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ABSTRACT

Despite the overall success of neighbor-based CF methods, there are some fundamental questions
about neighbor selection and prediction mechanism including arbitrary similarity, over-fitting inter-
polation weights, no trust consideration between neighbours, etc. This paper proposes a simple
method to compute absolute interpolation weights based on similarity values. In order to supple-
ment the method, two schemes are additionally devised for high-quality neighbour selection and
trust metrics based on co-ratings. The former requires that one or more neighbour’s similarity should
be better than a pre-specified level which is higher than the minimum level. The latter gives higher
trust to neighbours that have more co-ratings. Experimental results show that the proposed method
outperforms the pure IBCF by about 8% improvement. Furthermore, it can be easily combined with
other predictors for achieving better prediction quality.

Keywords: Collaborative Filtering, Interpolation Weight, Neighbourhood Selection
1. Introduction

Collaborative filtering (CF) methods based on neighbours are very popular due
to their intuitiveness, absence of the need to train and tune many parameters, and the
ability to easily explain to a user the reasoning behind a recommendation. The basic
idea is to make recommendations based upon ratings that users have assigned to
products. Therefore, it is very important to select the neighbors properly to improve
the prediction quality. There have been many ways to select proper neighbors using

similarity measures such as Pearson’s correlation. Predictions are then made by

* Corresponding author, E- mail: hdkim@hycu.ac.kr

53



54 KIM

weighting the rating values of the selected neighbours.

Despite the overall success of neighbour-based CF methods, there are some fun-
damental questions about neighbour selection and prediction mechanisms including
arbitrary similarity, over-fitting interpolation weights, no trust consideration for
neighbours, and so on (Bell and Koren [3]). Given a set of neighbors, interpolation
weights are computed by dividing respective similarity value by the summation of all
the similarity values. That is, the interpolation weights sum to one. Such a relative
weighting scheme can cause many problems. Assuming that a particular item is pre-
dicted by a subset of the neighbors, it is impossible for the subset to receive all the
weights from the neighbors truly needed. Furthermore, the interpolation weights
may result in over-fitting. Suppose that an item has no useful neighbors rated by a
particular user. In that case, it would be best to ignore the neighborhood information,
staying with the current normalized data. Nevertheless, current CF methods usually
employ a weighted average of ratings for the uninformative neighbors.

In order to overcome the limitations, this paper proposes a simple method to de-
termine absolute interpolation weights whose sum is not one. In order to systemati-
cally support the method, two schemes are additionally devised for high-quality
neighbour selection and trust consideration. The former requires that more than one
neighbour’s similarity should be better than a pre-specified high level. The latter
gives high trust to neighbours that have more co-ratings with the active user or item.

The rest of the paper is organized as follows. Section 2 summarizes related re-
search about neighbour-based CF with introduction to basic notations. Section 3 pro-
poses the simple method and two additional schemes. In Section 4, experimental re-
sults are presented. Finally, Section 5 concludes the paper with future research direc-

tions.

2. Related Research

Recommender systems analyze patterns of user interest in items (products) to pro-
vide personalized recommendations of items that will suit a user’s (customer’s) taste
[1]. Broadly speaking, they use either of two strategies: content-based approach ver-

sus collaborative filtering [3]. The former profiles each customer or product, allowing
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programs to associate customers with matching products. The latter relies on past
customers’ behaviour and does not require the creation of explicit profiles. CF ana-
lyzes relationships between users and interdependencies among items, in order to
identify new user-item associations. CF requires no domain knowledge as well as
avoiding the need for extensive data collection about items and/or users. Furthermore,
CF offers the potential to uncover patterns that would be difficult or impossible to
profile using the former approach.

Various approaches developed in the field can be classified into two general
categories: memory-based CF and model-based CF [4]. Memory-based collaborative
filtering uses a similarity measure between pairs of users to build a prediction, typi-
cally through a weighted average. The chosen similarity measure determines the ac-
curacy of the prediction and numerous alternatives have been studied [7]. Some po-
tential drawbacks of memory-based CF include scalability and sensitivity to data
sparseness. In general, schemes that rely on similarities across users cannot be pre-
computed for fast online queries. Another critical issue is that memory-based
schemes must compute a similarity measure between users. There are also many
model-based approaches to CF [12]. They are based on linear algebra or on Al tech-
niques such as neural networks and clustering. In comparison with memory-based
schemes, model-based CF algorithms are typically faster at query time though they
might have expensive learning or updating phases. Model-based schemes can be
preferable to memory-based schemes when query speed is crucial.

The most common form of memory-based CF is the neighborhood-based ap-
proach [15]. The approach identifies pairs of users or items that tend to be rated by
similarly-minded users with similar histories of rating in order to predict ratings for
unobserved user-item pairs. Methods and schemes of this approach can be classified
into two groups: user-based collaborative filtering (UBCF) and item-based collabora-
tive filtering (IBCF).

Neighbourhood-based CF methods generally include functional components
such as data normalization, neighbor selection, and determination of interpolation
weights. It is customary for the first component to normalize data before activating a
neighbourhood-based method. Usually this is achieved by adjusting for the varying
mean ratings across users and/or items. The second component relates users or items
by various heuristic variants of correlation coefficients, which allow direct inter-

polation from the neighbors’ scores by the third component.
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Since the basic idea of neighbourhood-based CF is to make recommendations
based upon similar items’ or users’ ratings, it is very important to select the neigh-
bours properly to improve the prediction quality. Many similarity measures have
been proposed for neighbourhood-based CF systems. Cosine measure looks at the
angle between two vectors of ratings where a smaller angle is regarded as implying
greater similarity. Equation (1) defines the cosine similarity. Here, s; identifies the
similarity of two items i and j, r.i the value rated by user u about item i. Pearson’s cor-
relation measures the linear correlation between two vectors of ratings as equation (2)
defines. Adjusted cosine similarity is used for some ICBF methods, where the differ-
ence in each user’s rating scale is taken into account as equation (3) shows [16]. Con-
strained Pearson’s correlation is a slightly modified version of Pearson’s correlation,
which allows only the pairs of ratings on the same side to contribute to the correlation
[17]. In equation (4), rmeis the median value of the rating scale to determine whether

the pairs of the ratings are on the same side.
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Note that IBCF methods deliver better quality estimates than UBCF ones, while
allowing more efficient computations [16]. The greater efficiency occurs because the
number of items is significantly lower than the number of users, which allows pre-
computing all item-item similarities for retrieval as needed. In this respect, the rest of
this paper considers mainly from the viewpoint of IBCF.

Assuming consine similarity, for instance, predicted value pui for the rating to be
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made by user u for item i is then computed by equation (5) using the similarity values.
Note that interpolation weights are determined by the relative weights of the simi-

larity values, summing to one.

p = )

In order to remove item- and user-specific biases that may prevent the model
from revealing the more fundamental relationship, some baseline predictors, b, can be
employed as in equation (6). Usually bu: takes the mean rating of item i for equation
(2), the mean rating of user u for equation (3), and the median value 7me for equation

(4), respectively.

p =b +—=—— (6)

Despite the overall success of neighborhood-based CF methods, there have been
a few questions asked if the traditional measures are suitable. The questions result in
other similarity measures such as Spearman rank correlation, entropy-based uncer-
tainty measure, etc. In Spearman rank correlation, similarity is computed using ranks
instead of rating values. The large number of tied rankings results in a degradation of
the prediction accuracy [8]. The measure based on entropy uses conditional probabil-
ity techniques to measure the reduction in entropy of the active user’s ratings that
results from knowing the another user’s ratings [10]. A heuristic similarity measure
based on the minute meanings of co-ratings defines similarity as the multiplication of

three factors: proximity, impact, and popularity [2].

3. Determining Interpolation Weights

This paper proposes a simple method for improving the determination of inter-
polation weights. Given a set of neighbors, each interpolation weight is computed as

the ratio of the similarity value si over the summation of all the similarity values,
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S / Z s . Therefore, the summation of all the interpolation weights for the neigh-
g 7 g

bors of the active item/user is one. Such a relative weighting scheme can cause many
problems. Assuming that a particular item is predicted by a subset of the neighbors, it
is impossible for the subset to receive all the weights truly needed. Each similarity
value between an item and one of its neighbors is computed independently of the
other neighbors. Furthermore, the interpolation weights may result in over-fitting.
Suppose that an item has no useful neighbors rated by a particular user. In that case,
it would be best to ignore the neighborhood information, staying with the current
normalized data. Nevertheless, current neighborhood-based CF methods usually
employ a weighted average of ratings for the uninformative neighbors.

Let’s have an example. Figure 1 shows a simple user-item rating matrix. If one is
to estimate 32, the rating of Item?2 by User 3, he/she needs to calculate similarity val-
ues. Assuming IBCF and cosine similarity, potential neighbors of Item 2 are Iteml,
Item3 and Item4. Similarity values between Item2 and the potential neighbors are s2z=
0.16, s23= 0.23, and s2= 0.13, respectively. If nearest-2 neighbor selection scheme is
applied, iteml and item3 are its neighbors selected. The interpolation weights are
then determined as the relative weights of s21 and s23 compared with the sum of all the
similarity values. That is, interpolation weights for Item1 and Item3 are s21/( s21+ s23) =
0.41 and s23/( s21+ s23) = 0.59. In spite of the low similarity of Item1 and Item3 to Item2,
high interpolation weights are assigned to them. If we apply threshold-based
neighbor selection scheme to this example, e.g. minimum similarity threshold 6= 0.2,
then Item3 is selected as the only neighbor. As a result, the interpolation weight of
Item3 to Item2 is 1.0.

User\ Item Item1 Ttem?2 Item3 Item4 Sum Average
Userl 3 5 2 10 3.3
User2 4 2 4 10 33
User3 4 ? 1 3 8 2.7
User4 5 3 3 5 16 4

Sum 12 12 6 14 44
Average 4 4 2 3.5 3.4

Figure 1. Neighborhood Selection Example
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One solution to the problem is to get the interpolation weights directly, which
are then used as the following equation:

p,=2wr )

yw

One method to determine the interpolation weights is through formulating a

least squares problem:
u%n Z (rm' B pvi )2 =min Z (rm' - z wifrvj )2 (8)
v w v ]

We may solve the problem as a linear equation system of the form Aw =b, which
incurs high cost of computations and retains tight assumptions for preventing A to be
singular [3]. Instead of the complex linear equation system, this paper defines wj as

follows:
wij = aisij/zj sij 9)

That is, the problem is simplified by accepting the relative weights based on

similarity values. The least squares problem is then converted into the following:

min}(r =D asr /z 5,)’ (10)
j j

i v

oi is the only variable to be determined in equation (10). We can get an optimal

estimate of o by the following equation:
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k

In order to prevent over-fitting, basic predictors such as item averages can be
applied to equation (11) as the estimate for each item j, which has not been rated by a
user v who has rated item i. Let’s get back to the example of Figure 1. The interpola-

tion weights of Item 1 and Item3 can be calculated as follows:
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i) The values for rz1 and ri3 are predicted using item averages. p1= 4 and pi = 2,
when we are using item averages as the predictors.

ii) oiis then calculated by the equation (11). Here, o2 = (5+4+4)/{(3+4+5)x0.41+(2+2+3)x
0.59} =13/9.05=1.44.

iii) The absolute interpolation weight wi is then determined by the equation (9). w2=
1.44x0.41 = 0.59 and w2s=1.44x0.59 = 0.85.

iv) The prediction value ps: is finally estimated by 4x0.59+1x0.85 = 3.21. Please com-
pare the estimate with the original one by IBCF, 4x0.41+1x0.59 = 2.23.

The weighting mechanism determines how much can be contributed from the
neighbors’ rating values. However, the interpolation weights cannot be guaranteed to
be small when an item has only weak neighbors. In order to remove this situation,
another requirement is added for neighbor selection: one or more neighbors should
have similarity values better than a specified level called ‘minMax,” regardless of the
nearest-N and minimum threshold schemes.

In applying the method, one important issue is the amount of trust to be placed
in a correlation with a neighbor. It is common for an active user or item to have
highly correlated neighbors that were based on a very small number of co-ratings.
These frequently proved themselves to be terrible predictors for the active user or
item. For example, Herlocker et al. [7] applied a significance weight of n/50, where n
is the number of co-ratings. If there were more than 50 co-ratings, then a significance
weight of 1 was applied. In order to improve this aspect, we define trust as the form
of nij/(ni+f), where nij is the number of co-ratings of users i and j. Similarity values are

then redefined as follows:

rr.
s = Z v (12)
’ \/Z ruizzrujz (ni/ * 'B)

4. EXperimentAL Results

The proposed method has been simulated based on the Netflix dataset [13], a com-

prehensive dataset including more than 100 million movie ratings published by Net-
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flix Inc. A large challenge for prediction is posed by the three characteristics of the
dataset: size, sparseness and non-randomness [3]. The ratings in scale of 1 to 5 were
performed by 480189 users on 17770 movies. Each rating is associated with a date
between mid 1999 and the end of 2005. The size requires more efficient methods in
computing. Even with over 100 million ratings, almost 99% of the potential user-item
pairs have no ratings. Consequently, it is hard to apply machine-learning methods
designed for complete data situations to the data. Furthermore, the statistical pattern
of observed data is very non-random. This fact complicates the challenge to detect
weak signals for users/movies with sufficient samples while avoiding over-fitting
with very few ratings.

For performance evaluation of the mechanism, root mean squared error (RMSE)
and mean absolute error (MAE) are used as the statistical accuracy metrics. RMSE
and MAE are computed by (13) and (14), respectively. In the equations, M is the

number of users and N is the number of items.

(13)

(14)

The experimental results are shown in Table 1. Randomly selected 1% movie rat-
ings for randomly selected 0.01% users are used as test data in each experiment, per-
formed ten times for each parameter setting. IBCF with absolute weighting (AW)
outperforms the pure IBCF by about 8% improvement in MAE with parameter set-
ting: Neighbour Size NS = 100, Minimum Threshold 6 = 0.1 (the statistic value of its
Mann-Whitney test for RMSE is 18.0 (p-value 0.016). However, IBCF with minMax
and IBCF with Trust don’t show fundamental improvement compared with the pure
IBCF. The two schemes cannot affect the selection process because there are enough
similar items that have high-level similarity in the Netflix data. IBCF with AW and
Trust and IBCF with AW, Trust and minMax show only slight improvement over
IBCF with AW due to the same reason.
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Table 1. Experimental Results of IBCF with AW

Methods / Schemes Parameters RMSE MAE
NS=100,6=0.1 1.093 0.857
Pure IBCF
NS =100, 6=0.9 1.100 0.859
NS =100, 6=0.1 0.982 0.780
IBCF with AW NS=100,6=05 0.982 0.780
NS=100,6=09 0.986 0.784
NS =100, 6 =0.1, minMax = 0.5 1.094 0.857
IBCF with minMax
NS =100, 6 =0.7, minMax = 0.9 1.094 0.857
NS=100,06=0.1, B =50 1.068 0.842
IBCF with Trust NS=100,0=0.1, =100 1.064 0.841
NS=100,0=0.7, =200 1.059 0.836
NS=100,0=0.1, =100 0.972 0.777
NS=100,0=0.5, =100 0.981 0.777
IBCF with AW, Trust

NS=100,06=0.7, =100 1.003 0.803
NS=100,06=0.9, =100 1.057 0.945
NS =100, 6 =0.1, minMax = 0.5, $ = 100 0.969 0.773

IBCF with AW,
NS =100, 6 =0.3, minMax = 0.7, $ =100 0.994 0.795

minMax, Trust
NS =100, 6 = 0.5, minMax = 0.9, § =100 1.028 0.829

As a model-based approach, latent factor models seek for the more holistic goal
to uncover latent features that explain the observed ratings. For example, singular
vector decomposition (SVD) associates each user u with a user-factors vector p. and
each movie with a movie-factors vector gi. Predictions are inner products of the form
rui= puTqi. Theoretically, these vectors capture the f-most prominent features of the
data, leaving out less significant patterns in the observed data that might be mere
noise. For sparse data, alternative estimation methods are required in order to deal
with the missing elements and to avoid over-fitting. Regularized SVD is to find ma-
trices pu and gi by solving the following optimization problem, where A > 0 is a regu-

larization parameter [6, 11, 14, 18].

mm{g(z DN WEDNCH —Zpu,{qikf} (15)

Using regularized SVD for CF is to fit a latent factor model to the observed
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ratings rui, such that for the known rating values ru, the corresponding elements pu
and giare close to ru. The regularization term is to restrict the domains of p. and gi in
order to prevent over fitting, so that the resulting model has good generalization per-
formance.

This paper employs the estimates resulted from a regularized SVD model as bui
in equation (6). The residual term (ru-by) is then used for calculating similarity values
and absolute interpolation weights. The experimental results are summarized in Ta-

ble 2, where small improvement is achieved over the regularized SVD.

Table 2. Experimental Results of Combining SVD and IBCF with AW

Methods / Schemes Parameters RMSE MAE
SVD A =0.015 0.926 0.732
SVD and IBCF with AW A =0.015,NS=100, 6=0.1 0.918 0.724

5. Conclusion

This paper has presented an absolute weighting method for neighbourhood-based CF.
The sum of the interpolation weights is not restricted to one. The interpolation
weights of similar items are determined using the rating values of users that have
rated the active item, from the viewpoint of ICBF. Although determination of abso-
lute interpolation weights is based on similarity values, the IBCF with absolute
weighting outperforms the pure IBCF by about 8% improvement in MAE. However,
IBCF with minMax and IBCF with Trust just show a little improvement compared
with the pure IBCF. The reason is that they have few chances to affect the selection
process due to the abundant similar items in the dataset. The method is also applied
to the result of a regularized SVD for removing global effects [5]. The combination
demonstrates its potential.

Future research directs toward two targets: One is how to explicitly account for
complex relationships among neighbours. We need to account for the interactions
among neighbors since each similarity value between an item and one of its nei-
ghbors is computed independently of the other neighbors. The other is how to com-

bine the weighting scheme with other methods for better improvement.
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