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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 wusers 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
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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
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UBCEF 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:

Suv) = et = W) (ui = i)
C VZie =) Ziei (g — R)?

Where S(u,v) is the similarity value between user u and
user v; I is a set of items rated by both users; 7;, ;is the rating
of user v for item i; 7, is the average rating value of user v;
7y 1s the rating of user u for item i; 7;, 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 7, and vector 7, by the following formula:

Ty 7
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Where S(u,v) is the similarity value between user u and
user v; m is the dimensionality of the vector (number of
items); r,, ; is the rating of user u for item i; 7, ; is the rating
of user v for item i.

S(u,v) = cos(%, 7)) =

S(u,v) =
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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 (M) divided by the size of the union
operation on two sets (U). The similarity value between
user u and user v is calculated by the following formula:

g |A N B

W) =05

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]:

Zu ENS(u u )(ru’z - _u’)

Plu.i) = SenlS )]

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 ¢, such that for all inputs x;, x, we have
K(xq,%5) = @(x1) * ¢(x3) [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
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Suppose that U = {uy, u,, ..., u,} is a set of n users, [ =
{iy, iz, ..., i} 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 u; (1 < j < n), each column represents an item i (1 <
k < m), 1; is the rating value of user u; for item i;.

1[ 11 13, R . . Im
ug 0 4 4 3 2 1 0
u; 3 0 0 2 3 5 0
us 4 0 0 1 1 4 3
3 2 0 3 4 3 4
0 3 1 4 3 2 1
2 1 4 0 3 0 5
U, 2 0 0 3 1 4 1

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
u]( 11,25 -+, Tjm). The similarity of two users u; and u;
is determined by Chi-Square similarity kernel following

formula [4]:
273 7}k
K(u;u)) = Z o

Where K (ui, uj) is the similarity value between user u; and
user u;; m is the dimensionality of the vector (number of
items); 7; is the rating of user u; for item k; 7; is the
rating of user u; 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 i; to ig) to users and the system
has 10 users (from u; to u,,) 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 Ug: Uy, Uy, Uy, and ug to figure out the rating
values that the user u, ignores and to determine the list of

items that user u, will like.
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Figure 2: User-based collaborative filtering example
with (A): Rating matrix and estimated ratings for user
ug; (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].
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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.

Y pex(rij — Fi)?

RMSE =
1N

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.

A N2
MSE = Z(i,j)EK(lrijl' - Tij)

K

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

1
MAE=—Z ey
|| (i,]')EKl Y ”|

Where « is the set of all user ratings for items; 7;; is the real
rating value of user i for item j; 7;; 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:

. Correctly recommended items TP
Precision = - =
Total recommended items TP + FP
Correctly recommended items TP
Recall = =

" Total useful recommendations TP + FN

2 * Precision * Recall

F — measure = —
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
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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.

Views_per_movie

a 0

Vs

0 m

sl o a
v

Movies

Movies_per_view

40 50 60 T

Novies

N 1

[ zo0 a0o0 S00 800

Views

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

[UserT User2

1 "Lone Star (1996)" "Godfather: Part II, The (1974)"
2 "Hoop Dreams (1934)" "Blade Runner (1982)

3 "Wrong Trousers, The (1993) "To ki1l a Mockingbi rd (1962)

4 "L.A. conf1dent1a1 (1997)" "schindler's List (19

5 "Titanic (1997)" "Ki11ing Fields, The (1984)

6 "People vs. Larry Flynt, The (1996)" "Boot, Das_(1981)"

7 "Trainspotting (1996 g" "annie Hall (1977)"

8 "Close Shave, A (1995)" "“Great Escape, The (1963)"

9 "Bound (1996) "Princess Brn!e The (1987)"

10" B'\g Night (1996)" "T14tan1c (1997)"

u use
"Usual suspects, The (1995)" "Secrets & Lies (1996)

2 "wrong Trousers, The (1993) "Good Will Hunting (1997)"

3 "Godfather, The (1972)" "silence of the Lambs, The (199"

4 "GoodFeHas (1990)" "usual Suspects, The (l

5 "Secrets & Lies (1996)" "B % Night (1996)

6 "Monty Python and the Hu]y Grail (1974)" "welcome to \:he Dollhouse (1995)"

7 "Trainspotting (19 "Aliens (1986)"

8 "2001: A Space Ddysse (1968)" “Raiders of the Lost Ark (1981)

9 "Shawshank Redemption, The (1994)" "Sense and Sensibility (1995)"

10"Schindler's List (1993)" "Shawshank Redemption, The (199)

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.

Distribution of the number of films for model

count
I
\

2021222832

number Of T’Ims

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
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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
s o . 0.8961562 | 0.8030960 | 0.7077939

similarity kernel

Model using
similarity Pearson | 0.9796664 | 0.9597462 | 0.7704055

measures
Muodel nsing Muodel using similarity

similarity kernel Pearson measures

Distritution of the RMSE by user Distribudion af ihe AMSE by user
E E!
& B

-a'-al_a;-:urav:ﬂ.'RHSE'_ aval_acouran], WHSE]

Distribution of the MAE by wser Distribution of the MAE by user

E E
gwal_accuracs], "MAET aval_accuracs], MAET]

Digtriation of the MSE by wser  Distribution of the MSE by user

E- £
- k..
ewal_accuracy], "MEET] a.‘al_au;:ura;ﬂ:".is:f‘_

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.

Similarity kernel

TP FP FN precision recall f-measure
Foldl 5.714286 4.285714 78.6339 228.3661 0.5714286 0.0817825 0.1430865
Fold2 5.401786 4.598214 63.0625 243.9375 0.5401786 0.0930069 0.1586907
Fold3 5.294643 4.705357 60.8839 246.1161 0.5294643 0.0923489 0.1572673
Fold4 4.892857 5.107143 62.1160 244.8839 0.4892857 0.0823349 0.1409511
FoldS 5.607143 4.392857 73.6160 233.3839 0.5607143 0.0777199 0.1365173
Avg  5.382143 4.617857 67.6625 239.3375 0.5382140 0.0854390 0.1473030

Similarty Pearson measures

TP FP FN ™ precision recall f-measure
Foldl 4.991071 5.008929 66.51786 240.4821 0.4991071 0.0794999 0.1371534
Fold2 5.437500 4.562500 66.05357 240.9464 0.5437500 0.0879665 0.1514343
Fold3 5.223214 4.776786 63.08036 243.9196 0.5223214 0.0906580 0.1544999
Fold4 5.544643 4.455357 75.33036 231.6696 0.5544643 0.0774621 0.1359335
FoldS 5.732143 4.267857 67.47321 239.5268 0.5732143 0.0908563 0.1568512
AVg .385714 4.614286 67.69107 239.3089 0.5385714 0.0852886 0.1472574

wi

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).

pe—
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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

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.

Names of website Number of recommendatiol
Microsoft.com Search 74
Windows Family of 0Ss 65
Products 63
Bupport Desktop 63
[internet Explorer 58
lisapi 52
Free Downloads 46
nowledge Base 46
Windows35 Support 44 ndows Hardware Testing
Ms office Info 39 S Excel
@ (b)

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.

1 "Free Downloads"

2 "Support Desktop"

3 "Microsoft.com Search”
4 "windows Family of 0ss"
5 "Products"

6 "Developer workshop"
User3

1 "Developer Workshop"

2 "Microsoft.com Search"
3 "Developer Network"

4 "Windows NT Server”

5 "Products”

6 "Activex Technology Development”

User2

"'Support Desktup"

"knowledge Base"

ternet Site Construction for Developers"
"siteBuilder Network Membership"
"Windows NT Server"

"peveloper workshop"

Userd

"isapi"

"peveloper Network"

"Ms office Development"
"QutLook"

"Activex Technology Development”
"ms office"

==
i

se

"microsoft.com Search"
"windows Family of 0Ss"
"Internet Explorer"

ers

"Microsoft.com Search"
2 "Free Downloads"

3 "Wwindows Family of 0Ss"

4 "Ms office” "windows95 Support”
5 "Internet Site Construction for Developers" "IT Technical Information"
6 "SiteBuilder Network Membership" "MS wWord"

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
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STmiTarity Kernel

™ FP FN TN recision recall F-measure
1 0.71625 0.28375 8.59625 122.4038 0.7162500 0.08123728 0.14592384
2 1.36125 0.63875 7.95125 122.0487 0.6806250 0.15312173 0.25000033|
3 1.93000 1.07000 7.38250 121.6175 0.6433333 0.21703467 0.32457189
4  2.45500 1.54500 6£.85750 121.1425 0.6137500 0.27605252 0.38081986|
5 2.92250 2.07750 ©.39000 120.6100 0.5845000 0.32708059 0.41944422
6 3.35875 2.64125 5.95375 120.0463 0.5597917 0.37523776 0.44930132
7 3.72500 3.27500 5.58750 119.4125 0.5321429 0.41540408 0.46658232
B 4.03250 3.96750 5.28000 118.7200 0.5040625 0.44925480 0.47508316|
9 4.28250 4.71750 5.03000 117.9700 0.4758333 0.47620971 0.47602143
10 4.53125 5.46875 4.78125 117.2188 0.4531250 0.50272330 0.47663734
A1l 4.74625 6.25375 4.56625 116.4338 0.4314773 0.52617791 0.47414523
12 4.93500 7.06500 4.37750 115.6225 0.4112500 0.54679581 0.46943429
13 5.12500 7.87500 4.18750 114.8125 0.3942308 0.56698806 0.46508483
14 5.28375 8.71625 4.02875 113.9713 0.3774107 0.58330117 0.45829371
15 5.40500 9.59500 3.90750 113.0925 0.3603333 0.59592619 0.44910833|

Similarty Jaccard measures

TP FP FN TN recision recall F-measur
1 0.3178392 O0.6821608 1.9912060 122.0088 8.31?83920 0.1830669 0.23232233
|2 0.5314070 1.4685930 1.7776382 121 24 D.26570352 0.2974401 D.2ZBOG7754
3 0.6846734 2.3153266 1.6243719 120.3756 0.22822446 0.3654355 0.28097337
4 0.8128141 3.1871859 1.4962312 119.5038 0.20320352 0.4284085 0.27565693
5 0.9309045 4.0690955 1.3781407 118.6219 0.18618090 0.4801262 0.26831570
& 1.0213568 4.9786432 1.2876884 117.7123 0.17022613 0.5207650 0.25658162
7 1.0992462 5.9007538 1.2097990 116.7902 0.15703518 0.5550132 0.24480527
B 1.1695980 6.8304020 1.1394472 115.8606 0.14619975 0.5822443 0.23371451
9 1.2324121 7.7675879 1.0766332 114.9234 0.13693467 0.6039365 0.22325027
10 1.2776382 8.7223618 1.0314070 113.9686 0.12776382 0.6231155 0.21204903
11 1.3228643 9.6771357 0.9861809 113.0138 0.12026039 0.6395016 0.20244949
12 1.3768844 10.6231156 0.9321608 112.0678 0.11474037 0.6574864 0.19538362
13 1.4208543 11.5791457 0.8881910 111.1118 0.10929648 0.6778671 0.18824166
14 1.4560302 12.5439698 0.8530151 110.1470 0.10400215 0.6908701 0.1B078874
15 1.4874372 13.5125628 0.8216080 109.1784 0.09916248 0.7014221 0.17375992

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.

ROC of Precision-recall

cratinon

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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