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Abstract— Accuracy of predicting the user preference score
is the most important element of collaborative filtering. This
paper proposes novel similarity measures using difference
score entropy of common rating items between two users.
The proposed similarity measures can apply various weights
according to the score difference, to evaluate the similarity.
We implemented a recommender system using the proposed
similarity measures and, experimented on performance with
memory-based collaborative filtering. Based on the
experimental results, the proposed similarity measures
significantly improve the prediction accuracy with respect
to existing similarity measures, and we confirmed that the
proposed measure is robust to sparse data sets.

Index Terms—similarity, collaborative filtering, entropy

1. INTRODUCTION

The amount of information on the Web is increasing
according to the growth of information and
communication infrastructure. As a result, recommender
systems (RSs) for personalization are required. An RS
provides contents or items considering the tastes of
individual users. Among the various RSs, collaborative
filtering (CF) is the process of filtering for information or
patterns using collaborative techniques involving multiple
users [1].

The CF predicts the preference score of a user for
items he/she had not previously evaluated. To predict the
preference score, CF systems use a user-item data set
which is comprised of numerical preference scores with a
fixed range. Data sets for algorithmic experiments have
been provided by many research institutions, Including
the MovieLens data set (GroupLens project team,
Minnesota University), the Jester data set (Berkeley
Laboratory for Automation Engineering) and EachMovie
(HP/Compaq DEC research center)[2], [3], [4]. Each
data set includes its own attributes in their separate forms.
For example, the range of reference scores and the genres
of each movie. Many researchers and laboratories focus
on improving prediction accuracy with such data sets.
According to a survey paper of CF systems, CF can be
divided into two types [1]. They are memory-based and
model-based CFs. The memory-based CF refers to an all
user-items matrix of a data set for predicting preference
scores. It evaluates the similarity between each user or
item, generates nearest neighborhoods, and predicts
preference scores with nearest neighborhoods. The
evaluation of similarity is the most essential step, and the
evaluated similarity is used as a weight for predicting
preference scores and as a measure for generating nearest
neighborhoods [5], [6], [7], [8].
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In this paper, we propose novel similarity measures
using difference score entropy. The proposed measure
evaluates the entropy with the difference of preference
scores of common rating items between two users, and
normalizes it for use as a weight. Because the proposed
similarity measure exploits the advantages of information
entropy, evaluation of the proposed similarity measure is
simple, and it is possible to change the weight according
to score difference of common rating items. Furthermore,
the proposed measure shows better prediction accuracy
than existing similarity measures. The scope of
applications of the proposed similarity measure is vast.
For example, it could be used for finding document or
image similarities.

The remainder of the paper is organized as follows.
We describe various similarity metrics and memory-
based CF systems in Section 2. Then, we explain the
proposed similarity measure using difference score-based
information entropy in Section 3. In Section 4, we present
a variety of experimental results for the proposed
similarity measure, in terms of the mean absolute error
(MAE), number of data sets and each similarity algorithm.
Section 5 concludes the paper.

II. RELATED WORKS

In this section, we explain the prediction process of
memory-based CF and various similarity metrics. The
memory-based CF system considers all records of the
data set for predicting preference scores of test users I(or
recommendation of the target user). Fig. 1 shows the
generic form of the data set for CF
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Figure 1. Form of user-item data set for CF

In Fig. 1, U; indicates the user, |; indicates the item and
Rui i indicates the rating of item |; for user U;. The real-
world generic data set includes several empty ratings. The
major aim in CF is to predict the empty ratings. The
predicted rating is considered in recommending an item.
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Figure 2. Block diagram of memory-based CF.

The prediction process in memory-based CF contains
three steps [5]. They are similarity evaluation, generation
of nearest neighborhoods and score prediction. For
evaluation of the performance, the CF system considers
the mean absolute error (MAE), precision and recall. The
CF performance varies according to the processing
method of each step. Fig. 1 shows a block diagram of a
memory-based CF. paper proposes a novel similarity
measure. To this end, we concentrated on existing
similarity evaluation methods for memory-based CF.

A. Existing Similarity Measures

The most important first step in memory-based CF is
similarity evaluation. The CF system in this step
evaluates the similarity between the target user and other
users for common rating items. The similarity is used as a
weight for predicting the preference score. Various
similarity metrics have been proposed in previous studies.
These are as follows:

Tanimoto coefficient. It is similarity between two sets
[6]. It is a ratio of intersections. Assume that set X is {B,
C,D} and set Y is {C, D, E}. The Tanimoto coefficient T
of two set A and B is 0.5. This metric doesn’t consider the
user rating but the case of a very sparse data set is
efficient. It is represented by equation (1).

XNnY

- (1)
(X +Y)=(X NY)

T(X,Y)

Cosine similarity. The Cosine similarity is known as
the Vector similarity or Cosine coefficient [7]. This
metric assumes that common rating items of two users are
two points in a vector space model, and then calculates
cos© between the two points. It is represented by
Equation (2).
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Figure 3. The cosine angle between two points in vector space.
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Fig. 3 shows cos© between two points, for two
dimensions. Each common rating item is a dimension. It
is well known that the Cosine similarity is very useful for
evaluating document similarity in the field of information
retrieval. But it is compared with other similarity
measures in the CF field.

n
Zi:l Fui Ty 2ii

V- |

cos(U,,U,) = 2

Person’s Correlation. The Pearson Correlation
Coefficient r is calculated by Equation (3). In Equation
(3), Suy is the standard deviation of user U;. The Pearson
Correlation measures the strength of the linear
relationship between two variables [8], [9], [10], [11]. It
is usually signified by r, and has values in the range [-1.0,
1.0]. Where -1.0 is a perfect negative correlation, 0.0 is
no correlation, and 1.0 is a perfect positive correlation.
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Spearman’s Rank Correlation. The Spearman Rank
Correlation also measures the strength of the linear
relationship between two variables [5]. Unlike the
Pearson Correlation, this metric considers rank of scores.
So this similarity measure has more general applicability
than the Pearson Correlation, which isn’t suitable outside
a normalized preference range. Because the range of
preference scores for CF is normalized, the Spearman
Rank Correlation in the CF field shows comparable
performance to the Pearson Correlation. The Spearman
Rank Correlation p is calculated by Equation (4).

6" (rank(r,) —rank(ry,))’
n(n’-1)

(4)

r(UwUz) =

B. Formation of Nearest Neighbor

The second step after the similarity evaluation is
generation of nearest neighborhoods. To improve
performance, many methods have been proposed by CF
researchers. The methods for selecting nearest
neighborhoods include classification using K-means, a
threshold for the number of common rating items and a
graph algorithm. In general, it selects similar users
greater than a given threshold or high rank users [10].

C. Prediction of Preference Score

The last step in memory-based CF is to predict the
preference score of the target user for non-rating items. It
predicts the preference score of non-rating items for the
target user, based on the rating of nearest neighborhoods.
Various methods have been proposed, and we use the
Weighted Mean as most general algorithm [5]. This is
represented by Equation (5). PSyy i is the predicted score
of item i for U; , and NNU; is the nearest neighbor i.
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D. Performance Evaluation

In the CF system, there are two types of measure for
the performance evaluation. The first type is prediction
accuracy, which is evaluated by MAE [8], [9], [10], [11].
This is represented by Equation (6). P; is the real
preference score of item i and g; is the predicted score of
item I.

MAE = 2ia/P: =Gl (©)
n

The second type is recommendation quality, which is
evaluated by precision and recall. The precision is the
percentage of movies classified as higher that are higher,
and recall is the percentage of higher items that were
classified as higher. In addition to this, the F-measure is
also used. The F-measure was proposed as means of
intuitively representing the two measures and
overcoming the inverse proportion of precision and recall
[11]. This is represented by Equation (7). In equation, p
is precision and r is recall.

2rp
r+p

(7
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III. SIMILARITY MEASURES USING DEFERENCE ENTROPY

The proposed similarity measure is based on scores of
common rating items between two users, and is
implemented in the same manner as the existing
similarity metric. To explain the proposed similarity
measure, assume the user-item matrix such as Table 1 in
Section 2. The proposed similarity measure consists of
three steps.

Step 1. It evaluates the difference of common rating
items between two users. Assume a common rating
between Uy = {ryy, Fugi2, Fuis *** Fuiny and Up =
{rugyu, luzi2, fuzi3 *** ruz'm}. The difference score set
D(U,,U,) between user U; and U, is as follows:

D(UI’UZ): {rul,ll —TuoanTuniz = Tu2a2s 5 o
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Step 2. It evaluates the weighted difference information
entropy WDE(U1,U,). When the result is zero, the two
users are perfectly similar. On other hand, if the result is
higher, the two users aren’t similar. For the first time, the
information entropy H(D) of D is given by Equation (8)
[12]. The p(d;) is probability density function (PDF) of
the difference score between the two users.

" 1
H(D)=Y" p(d,)log,(——
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> p(d,)log,p(d,)
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When the information entropy H(D) of D is calculated,
it can be weighted according to each score difference of
common rating items. It can be generalized as follows:

WDEU,,U,)=->"" p(dy)log,pd)x|d;| ()

It is further extended by a weighting parameter, such as
di?, d ... d" or the square root of di. These flexible
weighting methods can result in better results than the
absolute weighting of Equation (10). This extensional
possibility is a major advantage of the proposed similarity
measure.

Step 3. It normalizes WDE(Uy,Uy) to [0, 1]. The reason
this process is needed is that WDE(U,U,) ranges from 0
to infinity. To normalize, we can consider various
functions, such as tanh of SVM, and the sigmoid, Fuzzy
and Gaussian function. This is the other advantage of the
proposed similarity measure. The performance of the CF
system using WDE can be improved according to the
change in the normalization method. Equation (11), (12)
and (13) represents the Guassian, Sigmoid and tanh
function, respectively, where X is the similarity.

G(x)=e "2 (10)

P(x) = (11
1+e7

sinh(x) _e*—e™ _ e -1 (12)

tanh(x) =

cosh(x) e*+e™ e+l
Fig. 4 shows the normalized result using the tanh,
sigmoid, Gaussian function with the proposed similarity

measure.
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Figure 4. Block diagram of memory-based CF.

It is a result for the user ID 1of the MovieLens data set.
Each normalization method shows a similar rank but the
similarity value is different. In Fig. 4, users similar to
user ID 1 are clearly shown according to various
weightings. Sensible users can be applied to generation of
nearest neighborhoods.



We compared the Cosine similarity with the proposed
similarity measure, which was weighted as a square and
normalized as a Gaussian function, as shown in Fig. 5.
The x-axis is the user ID and the y-axis is the similarity.
We confirmed that the Cosine similarity is assembled.
This result for the Cosine similarity shows that similarity
assortment between two users is difficult, and it is
ambiguous. The proposed similarity measure shows
similar users more clearly than the Cosine similarity and
Person Correlation Coefficient.
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Figure 5. Similarity distribution WDE and existing measures

The algorithm of the proposed similarity measurement
is as follows. Because the mechanism is simple, its
application is easy. The proposed similarity measure can
be applied to various fields. For example, it can be used
in comparison between images of the same size, detecting
similar signals, document similarity measurement, and
evaluating the similarity between two variables. In
Section 4, we perform verification via its application to
the CF system.

BEGIN

/I algorithm name: weighted difference entropy
/I author: Hyeong-Joon Kwon(katsyuki@skku.edu)

/I length of co-rating items
constant length;

/I preference array
preference array x[length];
preference array y[length];

/I deference set
difference set D[length];

/I calculation entropy and weighting
for(int i=1;i<sizeof(x);i++)
DI[i] = abs(x[i] - y[i]);

for(int i=1;i<sizeof(D);i++)
WDE += p(d[i])*log(p(d[i]),2)*d[i];

/I return inverse value as result
return normalization(-WDE);

END
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IV. EXPERIMENTAL RESULTS

A. Experimental Conditions

We implemented a user-based CF system (one of the
memory-based CF systems) for our experiment, using C#
(NET framework). The experiment proceeded in a
desktop PC environment consisting of Intel Core 2 Duo
E8400 @3.00GHz and 2GB RAM.

We considered the MovieLens data set (GropuLens
project) to verify the proposed similarity measure [2].
This data set contains 100,000 ratings for 1,682 movies
by 943 users. The rating scale for this data set is from 1 to
5, {1, 2, 3, 4, 5}. The proposed similarity measure was
normalized as a Gaussian function for this experiment.
The reason is that the inverse function is generally used
as a weight in the tanh and sigmoid function. The
Gaussian function doesn’t need an inverse.

We used the KNN method for generation of nearest
neighborhoods. To evaluate the performance of the
proposed similarity measure, we experimented with
various numbers of neighborhoods. Then, we used the
Weighted Mean to predict the preference score, as
explained in Section 2. This is the most generic method
for predicting the score.

B. Performance Evaluation

In this experiment, we randomly extracted 20% of user
ratings from the MovieLens data set, and we predicted
extracted ratings. And then, we measured the change of
MAE according to the number of nearest neighborhoods.
MAE decreases until the number of nearest
neighborhoods reaches the arbitrary point where it starts
to increase.

The Pearson correlation is generally known as one of
the most useful metrics in CF, and the performance of the
Spearman correlation is also known to be comparable [5].
In Fig. 6, WDE using absolute weighting shows that the
improvement of the prediction accuracy was remarkable
for the proposed similarity metric, compared with
existing similarity metrics.
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Figure 6. Experimental result for a given number for neighborhoods

In addition, this was suggested by the difference
entropy according to Equation (10) in Section 3. The
results for the various weighting methods are shown in
Fig. 7. We confirmed that changing the weighting



reduces MAE, as expected. But the weighting using a
square root increases MAE. Although square root
weighting shows bad results, its performance differs
according to the format of the data set. For example, the
MovieLens data set consists of a range [1, 5]. But the
Jester data set is [-10.00, 10.00] and the Book-Crossing
data setis [1, 10].
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Figure 7. Weighting result for a given number for neighborhoods

The problem of a sparse data set is one of the major
issues of CF systems. In case of a data set containing only
a few user ratings, the recommendation quality and
prediction accuracy is reduced. All CF systems suffer
from the sparse data set problem. To evaluate the
performance for a sparse data set, we conducted two
types of experiments reflecting the differing numbers of
ratings available to the recommenders, All But One and
Given 5. In the first type, All But One, we extracted a
single randomly selected rating for each user in the test
set, and tried to predict the given value based on all the
other ratings the user submitted. In the second type Given
5 we randomly selected five ratings from each test user as
observed ratings, and then attempted to predict the
remaining ratings. This is a similar experimental method
to those used in many other studies.
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Figure 8. Experimental result for sparse data set
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Fig. 8 shows the results for the sparse data experiment.
The x-axis is MAE, and the y-axis is the experimental
conditions. In Fig. 7, WDE showed better results than
existing metrics. The MAE in the CF system was
significantly decreased by WDE using various weighting
methods. As shown in the results of this experiment, the
most important point is that the proposed method showed
better performance and prediction accuracy compared to
existing methods.

C. Quality of Recommendation

To evaluate the quality of recommendation, various
characteristics have been considered, such as ROC-4,
precision and recall. The quality of recommendation
varies according to the generation method of the nearest
neighborhood. It is affected by the similarity metric, but
the effect is insignificant. The aim of this experiment was
not improvement of the quality of recommendation; the
proposed method is about the deterioration of the quality
of recommendation. Although the proposed WDE
improves the prediction accuracy, if it lowers the quality
it will not be useful.

TABLEL
EXPERIMENTAL RESULT FOR RECOMMENDATION QUALITY
Similarity Measures Precision Recall F-measure

Tanimoto 0.6764 0.2594 0.3749
Cosine 0.6817 0.2612 0.3776
Pearson 0.7039 0.2687 0.3889
Spearman Rank 0.6951 0.2766 0.3957
Jd 0.6703 0.2744 0.3893

|d| 0.7021 0.2797 0.4000

WDE
d? 0.7102 0.2884 0.4102
d3 0.7098 0.2810 0.4026

To improve the precision and recall, it must consider
the generation of the nearest neighborhood in memory-
based CF, because of factors affecting the
recommendation quality. Based on Table 1, WDE also
improves the quality of recommendation together with
MAE. But this result is merely due to the reduction of
MAE. The aim of this experiment was to investigate the
deterioration of quality, rather than its improvement.

V. CONCLUSIONS

We proposed a novel similarity measure using
weighted difference entropy (WDE) to improve the
performance of the CF system. The proposed similarity
metric evaluates the entropy with a preference score
difference between the common rated items of two users,
and normalizes it based on the Gaussian, tanh and
sigmoid function. We showed significant improvement of
experimental results and environments. These
experiments involved changing the number of nearest
neighborhoods, and we presented experimental results for
two data sets with different characteristics, and results for
the quality of recommendation.
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