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Abstract — Recommender systems form an essential
part of e-business systems. Collaborative filtering (CF), a
widely used technique by recommender systems, performs
poorly for cold start users and is vulnerable to shilling attacks. Therefore, a novel CF using kernel methods for prediction is proposed. The method is called Iterative kernelbased CF (IKCF), for it is an iterative process. First,
mode or mean is used to smooth the unknown ratings;
second, discrete or continuous kernel estimators are used
to generate predicted ratings iteratively and to export the
predicted ratings in the end. The experimental results
on three real-world datasets show that, with IKCF as a
booster, the prediction accuracy of recommenders can be
significantly improved especially for sparse datasets. IKCF
can also achieve high prediction accuracy with a small number of iteration.
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I. Introduction
A tremendous progress of recommender systems has been
witnessed in the past several years, since data in various formats increases explosively on the Web. Recommender systems are changing the way people interact with Web. From
e-commerce sites like Amazon.com to news and information
sites like dig and Slashdot, recommender systems help people choose from diverse products and mess data by providing
a more personalized information access experience[1] . Currently, Collaborative ﬁltering (CF) is the most widely used
technique in recommender systems. Tapestry and GroupLens
are the two earliest CF-based recommender systems for mail
and news respectively[2] . Amazon employs CF algorithm for
book recommendation[3] . Facebook also utilizes CF algorithm
for advertisement recommendation[4] .
In data mining, recommender systems are able to be regarded as the prediction task which is of high importance to
business applications[5] . Predicting the preference of users is
the key step of CF, and CF-based recommenders often utilize
the opinions of its k nearest neighbors (kNN) to identify the

user’s interested content from an overwhelming set of potential choices. kNN-based CF performs poorly for so-called cold
start users who have expressed only a few ratings. Meanwhile,
the recommender systems using kNN-based CF are vulnerable
to shilling attacks. In such attacks, malicious users create biased rating proﬁles to manipulate the recommendation output
of the system[6] .
To solve the inherent problems of kNN-based CF, we propose a novel CF algorithm, called Iterative kernel-based collaborative ﬁltering (IKCF), which predicts the preference of users
based on kernel method. . The kernel method was ﬁrst used
in Support vector machines (SVM), and it has been applied
to many applications such as classiﬁcation, principal component analysis, regression, machine learning and missing value
imputation[7,8] . In IKCF method, the prediction phase is an
iteratively process using the kernel method. First, the missing
ratings are smoothed by mode or mean values. Second, the
predicted values are generated iteratively based on the known
ratings with discrete or continuous kernel functions and the
predicted ratings are given in the end. This iteration process
will stop if certain criterion is satisﬁed. Since the missing ratings are smoothed ﬁrstly, the accuracy of prediction for cold
start users is improved greatly. Moreover, the predicted values are generated iteratively, which will weaken the shilling
attackers. Experimental results also show that the proposed
IKCF leads to higher prediction accuracy than two kinds of
kNN-based CF.
The rest of the paper is structured as follows. Related work
is given in Section II. In Section III, we utilize an illustrative
example to paraphrase the diﬀerence between IKCF and traditional kNN-based CF. Section IV presents the novel IKCF
algorithm. The eﬃciency of the proposed algorithm is illustrated with various kinds of experiments in Section V. Section
VI summarizes the whole paper.

II. Related Work
Existing CF algorithms are able to be categorized into the
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neighborhood-based approach and the latent factor models[9] .
Neighborhood-based CF algorithms contain User-based CF
(UCF) and Item-based CF (ICF), according to whether neighbors are being computed for the users or items. The kNN algorithm is adopted by both UCF and ICF. For example, if UCF
u,j ), it
wants to predict the rating of user u for item j (rating
ﬁrst computes a set of similar neighbors on a user-item matrix N , in which element N (v, i) is the rating of user v for
item i. Many other methods for similarity measures are also
proposed, such as cosine, correctional cosine, and Pearson correlation coeﬃcient (PCC). The predicted rating ratingu,j can
be generated by combining similarity measures of kNN and
their ratings on item j.
Diﬀerent from the above-mentioned kNN-based CF, this
paper utilizes kernel methods for the prediction phase of CF.
Kernel function is widely used to build prediction models, such
as in Refs.[10, 11] and [12]. Kernel function selection is the key
step of applying the kernel method to prediction. Usually, predicted ratings in recommender systems are ordering discrete
values, such as MovieLens, Epinions, Jester Joke, Netﬂix, and
so on. Currently there is not too many open recommendation dataset, in which the values are continuous. However,
for the sake of integrality, a cube model containing ordering, non-ordering discrete and continuous ratings is presented.
Three kinds of kernel functions for dealing with ordering, nonordering discrete and continuous ratings are also proposed in
this paper.

III. An Example
In this section, we utilize an example to demonstrate the
diﬀerence of our approach from traditional kNN-based CF.
Example 1 We construct a 5∗5 User-Movie matrix from
MovieLens datasets. An entry in (u, j) of this matrix represents the rating user u on the j-th movie. The symbol ?
represents the unknown rating.
UID/MID
1
2
13
16
21

1
5
4
3
5
5

2
3
?
?
?
?

3
4
?
?
?
?

4
3
?
5
5
?

5
3
?
1
?
2

If we want to make recommendations for UID-2, we should
predict the ratings UID-2 on MID-2 to MID-5. The kNN-based
CF works as follows. Assume UID-1 and UID-13 are two nearest neighbors of UID-2. The predicted values of (2, 2) and (2,
3) is determined by (1, 2) and (1, 3), because the values of (13,
2) and (13, 3) are unknown. But the predicted values of (2,
4) and (2, 5) are determined by (1, 4), (13, 4) and (1, 5), (13,
5). Since UID-2 only has one rating, any similarity measure
is hard to ﬁnd its real similar neighbors, which decrease the
prediction accuracy.
Diﬀerent from the kNN-based CF, IKCF ﬁlls all unknown
ratings in User-Movie matrix with the mode of that column.
For example, we ﬁll (2, 4) and (21, 4) with 5. Then, ordering
discrete kernel function is employed to update new predicted
ratings based on the predicted ratings in the last iteration.
This process is repeated until certain stopping criterion is sat-
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isﬁed. Details on IKCF are discussed in Section IV.

IV. Algorithm Design
Without loss of generality, a user-item-rating cube R =
(Ru,i,r )n×m×w can be generated, where n, m and w are the
number of dimensions of users, items and ratings, respectively. Assume there are three types of ratings in the cube
R (non-ordering and ordering discrete ratings, and continuous ratings). When the rating r is set, the cube R becomes
a n × m matrix R u,i (r). And there is only one type of values in each matrix Ru,i (r), r = 1, 2, · · · , w. Fig.1 depicts the
user-item-rating cube R and its three kinds of matrixes.

Fig. 1. The user-item-rating cube R

1. Three types of kernel functions
For a certain r, let X(r) be all known values in the matrix Ru,i (r), X u (r) be the u-th (u = 1, 2, · · · , n) row of X (r),
and Y (r) be a n × 1 vector with unknown values remained.
According to the type of values in Ru,i (r), X(r) and Y (r) are
separated into three types: X α (r) and Y α (r) for non-ordering
discrete values; X β (r) and Y β (r) for ordering discrete values;
X γ (r) and Y γ (r) for continuous values. We ﬁrst present three
types of kernel functions, upon which estimators to predict
the unknown ratings are constructed. Non-ordering discrete
values, ordering discrete values and continuous values kernel
functions are deﬁned as follows.
Definition 1 (Non-ordering discrete kernel function)
α
(r) be the i-th (i = 1, 2, · · · , m) component of
Let Xu,i
m
α
α
α
Xu (r) and du,x =
i=1 I(Xu,i (r), Xx,i (r)) denote the number of disagreeing components between any two rows of X α (r),
α
α
(r), Xx,i
(r)) is an indicator function taking value
where I(Xu,i
α
α
1 if Xu,i (r) = Xx,i (r) and 0 otherwise. The non-ordering discrete kernel function is deﬁned as:
Kα,u,x,λ =K(Xuα (r), Xxα (r), λ)
m

α
α
l(Xu,i
(r), Xx,i
(r), λ)
=
i=1

=1m−du,x λdu,x
=λdu,x

(1)

where λ is a smoothing parameter of which the range is in
α
α
α
α
(0,1), and l(Xu,i
(r), Xx,i
(r), λ) = λ if Xu,i
(r) = Xx,i
(r) and 1
otherwise.
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Definition 2 (Ordering discrete kernel function)

β
β
Let δu,x = m
i=1 |Xu,i (r) − Xx,i (r)| denote the L1 -distance
β
between any two rows of X (r). The ordering discrete kernel
function is then deﬁned as:
Kβ,u,x,λ =K(Xuβ (r), Xxβ (r), λ)
m

β
β
λ|Xu,i (r)−Xx,i (r)|
=
i=1

=λδu,x

(2)

Definition 3 (Continuous kernel function)
For any two rows Xuγ (r) and Xxγ (r) in X γ (r), let Krbf =
exp(−Xuγ (r) − Xxγ (r)2 /h2 ) denote the Radial basis function
(RBF) and Kpoly = (< Xuγ (r), Xxγ (r) > +1)b denote the polynomial kernel. The continuous kernel function is the combination of RBF and polynomial kernel:
Kγ,u,x,h = ρKrbf + (1 − ρ)Kpoly

(3)

where b is the degree of the polynomial, h is the width of the
RBF and ρ is the optimal mixed coeﬃcient (0 ≤ ρ ≤ 1).
For the continuous vector, it is diﬃcult to determine the
parameters b, h and ρ a simultaneously due to the exponential
time complexity. However, Jordaan[13] shown experimentally
that only a small proportion of RBF is needed to take the
ability of interpolation into Kγ,u,x,h . Moreover, Zhu et al.[10]
also demonstrated that using higher degrees of polynomials or
larger widths of RBF is not necessary. Therefore, we suggest
set b = 2, h = 0.2, ρ = 0.05 in Eq.(3).
2. Iterative kernel-based collaborative filtering
(IKCF)
IKCF is an iterative process and it assigns all unknown
ratings in Ru,i (r) with the mode or the mean of that column
in the ﬁrst round. Then, three kinds of kernel estimators are
used to obtain the predicted values in the t-th round based
on the values in the previous round. Therefore, the kernel
estimators are the key ingredients of IKCF.
Let the n×1 vector Y (r) be the target vector and Yu (r) be
the u-th component of Y (r). Since Y (r) contains both known
and unknown components, a bool vector δ is used to represent
this diﬀerence. Then, the relationship of X (r) and Y (r) can
be formulated as Eq.(4):
(X(r), Yu (r), δu ),

u = 1, 2, · · · , n

(4)

where δu = 0 when Yu (r) is known, and δu = 1 when Yu (r) is
unknown.
In the t-th round, let Ŷxt (r) denote the predicted value of
the x-th unknown value in the target vector Y (r). Then, the
unknown ratings in the t-th round are predicted with three
kinds of kernel estimators based on the values in the (t − 1)-th
round. The deﬁnitions of three kernel estimators are described
as follows.
Definition 4 (Non-ordering discrete kernel estimator)
Let Dyα = {0, 1, · · · , cu − 1} denote the range of Yuα (r),

α,t−1
(r), y, λ)Kα,u,x,λ be the joint density of
and n−1 n
u=1 l(Yu
α
α
X (r) and Y (r), where l(Yuα,t−1 (r), y, λ) = λ if Yuα,t−1 (r) =
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y and 1 otherwise. The kernel estimator, Ŷxα,t (r), of the xth unknown value in the non-ordering discrete target vector
Y α (r) is deﬁned as:
n 
α,t−1
(r), y, λ)Kα,u,x,λ
α ,y=Y α,t−1 (r) yl(Yu
u=1
y∈Dy
u
α,t
n
Ŷx (r) =
K
α,u,x,λ
u=1
(5)
Definition 5 (Ordering discrete kernel estimator)
Similar to non-ordering discrete kernel estimator, let Dyβ =
{0, 1, · · · , cu − 1} denote the range of Yuβ (r). The kernel estimator, Ŷxβ,t (r), for the ordering discrete target vector Y β (r)
is deﬁned as:
n 
yl(Yuβ,t−1 (r), y, λ)Kβ,u,x,λ
β
β,t−1
u=1
y∈Dy ,y=Yu
(r)
β,t

Ŷx (r) =
n
u=1 Kβ,u,x,λ
(6)
where l(Yuβ,t−1 (r), y, λ) = λ if Yuβ,t−1 (r) = y and 1 otherwise.
Definition 6 (Continuous kernel estimator)
The kernel estimator, Ŷxγ,t (r), for the continuous target
vector Y γ (r) is deﬁned as:

γ,t−1
(r)Kγ,u,x,h
n−1 n
u=1 Yu

(7)
Ŷxγ,t (r) =
n
n−1 u=1 Kγ,u,x,h + n−2
In Eqs.(5), (6) and (7), the value of Yuθ,t−1 (r) (θ = α, β or
γ) is equal to Yuθ (r) if δu = 0 and Ŷuθ,t−1 (r) if δu = 1. That is

Yuθ,t−1 (r) =

Yuθ (r),

if δu = 0

Ŷuθ,t−1 (r),

if δu = 1

where θ = α, β or γ

(8)
Based on the Eqs.(5), (6), (7), the pseudo-code of the IKCF is
shown in Table 1.
Table 1. Pseudo-code of the IKCF
Input: R: the user-item-rating cube
maxIter: the max number of iteration
: the threshold of stopping criterion
Output: Recommendation list for any user
1: if (the type of values in Ru,i (r) is non-ordering
discrete or ordering discrete)
2:
all unknown values are filled with the mode of that column
3: else if (the type of values in Ru,i (r) is continuous)
4:
all unknown values are filled with the mean of that column
5: end of if
//initialization
6: for t ← 1 to maxIter //iteratively predicting the unknown
values
7:
if (the type of values in Ru,i (r) is non-ordering discrete)
8:
compute P̂ Rt by Eq.(5)
9:
else if (the type of values in Ru,i (r) is ordering discrete)
10:
compute P̂ Rt by Eq.(6)
11:
else if (the type of values in Ru,i (r) is continuous)
12:
compute P̂ Rt by Eq.(7)
13:
end of if
14:
if (P̂ Rt − P̂ Rt−1 ∞ < ε)
15:
break
16:
end of if
17: end of for
18: Generate a recommendation list based on the predicted
ratings.

In line 1 to line 5, the unknown ratings in Ru,i (r) are initialized. Line 6 ∼17 are the iterative process of IKCF. After
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unknown ratings in Ru,i (r) are predicted, we can make decisions on recommendation for any user. Generally speaking,
there are two methods for decisions making in recommendation. (1) Select top N target items with higher ratings for
users. This method has to generate recommendation results
even though some items may have low ratings and useless to
the user. (2) Deﬁne a threshold value, and if the rating is
greater than the threshold value, the item is selected. This
method can also produce useful recommendation for the user.
Norm, a concept in mathematics, is employed to be the
convergence condition. A norm is a function that assigns a
strictly positive length to all vectors in a vector space, and
all types of norm are proven to be equivalent[14] . To simplify the calculation, we utilize the inﬁnite norm as the convergence condition. Let P R denote a set of all unknown
values in matrix Ru,i (r), and the |P R| is size of P R. Let
t
P̂ Rt = (P̂ R1t , P̂ R2t , · · · , P̂ R|P
R| ) denote the predicted values
of all unknown ratings in the t-th iteration. The inﬁnite norm
between P̂ Rt and P̂ Rt−1 is then given by Eq.(9).
P̂ Rt − P̂ Rt−1 ∞ =Max(|P̂ R1t − P̂ R1t−1 |, |P̂ R2t − P̂ R2t |, · · · ,
t
t−1
|P̂ R|P
R| − P̂ R|P R| |)

(9)

V. Experiments
This section reports the experimental results of various
versions of CF applied on the real datasets. These results
indicate that the proposed IKCF can achieve superior performances comparing to UCF and ICF on sparse datasets.
1. Experimental design
The proposed IKCF is implemented by C++ program language in Visual Studio environments. Standard UCF and ICF
are also implemented as two fundamental versions of CF. The
experiment system is running on an Intel Core2 2.33 GHz CPU
with 3GB RAM with Windows XP SP3 system.
There are a number of datasets for recommendation,
among which three typical data sets are chosen. Jester Joke
data set released by UC Berkeley contains 4.1 million continuous ratings (−10.00 to +10.00) of 100 jokes from 73,496
users[15] . The MovieLens data set consists of 100,000 ratings
on 1682 movies by 943 users[16] . All the ratings are integer
values between one and ﬁve where one is the lowest (disliked)
and ﬁve is the highest (most liked). Article ratings dataset of
Epinions datasets is utilized where the ratings represent how
much a certain user rates a certain textual article written by
another user[17] . Jester Joke is a dense dataset, and Epinions
dataset is very sparse. The dense degree of MovieLens dataset
is moderate.
Three above-mentioned datasets contain ordering discrete
values. To the author’s knowledge, there is no open recommendation dataset of which the values are continuous. Although we only use the ordering discrete estimator for prediction, the experimental results illustrate the eﬀectiveness of
IKCF. Meanwhile, we utilize Normalized mean absolute error
(NMAE) to measure the error in recommendation:
M AE
,
N M AE = 
( |P R| Pi )/|P R|
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where

M AE =

|P R|

|Pi − P̂i |

|P R|

(10)

NMAE is in [0, 1]. Small value of NMAE indicates a precise
recommendation.
2. Experimental results
The ﬁrst experiment compares NMAE performance of
IKCF, UCF and ICF for all users in three datasets. In IKCF,
we set λ to 0.6 and the number of iterations to 8. As Fig.2
shows, IKCF is more
precise than UCF and
ICF in three datasets,
and especially for the
sparse
dataset
(e.g.
Epinions), NMAE of
IKCF is far lower than
that of UCF and ICF.
It appears that because
the similarity measure
of UCF and ICF cannot
Fig. 2. NMAE Performance comreﬂect the truth for the
parison for all userse
sparse dataset.
The second experiment studies the impact of the number
of iteration of IKCF. We set λ to 0.6 and record the NMAE
of IKCF from the ﬁrst iteration to the tenth iteration. The
variation of NMAE in each round is shown in Fig.3. Combining the results shown in Fig.2 and Fig.3, NMAE of IKCF in
the ﬁrst round is worse than that of UCF and ICF because
the unknown values are predicted by mode in IKCF. From the
second round, the performances of IKCF are better than UCF
and ICF. When the number of iteration reaches 4 to 6, IKCF
performs drastically better than UCF and ICF. However, the
performances of IKCF tend towards stability with the continuing increase of the number of iteration.

Fig. 3. The number of iteration of IKCF on NMAE

The third experiment investigates the impact of the
smoothing parameter λ. We set the number of iterations to 8,
and vary the value of λ from 0.1 to 0.9 and the interval is set to
0.1. Fig.4 shows the NMAE of IKCF for three datasets varies
with the increase of λ. Three curves exhibit similar form. The
three curves hit a trough when the value of λ is intermediate.
From the results shown in Fig.4, it is appropriate that λ be
set between 0.5 to 0.7 in IKCF. If we want to ﬁnd the rigorous
value of λ, the cross-validation approach may be utilized. In
our experiments, we set λ to 0.6 which leads to the satisfactory
performance of IKCF.
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Fig. 4. The impact of λ of IKCF on NMAE

The last experiment ascertains the performance of IKCF
for cold-start users. In Epinions dataset, we consider users
with less than 5 ratings as cold start users the number of which
is 24,000. But in MovieLens dataset, there are 2 users with less
than 10 ratings and more than 100 users with less than 20 ratings among 943 users. So we consider users with less than 20
ratings as cold start users. Since the Jester Joke dataset is too
dense, we do not select cold start users from it. As shown in
Fig.5, the performances of IKCF are signiﬁcantly better than
that of UCF and ICF. In addition, ICF performs better than
UCF because it is diﬃcult to ﬁnd neighborhoods for the cold
start user.

Fig. 5. NMAE Performance Comparison for cold start users

In summary, the proposed IKCF substantially improves
the performance of prediction especially on sparse datasets.
This improvement is achieved by ﬁlling the mode for unknown
ratings in the ﬁrst round and utilizing kernel estimators to
predict unknown ratings iteratively. IKCF clearly outperforms
traditional CF (both user-based and item-based) in terms of
precision. Since cold start users have only a few ratings, the
improvement of NMAE using IKCF compared to UCF and
ICF is much more for cold start users than for all users.

VI. Conclusion
It is observed that several inherent problems including cold
start users and vulnerability to shilling attacks cannot solved
by traditional kNN-based CF. We present IKCF, a novel iterative CF using kernel methods for prediction. The proposed
inﬁnite norm is tested suitable as the stopping criterion. For
the sake of integrality, a cube model including various formats
of ratings is presented. The cube model is the extension of
user-item matrix and is pervasive for any recommender system. Our experiments compare IKCF with UCF and ICF
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on three real-world datasets including Jester Joke, MovieLens
and Epinions. Meanwhile, the impact of the number of iteration and the smoothing parameter λ are investigated. IKCF
can achieve high prediction accuracy with a small number of
iteration, and tend towards stability with the continuing increase of the number of iteration. We also suggest to use the
cross-validation to select the value of λ because carefully determining the intermediate value of λ can improve the prediction accuracy further. Experimental results show that IKCF
performs better than them on sparse datasets. Also, IKCF
can signiﬁcantly improve the prediction accuracy for cold start
users.
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