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Refractory epilepsy often has deleterious effects on an individual’s health and quality of life. Early 
identification of patients whose seizures are refractory to antiepileptic drugs is important in considering 
the use of alternative treatments. Although idiopathic epilepsy is regarded as having a significantly 
lower risk factor of developing refractory epilepsy, still a subset of patients with idiopathic epilepsy 
might be refractory to medical treatment. In this study, we developed an effective method to predict 
the refractoriness of idiopathic epilepsy. Sixteen EEG segments from 12 well-controlled patients and 14 
EEG segments from 11 refractory patients were analyzed at the time of first EEG recordings before 
antiepileptic drug treatment. Ten crucial EEG feature descriptors were selected for classification. Three
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of 10 were related to decorrelation time, and four of 10 were related to relative power of delta/gamma. 
There were significantly higher values in these seven feature descriptors in the well-controlled group 
as compared to the refractory group. On the contrary, the remaining three feature descriptors related 
to spectral edge frequency, kurtosis, and energy of wavelet coefficients demonstrated significantly lower 
values in the well-controlled group as compared to the refractory group. The analyses yielded a weighted 
precision rate of 94.2%, and a 93.3% recall rate. Therefore, the developed method is a useful tool in 
identifying the possibility of developing refractory epilepsy in patients with idiopathic epilepsy.

Keywords: Early prediction; refractory seizure; EEG; idiopathic epilepsy; feature descriptor; support 
vector machine.

1. In troduction

Epilepsy is the most common chronic disease in pedi
atric neurology. About 0.5-1% of children develop 
epilepsy during their lifetime.1 Although 60-70% of 
patients are controlled by antiepileptic drugs (AED), 
still 30-40% of epileptic children are not controllable 
by AED,2 and are called refractory epilepsy. Regard
less of etiology, children with refractory epilepsy are 
exposed to a variety of physical, psychological, and 
social morbidities.3 Patients whose seizures are dif
ficult to control could benefit from nonpharmaco- 
logical therapies, including epilepsy surgery, deep 
brain stimulation,4 or ketogenic diets.5,6 Therefore, 
the early identification of patients whose seizures are 
refractory to AED would allow them to receive alter
native therapies at a more appropriate time.

Some studies report several risk factors for 
developing refractory epilepsy, including epileptic 
syndromes, age of onset, etiology, developmental sta
tus, electroencephalography (EEG) features, neu
roimaging findings, and seizure frequencies before 
treatment.7,8 Age at onset of epilepsy under 1 
year, remote symptomatic etiology, developmen
tal delay/mental retardation, abnormal EEG back
ground, frequent epileptiform discharges abnormal 
neuroimaging, a multiple first seizure, West syn
drome, more than one recurrence during the first six 
months after diagnosis and more than five seizures 
before diagnosis, are all significant predictors of 
a higher risk for developing refractory epilepsy. 
Conversely, idiopathic etiology is a significant pre
dictor of a lower risk.2,7,8 However, still a sub
set of patients with idiopathic epilepsy might be 
refractory to medical treatment.9,10 EEG analysis 
is widely employed to investigate brain disorders 
and to study brain electrical activity.11 Although 
EEG experts are able to qualitatively identify spe
cific EEG abnormalities by visual inspection, some

EEG parameters, including power, frequencies, and 
complexity cannot be analyzed without computer 
technology.12 In addition, visual screening relies on 
the EEG experts which can also result in subjective 
conclusions at times. Therefore, many approaches 
of computer-aided EEG analysis have been devel
oped and are applied to diagnose and treat neuro
logical diseases, such as epilepsy,11,13-25 Alzheimer 
disease,26-31 attention-deficit hyperactivity disor
der,32-34 autistic spectrum disorder,35,36 and major 
depressive disorder.37 Among these approaches, 
several linear and nonlinear features have been 
proposed or employed for EEG analysis, such as 
correlation dimension (CD),18,30,38 largest Lya
punov exponent (LLE),18,30,38,39 entropy-based,11,39 
coherence,17,27,29,31 synchronization,32-34,36 fractal 
dimension,11,26,35 frequency,13 higher order spec
tra ,11,22,39,40 power density spectrum,15,16 rela
tive convergence,37 empirical mode decomposition 
(EMD),21 and intrinsic time-scale decomposition 
(ITD).23 In addition, statistical analysis, e.g. 
analysis of variation (ANOVA),11,27,33,36,40 and 
some machine learning-based classi
fiers11,15,16,18,21,22,28,29,39,41 are used for feature 
discrimination and pattern identification. Another 
well-known approach of EEG analysis is the wavelet- 
chaos methodology.14,18,26,30,35,38 Based on a review 
of the related literatures, until now, there is no effec
tive method to predict the refractoriness in patients 
with idiopathic seizures, especially based on EEG 
analysis.

In this study, we attempted to develop an effi
cient, automated, and quantitative approach for 
early prediction of refractory idiopathic epilepsy 
based on well-controlled/refractory EEG classifi
cation analysis. In the proposed approach, a set 
of artifact-free EEG segments was acquired from 
the first EEG recordings of two classes of patients,
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namely, well-controlled and refractory. Note that 
all EEG recordings were performed before start
ing AED treatments on the patients. To search for 
the discriminative and significant EEG features and 
reduce the computation cost for the classification 
analysis, an approach involving global parametric 
features (GPF)12 was adopted for statistically char
acterizing EEG segments across channels as well 
as over time, and a gain ratio-based feature selec
tion was then performed. The advantage of using 
GPF was its capability of statistically characteriz
ing and comparing EEG segments regardless of the 
different recording durations and number of chan
nels. In addition, the gain ratio-based feature selec
tion was adopted because of its low computation 
complexity. After that, a well-known classification 
model based on the support vector machine (SVM) 
was trained with the corresponding selected feature 
data from EEG segments.42"44 The trained SVM was 
finally employed to classify an unknown patient as 
well-controlled or refractory. The utilization of SVM 
was due to its excellent discrimination and gener
alization capabilities and processing efficiency for 
high dimensional data. To increase the efficiency and 
reliability, some functionalities of two well-known 
free software packages, EPILAB and Weka,45,46 were 
integrated into the implementation of our approach. 
The former was applied for EEG feature extrac
tion, while the latter was applied for EEG feature 
selection and SVM-based classification model con
struction. We attempted to predict refractory idio
pathic epilepsy at an early stage in the current 
study.

2. M eth ods  

2.1. Subjects

To minimize the impact of EEG factors on refrac
tory epilepsy prediction, 23 Taiwanese children (nine 
boys and 14 girls) who had epileptiform discharges 
in their EEG examinations and were diagnosed 
with idiopathic epilepsy were enrolled, as shown 
in Table 1. The diagnosis of epilepsy was made 
according to the criteria established by the Interna
tional League Against Epilepsy (ILAE). Idiopathic 
epilepsy is defined as an epilepsy of predominately 
genetic or presumed genetic origin and in which 
there is no gross neuroanatomic or neuropathologic 
abnormality.47 They were divided into two epilepsy

groups, well-controlled and refractory. The num
bers of patients in the well-controlled and refrac
tory classes were 12 and 11, respectively. Participants 
were classified as having well-controlled epilepsy if 
they had achieved adequate seizure control relative 
to their epilepsy condition following the use of appro
priate AED treatment.48 In this study, no seizure 
was found for at least one year in well-controlled 
patients. Refractory epilepsy was defined as failure 
of seizure control, with more than two AED at max
imum tolerated doses, with an average of more than 
one seizure per month for 18 months, and no more 
than three consecutive months seizure-free during 
this interval.49 The mean age of seizure onset in the 
well-controlled group was 8 years ±2 years and in the 
refractory group was 9 years 9 months ±4 years. A 
written informed consent was given by a family mem
ber or legal guardian in each case. This study was 
approved by the Institutional Review Board of the 
Kaohsiung Medical University Hospital (KMUIRB- 
2012-01-09 (II), KMUHIRB-20120095).

2.2. E lectroencephalogram  
exam in a tion s

The patient was placed in a dark and quiet room 
and scalp EEG was recorded over a period of time, 
usually 20 min. The first EEG of each patient was 
analyzed before starting an AED treatment when 
they first visited our pediatric neurological depart
ment to exclude a drug effect. To minimize the pos
tictal effect, patients received EEG examinations at 
least five days after a seizure attack. Each EEG 
was recorded digitally using 21 electrodes with a 
200 Hz sampling rate (Harmonie DVN V5.1, Mon
treal, Canada). Amplifier characteristics were: 10,000 
times gain, low-pass filter at 60 Hz, and high-pass 
filter at 0.5 Hz. Electrodes were placed according 
to the International 10-20 System. All re c o rd in g s  

were performed during the daytime. To decrease the 
factors influencing EEG data, each patient main
tained the same state of wakefulness throughout the 
recording period. Only EEG segments in which the 
patient was awake were analyzed (presence of alpha 
activity, no segments with decreased alpha activity, 
increased theta activity, nor vertex sharp waves).50 
For an unbiased comparison of EEGs, patients who 
had a seizure attack during the recording period were 
excluded.12
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Table 1. Clinical characteristics of patients.

P atien t num ber Sex Present AED
Age of first 

EEG Seizure type CT or MRI
Seizure before 

first EEG

1 M
Well-controlled

OXC lOy Focal CT:NP 2
2 M nil 8y4m Focal CT:NP 1
3 F nil 7ylm Generalized ND 1
4 F nil 10y4m Focal ND 2
5 M nil 6y9m Generalized M RI:NP 1
6 F nil 5y9m Focal ND 1
7 M OXC 7y8m Focal CT:NP 3
8 F OXC 8y9m Generalized ND 1
9 F VPA lly 6 m Generalized ND 3

10 F CBZ 6y8m Focal CT:NP 1
11 F OXC 4y7m Focal M RI:NP 3
12 M OXC 8 y llm Focal ND 2

13 F LTG +  LEV
Refractory

9y Focal M RI:NP 2
14 M CBZ +  OXC +  TPX 4y9m Focal M RI:NP 2
15 F VPA +  OXC +  LEV +  NIT 7y8m Focal M RLNP 4
16 F OXC +  T PX  +  LEV +  CLO 9y Generalized CT:NP, MRLNP 3
17 M CBZ +  VPA +  C LO l +  LEV 16y3m Focal CT:NP 1
18 F OXC +  VIG +  CLO 13y8m Focal CT:NP 5
19 F VPA +  LTG 13y2m Generalized M RLNP 2
20 F VPA +  OXC 13y Generalized ND 2
21 F OXC +  LEV 5 y llm Focal MRLNP 3
22 M VPA +  LEV +  OXC lO yllm Generalized MRLNP 1
23 M CBZ +  T PX  +  CLO 4y2m Generalized CT:NP 1

Note: M: male, F: female, nil: No AED use, ND: not done, NP: normal, CBZ: carbamazepine, OXC: oxcarbazepine, 
VPA: valproic acid, LTG: lamotrigine, VIG: vigabatrin, NIT: nitrazepam , TPM : topam ax, CLO: clonazepam, LEV: 
levetiracetam.
P atients were not under any AED before their first EEG recordings.

2 .3 . E E G  classification analysis

In this study, an approach was developed for well- 
controlled/refractory classification by following the 
standard procedure of pattern recognition,51,52 as 
outlined in Fig. 1. Two phases were included in the 
approach, the training phase and the classification 
phase. The training phase was mainly composed of 
five steps, namely EEG acquisition, feature extrac
tion, feature transformation, feature selection, and 
SVM training. First, two classes of artifact-free EEG 
segments were acquired from the first EEG exam
inations of well-controlled and refractory patients, 
respectively. Then, 24 existing EEG features were 
extracted from each EEG segment and further trans
formed into 216 global feature descriptors. Next, a 
gain ratio-based feature selection51 was performed to 
select the best 10 discriminative descriptors. Finally,

the set of EEG segments characterized with the 
selected global feature descriptors and labeled with 
the corresponding classes was employed for training 
a SVM. After the training phase, the trained SVM 
was employed to classify an unknown patient as well- 
controlled or refractory in the classification phase. 
Below, each step is described in greater detail.

2.3.1. EEG acquisition

As mentioned above, 23 patients were enrolled 
in this study and divided into two classes, well- 
controlled and refractory, according to the ILAE cri
teria. A dataset, comprised of 16 well-controlled and 
14 refractory segments, was acquired from the 23 
enrolled patients. Note that for each patient, one, 
two, or three segments were acquired from his/her
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Fig. 1. Flowchart of our approach.

first EEG recording made before starting an AED 
treatment. A total of eight channels of longitudi
nal bipolar montage were adopted for the analy
sis. including F3-C3, F4-C4, C3-T3, C4-T4, T3-01, 
T4-02, 01-C3, and 02-C4. For an unbiased compar
ison, all EEG segments were acquired from artifact- 
free sections of awake recordings. In addition, the 
size of each segment ranged from 66 to 547s. The 
dataset was denoted with { ( ,  Ci) \i = 1,2, . . . ,  30}, 
where Et was the 8 x n j  matrix of the ith EEG 
segment with 8 bipolar channels and m  samples 
and Ci 6 {well-controlled, refractory} was the cor
responding class label of Ei.

2.3.2. Feature extraction

To characterize each EEG segment, a software 
package, i.e., EPILAB,45 was applied to extract uni
variate (one-channel-based) EEG features from the 
segment in the feature extraction step. EPILAB 
is a free Matlab-based software package developed 
for EEG-based epileptic seizure prediction by the 
European project EPILEPSIAE. To search for the

Table 2. EEG feature categories and the all corre
sponding features screened in current study.

Feature
categories Features

AR modelling AR modelling predictive error
predictive
error

Decorrelation Decorrelation tim e
tim e

Energy Energy
Entropy Approxim ate entropy, Sample 

entropy
H jorth Mobility, Complexity
Relative power D elta band (0.1-4 Hz), T h eta  band 

(4-8 Hz), A lpha band (8-15 Hz), 
B eta band (15-30 Hz), Gamm a 
band (30-2000 Hz)

Spectral edge Power, Frequency
Statistics 1st moment (mean), 2nd moment 

(variance), 3rd moment 
(skewness), 4 th  moment (kurtosis)

Energy of the Energy of Daubechies order 4
wavelet wavelet transform  in
coefficients decomposition levels 1, 2, 3, 4, 5, 6

crucial EEG features as comprehensively as possible, 
a total of 24 univariate EEG features were consid
ered and were divided into 9 categories, including 
AR modeling predictive error, decorrelation time, 
energy, entropy, Hjorth, relative power, spectral 
edge, statistics, and energy of the wavelet coeffi
cients, as shown in Table 2. These features were com
puted for each bipolar channel of each segment in a 
window-by-window manner, as illustrated in Fig. 2. 
The window size was set to 5 s as suggested in EPI
LAB. Therefore, a dataset of EEG feature matri
ces with corresponding class labels was obtained, 
F = {{Fii,Fi2, . . . ,  Fi24, Ci) | z =  1,2,. . .  ,30}, where 
Fij was the corresponding 8 x n J  matrix of the jth  
feature of Ei with 8 bipolar channels and = 
}n,/(5 x 200)J time windows and represented as the 
following equation:

7u ( l , l )  /v(l i 2) ••• fa i l  ,n')'
rp _  /u (2 ,1) fij(2,2) fij(2,n'i)~ . . • (1)

M  8-1) /u (8 ,2 )  ••• /v(8,»{).

Note that |yW(5 x 200)J denoted the floor function 
which mapped rZj/(5 x 200) to the largest previous 
integer n\. In addition, fij(l,k) denoted the feature

1450023-5



L.-C. Lin et at.

fi O

M C *

e s - f i
i

■

C4-T4
ft

■ ■ '■% i .
1

'T30J ‘s’.V'V5' F  A* ’,s- \v . .V

V'-'A*V. r-■

OI-C3 V-v-A AV*,m

OJ.C4

sr

Fig. 2. Illustration of feature extraction and transformation.

value element of FtJ and corresponded to the fcth 
time window in the Ith bipolar channel.

2.3.3. Feature transformation

To describe the distribution of feature values across 
8 bipolar channels as well as over n!i time windows 
in each feature matrix Fy, an approach involving 
GPF12 was adopted to transform each feature matrix 
Fy into a matrix of global feature descriptors in the 
feature transformation step. The advantage of GPF 
was its capability of statistically characterizing and 
comparing EEG segments regardless of the different 
recording durations and number of channels. As illus
trated in Fig. 2, for each feature matrix Fij, we first 
calculated the inter-channel average (AVG), inter
channel standard deviation (STD), and inter-channel 
signal to noise ratio (SNR) of feature values across 
eight bipolar channels in the Mh time window with 
the following equations:

1 8
AVG k(Fij) = - J 2 M 1̂ ) ,  (2)

8 i=i

equations:

n i

avg_AVG(F^) = AVGk{Fy),
n i k= 1

1
avgJSTD(Fy) = - J 2 STD k(Fij),

k=i

avgJSNR(Fy) = ~ J 2  SNRk(Fzj),

(5)

(6) 

(7)
1 k=1

std_AVG(Fy)

\ -  ^ (A V G  t(F„)-  avg.AVGI/’,/))2,
k— 1 (8)

std-STD(Fj)

\
n i

A  X > TD fc(F i)  -  avg-ST D (Fj))2,
fc=l

(9)
std_SNR(Fy)

STD k(Fzj)

SNR fc(F ,)

a ^ E ( / uM ) - A V G fe(F ,))2,
\ i=l

AVGfc(Fjj)
STDfe(Fjj)

(3)
(4)

After that, we further calculated the average over 
time (avg), standard deviation over time (std), and 
signal to noise ratio over time (snr) of AVGs, STDs, 
and SNRs over n\ time windows with the following

ni
—j E(SNRfc(Fj) -  avg_SNR(F,))2,
ni k= 1

( 10)

snr_AVG(Fj)
avg-AVG(Fj) 
std-AVG(Fj) ’ (11)

snr_STD(Fj)
avg-STD(Fj) 
std-STD(Fj) ’

( 12)

snr-SNR(Fj) avg.SNR(Fj) 
std_SNR(Fj)'

(13)
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Thus, each feature matrix Fy was transformed into 
a global feature descriptor matrix GF# as

avg_AVG(Fij) std-AVG(Fy) snr_AVG(Fy) 
avg_STD(Fy) std-STD(Fy) snrJSTDfFy) 
avg_SNR(Fg) std_SNR(Fy) snr_SNR(F^)

GF ij =

(14)

Finally, a dataset of transformed EEG global 
feature descriptor matrices with the corresponding 
class labels was obtained {(GFji, GFi2, . . . ,  GFi24, 
Ci) | i  =  1 ,2 ,...,30} .

2.3.4. Feature selection

In the previous step, we had obtained 24 transformed 
matrices, each of which contained nine global fea
ture descriptors for each EEG segment, resulting in a 
total of 216 global feature descriptors. These descrip
tors were denoted as gfd1,gfd2, . . .  ,gfd216. Among 
these descriptors, some may be redundant and/or 
may not contain enough discriminative information 
for the well-controlled/refractory classification. In 
addition, a classifier with a high number of features 
may suffer from the curse of dimensionality. There
fore, we applied the well-known free data mining soft
ware, Weka,46 for selecting discriminative ones from 
the 216 global feature descriptors. There are sev
eral feature selection measures developed in Weka. 
According to our experiments, the gain ratio mea
sure was adopted due to the low computation cost 
and satisfactory performance evaluation.51 For each 
global feature descriptor gfds, the corresponding 
gain ratio GainRatio (gfds) was calculated using the 
following equation:

GainRatio (gfds) Gain (gfds)
(15)Splitlnfo (g fd j ’ 

where Gain (g fd j denoted the information gain 
which was a measure of the change in information 
entropy after splitting the dataset into subsets with 
the global feature descriptor gfds; Splitlnfo (g fd j 
denoted the split information which was a measure 
of the information entropy generated by splitting 
the dataset into subsets with gfds, as defined in the 
following equation:

Splitlnfo (g fd j =  -  ^  x loS2 ( ] ^ )  > (16)

where D denotes the dataset, D i ,D 2, ■.., Dp denotes 
the mutually disjoint partitions of D,p  denotes the

number of partitions of D,\D\ and \Dj\ denote the 
corresponding number of data included in D and Dj 
respectively. Note that information entropy is a mea
sure of the uncertainty or unpredictability of infor
mation content in the information theory. It is usu
ally applied to measure the “impurity” of a dataset 
with respect to classes in classification analysis. The 
larger the gain ratio was, the more discriminative the 
gfds was. More details for the overview of gain ratio 
is described by Han et al.52 According to the ranking 
for each descriptor provided by the gain ratio mea
sure, the descriptors having the best 10 scores for the 
measure were chosen as the selected ones for each 
EEG segment. Note that more descriptors selected 
usually increase the computation cost while less 
descriptors selected may decrease the discriminative 
capability. Based on the results of our experiments, 
selecting the best 10 descriptors was efficient and 
acceptable for the well-controlled/refractory clas
sification. Table 3 presents the best 10 descrip
tors and the corresponding gain ratios. Three 
descriptors, including DecorrTime_avg_AVG, Decor- 
rTime_std_AVG, and DecorrTime.snr_STD, were 
related to “decorrelation time,” defined as the 
time of the first zero crossing of the autocorrela
tion sequence of the EEG signal in a considered 
window; four descriptors, RelPowDelta_avg_AVG, 
RelPowDelta_avg_SNR, RelPowDelta_snrJWG, and 
RelPowGamma_std_SNR, were related to “relative 
power of delta/gamma,” defined as the relative 
power of delta/gamma band in all spectral bands, 
including delta, theta, alpha, beta, and gamma, 
of the EEG signal in a considered window; one 
descriptor, SpectrEdgeFreq_avg_AVG, was related to 
“spectral edge frequency,” defined as the minimal fre
quency below which 50% of the total power of the 
EEG signal in a considered window were located; 
one descriptor, Kurtosis_snr_STD, was related to 
“kurtosis,” defined as a quantification of the rela
tive peakness of the amplitude distribution of the 
EEG signal in a considered window; one descriptor, 
Wavelet_db4JEnergyBand_5_snr_STD, was defined as 
the energy of Daubechies order 4 wavelet transform 
in decomposition level 5. Note that the string con
catenating in the rear of each feature name, namely 
“str_STR,” where str 6 (avg, std, snr} and STR £ 
{AVG, STD, SNR}, denoted the average, standard 
deviation, or signal to noise ratio over time of the 
inter-channel averages, standard deviations, or signal
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Table 3. Selected global feature descriptors and the corresponding ranking based on gain ratio measure.

Ranking Features (abbr.) Features (full) Gain ratio

1 DecorrTime_avg_AVG Decorrelation Time_avgjWG 0.538
2 RelPowDelta_avg_AVG Relative Power of Delta_avg_AVG 0.538
3 DecorrTime_std_AVG Decorrelation Time_std_AVG 0.450
4 SpectrEdgeFreq_avg_AVG Spectral Edge Frequency_avg_AVG 0.432
5 DecorrTime_snr_STD Decorrelation Time_snr_STD 0.405
6 RelPowDelta_avg_SNR Relative Power of Delta_avg_SNR 0.405
7 RelPowGamma_std_SNR Relative Power of Gamma_std_SNR 0.405
8 Kurtosis_snr_STD Kurtosis-snrJSTD 0.363
9 Wavelet_db4_EnergyBandJj-snr_STD Wavelet-db4_EnergyBand_5_snrJSTD 0.327

10 RelPowDelta_snr_A.VG Relative Power of Delta_snr_AVG 0.326

to noise ratios of the feature. By letting s f denote 
the value of jth  selected global feature descriptor for 
the ith EEG segment, a dataset of selected global fea
ture descriptor vectors with the corresponding class 
labels was obtained {(sfn , sfi2, . . . ,  sfil0,Ci) i = 
1,2,...,30}.

2.3.5. SVM training

To build a model for well-controlled/refractory 
classification, Z/-SVM,42 a well-known algorithm of 
SVMs, was adopted. SVMs are supervised learning 
models with associated learning algorithms for pat
tern classification and regression analysis. For a two- 
class classification problem, the basic idea of SVMs 
is to project the training data with kernels into a 
higher dimension space where the data are linearly 
separable and then to find an optimized hyperplane 
that separates the two classes of data and maxi
mizes the distance to the nearest data point, the so- 
called margin. To resolve the restricted constraint of 
no error on the training data in traditional SVMs 
and gain the control of generalization capability for 
test data, a parameter v was added into the I/-SVM. 
Therefore, ^-SVM was more suitable for complex 
classification problems.53 In this study, we employed 
the LibSVM,54 which is a library for support vec
tor machines and has been integrated into the Weka, 
to run the i/-SVM algorithm on the selected feature 
dataset {(sfa , sfi2, . . . ,  sfiW, Ci) \ i = 1,2, . . . ,  30}. 
The kernel type was chosen as radial basis function, 
and the related parameters of 1/-SVM, including nu 
(V), gamma (g), cost (c), and epsilon (p) were set as 
0.15, 0.1,1.0, and 0.001, respectively. In addition, the 
10-fold cross-validation mode was adopted for assess
ing how the trained k'-SVM model would generalize

to a nontraining dataset. The n-fold cross-validation 
is one of the most popular techniques for estimating 
the prediction error of a classifier and has also been 
widely utilized in many studies of medical analysis 
and applications.55-58 As suggested by Kohavi59 and 
Rodriguez et al.60 the value of n is optimally set as 
10, yielding a 10-fold cross-validation. The dataset 
was randomly partitioned into 10 equal size subsets, 
each of which contained three data points. Of the 
10 subsets, one was retained as the validation data 
for testing the model, and the remaining nine subsets 
were used as training data. The process was repeated 
10 times with each of the 10 subsets retained exactly 
once as the validation data, yielding a total of 30 val
idation data. To evaluate the accuracy of the classifi
cation model and results, several performance indices 
supported by Weka were calculated, including TP 
(true positive) rate, FP (false positive) rate, preci
sion, recall, F-measure, MCC (Matthews correlation 
coefficient),61 and ROC (Receiver operating char
acteristics) area.62 Let the considered class, well- 
controlled or refractory, be positive and the other 
one negative. A TP/FP occurred when the data 
was correctly/incorrectly classified into the positive 
class and it actually belonged to positive/negative 
class, while a TN (true negative)/FN (false negative) 
occurred when the data was correctly/incorrectly 
classified into the negative class and it actually 
belonged to negative/positive class. Accordingly, TP 
rate, FP rate, precision, recall, and F-measure were 
defined by the following equations:

TP rate =
num(TP) (17)num(TP) + num(FN) ’

FP rate =
num(FP) (18)num(FP) + num(TN) ’
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precision = num(TP)
(19)num(TP) +  num(FP) ’

recall =
num(TP)

(20)num(TP) +  num(FN) ’

F =
„ precision x recall 
2 x . . ,

precision +  recall (21)

where num(-) was the number of the corresponding 
event. MCC was a measure of the quality of two- 
class classification and was defined as the following 
equations61:

MCC
_ num(TP) x num(TN) -  num(FP) x num(FN)

y/Bi  X £?2

(22)

Bi =  (num(TP) +  num(FP))
x (num(TP) +  num(FN)), (23)

B -2 = (num(TN) +  num(FP))
x (num(TN) +  num(FN)). (24)

ROC area was a measure of the area under a ROC 
curve. It ranged between 0 and 1 and represented the 
probability that the classifier will rank a randomly 
chosen positive instance higher than a randomly cho
sen negative instance. More details about ROC area 
is described by Fawcett.62 According to the defini
tions of measures mentioned above, a better classi
fication model should produce a lower FP rate and 
higher TP rate, precision, recall, F-measure, MCC, 
and ROC area.

2.4. S ta tis tica l an a lysis

Data are shown as means ±  SD. Distributions of 
seizure type, age of first EEG, seizure number 
before diagnosis, and gender between well-controlled 
and refractory groups were compared by Chi-square 
tests. The Wilcoxon rank sum test was performed to 
verify the statistical significance of the selected 10 
features between the well-controlled and refractory 
groups. A p-value of less than 0.05 was considered 
statistically significant. All statistical analyses were 
conducted by SAS JMP (SAS Institute Inc., Cary, 
US).

3. R esu lts

As shown in Table 1,12 patients with well-controlled 
epilepsy and 11 patients with refractory epilepsy

were enrolled. Four of the 12 well-controlled patients 
were classified as having generalized seizures (33.3%) 
and the others had focal seizures; five of the 11 refrac
tory patients had generalized seizures (45.4%) and 
the others had focal seizures. All of the patients 
were idiopathic in etiology and had normal IQ. In 
the well-controlled group, seven patients received one 
kind of AED and five patients did not receive AED. 
In the refractory group, all of the patients received 
more than two AEDs. Brain computed tomography 
(CT) or Magnetic resonance imaging (MRI) were 
performed in 10 of the 11 refractory patients, and 
all of them showed unremarkable results. Six of the 
12 well-controlled patients received brain CT or MRI 
examinations, and revealed no definite intracranial 
lesion. Before their first EEG examinations, the aver
age number of seizure episodes were 1.8 ±  0.9 and 
2.4 ± 1 .3  times in the well-controlled and refractory 
groups, respectively. There were no significant dif
ferences in clinical characteristics, including age of 
the first EEG, gender, seizure type, and seizure num
ber before diagnosis, between the well-controlled and 
refractory groups.

3.1. Selected fea tu res  w ith  corresponding  
ranking based on gain  ra tio

There were 10 crucial feature descriptors selected for 
the well-controlled/refractory classification, includ
ing

DecorrTime_avg_A.VG, RelPowDelta_avg_AVG, 
DecorrTime_std_AVG, SpectrEdgeFreq_avg_AVG, 
DecorrTime_snr_STD, RelPowDelta_avg_SNR, 
RelPowGamma_std_SNR, Kurtosis_snr_STD, 
Wavelet_db4_EnergyBand_5_snr_STD, and 
RelPowDelta-snr_AVG,

which were ranked based on gain ratio as shown 
in Table 3. Gain ratio values ranged from 0.326 
to 0.538. As mentioned earlier, the larger the 
gain ratio was, the more discriminative for well- 
controlled/refractory classes the global feature 
descriptor was. Figure 3 shows the data distribution 
of 30 EEG segments acquired from 12 well-controlled 
patients, {Pi | 1 < i <  12}, and 11 refractory 
patients, {Pi | 13 <  i < 23} on the feature space gen
erated by the best two descriptors, i.e., DecorrTime_ 
avg_AVG and RelPowDelta_avg_AVG. Note that the 
string u—j ” concatenating in the rear of Pi denotes 
the j th  EEG segment acquired from patient i. In
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Fig. 3. Distribution of “RelPowDelta_avg_AVG” and 
DecorrTime_avg_AVG” feature values calculated from all 
30 EEG segments of 23 patients. Note that the string a- j” 
concatenating in the rear of Pi denotes the j th EEG seg
ment acquired from patient i. Besides, the data labeled 
by “hollow diamond” and “solid circle” correspond to 
well-controlled and refractory patients, respectively.

addition, the data labeled by “hollow diamond” 
and “solid circle” correspond to well-controlled 
and refractory patients, respectively. Apparently, 
the majority of data from the well-controlled 
patients demonstrated higher DecorrTime_avg_AVG 
and RelPowDelta_avg_AVG, while the majority 
of data from refractory patients showed lower 
DecorrTime_avg_AVG and RelPowDelta_avg_AVG. 
In other words, the set of the best two selected 
global feature descriptors truly possessed good dis- 
criminability for well-controlled/refractory classifi
cation. However, a few data points were far away 
from the corresponding groups of data, namely P ll, 
P22-1, and P22-2. Therefore, more additional global 
feature descriptors were required to increase discrim- 
inability.

3.2. Features com parison between
well-controlled and refractory groups

To verify the statistical significance of the selected 
10 global feature descriptors, the Wilcoxon rank 
sum test was used to compare these descrip
tors between well-controlled and refractory groups.

There were significantly higher DecorrTime_avg. 
AVG (0.088±0.025 versus 0.063±0.018,p = 0.0015), 
RelPowDelta.avg.AVG (0.523±0.155 versus 0.356± 
0.183,p = 0.0030), DecorrTime_std_AVG (0.019 ± 
0.006 versus 0.013 ±  0.008,p = 0.0261), DecorrTime. 
snr.STD (2.753 ±  1.052 versus 2.278 ±  1.618, p = 
0.0358), RelPowDelta.avg.SNR (6.581 ±6.194 versus 
4.634 ±  5.239, p =  0.0065), RelPowGamma.std.SNR 
(0.656 ± 0.252 versus 0.491 ±  0.244,p =  0.0483), 
and RelPowDelta_snr_AVG (8.590 ± 8.433 versus 
4.640 ± 1.589, p =  0.0065) in the well-controlled 
group than in the refractory group. On the contrary, 
there were significantly lower SpectrEdgeFreq.avg. 
AVG (4.232 ±  1.145 versus 5.530 ±  1.338, p =  
0.0083), Kurtosis_snr_STD (1.298 ±  0.327 versus 
1.694±0.306, p = 0.0044), and Wavelet_db4_Energy- 
Band_5-snr_STD (1.900 ± 0.788 versus 2.497 ±  0.617, 
p = 0.0261) in the well-controlled group than in 
the refractory group. Since all p-values in these tests 
were less than 0.05, the selected 10 global feature 
descriptors were considered statistically significant. 
We selected the best two feature descriptors to rep
resent the difference between the well-controlled and 
refractory groups. Figure 4 demonstrates a compari
son of “DecorrTime” and “RelPowDelta” feature val
ues in all bipolar channels between a well-controlled 
patient (Pl-2) and a refractory patient (P14). Also, 
the corresponding raw EEGs in a selected time 
interval [60, 70] from these two patients’ EEG seg
ments are also presented. From visual inspection of 
raw EEGs (Fig. 4(a)), it may be difficult to dis
tinguish the well-controlled patient from the refrac
tory patient. In addition, it is clear that there are 
more frequent epileptiform discharges are found in 
the raw EEG of the well-controlled patient than that 
of the refractory patient. However, by QEEG analy
sis (Fig. 4(b)), the values and variations of Decor
relation Time and Relative Power of Delta in all 
bipolar channels over time are significantly higher in 
the well-controlled patient (Pl-2) than those in the 
refractory patient (P14). This observation conforms 
with the statistical results mentioned above.

3.3. The classification results

As mentioned earlier, a 10-fold cross-validation 
mode, adopted for assessing how the trained Z/-SVM 
model would generalize to a nontraining dataset, 
yielded a total of 30 validation data. The set of val
idation data contained 16 data of EEG segments
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Fig. 4. A comparison of “DecorrTime” and “RelPowDelta” feature values in all bipolar channels and the corresponding 
selected raw EEGs between a well-controlled patient (P l-2) and a refractory patient (P14).

from 12 well-controlled patients and 14 data of EEG 
segments from 11 refractory patients. For the 16 
well-controlled EEG segments, 14 segments were cor
rectly classified into the desired well-controlled class, 
while only two segments, P2-2 from patient 2 and 
P l l  from patient 11, were incorrectly classified into 
the refractory class. However, there was no observed 
difference clinically between these two patients and 
the other patients in the well-controlled group, 
except that patient 11 was the youngest. Further
more, all the refractory segments were correctly clas
sified into the desired refractory class. Several perfor
mance indices for evaluating the classification result 
are listed in Table 4. Note that the index values listed

in the second and third row are calculated for view
ing the well-controlled class and refractory class as 
the positive one, respectively. In addition, each index 
value listed in the fourth row is the weighted average 
of the corresponding well-controlled and refractory 
values in the same column with weights 16 and 14, 
respectively. The results yield high weighted averages 
of TP rate (0.933), precision (0.942), recall (0.933), 
F-measure (0.933), MCC (0.875), ROC area (0.938), 
and a low weighted average of FP rate (0.058). In 
addition, 5-fold, 4-fold, 2-fold cross-validation modes 
were also performed and the corresponding num
ber of incorrectly classified segments were two, four, 
and five, respectively, yielding the corresponding

Table 4. Performance indices for evaluating the classification result.

Class T P  rate F P  rate Precision Recall F-measure MCC ROC area

Well-controlled 0.875 0.000 1.000 0.875 0.933 0.875 0.938
Refractory 1.000 0.125 0.875 1.000 0.933 0.875 0.938
Weighted Average 0.933 0.058 0.942 0.933 0.933 0.875 0.938
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Fig. 5. A comparison on the inter-session variability of classification performance between four validation modes.

weighted averages of precision (0.933, 0.872, and 
0.836, respectively), and the weighted averages of 
recall (0.933, 0.867, and 0.833, respectively). Figure 5 
compares the inter-session variability of classifica
tion performance between the four validation modes. 
Compared with the validation results of 4-fold and 
2-fold, the results of 10-fold and 5-fold presented less 
inter-session variability. The above results coincided 
with those suggested by Kohavi59 and Rodriguez 
et al.60 Apparently, the trained ^-SVM model pos
sessed an excellent generalization capability on the 
validation data and thus can be employed for classi
fying an unknown patient as well-controlled or refrac
tory efficiently and reliably.

4. D iscussion

Early prediction of children at risk of develop
ing refractory epilepsy is important for considering 
alternative treatments. Many studies have helped to 
identify a number of risk factors, such as remote 
symptomatic etiology, abnormal neuroimaging, a 
multiple first seizure, previous history of status 
epilepticus, an abnormal EEG and more than five 
seizures before diagnosis as significant predictors 
for developing refractory epilepsy.8,63-65 Conversely, 
idiopathic etiology is considered a significant predic
tor of lower risk.8 However, a number of patients 
with idiopathic epilepsy might be refractory to med
ical treatment.9 In the current study, we successfully

used a new EEG analytical method to predict refrac
tory epilepsy at an early stage in most patients with 
idiopathic epilepsy. In addition, the 10 significant 
features we obtained are associated with seizure pre
diction or classification and have been reported in the 
literatures, including decorrelation time and spectral 
edge frequency for seizure prediction, and relative 
power for classification of refractory epilepsy.66,67 
Mormann et al. report that prior to seizures, there is 
a decrease in the power related to the lower frequen
cies of the EEG, which leads to a drop in the decor
relation time.66 The deficit in absolute delta power 
is also found in a significant portion of refractory 
patients with epilepsy in a neurofeedback study.67 
In our study, there was significantly higher Decor- 
rTime_avg_AVG and RelPowDelta_avgJYVG in the 
well-controlled group than in the refractory group. 
It is suggested that refractory patients have a higher 
risk of seizure attacks than well-controlled patients. 
The main contributions of this study are as follows: 
(1) the first development of an efficient, automated 
and quantitative approach and tool for early pre
diction of refractory idiopathic epilepsy based on 
EEG classification analysis; (2) identification of sig
nificant and important EEG features for discriminat
ing between well-controlled idiopathic epilepsy and 
refractory idiopathic epilepsy.

QEEG analysis is a useful tool to evaluate back
ground EEG activity and to facilitate subsequent
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expert visual EEG interpretation.68 In clinical set
tings, it is sufficiently clinically useful in spike and 
seizure detection, and spike dipole analysis.68 There 
are many studies published regarding QEEG analy
sis that provide additional information for patients 
with epilepsy.69-71 Santiago-Rodriguez et al. analyze 
the background EEGs from 18 patients with juve
nile myoclonic epilepsy (JME). They report that 
patients with JME have normal background EEGs 
by visual inspection but have an increase in abso
lute power of delta, alpha and beta bands which 
are more evident in frontoparietal regions by QEEG 
analysis.50 Although the neurophysiological mean
ing of an increase in absolute power has not yet 
been elucidated, it is postulated that the abso
lute power of bands in EEGs are associated with 
enhanced synchronization of different neuronal popu
lations.72,73 Neuronal network hypersynchronization 
is a fundamental mechanism in idiopathic general
ized epilepsy.74 Sackellares et al. also use a novel 
QEEG analysis and seizure detection algorithm to 
assist Intensive Care Unit staff in timely identi
fication of nonconvulsive seizures.75 EPILAB was 
developed for researchers in performing studies on 
the prediction of epileptic seizures based on QEEG 
and classification methods.45 In this study, via data 
mining software, Weka, we built a discriminative 
method through feature transformation by integrat
ing the statistical analysis in inter-channel and time 
series EEG. Then, refractoriness of seizure was clas
sified based on the ^-SVM with weighted aver
ages of precision rate and recall rate as high as 
94.2% and 93.3% respectively. Moreover, weighted 
averages of FP rate (0.058) and the other perfor
mance indices, such as TP rate (0.933), F-measure 
(0.933), MCC (0.875), and ROC area (0.938) almost 
reached the optimal values 0 and 1 respectively. The 
good performance was mainly due to further fea
ture transformation with GPF for statistically char
acterizing well-controlled/refractory EEG segments 
across channels as well as over time, highly sig
nificant selected global feature descriptors, and the 
ẑ -SVAI with excellent discrimination and generaliza
tion capabilities. In addition, this study also revealed 
that the proposed approach possessed an efficient 
and reliable capability for early prediction of refrac
tory idiopathic epilepsy.

EEG abnormalities, abnormal neuroimaging, 
and seizure frequencies before diagnosis are risk

factors for developing refractory epilepsy.8,63 In 
this study, all of the patients showed epilepti
form discharges in their EEG examinations and all 
of the patients who received neuroimaging studies 
revealed unremarkable results. There was no sig
nificant difference in seizure number between the 
well-controlled and refractory groups. Consequently, 
the impact of the related risk factors, including 
EEG abnormalities, abnormal neuroimaging, and 
seizure number before first EEG, on our study was 
reduced.

Although the results demonstrated that the pro
posed method can provide a precise identification 
of refractoriness in patients with idiopathic seizures, 
this study at the present stage contains at least two 
limitations. First, the number of participants was 
somewhat limited. However, the statistical results 
are significant when the 10 global feature descrip
tors were compared between the well-controlled 
and refractory groups. Second, we only used pedi
atric subjects for analysis. Therefore, replications 
with more diverse subjects including pediatric and 
adult subjects in further studies may increase 
the reliability and generalization of our proposed 
method.

5. C o n clusion

We developed an efficient, automated and quantita
tive approach for identifying the possibility of devel
oping refractory epilepsy in patients with idiopathic 
epilepsy before initiating treatment with medica
tions. By utilizing our developed tool, it will help 
identify patients who require more intensive investi
gation and treatment at an early stage.
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