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Epileptic EEG signal recognition is an important method for epilepsy detection. In essence, epileptic EEG signal recognition is a
typical imbalanced classification task. However, traditional machine learning methods used for imbalanced epileptic EEG signal
recognition face many challenges: (1) traditional machine learning methods often ignore the imbalance of epileptic EEG signals,
which leads to misclassification of positive samples and may cause serious consequences and (2) the existing imbalanced
classification methods ignore the interrelationship between samples, resulting in poor classification performance. To overcome
these challenges, a graph-based extreme learning machine method (G-ELM) is proposed for imbalanced epileptic EEG signal
recognition. The proposed method uses graph theory to construct a relationship graph of samples according to data
distribution. Then, a model combining the relationship graph and ELM is constructed; it inherits the rapid learning and good
generalization capabilities of ELM and improves the classification performance. Experiments on a real imbalanced epileptic EEG
dataset demonstrated the effectiveness and applicability of the proposed method.

1. Introduction

Epilepsy is a common neurological disease that can cause
recurrent seizures. During seizures, injury or life-threatening
events may occur owing to the distraction or involuntary
spasms of the patient [1, 2]. In the clinical diagnosis of various
seizures, electroencephalogram (EEG) signal detection plays a
crucial role [3]. This is because the epileptic brain releases
characteristic waves during seizures. In recent years, an
increasing number of machine learning-based methods have
been applied for epileptic EEG signal recognition [4–8].
Figure 1 illustrates a machine learning method-based system
for epileptic EEG signal recognition. The figure shows that
an epileptic EEG signal recognition system involves the fol-
lowing three main steps: (1) a feature extraction method is
used on original epileptic EEG signals for training and testing,
(2) EEG signals after feature extraction for training are used to
train the machine learning-based model to build an epileptic
EEG signal recognition system, and 3) EEG signals after fea-
ture extraction for testing are then inputted into the epileptic
EEG signal recognition system for detection.

Previously, many machine learning methods have been
proposed for epileptic EEG signal recognition, such as the
naive Bayes method (NB) [9], K-nearest neighbor (KNN)
[10], support vector machine (SVM) [11], fuzzy system [12,
13], and extreme learning machine (ELM) [14, 15], and they
have shown good effectiveness. In essence, epileptic EEG
signal recognition is a typical imbalanced classification task
[16, 17]. Compared with negative samples (people without
epilepsy), positive samples (patients with epilepsy) have
extremely low representation and cannot be well classified
by traditional classifiers. Although the misclassification of
positive samples has little effect on the model accuracy, it
may cause serious medical malpractice. Therefore, traditional
machine learning methods face several critical challenges for
recognition of imbalanced epileptic EEG signals: (1) tradi-
tional machine learning methods often ignore the imbalance
of epileptic EEG signals and misclassify positive samples,
which may cause serious medical malpractice, and (2) exist-
ing imbalanced classification methods ignore the interrela-
tionship between samples, resulting in poor classification
performance. Therefore, building a classifier that considers
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the imbalance of the epileptic EEG signals and additional
knowledge of samples becomes imperative for classification
of imbalanced datasets with epileptic EEG signals.

To overcome these challenges, a novel imbalanced epi-
leptic EEG signal recognition method based on a graph and
ELM is proposed in this study. ELM has become a classical
machine learning method with its solid theoretical founda-
tions, fast training speed, and good predictive performance
[18, 19]. Although ELM can universally approximate to any
continuous functions, it is not effective for classifying imbal-
anced datasets. Therefore, it is necessary to adopt strategies
to make ELM correctly classify positive samples to obtain a
reasonable classification result of an imbalanced dataset. Pre-
viously, numerous imbalanced ELM-based methods have
been proposed. For example, Zong et al. [20] proposed the
weighted extreme learning machine (WELM), which pio-
neered the application of ELM in imbalanced classification.
Similarly, Zhang and Ji [21] proposed a fuzzy ELM (FELM),
which regulated the distributions of penalty factors by insert-
ing a fuzzy matrix. Yu et al. [22] proposed a special cost-
sensitive ELM (ODOC-ELM) for imbalanced classification
problems. Li et al. [23] proposed an ensemble WELM algo-
rithm based on the AdaBoost framework to learn the weights
of different samples adaptively. Yang et al. [24] proposed a
novel ELM-based imbalanced classification method by esti-
mating the probability density distributions for two imbal-
anced classes. Shukla and Yadav [25] combined CC-ELM
with WELM to propose a regularized weighted CC-ELM.

Xiao et al. [26] proposed an imbalanced ELM-based algo-
rithm for two classes of classification tasks by solving each
class classification error. Du et al. [27] proposed an online
sequential extreme learning machine with under- and over-
sampling(OSELM-UO) for online imbalanced big data
classification. In addition, some ELM-based imbalanced
methods, such as ensemble weighted ELM [28], class-
specific cost regulation ELM [29], label-weighted extreme
learning machine [30], and class-specific ELM [31], have also
been proposed. However, to the best of our knowledge, there
is no study that uses imbalanced ELM methods for epileptic
EEG signal recognition; therefore, it is necessary to propose
such a method for epileptic EEG signal recognition.

In this study, inspired by WELM, we propose a novel
graph-based ELM (G-ELM) for imbalanced epileptic EEG
signal recognition. First, we use the graph theory to con-
struct a relationship graph of samples according to their data
distribution. Then, we combine the relationship graph with
ELM to propose G-ELM. The experimental results on a real
imbalanced epileptic EEG dataset show that the proposed
method can address imbalanced classification of epileptic
EEG signals effectively. The main contributions of this study
are as follows.

(1) The proposed G-ELM sets the compensation for loss
of positive samples to be greater than that of negative
samples based on graph theory and then combines
with the ELM to classify imbalanced data effectively.
It is a novel imbalanced ELM-based method, which
attains a good classification performance and inherits
the rapid learning and good generalization capabili-
ties of ELM

(2) The proposed imbalanced classification method
attempts to consider both the imbalance and interre-
lationship of epileptic EEG samples to obtain better
performance for imbalanced epileptic EEG signal rec-
ognition. It can be utilized for imbalanced epileptic
EEG signal recognition. It not only realizes effective
classification of imbalanced epileptic EEG signals
from a new perspective but also expands application
of ELM-based algorithms

(3) We use six imbalanced classification evaluation indi-
ces, i.e., accuracy, precision, recall, F-measure, G_
means, and AUC, to compare the performance of
the proposed G-ELM and the existing imbalanced
ELM-based methods. Extensive experiments on a real
imbalanced epileptic EEG dataset indicate that the
proposed method can address imbalanced epileptic
EEG signal recognition effectively and outperform
the existing imbalanced ELM-based methods

The rest of this paper is organized as follows. Section 2
introduces the background underlying the proposed epilep-
tic EEG recognition method. In Section 3, the details of the
proposed G-ELM are presented. The performance of the
proposed method is evaluated with several comparative
methods in Section 4. The conclusions of this paper are
provided in Section 5.
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Figure 1: Illustration of the machine learning method-based system
for epileptic EEG signal recognition.
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2. Background

In this section, we briefly describe the background related to
the proposed epileptic EEG signal recognition method. It
includes the epileptic EEG dataset, the feature extraction
methods, and the classical ELM, which are used for epileptic
EEG signal detection.

2.1. Epileptic EEG Dataset. The real epileptic EEG dataset
used in this paper is Bonn [32], which is from the University
of Bonn, Germany. It can be publicly downloaded from the
following website (http://www.epileptologie-bonn.de/cms/
upload/workgroup/lehnertz/eegdata.html). There are five
groups (denoted by A–E, respectively) in Bonn. In each
group, there are 100 samples of 23.6 s segments. Detailed
descriptions of the five groups are given in Table 1. Groups
A and B are segments acquired from five healthy volunteers
with eyes open (Group A) and eyes closed (Group B). Groups
C–E are segments acquired from volunteers with epilepsy. In
Group C, EEG signals are measured in the hippocampus of
the brain during seizure-free intervals and those in Group
D are measured in the epileptogenic zone during seizure-
free intervals. In Group E, EEG signals are measured during

seizure activity. Five representative original epileptic EEG
signals of five different groups are shown in Figure 2.

2.2. Feature Extraction. Many studies [33–35] have shown
that the original EEG signals cannot be directly used for
training machine learning-based models and that feature
extraction is a necessary step. This is because the original
EEG signals are usually high dimensional, stochastic, non-
stationary, and nonlinear and the background noise in the
original signals is very complex. The commonly used fea-
ture extraction methods can be divided into three main cat-
egories: time domain analysis, frequency domain analysis,
and time-frequency analysis. Time domain analysis-based
methods extract the features by analyzing the characteristics
of original EEG signals, such as mean, variance, amplitude,
and kurtosis [36]. Frequency domain analysis-based methods
usually analyze the EEG signals in the frequency domain
to extract the features, such as fast Fourier transforms [37]
and short-time Fourier transforms [38]. As for time-
frequency analysis methods, the information of time and fre-
quency domain is considered simultaneously to extract the
features from original epileptic EEG signals. Typical time-
frequency analysis-based methods are wavelet transform

Table 1: Descriptions of the five groups in Bonn.

Groups Sizes of groups Descriptions of EEG signals

Healthy people
A 100 EEG signals obtained with eyes open

B 100 EEG signals obtained with eyes closed

Epileptic people

C 100 EEG signals measured in the hippocampus of the brain during seizure-free intervals

D 100 EEG signals measured in the epileptogenic zone during seizure-free intervals

E 100 EEG signals measured during seizure activity
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Figure 2: Representative original epileptic EEG signals of five different groups.

3Wireless Communications and Mobile Computing

http://www.epileptologie-bonn.de/cms/upload/workgroup/lehnertz/eegdata.html
http://www.epileptologie-bonn.de/cms/upload/workgroup/lehnertz/eegdata.html


methods [39, 40]. In this paper, we use the wavelet packet
decomposition [40] for feature extraction from original epi-
leptic EEG signals to simultaneously utilize the information
of time and frequency domain.

2.3. ELM. ELM [19], which was first proposed by Huang
et al., is a single-hidden-layer feedforward neural network
[41]. It can directly optimize the output weight of the hidden
layer by setting the number of hidden nodes, without paying
attention to the weight and offset of the input layer, which
can be generated randomly. Compared with other traditional
supervised learning methods, it has good generalization abil-
ity and high learning speed. Figure 3 shows the network
structure of an ELM.

ELM considers both empirical and structural risks, and
its objective function is as follows:

min  
1
2

βk k2 + 1
2
C〠

n

i=1
εik k2,

s:t:  h xið Þβ = yi + εi, i = 1, 2,⋯, n,

ð1Þ

where

Hn×m = h x1ð Þ, h x2ð Þ,⋯,h xnð Þð ÞT =

h1 x1ð Þ ⋯ hm x1ð Þ
⋮ ⋱ ⋮

h1 xnð Þ ⋯ hm xnð Þ

0
BB@

1
CCA

ð2Þ

represents the hidden layer feature matrix, where hiðx jÞ = g

ðAðiÞx j + biÞ, AðiÞrepresents the ith row of the weight matrix

Am×d, b = ðb1, b2,⋯,bmÞT represents the offset, xi ∈ℝd , i = 1,
2,⋯, n denotes the training samples, n is the number of
training samples, d is dimension, andm is the number of hid-
den nodes; ε = ðε1, ε2,⋯,εnÞT is the error matrix between the
network outputs and the target outputs. C is a penalty param-
eter, which can adjust the accuracy and generalization ability
of the ELM.

The optimization problem in (1) can be solved based on
the Karush–Kuhn–Tucker theory. The output weight of
ELM can be calculated by

β =
HT I

C
+HHT

� �−1
Y n <m,

I
C

+HHT
� �−1

HTY n ≥m:

8>>>><
>>>>:

ð3Þ

3. Graph-Based Extreme Learning Machine

In this section, a graph-based ELM (G-ELM) is proposed. We
first introduce the relationship graph of an imbalanced data-
set and then develop the proposed imbalanced classification
method G-ELM by combining the relationship graph with
an ELM.

3.1. Relationship Graph of an Imbalanced Dataset. In the con-
text of imbalanced classification problem, the relationships
between the training samples can be regarded as an undi-
rected graph.

Undirected graph can be expressed as G = ðV, EÞ, where
V is the vertex set of graph G and E is the edge set of graph
G. Figure 4 shows an undirected graph of an imbalanced syn-
thetic dataset with 7 samples, where 2 positive samples are
represented by a blue circle and 5 negative samples are repre-
sented by a red star. All samples are numbered for subse-
quent display. Note that there are connections between
samples in different classes and the weight is 1. Samples in
the same class are not connected.

The elements of an adjacency matrixW can be defined as
follows:

wij =
1, yi ≠ yj,

0, yi ≠ yj:

(
ð4Þ

Here, yi ∈ Y is the label of xi.
According to the above definition of the adjacency matrix

W, we can see that the distance of the samples in the same
class can be considered 0. For samples in different classes,
the distance between them can be considered 1.
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Figure 4: Graph structure of an imbalanced synthetic dataset.
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Then, the relationship graph matrix can be expressed as

L =D −W, ð5Þ

where D = diag ðW ⋅ 1n×1Þ is the degree matrix; 1n×1 stands
for a vector with n × 1, whose elements are exactly 1; n is
the number of training samples.

As for the imbalanced dataset X, we need to increase the
loss of misclassification of positive samples because the mis-
classification of positive samples (patients with epilepsy)
could cause serious consequences. This can be realized by
regulating the degree matrixD. The shortcomings of the cost
learning algorithm can be compensated by increasing the
relationship between samples. Therefore, the relationship
graph not only ensures the accuracy of positive sample clas-
sification but also makes up for the lack of the mutual rela-
tionships and prior knowledge between samples.

According to the above description, the relationship
graph matrix L of the synthetic dataset in Figure 4 can be
expressed as

1 2 3 4 5 6 7

1 2 0 0 0 0 −1 −1

2 0 2 0 0 0 −1 −1

3 0 0 2 0 0 −1 −1

0 0 0 2 0 −1 −1

5 0 0 0 0 2 −1 −1

6 −1 −1 −1 −1 −1 5 0

7 −1 −1 −1 −1 −1 0 5

L = 4
ð6Þ

3.2. Objective Function of G-ELM. According to the above
relationship graph and ELM, the objective function of the
G-ELM can be expressed as follows:

min  
1
2

βk k2 + 1
2
C〠

n

i=1
〠
n

j=1
εiLijεj,

s:t:  h xið Þβ = yi − εi, i = 1, 2,⋯, n:

ð7Þ

Here, X = ½x1, x2,⋯,xn� ∈ℝd×n, n is the number of sam-
ples in X, d is the sample dimension, and Y = ½y1, y2,⋯,yn�T
represents the true class label of the samples. H and hðxiÞ
are the same as defined in ELM. β = ½β1, β2,⋯,βm�T repre-

sents the output weight vector. ε = ½ε1, ε2,⋯,εn�T represents
the loss between the network outputs and the target outputs.

L =
L11 ⋯ L1n

⋮ ⋱ ⋮

Ln1 ⋯ Lnn

2
664

3
775
n×n

: ð8Þ

Equation (8) is the relationship graph matrix of the samples.
By comparing (7) with (1), we can see that G-ELM is

an improved version of ELM and still has the characteris-

tics of high learning speed and strong generalization abil-
ity from ELM.

3.3. Solution of G-ELM. In this subsection, we attempt to
optimize the objective function of G-ELM. According to
[20], the objective function of G-ELM is a convex optimiza-
tion problem. The specific optimization solution process is
as follows:

The Lagrangian function corresponding to (7) is

J = 1
2

βk k2 + 1
2
C〠

n

i=1
〠
n

j=1
εiLijεj − 〠

n

j=1
αi h xið Þβ − yi + εið Þ: ð9Þ

Let the derivation of J with respect to β, εi, αi equal to
zero:

∂J
∂β = β − 〠

n

i=1
αih xið Þ = 0⇒ β =HTα, ð10aÞ

∂J
∂εi

= −αi + C〠
n

j=1
Lijεj = 0⇒ α = CLε, ð10bÞ

∂J
∂αi

= h xið Þβ − yi + εi = 0⇒Hβ − Y + ε = 0: ð10cÞ

Substituting (10a) and (10b) into (10c), we obtain

HHTα − Y +
1
C
L−1α = 0⇒ HHT +

1
C
L−1

� �
α = Y

⇒ LHHT +
I
C

� �
α = LY:

ð11Þ

Combining (10a) and (11), we obtain

β =
HT LHHT +

I
C

� �1
LY n <m,

HTLH +
I
C

� �1
HTLY n ≥m:

8>>>><
>>>>:

ð12Þ

With the obtained solution, i.e., β∗, the predicted class
label of the testing sample can be obtained as follows:

ytest = sign xtestβ∗ð Þ, ð13Þ

where xtest is a testing sample.

3.4. Learning Algorithm of G-ELM. According to the above
derivation, the implementation of G-ELM is summarized in
Algorithm 1.

4. Experiments

To demonstrate the effectiveness of the proposed G-ELM, we
conducted extensive experiments on a real epileptic EEG
dataset. The proposed G-ELM was verified by comparing it
with five ELM-based methods, i.e., ELM [19], W1-ELM
[20], W2-ELM [20], R1-ELM [25], and R2-ELM [25], using
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six imbalanced classification evaluation indices and average
standard deviation on the real Bonn dataset. Except for
ELM, the other comparison methods are imbalanced classifi-
cation methods. All the experiments were conducted on a
computer with Intel Core i5-3317U 1.70GHz CPU and 16
GB RAM by using MATLAB 2016a. The details of the exper-
imental settings and results are presented in the following
sections.

4.1. Data Preparation. Although the real Bonn dataset has
been used in many studies, the way of using it in this study
differs from those in previous works. To evaluate the perfor-
mance of the proposed G-ELM, nine imbalanced datasets
were generated from the original five groups of EEG signals
to simulate the imbalanced classification scenario. The details
of the nine datasets are summarized in Table 2. In each data-
set, the EEG signals of patients with epilepsy (E) were
regarded as a positive class, while the other groups were
regarded as a negative class, to identify whether the patients
with epilepsy are experiencing seizure activity. A brief
description of the five groups (A, B, C, D, and E) can be
found in Table 1. The last column of Table 2 is IR, which is
used to show the degree of imbalance of the dataset. IR can
be defined as follows:

IR = n−

n+
, ð14Þ

where n+ and n‐ represent the number of samples of the pos-
itive class and the negative class, respectively.

In our experiment, we randomly partitioned each dataset.
In each dataset, 80% of the dataset were used for training and
the remaining 20% were used for testing.

4.2. Evaluation Indices. In our experiments, we used six
imbalanced classification evaluation indices to evaluate all
the adopted methods. The six imbalanced classification eval-
uation indices were accuracy, precision, recall, F-measure,
G_means, and AUC, which can be, respectively, defined as

Accuracy =
TN + TPð Þ

TP + TN + FP + FNð Þ ,

Precision =
TP

TP + FPð Þ ,

Recall =
TP

TP + FNð Þ ,

F −measure =
2 ⋅ recall ⋅ precisionð Þ
recall + precisionð Þ ,

G means =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
TP

TP + FNð Þ ⋅
TN

TN + FPð Þ

s
: ð15Þ

Here, TP is the number of true positive samples, FN is
the number of false negative samples, TN is the number of
true negative samples, and FP is the number of false pos-
itive samples, respectively.

AUC = 〠
i∈N +

〠
j∈N −

I P xið Þ, P x j
� �� �

n+n−
, ð16Þ

where N + is the set of all the indexes of the positive sam-
ples and N − is the set of those of the negative samples;
n+ = jN +j and n− = jN −j. PðxÞ is the prediction value of
x. Ið·Þ is the indicator function

I P xið Þ, P x j
� �� �

=

1, P xið Þ > P x j
� �

,

0:5, P xið Þ = P x j
� �

,

0, 0, P xið Þ < P x j
� �

:

8>><
>>: : ð17Þ

Input: The training samples X = ½x1, x2,⋯,xn� ∈ℝd×n and their corresponding labels Y = ½y1, y2,⋯,yn�T , where xi ∈ℝdði = 1, 2,⋯,nÞ.
The number of the hidden nodes m; the input weights A ∈ℝm×d and input biases b ∈ℝm; the penalty parameter C.
Output: The predicted class label of the testing sample xtest .
Step 1: Construct the mapping matrix of hidden layer H according to Eq. (2).
Step 2: Compute the relationship graph matrix corresponding to the training samples X according to Eq. (4) and Eq. (5).
Step 3:

If n <m
Then compute the output weight vector β∗ using the first formula in Eq. (12).
Else compute β∗ using the second formula in Eq. (12).

Step 4: Return the predicted class label of the testing sample ytest = sign ðxtestβ∗Þ.

Algorithm 1: G-ELM.

Table 2: Nine datasets constructed from Bonn for the experiments.

Datasets Negative classes Positive class Sizes IR
D1 A, C E 300 2

D2 B, C E 300 2

D3 A, D E 300 2

D4 B, D E 300 2

D5 A, B, C E 400 3

D6 A, B, D E 400 3

D7 A, C, D E 400 3

D8 B, C, D E 400 3

D9 A, B, C, D E 500 4
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F-measure, G_means, and AUC are commonly used
imbalanced classification evaluation indices [42–45].

4.3. Adopted Methods and Parameter Settings. In the experi-
ments, five ELM-based methods, i.e., ELM [19], W1-ELM
[20], W2-ELM [20], R1-ELM [25], and R2-ELM [25],
were adopted for comparisons with G-ELM. Referring to
the guidelines in [2, 20, 46], a grid search strategy based

on G_means was used to determine appropriate parame-
ters of all the methods. We set parameter C in the range
of 2½−28:2:28� and parameter m in the range of f50, 100,
300, 500, 1000g for all the adopted methods. All the
adopted methods were run ten times on each generated
imbalanced dataset. The average experimental results cor-
responding to the six imbalanced classification evaluation
indices are reported.

Table 3: Results of all methods on the accuracy index.

Datasets ELM W1-ELM W2-ELM R1-ELM R2-ELM G-ELM

D1 0.8903(0.0027) 0.8593(0.0149) 0.8815(0.0176) 0.9389(0.0012) 0.9178(0.0041) 0.9489(0.0011)

D2 0.8744(0.0033) 0.8513(0.0150) 0.8574(0.0139) 0.9333(0.0021) 0.9207(0.0025) 0.9533(0.0023)

D3 0.8867(0.0056) 0.8472(0.0108) 0.8513(0.0125) 0.9067(0.0028) 0.8989(0.0022) 0.9511(0.0011)

D4 0.8633(0.0052) 0.8593(0.0153) 0.8452(0.0179) 0.9167(0.0019) 0.8989(0.0024) 0.9433(0.0024)

D5 0.7475(0.0081) 0.8594(0.0144) 0.8674(0.0229) 0.8917(0.0034) 0.7625(0.0058) 0.9383(0.0035)

D6 0.8325(0.0097) 0.8712(0.0167) 0.8657(0.0201) 0.9217(0.0031) 0.8258(0.0109) 0.9425(0.0028)

D7 0.8783(0.0035) 0.8774(0.0192) 0.8681(0.0088) 0.9283(0.0020) 0.9158(0.0023) 0.9550(0.0018)

D8 0.9042(0.0045) 0.8519(0.0166) 0.8625(0.0128) 0.9225(0.0036) 0.9125(0.0036) 0.9533(0.0018)

D9 0.9102(0.0041) 0.8675(0.0151) 0.8658(0.0127) 0.9180(0.0039) 0.8880(0.0029) 0.9480(0.0033)

Ave 0.8653 0.8605 0.8628 0.9198 0.8823 0.9482

Ave. std 0.0052 0.0153 0.0155 0.0027 0.0041 0.0022

Table 4: Results of all methods on the recall index.

Datasets ELM W1-ELM W2-ELM R1-ELM R2-ELM G-ELM

D1 0.7467(0.0072) 0.8231(0.0194) 0.8048(0.0219) 0.8533(0.0056) 0.8967(0.0038) 0.9367(0.0021)

D2 0.7233(0.0083) 0.8051(0.0351) 0.7881(0.0194) 0.8467(0.0034) 0.8667(0.0031) 0.9033(0.0038)

D3 0.8403(0.0088) 0.7933(0.0172) 0.7947(0.0184) 0.9233(0.0045) 0.9233(0.0055) 0.9533(0.0034)

D4 0.7867(0.0064) 0.7625(0.0199) 0.8156(0.0354) 0.8767(0.0045) 0.8833(0.0047) 0.9196(0.0034)

D5 0.7167(0.0110) 0.8006(0.0201) 0.8509(0.0218) 0.7967(0.0080) 0.8567(0.0045) 0.8489(0.0035)

D6 0.6867(0.0134) 0.8037(0.0270) 0.8374(0.0166) 0.8333(0.0054) 0.8498(0.0065) 0.8805(0.0056)

D7 0.7405(0.0093) 0.7825(0.0273) 0.7751(0.0162) 0.8597(0.0042) 0.8906(0.0045) 0.8933(0.0028)

D8 0.7667(0.0054) 0.7619(0.0254) 0.8125(0.0272) 0.8933(0.0053) 0.9033(0.0058) 0.9267(0.0028)

D9 0.6902(0.0114) 0.7972(0.0150) 0.8143(0.0172) 0.8533(0.0034) 0.8667(0.0054) 0.8896(0.0045)

Ave 0.7442 0.7922 0.8104 0.8596 0.8819 0.9058

Ave. std 0.0090 0.0229 0.0216 0.0049 0.0049 0.0035

Table 5: Results of all methods on the precision index.

Datasets ELM W1-ELM W2-ELM R1-ELM R2-ELM G-ELM

D1 0.9078(0.0058) 0.8247(0.0304) 0.8342(0.0301) 0.9619(0.0087) 0.8648(0.0097) 0.9126(0.0029)

D2 0.8801(0.0077) 0.7878(0.0313) 0.7901(0.0298) 0.9497(0.0077) 0.8914(0.0063) 0.9569(0.0091)

D3 0.8279(0.0125) 0.8009(0.0261) 0.7911(0.0212) 0.8208(0.0062) 0.8040(0.0053) 0.9053(0.0026)

D4 0.8054(0.0124) 0.8725(0.0375) 0.7729(0.0290) 0.8761(0.0079) 0.8267(0.0060) 0.9131(0.0085)

D5 0.5031(0.0107) 0.8438(0.0360) 0.8609(0.0434) 0.7845(0.0147) 0.5178(0.0078) 0.9007(0.0102)

D6 0.6825(0.0243) 0.8833(0.0388) 0.8502(0.0399) 0.8541(0.0112) 0.6244(0.0216) 0.8952(0.0125)

D7 0.7714(0.0131) 0.7905(0.0400) 0.8817(0.0349) 0.8568(0.0088) 0.7985(0.0067) 0.9266(0.0092)

D8 0.8431(0.0149) 0.8466(0.0359) 0.7732(0.0233) 0.8194(0.0120) 0.7860(0.0119) 0.8932(0.0083)

D9 0.8374(0.0176) 0.8414(0.0204) 0.8229(0.0367) 0.7701(0.0139) 0.6733(0.0087) 0.8650(0.0174)

Ave 0.7843 0.8324 0.8197 0.8548 0.7541 0.9076

Ave. std 0.0132 0.0329 0.0320 0.0101 0.0093 0.0090
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4.4. Experimental Results. To evaluate the classification per-
formance of the proposed G-ELM, five ELM-based methods
were used for performance comparison. All experiments
were repeated ten times for fairness. The mean and standard
deviation of the corresponding indices of all methods in each
dataset are reported in Tables 3–8. The best results are shown
in bold. The improvement of G-ELM relative to ELM on all

datasets using the six imbalanced classification evaluation
indices is shown in Figure 5.

According to experimental results in Tables 3–8, the fol-
lowing observations can be made:

(1) For the adopted six imbalanced classification evalua-
tion indices, the proposed G-ELM performs best on

Table 6: Results of all methods on the F-measure index.

Datasets ELM W1-ELM W2-ELM R1-ELM R2-ELM G-ELM

D1 0.8187(0.0047) 0.7716(0.0111) 0.8103(0.0218) 0.9031(0.0013) 0.8797(0.0053) 0.9244(0.0016)

D2 0.7931(0.0057) 0.7561(0.0225) 0.7808(0.0151) 0.8946(0.0028) 0.8786(0.0035) 0.9285(0.0031)

D3 0.8323(0.0075) 0.7620(0.0130) 0.7680(0.0151) 0.8686(0.0036) 0.8590(0.0028) 0.9285(0.0017)

D4 0.7942(0.0062) 0.7628(0.0152) 0.7539(0.0220) 0.8755(0.0021) 0.8536(0.0033) 0.9158(0.0032)

D5 0.5883(0.0073) 0.7463(0.0123) 0.7636(0.0188) 0.7872(0.0044) 0.6444(0.0054) 0.8739(0.0053)

D6 0.6762(0.0121) 0.8032(0.0250) 0.8285(0.0231) 0.8423(0.0052) 0.7148(0.0134) 0.8854(0.0040)

D7 0.7528(0.0061) 0.7924(0.0261) 0.7507(0.0116) 0.8575(0.0033) 0.8412(0.0037) 0.9089(0.0032)

D8 0.8012(0.0074) 0.7708(0.0233) 0.7797(0.0176) 0.8531(0.0056) 0.8387(0.0053) 0.9089(0.0030)

D9 0.7545(0.0108) 0.7130(0.0178) 0.7069(0.0149) 0.8079(0.0074) 0.7566(0.0044) 0.8744(0.0068)

Ave 0.7568 0.7642 0.7714 0.8544 0.8074 0.9054

Ave. std 0.0075 0.0185 0.0178 0.0040 0.0052 0.0036

Table 7: Results of all methods on the G_means index.

Datasets ELM W1-ELM W2-ELM R1-ELM R2-ELM G-ELM

D1 0.8471(0.0040) 0.8242(0.0102) 0.8516(0.0174) 0.9150(0.0012) 0.9122(0.0033) 0.9458(0.0012)

D2 0.8286(0.0047) 0.8318(0.0197) 0.8402(0.0125) 0.9092(0.0016) 0.9057(0.0023) 0.9399(0.0014)

D3 0.8738(0.0055) 0.8213(0.0105) 0.8253(0.0120) 0.9106(0.0025) 0.9046(0.0022) 0.9516(0.0015)

D4 0.8417(0.0041) 0.8010(0.0108) 0.8201(0.0182) 0.9059(0.0011) 0.8948(0.0024) 0.9372(0.0016)

D5 0.7352(0.0055) 0.8270(0.0081) 0.8188(0.0147) 0.8570(0.0022) 0.7909(0.0038) 0.9069(0.0025)

D6 0.7757(0.0074) 0.8496(0.0169) 0.8346(0.0147) 0.8901(0.0028) 0.8326(0.0073) 0.9203(0.0004)

D7 0.8265(0.0046) 0.8518(0.0179) 0.8151(0.0073) 0.9043(0.0016) 0.9069(0.0022) 0.9334(0.0009)

D8 0.8532(0.0037) 0.8203(0.0178) 0.8459(0.0134) 0.9123(0.0025) 0.9091(0.0023) 0.9442(0.0007)

D9 0.8154(0.0071) 0.8452(0.0124) 0.8048(0.0069) 0.8927(0.0025) 0.8796(0.0020) 0.9253(0.0009)

Ave 0.8219 0.8303 0.8285 0.8997 0.8818 0.9338

Ave. std 0.0052 0.0138 0.0130 0.0020 0.0031 0.0012

Table 8: Results of all methods on the AUC index.

Datasets ELM W1-ELM W2-ELM R1-ELM R2-ELM G-ELM

D1 0.8542(0.0035) 0.8371(0.0088) 0.8679(0.0167) 0.9175(0.0009) 0.9125(0.0034) 0.9458(0.0012)

D2 0.8367(0.0042) 0.8418(0.0159) 0.8438(0.0117) 0.9117(0.0016) 0.9067(0.0023) 0.9408(0.0015)

D3 0.8750(0.0055) 0.8409(0.0102) 0.8319(0.0120) 0.9108(0.0025) 0.9050(0.0022) 0.9517(0.0015)

D4 0.8442(0.0042) 0.8162(0.0113) 0.8546(0.0176) 0.9067(0.0011) 0.8950(0.0024) 0.9375(0.0016)

D5 0.7372(0.0054) 0.8296(0.0070) 0.8239(0.0128) 0.8607(0.0020) 0.7939(0.0035) 0.9089(0.0025)

D6 0.7839(0.0071) 0.8616(0.0156) 0.8403(0.0147) 0.8922(0.0027) 0.8339(0.0072) 0.9217(0.0004)

D7 0.8322(0.0041) 0.8569(0.0166) 0.8165(0.0067) 0.9056(0.0016) 0.9072(0.0022) 0.9344(0.0009)

D8 0.8583(0.0037) 0.8319(0.0167) 0.8561(0.0114) 0.9128(0.0025) 0.9094(0.0023) 0.9444(0.0007)

D9 0.8275(0.0062) 0.8494(0.0119) 0.7990(0.0070) 0.8938(0.0026) 0.8794(0.0020) 0.9263(0.0010)

Ave 0.8277 0.8406 0.8371 0.9013 0.8826 0.9346

Ave. std 0.0049 0.0127 0.0123 0.0019 0.0031 0.0013
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most datasets. This is because G-ELM can suppress
the misclassification of negative samples while con-
sidering the accuracy of positive samples and has a
high classification performance, which is suitable
for imbalanced epileptic EEG signal recognition

(2) In general, G-ELM, R1-ELM, R2-ELM, W1-ELM,
and W2-ELM achieved better performances than
ELM. This is due to the addition of a cost matrix,
which makes them more suitable for imbalanced
classification. Moreover, G-ELM has the best effect
because it adds sample information using a relation-
ship graph

(3) Tables 4 and 5 show the results of recall and precision
of all methods. They evaluate the performance of

imbalanced classification from two different perspec-
tives. From the excellent performance of G-ELM in
Tables 4 and 5, we can see that adding information
regarding relationships between samples can increase
the weight of positive samples
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Figure 5: Improvement of G-ELM compared with ELM across six indices on all datasets.
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Figure 6: Rankings of all methods (Friedman test).

Table 9: The post hoc hypothesis test results (αFri = 0:05).

i Methods z pFri Holm Hypothesis

5 ELM 4.535574 0.000006 0.01 Rejected

4 W1-ELM 4.283597 0.000018 0.0125 Rejected

3 W2-ELM 4.283597 0.000018 0.016667 Rejected

2 R2-ELM 2.645751 0.008151 0.025 Rejected

1 R1-ELM 1.259882 0.207712 0.05 Not rejected
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(4) F-measure and G_means in Tables 6 and 7 are two
important indices to measure the performance of
imbalanced classification methods, which can be
combined with recall and precision to evaluate the
effect of the methods. From the results, we can see
that the proposed G-ELM has the best performance.
It has excellent performance in imbalanced epileptic
EEG signal recognition

(5) AUC is an important index to evaluate imbalanced
classifiers. From Table 8, we can see that the perfor-
mance of G-ELM on all datasets is the best. G-ELM
has excellent performance in imbalanced classifica-
tion and good effectiveness of imbalanced epileptic
EEG signal recognition

4.5. Statistical Analysis. Statistical analysis was performed to
further analyze the performances of all the adopted methods
in our experiments. For conciseness, we only present statisti-
cal analysis of the G_means results. Firstly, the Friedman test
[47] was used to calculate the average ranking of each
method. The rankings of all the adopted methods are shown
in Figure 6. In Figure 6, we can see that the performance of G-
ELM is the best.

Then, the post hoc hypothesis test [48] was used to eval-
uate the statistical significance of the performance differences
between G-ELM and the other adopted methods. Post hoc
hypothesis test results ðαFri = 0:05Þ are presented in Table 9.
In Table 9, we can see that the null hypothesis is rejected
when pFri ≤ 0:025 due to pFri ≤Holm. Therefore, perfor-
mance differences between G-ELM and the other adopted
methods are significant, which means that G-ELM is effective
for imbalanced epileptic EEG signal recognition.

5. Conclusions

In this study, we aimed to address the challenge that tradi-
tional machine learning methods ignore the imbalance of
epileptic EEG datasets and the existing imbalanced classifica-
tion methods ignore the relationships between samples. A
graph-based ELM was proposed for imbalanced epileptic
EEG signal recognition. First, graph theory was used to con-
struct the relationship between samples according to the dis-
tribution. Second, a model combining the relationship graph
and ELM was proposed; this model inherited the rapid learn-
ing and good generalization capabilities of ELM while main-
taining satisfactory classification. Experiments on a real
imbalanced epileptic EEG dataset demonstrated the effective-
ness and applicability of the proposed method. However,
there is still room for improvement in the scope and search
method of the optimal parameters in this experiment. In
the future, ways to design a better method to determine the
optimal parameters will be further studied and explored.
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