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Abstract 

This paper is to propose a new similarity kernel function for User-based collaborative filtering recommender system (UBCF). 
The similarity kernel function for two users is based on Chi-Square kernel. It is called Chi-Square similarity kernel (CSSK). 
From this similarity kernel function, we build the model for User-based collaborative filtering recommender system. 
Through experiments on two dataset MovieLense and MSWeb, it shows that the model using our similarity kernel function 
has accurate results compared with User-based collaborative filtering model using traditional similarity measures as Pearson 
correlation, Cosine similarity, and Jaccard.  
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1. Introduction

Recommender systems are software tools and techniques 
to provide recommendable information to users such as the 
information of useful products on commercial sites, 
interesting videos on YouTube, friends with the same 
interests on Facebook, specialized books on Amazon, and 
interesting news on online news sites [24][26]. The main 
purpose of the recommender system is to provide useful 
recommendations for online users in order to help them 
make better decisions based on multiple sources of data 
which are provided on web pages. According to the trend 
of development, a recommender system must propose 
recommendations that meet the personal interests of users 
based on online user profile and information about 
products such as the specifications of the products 
compared to other products of the same type, the feedback 
of the users and other information before making 
recommendations[10][12][22]. The recommender systems 
are primarily developed based on the effective exploitation 
of statistical methods [11] and knowledge discovery 
techniques on the transaction dataset of customer 
management online systems. 
Currently, recommender system is considered a useful tool 
for solving information overload of the Internet [6][19]. Its 

development is always associated with the development of 
web technologies and machine learning algorithms [34]. 
Based on the method of collecting and processing data, the 
recommendation system is divided into three generations. 
The first generation of recommender systems uses 
traditional websites in order to gather information from 
three sources: (1) content-based data from the purchase or 
the use of products and services; (2) demographic data 
selected from the customer profile; (3) memory-based data 
collected from the user's preferences. In this generation, the 
quality of recommendation results is improved based on 
data classification algorithms and their 
integration [6][25][39]. The second generation of 
recommender systems is the increasing use of Web 2.0 by 
collecting information through social networks like 
Facebook, Zalo and other social networking sites. To 
satisfy information explosion from social networking sites, 
this generation continues to develop and improve the 
existing integrated methods and enhance solutions to 
exploit information from social networks more efficiently 
such as trust-aware algorithms [30][35], social adaptive 
approaches [7], social networks analysis [19][40], and 
other methods. The third generation of recommender 
systems is developed in parallel with the web 3.0 with 
information collected from integrated devices on the 
Internet such as cameras, sensors [35]. This generation uses 
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approaches of the integration of location information into 
the available recommendation algorithms in order to 
broaden its application in various fields such as health, 
weather, environment and universe [3]. 
From the first appearance with the name "The information 
Lense system" in 1987 [21] recommender system has been 
developed greatly in technology and its application in life. 
In particular, recommender systems are used by many 
managers as an effective tool in order to support the 
business in various fields such as Amazon, Netflix, and 
Pandora [5]. However, the present generation of 
recommender systems has not fully met the requirements 
of users yet [1]. Therefore, research on recommender 
systems has still been concerned such as research to 
improve methods and algorithms to increase accuracy of 
the existing recommender model [28], research to improve 
recommender systems to adapt to the information 
explosion and research to propose a new recommender 
model [14][17]. In addition, some new research directions 
are also set out as: research to proper combination of 
existing recommendation methods that use different types 
of available information; research to use the maximum 
capabilities of the sensors and devices on the Internet; 
research to collect and integrate information related to 
habits, consumption and individual tastes of users in the 
recommendation process; research to ensure the security 
conditions and privacy in the entire process of 
recommendation system; research to propose the measures 
for evaluating recommender systems and develop a 
standard for assessment measures and research to develop 
a framework for automated analysis on heterogeneous data. 
In this paper, basing on the traditional model of UBCF 
using similarity measures: Pearson, Cosine, Jaccard, we 
propose a new approach for UBCF. The UBCF is based on 
Chi-Square kernel [4][32][33]. In this recommender 
system, we build a similarity kernel function based on Chi-
Square kernel in order to determine the similarity between 
two users. It is named Chi-Square similarity kernel that 
substitutes the similarity measures in the system. The 
UBCF model using the CSSK is built and conducted 
through experiments on two datasets MovieLense [8] and 
MSWeb [18] and its results are also compared to UBCF 
model using the traditional similarity measures. 
This paper is organized into six parts. Part one introduces 
general recommender systems, relevant studies and 
introduction to research. Part two presents UBCF. Part 
three shows how to build a similarity kernel between two 
users based on Chi-Square kernel. Part four describes the 
required steps to build UBCF model based on CSSK and 
presents the evaluation methods of recommender systems. 
Part five presents the experimental results of the model and 
compares the results with other models. The final part 
summarizes some important achieved results. 

2. User-based collaborative filtering
recommender system 

UBCF is the first version of the recommender systems 
based on collaborative filtering. It was first introduced in 
the article "GroupLens: an open architecture for 
Collaborative filtering of netnews" in 1994 for GroupLens 
Usenet recommender system [31]. Subsequently, two other 
systems are also used this recommendation method: one for 
the users to listen to music Ringo [37][38] and the other for 
users to watch movies Bellcore [38]. UBCF is a simple 
algorithm to clarify the core premise of collaborative 
filtering methods. That is to find out users in the past who 
have similar behavior with current users. Then, we use the 
value of their rating for the items to predict the preferences 
of the current users. Thus, in order to obtain a list of items 
to introduce to new users, UBCF requires a function to 
compute the similarity of two users and a method to 
calculate the average deviation of rating values of the 
similar users based on a rating matrix of users for 
items [24][25][26]. 

2.1. Compute the similarity between two 
users  

Selecting measures to calculate the similarity between two 
users is an important stage in the design of UBCF since it 
directly affects the outcome of the recommender system. 
Currently, research in the field of machine learning, many 
measures are proposed for this purpose. In which, Pearson 
correlation, Cosine, and Jaccard similarity are three 
measures used by many recommender systems. 
Pearson correlation is the similarity measures between two 
users based on statistical correlation [24][25][34]. The 
similarity measures between user u and user v are 
determined by the following formula: 

𝑆(𝑢, 𝑣) =
∑ (𝑟𝑣,𝑖 − 𝑟̅𝑣)(𝑟𝑢,𝑖 − 𝑟̅𝑢)𝑖∈𝐼

√∑ (𝑟𝑣,𝑖 − 𝑟̅𝑣)2
𝑖∈𝐼 ∑ (𝑟𝑢,𝑖 − 𝑟̅𝑢)2

𝑖∈𝐼

Where 𝑆(𝑢, 𝑣) is the similarity value between user u and 
user v; I is a set of items rated by both users; 𝑟𝑣,𝑖is the rating 
of user v for item i; 𝑟̅𝑣  is the average rating value of user v; 
𝑟𝑢,𝑖 is the rating of user u for item i; 𝑟̅𝑢 is the average rating 
value of user u. 
Cosine similarity is a similarity measures between two 
users based on vector space linear algebra [24][25][34]. 
The rating values of each user on m items are represented 
by m-dimensional vectors. The similarity of two users u 
and v is determined by the distance Cosine between two 
vector 𝑟𝑢 and vector 𝑟𝑣 by the following formula: 

𝑆(𝑢, 𝑣) = cos(𝑟𝑢 , 𝑟𝑣) =
𝑟𝑢 .  𝑟𝑣

‖𝑟𝑢‖2𝑋‖𝑟𝑣‖2

𝑆(𝑢, 𝑣) =
∑ 𝑟𝑢,𝑖𝑟𝑣,𝑖

𝑚
𝑖=1

√∑ 𝑟𝑢,𝑖
2𝑚

𝑖=1 √∑ 𝑟𝑣,𝑖
2𝑚

𝑖=1

Where 𝑆(𝑢, 𝑣) is the similarity value between user u and 
user v; m is the dimensionality of the vector (number of 
items); 𝑟𝑢,𝑖 is the rating of user u for item i; 𝑟𝑣,𝑖 is the rating 
of user v for item i. 
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Jaccard is a measures which is used to determine the 
similarity between two users based on operations between 
two finite sets [26]. This measures is proposed to handle 
problems when the rating value of users for one item in the 
rating matrix is ignored and assigned a value equal 0. In 
this measures, the set of items that user u rating will be built 
into a corresponding set of user u profiles. The similarity 
of two users is calculated by the size of the intersection 
operation on two sets (∩) divided by the size of the union 
operation on two sets (∪). The similarity value between 
user u and user v is calculated by the following formula: 

𝑆(𝑢, 𝑣) =
|𝐴 ∩ 𝐵|

|𝐴 ∪ 𝐵|
Where 𝑆(𝑢, 𝑣) is the similarity value between user u and 
user v; 𝐴 is a set representing for the  rating values of user 
u for the list of items; B is a set representing the rating 
values of user v for the list of items. 

2.2. Compute the recommendation results 

In order to calculate the recommendation results for user u, 
in the first step, UBCF uses the similarity measures to find 
out N users who are similar with user u. As the list of N 
similar users is defined, the system will combine their 
rating values to generate predictions of user u’s preference 
for an item i. Typically, the predictable results are based on 
the average weighted of rating values of N similar users, 
represented by the following formula [24][25]: 

𝑃(𝑢, 𝑖) = 𝑟̅𝑢 +
∑ 𝑆(𝑢, 𝑢′)(𝑟𝑢′,𝑖 − 𝑟̅𝑢′)𝑢′∈𝑁

∑ |𝑆(𝑢, 𝑢′)|𝑢′∈𝑁

3. CSSK for two similar users

3.1. Kernel as similarity measures 

Kernel theory views a kernel as implicitly mapping data 
points into a possibly very high dimensional space, and 
describes a kernel function as being good for a given 
learning problem if data is separable by a large margin in 
that implicit space. Furthermore, Kernel functions have 
become a popular useful tool in machine 
learning [2][23][29]. A kernel is a function that takes in two 
data objects such as images, DNA sequences, or vectors 
with m-dimensional and outputs a number, with the 
property that the function is symmetric and positive-
semidefinite. That is, for any kernel K, there must exist an 
implicit mapping 𝜑, such that for all inputs 𝑥1, 𝑥2 we have 
𝐾(𝑥1, 𝑥2) = 𝜑(𝑥1) ∙ 𝜑(𝑥2) [36]. The kernel is then used 
inside a “kernelized” learning algorithm such as SVM or 
kernel-perceptron as the way in which the algorithm 
interacts with the data. Typical kernel functions for 
structured data include Linear Kernel, Polynomial Kernel, 
Gaussian Kernel, Chi-Square Kernel, and so on [2][4]. 

3.2. Similariry kernel for two similar users 

Suppose that 𝑈 = {𝑢1, 𝑢2, … , 𝑢𝑛} is a set of n users, 𝐼 =
{𝑖1, 𝑖2, … , 𝑖𝑚} is a set of m items, 𝑅 = {𝑟𝑗,𝑘} is a rating 
matrix of n users for m items with each row representing a 
user 𝑢𝑗 (1 ≤ 𝑗 ≤ 𝑛), each column represents an item 𝑖𝑘 (1 ≤
𝑘 ≤ 𝑚), 𝑟𝑗,𝑘 is the rating value of  user 𝑢𝑗 for item 𝑖𝑘. 

Figure 1: Rating matrix of users for items 

From the rating matrix, the rating values of each user on m 
items is represented by m-dimensional vector 
𝑢𝑗(𝑟𝑗,1, 𝑟𝑗,2, … , 𝑟𝑗,𝑚). The similarity of two users 𝑢𝑖 and 𝑢𝑗 
is determined by Chi-Square similarity kernel following 
formula [4]: 

𝐾(𝑢𝑖 , u𝑗) = ∑
2 𝑟𝑖,𝑘 𝑟𝑗𝑘

(𝑟𝑖,𝑘 + 𝑟𝑗,𝑘)

𝑚

𝑘=1

Where 𝐾(𝑢𝑖 , u𝑗) is the similarity value between user 𝑢𝑖 and 
user 𝑢𝑗; m is the dimensionality of the vector (number of 
items); 𝑟𝑖,𝑘 is the rating of user 𝑢𝑖 for item k; 𝑟𝑗,𝑘 is the 
rating of user 𝑢𝑗 for item k. 

4. UBCF based on CSSK

From the steps to build UBCF [24][25][26] and the 
similarity kernel function to determine the similar between 
two users based on Chi-Square kernel presented in the 
above section, we propose the steps to build UBCF using 
CSSK as follows: 

4.1. Build recommendation algorithm 

In this algorithm, as a new user needs recommendation, the 
system will use the CSSK function to find out the list of 
similar users with the new user. Then, a list of high rated 
items to introduce a new user is calculated based on the 
rating value of users. Recommendation algorithm shall 
comply with the following steps: 
Step 1: Update or build a new user profile. 
Step 2: Find the list of similar users: 

- Choose coefficient k for determining the list of k 
similar users to the new user. 
- Identify the list of similar users based on CSSK. 

Step 3: Find a list of items which is rated highly by k similar 
users: 

- Calculate the average rating value for each item. 
- Sort the list of items based on the average rating value. 

Step 4: Select N items having the highest rating as the 
recommendation results. 
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In order to see more clearly the functions of the algorithm, 
we present the recommendation algorithm by example 
shown in Figure 2. In this figure, we assume that the system 
recommends 8 items (from 𝑖1 to 𝑖8) to users and the system 
has 10 users (from 𝑢1 to 𝑢10) rating for the items. The items 
are rated from 1 to 5 ("1" - the lowest rating; "5" - the 
highest rating; "?" - Users are not rated for the items). The 
system is required to recommend the items to new user ua, 
with coefficient k, which is given by 4 (4 similar users). 
From this requirement, the system finds the list of 4 similar 
users to user  𝑢𝑎: 𝑢1, 𝑢4, 𝑢7, and 𝑢8 to figure out the rating 
values that the user 𝑢𝑎 ignores and to determine the list of 
items that user 𝑢𝑎 will like. 

Figure 2: User-based collaborative filtering example 
with (A): Rating matrix and estimated ratings for user 

𝑢𝑎; (B): Identifying similar users with new users. 

4.2. Evaluating the recommender model 

The evaluation of the accuracy of the recommender model 
is an important step in the recommender system design 
process [9][13][15]. It helps designers choose models, 
check the accuracy of the model before applying the model 
into practice. To evaluate UBCF model, the recommender 
system designers can be conducted through two steps: 

4.2.1. Preparing data to evaluate the models 

In order to evaluate recommender model, we need to build 
on some data and test it on some other data. Therefore, the 
first step is to prepare the data. In this step, the 
experimental dataset is divided into two subsets: training 
dataset and testing dataset [26]. Currently, many methods 
are being used to split datasets for evaluating recommender 
models such as: 
Splitting: is the initial method to build a training set and 
test set by cutting experimental dataset into 2 parts [26]. 
For this method, the model designer should decide the 
percentage for the training set and test set. For example, the 
training set accounts for 80 percent and the test set does the 
remaining 20 percent. 
Bootstrap sampling: is method to build a training set and 
test set by cutting experimental dataset into 2 parts. 
However, this approach is conducted randomly and 
repeatedly in order that a user may be a member of the 
training set in this cutting time but is a member of test set 
in the next cutting time. This can overcome the 
disadvantages about heterogeneity of experimental dataset 
and increase the optimization for small-sized dataset [26]. 

K-fold cross-validation: is a method to build a training set 
and test set by cutting experimental dataset into k subsets 
with the same size (called k-fold). After that, the model is 
evaluated k times. Every evaluation uses one subset for test 
set and the k-1 subsets is used as the training set. The 
evaluation results of this method are average value of k 
evaluations. This approach ensures that all users have 
appeared at least one time in test set [26]. Therefore, it is 
the most accurate of the three methods. However, it is 
costly for the calculation compared with the remaining two 
methods. 

4.2.2. Evaluate recommender model 

There are two methods for evaluating recommender model: 
evaluation based on the ratings and evaluation based on the 
recommendations. The first method evaluates the ratings 
generated by the model. The second method evaluates 
directly on the recommendations of the model. 
Evaluation based on the ratings: this method evaluates 
the accuracy of the model by comparing the predicted 
rating value to the real value. More precisely, this method 
is to find out the average error value based on three 
indicators RMSE, MSE, and MAE. A model is evaluated 
good if these indicators show low value [13][15]. 
Root mean square error (RMSE): This is the standard 
deviation between the real and predicted ratings. 

𝑅𝑀𝑆𝐸 = √
∑ (𝑟𝑖𝑗 − 𝑟̂𝑖𝑗)2

(𝑖,𝑗)∈

||

Mean squared error (MSE): This is the mean of the 
squared difference between the real and predicted ratings. 
It's the square of RMSE, so it contains the same 
information.

𝑀𝑆𝐸 =
∑ (𝑟𝑖𝑗 − 𝑟̂𝑖𝑗)2

(𝑖,𝑗)∈

||
Mean absolute error (MAE): This is the mean of the 
absolute difference between the real and predicted ratings. 

𝑀𝐴𝐸 =
1

||
∑ |𝑟𝑖𝑗 − 𝑟̂𝑖𝑗|

(𝑖,𝑗)∈
 

Where  is the set of all user ratings for items; 𝑟𝑖𝑗  is the real 
rating value of user i for item j; 𝑟̂𝑖𝑗 is the predicted rating 
value of user i for item j. 
Evaluation based on the recommendations: this method 
evaluates the accuracy of the model by comparing the 
model's recommendations with the choice of user’s 
purchase. This approach uses confusion matrix to calculate 
the value of three indicators: Precision, Recall, and F-
measure. The model is evaluated good if three indices gain 
high value [13][15]. 

Table 1: Confusion matrix 

User Choices 
Recommendations of the model 

Recommend Not recommend 

Purchase TP FN 
Not purchase FP TN 

In which: 
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True Positives (TP): recommended items that have been 
purchased.  
False Positives (FP): recommended items that have not 
been purchased. 
False Negatives (FN): unrecommended items that have 
been purchased. 
True Negatives (TN): unrecommended items that have not 
been purchased. 
The formula of three indicators is used to evaluate: 

Precision =
Correctly recommended items

Total recommended items
=

TP

TP + FP

Recall =
Correctly recommended items

Total useful recommendations
=

TP

TP + FN

F − measure =
2 ∗  Precision ∗  Recall 

Precision + Recall

5. Experiment

5.1. Data description 

In this experiment, we use two different datasets to test the 
model on two different scenarios. In the first scenario, we 
use the MovieLense dataset [8] of GroupLens research 
project at the University of Minnesota in 1997. In the 
second scenario, we use the MSWeb dataset of Microsoft 
published in 1998 [18]. 
In the first scenario, we carried out experiments on 
MovieLense dataset. This dataset is collected from the 
rating results of 943 users for 1,664 movies (99,392 rating 
results from 0 to 5) through the MovieLense website 
(movielens.umn.edu) during 7 months (from 09/19/1997 to 
22/04/1998). This dataset is organized in a matrix format 
consisting of 943 rows, 1,664 columns, and 1,569,152 cells 
containing rated values. However, each user just watches 
her/his favourite movies. Thus, the rating matrix has only 
99,392 rating values of users for movie categories. 
In the second scenario, we carried out experiments on 
MSWeb dataset. This dataset is of users visiting Microsoft 
sites during one week in February 1998. It is sampled and 
processed from the log file of the address 
www.microsoft.com. This dataset included 38,000 
anonymous users getting access to 285 original web 
addresses, and is processed and organized into binary 
matrix with 32,710 rows, 285 columns and 98,653 rating 
values. 

5.2. Implementation tools 

In order to conduct experiment, we use ARQAT tool which 
is developed on language R by our team [20]. This is a tool 
package to be developed from engine platform ARQAT on 
language Java [16]. This tool includes the following 
functions: processing data, calculating similarity of two 

users based on CSSK [2], and designing and evaluating 
recommender models [27]. 

5.3. Scenario 1 

5.3.1. Select and process data 

The MovieLense dataset is stored under a real rating 
matrix. It consists of 943 rows, 1,664 columns and 
1,569,152 cells containing rated value. In particular, more 
than 93 percent cells have rating values equal 0 and nearly 
7 percent  remaining cells have rating values from 1 to 5 
(value 0 is 1,469,760; value 1 is 6,059; value 2 is 11,307; 
value 3 is 27,002; value 4 is 33,947; value 5 is 21,077). 
Therefore, the entire MovieLense dataset has only truly 
99,392 rating value from users for movies. In particular, the 
majority of rating values range from 3 to 5 and 4 is rating 
value with the highest amount. In order to find out the 
number of users rating for each movie and the number of 
movies that each user rated, we do statistics by each movie, 
by each user and illustrate the statistical results in Figure 3. 

Figure 3: The chart presents statistical results for 
each movie and each user on MovieLense dataset. 

Figure 3 reflects that some movies have only rated by a few 
users and some users have only rated for a few movies. If 
we use this case to training model, it is likely to lead to bias 
due to lack of data. Thus, we decided to select users with 
the least rating for 50 movies and movies rated by at least 
100 users in order to build experimental datasets for model. 
From there, rating matrix has only 560 rows, 332 columns, 
and 55,298 rating values. In particular, we split the dataset 
into two subsets with training set and test set accounting 
for 80 percent and 20 percent respectively. 

5.3.2. The result of the model 

The objective of this scenario is to test the accuracy of the 
model on real number rating matrix. Therefore, we build 
the model on the training set with 449 users and test the 
model on test set with 111 users. The result of the model is 
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exported in matrix format with structure 10 x 111 (each 
column is a user; each cell is a selected movie to 
recommend for the user in the corresponding column). 
Figure 4 presents the results of recommender model to the 
first 4 users; each of them selects the 10 highest rated 
movies. 

Figure 4: Recommendation results of the first 4 
users 

Based on the recommendation result matrix, we calculate 
the number of times that each movie is recommended and 
build a histogram for the distribution of movies in Figure 
5. The chart shows that the number of movies is
recommended from 5 times or less accounting for 
relatively large numbers. In particular, up to 38 movies are 
only recommended 1 time and 26 movies are 
recommended 2 times. In contrast, the number of movies is 
recommended from 5 or more times accounting for a 
relatively small amount. Most of them have the number 
from 1 to 2 movies. Of these, two movies are introduced up 
to 41 times. 

Figure 5: Distribution of the number of movies for 
the model. 

5.3.3. Evaluation the model 

Evaluation based on the ratings 

In this section, we calculate the error parameters (RMSE, 
MSE, MAE) for each user and for the model based on the 
data which is built by k-fold method (with k=5). For the 
error parameters of each user, we perform the distribution 
of each error parameters by chart and compare those with 
the error parameters of the model using similarity Pearson 
measures (Figure 6). The chart shows that the number of 
users distributed on the error parameters of the model using 
CSSK has a higher value than that of the model using 
similarity Pearson measures. For the error parameters of 
the model, we continue to compare with the error 
parameters of the model using Pearson similarity measures 
in table 3. From the results of comparison, we found that 

the values of error parameters of our model are lower than 
the model using similarity Pearson measures on 
MovieLense dataset. 

Table 2: Present comparation error parameters of 
two models 

RMSE MSE MAE 
Model using 

similarity kernel 
0.8961562 0.8030960 0.7077939 

Model using 

similarity Pearson 

measures 

0.9796664 0.9597462 0.7704055 

Figure 6: Comparison of error parameters of each 
user on two models. 

Evaluation based on the recommendations 

In this evaluation method, we calculate the index TP, FP, 
FN, TN, Precision, Recall, and F-measure corresponding to 
5 different k-folds on both models: model using CSSK and 
model using similarity Pearson measures and compute the 
average value of each index on the 5 k-fold (Figure 7). The 
results show that the value of two indices Recall and F-
measure of model using CSSK is higher than the 
corresponding indices in models using similarity Pearson 
measures. However, the average value of Precision index 
is in reverse tendency. 

Figure 7: Comparison of indicators based on the 
recommendations of two models. 
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5.4. Scenario 2 

5.4.1. Select and process data 

Binary MSWeb matrix has relatively big size with 32,710 
rows, 285 columns, and 98,635 rating values. However, the 
study finds that plenty of users only visited a few sites and 
many sites are accessible only by a few users. In order to 
increase the reliability of the results of recommendations 
of the model, we build a set of data for models in a way that 
we only select the users to access at least 10 different web 
address and select the sites accessed at least 50 users. After 
the selections, we get data matrix for experiment with size 
796 x 135. Similar to the first scenario, the experimental 
data matrix is divided into two subsets: training dataset 
with size 626 x 135 (80%), test dataset with size 170 x 135 
(20%). In order to see the number of times that each user 
gets access to the websites, we perform binary rating matrix 
as diagram in Figure 8 (only for the first 50 users). 

Figure 8: Rating MSWeb matrix for the first 50 
users. 

5.4.2. The result of the model 

With the aim of checking the accuracy of the model on 
binary rating matrix, we build models according to the 
CSSK on dataset which is processed above. During this 
experiment, we choose each user that is introduced on 6 
sites where the model predicts that they love those sites. 
The recommendation results of first 6 users are shown in 
Figure 9. 

Figure 9: Presentation of recommendation results 
on MSWeb dataset for the first 6 users 

From recommendation result matrix, we choose 10 
websites where the model recommends to the most users 
(Figure 10a). Among them, the head of the list is the 
Microsoft search page (Microsoft.com Search) with 74 

recommendations to the users. In contrast to the list of 10 
top websites, we also extracted a list of 10 websites that 
have a little recommendation (Figure 10b). Most of these 
pages only get one recommendation. Except for Microsoft 
Excel page is chosen to recommend two times. 

Figure 10: The list of 10 websites is recommended 
at most and the list of 10 websites is recommended 

at least. 

5.4.3. Evaluate recommender model 

Since MSWeb matrix is a binary data matrix, the model 
only is evaluated according to the recommendations. In this 
evaluation, we continue to use the k-fold approach to build 
dataset for evaluating the model with k = 5. In order to 
examine the accuracy of the model, we test the model with 
the number of recommendation websites for users that are 
ascending (from 1 to 15). The average rating Results of 5 
k-fold on the model using the CSSK and the model using 
similarity Jaccard measures are shown in Figure 11. In this 
figure, we see that the Precision index always decreases as 
the number of recommendation websites increases on both 
models. In contrast to the Precision index, Recall index 
always increases on both models as the recommendation 
websites increase. Unlike the above two indicators, F-
measure index reached the highest value as the 
recommendation websites reached 10 on the model using 
CSSK and reached 3 on models using similarity Jaccard 
measures. This suggests that the model using the CSSK 
gave the best results as each user is recommends to 10 
websites and the model using similarity Jaccard measures 
has the best results as each user is recommends to 3 
websites. 

Figure 11: Comparison of indicators based on the 
recommendations of two models. 

In order to compare accuracy between model using CSSK 
and model using similar Jaccard measures on the two 
indices Precision and Recall, we use the chart ROC 
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(Receiver Operating Characteristic) to draw lines of the 
Precision and Recall ratios for the above two models. 
Figure 12 shows that on both models Precision index and 
Recall index tend to increase and decrease contradictorily. 
While the Recall index is increasing, in contrast Precision 
index is declining. The chart shows that the ratio of 
Precision and Recall on the model using the CSSK is higher 
than that on models using similarity Jaccard measures. It 
follows that the model using CSSK has the greater 
accuracy than that of similarity Jaccard measures on binary 
MSWeb dataset. 

Figure 12: The chart reflects the ratio of Precision - 
Recall on two models 

6. Conclusion

In this paper, we built UBCF model by suggesting a new 
similarity kernel based on Chi-Square kernel in order to 
determine the similarity of two users. Like other UBCF 
models, our model follows the main steps such as 
processing data, building the rating matrix, computing the 
similarity between two users, identify the item list that the 
similar users rated highly in order to showing the 
recommendation results and evaluate accuracy of the 
model. However, the new point of this model is to identify 
the list of similar users, instead of using the familiar 
measures such as Pearson correlation, Cosine similarity, 
Jaccard to determine the similar between two users. We use 
the CSSK. Through experiments, we found that our model 
results were relatively accurate on real number rating 
dataset and binary rating dataset. For the MovieLense 
dataset, the error parameters (RMSE, MSE, MAE) have a 
lower value than the model using the similarity Pearson 
measure. For the MSWeb dataset, the accuracy indicators 
as Precision, Recall, and F-measure have an outperformed 
value compared to the model using similarity Jaccard 
measures. Experimental results show that the UBCF model 
according to CSSK is capable to practice. 
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