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Abstract. Previous recommendation systemshave focused on algorithms tomake
the recommendations based on the individual items. However, in many areas, the
introduction about a cluster of the items based on the general characteristics of the
item is more important than just focusing on the individual items. In this paper,
we have proposed a new approach for the recommendation system, the proposed
method uses the energy distance to group the items with similar properties or char-
acteristics into a cluster, then based on the item clusters to give the most suitable
recommendations for the users. In addition, themethods based on error (MAE_(c))
and accuracy (Precison_(c)-Recall_(c)) are also selected to evaluate the reliability
of the new proposed model on two popular datasets Jester5k andMovieLens100k.
Besides, the proposed model is also compared with two item-based collaborative
filtering models using the Cosine and Pearson measures in “rrecsys” package and
three item-based collaborative filtering models using theMatching, Euclidean and
Karypis measures in “recommenderlab” package. The experimental results have
shown that the proposed model is better than the compared models.

Keywords: Item-based · Energy distance · Clustering recommendation ·
Recommendation system · Item clusters

1 Introduction

A recommendation system [1] is a decision support system that provides recommenda-
tions by predicting user preferences. In addition, a group recommendation system [2,
3, 5] analyzes the interests of the group members and makes a final decision, which
will be accepted by all members. The Energy [4, 16] measures the distance between the
distributions of random vectors. The dimensions of those vectors are not certainly equal.
Energy distance is also widely applied in research [16] such as: testing independence by
distance covariance, goodness-of-fit, generalizations of clustering algorithms, change
point analysis, feature selection, etc.

Previously studied energy-based recommendation systems [3, 4] were mainly
focused on giving the recommendations based on individual items or the user group-
based recommendation system [3]. In many areas, introduction about a cluster of the
items [12] (e.g. movie cluster, home appliances cluster, etc. These clusters are based on
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general characteristics of the item to group), this is more important than just focusing
on the individual items [11]. However, the relationship between the item clusters using
energy distance in the recommendation system has not yet been considered in all these
studies.

In this article, we propose a new recommendation model that considers relationships
among the item clusters using energy distance. This approach is made on the basis of
determining the energy relationship between the item cluster in pairs. In addition, we
used an accuracy-based evaluation method (Precision_(c), Recall_(c)) and using error-
based evaluation methods (MAE_(c) to evaluate the proposed model, and compared
it with two item-based collaborative filtering models using the Cosine and Pearson
measures in “rrecsys” package and three item-based collaborative filtering models using
the Matching, Euclidean and Karypis measures in “recommenderlab” package.

The structure of the article is organized as follows. Section 2 presents related work,
presenting: the clustering recommendation based on the items, the energy approach. Sect
3 shows themethods to be used for evaluating the clustering recommendationmodels (the
accuracy-based evaluation method, the error-based evaluation method). Sect 4 depicts
the proposed model that uses the relationship among the item clusters and the energy
distance. Sect 5 shows the experiment results on the “recommenderlab” and “rrecsys”
package for both the Jester5k datasets and MovieLens100k datasets. Section 6 is the
conclusion.

2 Related Work

2.1 The Clustering Recommendation Based on the Items

The clustering recommendation systems [3, 8, 9] are clustered based on the types of
cluster towhich the system recommends.Clusters can bemainly based on the interactions
among the members of the cluster.

Table 1. Ratings matrix for the item cluster.

Cluster Cluster_members Rating r(ij, uk )

u1 u2 … uk

c1 i1 ? r(ij, uk ) … ?

i2 r(ij, uk ) ? … r(ij, uk )

i3 r(ij, uk ) ? … ?

c2 i4 r(ij, uk ) ? … ?

i5 r(ij, uk ) r(ij, uk ) … r(ij, uk )

i6 r(ij, uk ) r(ij, uk ) … r(ij, uk )

c3 i7 ? ? … ?

i8 r(ij, uk ) ? … ?

i9 r(ij, uk ) ? … ?

cn … … … … …

ij r(ij, uk ) ? … r(ij, uk )
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The clustering is a process used to partition the data into a cluster. The data with the
same characteristics, or the similar properties, they will be grouped into a cluster. The
number of the clusters will be less than the number of individual items of the original
data. The characteristic of the clustering method is to reduce the amount of data to be
compared, to save time for the recommendation. For example, Table 1 presented the
ratings matrix for the item cluster.

2.2 The Energy Approach

Energy distance.
Energy distance [7, 16] is a statistical distance between the observed variables. The
concept is based on the notion of Newton’s gravitational potential energy, which is a
function of the distance between two bodies in a gravitational space. Energy distance
is applied to random vectors, where these random vectors have an unlimited size. Let
I1 = I11, I12, . . . , I1n and I2 = I21, I22, . . . , I2m be independent random vectors in
Euclidean space. The energy distance between I1 and I2 is define as:

εn,m(I1, I2) = 2E|I1 − I2|d − E
∣
∣I1 − I1

′∣∣
d − E

∣
∣I2 − I2

′∣∣
d (1)

In (1), a random variable I1′ (or I2′) represents a copy, which is independent and
distributed like I1 (or I2).

The potential energy (shortly, energy) of the independent random variables I1 and I2
is defined by distance function ε as the follow:

Where:
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Advantages of energy distance include: Energy distance is very easy to compute, it
is consistent and require no distributional assumptions other than finite first moments.

The energy between the clusters.
The energy [6, 16] between the clusters was calculated from the data in the rating matrix
(U x I x R), where each row is a multivariate observation.

Energy distance is used to measure the statistical distance between two clusters, and
to search for the best partition between clusters.

The energy distance between two clusters Ci, Cj of size ni, mj is the energy distance
e(Ci,Cj), defined by:

e
(

Ci,Cj
) = nimj

ni+mj
[2Gij − Gii − Gjj] (5)
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where

Gij = 1

nimj

∑ni

p=1

∑mj

q=1
‖Iip − Ijq‖α (6)

In (5), Ci is the cluster i, Cj is the cluster j; Iip denotes the p-th observation in the i-th
cluster, The exponent alpha should be in the interval (0,2], ‖.‖ denotes Euclidean norm.

2.3 Evaluation Approach for the Clustering Recommendation

To evaluate the clustering recommendation system [13, 14], the accuracy-based eval-
uation method (the precision_(c), recall_(c)), and the error-based evaluation method
(MAE_(c)), both are used.

The accuracy-based evaluation method.
Precision [13] is the fraction of the number of relevant recommended items (true
positives) in relation to the total number of recommended items.

precision_(c) =
∣
∣predictedk(c) ∩ relevant(c)

∣
∣

k
(7)

Recall [13] is the fraction of the number of relevant recommended items in relation
to the number of all relevant items.

recall_(c) =
∣
∣predictedk(c) ∩ relevant(c)

∣
∣

relevant(c)
(8)

where, k is the length of the list of recommended items and c is cluster.
predictedk(c) shows a list of k items recommended to cluster c.
relevant(c) denotes all items relevant for c.

The error-based evaluation method.
The formula of Mean Absolute Error cluster (MAE_(c)) [13] between the clusters is
shown in (5)

MAE_(c) =
∑

r(c,j)∈Rc
∣
∣r(c, j) − r

∧

(c, j)
∣
∣

|Rc| (9)

The rating of cluster c, r (c, j) is calculated in (12).

r(c, j) =
∑

i∈cr(i, j)
|c| (10)

The prediction of cluster g, r
∧

(g, j) is calculated in (13).

r
∧

(c, j) =
∑

i∈cr
∧

(i, j)

|c| (11)

With c is the number of clusters; Rc shows the set of ratings of cluster c collected the
ratings of item; r(c, j) is the real rating of cluster c at the item j; r

∧

(c, j) is the predicted
rating of cluster c at the item j.
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3 The Model of the Item-Based Clustering Recommendation

Figure 1 shows a overview of the item-based clustering recommendation model using
the energy approach. This recommendation model is described as follows:

– Input (U x I x R)

+ U = {u1, u2, . . . , un}, uk ∈ U , k = 1..n, (including n objects).
+ I = {i1, i2, . . . , im}, ij ∈ I , j = 1..m, (including m attributes).
+ The rating matrix R, with each Rui is a value of R:

Rui =
{

rui if the user u rates the item i
∅ if the user u dose not rate the item i

Fig. 1 Item-based clustering recommendation model with energy.

- The energy distance is used to calculate energy between the items and between the
clusters. The formula of energy distance are presented in (1) and (5).

- The clustering recommendation is used to predict the missing ratings of the cluster.
- Output is the list of the item clusters with the highest ratings used to recommend

Top-N items.

4 Item-Based Clustering Recommendation Algorithm

The energy-based clustering recommendation algorithm is presented in follow:
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Algorithm. Energy-based clustering model

Input: The Data Matrix (U x I x R);

Output: Recommending Top-N items;

Begin 
[1]: The energy between an item and an item is calculated in I.

   <Matrix[i][j] = Energy [ ]>;

[2]: The missing rating values of the R matrix is predicted by the knn method using 

the energy calculated in step 1.

[3]: The items are divided into clusters by using the energy distance.

<Clustering_List_C[i][j] = Energy [Clustering _C[i]],[ Clustering _C[j]]>;

[4]: The ratings of the item cluster are predicted based on the average method of clus-

ter

[5]: The predicted ratings of the item cluster are sorted with DESC.

  < Sort (Clustering_List_C[i])>;

[6]: The items are recommended with the highest predicted ratings.

< Print (Top-C[i]>);

End. 

5 Experiment

5.1 Dataset

The data is selected for the experimental results includes two popular sets, that are:
Jester5k dataset [17] and MovieLens Dataset [18]. These two data sets are presented in
Table 2.

Table 2. Ratings matrix for the item cluster.

Name Rating Rating value Date Note

Jester5k
dataset

5000 x 100
(5000 users and
100 jokes)

From -10 to + 10 April 1999 and
May 2003

All chosen users
have rated 36 or
more jokes

MovieLens
Dataset

100,000
(943 users with
1682 movies)

From 1 to 5 Released 4/1998 Each user
constraint rated at
least 20 movies
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5.2 Tool

In the article, the proposed model is built by R language (name EIB - Energy
Items_cluster Based is items based clustering collaborative filtering recommendation
system using energy distance). This model is compared with two models including: PIB
(Pearson Items Based using the Pearson measure) and CIB (Cosine Items Based using
the Cosine measure), the PIB and CIB models are available in the “rrecsys” package
[14].

Besides, the proposed model is also built in “recommenderlab” package [15] with
“energy” package [16] (name IBCF_energy_cluster - Items Based Collaborative Filter-
ing using energy distance to cluster). Compared threemodels including: IBCF_matching
(Item-based collaborative filtering model using matching measure), IBCF_euclidean
(Item-based collaborative filtering model using euclidean measure), IBCF_karypis (
Item-based collaborative filtering model using the karypis measure), these three models
are available in the “recommenderlab” package.

5.3 Scenario 1: Item-Based Clustering by “rrecsys” Package

The experiment result with Jester5k dataset.
This scenario evaluates the error with the MAE_c value of the proposed models EIB

(Energy_cluster Items Based using the energy distance) and PIB (Pearson Items Based
using the Pearson measure) available in the “rrecsys” package on Jester5k dataset with
k nearest items (knn) is 5, 10, 20, 30, 40, 50.

Fig. 2 The MAE_c error value for two models PIB and EIB with Jester5k.



122 T. C. T. Tran et al.

The results in Fig. 2 present: when k nearest items (knn) is 5, 10, 20, 30, 40, 50, the
MAE_c error values of EIB are always lower than the MAE_c error values of PIB.
The experiment result with Movielense dataset.

This experiment result showed the MAE_c error value of the proposed models EIB
(Energy Items_cluster Based), PIB (Pearson ItemsBased) andCIB (Cosine ItemsBased)
(the PIB and CIB models are available in the “rrecsys” package) on Movielense dataset
with k nearest items (knn) is 30, 40, 50, 60.

Fig. 3 The MAE_c error for three models EIB, PIB and CIB with Movielense.

Figure 3 Presents that the MAE_c error values of EIB are always lower than the
MAE_c error values of PIB and CIB, when k nearest items (knn) is 30, 40, 50, 60.

5.4 Scenario 2: Energy-Based Clustering by “Recommenderlab” Package

This scenario presents item_based clustering recommendation system with energy dis-
stance on the Jester5k dataset using two evaluation approach that are the Precision_(c)
and Recall_(c). The proposed model (IBCF_energy_cluster) is built with the item-based
clustering collaborative filtering model using the energy approach. This model is com-
pared with other models such as: IBCF_matching, IBCF_euclidean, IBCF_karypis, with
k nearest items (knn) is 25, 30, 35, 40.
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Fig. 4 Figures for chart of Precision_(c) - Recall_(c) with knn = 25, 30, 35, 40 on Jester5k.

Figure 4 presents the Precision_(c) - Recall_(c) values of four models. In which the
Precision_(c) - Recall_(c) value of the IBCF_energy_cluster model are always higher
than the Precision_(c) - Recall_(c) value of the IBCF_matching, IBCF_euclidean and
IBCF_karypis, when k nearest items (knn) is 25, 30, 35, 40.

The experiment result of Fig. 5 presents the ROC curve of four models. In which the
ROC curve of the IBCF_energy_cluster model are always higher than the ROC curve of
the IBCF_matching, IBCF_euclidean and IBCF_karypis, when k nearest items (knn) is
25, 30, 35, 40.
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Fig. 5 Figures for ROC curve of TPR-FPR with knn = 25, 30, 35, 40 on Jester5k.

6 Conclusion

In this paper, a clustering algorithm is proposed by us in the item-based collaborative fil-
tering recommendation model using a new energy method to predict the missing ratings
of individuals, after predicting the missing ratings of the cluster. Finally, recommend the
most relevant items to the user who needs the recommendation based on the predicted
rating of the item cluster. The proposed item-based clustering recommendation model
was evaluated on both Jester5k and MovieLens by using the MAE_(c) error and the
Precision_(c) - Recall_(c) precision value. In general, the cluster proposed model based
on the energy distance gives a smaller error than the Peasion and Cosine-based compar-
ison model for both datasets in the “rrecsys” package; and the accuracy of the proposed
model is higher than the accuracy of the models using the matching, euclidean, and
karypis measures in the “recommenderlab” package. Therefore, the item-based cluster-
ing recommendation model using the energy distance presents the feasibility of applying
potential energy to cluster in the recommendation problems.
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