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Abstract— Recommendation System is filtering the enormous quantity of information to obtain useful information based on 
the user’s preferences (ratings). Rating prediction can be formulated as a neighbourhood-based collaborative filtering 
approach. It first explores the role of different item averages as the foundation of similarity weighting and then predicts the 
missing ratings with the traditional neighbourhood-based method. Ensemble method is an effective tool to improve the 
performance of simple neighbourhood-based prediction algorithm by iteratively applying the algorithm on the same dataset. 
In all iterations, interpolation weights for all nearest neighbours are simultaneously derived by minimizing the 
recommendation error. The present paper describes the AdaBoost framework with the double averaging-based collaborative 
filtering for the prediction of missing ratings. Instances that are hard to predict are reinforced by updating sample weights in 
the goal function that need to be minimized. The experimental evaluation demonstrates that the boosting double averaging 
based collaborative filtering significantly improves the prediction performance with different levels of sparsity (25%, 30% 
and 40%) on MovieLens dataset. 
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I. INTRODUCTION 
 
Recommendation System was proposed as a 
computer-based intelligent technique whose purpose 
was to assist the problem of information overload [1]. 
By generating suggestions about new items for a 
particular user, who receive items recommended on 
basis of their previously records. New users will need 
to rate appropriate number of items to allow the 
system to capture their preferences, and thus enable 
providing reliable recommendations. The aim of the 
Recommender System (RS) is to assist users in 
finding their way through huge databases and 
catalogues, by filtering and suggesting relevant items 
taking into account or inferring the users' preferences 
(i.e., tastes, interests, or priorities).   
Collaborative Filtering (CF) systems can be 
considered as the earliest and most widely deployed 
recommendation approach [2, 3], suggesting 
interesting items to users based on the preferences 
from "similar" people. Usually, ratings (explicit 
relevance values given by users to items) are the 
primary source of evidence to establish the similarity. 
As CF algorithms exploit the active user's ratings to 
make predictions, no item descriptions are needed to 
provide recommendations. In this paper, the memory 
class of CF algorithm focuses on neighbourhood-
based recommendation system. These algorithms 
compute user or item similarities from the user's item 
ratings, typically based on the correlation. The 
"similar" people (whose preferences are used to 
predict ratings for the active user) are usually referred 
to as the active user's neighbours. As mentioned 
before, the choice of the similarity metric is a key 
aspect of neighbour-based methods. 

Neighbour-based recommender systems have some 
advantages when compared with other types of 
recommendation techniques [4, 5]. These systems are 
very intuitive and simple to implement, since the 
interpretation of the results is straightforward. 
Moreover, it is possible to compute efficiently the 
recommendations, since the item similarity matrix is 
pre-computed and stored prior to make the nearest 
neighbour suggestions. On the other hand, these 
methods also suffer from two main shortcomings 
mainly due to data sparsity: limited coverage and 
lower accuracy. 
The main idea of the ensemble methodology is to 
combine a set of models, each of which solves the 
same original task, in order to obtain a better 
composite global model, with more accurate and 
reliable estimates than those produced by using a 
single model [6, 7, 8]. Ensemble classifiers can be 
classified into two types: homogeneous and 
heterogeneous. Homogeneous ensembles utilize 
different versions of the same core model while 
heterogeneous approach combine model of different 
types. In this paper, a boosting algorithm that is based 
on the AdaBoost, is proposed in order to provide 
recommendations in the form of sample reweighting. 
The output at each iteration step in AdaBoost 
algorithm is a list of predicted ratings.  AdaBoost 
uses the same training set again until a target training 
error is reaching. 
The contribution of the proposed algorithm is two-
fold: first, it demonstrates how ensemble methods can 
be utilized in order to improve the performance of a 
single CF method; second, a double-average variance 
criterion is introduced into the ensemble regressor. 
The rest of the paper is organized as follow: the basic 
theory and problem domain for Collaborative 
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Filtering based Recommendation System are 
explained in Section 2. The detailed description of the 
Proposed Method is described in Section 3. In 
Section 4, the Experimental Result is provided to 
discuss the effectiveness of the proposed method.  

 
II. COLLABORATIVE FILTERING BASED 
RECOMMENDATION SYSTEM 

 
Collaborative Filtering (CF) based Recommendation 
System (RS) provides users with suggestions 
according to individual users' interests. In CF based 
Recommender, the user's preferences on involved 
items are quantized into user-item ratings matrix, 
where high ratings denote strong preferences. Since 
CF is regarded as missing data estimation, the main 
task is to predict the unknown user-item entries in the 
rating matrix based on known entries [9]. These 
systems employ statistical techniques to find 
neighbours (i.e., a set of items have rated by different 
users similarly with the target item). Once a 
neighbourhood is formed, the system uses different 
methods to combine the preferences of neighbours to 
predict the missing ratings. In a typical CF scenario, 
there is a list of m users U = {u1, u2,…, um} and a list 
of n items I = {i1, i2 ,…, in}. Each user ua has a list of 
items rui, which has expressed as a rating score of the 
user's opinion, generally within a certain numerical 
scale. Note that rui  A and it is possible for rui to be a 
null set. A distinguished user ua U called the active 
user for whom a collaborative filtering algorithm 
finds an item likeliness that can be of two forms. 

 Prediction is a numerical value, pa,i, 
expressing the predicted likeliness of item ij 
rui for the active user ua. The predicted 
value is within the same scale (e.g., from 1 
to 5) as the opinion values provided by ua. 

 Recommendation is a list of N items, Ir  I, 
that the active user will like the most. Note 
that the recommended list must be on items 
not already voted by the active user, i.e., Ir  
Iu = . This interface of CF algorithms is 
also known as Top-N recommendation.  

 
User-based collaborative filtering systems have been 
very successful in past, but their widespread use has 
revealed some potential challenges such as: 

 Sparsity. In practice, many commercial 
recommender systems are used to evaluate 
large item sets (e.g., Amazon.com 
recommends books and CDnow.com 
recommends music albums). Accordingly, a 
recommender system based on nearest 
neighbour algorithms may be unable to 
make any item recommendations for a 
particular user if the dataset has luck of data 
sufficiency. As a result, the accuracy of 
recommendations may be poor. 

 Scalability. Nearest neighbour algorithms 
require computation that grows with both the 

number of users and the number of items. 
With millions of users and items, a typical 
web-based recommender system will suffer 
serious scalability problem.   

 
These weaknesses of nearest neighbor algorithm for 
large, sparse databases led to explore alternative 
recommender system. The approach of the proposed 
system attempts to bridge the sparsity by 
incorporating the double averaging to AdaBoost 
framework. 

 
III. PROPOSED METHOD 
 
In this section, the proposed system briefly explains 
the design of the proposed system, Similarity 
Measure, Double Averaging-based Collaborative 
Filtering and AdaBoost framework. In addition, the 
computational prediction values are presented in this 
section. 
 
3.1. The Design of the Proposed System 
CF based recommendation system uses the entire 
users' preferences as the user-item rating matrix. In 
the proposed system, the scalar values (1-5 numerical 
values) are received from the community as the user-
item ratings. Formally, these numerical ratings in a 
Recommendation System can be represented as a set 
of rating triplets (u, i, rui), where uU is a user, iI is 
an item and rui is the rating that user u gave item i as 
shown in Table 1.  

 
Table 1: Sample Training Dataset 

 
 
In the traditional form of rating-based Collaborative 
Filtering, a predicted rating pui for a user u to an item i 
is  calculated by finding the N most similar users 
according to users' rating preferences and combining 
these ratings variances. Then, the prediction 
algorithm produces a set of predicted ratings in each 
iteration. In the AdaBoost framework, the missing 
ratings are approximated by updating sample weights 
and solving error minimization problem. After the mth 
recommendation, the proposed system will 
recommend items that best fit with the user interest. 
The design of the proposed system is shown in Fig. 1. 
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Fig.1. Design of the Proposed System 

 
3.2. Similarity Computation 
One critical step in the neighbourhood-based 
Collaborative Filtering algorithm is to compute the 
similarity between items and then to select the most 
similar items (nearest neighbours). The basic idea in 
similarity computation between two items i and j is to 
first isolate the users who have rated both of these 
items and then to apply a similarity computation 
technique to determine the similarity sij. In this case, 
similarity between two items i and j is measured by 
using the Pearson Correlation Coefficient as shown in 
equation 1. Let the set of users who both rated i and j 
are denoted by N(i) then the correlation similarities 
are shown in Table 2. 
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where, rui denotes the rating of user u on item i, r̅ 	is 
the average rating of the ith item.  

Table 2: Item-Item Similarity Matrix 

 
 
Furthermore, the system selects NNs (Nearest 
Neighbours) based on techniques such as similarity 
threshold and top N selection. This reduces not only 
the data point coverage of NNs but also tends to de-
emphasize the contributions of the few highly 
correlated users in favour of noise coming from a 
large number of less correlated users. 
 
This Collaborative Filtering method computes the 
prediction on an item i for a user u by computing the 
sum of the ratings given by the user on the items 
similar to i. Each ratings is weighted by the 
corresponding similarity sij  between items i and j.  
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where r̅ and r̅ 	are the average ratings for the item i 
and item j on all other rated items. Basically this 
approach tries to capture how the active user rates the 
similar items.  
 

Table 3: Prediction Results using Traditional 
Collaborative Filtering 

 
 
The weighted sum is scaled by the sum of the 
similarity terms to make sure the prediction is within 
the predefined range. These predicted ratings using 
traditional collaborative filtering are shown in Table 
3. 
 
3.3. AdaBoost Framework for Double Averaging-
based Collaborative Filtering  
There are many items in the dataset and only few will 
be rated by a set of users, which have already rated 
some other similar item. If the predicted values using 
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traditional Collaborative Filtering are out of the range 
as the highest user preferences, it becomes difficult to 
maintain the performance of collaborative filtering 
algorithm. In order to solve the linear system, the 
proposed system is implemented as an iterative 
AdaBoost algorithm which is based on Double 
Averaging-based Collaborative Filtering. 
A simple modification, which can be seen as a form 
of data regularization, was needed to drastically boost 
up the performance of the prediction system. The 
weights are also assigned to each training samples 
with a constant value. A series of M predictors is 
iteratively learned. To predict a rating rui, the 
proposed system turns the prediction as equation 3. 

m
uj

k)u,B(i;j
ij

uj
m
ujij

k)u,B(i;jm
ui ws

i))avg(u,(rws
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    (3) 

 
where, w  denotes the weight of sample (u, j) in the 
mth recommender. In this formula, the larger sample 
(u, j) is weighted, the closer r  is to ruj. avg(u, i) is 
the double average for user u to an item i defined as 
the equation 4. 

2
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where ur , the number of items is voted by user u 

and ir is the number of users that voted item i. 
These double averages for each index are shown in 
Table 4. 
 

Table 4: Double Average 

 
 
To adjust the error different of predicted values 
between the traditional CF and modified double 
averaging-based CF of the previous round, the error 
rate of model Mi is computed as the equation 5. 

 
 
where, DP  is the absolute value of the difference 
between prediction values of the traditional 

collaborative filtering and weighted prediction of the 
mth recommender. D is a constant used to denote the 
drop between the upper bond and the lower bond of 
the rating interval. If its error exceeds 0.5, the 
performance of recommender Rm is so poor. So, this 
system uses error threshold (0.3 in this system) as an 
indicator. If the error is greater than the error 
threshold, the system needs to update the sample 
weight. 
To deal with this problem, the proposed system 
employs a more direct approach called reweighting. 
The reweighting strategy directly uses sample 
weights to control the new predictor. In order to 
update the sample weights, firstly we formulate the 
signal function and individual difference as shown in 
equation 7 and 8.  

Moreover, η denotes how much the average sample 
error influences the update process. In this paper, the 
proposed system sets  η with 0.5. 
 
The sample weight update formula in AdaBoost is 
based on the signal function of the nearest neighbours 
and error rate of previous recommender. This system 
updates the sample weights of its k-nearest neighbors 
(u, j) as shown in equation 9. 
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where ρ is the update rate that controls the impact of 
err(Rm) and UE  in the update process. In this 
formula, the system chooses 

)err(R1
)err(R

m

m


 to indicate 

the effect of Rm. 
 

Table 5: Updated Sample Weights 

 
 
Table 5 shows the updated sample weights from one 
of the M updating steps. After updating the sample 
weights, the framework iteratively predicted the 
missing values repeatedly. Final prediction result is 
obtained by averaging all the predictions of M 
recommendations as in equation 10. 
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Table 6 shows the final predictions results for all 
missing ratings using Double Averaging-based 
Collaborative Filtering. 

 
Table 6: Prediction Results using Weighted 

Double Average 

 
 

IV. RESULTS AND DISCUSSION 
 
The proposed algorithm was tested on the MovieLens 
rating database. The database contains 100000 ratings 
by 943 users on 1682 movie items. The proposed 
system sets the neighbourhood size N(i) to 15. The 
performance of the system is tested with different 
level of sparity (25%, 30% and 40%) in 
trainingdataset. The effective of each process is 
measured according to root mean square error 
(RMSE). 
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Fig. 2 shows the RMSE results for the performance 
comparison between traditional collaborative filtering 
and AdaBoost framework that improving double 
averaging-based collaborative filtering. Since the 
RMSE level of the system significantly less than the 
traditional method, the proposed double-averaging 
can ensemble framework can improve the 
recommendation system. 
 

 
Fig.2. Performance Comparisons on Traditional CF and 

Boosting Double Averaging-based CF 
 
CONCLUSIONS 
 
In this paper, AdaBoost framework is introduced for 
the approximation of rating prediction in a KNN 
recommender system. This system minimizes the root 

mean square error by directly solving the rating 
prediction with a simple modification, which can be 
seen as a form of double averaging. The framework 
correctly updates the sample weights according to the 
sign function and individual difference. The lower 
RMSE results of the evaluation on MovieLens 
database show the improvement of the system. 
Therefore, the proposed system can provide item 
recommendation to users with higher accuracy than 
the traditional collaborative filtering. In future, the 
boosting framework can be adapted in order to 
choose neighbours with higher similarity using item 
genres. 
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