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Abstract. Epilepsy is a neurological condition of human being, mostly treated based on the
patients’ seizure symptoms, often recorded over multiple visits to a health-care facility. The
lengthy time-consuming process of obtaining multiple recordings creates an obstacle in detecting
epileptic patients in real time. An epileptic signature validated over EEG data of multiple similar
kinds of epilepsy cases will haste the decision-making process of clinicians. In this paper, we
have identified EEG data derived signatures for differentiating epileptic patients from normal
individuals. Here we define the signatures with the help of various machine learning techniques,
viz., feature selection and classification, pattern mining, and fuzzy rule mining. These signatures
will add confidence to the decision-making process for detecting epileptic patients. Moreover,
we define separate signatures by incorporating few demographic features like gender and age.
Such signatures may aid the clinicians with the generalized epileptic signature in case of complex
decisions.
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1. Introduction

Epilepsy is one of the most frequently occurring neuropathological conditions affecting around fifty
million people globally!. Epileptic seizures can be lethal [1]. Epileptogenesis is a long-term dynamic
progressing process of hyperexcitability and abnormal synchronization of brain neurons until the man-
ifestation of a seizure. Available drugs treat epileptogenesis indirectly by suppressing ictogenesis (the
expression of seizures) [2]. Aetiologically and pathophysiologically, epilepsy is a heterogeneous dis-
ease [3]. This neurological disorder affects humans of all age groups [4]. Treatment of epileptic
patients is mostly symptomatic, based on clinical features.

An “epileptic network”, can be defined as a distributed network of distinct and distant brain regions
causing hyperexcitability and hypersynchrony in a case of epilepsy [5]. Analysis of the epileptic
networks may help in localization of a brain-region based signature in epileptic patients [6]. Till date,
we have a limited idea of epileptogenesis. Epilepsy does not have a cure yet. Moreover, there does not
exist any signature pattern of brain region based connections that can successfully categorize epileptic
patients from normal human beings in real time. The case becomes more complex, when we try to
incorporate demographic features like gender or age to EEG data of epileptic patients.

Seizure detection and classification from EEG data have been done earlier using artificial neural
networks and time-frequency analysis [7], fast Fourier transform and decision tree classifier [8], dis-
crete wavelet transform (DWT) and probabilistic neural network (PNN) [9], statistical features [10],
adapted wavelet packets [11], and deep convolutional neural networks [12] among others. However,
computational analysis of EEG data for detection of epileptic signatures in brain region based connec-
tions is a relatively new concept.

In this paper, we differentiate epileptic patients from normal individuals based on brain-region
connection based signatures derived from EEG data. Moreover, we try to answer a few questions.
How different is male epilepsy from female epilepsy? Do they over-represent different connections
in various brain regions? How does child epilepsy differ from teenage and adult epilepsy? Do we
find different patterns of over/under-representation of connections among various brain regions for
different demographic categories? Can they be used as signature patterns clinically? In addition, we
have aided our results with findings from pattern mining and fuzzy rule mining based approaches.
Each discovered pattern is a collection of different functional connections, while a discovered rule is
a combination of presence/absence of brain region based connections.

The paper is organized as follows. Section 2 provides information regarding demography, mode
of collection, and preprocessing. The methodology involved in the generation of brain connectivity
network, classification and feature selection, pattern mining, and fuzzy rule mining is discussed in
Section 3. This is followed by Section 4, where we report the results on computational predictions
obtained by feature selection, pattern mining, and fuzzy rule mining. In Section 5, we discuss the
salient features signifying the overall, gender-based and age-based epileptic signatures. We conclude
the paper with limitations and future prospects of this work in Section 6.

"http://www.who.int/mediacentre/factsheets/fs999/en/ visited on 24th August 2018 01:55 PM Indian Standard Time
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2. Data

The dataset consists of electroencephalograms (EEGs) collected from 60 healthy individuals and 80
patients suffering from epilepsy. The data have also been grouped and studied according to gender
and age. We have used data from 31 normal males and 29 normal females. Likewise, we have 43
epileptic male and 37 epileptic female data. Patients with less than 13 years of age have been defined
as children. Teenagers have an age range of 13-19 years, whereas patients with more than 19 years of
age have been defined as adult epileptic patients. Out of 60 healthy individuals, we have 23 children,
14 teenagers and 23 adults. Likewise, we have data of 41 children, 22 teenagers and 17 adults to make
a total of 80 epileptic patients.

2.1. Data acquisition and filtering

Data collection has been done with a computerized EEG machine (16 channels Recorders & Medicare
Systems Pvt. Ltd. (RMS)). It has been used to record EEGs for an interval of 20-30 minutes. The
data of each epileptic patient have been split into epochs of 10 seconds interval. The internationally
accepted Modified Combinatorial Nomenclature (MCN) system accepted scheme, as depicted in Fig-
ure 1, for the location of electrodes has been followed. According to this scheme, each location is
denoted by a combination of letter(s) and number. The letter(s) are used to identify the position of the
electrodes on the brain lobes, whereas the numbers denote the hemispherical regions on the brain. The
frontal polar, frontal, temporal, parietal, central and occipital lobes are represented by the letters ‘FP’,
‘F’, “T’, ‘P’, ’C’ and ‘O’ respectively, whereas odd and even numbers stand for electrode positions
on the left and right hemisphere respectively. The name and location of each electrode have been de-
scribed in Table 1. During the collection of data, it has been asked to all the participants to stay awake
and motionless with wide open eyes. Subsequently, they have been requested to attain a no-thinking
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Figure 1: A typical head map showing the position of sixteen electrodes (marked as red dots).
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state as far as possible. Each data has been recorded using a series of activation procedures, i.e., eye
blinking, photic stimulation, and hyperventilation among others.

Table 1: List of names and locations of EEG electrodes placed on scalp.

Electrode name Lobe on which placed Brodmann area Anatomical gyrus
FP1 Left frontal polar balOL Frontopolar
Fp2 Right frontal polar balOR Frontopolar
F7 Left frontal ba47L Orbital part of inferior frontal
F3 Left frontal baOSL Intermediate frontal
F4 Right frontal baOSR Intermediate frontal
F8 Right frontal ba45R Triangular
T7 Left temporal ba42L Anterior transversal temporal
C3 Left central ba0O2L Caudal postcentral
C4 Right central baOIR Intermediate postcentral
T8 Right temporal ba2lR Middle temporal
P7 Left parietal ba37L Occipitotemporal
P3 Left parietal ba39L Angular
P4 Right parietal ba39R Angular
P8 Right parietal ba37R Occipitotemporal
0Ol Left occipital bal8L Parastriate
02 Right occipital bal8R Parastriate
Table 2: List of symbols and their description.
Symbols Description
X A connection between two electrodes, considered as a feature
A connection between two electrodes, apart from x,
. Y also considered as a feature
Mathematical -
F A feature matrix
symbol . ;
m Number of individuals/samples in F
n Number of features (i.e., 120) in F
. SA A feature that is strongly absent in an individual
Membership
. A Absence of a feature
functions for
. P Presence of a feature
FCR algorithm -
SP A feature that is observed to be present strongly
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Figure 2: Flow chart of the methodology.

After recording of EEG data, firstly, the noise has been removed manually by experienced neu-
rotechnologists. Then we have used EEGLAB toolbox version 13 [13], implemented in MATLAB
R2015a, for further data filtering purpose. The EEGLAB plugin, called CleanLine, has been used to
remove sinusoidal noise from raw EEG data. The resultant data have been filtered again using Finite
Impulse Response (FIR) filter within the range of 4-60 Hz to remove sleep waves and noise due to elec-
trical circuits. Here, we have used Independent Component Analysis (ICA) by applying the Runica
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algorithm [14]. Thus, a multivariate signal is decomposed into its additive independent non-Gaussian
components to separate the maximum likely components from a number of noisy components using
neural network. Lastly, a final manual check has been done to assure that artefacts from the data have
been removed. These steps have been shown as “Collect EEG Data” and ‘“Perform Data Filtering and
Noise Removal” in Figure 2.

3. Methodology

We have divided the methodology into a few significant steps which are individually described in the
following sub-sections. They have helped in selecting significant features, and in finding important
patterns and rules for epileptic patients in general, and for different demographic categories in partic-
ular. Figure 2 depicts the flowchart of the methodology pipeline. In this context, it may be mentioned
that the necessary and sufficient conditions for identifying signatures of epileptic patients from clinical
EEG data involve the following steps.

e The individuals should lie down motionless. Besides, they need to be in a no thinking state with
eyes wide open to reduce artifacts.

e Removal of electrical and line noise is important in every case.
e Sleep wave should be removed using finite impulse response filter.

e Presence of noise and artifacts should be removed manually from the raw data by experienced
neurologists.

e Independent component analysis should be performed to remove noisy components from max-
imum likely components.

e Finally, EEG data of sufficient normal individuals should be collected to differentiate signatures
that are unique in epileptic patients.

3.1. Brain connectivity network generation

We have calculated the correlation coefficient between every pair of electrode positions using Pear-
son’s correlation coefficient [15]. The sixteen electrode positions have been considered as vertices. If
two vertices are found to be correlated (positively or negatively), we have created an edge between
them. Thus, we have developed the brain connectivity network of normal individuals and epileptic
patients, depicted as “Generate Brain Connectivity Network™ in Figure 2. The detailed explanation of
this procedure can be found in one of our previous investigations [16].

3.2. Determination of feature values

As there are 16 electrodes, we have developed a 16x 16 adjacency matrix for each brain connectiv-
ity network representing either a healthy volunteer or an epileptic patient. This adjacency matrix is
symmetric with ‘O’s in its diagonal elements. Thus, maximum (162&) = 120 unique undirected con-
nections are possible from such a matrix. The parameter values associated with these 120 connections
have been considered as feature values.
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3.3. Feature selection and classification

In “Feature Selection” step of Figure 2, we have identified the key features distinguishing normal
individuals from epileptic patients (a two-class problem), male epileptic patients from female epileptic
patients (another two-class problem) and child epileptic patients from teenage as well as adult epileptic
patients (a three-class problem). For this purpose, we have tried to use a number of algorithms, ranging
from univariate filtering methods to embedded and fuzzy systems, so that the selected features are
generalized and not biased to any specific algorithm. Moreover, selected algorithms are easy to use
and implement. Here, we have considered ten well-established methods, viz., mRMR [17], Fisher
scoring [18], t-test [19], Gini index [20], reliefF [21], Support Vector Machine (SVM) [22], gain
Ratio [23], Chi-square [24], fuzzy entropy measures with similarity classifier [25], and symmetrical
uncertainty based approaches [26, 27, 28] to identify top twenty most significant features and last
twenty least significant features for the above mentioned classification problems.

We have selected the most/least significant features whose frequency of occurrence over these ten
algorithms is more than 60%. For the task of classification, we have used eight well-known algorithms,
viz., radial basis function neural network [29], random forest [30], SVM [22], multilayer perceptron
[31], logistic regression [32], Bayesian logistic regression [33], rotation forest [34], and regression
method [35], to classify the combination of the minimum number of most and least significant fea-
tures, as depicted in Figure 2. In comparison with the aforesaid algorithms, random tree [36], linear
discriminant analysis [37], k-nearest neighbour [38] and a few others have shown comparatively inef-
ficient performance as depicted in Kukreja et. al. [39]. However, although Naive Bayes algorithm [40]
has been reported to be superior on biological data compared to some others [39], we have purposely
excluded it because the features are not independent here. It has been done to maximize the average
classification accuracy based on the most significant features and minimize the same using the least
significant features. Thus, a combination of features has been selected for each of the classification
problems mentioned earlier.

3.4. Pattern mining

In the step of “Pattern Mining” in Figure 2, we have selected apriori [41] and Frequent Pattern Growth
(FPG) algorithms [42] to scan over the whole feature set in order to find out a set of frequent features
highlighting a general trend in the dataset under consideration. In comparison with the selected apriori
and FPG algorithms, Transcription Mapping (TM) [43] and Can-Mining [44] show poor performance
when the Minimum Support Threshold (MST) value is low. In addition, Equivalence Class Transfor-
mation (EClaT) [45] and TreeProjection [46] consume a lot of memory space and time for the datasets
containing a lot of distinct patterns. Moreover, previous studies [47, 48] have demonstrated that FPG
performs better than EClaT and Relim [49]. A comparative study [50] on different FPM algorithms
depicts that both apriori and FPG algorithms are more efficient than the others in terms of execution
time.

Apriori is one of the most influential and widely used algorithms, which is used to mine frequent
patterns based on boolean association rules. However, as the dimensionality of the dataset increases,
the computational cost of this algorithm increases. On the other hand, FPG is an effective pattern
growth algorithm that mines frequent itemsets for large datasets.
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Here we present a comparative study of these two algorithms and try to infer rules that are common
to both. We have set the MST at 60% for both the FPM algorithms. Support is calculated as the ratio
between the number of occurrences of a pattern (described by features) and the total number of features
in terms of percentage. It is an indication of how frequently the pattern appears in the dataset. Besides,
we have also calculated the confidence of each pattern found to be present. The minimum confidence
threshold (MCT) for both the algorithms has been set at 80%.

3.4.1. Apriori algorithm

It is an association rule learning algorithm [41] that finds frequent patterns from the dataset. The
algorithm is based on the idea that a subset of a frequent pattern (of features) must also be a frequent
pattern. Here, we have considered the presence/absence of electrode-electrode connections as features
and tried to find out these patterns that are frequent for the classes under consideration. Here, the order
of the features across a pattern is not important.

3.4.2. Frequent Pattern Growth (FPG) algorithm

While using FPG algorithm [42], we have considered all 120 features for each individual belonging to
their respective classes and performed similar operations as in apriori algorithm [41]. FPG algorithm
implements a divide and conquer technique to mine frequent patterns without the costly candidate
generation process as in apriori. In order to make the search quick and consume less memory space,
it applies data compression by employing a special data structure called frequent pattern tree. Finally,
frequent item sets are extracted by searching through these trees repeatedly. It leads to significant cost
reduction in terms of algorithmic complexity.

We have calculated confidence and lift values for each frequent pattern thus obtained. It may be
mentioned that support of one or more features taken together can be treated as a ratio of number of
individuals having those features and the total number of individuals. On the other hand, confidence
of arule x = y (x and y are two features) can be defined as

support(z,y)

support(z) M

confidence(r = y) =

where support(z,y) and support(x) can be written as

support(z, y) = Number of individuals with both x and y )
PP W= Total number of individuals

Number of individuals with x
support(z) =

3)

Total number of individuals

The higher the confidence value, the more likely is the rule found to be more significant. Here,
we have considered frequent item sets satisfying user specified minimum support threshold. Among
such frequent item sets, we have treated the item sets having minimum confidence threshold (user
specified) as strong association rules. In this context, it may be mentioned that support and confi-
dence are two unique quality measurements for association rule mining [51]. Besides, user specified
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minimum support and confidence threshold values should be high enough to guarantee stable general
rules differentiating between epileptic and normal individuals from any given datasets.

The other quality measurement lift determines the importance of arule. It is the ratio of the random
confidence of a particular rule and its expected confidence. It can be expressed as

support(z,y)
support(z).support(y)

lift(z = y) = 4

A lift value > 1 indicates that the antecedent and the consequent appear more often than expected,
thus the antecedent has a positive effect on the consequent. Whereas, a lift value close to 1 indicates
that the antecedent and consequent appear almost as expected. Naturally, we have considered the rules
with lift value > 1 to be more significant ones.

3.5. Fuzzy rule mining

The notion of fuzzy sets and fuzzy logic is used to develop powerful mathematical tools to deal with
uncertainty. They facilitate approximate reasoning for decision making in the absence of complete
and precise information. Hence, they are applied to a wide variety of applications, viz., traffic moni-
toring systems [52], weather forecasting [53] and gene expression data analysis [54] among others. In
addition, researchers employ fuzzy logic to solve various complex mathematical problems like Fred-
holmVolterra integro-differential equations [55], fuzzy differential equations [56] and second order
two point fuzzy boundary value problems [57].

Here, in “Fuzzy Rule Mining” step of Figure 2, we try to employ fuzzy logic to dilute the crisp
boundary among features with an objective to identify rules to differentiate epileptic patients from
normal individuals. Two rule mining algorithms, such as Fuzzy Unordered Rule Induction Algorithm
(FURIA) [58] and Fuzzy Coherent Rule Mining (FCR) [59], have been implemented to identify rules
for differentiating epilepsy patients from normal individuals, and similarly for the different gender-
specific and age-specific categories present in them. In this context, it should be mentioned that
association rule mining algorithms suffer from some unwanted bias as the classes are not treated in a
symmetric way. Moreover, they compromise comprehensibility due to priority based rule sorting. In
order to overcome this problem, an unordered set has been used for learning in FURIA. Here FURIA
has used a rule stretching method based on a previous investigation [60]. Besides, FCR employs the
properties of propositional logic to overcome the problem of predefined minimum support threshold
required in all association rule mining algorithms.

In our previous investigation [61], we have used FURIA with two fuzzy sets (Figure 3(a)), viz.,
present or absent. For a more precise solution to the problem in hand, we have introduced four classes,
i.e., strongly present (SP), present (P), absent (A) and strongly absent (SA) using FCR (Figure 3(b)).

3.5.1. FURIA

It is a novel classification algorithm which learns fuzzy unordered rules based on rule stretching
method. Here, we have used trapezoidal membership function to divide the universe of discourse
into two fuzzy sets viz., present or absent (Figure 3(a)). Here, we have considered all 120 features
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Figure 3: Graphical representation of fuzzy membership functions for (a) FURIA and (b) FCR.

of an epileptic/normal network as input to FURIA. Besides, we have calculated the Certainty Factor

(CF) which is a numerical value quantifying the reliability of a rule. CF lies in an interval of [-1, 1]. If
the antecedent and consequent clauses are related, the value of CF becomes positive. A higher value

of CF represents a more significant rule.

3.5.2. Fuzzy Coherent Rule mining (FCR) algorithm

FCR algorithm [59] employs fuzzy triangular membership functions on the sample-wise feature matrix
with class levels to derive rules differentiating classes under consideration. We have used a triangular
membership function owing to its simplicity and smoothness to span the whole range of membership
values.
Let us consider a feature matrix (F’) of dimensions (m x n), where m and n represent the number
of individuals and the number of features respectively. We then randomly select 10 individuals. From
the remaining (m — 10) individuals again 10 individuals are selected randomly and the process con-
tinues until F' has been divided into (= m/10) smaller submatrices. Thereafter, for every submatrix,
we find the sum of each of n (= 120) columns to form a feature vector of dimension (1 x n). This
is done for all (=~ m/10) submatrices to form a new feature matrix of dimension ((m/10) x n), the
value of which varies from 0 to 10. Here, a quantitative value of 10 implies that the feature is present
in all the randomly chosen individuals and thus has the highest electrode-electrode connectivity, while
0 represents absence in all individuals.
Based on the strength of electrode-electrode connection present, we have developed four member-
ship functions, viz., SP (quantitative value 6-10), P (quantitative value 4-8), A (quantitative value 2-6),
and SA (quantitative value 0-4). The membership values and the corresponding electrode-electrode
connections are depicted in Figure 3(b). Here, we have considered all the 120 features as input.
Besides, we have calculated the prediction accuracy to identify certain class types using the rules

extracted by FCR.



Dasgupta et al. | Mining Epileptic Signatures 151

Table 3: List of significant features differentiating epileptic patients from normal individuals; male
from female epilepsy; and child from teenage and adult epilepsy. Odd numbers following node names
indicate left hemisphere of the brain, and similarly, even numbers indicate right hemisphere of the
brain. The frequency of occurrence is given in percentage.

Normal Individuals vs Epileptic Patients

Connection between lobes (Features) Nodes Epileptic = Normal In epilepsy
Left central lobe & left frontal lobe C3-F3 40 16.66 More
Left frontal lobe & left occipital lobe F7-01 57.50 23.33 More
Left frontal lobe & right occipital lobe F7-02 52.50 0.10 More
Left temporal lobe & left frontal lobe T7-F71 35 0.12 More
Left parietal lobe & right parietal lobe P7-P4 45 88.33 Less
Right frontal lobe & left frontal polar lobe F8-FP1 42.50 0.13 More
Right temporal lobe & left frontal lobe T8-F3 0.15 38.33 Less
Right parietal lobe & right parietal lobe P8-P4 33.75 0.10 More
Right parietal lobe & left parietal lobe P8-P7 35 0.07 More
Male vs Female Epileptic Patients

Connection between lobes (Features) Nodes Male Female In female
Right parietal lobe & right frontal lobe P4-F4 0.06 35.13 More
Right occipital lobe & left central lobe 02-C3 44,18 27.02 Less
Right parietal lobe & right central lobe P8-C4 60.46 83.78 More
Right occipital lobe & left parietal lobe 02-P3 32.55 18.91 Less
Left parietal lobe & right occipital lobe P7-02 48.83 29.72 Less
Right frontal lobe & left frontal lobe F8-F7 48.83 29.72 Less
Child vs Teenage & Adult Epileptic Patients

Connection between lobes (Features) Nodes Child Teenage  Adult
Right frontal lobe & left frontal lobe F8-F3 49 13.63 11.76
Right parietal lobe & left frontal polar lobe P8-FP1 0.07 40.90 35.29
Right parietal lobe & right temporal lobe P8-T8 29.26 40.90 64.70
Right occipital lobe & right frontal lobe 02-F4 12 9.09 35.29
Right occipital lobe & left occipital lobe 02-01 68 86.36 47.05
Left occipital lobe & left frontal polar lobe O1-FP1  34.14 18.18 11.76
Right occipital lobe & left frontal lobe 02-F3 48.78 54.54 23.52

Left frontal lobe & right parietal lobe F7-P4 19.51 9.09 17.64
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4. Results

Here we discuss the results obtained from feature selection, pattern mining [41, 42] and fuzzy rule
mining [58, 59] methods. Feature selection and pattern mining algorithms have highlighted the class-
specific presence or absence of some features. The fuzzy rule mining algorithms have reported some
unique rules involving the features (present/absent) to further define the classes. In the following
subsections, we discuss the salient features obtained from the results that can be later combined and
considered as a normal/epileptic, male/female epileptic and child/teenage/adult epileptic signatures. It
is to be mentioned here that some of the features have been found in more than one competing classes,
and have been termed as global features. We have ignored them, as considering them would beat the
basic purpose of finding class specific epileptic signatures.

4.1. Results on feature selection

We have found certain brain-region based connections (features) over-represented and a few under-
represented, while comparing epileptic patients with normal volunteers. C3-F3, F7-O1, F7-02, T7-F7,
F8-FP1, P8-P4 and P8-P7 features have been found to be over-represented in epilepsy. On the other
hand, P7-P4 and T8-F3 features have been found to be under-represented. The combination of these
nine significant features (Table 3) has shown 82.59% average classification accuracy with 20 fold
cross-validation. On the other hand, the least significant features have shown an average accuracy of
54.11% to separate normal individuals from epileptic patients in general.

In a similar way, we have found a few over-represented and under-represented features while
comparing male and female epileptic patients. P4-F4 and P8-C4 features have been found to be over-
represented along with under-representation of 02-C3, 02-P3, P7-O2 and F8-F7 features in case of
female epileptic patients. Here, we have found 70.94% average classification accuracy with 20 fold
cross validation for a combination of these six significant features (Table 3) for identifying male and
female epileptic patients separately. However, a combination of six bad features yields an accuracy of
58.91% in this case.

On the other hand, the combination of eight good features (Table 3) has shown 62.14% average
classification accuracy to discriminate child epileptic patients from teenage along with adult epileptic
patients, while the least significant features have shown an accuracy of 45.54% for the same. F8-F3
feature has been found to be over-represented along with two under-represented P8-FP1 and P8-T8
features in case of child epilepsy. In the cases of teenage epilepsy, we have found an over-represented
02-F3 feature and under-represented F7-P4 feature. P8-T8 and O2-F4 features have been found to be
over-represented in the case of adult epilepsy.

4.2. Results using apriori algorithm

Using all the available 120 features as input to the apriori algorithm [41], certain representative patterns
have been identified with 60% minimum support threshold and 80% minimum confidence threshold.
Global features, which are common to all classes, have been ignored.
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Table 4: Features (by using apriori algorithm) with 60% minimum support threshold (MST) and
80% minimum confidence threshold (MCT) for differentiating epilepsy from normal individuals; male
from female patients; and child from teenage and adult epilepsy. Odd numbers following node names
indicate left hemisphere of the brain and even numbers indicate right hemisphere of the brain.

Normal Individuals vs Epileptic Patients

Class Features Present Features Absent
Epilepsy (FP2-F3) (T8-F7) (F4-01) (C4-01) (P4-C3)
Epilepsy (C4-C3) (T7-F4) (F4-01) (C4-01) (T8-P7)
Epilepsy (02-01) (F8-P4) (C4-01) (P4-C3) (T8-P7)
Epilepsy (T7-F4) (T8-F7) (C4-01) (P4-C3) (P8-01)
Epilepsy (F8-02) (T8-F7) (C4-01) (T8-P7) (P8-01)
Normal (O1-FP1) (FP2-F3) (C4-P3) (P7-P4) (P8-T7) (FP2-0O1) (C4-01) (P4-C4) (T7-P4) (P8-P7)
Normal (O1-FP1) (F4-C3) (C4-P3) (P7-P4) (P8-T7) (FP2-O1) (C4-01) (T7-FP1) (T7-P4) (P8-P7)
Normal (O1-FP1) (C4-P3) (P4-FP1) (P7-P4) (P8-T7) (FP2-01) (C4-01) (T7-P4) (P7-C4) (P8-P7)
Normal (O1-FP1) (C4-P3) (P7-01) (P7-P4) (P8-T7) (FP2-01) (C4-01) (T7-P4) (F8-P7) (P8-P7)
Normal (O1-FP1) (C4-P3) (P7-P4) (F8-02) (P8-T7) (FP2-01) (C4-01) (T7-P4) (P8-01) (P8-P7)
Normal (O1-FP1) (C4-P3) (P7-P4) (T8-F4) (P8-T7) (FP2-0O1) (C4-01) (T7-P4) (P8-P4) (P8-P7)
Normal (O1-FP1) (C4-P3) (P7-P4) (T8-F7) (P8-T7)
Normal (O1-FP1) (C4-P3) (P7-P4) (T8-T7) (P8-T7)
Male vs Female Epileptic Patients

Class Features Present Features Absent
Male (FP2-F3) (T7-F4) (T8-F7) (P3-F3) (C4-01)
Male (P3-F3) (P4-C3)
Male (P3-F3) (P4-F4)
Male (C4-01) (P4-C3)
Male (C4-01) (P4-F4)
Male (C4-01) (F7-FP1)
Male (C4-01) (T7-P4)
Male (C4-01) (P8-01)
Male (P4-C3) (P4-F4)
Male (P4-C3) (F7-FP1)
Male (P4-C3) (T7-P4)
Male (P4-F4) (T7-P4)
Female (FP2-F3) (P8-C4) (F4-P3) (C4-01) (F8-T7)
Female (C4-C3) (T7-F4)
Female (C4-C3) (F8-P4)
Female (C4-C3) (P8-C4)
Female (P4-FP1) (T7-F4)
Female (P4-FP1) (F8-P4)
Female (P4-FP1) (P8-C4)
Female (02-01) (T7-F4)
Female (02-01) (F8-P4)
Female (02-01) (P8-C4)
Female (T7-F4) (F8-P4)
Female (T7-F4) (P8-C4)
Female (F8-P4) (P8-C4)
Female (T8-F7) (P8-C4)

Child vs Teenage & Adult Epileptic Patients
Class Features Present Features Absent
Child (FP2-F3) (T7-FP2) (F8-P4) (C4-01) (P4-C3) (0O2-F4)
Child (C4-01) (P4-C3) (T7-02)
Child (C4-01) (P4-C3) (T8-F3)
Child (C4-01) (P4-C3) (P8-FP1)
Child (C4-01) (T7-02) (P8-FP1)
Child (C4-01) (T8-F3) (P8-FP1)
Teenage (02-01) (T7-F4) (T8-F7) (FP2-P3) (F4-01) (C4-01) (F8-P7)
Teenage (02-01) (T7-F4) (P8-C4) (FP2-P3) (C4-01) (02-F4) (F8-P7)
Teenage (02-01) (T8-F7) (P8-C4) (F4-01) (C4-01) (P4-F3) (F8-P7)
Teenage (F4-01) (C4-01) (02-F4) (F8-P7)
Teenage (F4-01) (C4-01) (02-F4) (F7-P4)
Adult (FP2-F3) (T7-F4) (T8-F7) (F4-FP1) (P4-C3) (T7-P4) (T8-FP1)
Adult (F4-FP1) (02-C4) (T7-P4) (T8-FP1)
Adult (F4-FP1) (F7-FP1) (T8-FP1) (T7-P4)

Adult (F4-FP1) (T7-P4) (T8-FP1) (TS-F7)
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Presence of the features C4-C3, 02-O1, T7-F4 and F8-P4 along with absence of F4-O1, T8-P7 and
P4-C3 features have been found to be associated with epilepsy patients. On the other hand, presence
of the features O1-FP1, F4-C3, C4-P3, P4-FP1, P7-O1, P7-P4, T8-F4 and P8-T7 along with absence
of FP2-0O1, P4-C4, T7-FP, T7-P4, P7-C4, F8-P7 and P8-P7 features have been found to be associated
with normal individuals (Table 4).

With the similar cut-off criteria, we have noticed absence of the features P3-F3, C4-O1, P4-C3,
P4-F4, FA-P3, F7-FP1, T7-P4, P8-O1 and F8-T7 in case of male epileptic patients. Presence of the fea-
tures C4-C3, P4-FP1, 02-0O1, F8-P4, P§-C4 and F8-P4 have been noticed in female epileptic patients
as reported in Table 4.

While comparing epileptic patients according to their age, presence of the features T7-FP2 and
F8-P4 along with absence of P4-C3, T7-02, T8-F3 and P8-FP1 features have been associated with
child epileptic patients (< 13 years of age). On the other hand, presence of the features O2-O1, and
P8-C4 along with absence of FP2-P3, F4-O1, P4-F3, F8-P7 and F7-P4 features have been associated
with teenage epileptic patients (13-19 years of age). Moreover, absence of the features F4-FP1, P4-C3,
02-C4, F7-FP1, T7-P4 and T8-FP1 have been associated with adult epileptic patients (> 19 years of
age). The detailed results are given in Table 4.

4.3. Results using FPG algorithm

We have used FPG algorithm with the cut-off values [60% minimum support threshold (MST) and
80% minimum confidence threshold (MCT)] to support/refute the results previously obtained by the
apriori algorithm. In addition, the presence or absence of features have been supported by their re-
spective confidence and lift values as reported in Table 5.

After ignoring the global features, presence of the feature F8-O2 and absence of the features P§-
P3, F4-O1, F7-C4 and T8-P7 have been found to be associated with epilepsy patients. On the other
hand, presence of the features P8-C4 and absence of the features P8-P4, P8-O1, F8-P7, P4-C4, FP2-
01, F7-02 and T7-P4 have been found to be associated with normal individuals.

While comparing male and female epileptic patients, we have identified some following patterns
(Table 5). Presence of the features T8-P3, C4-C3, F7-O2, F8-T7, F4-C3 and O2-O1 along with
absence of O2-FP2, P4-F4, P4-C3 and T8-F8 features have been found to be associated with male
epileptic patients. On the other hand, presence of the features T8-F4, P§-C4, F8-02, F4-F3, P7-0O1,
F8-P4 and T7-P3 along with absence of F4-P3, F7-C4, F7-O2, P3-FP1, P8-P3, F8-T7 and C4-P3
features have been found to be associated with female epileptic patients.

Age-specific comparison of features also have revealed some interesting results (Table 5). Pres-
ence of the features T8-P4, F4-FP1, F8-P4, C4-F3, F4-P4 and T8-02 along with absence of T7-C4,
P3-FP1, P4-C3 and C4-P3 features have been reported in the case of child epilepsy. On the contrary,
teenage epilepsy has been found to be associated with presence of P8-C4, P4-O1, 02-O1, O2-P3, F8-
C4, T8-C3 and C4-F3 features along with absence of F4-C3, F7-P4, F8-P7 and P8-P3 features. Adult
epilepsy patients have been found to be associated with presence of P7-C4, T7-P3, P8-P4 and T8-02
features along with absence of the features P4-C4, T8-P7, T8-FP1, T7-P4 and F4-FP1.
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Table 5: Features (used by FPG algorithm) with 60% minimum support threshold (MST) and 80%
minimum confidence threshold (MCT) for differentiating epilepsy from normal individuals; male from
female patients; and child from teenage and adult epilepsy with their respective confidence and lift
values. Odd numbers following node names indicate left hemisphere of the brain and even numbers
indicate right hemisphere of the brain.

Normal Individuals vs Epileptic Patients

Class Features Present Confidence Lift Features Absent Confidence Lift
Epilepsy (FP2-F3) (T8-F7) 0.84 1.06 (P8-P3) (C4-01) 1 1.02
Epilepsy (T7-F4) (T8-F7) 0.84 1.06 (F4-01) (C4-01) 0.96 1.03
Epilepsy (C4-C3) (T7-F4) 0.86 1.12 (F7-C4) (C4-01) 0.96 1.03
Epilepsy (02-01) (F8-P4) 0.87 1.15 (T8-P7) (C4-01) 0.94 1.02
Epilepsy (F8-02) (T8-F7) 0.84 1.1 (F8-T7) (C4-01) 0.94 1.03
Normal (FP2-F3) (F8-P4) 0.81 1.01 (P8-P4) (T7-P4) 1 1.02
Normal (C4-C3) (FP2-F3) 0.9 1.16 (P8-01) (T7-P4) 1 1.02
Normal (P8-C4) (F8-P4) 0.8 1 (C4-01) (F7-02) (T7-P4) 1 1.02
Normal (P8-C4) (T7-F4) 0.84 1.03 (C4-01) (P8-T7) (T7-P4) 1 1.02
Normal (FP2-F3) (T7 - F4) 0.91 1.12 (F8-P7) (T7-P4) 0.98 1
Normal (C4-C3) (T7-F4) 0.93 1.14 (P4-C4) (T7-P4) 0.98 1
Normal (FP2-F3) (T7-F4) 0.85 1.04 (FP2-0O1) (T7-P4) 0.98 1
Normal (T8-F7) (FP2-F3) 0.8 1.03

Normal (02-01) (T7-F4) 0.8 1.03

Normal (02-01) (F8-P4) 0.86 1.08

Normal (02-01) (T8-F7) 0.81 1.07

Normal (T7-F4) (FP2-F3) (C4-C3) 0.9 1.28

Normal (FP2-F3) (C4-C3) (T7-F4) 0.95 1.16

Male vs Female Epileptic Patients

Class Features Present Confidence Lift Features Absent Confidence Lift
Male (T8-P3) (F4-C3) 0.91 1.18 (O2-FP2) (T8-F8) 0.97 1.06
Male (C4-C3) (T7-F4) (FP2-F3) 1 1.17 (P4-F4) (P4-C3) 0.94 1
Male (C4-C3) (T8-F7) (FP2-F3) 1 1.17 (P4-F4) (C4-01) 0.94 1
Male (F7-02) (FP2-F3) 1 1.17 (P4-C3) (C4-01) 0.94 1
Male (T8-P3) (T7-F4) 0.95 1.24 (T8-F8) (C4-01) 0.94 0.99
Male (F8-T7) (FP2-F3) 0.92 1.07 (T8-F8) (P4-C3) 0.94 0.99
Male (FP2-F3) (02-01) (T8-F7) 0.91 1.14

Female (FP2-F3) (F8-02) (T8-F7) 0.92 1.18 (F4-P3) (C4-P3) 1 1.07
Female (T7-F4) (F4-F3) (F8-P4) 0.96 13 (F7-C4) (C4-01) 0.97 1.04
Female (T8-F4) (P7-01) 0.92 1.53 (F7-02) (C4-01) 0.97 1.04
Female (P8-C4) (P7-01) (T7-P3) 0.92 1.59 (P3-FP1) (C4-01) 0.97 1.04
Female (P8-P3) (C4-01) 0.97 1.04
Female (F8-T7) (C4-01) 0.93 0.99

Child vs Teenage & Adult Epileptic Patients

Class Features Present Confidence Lift Features Absent Confidence Lift
Child (T8-P4) (F8-P4) 0.97 1.13 (T7-C4) (C4-01) 0.97 1.02
Child (F4-F3) (FP2-F3) 0.96 1.13 (02-F4) (C4-01) 0.97 1.02
Child (F4-FP1) (F8-P4) 0.96 1.13 (P3-FP1) (C4-01) 0.97 1.02
Child (F8-P4) (F4-F3) (FP2-F3) 0.96 1.12 (0O2-F4) (P4-C3) 0.97 1.05
Child (C4-F3) (FP2-F3) 0.93 1.09 (P4-C3) (P8-FP1) (C4-P3) 0.97 1.02
Child (F8-P4) (T8-02) (FP2-F3) 0.92 1.08 (C4-01) (P4-C3) 0.95 1.02
Teenage (P8-C4) (02-P3) 1 1.16 (F4-C3) (C4-01) 1 1
Teenage (P4-01) (T8-F7) 1 1.16 (F7-P4) (C4-01) 1 1
Teenage (T7-F4) (P8-C4) (02-01) 1 1.16 (O2-F4) (C4-01) 1 1
Teenage (02-01) (F8-C4) (T7-F4) 1 1.22 (F8-P7) (C4-01) 1 1
Teenage (P8-C4) (T8-C3) (02-01) 1 1.16 (P8-P3) (C4-01) 1 1
Teenage (T7-F4) (C4-F3) (T8-F7) 1 1.16

Adult (P7-C4) (FP2-F3) 1 1.21 (P4-C4) (T7-P4) 1 1
Adult (T7-P3) (P8-P4) 1 1.31 (T8-P7) (T7-P4) 1 1
Adult (F4-F3) (T8-F7) 1 1.31 (T8-FP1) (F4-FP1) 1 1.06
Adult (T8-F7) (T8-02) (T7-F4) 1 1.42 (T7-P4) (F4-FP1) 1 1.06
Adult (FP2-F3) (T7-F4) (T8-F7) 1 131 (F8-FP1) (T7-P4) 1 1
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4.4. Results using FURIA

In support of the aforementioned results, a fuzzy rule-based association mining study using FURIA
has been done with all possible 120 features for finding some unique rules. We have performed this
study to generate support for our earlier findings. We have found 6 unique rules for epileptic patients
while 5 other rules have been found to be associated with normal individuals. Some features, viz., T7-
F7 and P8-P7 have been found to be associated with epilepsy as described earlier in Table 3. Presence
of the feature T7-F7 has been found coupled with presence of two other features P7-F3 and P3-FP1.

Table 6: Fuzzy rules (obtained by FURIA) along with their certainty factors (CF) for differentiat-
ing epilepsy from normal individuals; male from female epilepsy; and child from teenage and adult
epilepsy. Features are either present (P) or absent (A). Range of CF is [-1,1]. Odd numbers suc-
ceeding node names indicate left hemisphere of the brain and similarly, even numbers indicate right
hemisphere of the brain.

Normal Individuals vs Epileptic Patients

IF condition Then CF
(P7-P4) A & (P8-F7) A & (02-C4) A Epilepsy 0.97
(P4-FP2) P & (O2-FP2) P & (C3-FP1) A Epilepsy 0.96
(F7-02) P & (O2-FP2) A & (0O2-F4) A Epilepsy 0.96
(T7-F7) P & (P7-F3) P & (P3-FP1) A Epilepsy 0.95
(P8-P7) P & (C4-FP1) P Epilepsy 0.93
(P3-C3) P & (F8-FP2) A & (O2-FP1) A Epilepsy 0.92
(P7-P4) P & (P4-FP2) A & (T7-F7) A & (F8-P3) A Normal 0.96
(F7-02) A & (T7-P3) A & (P7-F7) A Normal 0.92
(P7-C3) A & (P4-FP2) A & (F7-C4) P & (P3-F3) A Normal 0.94
(P8-0O1) P & (F8-O1) P & (O1-C3) A Normal 0.84
(P7-P4) P & (O2-FP2) A & (T7-F7) A & (P3-C3) A Normal 0.96
Male vs Female Epileptic Patients

IF condition Then CF
(F8-T7) P & (O1-FP1) P Male epilepsy 0.92
(02-P3) P & (O1-FP1) A Male epilepsy 0.91
(P7-02) P & (F7-F3) A & (T8-F8) A Male epilepsy 0.93
(P4-F4) P & (P8-P3) P Female epilepsy 0.89
(C3-FP1) P & (T7-C4) A & (F8-T7) A Female epilepsy 0.91
(P8-F7) P & (F8-F7) A & (P3-C3) P Female epilepsy 0.88
(F8-O1) P & (F4-P3) A & (C3-FP1) A Female epilepsy 0.86
Child vs Teenage & Adult Epileptic Patients

IF condition Then CF
(F8-F3) P & (T7-FP2) A Child epilepsy 0.94
(O1-C3) P& (C4-C3) P Child epilepsy 0.89
(F8-P4) P & (P8-FP1) A & (C4-F3) P Child epilepsy 0.92
(P8-F4) P & (T7-C4) A & (FP2-O1) At Child epilepsy 0.89
(P7-P4) A & (P8-FP1) P & (F7-P4) A Teenage epilepsy 0.86
(P7-P3) P & (C3-FP1) A & (O1-C3) A Teenage epilepsy 0.82
(P8-T8) P & (F8-P4) A & (T8-FP1) A Adult epilepsy 0.8
(F4-C3) A & (T7-F7) P & (F7-O1) P Adult epilepsy 0.74

(T8-FP2) P & (P8-P4) P & (F3-FP1) A Adult epilepsy 0.74
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The rule indicates epilepsy with a certainty factor of 0.95. Presence of P§-P7 feature has been found
associated with the presence of a new feature C4-FP1 with a certainty factor of 0.93.

Moreover, multiple rules have been found for P7-P4 feature. Absence of the feature along with
absence of two other features P8-F7 and O2-C4 have been found to be associated with epilepsy with
a certainty factor of 0.97. On contrary, presence of P7-P4 feature along with absence of three other
features P4-FP2, T7-F7 and F8-P3 has been found in normal individuals with a certainty factor of
0.96. Also, presence of the same factor along with absence of three other features O2-FP2, T7-F7,
and P3-C3 has been found in normal individuals with a certainty factor of 0.96. In both the cases, the
feature T7-F7 and its absence is a common factor. Such findings reflect the variable states of brain
regions even for a very specific disease state.

Presence of feature F7-O2 along with absence of two other features O2-FP2 and O2-F4 has been
associated with epilepsy with a certainty factor of 0.96. On the contrary, absence of the same feature
along with absence of T7-P3 and P7-F7 features has been seen in normal individuals with a certainty
factor of 0.92.

In the case of male versus female epileptic patients, presence of O2-P3 feature along with absence
of the feature O1-FP1 has been found to be associated with male epilepsy with a certainty factor of
0.91. Similarly, presence of feature F8-T7 along with presence of another feature O1-FP1 has been
found to be associated with male epilepsy with a certainty factor of 0.92. In contrast, presence of
P4-F4 feature along with presence of the feature P8-P3 has been found to be associated with female
epilepsy with a certainty factor of 0.89. Absence of the feature F8-F7 along with presence of features
P8-F7 and P3-C3 have been found to be associated with female epilepsy. Such results support our
earlier finding of regarding presence/absence of the features in male and female epilepsy as given in
Table 3.

We have also performed an age-specific fuzzy rule mining study as given in Table 6. Here presence
of F8-F3 and absence of P8-FP1 features have been found in two separate rules. They have been found
to be associated with child epilepsy with certainty factors of 0.94 and 0.92 respectively. Absence of
P8-FP1 feature along with presence of the features P7-P4 and F7-P4 with a certainty factor of 0.86
has been found to be associated with teenage epilepsy. In the case of adult epilepsy, presence of
feature P8-T8 along with absence of two additional features F8-P4 and T8-FP1 has been found to be
associated with a certainty factor of 0.8.

4.5. Results using FCR algorithm

Fuzzy rule mining study employing FURIA has determined some unique rules for each class, based
on the presence or absence of features. Further categorization of the same features has been done by
fuzzy coherent rule mining (FCR) algorithm, where four membership functions have been designed
based on the strength of electrode-electrode connectivity. The rules that have been discovered using
the algorithm are reported in Table 7.

The feature P7-P4 has been found to be absent in epilepsy patients. Absence of this feature coupled
with strong presence of the feature FP2-F3, along with presence of features P8-T7 and C4-C3, with
an accuracy of 69.29% can be considered as a unique rule for distinguishing epilepsy patients from
normal individuals. Similarly, two more rules have been found for classifying epileptic patients with
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Table 7: Fuzzy rules (obtained by FCR) along with their accuracy percentage (AP) for differentiat-
ing epilepsy from normal individuals; male from female epilepsy; and child from teenage and adult
epilepsy. Features are termed as strongly present (SP), present (P), absent (A) or strongly absent (SA).
Odd numbers following node names indicate left hemisphere of the brain and even numbers indicate
right hemisphere of the brain.

Normal Individuals vs Epileptic Patients

IF condition Then AP
(P4-FP1) SP & (O1-FP1) P & (T8-F7) SP & (F8-02) SP Epilepsy 74.64
(P7-P4) A & (FP2-F3) SP & (C4-C3) P & (P8-T7) P Epilepsy 69.29
(F8-P4) SP & (P7-P4) A & (FP2-F3) SP & (P8-T7) P Epilepsy 69.11
(T8-F7) SP & (P4-FP1) SP & (FP2-F3) P & (P8-T7) SP & (C4-C3) A Normal 73.57
(P4-FP1) SP & (T8-F7) SP & (FP2-F3) P & (O1-FP1) P & (C4-C3) A Normal 73.14
Male vs Female Epileptic Patients

IF condition Then AP
(T7-F4) P & (FP2-F3) SP & (F4-C3) P & (P4-FP1) SP & (F8-02) SP Male epilepsy 75.35
(T7-F4) SP & (F4-C3) SP & (T8-F7) SP & (P4-FP1) P & (F8-02) P Male epilepsy 75.35

(T8-F7) SP & (P4-FP1) SP & (FP2-F3) P & (P8-T7) SP & (C4-C3) A Female epilepsy 73.57
(P4-FP1) SP & (T8-F7) SP & (FP2-F3) P & (O1-FP1) P & (C4-C3) A Female epilepsy 73.14
Child vs Teenage & Adult Epileptic Patients

IF condition Then AP
(T7-P3) P & (C4-C3) SP & (P8-C4) P & (P7-O1) P & (F8-P4) SP

& (T7-F4) SP Child epilepsy 73.17
(T7-C3) A & (C4-C3) P & (T7-F4) P & (T8-P3) P Teenage epilepsy 72.73
(P4-FP1) P & (C4-C3) SP & (T8-02) SP & (T7-C3) SP Teenage epilepsy 68.18

an accuracy of 74.64% and 69.11% as reported in Table 7. For normal individuals, presence of FP2-F3
feature along with absence of C4-C3 feature has been reported.

In association with the above features, P4-FP1 and T8-F7 have been found to be strongly present
in the case of normal individuals. Further, feature P8-T7 and O1-FP1 have been found to be strongly
present with an accuracy of 73.57% and 73.14% respectively, for two rules as given in Table 7.

Similarly, two unique rules have been reported - each for male and female epileptic patients.
One rule has been found for child epileptic patients, while two other rules have been found to be
associated with teenage epilepsy patients (Table 7). No unique rule has been discovered for adult
epileptic patients by FCR algorithm.

5. Discussion of class-specific signatures

The features obtained from feature selection, apriori and FPG algorithms, along with the rules gen-
erated by FURIA and FCR algorithms have been combined and considered for generating the over-
all (epilepsy/normal individuals), gender-specific (male/female epilepsy) and age-specific (child or
teenage or adult epilepsy) signatures (Table 8).

In order to generate such signatures, features that are more dominant for a particular class (as
observed in Table 3) have been considered to be present in that class. On the other hand, non-dominant
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Table 8: Feature-based signatures found by combining results obtained from feature selection (S),
apriori (A), FPG (F), FURIA (R) and FCR (C) algorithms for differentiating epilepsy from normal
individuals; male from female patients; and child from teenage and adult epilepsy patients. Particular
features present in one class and absent in the other class are similarly color coded. For example,
presence of feature F7-O2 in epilepsy and absence of feature F7-O2 in normal individuals are color-
coded similarly in blue. Color coding of features for overall, gender-based and age-based signatures
have been done separately.

Overall signatures Gender-based signatures Age-based signatures

Features Epilepsy Normal Male Epilepsy Female Epilepsy Child Epilepsy Teenage Epilepsy Adult Epilepsy

Present F8-P4(S,A.C) O1-FP1(A) T8-P3(F) P8-C4(S.A.F) F8-F3(S.R) 02-O1(S.A.F) P8-T8(S.R)
C3-F3(S) C4-P3(A) F7-02(F) P4-F4(S.R) O1-FPI(S) P8-FPI1(S.R) 02-F4(S)
F7-01(S) P7-P4(AR) F4-C3(F.C) P4-FP1(A) F7-P4(S) 02-F3(S) P7-C4(F)
F7-02(S.R) P8-T7(A) 02-P3(R) F8-P4(AF) F8-P4(A.FR,C) P4-O1(F) P8-P4(FR)
T7-F1(S,R) P4-FP1(A) P7-02(R) T8-F4(F) T8-P4(F) 02-P3(F) T7-F1(R)
F8-FP1(S) P7-0O1(A) T7-F4(C) F4-F3(F) F4-FP1(F) F8-C4(F) F7-O1(R)
P8-P7(S.R) T8-F4(A) T7-P3(F) C4-F3(FR) T8-C3(F) T8-FP2(R)
C4-C3(A.0) P8-C4(F) P8-F7(R) O1-C3(R) P7-P3(R)

02-01(A) F7-C4(R) P3-C3(R) C4-C3(R) T8-P3(C)
T7-F4(A) F8-O1(R) F8-O1(R) P8-F4(R) P4-FP1(C)
F8-02(E.C) P8-T7(C) P7-01(C)

P4-FP2(R) 01-FP1(C)

02-FP2(R)

P7-F3(R)

C4-FP1(R)

P3-C3(R)

Absent P7-P4(S,R,C) FP2-O1(A,F) P3-F3(A) 02-C3(S) T7-02(A) FP2-P3(A) F4-FP1(A,F)
T8-F3(S) T7-P4(A) C4-01(A) 02-P3(S) T8-F3(A) F4-O1(A) T7-P4(AF)
F4-O1(AF) P8-P7(A) P4-C3(AF) P7-02(S) P8-FP1(A,R) F8-P7(AF) T8-FP1(A,F)
P4-C3(A) P4-C4(AF) P4-FA(AF) F8-F7(S.R) T7-C4(ER) P4-F3(A) 02-C4(A)
T8-P7(A.F) T7-FP1(A) T7-P4(A) F7-C4(F) P3-FP1(F) F7-P4(FR) F7-FP1(A)
P8-P3(F) P7-C4(A) F7-FP1(A) F7-02(F) C4-P3(F) P8-P3(F) P4-C4(F)
F7-C4(F) F8-P7(A.F) P8-01(A) P3-FP1(F) FP2-O1(R) P7-P4(R) T8-P7(F)
P8-F7(R) P8-P4(A,F) 02-FP2(F) C4-P3(F) C3-FP1(R) F8-P4(R)
02-C4(R) F7-O2(ER) T8-F8(F,R) T7-C4(R) O1-C3(R) F3-FP1(R)
C3-FP1(R) T7-P4(F) F7-F3(R) F4-P3(R)
02-F4(R) P4-FP2(R) C4-C3(R)

P3-FP1(R) T7-F1(R)

F8-FP2(R) F8-P3(R)

02-FP1(R) T7-P3(R)
P7-F1(R)
P7-C3(R)
P3-F3(R)
O1-C3(R)
P3-C3(R)
C4-C3(C)

features for a particular class (as depicted in Table 3) have been considered to be absent in that class.
For the rules obtained from FCR algorithm, both present and strongly present features (as shown
in Table 7) have been considered with equal weightage. Similarly, both absent and strongly absent
features (as depicted in Table 7) have been given equal weightage. The combined signatures obtained
from all algorithms under consideration have been reported in Table 8. Moreover, competing features
have been avoided as they create confusion while defining a class-specific signature.

The signature for epileptic patients has been found to be a combination of sixteen present and
fourteen absent features. Presence of ten features and absence of twenty features have together consti-
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tuted the signature for the normal individuals (Table 8). Interestingly, six of present features (F7-02,
T7-F7, P8-P7, C4-C3, P4-FP2 and P3-C3) of epileptic patients have been found to be absent in the
opposite class, i.e., in the normal individuals. In a similar manner, two of absent features (P7-P4 and
F7-C4) of epileptic patients have been supported by their presence in normal individuals. The features
have been accordingly color coded in Table 8. Such kind of clear distinction in the pattern of a feature
(present/absent) in opposite classes generates confidence for the overall signatures (Figure 4).

(a) (b)

Figure 4: Contrast expression patterns of features of overall signatures representing (a) epilepsy pa-
tients and (b) normal individuals respectively. The patterns are color-coded and bold-marked accord-

ingly.

The male epilepsy-related signature has been found to be a combination of six present and ten
absent features as reported in Table 8. Similarly, female epileptic patients have been found to be
associated with a signature of twelve present and eleven absent features. The features F7-O2, O2-
P3 and P7-O2 have been found to be present in male epileptic patients and absent in female epileptic
patients. Similarly, the feature P4-F4 has been found to be absent in male epileptic patients but present
in female epileptic patients (Figure 5). These present and absent features together with other features
as given in Table 8 can be used to distinguish male and female epileptic patients.

Child epilepsy specific signature is a combination of eleven present and seven absent features
(Table 8). Teenage epileptic patients have been found to be associated with a signature comprising
ten present and nine absent features as reported in Table 8. Adult epilepsy specific signature is a
combination of seven present and nine absent features (refer Table 8). The features F7-P4 and O1-C3
have been found to be present in child epileptic patients while the same features have been found to be
absent in teenage epileptic patients. F4-FP1 and F8-P4 features have also been found to be present in
child epileptic patients while they have been found to be absent in adult epileptic patients. The feature
P8-FP1 has been found to be absent in child epileptic patients, but it has been found to be present in
teenage epileptic patients as given in Figure 6. The contrasting pattern of features, i.e., either present
or absent in opposite classes, strengthens the age-specific signatures.



Dasgupta et al. | Mining Epileptic Signatures 161

— Present

(@ (b)

Figure 5: Contrast expression patterns of features of gender-based signatures representing (a) male and
(b) female epilepsy patients respectively. The patterns are color-coded and bold-marked accordingly.

(@ (b) ()

Figure 6: Contrast expression patterns of features of age-based signatures representing (a) child, (b)
teenage and (c) adult epilepsy patients respectively. The patterns are color-coded and bold-marked
accordingly.

We have also discovered some new rules based on the fuzzy rule mining studies (FURIA and FCR).
These rules could not be established earlier only from the feature selection and pattern mining studies.
These new rules have contributed to creating well-defined signatures for future machine learning based
detection of epilepsy.

6. Conclusions

In this paper, we have found generalized epileptic signatures from EEG data. Besides, we have also
shown some gender and age specific epileptic signatures. In general, the epileptic signature has shown
strong correlation between two brain regions, such as right frontopolar-right angular (FP2 - P4), left
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caudal postcentral-right intermediate postcentral (C3 - C4), left anterior transversal temporal-left or-
bital part of inferior frontal (T7 - F7), left caudal postcentral-left angular (C3 - P3), left orbital part of
inferior frontal-right parastriate (F7 - O2) and left occipitotemporal-right occipitotemporal (P7 - P8),
in terms of EEG signals compared to healthy individuals. It is not always easy for medical practition-
ers to rightly identify an epileptic patient without multiple EEG recording sessions. The discovered
epileptic signatures may help them in overcoming the lengthy existing procedure involved in epilepsy
detection. Moreover, this kind of predictions can come in handy with minimal human intervention
in peripheral and rural areas where proper medical facility is not available as of yet. The signa-
tures can quickly be employed to detect probable epilepsy, after which the patient can be referred for
proper medical care. Here, we have also discovered epilepsy signatures for different gender and age
groups. Female epileptic signature has shown a strong correlation between right intermediate frontal
and right angular (F4 -P4) in terms of EEG signals compared to male epileptic signature. Moreover,
child epileptic signature has depicted strong correlation between two brain regions, such as left caudal
postcentral-left parastriate (C3 - O1), left orbital part of inferior frontal-right angular (F7 - P4), right
triangular-right angular (F8 - P4) and left frontopolar-right intermediate frontal (FP1 - F4), in terms of
EEG signals compared to teenage and adult epileptic signatures. According to clinicians, identifying
the gender-specific epileptic signatures is an interesting concept and may be helpful in future.
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