF 
approaches based on the Matrix Factorization (MF) model. 
First, the CBF approach is used to produce item 
recommendations based on similar content. Then the rating 
items will be used as input for the MF model-based CF 
approach to producing a recommendation system hybrid model 
that can reduce prediction errors and produce personalized item 
recommendations. Details of the flow of the HF approach 
implementation can be seen in figure 1. 

 
Fig. 1. Implementation of hybrid filtering approach. 

1) Content based filtering: Basically, this approach is used 

to generate item recommendations based on similar content 

such as descriptions, titles, names of items that have been seen 

by the user. This approach uses Natural Language Processing 

(NLP) for computing text data. In the metadata attribute 

containing the text documents, it will be converted into 

numeric using one of the bag of words models, namely Count 

Vectorizer [14]. After the data is encoded, then perform 

calculations with the cosine similarity and cosine distance 

formulas to find the similarity in the content of items that have 

been seen by the user. The similarity of items is obtained from 

the calculation of the closest value distance to items that have 

been seen by the user. The cosine similarity formula can be 

seen in equation 1 and the cosine distance in equation 2. 

 
(1) 

Variable Ai and Bi are components of vectors A and B that 
represent similarities between items. 

 (2) 

Variable Dc(A, B) is the similarity item based on the 
distance between values vector items A dan B, then Sc(A, B) is 
the result of calculating similarity value vector items A dan B. 

2) Collaborative filtering based on matrix factorization 

model: This approach is used to produce personalized item 

recommendations by predicting the rating of the items based 

on the results of the first training process using the CBF 

approach. After that, the second training process is carried out 

to predict the item rating using one of the Matrix Factorization 

methods, namely Singular Value Decomposition (SVD). The 

result of the second training process from the CF approach 

based on the Matrix Factorization model is called the Hybrid 

Filtering approach. This item rating prediction process is to 

produce personalized item recommendations based on the 

order of the highest to lowest rating prediction values. The 

result of this hybrid approach is personalized item 

recommendations based on the similarity of item content. The 

SVD formula can be seen in equation 3. 

 (3) 

Variable R is a matrix that represents user rating for each 

item. Variable M is the eigenvector of the matrix , variable 

U is eigenvector of the matrix , and ( ∑ ) is the association 
of eigenvalues into a diagonal matrix. 

D. Root Mean Squared Error (RMSE) 

After the item rating prediction stage is carried out, the final 
step is to evaluate the performance of the HF approach by 
estimating the prediction error using the RMSE formula, then 
comparing the results with the memory-based CF approach 
from previous studies using the same dataset. This technique is 
applied by adding the actual rating value minus the predicted 
rating value and then squaring it, then dividing it by the amount 
of data, then rooting it. RMSE is a way to evaluate the model 
by measuring the level of prediction error generated by the 
model [8]. The RMSE formula can be seen in equation 4. 

 (4) 

Variable Ai is the actual item rating value, variable Pi is the 
value of item rating prediction, and variable n is the actual 
amount of rating data. 

IV. RESULTS AND EVALUATION 

At this stage, to prove that the HF approach can improve 
the quality of the recommendation system and can reduce the 
prediction error to be smaller than the memory-based CF 
approach from previous studies, an evaluation process will be 
carried out to compare the performance of the HF approach 
model with memory-based CF based on the results of the 
RMSE value. If the prediction error is getting smaller, the 
accuracy of the model is getting better, but if the prediction 
error is getting bigger, the accuracy of the model is getting 
worse. The evaluation process will be carried out ten times, 
using 80361 training data and 8929 testing data. Each 
evaluation will calculate the RMSE value and compare the 
difference of prediction errors from the two approaches. Then 
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the final stage will average the RMSE value from 10 
evaluations to decide the best approach model based on the 
smallest RMSE value. The results of the evaluation and 
comparison of the prediction errors of the two approaches can 
be seen in figure 2. 

 
Fig. 2. Evaluation and comparison results. 

Based on the results of the evaluation and comparison of 
the prediction errors of the two approaches in Figure 2, it can 
be seen that after ten evaluations, the HF approach can produce 
the smallest prediction error in the second iteration with an 
RMSE value of 0.65. In contrast, the memory-based CF 
approach produces the highest RMSE value in the tenth 
iteration of 3.06. 

V. CONCLUSION 

Based on the results of the evaluation and comparison of 
prediction errors that have been carried out in this study, it can 
be concluded that the HF approach can reduce prediction errors 
smaller than the traditional memory-based CF approach, from 
the results of 10 evaluations that have been carried out, the HF 
approach can produce the smallest average prediction error of 
0.68. In contrast, the memory-based CF approach produces the 
largest average prediction error of 2.98. Based on the 
evaluation results, the Hybrid Filtering approach is better than 
the memory-based collaborative filtering from previous studies. 
So, our proposed Hybrid Filtering approach could improve the 
quality of the recommendation system. 
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