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Abstract. One of the issues associated with pattern classification using data-
based machine learning systems is the “curse of dimensionality”. In this paper, 
the circle-segments method is proposed as a feature selection method to identify 
important input features before the entire data set is provided for learning with 
machine learning systems. Specifically, four machine learning systems are 
deployed for classification, viz. Multilayer Perceptron (MLP), Support Vector 
Machine (SVM), Fuzzy ARTMAP (FAM), and k-Nearest Neighbour(kNN).  
The integration between the circle-segments method and the machine learning 
systems has been applied to two case studies comprising one benchmark and 
one real data sets. Overall, the results after feature selection using the circle-
segments method demonstrate improvements in performance even with more 
than 50% of the input features eliminated from the original data sets. 

Keywords: Feature selection, circle-segments, data visualization, principal 
component analysis, machine learning techniques. 

1   Introduction 

Data-based machine learning systems have wide applications owing to the capability 
of learning from a set of representative data samples and performance improvements 
when more and more data samples are used for learning. These systems have been 
employed to tackle many modeling, prediction, and classification tasks [1-7].  
However, one of the crucial issues pertaining to pattern classification using data-
based machine learning techniques is the “curse of dimensionality” [2, 6, 8]. This is 
especially true because it is important to identify an optimal set of input features for 
learning, e.g. with the support vector machine (SVM) [9]. The same problem arises in 
other data-based machine learning systems as well.  
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In pattern classification, the main task is to learn and construct an appropriate 
function that is able to assign a set of input features into a finite set of classes. If noisy 
and irrelevant input features are used, the learning process may fail to formulate a 
good decision boundary that has a discriminatory power for data samples of various 
classes. As a result, feature selection has a significant impact on classification 
accuracy [9]. Useful feature selection methods for machine learning systems include 
the principal component analysis (PCA), genetic algorithm (GA), as well as other data 
visualization techniques [1-2, 6, 8-13]. 

Despite the good performance of PCA and GA in feature selection [1-2, 6, 8-9], the 
circle-segments method, which is a data visualization technique, is investigated in this 
paper. Previously, the application of circle-segments is confined to display the history 
of a stock data [14].  In this research, the circle-segments method is used in a different 
way, i.e., it is used to display the possible relationships between the input features and 
output classes. More importantly, the circle-segments method allows the involvement 
of humans (domain users) in the process of data exploration and analysis. Indeed, use 
of the circle-segments method for feature selection not only focuses on the accuracy 
of a classification system, but also the comprehensibility of the system. Here, 
comprehensibility refers to how easily a system can be assessed by humans [5]. In this 
regard, the circle-segment method provides a platform for easy interpretation and 
explanation on the decision made in feature selection by a domain user. The user can 
obtain an overall picture of the input-output relationship of the data set, and interpret 
the possible relationships between the input features and the output classes based on 
additional, possibly intuitive information.  

In this paper, we apply the circle-segments method as a feature selection method 
for pattern classification with four different machine learning systems, i.e., Multilayer 
Perceptron (MLP), Support Vector Machine (SVM), Fuzzy ARTMAP (FAM) and  
k-Nearest Neighbour (kNN). Two case studies (one benchmark and one real data sets) 
are used to evaluate the effectiveness of the proposed approach. For each case study, 
the data set is first divided into a training set and a test set. The circle-segments 
method and PCA are used to select a set of important input features for learning with 
MLP, SVM, FAM, and kNN. The results are compared with those without any feature 
selection methods. 

The organization of this paper is as follows.  Section 2 presents a description of the 
circle-segments method. Section 3 presents the description on the case studies. The 
results are also presented, analyzed, and discussed here. A summary on the research 
findings, contributions, and suggestions for further work is presented in Section 4.  

2   The Circle-Segments Method 

Generally, the circle-segments method comprises three stages, i.e., dividing, ordering, 
and colouring.  In the dividing stage, a circle is divided equally according to the 
number of features/attributes involved.  For example, assume a process consists of 
seven input features and one output feature (which can be of a number of discrete 
classes).  Then, the circle is divided into eight equal segments, with one segment 
representing the output feature, while others representing the seven input features. 
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In the ordering stage, a proper way of sorting the data samples is needed to ensure 
that all the features can be placed into the space of the circle.  Since the focus is on 
the effects of each input feature towards the output, the correlation between the input 
features and the output is used to sort the data sample accordingly. Correlation was 
used as feature selection strategy in classification problems [17-18]. The results had 
shown that the correlation based feature selection was able to determine the 
representative input features, and thus improve the classification accuracy. In this 
paper, correlation is used to sort the priority of the input features involved. The input 
features that have higher influence towards the output are sorted first followed by the 
less influential input features. Correlation is defined in Equation (1). 
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where xi and yi refer to inputs and output features respectively, and n is the number of 
samples. 

For ease of understanding, an example is used to illustrate the ordering stage. 
Assume a data set of n samples. Each sample consists of seven input features, (x1, x2, 
… , x7), and one output feature, y, which represents four discrete classes. The 
combinations of the input-output data can be represented by a matrix, A, with 8 
columns and n rows, as in Table 1. The original values of the input-output data are 
first normalized between 0 and 1. This facilitates mapping of the input features into 
the colour map whereby the colour values are between 0 and 1. The correlation of 
each input (x1, x2, … , x7) towards the output is denoted as rx1, rx2, … , rx7. 

Table 1. The n samples of input-output data 

 1st column (Output) 2nd column 3rd column …  8th column 

 y x1 x2 …  x7 
Sample 1 Output class x11 x12 …  x17 
Sample 2 Output class x21 x22 …  x27 

      
Sample n Output class xn1 xn2 …  xn7 

 
Assume the magnitudes of the correlation are as described in Equation (2), 

 721: xxx rrrR >>> …  (2) 

then, matrix A is sorted based on the output column (1st column).  When the output 
values are equal, the rows of matrix A are further sorted based on the column order 
specified in the vector column, Q that has the highest magnitude of correlation in an 
ascending order, as shown in Equation (3). 

 ],,,[ 721 xxx CCCQ …=  (3) 

where xiC  refers to the column order for feature i. 

Based on this example, the rows of matrix A are first sorted by the output column 
(1st column).  When the output values are equal, the rows of A are further sorted by 
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column x2. When the elements in the values of x2 are equal, the rows are further sorted 
by column x3, and so on according to the column order specified in Q. 

After the ordering stage, matrix A has a new order.  The first row of data in matrix 
A is located at the centre of the circle, while the last row of the data is located at the 
outside of the circle, as shown in Figure 1.  The remaining data in between these two 
rows are put into the circle-segments based on their row order. 

In the colouring stage, colour values are used to encode the relevance of each data 
value to the original value based on a colour map.  This relevance measure is in the 
range of 0 to 1.  Based on the colour map located at the right side of Figure 1, the 
colours that have the highest and lowest values are represented by dark red and dark 
blue, respectively.  With the help of the pseudo-colour approach, the data samples 
within each segment are linearly transformed into colours.  Therefore, a combination 
of colours along the perimeter represents a combination of the input-output data.  
 

 
 

 

 

 

 

Fig. 1. Circle-segments with 7 input features and 1 output feature 

3   Experiments 

3.1   Data Sets 

Two data sets are used to evaluate the effectiveness of the circle-segments methods 
for feature selection. The first is the Iris data set obtained from the UCI Machine 
Learning Repository [15]. The data set has 150 samples, with 4 input features (sepal 
length, sepal width, petal length, and petal width) and 3 output classes (Iris Setosa, 
Iris Versicolour and Iris Virginica).  There are 50 samples in each output class. 

The second is a real medical data set of suspected acute stroke patients. The input 
features comprise patients’ medical history, physical examination, laboratory test 
results, etc. The task is to predict the Rankin Scale category of patients upon 
discharge, either class 1-Rankin scale between 0 and 1 (141 samples) or class  
2-Rankin scale between 2 and 6 (521 samples).  After consultation with medical 
experts, a total of 18 input features, denoted as V1, V2, ..., V18, were selected. 
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3.2   Iris Classification 

Figure 2 shows the circle-segments of the input-output data for the Iris data set.  The 
circle-segments display for the three-class problem demonstrates the discrimination of 
the input features towards classification.  Note that Iris Setosa, Iris Versicolour, and 
Iris Virginica are represented by dark blue, green and dark red respectively. 

Observing the projection of the Iris data into the circle-segments, the segments for 
petal length and petal width show significant colour changes as they propagate from 
the centre (blue) to the perimeter of the circle (red). By comparing these segments 
with segment Class, it is clear that petal width and petal length have a strong 
discriminatory power that could segregate the classes well.  The discriminatory power 
of the other two segments is not as obvious, owing to colour overlapping and, thus, 
there is no clear progression of colour changes from blue to red.  Based on segment 
Sepal Width, both Iris Versicolour (green) and Iris Virginica (dark red) have colour 
values lower than 0.6 for sepal width. Colour overlapping can also be observed for 
Iris Versicolour and Iris Virginica in segment Sepal Length too.  The colour values of 
sepal length for both classes are distributed between 0.5 and 0.6.  Therefore, sepal 
width and sepal length are only useful to differentiate Iris Setosa from the other two 
classes. As a result, the circle-segments method shows that petal width and petal 
length are important input features that can be used to classify the Iris data samples. 
 

 
Fig. 2. Circle-segments of Iris data set 

PCA is also used to extract significant input features. From the cumulative value 
shown in Table 2, the first principal component already accounts for 84% of the total 
variation. The features that tend to have strong relationships with each principal 
components are the features that have larger eigenvectors in absolute value than the 
others [16]. Therefore, the results in Table 3 indicate that the variables that tend to 
have strong relationship with the first principal component are petal width and petal 
length because their eigenvector tend to be larger in absolute value than the others. 

Table 2. Eigenvalues of the covariance matrix of the Iris data set 

        Principal PC1 PC2 PC3 PC4 
Eigenvalue 0.232 0.032 0.010 0.002 
Proportion 0.841 0.117 0.035 0.006 

 Cumulative 0.841 0.959 0.994 1.000 
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Table 3. Eigenvectors of the first principal component of the Iris data set 

 PC1 
Sepal Length -0.425 
Sepal Width 0.146 
Petal Length -0.616 
Petal Width -0.647 

 
The results obtained from the circle-segments and PCA methods suggest petal 

width and petal length have more discriminatory power than the other two input 
features. As such, two data sets are produced; one containing the original data 
samples and another containing only petal width and petal length.  Both data sets are 
used to train and evaluate the performance of the four machine learning systems 

The free parameters of the four machine learning systems were determined by trial-
and-error, as follows.  For MLP, early stopping method was used to adjust the number 
of hidden nodes and training epochs. The fast learning rule was used to train the FAM 
network. The baseline vigilance parameter was determined from a fine-tuning process 
by performing leave-one-out cross validation on the training data sets.  The same 
process was used to determine the number of neighbours for kNN.  The radial basis 
function was selected as the kernel for SVM.  Grid search with ten fold cross 
validation was performed to find the best values for the parameters of SVM. 

Table 4 shows the overall average classification accuracy rates of 10 runs for the 
Iris data set.  Although the Iris problem is a simple one, the results demonstrate that it 
is useful to apply feature selection methods to identify the important input features for 
pattern classification.  As shown in Table 4, the accuracy rates are better, if not the 
same, even with 50% of the number of input features eliminated. 

Table 4. Classification results of the Iris data set 

Method Accuracy (%) (before feature selection) Accuracy (%) (after feature selection 

MLP 88.67 98.00
FAM 96.33 97.33
SVM 100 100
kNN 100 100

3.3   Suspected Acute Stroke Patients 

Figure 3 shows the circle-segments of the input-output data for the stroke data set.  
Based on the circle-segments, one can observe that the data samples are dominated by 
class 0 (dark red).  Observing the projection of the data into the circle-segments, 
segments V8, V16, and V18 show significant colour changes from the centre (class 0) 
to the perimeter of the circle (class 1).  From segment V8, one can see that most of the 
class 0 samples have colour values equal or lower than 0.4, while for class 1, they are 
between 0.5 and 0.8.  In segment V16, most of the class 0 samples are distributed 
within the colour range lower than 0.4, while for class 1, they are 0.4.  By observing 
V18 segment, most of the class 0 samples have colour values lower than 0.7, while 
for class 1, they are mostly at around 0.4 with only a few samples between 0.7 and 
1.0.  The rest of the circle-segments do not depict a clear progression of colour 
changes pertaining to the two output classes. 
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The PCA method is again used to analyse the data set.  According to [16], for a real 
data set, five or six principal components may be required to account for 70% to 75% of 
the total variation, and the more principal components that are required, the less useful 
each one becomes.  As shown in Table 5, the cumulative values indicate that six 
principal components account for 72.1% of the total variation. Thus, six principal 
components are selected for further analysis. Table 6 presents the eigenvectors of the six 
principal components. The variables that have strong relationship with each principal 
component are in bold.  These variables, i.e., V2, V3, V4, V6, V7, V8, V16, V17, and 
V18, have eigenvectors larger (in absolute value) than those of the others.  Therefore, 
they are identified as the important input features. 
 

 
Fig. 3. Circle-segments of the stroke data 

Table 5. Eigenvalues of the covariance matrix of the stroke data set 

Principal PC1 PC2 PC3 PC4 PC5 PC6 
Eigenvalue 0.33573 0.15896 0.14386 0.11533 0.09023 0.07917 
Proportion 0.262 0.124 0.112 0.090 0.070 0.062 
Cumulative 0.262 0.386 0.499 0.589 0.659 0.721 

 
Principal PC7 PC8 PC9 PC10 PC11 PC12 
Eigenvalue 0.07403 0.06239 0.05390 0.04268 0.03252 0.03080 
Proportion 0.058 0.049 0.042 0.033 0.025 0.024 
Cumulative 0.779 0.828 0.870 0.903 0.929 0.953 
 
Principal PC13 PC14 PC15 PC16 PC17 PC18 
Eigenvalue 0.02588 0.01546 0.00894 0.00584 0.00293 0.00160 
Proportion 0.020 0.012 0.007 0.005 0.002 0.001 
Cumulative 0.973 0.985 0.992 0.996 0.999 1.000 

 
Three data sets are produced, i.e., one containing the original data samples, the 

other two containing the important input features identified by circle-segments and 
PCA, respectively.  Three performance indicators that are commonly used in medical 
diagnostic systems are computed, i.e., accuracy (ratio of correct diagnoses to total 
number of patients), sensitivity (ratio of correct positive diagnoses to total number of 
patients with the disease), and specificity (ratio of correct negative diagnoses to total 
number of patients without the disease). 
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Table 6. Eigenvectors of the first six principal components of the stroke data set 

 PC1 PC2 PC3 PC4 PC5 PC6 
V1 0.098 0.054 -0.083 0.042 -0.038 0.048 
V2 0.611 -0.218 0.364 0.584 -0.316 0.024 
V3 0.052 0.362 -0.064 -0.262 -0.741 -0.102 
V4 0.520 -0.059 -0.188 -0.252 0.333 -0.410 
V5 -0.054 -0.029 0.179 -0.244 -0.300 -0.023 
V6 0.569 0.128 -0.027 -0.499 0.088 0.332 
V7 0.039 -0.116 -0.389 0.090 -0.163 -0.683 
V8 -0.035 0.122 0.407 -0.131 0.027 -0.170 
V9 0.017 0.003 0.024 -0.049 -0.050 0.008 
V10 -0.011 0.015 0.064 -0.073 -0.066 0.079 
V11 0.006 -0.013 -0.023 0.045 0.114 0.136 
V12 0.002 -0.011 -0.023 0.019 0.027 0.026 
V13 0.018 -0.046 -0.054 0.059 0.082 0.142 
V14 0.002 -0.015 -0.029 0.020 0.023 0.017 
V15 -0.013 0.011 0.104 -0.072 -0.010 -0.071 
V16 0.065 0.064 0.616 -0.217 0.148 -0.328 
V17 0.086 0.870 -0.018 0.355 0.214 -0.083 
V18 0.056 0.072 -0.267 -0.013 -0.136 0.216 

 

Table 7 summarises the average results of 10 runs for the stroke data set.  In 
general, the classification performances improve with feature selection either using 
PCA or circle-segments.  The circle-segments method yields the best accuracy rates 
for all the four machine learning systems despite the fact that only three features are 
used for classification (a reduction of 83% of the number of input features).  In terms 
of sensitivity, the circle-segments method also shows improvements (except FAM) 
from 17%-35% as compared with those before feature selection.  The specificity rates 
are better than those before feature selection using MLP and FAM, but inferior for 
SVM and kNN. 

Table 7. Classification results and the number of input features for the stroke data set 

Before feature selection 
(18 input features) 

Feature selection with PCA 
(8 input features) 

Feature selection with circle-
segments (3 input features) 

Methods 
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MLP 81.79 44.29 91.70 82.39 33.57 95.28 86.57 61.79 93.11 

FAM 72.67 57.14 76.79 72.39 49.29 78.49 73.81 51.07 79.81 

SVM 80.60 21.43 96.23 82.09 25.00 97.17 86.57 57.14 94.34 

kNN 82.09 32.14 95.28 81.42 32.14 94.43 85.45 57.14 92.92 

 

From Table 7, it seems that there is a trade-off between sensitivity and specificity 
with the use of the circle-segments method, i.e., more substantial improvement in 
sensitivity with marginal degradation in specificity for SVM and kNN while less 
substantial improvement in sensitivity with marginal improvement in specificity for 
MLP and FAM.  This observation is interesting as it is important for a medical 
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diagnostic system to have high sensitivity as well as specificity rates so that patients 
with and without the diseases can be identified accurately.  By comparing the results 
of circle-segments and PCA, the accuracy and sensitivity rates of circle-segments are 
better than those of PCA. The trade-off is that PCA generally yields better specificity 
rates. Again, it is interesting to note the substantial improvement in sensitivity with 
marginal inferior performance in specificity of both the circle-segment and PCA 
results. Another observation is that the PCA results do not show substantial 
improvements in terms of accuracy, sensitivity, and specificity as compared with 
those from the original data set. 

4   Summary and Further Work 

Feature selection in a data set based on data visualization is an interactive process 
involving the judgments of domain users.  By identifying the patterns in the circle-
segments, the important input features are distinguished from other less important 
ones. The circle-segments method enables the domain users to carry out the necessary 
filtering of input features, rather than feeding the whole data set, for learning using 
machine learning systems.  With the circle-segments, domain users can visualize the 
relationships of the input-output data and comprehend the rationale on how the 
selection of input features is made.  The results obtained from the two case studies 
positively demonstrate the usefulness of the circle-segments method for feature 
selection in pattern classification problems using four machine learning systems. 

Although the circle-segments method is useful, selection of the important features 
is very dependent on the users’ knowledge, expertise, interpretation, and judgement.  
As such, it would be beneficial if some objective function could be integrated with the 
circle-segments method to quantify the information content of the selected features 
with respect to the original data sets.  In addition, the use of the circle-segments 
method may be difficult when the problem involves high dimensional data, and the 
users face limitation in analyzing and extracting patterns from massive data sets.  It is 
infeasible to carry out the data analysis process when the dimension of the data is 
high, which cover hundreds to thousands of variables. Therefore, a better 
characterization method in reducing the dimensionality of the data set is needed. 
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