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Abstract—Reducing the dimensionality of a dataset is an
important and often challenging task. This can be done by either
reducing the number of features, a task called feature selection,
or by reducing the number of patterns, called data reduction. In
this paper we propose methods that employ a novel concept
called Discernibility for achieving these two tasks separately,
with the aim to solve classification problems. The experimental
results verify our claim that the proposed methods are a viable
alternative for dimensionality reduction, for various datasets and
a variety of classifiers.

Index Terms— Dimensionality Reduction, Feature Selection,
Data Reduction, Pattern Recognition, Discernibility

[. INTRODUCTION

HE past five decades have been revolutionary in the way

data acquisition has developed. This facilitated the
accumulation of data, in both resolution (high number of
features) and size (large number of patterns), rendering
today’s databases on the order of terabytes [1]. This gave rise
to a constantly growing need for data reduction as well as the
adoption of an eclectic attitude towards the attributes of
certain datasets (particularly those containing microarray
data). In this article we explore how we can achieve both data
reduction and feature selection using the novel concept of
Discernibility that we have introduced.

According to [2], there are two distinct approaches to Data
Reduction (DR): the general purpose DR and the task-specific
DR. Since in this research we are dealing with classification,
we will focus on the latter approach (which as one would
expect, yields better results for the -classification task).
Contrary to one would expect, the reduced datasets often
exhibit better classification performance (accuracy rate). This
is probably due to the reduction in complexity, which in the
original dataset takes the form of redundant patterns and
useless outliers.

The same reduction in complexity (for datasets with high
number of features) is achieved via feature selection
techniques. Particularly in biomedical sets involving gene
expression data, the dimensionality involved is ultra-high
(thousands of attributes), resulting to a redundancy in features
that often has a negative impact on the classification process.
This type of datasets, also referred to as microarray data, is
also characterised by a limited number of patterns, which

makes generalisation more difficult,
classification process a rather challenging task.

Regarding the reduction of the feature set, a lot of research
has taken place using a variety of methods. The methods used
in the literature were applied mostly for classification with
SVMs [3, 4, 5], although other approaches were also
considered [6 - 11]. As regards the methods themselves,
feature selection has been accomplished using Genetic
Algorithms [3, 6], Locally Linear Embedding (LLE) [4],
Recursive Salient Analysis (RSA) [5], the selection of a
support set [7], a combination of PCA and the UKW
clustering algorithm [8], t-tests [6, 9], Regression Splines
(MARS) [9], Classification and Regression Trees (CART) [9],
Random Forests [9], Linear Genetic Programs (LGP) [9],
Neural Networks as a similarity measure [10], and clustering
analysis [11]. All of the methods of the literature appear to
work well, for one or the other dataset, for SVMs or the other
classifiers used in each particular case. However, the
underlying problem that all of them have is that there is no
particular stopping criterion for the feature selection. The
proposed approach in this paper attempts to overcome this
drawback by introducing a threshold parameter for the feature
selection process.

As regards the reduction of the patterns in a dataset, a lot of
different techniques have been developed over the past few
years. These include Statistical methods (such as Chi-square
[2], Similarity [12] and Aggregation [1]), Geometrical
methods [13], Clustering (both classic [14] and fuzzy [15]),
Autoregressive (AR) techniques [16], PCA [15, 12], Singular
Value Decomposition (which is one of the most popular
methods) [17, 15], Wavelets (DWT) [16], Independent
Component Analysis [12], Fourier Decomposition (DFT [16]
and a variation of FA [18]), SOM [19] and an alternative data
reduction approach (ALEV) [19]. The method proposed in this
paper comes from a different perspective to offer a promising
alternative as it is quite fast and simple to implement.

rendering  the

II. DISCERNIBILITY CONCEPT AND INDEX OF DISCERNIBILITY

A. Concept Description and Calculation
Discernibility is a measure we developed for evaluating

how easily distinguishable the classes of a dataset are. It works
on two levels: the pattern one and the dataset one. In the latter
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case it takes the form of an index, which we call the Index of
Discernibility.

For calculating Discernibility we make use of
(hyper)spheres; this attempt assumes a fixed radius around
each element of the dataset, which corresponds to the average
distance between this and the rest of the elements of that class.
Note that the radius depends on the class structure, so
elements belonging to different classes may have different
radii. Once the radius of an element is established, elements of
the same class as the examined element that belong to its
(hyper)sphere are identified and counted. The discernibility of
that element is calculated by dividing the number of these
elements by the number of total elements in the (hyper)sphere
(see Figure 1).

X2

1
X1

Fig. 1. Graphical representation of the Discernibility concept for three
elements of a simple dataset with only two features, X1 and X2. In this
example, the discernibility of the element in the centre of circle A is ID1 =
2 /2 =1, that of the element in the centre of circle Cis ID2 =1/2 = 0.5,
while that of the element in the centre of circle Bis ID3=0/3 =0.

This concept should not be confused with the discernibility
tables, or the indiscernibility concept, used in Rough Sets ([20,
21]). The latter are completely different both in function and
in field of application.

After having calculated the discernibilities of all the
elements of the dataset we can calculate the Index of
Discernibility (ID). This is defined as the number of elements
having discernibility higher than the threshold ¢4 = 0.5 divided
by the total number of elements. Alike the Discernibility of
single pattern, the Index of Discernibility always takes values
between 0 and 1, and the higher it is, the more distinguishable
the classes of the dataset are.

B. Applications

The Index of Discernibility has a variety of applications. Its
primary use is as an evaluation measure of the “difficulty” of a
dataset (the lower it is, the less distinguishable the classes are,
and therefore the more difficult it is to classify accurately). In
addition, it can be applied for evaluating individual features of
it. This allows it to be used as a part for feature selection
techniques [22], one of which we will describe in section III.
Another application is its use for providing structural
information on the dataset, which can be incorporated in
various classifiers (in [23] we describe how this can be done
for upgrading the kNN classifier). Moreover, by employing
the individual discernibilities of the various patterns of each

class of the dataset, we can perform data reduction (section
IV). Furthermore, the Index of Discernibility can be used in
combination with other metrics for the development of a
Reliability measure.

III. FEATURE SELECTION USING THE ID

The Index of Discernibility can be a useful heuristic for the
development of feature selection methods. This is
accomplished by either applying it to individual features of the
dataset and filtering out the ones that exhibit a value lower
than a given threshold, or to groups of features and finding a
combination of them that maximises its value [22]. Several
such methods have been created by the authors, one of which
is presented below.

The feature selection method called fs3 is a simple
technique which firstly evaluates the na features of a dataset
(P, T) and then selects the ones that have an ID greater than a
given threshold (#4). However, as this is an absolute
parameter, the number of features at the new feature set
greatly depends on the dataset itself. Empirically, a value
ranging from 0.7 to 0.85 is a good choice for the ¢tk parameter.
Values less than 0.7 would result in an excessive number of
features while values greater than 0.85 would limit the
selection of the features to very few features or none in some
cases. Of course, the selection of the #4 parameter is problem-
dependent. To alleviate this problem one can apply the
following rule of thumb: choose # to be equal to the mean or
the median of the Discernibilities of the features of the dataset.
This method’s outputs are the reduced feature set (P2), and a
list of the indices of these features (NFS). Afterwards, using
the NFS array, we can perform the same feature selection (in
practically no time) for the testing set. The operation of the
method is demonstrated in the flowchart of Fig. 2.

Since the computations involved in this method are very
limited and not time-consuming (because merely single
features are evaluated), this method is very fast. This
constitutes its main advantage. Also, if the threshold
parameter is set to a reasonable value, the reduced feature set
yielded is very robust and exhibits good classification
performance. Furthermore, the fact that it has only one
parameter (1) makes it relatively easy to fine-tune to a
specific problem and the low sensitivity of this parameter
allows the resulting feature set (P2) to be more stable in terms
of the quality of the selected features.

Other approaches for feature selection based on
Discernibility employ an N-dimensional evaluation of the
feature sets, which takes into account the correlation of the
selected features. However, such approaches can be very
computationally expensive, especially in cases where there is a
large number of features. Also, the improvement is small and
often insignificant, rendering a not so attractive alternative.



319

( Initialisation, define Dataset, set feature selection threshold [th] > < Initialisation, define Dataset. set data reduction threshold [th] >
/Ohlzlin Input and Target values of dataset; [P] and [T]/ /()blain Input and Target values of dataset: [P] and [T]/

l ]

n = number of elements to be reduced. based on th

Find number of features [na]
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]
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Put feature i and its index in variables [P2] & [NFS] l

Find distance matrix of elements of class i, to other elements

Repeat l
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Show P2 and NFS l
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Add distances of pattern to matrix [DD]

l

Fig. 2. Flow chart of the ID-based feature selection method (fs3). Reveat
epes
|
Fork=(g+l)..n
IV. DISCERNIBILITY-BASED DATA REDUCTION T
Data reduction can be accomplished using the discernibility Fori=1..q
concept by assessing how “easily” distinguishable the various
patterns of a dataset are, and then removing the ones having ]
the highest discernibility, taking into account their distances to Calculate v(i) =DD * Z
the other patterns of their classes. Contrary to the feature I
reduction techniques, in this application of Discernibility it is
unwise to eliminate patterns below a given threshold, since Repeat
there is a strong inter-dependency among all of them, as ]
regards their discernibility status. Therefore, the patterns to be Find maximum of [v]
removed have to be selected carefully; otherwise there is a risk Add index of that patter to [A]. Update [DD].
of distorting the class structure of the dataset (resulting to a
drop in the accuracy rate of the classifiers). An analytical

description of the operation of this method can be seen in the Repeat
flowchart of Fig. 3.

From this flow chart, one can observe that there are two
factors that are taken into account for the data reduction: the

P2 = P without patterns whose indices are in [A]

T2 =T without patterns whose indices are in [A]

patterns’ discernibilities Z and their distances DD to the other

patterns, which are to be discarded. Therefore, a removed l

pattern has to be easy to distinguish (high discernibility) and /()ulpul [P2]. [T2] and [A] /
be relatively far away (distance) from other patterns that will

be removed. This allows the reduction of the patterns to be

“smooth” and balanced.

Fig. 3. Flow chart of the ID-based data reduction method.
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V. EXPERIMENTS, RESULTS AND DISCUSSION

A. Feature Selection Experiments
Experiment Setup

We run two distinct sets of experiments. The first one
involves testing the proposed feature selection schemes in
terms of their dimensionality reduction capabilities, whilst the
second one investigates how five classification algorithms
perform based on the reduced feature sets.

The datasets used in our experiments were: the Diffuse
Large B-Cell Lymphoma (DLBCL), the Colon Tumor (colon),
the Central Nervous System (CNS) and the ALL-AML
Leukaemia (leukaemia) problems. All of them were taken
from [24] and are representative of a class of bioinformatics
applications that employ microarray data. Also, these datasets
are often used in the literature for feature selection [3-11].
Their characteristics are shown in Table 1 (this table also
presents the dimensionality of the reduced feature sets that
will be discussed in the next subsection). The large number of
feature in the original datasets stems from the fact that these
data involve gene expression profiles, which are by nature of
this size. Datasets with dimensionality between 2000 to 4000
features are actually already reduced. Lastly, all of the features
are numeric and continuous.

The classifiers used in our experiments are k Nearest
Neighbour (kKNN) [25], a variations of kNN (V-kNN) [23],
Linear Discriminant Analysis (LDA) [25], the Gravity Model
Classifier [26], and the Fuzzy kNN classifier [27] (we used the
MATLAB implementation of the Fuzzy kNN that was
produced by Emre Akbas in December 20006).

Regarding the experiments, they comprised of 50 runs,
using the leave-one-out method. We used this method of
validation due to the small number of patterns in each dataset
(the largest one had 72 patterns). In addition, this method of
validation is the one more widely used in the literature for
datasets of this type.

TABLE 1
DATASETS CHARACTERISTICS AND SIZES OF REDUCED FEATURE SETS
Dataset No. of Original no. of Features after fs3
Patterns Features
DLBCL 47 4026 45
Colon 62 2000 11
CNS 60 7129 19
Leukaemia 72 7129 112

Results and Discussion

Classification results with the original feature sets are
presented in Table II. Note that for the LDA classifier, there
are no results for the CNS and Leukaemia datasets, as our
system (1.8 GHz processor with 2GB RAM) could not
complete the relevant experiments because of the method’s
high computational demands. As regards the overhead of the
feature selection process, the CPU time ranged from 6 to 23
seconds (depending on the dataset). The classification results

4
TABLE II
FEATURE SELECTION EXPERIMENTAL RESULTS (ORIGINAL FEATURE SET)
Classifier V- Fuzzy LDA GM
Dataset, Ev. Measure kNN kNN kNN C
DLBCL AR. 55.32 48.94 55.32 63.83 51.06
Time 1.01 16.88 0.96 5381.40 1.74
Colon AR. 83.87 79.03 85.48 51.61 64.52
Time 0.89 15.82 0.72 882.40 1.53
CNS A.R. 66.67 63.33 66.67 - 65.00
Time 3.05 76.52 3.19 - 5.71
Leukaemia A.R. 93.06 90.28 93.06 - 65.28
Time 4.68 144.45 4.74 - 8.35
Note: A.R. = Accuracy Rate (%), Time = CPU time in seconds
TABLE III
FEATURE SELECTION EXPERIMENTAL RESULTS (REDUCED FEATURE SET)
Classifier Fuzzy LDA GMC
Dataset, Eval. Measure kNN V-kNN kNN
DLBCL AR. 72.34 68.09 87.32 42.55 72.34
Time 0.06 1.29 0.09 0.20 0.13
Colon AR. 85.48 90.32 90.32 77.42 83.87
Time 0.05 2.29 0.06 0.19 0.25
CNS AR. 71.67 68.33 70.00 56.67 66.67
Time 0.12 2.2 0.14 0.11 0.22
Leukaemia  A.R. 94.44 94.44 94.44 48.61 65.28
Time 0.17 3.55 0.19 0.26 0.34

Note: A.R. = Accuracy Rate (%), Time = CPU time in seconds

for the reduced feature set for the various classifiers can be
seen in Table III.

As it can be observed from Tables II and III the average
CPU time of the classification is reduced. This is very
important, considering that the feature selection itself takes a
not negligible amount of time. Another important point is that
the average accuracy rate is significantly increased in most of
the datasets, for most of the classifiers. This is something
expected, since the original feature set contains a large number
of useless features which not only do not aid the classification,
but for many of the classifiers, they make it more difficult. So,
by eliminating these features we end up with a relatively
“easier” dataset to classify.

B. Data Reduction Experiments
Experiment Setup

For this series of experiments, we tested the data reduction
method with 3 fairly large datasets and applied 4 different
threshold values (1/10, 1/4, 1/3 and 1/2). The experiments
comprised of 30 rounds of 10-fold cross validation. The
datasets used were clouds, which contains 5000, 2-
dimensional patterns [28], and the pendigits (10992, 16-
dimensional patterns) and magic (19020, 11-dimensional)
[29]. We experimented with the classifiers kNN, LDA, C4.5,
Fuzzy kNN [27] and the Gravity Model Classifier (GMC)
[26]. For each classifier we measured the Accuracy Rate
before and after the data reduction, as well as the CPU time
taken for each classification. The data reduction overhead was
measured separately.
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Results and Discussion

The results of the classifications for each one of the three
datasets are shown in Tables IV-VI. The data reduction
overhead ranged from 5 to 60 sec., depending on the dataset. It
is generally higher for large and / or complex datasets (e.g. the
magic dataset).

TABLE IV
RESULTS FOR THE CLOUDS DATASET
Classifier Fuzzy LDA GMC
Reduction, Ev.Measure kNN C4.5 kNN
None AR. 88.19 65.40 86.02 50.00 86.73
Time 0.59 5.10 0.71 <.01 1.64
1/10 AR. 88.21 64.55 86.40 50.00 86.70
Time 0.54 4.40 0.64 <.01 1.48
1/4 AR. 88.24 67.77 86.87 50.00 86.13
Time 0.47 5.17 0.53 <.01 1.24
1/3 AR. 88.13 63.95 87.18 50.00 85.73
Time 0.42 2.90 0.48 <.01 1.10
1/2 AR. 87.93 63.97 87.41 50.00 83.40
Time 0.34 1.96 0.37 <.01 0.84
Note: A.R. = Accuracy Rate (%), Time = CPU time in seconds
TABLE V
RESULTS FOR THE PENDIGITS DATASET
Classifier Fuzzy LDA GMC
Reduction, Ev.Measure kNN C4.5 kNN
None AR. 97.60 79.47 88.02 82.19 81.13
Time 23.88 394.31 24.76 0.09 57.98
1/10 AR. 97.60 34.19 97.74 82.59 85.42
Time 20.62 287.68 21.09 0.04 51.19
1/4 AR. 97.66 46.66 97.66 82.08 87.94
Time 16.43 206.69 16.49 0.03 40.98
1/3 AR. 97.68 39.88 97.63 81.79 86.39
Time 13.53 169.09 13.43 0.03 31.69
1/2 AR. 97.40 37.34 97.37 81.36 73.44
Time 7.47 102.07 7.99 0.03 22.52
Note: A.R. = Accuracy Rate (%), Time = CPU time in seconds
TABLE VI
RESULTS FOR THE MAGIC DATASET
Classifier Fuzzy LDA GMC
Reduction, Ev.Measure kNN C4.5 kNN
None AR. 83.04 81.17 82.91 77.35 67.79
Time 56.72 127.90 59.95 0.04 151.39
1/10 AR. 83.29 81.05 83.09 78.22 67.79
Time 48.88 108.02 52.56 0.04 130.26
1/4 AR. 82.93 79.41 82.67 78.48 68.15
Time 35.43 84.00 38.81 0.03 92.00
1/3 AR. 82.64 79.17 82.36 78.62 68.69
Time 28.58 70.41 30.77 0.02 83.06
1/2 AR. 81.57 77.69 81.52 78.08 69.76
Time 19.19 47.20 21.45 0.01 58.39

Note: A.R. = Accuracy Rate (%), Time = CPU time in seconds

From Tables IV, V and VI, it can be seen that in the
majority of cases, both the Accuracy Rate and the CPU time
are enhanced, for all of the classifiers. Also, in some cases
(e.g. for the GMC classifier in the dataset Magic), the CPU
time is decreased so much that even together with the data
reduction overhead (which in this case is about 1 minute) it is
still faster than with the original dataset for all of the reduction
thresholds.

The reduced dataset is often very similar in appearance (i.e.
it maintains the general structure of the patterns in the feature
space), as it can be seen in Figure 4, for the dataset Clouds.
This is because the patterns to be excluded are chosen in such
a way that they are far apart from each other. Otherwise, if the
Discernibility of each pattern were to be used as the sole
decision rule (instead of the product of Discernibility and
distance), the reduced dataset would not be as robust.
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Fig. 4. Clouds dataset originally (top), with 1/10 reduction (middle) and with
1/3 reduction (bottom). The geometry of the dataset is generally preserved.



319

VI. CONCLUSION

An independent heuristic measure has been discussed for
evaluating how distinguishable the classes of a dataset are.
Among its various applications are methods for dimensionality
reduction, both in terms of features and in term of patterns.
The experiments we carried out illustrate that the methods

developed by the authors

perform well and that the

Discernibility concept can be a robust tool for this type of
work. Future work will include further research into the fine-
tuning of the methods introduced as well as other applications
of the Discernibility concept and its index.
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