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Abstract. The main contribution of the paper is proposing and evaluating,
through the computational experiment, an agent-based population learning algo-
rithm generating a representative training dataset of the required size. The pro-
posed approach is based on the assumption that prototypes are selected from
clusters. Thus, the number of clusters produced has a direct influence on the
size of the reduced dataset. Agents within an A-Team execute various local
search procedures and cooperate to find-out a solution to the instance reduction
problem aiming at obtaining a compact representation of the dataset. Computa-
tional experiment has confirmed that the proposed algorithm is competitive to
other approaches.
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1 Introduction

The paper focuses on data reduction. Data reduction in the supervised machine learn-
ing aims at deciding which instances from the training set should be retained for
further use during the learning process [11]. Data reduction can be achieved through
selecting instances and/or through selecting features.

Data reduction is considered especially useful as a mean to increasing effectiveness
of the learning process when the available datasets are large, such as those encoun-
tered in data mining, text categorization, financial forecasting, mining of multimedia
databases and meteorological, financial, industrial and science repositories, analysing
huge string data like genome sequences, Web documents and log data analysis, min-
ing of photos and videos, or information filtering in E-commerce [5, 11, 17, 20]. Find-
ing a small set of representative instances, also called patterns, prototypes or reference
vectors, for large datasets can result in producing a classification model superior to
one constructed from the whole massive dataset. Besides, such an approach may help
to avoid working on the whole original dataset all the time [21]. It is also obvious that
removing some instances from the training set reduces time and memory complexity
of the learning process [12, 19].

Data reduction is also considered as an important step towards increasing effec-
tiveness of the learning process when the available datasets are large or distributed
and when the access to data is limited and costly from the commercial point of view.
In the distributed data mining (DDM) a simple approach is to move all of the data
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from distributed sites to a central site, merging the data and building a single global
learning model. Unfortunately, moving all data into a centralized location can be very
time consuming, costly, or may not be feasible due to some restrictions [12, 13, 15].

Selecting the relevant data from distributed locations and then moving only the
local patterns can eliminate or reduce the restrictions on a communication bandwidth,
reduce the cost of data shipping, and speed up the distributed learning process [8].
The important distributed data mining problem is to establish a reasonable upper
bound on the size of the dataset needed for an efficient analysis [18].

The paper deals with instance selection. The main contribution of the paper is pro-
posing and evaluating through computational experiment an agent-based population
learning algorithm generating a representative dataset of the required size. The pro-
posed approach is based on the assumption that prototypes are selected from clusters.
Thus, the number of clusters produced has direct influence on the size of the reduced
dataset. The instance selection method proposed in this paper is an extension of the
approach introduced in [6]. In [6] the instance selection was carried in two stages. At
the first stage clusters were generated using the similarity coefficient as the criterion
for the instance selection procedure. The final number of clusters was obtained by
merging the initially generated clusters aiming at minimizing the proximity measures.
The merging was repeated several times to obtain the required data compression rate
and several merging procedure were considered. In the presented approach the initial
clusters are generated in the same way. Next, when the initially generated clusters
does not assure the required data compression rate the clusters are merged under the
learning process executed by the team of agents.

The goal of the paper is to show through computational experiment that the pro-
posed cluster-based instance selection approach assures the required data compression
rate and that it can be competitive to its first version as presented in [6], as well as to
several other data reduction algorithms known from the literature. To validate the
approach, a number of computational experiment runs have been carried out. Per-
formance of the proposed algorithm has been evaluated using several benchmark
datasets from UCI repository [1].

The paper is organized as follows. The agent-based instance selection algorithm
and its features are presented in Section 2. Section 3 provides details on the computa-
tional experiment setup and discusses its results. Finally, the last section contains
conclusions and suggestions for future research.

2 An Approach to the Cluster-based Instance Selection

Since instance selection belongs to the class of computationally difficult combinato-
rial optimization problems [8], to solve its instances it is proposed to apply one of the
population-based metaheuristics known as the population-learning algorithm pro-
posed originally in [10]. In the proposed implementation the optimization and im-
provement procedures are executed by the set of agents cooperating and exchanging
information within an asynchronous team of agents (A-Team).

The section contains an overview of the dedicated agent-based architecture used,
including its main features, and gives a detailed description of the proposed agent-
based population learning algorithms for the cluster-based instance selection.



438 I. Czarnowski and P. Jedrzejowicz

2.1 A-Team Concept

The A-Team architecture has been proposed as a problem-solving paradigm that can
be easily used to design and implement the proposed population learning algorithm
carrying-out the instance reduction tasks. The A-Team concept was originally intro-
duced in [16]. The idea of the A-Team was motivated by several approaches like
blackboard systems and evolutionary algorithms, which have proven to be able to
help successfully solving some difficult combinatorial optimization problems. Within
an A-Team agents achieve an implicit cooperation by sharing a population of solu-
tions to the problem to be solved. Such a population of solutions is an equivalent of
the population of individuals known from the evolutionary algorithms.

In the discussed population-based multi-agent approach multiple agents search for
the best solution using local search heuristics and population based methods. The best
solution is selected from the population of potential solutions which are kept in the
common memory. Specialized agents try to improve solutions from the common
memory by changing values of the decision variables. All agents can work asynchro-
nously and in parallel. During their work agents cooperate to construct, find and im-
prove solutions which are read from the shared common memory. Their interactions
provide for the required adaptation capabilities and for the evolution of the population
of potential solutions.

The main functionality of the agent-based population learning approach includes
organizing and conducting the process of searching for the best solution. It involves a
sequence of the following steps:

- Generation of the initial population of solutions to be stored in the common
memory.

- Activation of optimizing agents which apply solution improvement algorithms
to solutions drawn from the common memory and store them back after the at-
tempted improvement applying some user defined replacement strategy.

- Continuation of the reading-improving-replacing cycle until a stopping crite-
rion is met. Such a criterion can be defined either or both as a predefined num-
ber of iterations or a limiting time period during which optimizing agents do
not manage to improve the current best solution. After computation has been
stopped the best solution achieved so far is accepted as final.

To implement the agent-based population learning algorithm one has to set and define
the following:

- Solution representation format

- Initial population of individuals

- Fitness function

- Improvement procedures

- Replacement strategy implemented for managing the population of individuals.

More information on the population learning algorithm with optimization procedures
implemented as agents within an asynchronous team of agents (A-Team) can be
found in [2]. In [2] also several its implementations are described.
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2.2 Agent-Based Population Learning Algorithm for Instance Selection

This paper proposes an A-Team in which agents execute the improvement procedure
and cooperate in a manner described in the preceding subsection with a view to solve
instances of the data reduction problem. The approach is called ABIS (Agent-Based
Instance Selection).

The basic assumptions behind the proposed agent-based instance selection ap-
proach are following:

- Instances are selected from clusters of instances. Clusters are constructed sepa-
rately from the set of training instances with the identical class label.

- Prototype instances are selected from clusters through the population-based
search carried out by the optimizing agents.

- Clusters are induced in two stages. At the first stage the initial clusters are pro-
duced using the procedure based on the similarity coefficient. The instances
are grouped into clusters according to their similarity coefficient calculated as
in [5]. The clusters induced at the first stage contain instances with identical
similarity coefficient. The main feature of the discussed clustering procedure is
that the number of clusters is determined by the value of the similarity coeffi-
cient (see, for example, [5]). The second stage involves merging of clusters ob-
tained at the initial stage. Clusters are merged through the population-based
search. The merging is carried-out in case when the number of clusters ob-
tained at the first stage does not assure the required data compression rate.
Such case means that the number of clusters obtained at the cluster initializa-
tion stage is greater than the upper bound of the number of clusters set by the
user. Hence, the solution produced using the similarity coefficient only, is not
feasible and must be further improved at the second stage.

- Initially, potential solutions are generated through randomly selecting exactly
one single instance from each of the considered clusters (either merged or not
merged).

- Each solution from the population is evaluated and the value of its fitness is
calculated. The evaluation is carried out by estimating classification accuracy
of the classifier, which is constructed using instances (prototypes) indicated by
the solution as the training dataset.

A feasible solution is represented by two data structures: a string and a binary square
matrix of bits. A string contains numbers (numeric labels) of instances selected as
prototypes. A total length of the string is equal to the number of clusters of potential
reference instances. The following example explains the notation used. Assume that
the number of instances in the original data set is 15, numbered from 1 to 15. Let the
considered string be:

s =1[4,7,12],

thus, the number of clusters of potential reference instances equals 3. Instance number
4 from the training dataset has been selected to represent the first cluster as the refer-
ence vector. Similarly, instance number 7 has been selected as the reference vector for
the second cluster, and instance number 12 as the reference vector for the third one.
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A matrix of bits M = [ml.j 1%, » Where n is the initial number of clusters, denotes

whether or not clusters, induced at the cluster initialization stage, have been merged
with a view to comply with the constraint on the number of reference vector allowed.
The element m;=1, which lies in the i-th row and the j-th column of the matrix M,
denotes that clusters i and j are merged. In addition the discussed matrix has the fol-
lowing properties:

(1) Zij m; =k , where k is the upper bound on the allowed number of clusters

and hence, number of the reference vectors.
2V, Z,m,-j =1.
3) V,

i, j.i=; the element m;; of a matrix M is an artificial “missing value”.

The following example explains the above notation. Let the number of the required
clusters is equal to 3 and the number of clusters induced at the cluster initialization
stage is equal to 6. Thus the 6-by-6 matrix should be considered. Let the considered

matrix be:

- 1000 0

00— 0000

00 -0 10
M =

01 0-200

0000 -0

00000 —]

where m,=1 denotes that the first cluster is merged with the second, m;s=1 denotes
that the third cluster is merged with the fifth, and m,,=1 denotes that the fourth cluster
is merged with the second.

Initially, for each individual in the population of solutions, the corresponding ma-
trix M conforming with properties (1) — (3) is generated randomly. To solve the clus-
ter-based instance selection problem, the following two groups of optimizing agents
carrying out different improvement procedures have been implemented:

- The first group includes the improvement procedures for instance selection as
it was proposed in [4]. These procedures are: the local search with the tabu list
for instance selection and the simple local search. The first procedure - local
search with the tabu list for instance selection, modifies a solution by replacing
a randomly selected reference instance with some other randomly chosen ref-
erence instance thus far not included within the improved solution. The modi-
fication takes place providing the replacement move is not on the tabu list. Af-
ter the modification, the move is placed on the tabu list and remains there for a
given number of iterations. The second procedure - simple local search modi-
fies the current solution either by removing the randomly selected reference in-
stance or by adding some other randomly selected reference instance thus far
not included within the improved solution.
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- The second group consists of the optimizing agents responsible for merging
clusters. Agents execute a simple local search procedure. The procedure modi-
fies the current solution changing the composition of clusters through transfer-
ring a single reference vector from randomly selected merged cluster into an-
other randomly selected cluster in each iteration. The merging procedure is
shown as Algorithm 1.

Algorithm 1. Local search for cluster merging

Input: Mg.g-1,.,mn — Parts of the solution encoded as square
matrices for clusters containing instances belonging to a

single class. The dimensions of each matrix is n;Xn,,

where m - denotes the number of the decision classes and
n,is the initial number of clusters for the class d.

Output: M’g.q-1,..m — the improved solutions encoded as a

matrix.

1. Set d by drawing it at random from {1,2,..,m};

2. Choose randomly two elements from the matrix My
referred to as m;; and my (where 1i,37,9,h=1,..,n4) such
that m;;=1 and mg=0;

3. Replace the values between m;; and mg thus producing
M’4 satisfying conditions (1) and (2);

4. If (M’y is better than My) then goto 6;

If (!terminating condition) then goto 1;

6. Return M’4;

ul

In each of the above cases the modified solution replaces the current one if it is evalu-
ated as a better one using the classification accuracy as the criterion. If, during the
search, an agent successfully improves the solution then it stops and the improved
solution is stored in the common memory. Otherwise, agents stop searching for an
improvement after having completed the prescribed number of iterations.

The proposed A-Team uses a simple replacement strategy. Each optimizing agent
receives a solution drawn at random from the population of solutions (individuals).
The solution returned by optimizing agent is merged with the current population re-
placing the current worst solution.

3 Computational Experiment

To validate the proposed approach it has been decided to carry out the computational
experiment. The experiment aimed at answering the following two basic questions:

— Does the ABIS assure appropriate compression rate?
— Does the ABIS perform better than other data reduction algorithms?

To validate the proposed approach several benchmark classification problems have
been solved. Datasets for each problem including Cleveland heart disease, credit
approval, Wisconsin breast cancer, Ionosphere, Hepatitis, Diabetes and Sonar have been
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obtained from the UCI Machine Learning Repository [1]. Characteristics of these
datasets are shown in Table 1.

Each benchmarking problem has been solved 30 times, and the experiment plan
involved 3 repetitions of the 10-cross-validation scheme. The reported values of the
quality measure have been averaged over all runs. The quality measure in all cases
was the correct classification ratio. In the 10-cross-validation scheme, for each fold,
the training dataset was reduced using the proposed approach.

Table 1. Datasets used in the reported experiment

Number Number The best

Dataset Number of of of classes reported
instances attributes classification

accuracy
Heart 303 13 2 90.0% [7]
Sonar 208 60 2 97.1% [1]
Australian credit (ACredit) 690 15 2 86.9% [1]
German credit (GCredit) 1000 20 2 77.47%][9]
Cancer 699 9 2 97.5% [1]
Ionosphere 351 34 2 94.9% [1]
Hepatitis 155 19 2 87.13%|9]
Diabetes 768 8 2 77.34%][9]

The proposed algorithm has been run three times, with the upper bound on the
number of the selected prototypes set to 1% of the number of instances in the original
dataset, where during the experiment ¢ was equal to 10, 15 and 20, respectively.

During the experiment population size for each investigated A-Team architecture
was set to 20. The process of searching for the best solution has been stopped either
after 100 iterations or earlier in case there has been no improvement of the current
best solution for one minute of computation. Values of these parameters were set
arbitrarily.

The proposed A-Team has been implemented using the middleware environment
called JABAT [2], based on JAVA code and built using JADE (Java Agent Develop-
ment Framework) [3].

Classification accuracy of the classifier obtained using the proposed approach
(i.e. using the set of prototypes, found by selecting instances and removing irrelevant
attributes) has been compared with:

- Results obtained by machine classification without data reduction, i.e. on full,
non-reduced dataset.

- Results obtained using the set of prototypes produced through selection based on
the k-means clustering (In this case at the first stage the k-means clustering has
been implemented and next, from thus obtained clusters, the prototypes have
been selected using the agent-based population learning algorithm as in [10]).

- Results obtained using the first version of the proposed algorithm (in this case
at the second stage the initially generated clusters are merged using the aver-
age linkage cluster merging strategy — ALP [6]).
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Generalization accuracy has been used as the performance criterion. The learning tool
used was the C4.5 algorithm [14]. The experiment results are shown in Table 2. The
ranking of the compared approaches is shown in Fig. 1, where horizontal axis repre-
sents the mean relative difference between the mean accuracies of the best method
and the given method. The above discussed results are averaged over all experiments.
To evaluate the performance of compared algorithms the Friedman’s non-
parametric test has been used. The test aimed at deciding the following hypotheses:

- H, — null hypothesis: instance selection algorithms are statistically equally
effective regardless of the kind of the problem.

- H; — alternative hypothesis: not all instance selection algorithms are equally
effective.

The analysis has been carried out at the significance level of 0.05. The respective

value ¥ ? statistics with 10 algorithms and 8 instances of the considered problems is

32 and the value of Y ? distribution is equal to 16.9 for 9 degree of freedom. Analysis

of the experiment results shows that for the population of the classification accuracy
observations the null hypothesis should be rejected. Thus, not all algorithms are
equally effective regardless of the kind of problem which instances are being solved.
In Fig. 1 average weights for each instance selection algorithm are shown.

Table 2. Accuracy of the classification results (%)

Heart Cancer ACredit Sonar Hep. GCredit Ino. Diab.

C4.5% 77.89 9457 8493 7404  83.87 70.5 9145 73.82
ALP (t=10%) 84.64  96.30 86.66 7832 81.34 7221 8847 783
ALP (t=15%) 87.84 98.20 88.14 76.62 83.84 7404 87.13 76.6
ALP (t=20%) 86.52  97.62 89.20 74.62  84.03 73.1 8946 7721

k-means (=10%) 85.67 94.43 88.99 5434  75.67 68.01 84.54 72.1

k-means (t=15%) 87.67  95.09 90.14 5948 7532 69.8 8332 737

k-means (1=20%) 86.00  96.14 90.29  72.17  76.06 684 8232 74.53

ABIS (r=10%) 84.0 97.30 88.55  80.77 79.6 772 90.59 80.35

ABIS (r=15%) 86.33  98.86 90.69 80.77 84.03 78.1 9145 80.61

ABIS (1=20%) 87.26  97.58 89.56 81.73 82.04 78.7 92.01 80.61
*- non-reduced data set.

From Fig. 1, one can observe that the best results have been obtained by the ABIS
algorithm. The ABIS algorithm assures the required size of the reduced dataset and is
competitive to the earlier version — ALP. The worst result have been produced by the
k-means-based approach. It should be also noted that the cluster-based approach pro-
duced very good results as compared with case when the classifier is induced using
original, non-reduced dataset.

The experiment results also show that the agent-based search is a suitable tool for
solving complex optimization problems including cluster-based instance selection.
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a) b)

algorithm algorithm
ABIS (t=15%) ABIS (t=15%)
ABIS (t=20%) ABIS (t=20%)
ABIS (t=10%) ALP (t=20%)
ALP (t=15%) ALP (t=15%)
ALP (t=20%) ABIS (1=10%)
ALP (t=10%) ALP (t=10%)
C45 C45
k-means (t=20%) k-means (t=20%)
k-means (t=15%) k-means (t=15%)
k-means (t=10%) k-means (t=10%)

0 0.02 0.04 0.06 0.08 0.1 0 2 4 6 8 10
(best method accuracy-accuracy)/best method accuracy average weight

Fig. 1. Ranking of the instance selection algorithms (a) and the average Friedman test
weights (b)

4 Conclusions

The paper proposes an approach to instance selection based on cluster integration.
The main property of the proposed algorithm is that the instances are selected from
clusters, where the number of clusters determines the final size of the reduced dataset.
The instances are selected by agent-based population learning algorithm, which role is
also to produce the appropriate number of clusters.

The main contribution of the paper is proposing and evaluating through computa-
tional experiment a new cluster-based instance selection algorithm. In the reported
computational experiment the proposed algorithm outperformed other cluster-based
algorithms.

Future research will focus on establishing rules for finding an optimal configura-
tion of the A-Team carrying out the data reduction task.
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