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Abstract—Personalized recommendation is one of the most popular marketing methods, and collaborative 

filtering is one of the most successful recommendation technologies [1]. Collaborative filtering recommends 

mainly according to the rating of users to items; the greater the ratings, the better recommendation performance 

it will achieve. The premise underlying this process is that a user’s previous comparable taste will inform that 

user’s future taste as well. In reality, users usually cannot rate all items and it therefore follows that there is a 

large number of items that are never rated [2]. In such cases, the user-item rating matrix, will generate a high-

dimension sparse (missing values) and so, the similarity calculated by this matrix will not be accurate. So the 

data sparsity is the key factor influencing the quality of recommendation results. However, the existing CF 

technique  suffers from missing data (unrated items) in the user-item rating matrix. In this paper, an imputation-

boosted collaborative filter is applied to deal with this issue and fill in unrated items with predicted values. The 

proposed method works on finding the different tastes between the active user and the other users, then 

predicting values for these users to items that remain unrated. The next step involves identifying similarities 

between the active user and the other user and predicting a value for the active user’s unrated item. The results 

generated are compared with those proposed by other work. The experimental results demonstrate that our 

method improves the traditional CF technique and outperforms other methods in the case of predicting missing 

values for each user separately depending on the history of the active user’s ratings.    

Keywords: collaborative filtering, recommender systems, unrated items, missing values, sparsity, imputation-

boosted techniques. 

1. Introduction 

There has been an accelerated expansion in the amount of data available on the web since web services were 

first introduced. Of major significance in this context is the need for the extraction of relevant information. 

Items of potential interest are brought to users’ attention by a recommender system. People frequently make 

choices regarding the purchase of various types of items (e.g. books, movies, etc.) based on others’ opinions and 

experiences [3]. The recommender system makes suggestions of items to a user based on how similar that user 

is to other users and on item description. Thus, users who are unable to search the web for the items they want 

on their own could benefit greatly from such a system. Indeed, it can be said that the recommender system 

fulfills the role of salesperson in the context of e-commerce.    

However, collaborative filtering [1] is such a technique that has exhibited promising results in various 

applications (e.g. Netflix, TiVo, Google news and Amazon). Collaborative filtering leverages the history of 

neighbors in order to make recommendations to a specific user [4, 5]. There are a number of problems that 
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influence the accuracy of recommendation using collaborative filtering. One of the most challenging issues is 

missing rated items. Many users and items are usually included in a dataset. However, not all items receive 

ratings, as users tend to rate just a handful of popular items, while numerous other items remain unrated. 

Nevertheless, a recommendation can normally be made for every item. In other  words, the user-item matrix is a 

sparse matrix populated primarily with blank. 

To overcome the issue of unrated items, we focus on filling in the values for the missing rating items in the 

user-item rating matrix while also improving the performance of  collaborative filtering to. Our proposed 

method is to identify the different tastes between the active user and other users to predict the blank cells in the 

sparse user-item matrix. 

In general, the process of filling in the missing values is called imputation [6]. The question  “which missing 

values should be imputed and how to impute them?” is of great interest and  importance, since some imputation 

errors will be caused by filled data. In addition, the data sparsity will be alleviated. The case study demonstrates 

that our proposed work contributes to effectively predicting the unrated items in the user-item rating matrix. The 

result also demonstrate whether the accuracy of the imputed rating is acceptable and reasonable. This work is 

organized as follow: The related work is presented in Section 2. Section 3 provides the methodology of our 

work. Experimental design and result analysis is presented in Section 4. The conclusion is presented in Section 

5. 

2. Related Work 

Collaborative filtering recommends mainly according to the given rating of users for specific items, the 

greater the number of rated items, the higher the quality recommendation performance it will get. The main issue 

that recommendation deals with is an approximation of ratings for items that a user has not seen so far. Not all 

users can view all items or not all items can be rated by every user due to the extremely high number of items 

and users in the system. So, the quality of recommendation results is highly influences by data sparsity which is 

considered to be a key factor [2]. Consequently, a technique for approximating the ratings of items that have not 

been viewed is necessary [7]. 

A possible solution found to overcome this issue is to use an imputation-boosted collaborative filter 

techniques [8]. One of the most popular approaches to deal with missing values is to fill them with predicted 

values (imputation) ], to which this work belongs. The missing data can be managed by training models for 

various combinations of modalities and by selecting an convenient model for each combination [9, 10] or by 

applying generic methods to combine all modalities in the presence of missing data, such as imputation of the 

missing data or modification of the fusion algorithm [11]. [12, 13] proposed an imputation boosted collaborative 

filtering technique (IBCF). They imputes the user-item rating matrix with predicted ratings to alleviate the 

missing data using different machine learning models. they then use a traditional collaborative filtering 

technique on the new matrix to generate predicted ratings for specific users. The observations  in this technique 

identified that, it does not take into account how many and which missing data should be imputed?. Moreover, 

the imputed data is included for all users even the users who had only rated a few items. This action influences 

the step on finding similar user to the active use which leads to inaccurate` prediction. Filling in all missing 

ratings with constant values is considered to be the major drawback to these types of researches [14]. Our 

proposed method solve this problem by filtering the users according to the neighbors who influence the process 

of prediction.   

Recently, [15] they proposed a method that imputes a predicted rating values to a sparse item rating matrix. A 

trust network (matrix) is provided from the original user-item rating matrix with values of 1 to illustrate the trust 

relationship between active user and each user to consider the reliability of the predicted values. The goal of this 

step is to calculate trust values between this user and other  users . Then, computing users’ confidence values 

using traditional Pearson correlation coefficient. It follows that, users with confidence values will be computed 
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and users with non-confidence values will be removed from the active user’s trust network. In Fig I(a) and (b) 

the goal is to predictthe rating value for u1 to i2, where u2 and u4 chosen as trust users and u8 removed from trust 

network. Since u2 has a big impact that influences the prediction process, it is noted that, u2  does not have any 

rated items in common with u1 and the taste is completely different. This leads to inaccurate recommendations in 

some cases.  

 

Fig. 1: (a) User-Item Rating Matrix and (b) Trust Network 

3. Predicting Unrated Items 

The main idea of this approach is to identify the different tastes between the active user and neighbors that 

have similar rated items in common. We propose the following methodology: classify the user-item rating 

matrix according to the users who rated the most of items and who rated items in common with the active user; 

identify the differences between the active user and other users by subtracting the rating scores of items given by 

both separately. Next, determine the average between each user and active user according to the results obtained 

from the previous step. Once the average determined, impute the missing rated items that belong to neighbor 

users by subtracting the rated score given by active users from average result for each neighbor separately (note 

that the predicted value should be an absolute value and if the result is equal to zero then this means that the 

missing value should be filled in (imputed) with the rating given by active user to that item, this would interpret 

that, Zero means no difference in taste). In order, to determine which users have similar or close taste with the 

active user, we need to define a similarity function. For this, the Pearson Coefficient Correlation is adopted as 

one of the most used similarity metrics in recommender systems [16]. A prediction step will be performed as the 

last step to predict missing rating items for active user. The proposed algorithm is below: 

3.1. Filtering User-Item Rating Matrix 

In this step the user-item matrix will be filtered according to the users who have strong relationships with 

active user. In other words, users who share enough rated items in common with active user will be selected to 

act as an active user’s neighbors.  Hence, users who rated items lower than a specific threshold value θ will be 

removed from the new user-item rating matrix: 

User-Item matrix = {

                            

     
                            

   

                  

Where:         is the rating given to item i by   ;       is the rating given to item i by   ; K is defined by admin 

to describe if the number of    items in common with active user less than K then the user-item matrix must be 

filtered and   is the threshold value. 

3.2. Identifying Different Tastes Between Users: 
      This step illustrates how much neighbors’ opinion is different from that of active user on the items they both 

rated. 
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    (     )  ∑ |         |
 
        (1) 

 

Where:      is the active user;    describes all the users in dataset; and m is the total number of items . 

 

 

3.3. Identifying the Average Rating Between Ua, Ub: 

In this step the results of the previous step will be divided by the number of items that both the active user 

and his neighbors rated.  

    (     )   
    (     )

 
                            (2) 

 

3.4. Step 4: Imputing the Missing Value of Item      for Ub: 

The imputation process in this step predicts a rating to items which the neighbors are not rated but which the 

active user is already. 

 

     (      )           (     )               (3) 

 

Where:      (     ) is the missing value of  Ub on item i.     

3.5. Neighbor Selection and Similarity Between Ua Ub: 

To predict and provide suggestions using the collaborative filtering method, we must first identify the most 

similar users to the active user and consider them as a set of neighbors of the active user. The active user is a 

user for whom the goal of the prediction of the target item’s score are predicted for [17]. In order to create the 

set of neighbors, The standard Pearson Correlation Coefficient [] is used. Only the users who voted for the target 

item are studied. They can be calculated as follows: 

         
∑ (      ̅ )   (      ̅ )
 
   

√∑ (      ̅ )
   
     ∑ (      ̅ )

  
   

 
   

     (4) 

Where  ̅  is the mean rating given by user a,    ̅  is the mean rating given by user b. 

The above formula provides similarity computing between two users. In other words, it can computes which 

user is reliable as an active user’s neighbor. 

3.6. Prediction 

In this step, by using the results obtained from the previous step as the set of active user’s neighbors, predict 

the rating that the active user a will give to the target item i in the future as the weight average of all neighbors’ 

rating on the same item. For this purpose, equation (5) is applied which is typically used in collaborative 

filtering [16]. 

       ̅  
∑ (      ̅ )         
 
   

∑         
 
   

     (5) 

Where,       is the prediction for the active user a for item i; 𝑆 𝑚    is the similarity between users a and b ; n is 

the number of users in the neighborhood.  
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4. Case Study and Result Analysis 

The data used in this case study was proposed by [15]. The item-rating matrix with eight users and nine 

items is presented, where users described as u = { u1 ,……, u8} and items as i = { i1, i2 ,……, i9} and  where u1 

is considered as the active user (Table I). Each user has rated some of the items with a rating’s scale from 1 to 5 

to expresses his/her opinion. 1 star indicates that the user feels unworthy and 5 stars indicates that the user feels 

excellent. If the cell is empty, then means this item has not been rated or highlighted by anyone. In this case, the 

empty cells will be considered as 0 value.  

TABLE I: User-Item Rating Matrix  

 i1 i2 i3 i4 i5 i6 i7 i8 i9 Similarity with u1   ru1,i ∩ ru2,..u8,i 

u1 4 0 0 5 0 0 4 5 0 1  

u2 0 2 4 0 0 3 0 0 5 Removed 0 no  items in common 

u3 3 0 0 0 4 0 3 0 0 Invalid 2 

u4 0 1 0 3 0 2 0 0 4 Removed 1 low No. of ratings 

u5 3 0 4 0 4 0 3 5 0 1 3 

u6 2 0 0 2 0 0 4 0 0 -0.5 3 

u7 0 0 3 0 0 0 0 0 2 Removed 0 no  items in common 

u8 2 3 4 0 4 1 3 0 5 Invalid 2 

Most of the cells in user-item matrix are empty cells (unrated items). To improve the accuracy of imputing, 

we first filter the user-item matrix by removing uncommon users with u1 and users who have low number of 

rated items where two rated items should be selected as the minimum. In this specific instance, u2, u4, and u7 

will be removed from the matrix illustrated in Table I. 

User-Item matrix = {

                             

     
                             

   

 

In our case K defined as 2,     in cases of u2 and u7 and     in case of u4. 

To compute the different tastes of u1 to other users, we first calculate the distance between the ratings given 

by      and                respectively. Note that unrated items for both the active user and other users will not be 

involved in the computation. According to equation (1) we can obtain: 

    (     )  ∑ |         |                     
 
      

 

    (   (            ))   1, 1, and 1.5 respectively. Hence, user3 and user5 have the closest distance 

to user1. The less distance, the close the taste. 

To compute the average between user1 and user2, user3 , user4, respectively, according to equation (2) we can 

achieve the following: 

    (     )       (     )                   

By applying the same step on the rest of the users u5,u6,,and u8 we obtained 1, 1.67, and 1.5 respetively. The 

prediction of unrated items or missing ratings of u3, u5 , u6, and u8 can be filled up according to equation (3): 

     (       )  |      |           

Explaining this, we predicted a value to user3 on item4 by minimizing the rated score given by user1 on the 

same item. The rest of the unrated items is predicted using the previous step and is shown in Table II: 
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TABLE II: Imputed Values and New Similarity Measure 

 i1 i2 i3 i4 i5 i6 i7 i8 i9 Similarity with u1 ru1,i ∩ ru2, u3,u5,u6,u8,i 

u1 4 0 0 5 0 0 4 5 0 1  

u3 3 0 0 4 4 0 3 4 0 1 4 

u5 3 0 4 4 4 0 3 5 0 0.9 4 

u6 2 0 0 2 0 0 4 3.33 0 -0.193 4 

u8 2 3 4 3.5 4 1 3 3.5 5 0.816 4 

 

As can be seen above, the neighbors’ ratings in common with the active user has increased and led to a 

change in the similarity measure compared with Table I. The similarity measure has been calculated using 

equation (4) after applying the proposed method as illustrated below: 

               ,  ̅            ,                , and   ̅             

 

         
(     ) (     )  (     )(     )  (     )(     )  (     )(     )

√((     ) (     ) (     ) (     ) )  ((     ) (     )   (     ) (     ) 
   

 

By applying the same steps, we can get the rest of the similarities of other users and the results generated as 

shown in Table II. The comparison results of the similarity before and after filling the unrated data of the 

proposed method is described in Figure II (a). 

The last stage is to predict the target item rating of user1 to item2 (    ). By considering u3, u5, u6 and u8 as 

the neighbors set to the active user (u1), we predict the rating of  target item by applying equation (5) to fill in 

the unrated blank cell of     : 

Note that, the items not rated by both (u1 and neighbors) will not be predicted according to the proposed 

technique. The obtained results compared with others is presented in Fig II (b). 

         (     )    (      )       (      )  (      )  (   )        (           

      )      

TABLE III: The Predicted Ratings of Active User 

 i1 i2 i3 i4 i5 i6 i7 i8 i9 

u1 4 2.4 3.84 5 5 2.75 4 5 2.88 

u3 3 0 0 4 4 0 3 4 0 

u5 3 0 4 4 4 0 3 5 0 

u6 2 0 0 2 0 0 4 3.33 0 

u8 2 3 4 3.5 4 1 3 3.5 5 

 

 

 

 

 

 

 

 

 

 

  
 

Fig II: (a) Similarity Comparison of Initial Rating and after Proposed Work, and (b) Prediction Comparison of Initial 

Rating, Proposed Work, and Proposed by [15] 

 

https://doi.org/10.15242/DiRPUB.DIR1217004 138



     According to the results presented by [15], u8 was removed from their trust network and compared with our 

proposed work u8 had a high impact on the predicted value of u1 to i2. In the case of the predicting value of u1 to 

i9, they relied on the ratings given by u2 and u4 where the former has no rated items in common with u1 and the 

latter has very low rated items with u1. Logically, ru1,i9 should not be predicted as high as 4.6 in case most of th 

users in common with the active user not rated this item. 

5. Conclusion 

As acknowledged in collaborative filtering, the greater the number of rated items, the more accurate the 

prediction we get. To increase the number of  rated items in the sparse user-item rating matrix where some of 

the active user’s neighbors did not rate some items that the active user already rated and missing values need to 

be predicted, a new technique was proposed that improves the performance of collaborative filtering by 

imputing predicted values without changing the original data (rated items) and no additional data is required. 

The predicted values are obtained from identifying the differences in behavior between active the user and 

his/her neighbors.  By comparing our results with that obtained from traditional collaborative filtering and the 

one proposed by other work on the same, we found that our technique improved the first and outperformed the 

second where some of the active user’s predicted ratings should be low or high according to the behavior of 

his/her neighbors. This therefore indicates that the predicted ratings rely on the active user’s neighbors. Finally, 

the proposed technique is very simple and can be used for many kinds of recommender systems under any 

domain. The ease of its implementation enables interested people to apply it on their systems. 
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