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Abstract

In this paper a further generalization of differential evolution based data
classification method is proposed, demonstrated and initially evaluated. The
differential evolution classifier is a nearest prototype vector based classifier
that applies a global optimization algorithm, differential evolution, for de-
termining the optimal values for all free parameters of the classifier model
during the training phase of the classifier. The earlier version of differential
evolution classifier that applied individually optimized distance measure for
each new data set to be classified is generalized here so, that instead of
optimizing a single distance measure for the given data set, we take a fur-
ther step by proposing an approach where distance measures are optimized
individually for each feature of the data set to be classified. In particular,
distance measures for each feature are selected optimally from a predefined
pool of alternative distance measures. The optimal distance measures are
determined by differential evolution algorithm, which is also determining the
optimal values for all free parameters of the selected distance measures in
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parallel. After determining the optimal distance measures for each feature
together with their optimal parameters, we combine all featurewisely deter-
mined distance measures to form a single total distance measure, that is
to be applied for the final classification decisions. The actual classification
process is still based on the nearest prototype vector principle; A sample
belongs to the class represented by the nearest prototype vector when mea-
sured with the above referred optimized total distance measure. During the
training process the differential evolution algorith determines optimally the
class vectors, selects optimal distance metrics for each data feature, and de-
termines the optimal values for the free parameters of each selected distance
measure. Based on experimental results with nine well known classification
benchmark data sets, the proposed approach yield a statistically significant
improvement to the classification accuracy of differential evolution classifier.

Keywords:
Differential evolution, Classification, Distance measures, Distance selection
for the feature, Pool of distances

1. Introduction

Differential evolution algorithm is gaining a fast popularity in classifica-
tion problems. Some include bankruptcy prediction [1], classification rule
discovery [2], feature selection, [3], edge detection in images [4]. Also in
some methods classification techniques are used to improve optimization
with differential evolution algorithm [5]. The global optimization problems
arises in many fields of science, engineering and business [6]. In order to
achieve the best available classification performance, we typically need to
find the best classification model for the current data set to be classified,
and the best opimization algorithm for determining the values of its free pa-
rameters during the training phase. One of the emerged global optimization
methods is the differential evolution (DE) algorithm [7] that belongs evolu-
tionary computation approaches. DE has also been applied in many areas of
pattern recognition, i.e. in remote sensing imagery [8], hybrid evolutionary
learning in pattern recognition systems [9], in neural network based learning
algorithms [10], [11], in clustering [12],[13], [14], [15], [16] and in classifica-
tion [17], [18], [19] to mention few. Here we tackle classification problems
by extending our Differential Evolution (DE) based classifier [20],[21], [22]
further by continuing our generalization on extending it for data featurewise
distance measure optimization. In our earlier work [22] we generalized our
original DE classifier version [20] by extending the optimization to cover



several distances from the pool of distances. The distances in [22] were vec-
tor based distances so that optimal distance found, was always applied to
all features of the particular data set which we were classifying. However,
in classification of data sets, data set is usually in a form where each sample
consists of several measurements, and it is not guaranteed that all the mea-
sured values of a sample obey the same optimal distance measure. It is clear
that the optimal distance measure for one feature may not be optimal for
another feature. This is the underlying motivation for further generalizing
our method so, that instead of optimizing the vector based distance measure
we concentrate on the problem at the feature level and optimize the suit-
able distance for the particular feature. We repeat this process of course for
all the features in the data set and finally get N different optimal distance
measures that are determined individually for each feature of the data set.
Also if any of the determined distance measures include one or more free pa-
rameters, these values needs to be optimized as well. After determining the
optimal distance measures for each feature, to combine the total distance
measure we first normalize the values of individual distance measures, and
then simply calculate the sum of all normalized distance measures.

The classification model parameterization for featurewise distance mea-
sure optimization can be chosen at least in three different ways, in this
paper we also investigate the influence of this choise to the classification
performance.

Examples on such situations where better classification accuracy have
been obtained by applying some other distance measure than the most com-
monly applied euclidean distance have been reported in several articles i.e.
[23], [24], [25], [26], [27], [28], [29], [30], [31], [32],[33]. However, typically
in these types of studies one has simply tested with a few different distance
measure for classifying the data set at hand, and none of them have concen-
trated on distances for individual features, but vector based distances for
the data set. Instead of testing the method separately with few distance
measures, our goal is to concentrate on optimal selection of the distance
measure from a predefined pool of distance measures. The data sets for
demonstrating the proposed approach and for its empirical evaluation were
taken from a UCI-Repository of Machine Learning data set [34] and KEEL
data sets [35]. Classifier was implemented with M AT LABTM _software.



2. Differential evolution based classifier with optimized distances
for the features in the data sets

2.1. Differential Evolution based Classification

The DE algorithm [36], [7] was introduced by Storn and Price in 1995
and it belongs to the family of Evolutionary Algorithms (EAs). The de-
sign principles of DE are simplicity, efficiency, and the use of floating-point
encoding instead of binary numbers for representing internally the solution
candidates for the optimization problem to be solved. As a typical EA, DE
starts with a randomly generated initial population of candidate solutions
for the optimization problem to be solved that is then improved using se-
lection, mutation and crossover operations. Several ways exist to determine
a stopping criterion for EAs but usually a predefined upper limit G4, for
the number of generations to be computed provides an appropriate stop-
ping condition. Other control parameters for DE are the crossover control
parameter CR, the mutation factor F', and the population size NP.

In each generation G, DE goes through each D dimensional decision
vector v; ¢ of the population and creates the corresponding trial vector u; ¢
as follows in the most common DE version, DE/rand/1/bin [37]:

ri,72,73 € {1,2,..., NP}, (randomly selected,
except mutually different and different from ¢)
Jrana = floor (rand;[0,1) - D) + 1
for(j =15 < D;j =j+1)
{
if(rand;[0,1) < CRV j = jrand)
Uji,@ = Vjirs, ¢ + F - (Ujr1,G — Vjira,G)
else
Uji,G = Y54,G
}
In this DE version, NP must be at least four and it remains fixed along CR
and F' during the whole execution of the algorithm. Parameter CR € [0, 1],
which controls the crossover operation, represents the probability that an
element for the trial vector is chosen from a linear combination of three
randomly chosen vectors and not from the old vector v; . The condition
“J = Jrand” 1S to make sure that at least one element is different compared
to the elements of the old vector. The parameter F' is a scaling factor for
mutation and its value is typically (0,14]!. In practice, CR controls the ro-

!Notation means that the upper limit is about 1 but not strictly defined.



tational invariance of the search, and its small value (e.g., 0.1) is practicable
with separable problems while larger values (e.g., 0.9) are for non-separable
problems. The control parameter F' controls the speed and robustness of
the search, i.e., a lower value for F increases the convergence rate but it also
adds the risk of getting stuck into a local optimum. Parameters CR and NP
have the same kind of effect on the convergence rate as F' has.

After the mutation and crossover operations, the trial vector u; ¢ is
compared to the old vector v; . If the trial vector has an equal or bet-
ter objective value, then it replaces the old vector in the next generation.
This can be presented as follows (in this paper minimization of objectives is
assumed) [37]:

vi s = J wic i f(uig) < f(vig)
HG+ v; e otherwise

DE is an elitist method since the best population member is always preserved
and the average objective value of the population will never get worse. As
the objective function, f, to be minimized we applied the number of incor-
rectly classified learning set samples. Each population member, v; ¢, as well
as each new trial solution, u; ¢, contains the class vectors for all classes and
the power value p. In other words, DE is seeking the vector (y(1), ...,y(T), p)
that minimizes the objective function f. After the optimization process the
final solution, defining the optimized classifier, is the best member of the last
generation’s, Gmas, population, the individual v; g,,,.. The best individual
is the one providing the lowest objective function value and therefore the
best classification performance for the learning set. The control parameters
of DE algorithm were set as follows: CR=0.9 and F'=0.5 were applied for all
classification problems. NP was chosen so that it was six times the number
of optimized parameters, NP=6D. The number of generations used was set
t0 Gmaz = 1000. These values are the same as those used by [20], [21].
However, these selections were mainly based on general recommendations
and practical experiences with the usage of DE,(e.g. [20] and [21]) and no
systematic investigations were performed for finding the optimal control pa-
rameter values, therefore further classification performance improvements
by finding better control parameter settings in future are within possibil-
ities. Next into the actual classification. The problem of classification is
basically one of partitioning the feature space into regions, one region for
each category. Ideally, one would like to arrange this partitioning so that
none of the decisions is ever wrong [38]. The objective is to classify a set X
of objects to IV different classes C1, . ..,Cy by their attributes. We suppose



that T is the number of different kinds of attributes that we can measure
from objects. The key idea is to determine for each class the ideal vector y;,

yi = (%, ¥iT) (1)

that represents class i as well as possible. Later on we call these vectors
as class vectors. When these class vectors have been determined we have to
make the decision to which class the sample x belongs to according to some
criteria. This can be done e.g. by computing the distances d; between the
class vectors and the sample which we want to classify. For computing the
distance usual way is to use Minkowsky metric:

T 1/p
dx,y) = | Yz —ylP (2)
j=1

After we have the distances between the samples and class vectors then
we can make our classification decision according to the shortest distance.
for x,y € R™. We decide that x € ), if

d<X, ym) = ,.i.l.’}N d(x’ yz) (3)

Before doing the actual classification, all the parameters for classifier
should be decided. These include

1. The class vectors y; = (y;1,-..,yir) for each classi=1,...,N
2. The power value p in (2).

In this study we used Differential Evolution algorithm [7] to optimize
both the class vectors and p value. For this purpose we split the data into
learning set learn and testing set test. Split was made so that half of the
data was used in learning set and half in testing set. We used data avail-
able in learning set to find the optimal class vectors y; and the data in the
testing set test was applied for assessing the classification performance of
the proposed classifier. In short the procedure for our algorithm is as follows:

1. Divide data into learning set and testing set

2. Create trial vectors to be optimized which consists of classes and pa-
rameter p, U; g

3. Divide ¥; ¢ into class vectors and parameter p.
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4. Compute distance between samples in the learning set and class vectors
5. Classify samples according to their minimum distance by using (3)

6. Compute classification accuracy (accuracy = no. of correctly classified
samples/total number of all samples in learning set)

7. Compute the fitness value for objective function using f = 1—accuracy

8. Create new pool of vectors ¥; g41 for the next population using selec-
tion, mutation and crossover operations of differential evolution algo-
rithm, and goto 3. until stopping criteria is reached. (For example
maximum number of iterations reached or 100% accuracy reached)

9. Divide optimal vector 7; g,,,, into class vectors and parameter p.

10. Repeat steps 4, 5 and 6, but now with optimal class vectors, p param-
eter and samples in the testing set.

That far the proposed method is identical with the one reported earlier
in [20]. The proposed extension to the earlier DE classifier will be described
in detail next.

2.2. Differential Evolution classification with a pool of distances

The idea here is, that instead of using equation (2), a pool of alternative
distance measures is created, and the optimization process by differential
evolution algorithm is then applied for selecting the distance measure op-
timally from this predefined pool. The optimization goal is to select from
the pool the particular distance measure providing the highest classification
accuracy over the current training data set. For constructing a pool of dis-
tance measures, a collection of applicable distance measures can be found
ie. in [39]. By using switch operator pointing the currently selected dis-
tance measure from the pool, and by optimizing its value, the selection of
distance measure can be optimized by DE algorithm for current the data
set at hand. In [22] we studied the choice from a pool of eleven distance
measures.

In order to do this properly several issues needed to be considered. Vector
to be optimized with DE can be divided into subcomponents as follows:

vig) = {{classl,class2 - - - classN '}, {switch}, {parameters}} (4)

where first the class vectors are presented. The next in line is the switch
operator, which is used to select a distance measure from the pool of alter-
nativedistance measures. In DE algorithm (internally) we are optimizing a



real valued number instead of operating directly with integer numbers, so
boundaries for this parameter needs to be selected correspondingly. Here
the boundaries of selected interval are [0.5, 11.499]. For 11 distance mea-
sures in the pool this range is subdivided into 11 equal parts. Then the
transformation from DE algorithm’s internal real value representation to in-
teger representation can be carried out by simple rounding operation to the
nearest integer value. After this the gained integer value is used to point the
corresponding distance function from the pool. The applied handling con-
cept for integer valued parameters is explained in detail in [7]. In addition
to this, some distance measures included into pool may have one or more
free parameters which values needs to be optimized as well. What was done
in [22] was that we created additional parameters vector in which we placed
all related free parameters of different distance measures in.

2.3. Differential Fuvolution extended to optimized distances for the features
in the data sets

Underlying idea here compared to previous one is that instead of apply-
ing distance measures for vectors like in equation (2), we apply elementwise
distance measures like i.e. d(z,y) = |z—y|P and aim to optimize the selection
for proper elementwise distance measures and their possible free parameters.
After this we normalize and aggregate the distance vectors gained by this
way to the produce overall distance value. In order to do this we can again
subdivide the optimization problem into a general vector consisting now the
following components:

via(2) = {{classl,class2,---,classN}, {switchl, ..., switchT}, {parameters}}
(5)
where {classl, class2---classN} are T—dimensional class vectors which
are to be optimized for the current data set, {switch} is now a vector of in-
teger values which for pointing featurewisely the optimal distance measures
from choices d; to dg (assuming that we happen to have defined eight possible
distance measures in our pool of distances). Thereby {switchl,..., switchT}
is T' dimensional vector consisting of integer numbers within [1,8]. The re-
maining component {parameters} is a vector of possible free parameters
of the individual distance measures of the pool. In this case the vector
{parameters} can be created in several different ways and in this paper
we have taken a closer examination of three possible cases of parameter
optimization.



The pool of distances which we used in this paper is presented in equa-
tions (6)-(13).

dy(z,y) = (Je —y[");r1 € [1,00) (6)

dy(z,y) = |& —y|" /maz{|z|, |y[}; 2 € [1,00) (7)
ds(x,y) = & —y|™/ (1 + min{|z|, lyl}) ;73 € [1,00) (3)
da(z,y) = & —yl/ (1 + maz{|z|, ly]}) ; (9)
ds(@,y) = |z — yl/[1+ |2| + lyll; (10)

de(x,y) = |z/[1+ |zl] — y/[1+ |y]]] (11)
dr(z,y) = ra(w —y)*/(z +y);ra € (0,00) (12)
ds(x,y) = |z —yl/ (14|21 + |v]) (13)

As can be observed from equations (6)-(13) some of the distance mea-
sures includes free parameters which needs to be optimized, while some
measures do not include any free parameters. To find suitable value for
them we considered three possible arrangements.

In first one we let our parameter vector equal {parameters = {r1,72,73,74}}
where 71 to r4 are simple real valued elements for which proper value needs
to be found. In this case our vector to be optimized would be

via@) = 1{classl,class2,---,classN}, {switchl, -, switchT},{r1,r2,73,74}}
(14)
This is the simplest and fastest, but also the most restrictive case.
Namely, for example if the optimal distance measure would be the equation
(7) for the first feature of our data set, and also for the third feature, we are
restricted to use the very same parameter value ry for both of these features
(and all other features using the same distance measure). It is likely that
often a better classification accuracy could be reached if parameter value
ro could be optimized individually for all features in which equation (7) is



Algorithm 1 Pseudo code for classification process with optimal parameters
r1,72,73,T4 from DE.

Require: Datall,...,T), classvecl[l, ..., T], classvec2[l, ..., T),...,classvecN|[1,...,T],
switchl, ..., switchT ,parameters={ r1, r1, r1,r4} center=[classvecl; classvec;...classvecN]
for j=1to T do

for : =1to N do
if switch(y) == 1 then
d(:,4,j) = distl(data, repmat(center(i, j), T, 1), 1)
else if switch(j) == 2 then
d(:,4,j) = dist2(data, repmat(center(i, j), T, 1), r2)
else if switch(j) == 3 then
d(:, 4, j) = dist3(data, repmat(center(i, j), T,1),73)
else if switch(j) == 4 then
d(:,1,j) = distd(data, repmat(center(i, j), T, 1))
else if switch(j) == 5 then
d(:,1,7) = distb(data, repmat(center(i, 5), T, 1))
else if switch(j) == 6 then
d(:,1,7) = dist6(data, repmat(center(i, 7),T,1),r4)
else if switch(j) == 7 then
d(:,%,75) = dist7(data, repmat(center(i, j), T, 1))
else
d(:,%,7) = dist8(data, repmat(center(i, j), T, 1))
end if
end for
end for
D = scale(d)
for i =1to T do
dtotal(:v l) = Sum(D(:v ) i)v 2);
end for
for i =1 to length(d¢otqr) do
Class(:v /L) = f’ind(dtotal (ia .7) == min(dtotal (i: )))7
end for

applied as a distance measure. Short pseudo algorithm for this case is given
in Algorithm 1.

Second possible way to choose parameters and to get rid of restriction
from previous case would be to allow parameter vector to be of length T'.
This reserves individual parameter value for each feature in the data set. In
this case the vector to be optimized would be

via@ = {{classl, class2, -, classN}, {switchl,- -, switchT},{p1,p2,--,pT}}
(15)
In this case {parameters} = {p1,---pr} and this would allow i.e. the
case that the optimal distance measure for feature one could be equation
(7) and parameter value for it would be now in p; and if optimal distance
measure for feature three would be also equation (7) then optimal parameter
value for it would be in p3. Pseudo algorithm for this process is in Algorithm
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2.

Algorithm 2 Pseudo code for classification process with optimal parameters
p1,D2, ..., pr from DE.

Require: Datal[l,...,T], classvecl[l,...,T], classvec2[1, ..., T),...,classvecN|[1,...,T],
switchl, ..., switchT, parameters={pi1,p2,...,pr} center=[classvecl; classvec2; ...classvecN]
for j =1to T do

for i =1 to N do
if switch(j) == 1 then
d(:,1,7) = distl(data, repmat(center(i, j),T, 1), p(j))
else if switch(j) == 2 then
d(:,1,7) = dist2(data, repmat(center(i, j),T,1),p(j))
else if switch(j) == 3 then
d(:,i,3) = dist3(data, repmat(center(i, j), T, 1), p(5))
else if switch(j) == 4 then
d(:,%,7) = distd(data, repmat(center(i, j), T, 1))
else if switch(j) == 5 then
d(:,%,7) = dist5(data, repmat(center(i, j), T, 1))
else if switch(j) == 6 then
d(:,4, j) = dist6(data, repmat(center(i, 5), T, 1), p(j))
else if switch(j) == 7 then
d(:,1,j) = dist7(data, repmat(center(i, j), T, 1))
else
d(:,4,j) = dist8(data, repmat(center(,5), T, 1))
end if
end for
end for
D = scale(d)
fori=1to T do
dtotal(:, ’L) = sum(D(:, B i), 2);
end for
for i =1 to length(diotar) do
Class(:’ 7/) = find(dtotal (7:’ .7) == min(dtotal (71, )))7
end for

A problem with this way of selecting the parameters is the inbuild con-
text dependency of the parameter values. When we optimize the distance
measure selection lets say for feature three and it has been in iteration %
distance dy with parameter p3 then if we find a better optimum with lets
say distance dy the optimized parameter ps would be for do and that par-
ticular value may not suite very well in context of distance measure d; and
this fact makes it more difficult to change the distance measure during the
optimization process for the DE algorithm. Simply, the problem is that
the interpretation of the parameter value changes if the distance measure is
changed.

The third possible way, which we decided to test, is to create this param-
eters vector so that we do not restrict the parameter values vectorwise like
in previous case, but we allow each of the four parameters {ry,rs, 73,74} to
be vectors of length T', and this way make it more easier for DE to change

11



the distance measure during the optimization process.

vias) = t{classl, class2, -, classN}, {switchl, ..., switchT},  (16)
{P1,1,P1,2,P1,3, P14, *, PLT, P2.T» P3.T> P4 T} }

Meaning here that i.e. 71 = {p1,1,--+,p1,7}. The purpose of this ar-
rangement is to remove the potentially harmfull context dependency of the
parameter value shown in previous example. Using again our example, it
means that if in iteration 7 optimal distance for feature three would be da
with parameter ps 3 and if in iteration i+ 1 we would find that d; is the best
choice for feature three then its parameter would be p; 3 this way making
this change easier. Pseudo algorithm of this process is given in Algorithm 3.
Advantage of the latest arrangement is, that changing the distance measure
for a feature is easier and should ease the optimization process in finding
globally optimal solution by removing the potentially harmful context de-
pendency of the parameter values. However, on the other hand we are also
increasing the length of the optimized vector considerably and enlarge the
search space, making the optimization problem harder in this sense. Note
here, that despite four distance parameters are optimized for each feature,
only one of them (if any) is actually used each time, just depending on the
current value of the corresponding switch. Thus, otherwise this approach
is enlarging the search space making the optimization problem harder to
solve, but otherwise removing the harmfull context dependency from previ-
ous case should do the opposite. Therefore both performance improvement
and degradation due to latest modification were within possibilities before
computational experimentations.

After the vector v; ¢ is divided in its corresponding parts we can calculate
the distances between the samples and the class vectors and the classification
can be carried out according to the minimum distance. Finally we use label
information from the samples to calculate the misclassification rate which is
to be minimized (our cost function value). The remaining part of the process
is basically following the same procedure as our previous papers from the
subject [20], [22].

3. The test data sets and experimental arrangements

The data sets for experimentation with the proposed approach were
taken from UCI machine learning data repository [34] and KEEL data repos-
itory [35]. The stopping criteria for differential evolution algorithm were
1000 generations (Gpqaz = 1000). Each data set was divided 30 times into
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Algorithm 3 Pseudo code for classification process with each optimal pa-
rameters is extended to cover the length of the feature from DE.

Require: Datall,...,T), classvecl[l, ..., T], classvec2[l, ..., T),...,classvecN|[1,...,T],
switchl, ..., switchT ,parameters ={pl[l,...,T|, p2[1,...,T), p3[,...,T],p4[1,...,T]}
center=[classvecl; classvec; ...classvecN]
for j=1to T do

for i =1to N do
if switch(y) == 1 then
d(:,4,7) = distl(data, repmat(center(i, 5), T, 1), p1(5))
else if switch(j) == 2 then
d(:,4,j) = dist2(data, repmat(center(i, ), T, 1), p2(5))
else if switch(j) == 3 then
d(:,1,j) = dist3(data, repmat(center(i, j), T, 1), p3(5))
else if switch(j) == 4 then
d(:,1,7) = distd(data, repmat(center(i, 5), T, 1))
else if switch(j) == 5 then
d(:,1,7) = distb(data, repmat(center(i, 5), T, 1))
else if switch(j) == 6 then
d(:,1,7) = dist6(data, repmat(center(i, 5), T, 1), p4(5))
else if switch(j) == 7 then
d(:,4,7) = dist7(data, repmat(center(i, ), T, 1))
else
d(:,%,7) = dist8(data, repmat(center(i, j), T, 1))
end if
end for
end for
D = scale(d)
fori=1to T do
dtotal(:v 'L) = Sum(D(:v ) 'L')v 2);
end for
for i =1 to length(diotar) do
Class(:v /L) = find(dtotal (ia .7) == min(dtotal (i: )))7
end for

new random splits of testing sets and learning sets (N = 30). Thereby,
the reported mean accuracies and variances have been computed over 30
independent experiments, each with a new random split of data. The Fun-
damental properties of the data sets are summarized in Table 1 and each
data set is briefly introduced in the following.

Hypothyroid data set:
This data contains results from real medical screening test for the thyroid
problem. The data discriminates between the patients who have normally

functioning thyroid from those who have hypo functioning thyroid. The
data offers a good mixture of 18 nominal and 7 continuous features.
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Echocardiogram data:

In this data set one sample is results from echocardiogram measurements
of one patient who has recently suffered an acute heart attack. Measure-
ments are taken from echocardiograms, which are ultrasound measurements
of the heart itself. The goal of physicians using these measurements is to pre-
dict a patient’s chances of survival. Experimental work is being preformed to
determine if an echocardiogram, in conjunction with other measures, could
be used to predict whether or not a patient would survive for longer than
a certain time period. This data can give means for predicting future heart
attacks in former heart patients.

Horse-colic data:

Predictive attribute here is surgical lesion. In other words the purpose
is to try to determine the existence or non-existence of the surgical (le-
sion)problem. All the instances in this data are either operated upon or
autopsied so that this value and the lesion type are known and main aim is
to find whether the surgical procedure is needed or not. Total of 11 different
attributes were measured for this purpose and number of instances were 368.

Wisconsin Diagnostic Breast Cancer data(WBDC):

This data set is a result of the effort made at the University of Wisconsin
Hospital for the diagnosis of Breast tumors solely based on Fine Needle As-
pirate (FNA)test, this test involves fluid extraction from breast mass using
a small gauge needle and then visual inspection of the fluid under a micro-
scope. The Wisconsin Diagnostic Breast Cancer data sets consists of 569
instances of which 357 are benign and 212 are malignant where each one
represent FNA test measurement for one diagnostic case.

Balance-scale data:

This data set was generated to model psychological experimental results.
Each example is classified as having the balance scale tip to the right, tip to
the left, or be balanced. The attributes are the left weight, the left distance,
the right weight and the right distance. Total of 5 different attributes were
measured for this purpose and number of instances were 625.
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Australian Credit Approval data:

This data set concerns credit card applications. It has 2 classes with 690
instances and 14 number of attributes where by 8 are numerical and 6 are
categorical features.

German Credit data:

Here, the task is to classify customers as good (1) or bad (2), depending
on 20 features about them and their bancary accounts. Number of instances
here was 1000 customers.

Redwine data:

The data sets is related to red variants of the Portuguese ” Vinho Verde”
wine originated from Portugal. This data set has 11 number of classes, 11
features and 1594 number of instances.

Satimage data:

The database consists of the multi-spectral values of pixels in 3x3 neigh-
bourhoods in a satellite image, and the classification associated with the cen-
tral pixel in each neighbourhood. The aim is to predict this classification,
given the multi-spectral values. This data set is seven class classification
problem with 36 attributes and 6435 instances.

[Table 1 about here.]

4. Results from proposed methods and comparison

4.1. Analysis of results for proposed methods

The proposed differential evolution classifier with optimal distance mea-
sures for each feature was tested with data sets Australian Credit Approval,
Balance scale, Echocardiogram, German credit, Horsecolic, Hypothyroid,
Red wine, Satimage and Wisconsin Diagnostic Breast Cancer data set. The
mean classification accuracies were recorded as well as the corresponding
optimal distance measure that was found optimal in each individual experi-
ment. In each case 30 repetitions were performed dividing the data randomly
into learning and testing tests. Basically our cross validation technique here
is two fold cross validation where samples are divided randomly into folds
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30 times and required statistics calculated from there.

As introduced in section 2, we considered three alternative approaches
for determining the optimal values for the free parameters of each distances
measure in the pool to maximize the classification accuracy over the data
set to be classified. The three possibilities on how to define the parameter
vector for optimization purposes were

e Parameters={ry,ro,73,74}.

e Parameters = {p1, po, ..., pr} where T is the length of the feature in
the data set.

o Parameters={ p1 j,p2 j,P3;,Ps,j }where j € [1,2,...,T], which is also
our current choice in this paper selected for comparison with other
classifiers.

[Table 2 about here.]

The Table 2 shows the mean accuracies of the data set from the three
ways of choosing the parameters. Also the 99% confidence intervals are
calculated. The second column shows the mean accuracy for the parameters
{p1,p2,p3,ps }which are fixed for each feature in the data set and the third
column has the mean accuracy for the parameters {p1,pa, ..., pr} whereby
these parameters were extended to cover the length of the feature in the data
set, while the fourth column show each parameter were extended according
to the length of the feature in the data set for the optimized distance.

In Table 2, the mean accuracies for Balance scale, Echocardiogram, and
Horsecolic data set in third choice outperformed other results obtained with
first and second choice. Second choice gave best results with Redwine data
set. The WDBC and Australian data set showed good results with the first
choice of parameters.

A more thorough listing of results from third choice of parameters are
given in Table 3 mean accuracies and variances are given for both testing
set and learning set. In other tables the testing set results are listed and
confidence intervals are calculated using variances.

[Table 3 about here.]
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4.2. Comparison with other Classifiers

In this subsection we analyze the results obtained from experimental
studies in which we are comparing results from the proposed method to
the original DE classifier [20], k- Neural Network(k-NN) classifier and Back
Propagation Neural Network(BPNN) classifier. For the other classifiers we
used freely available toolbox PRtool [40] to calculate the results. With DE
classifier we refer to earlier version where there was no pool of distance in-
volved, but just simply Minkowsky distance was used (see [20]). The results
from these experiments are collected in Table 4. The proposed method gave
good results with the data set Balance scale, German, Horsecolic, Hypothy-
roid and Red wine and outperform other classifiers though for the case of
Hypothyroid data set it can be calculated that the mean accuracy from the
proposed method and DE classifier shows no significance difference. For
k-NN classifier, Echocardiogram and Satimage data sets have performed
very well with the best mean accuracies as compared to other classifiers
while BPNN classifier gave good results in Australian, German and WDBC,
though the mean accuracy of German data set using BPNN classifier showed
no significance difference with BPNN and of the proposed method.

[Table 4 about here.]

5. Conclusions

In this paper we have proposed a further generalization of DE classifier,
where the distance measure optimization is extended to features level. The
experimental results were computed for nine different benchmarking data
sets. In all cases the proposed method provided at least comparable accu-
racy or outperformed the compared classifiers, including the original version
of DE classifier. In particular, the proposed approach statistically signifi-
cantly outperformed the original DE classifier with most of the studied data
sets, while any opposite situations were not observed. Thereby the obtained
results are suggesting, that this generalization is useful and clearly of impor-
tance. Another importance notation is that the similar generalization can
be implemented relatively easily to several other classification methods pro-
vided that a suitable efficient global optimization algorithm like, differential
evolution algorithm, can be applied for solving the related difficult global
optimization problem efficiently.

We examined also the three alternative approaches for handling the free
parameters of distance measures in question. Most restrictive was the case
where a single parameter value was optimized for each distance measure,
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and then applied to all features that the corresponding distance measure
were assigned. This approach can work appropriately in some cases. In our
experiments this appeared to be the best choice for Australian data set and
WDBC data set. The third considered approach was the most general one,
where individual distance measures with independent parameters were opti-
mized for each data feature separately. This allows for DE algorithm highest
freedom for improving the classification accuracy. Downside of this is, that
the number of optimized parameters is growing rapidly with the number of
data features, enlarging the optimization search space considerably. Also
the increased number of free parameters may promote overlearning to some
extend, despite no severe overlearning was not observed in the current ex-
periments. This approach appeared to work well in general, and yielded
the best results i.e. in Balance scale and horsecolic data sets. The second
alternative we considered is a compromise between the other two cases by
being less restrictive than the first case, but also keeping the search space
smaller than the third case. This approach also has its merits as the results
from Redwine data are showing.

An important related issue that requires attention in future is, that at
the moment we are applying simply a sum of featurewise distance measures
to calculate the total distance measure. Here also possibilities to apply a
suitable aggregation method can be considered. This is one of our future
research directions related with the current work.
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Table 1: Properties of the data sets

Name Nb of classes | Nb of attributes | Nb of instances
WDBC 2 32 569
Echocardiogram 2 8 132
Horse-colic 2 11 368
Hypothyroid 2 25 3772
Balance scale 3 5 625
Australian Credit 2 14 690
German Credit 2 20 1000
Satimage 7 36 6435
Redwine 11 11 1596
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Table 2: Mean accuracies for the three choices of parameters

Data T1,72,73, 74 | P1,P2; -, PT | P1,P2.4,P3,5,P4,5
Australian 83.52 +1.40 | 83.30 = 1.66 82.94 +1.65
Balance Scale 90.56 +0.43 | 90.32 4 0.60 91.30 +0.12
Echocardiogram 85.54 F2.85 | 83.95 £ 3.16 86.55 £+ 3.04
German 73.71 £0.71 | 73.30 £ 0.87 73.37 £ 0.86
Horsecolic 69.23 +5.48 | 74.91 +£4.90 83.35 +2.23
Hypothyroid 99.59 £0.49 [ 99.25 £ 0.85 99.57 £ 0.63
Redwine 57.18 £ 0.85 [ 57.50 +0.72 57.11 +0.89
Satimage 80.63 £ 0.45 | 80.58 £ 0.56 80.44 £+ 0.26
WDBC 95.24 +£0.92 | 95.16 == 1.21 93.64 + 1.29
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Table 3: Classification results for the nine data sets using N = 30 and Gpmaqz = 1000.
Mean classification accuracies and variances with parameters={ p1,;, p2,;,3,j,P4,; }where
j€1[1,2,...,T] . TS is referring to test set and LS to the learning set.

Data Mean (TS) | Variance (TS) | Mean (LS) | Variance (LS)

Australian 82.94 10.71 90,38 1.21
Balance scale 91.30 0.075 92.22 0.028
Echocardiogram 86.55 36.44 95.75 3.84
German 73.37 2.95 80.23 0.91
Horsecolic 83.35 24.67 88.59 2.36

Hypothyroid 99.57 1.98 99.98 0.00092
Redwine 57.11 3.15 60.69 0.66
Satimage 80.44 0.27 81.23 0.34
WDBC 93.64 6.54 97.14 0.48
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Table 4: Comparison of the results of the data sets from the proposed method to other

classifiers.

Data, KNN BPNN DE Classifier | Proposed Method
Australian 65.69 + 0.95 85.59 + 0.71 66.78 + 1.37 82.94 + 1.65
Balance Scale 88.06 £0.53 | 87.90 £ 0.67 | 88.66 £ 1.09 91.30 £0.12
Echocardiogram 90.90 +1.56 | 85.46+2.66 | 86.89 + 2.04 86.55 + 3.04
German 70.17 £0.66 | 73.07+£0.85 | 71.18 £0.90 73.37 £ 0.86
Horsecolic 68.53 +1.05 | 80.85+1.97 | 71.76 £ 5.22 83.35 +2.23
Hypothyroid 98.37+£0.03 | 97.29 + 0.06 99.95 + 0.04 99.57 + 0.63
Redwine 51.88 +0.90 | 41.43+10.10 | 56.61 +0.71 57.11 +0.89
Satimage 89.84+0.26 | 38.59+7.50 | 67.37 +0.81 80.44 +0.26
WDBC 92.68 £0.63 | 96.16 £0.59 | 91.78 £ 0.58 93.64 +1.29
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