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1  |  INTRODUC TION

Epilepsy is a neurological disorder characterized by the unpredictable 
occurrence of seizures. In most patients, seizures are controlled using an-
tiepileptic drugs (AEDs). Despite treatment with AEDs, some patients still 

experience uncontrolled seizures. Patients with epilepsy whose seizures 
are either controlled or uncontrolled tend to be under psychological dis-
tress and carry a social burden,1 which affects their quality of life (QOL).

Therefore, QOL is an important issue for not only patients with 
epilepsy but also physicians.2,3 Depression is a common comorbidity 
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Abstract
Aims: Quality of life (QOL) is an important issue for not only patients with epilepsy but 
also physicians. Depression has a large impact on QOL. Nonlinear electroencepha-
logram (EEG) analysis using machine learning (ML) has the potential to improve the 
accuracy of the diagnosis of epilepsy. Therefore, in this study, we examined EEG non-
linearity, EEG correlates of QOL in patients with epilepsy, and the accuracy of EEG 
for the interval from seizure without awareness (SA– ) and for depression, using ML.
Methods: The Side Effects and Life Satisfaction (SEALS) inventory was used to assess 
QOL, and the Neurological Disorders Depression Inventory for Epilepsy (NDDI- E) 
was used as a screening tool for depression on the date of the EEG recording. EEG 
with wavelet denoising (WD), the Savitzky– Golay filter, and non- denoising were cre-
ated in combination with low-  and high- pass filters. These EEG sets were adopted for 
phase space reconstruction methods. Using a generalized linear mixed- effects model 
for SEALS, sample entropy as a measurement of regularity, SA– , seizure with aware-
ness, and depression were examined.
Results: WD and non- denoising EEG sets in the bilateral posterior temporal- occipital, 
centro- parietal, parieto- occipital, and Fz– Cz of the 10– 20 method were associated 
with SEALS and demonstrated nonlinearity, and the moderate effects of classification 
for the interval elapsed from SA–  and for depression. When the intervals from SA–  
were added, the effects of the EEG classification for depression increased.
Conclusion: These findings suggest that EEG regions associated with QOL showing 
nonlinearity are useful for classifying SA–  and depression.

K E Y W O R D S
depression, EEG, epilepsy, nonlinear, phase reconstruction, QOL

www.wileyonlinelibrary.com/journal/nppr
mailto:￼
https://orcid.org/0000-0002-0500-0259
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:azma@med.nagoya-cu.ac.jp


334  |    AZUMA and AKECHI

reported to occur in more than 30% of community- based epilepsy 
cases and has a large impact on QOL.4,5 The Side Effects and Life 
Satisfaction (SEALS) inventory has been reported to provide in-
formation on QOL that is complementary to the Quality of Life in 
Epilepsy Inventory- 31- P (QOLIE- 31- P).6,7 Among various QOL in-
struments, SEALS has been reported as being useful in selected 
situations for patients with epilepsy.8 We previously suggested 
that using both SEALS and the Neurological Disorders Depression 
Inventory for Epilepsy (NDDI- E), a screening tool for depression, 
may be useful for detecting various aspects of QOL in the clinical 
setting.9,10

Electroencephalogram (EEG), which measures brain function, 
has been clinically used for the diagnosis of epilepsy by means of vi-
sual inspection.11 Recently, nonlinear methods using EEG have been 
reported for the diagnosis of epilepsy or for seizure prediction using 
machine learning (ML).12,13 We are interested in the recent progress 
in the diagnosis of epilepsy using nonlinear EEG analysis. Therefore, 
in this study, we examined EEG nonlinearity, EEG correlates of QOL 
in patients with epilepsy using nonlinear EEG analysis, and the accu-
racy of EEG as a measure of regularity with regard to the frequency 
of epileptic seizure without awareness (SA– ) and depression, using 
ML methods.

2  |  METHODS

From January to August 2019, a total of 251 patients with epi-
lepsy (age > 18 years) who visited the outpatient clinic at Nagoya 
City University Hospital were examined. The inclusion criterion 
was being able to complete the SEALS and NDDI- E on the day of 
or within a 1- week period immediately preceding an EEG. SEALS, 
which was originally developed to measure the side effects of 
treatment with AEDs, provides information on QOL that is com-
plementary to that obtained by the QOLIE- 31- P. In particular, it has 
been reported that SEALS provides information on the cognitive 
and psychosocial impacts of treatment with AEDs and epilepsy 
itself.7,14 The NDDI- E and SEALS do not include items represent-
ing epilepsy or treatment with AEDs; therefore, patients are likely 
to respond without being primed to judge whether seizures or 
treatment with AEDs caused their troubles.14 SEALS is therefore 
considered to be an appropriate alternative to QOL. The exclu-
sion criteria were comorbidities such as schizophrenia, anxiety 
disorder, alcohol or drug dependence, migraines, neurodegenera-
tive disease, cerebrovascular disease, brain tumors, psychogenic 
non- epileptic seizure, history of epilepsy surgery, and intellectual 
disability. After exclusion, 63 patients with epilepsy were eligible 
for this study. Brain magnetic resonance imaging (MRI) showed 
no obvious demonstrable abnormalities in any of the patients. On 
the date of the EEG, the patients who had more than one seizure 
per year were classified into the following groups: (1) SA– : focal 
impaired awareness seizure (FIAS), focal to bilateral tonic– clonic 
seizure (FBTCS), and generalized tonic– clonic seizure (GTCS); and 

(2) seizure with awareness (SA+): focal awareness seizure (FAS) 
and myoclonic seizure. Patients who did not have any seizures for 
at least 1 year prior to the date of the EEG were classified as (3) 
seizure- free (SF). Furthermore, seizure frequency was classified 
into categories of either more than once per week, more than once 
per month, or more than once per year. Number of AEDs, diag-
nosis (focal vs generalized), age, age at onset, and sex were also 
confirmed by the patients and their families using a chart review. 
The interval (months) between the last seizure and the date of the 
EEG was calculated. For patients in the SA–  and SA+ groups, the 
SA–  interval was prioritized; for example, if a myoclonic seizure 
occurred in the past 2 months and a GTCS in the past 3 months, the 
interval was calculated as 3 months, and the patient was classified 
into the SA–  group. For patients with both FBTCS and FIAS, the 
FBTCS interval was prioritized; for example, if an FIAS occurred in 
the past 3 months and an FBTCS in the past 6 months, the interval 
was calculated as 6 months. The reasoning behind this was based 
on reports that patients with FBTCS and FIAS show cognitive and 
psychomotor dysfunction, and those with FBTCS are worse than 
those with FIAS.15– 17 EEG laterality was classified as left, right, and 
unknown. Major depression (depression) was suspected with an 
NDDI- E score of >16, and was diagnosed by a psychiatrist through 
a clinical interview based on the Diagnostic and Statistical Manual 
of Mental Disorders, Fifth Edition.9,18 The International League 
Against Epilepsy classification of epilepsies and operational clas-
sification of seizure types were also used.19,20

2.1  |  EEG examinations

EEGs were recorded at a sampling frequency of 500 Hz and a time 
constant of 0.3 seconds with a 120- Hz low- pass filter using the inter-
national 10– 20 system with reference electrodes on both earlobes. 
All EEGs were recorded in a shielded room at a constant tempera-
ture using a Nihon Kohden EEG device (Nihon Kohden). Before 
selecting the EEG data, one of the authors (HA), who is a physi-
cian certified by the Japanese Society of Clinical Neurophysiology, 
interpreted the whole EEG and confirmed the background alpha 
rhythm when the participants rested with their eyes closed. Then, 
five sets of 3- second EEG fragments with no overlap while resting 
with the eyes closed and awake EEG with no paroxysmal abnormali-
ties including epileptic discharges, or no non- paroxysmal abnor-
malities, and without contamination from the effects of alternating 
current interference, body motion artifacts, adhesive failure of 
the electrodes, or baseline fluctuations, were selected by unipolar 
montage.21 We considered that a 3- second EEG strip would satisfy 
the requirements of both fewer artifacts by visual inspection and a 
minimum number of data points for nonlinear analysis. The selected 
EEG strips were then analyzed using an 18- lead longitudinal bipolar 
montage: Fp1– F7, F7– T3, T3– T5, T5– O1, Fp1– F3, F3– C3, C3– P3, 
P3– O1, Fz– Cz, Cz– Pz, Fp2– F4, F4– C4, C4– P4, P4– O2, Fp2– F8, F8– 
T4, T4– T6, and T6– O2.



    |  335AZUMA and AKECHI

2.2  |  Filter adaptation

Low- pass (15, 30, 60, and 120 Hz) and high- pass filters (1.60 Hz 
[time constant (TC): 0.1 seconds] and 0.53 Hz [TC: 0.3 seconds]), 
which were built into the Nihon Kohden EEG device, were used 
in combination. Low-  and high- pass filters are typically used to 
cancel the effects of the above- mentioned artifacts. In the pre-
sent study, these filters were used on an exploratory basis to ex-
amine their effects on the nonlinear EEG analysis. After selecting 
five 3- second EEG sets filtered with low-  and high- pass filters, 
a Savitzky– Golay (SG) filter (legible fourth- order and 27- frame 
length) and a wavelet denoising (WD) filter with the sym4 wave-
let of the MATLAB function were used as the smoothing filter.22 
Thus, three sets of EEGs (SG, WD, and non- denoising) per patient 
were created.

2.3  |  Phase space reconstruction

In the theory of dynamical systems, an EEG time series is a phase 
space object and a non- deterministic system. The concept of the 
state of a system is useful and applicable for EEG time series. The 
attractor in a system of EEG is periodic motion: a limit cycle. The 
full- phase space dynamics of a limit cycle are reconstructed from 
the measurement of a single EEG time series using the attractor 
reconstruction technique.23– 26 Therefore, in the present study, 
the phase space reconstruction for each 3- second EEG in each 
EEG region was calculated using the embedding dimension, which 
is estimated using the false nearest neighbor algorithm,27 and the 
delayed time, which is estimated using average mutual informa-
tion.28 MATLAB functions were used to calculate the embedding 
dimension and delayed time.

2.4  |  Examination of nonlinearity

EEGs show nonlinearity and weak stationarity.29,30 To investigate 
EEG nonlinearity in the present study, the correlation dimension 
(CD) was calculated with the embedding dimension and the de-
layed time using the Grassberger– Procaccia algorithm,31 which 
quantifies the number of the dimension of the attractor. The CD 
is frequently used to determine the index as nonlinearity.29,32 At 
the same time, surrogate data using 3- second EEGs were pro-
duced using the amplitude- adjusted Fourier transform (AAFT) 
method. As a result, the surrogates showed the approximate 
power spectrum for the original EEG and a Gaussian distribu-
tion.33 Nonlinearity was examined by comparing the average CD 
of the original EEG and surrogates of all patients. The surrogates 
produced using the AAFT method do not contain the same time 
dependence of the running mean and variance as the stationarity 
of the original data.34 Therefore, a rejection of the null hypothesis 
indicates nonlinearity, and the possibility of non- stationarity can-
not be ruled out.

2.5  |  Entropy as a measure of regularity

Entropy involves the rate of information and is a concept that ad-
dresses system randomness and predictability, with greater en-
tropy being associated with more randomness and less system 
order.35 Pincus35 developed approximate entropy (ApEn) as a 
quantification of regularity via Kolmogorov entropy. Lower ApEn 
reflects a high degree of regularity. Richman et al36 reported that 
ApEn algorithms have two biases, dependent record length and 
relative inconsistency, and subsequently developed sample en-
tropy (SampEn), which improved these biases. A lower SampEn 

F I G U R E  1  Flow diagram of the 
electroencephalogram calculation and 
analysis. SampEn, sample entropy; SG, 
Savitzky– Golay
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value indicates more regularity and self- similarity. SampEn values 
are largely independent of record length and display relative con-
sistency. In this study, SampEn was used as a measure of regularity.

2.6  |  Relationship with SampEn and SEALS

After the phase space reconstruction, SampEn was calculated to 
investigate the relationship with SEALS. SampEn was calculated 
using the Physionet open source algorithm.36– 38 Before calculat-
ing SampEn, each EEG was standardized. SampEn parameters (N, m, 
r) were set at r = 0.2 and m = 2. N was 1500 points per 3- second 
EEG. Five sets of each lead of 3- second EEGs per patient were av-
eraged. Then, a linear mixed- effects model was used to investigate 
the effects of SampEn on SEALS as the response variable. The fixed 

effects were SampEn, SA– , SA+, and depression. SampEn in each 
EEG lead in Section 2.1 were inserted separately as the fixed effect. 
The random effects were age, age at onset, sex, number of AEDs, 
diagnosis, EEG laterality, NDDI- E, and the interval. We determined 
the EEG regions with both nonlinearity and the effects of SEALS as 
those that correlated with SEALS. The effects of SampEn on SA–  
and depression were then examined using ML. A flow diagram of the 
EEG calculation and analysis is shown in Figure 1.

2.7  |  Machine learning (ML)

In this study, an ML approach was used to detect the effects of 
SampEn on SA–  and depression. We randomly selected half of 
the data as training data and the other half as test data without 

SA–  (n = 24) SA+ (n = 11) SF (n = 28)

Age (y) 49.7 (21.4) 37.8 (9.4) 46.4 (15.2)

Male/female 16/8 4/7 11/17

Age at onset (y) 26.3 (18.8) 16.8 (12.5) 20.8 (20.0)

NDDI- E 13.7 (5.4) 13.4 (4.1) 11.5 (4.6)

Number of AEDs 2.3 (1.3)* 1.9 (1.5) 1.0 (0.7)*

Laterality: left/right/unknown 6/8/10 6/1/4 8/5/15

Interval (months) (median) (range: 0– 657) 2* 1** 110*,**

SEALS total score 44.1 (13.9)* 41.2 (12.3) 33.3 (19.4)*

Cognition 39.4 (20.9) 32.5 (19.8) 26.7 (25.9)

Dysphoria 48.7 (16.9) 53.0 (12.2) 45.7 (12.9)

Temper 41.9 (29.8) 35.0 (19.8) 26.6 (24.0)

Tiredness 46.0 (18.2) 43.0 (18.3) 34.1 (25.0)

Worry 53.9 (26.5) 58.7 (25.3) 42.2 (30.0)

Focal epilepsy (n = 56) 23 8 25

FBTCSa 0/6b/1b/1 0/0/0/0 12/0/0/0

FIASa 0/12/4/1 0/0/0/0 12/0/0/0

FASa 1/4/4/5 0/2/4/2 1/0/0/0

Generalized epilepsy (n = 7) 1c 3 3d

GTCSa 0/1/0/0 3/0/0/0

MSa 0/0/1/0 0/1/0/2 1/0/0/0

Abbreviations: AEDs, antiepileptic drugs; FAS, focal awareness seizure; FBTCS, focal to bilateral 
tonic– clonic seizure; FIAS, focal impaired awareness seizure; GTCS, generalized tonic– clonic 
seizure; Interval, from the last seizure to the date of the EEG; MS, myoclonic seizure; NDDI- E, 
Neurological Disorders Depression Inventory for Epilepsy; SA– , seizure without awareness; SA+, 
seizure with awareness; SEALS, Side Effects and Life Satisfaction Inventory; SF, seizure- free.
aIndicates none/more than once per year/more than once per month/more than once per week.
bIndicates that two patients had both uncontrolled FBTCS and FIAS more than once per year and 
month, respectively.
cIndicates that one patient had both uncontrolled GTCS and MS.
dIndicates that one patient had both controlled GTCS and MS. The Kruskal– Wallis test was 
conducted to compare the demographic data between seizure groups. Multiple comparisons 
were adjusted with the Bonferroni correction; P- values were set at <0.05/3 = 0.02 to indicate 
significance. * and ** indicate P < 0.02 as the statistically significant difference between each 
group. Age, age at onset, NDDI- E, number of AEDs, and SEALS show the average (standard 
deviation), respectively.

TA B L E  1  Demographic and epilepsy- 
related data (n = 63)
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stratification or cross- validation. A decision tree (split criterion: 
Gini’s diversity index, the maximal number of decision splits: 100), 
linear discriminant analysis, logistic regression analysis, and a lin-
ear support vector machine (SVM) were selected exploratorily.39– 42 
Then, the accuracy, area under curve (AUC), sensitivity, and specific-
ity were calculated, respectively. Each method was repeated 20 000 
times and the mean and standard deviation were calculated.

2.8  |  Statistical analysis

Significance in the statistical tests was set at P < 0.05 and adjusted 
for multiple comparisons using the Bonferroni correction. Statistical 
inference for nonlinearity was conducted using the Wilcoxon rank- 
sum test. Multiple comparisons using the linear mixed- effects model 
for SampEn on SEALS were adjusted using the false discovery rate 

(FDR = 0.05), with the adjusted P- value to indicate significance 
set at <0.05.43 All analyses were carried out in MATLAB R2020a 
(MathWorks). This study was carried out in accordance with The 
Code of Ethics of the World Medical Association (Declaration of 
Helsinki) for experiments involving humans and approved by the 
Ethics Committee of the Nagoya City University Medical School. 
Written, informed consent was obtained from all patients.

3  |  RESULTS

The participants' demographic and epilepsy- related variables are 
shown in Table 1. One patient answered the SEALS and NDDI- E 
2 days before the EEG. The other patients answered the SEALS 
and NDDI- E on the date of the EEG. Fifteen patients had depres-
sion across all groups. The demographic data of the patients with 

TA B L E  2  Results of SampEn, embedding dimension, delayed time, and correlation dimension for each filtering method

Filtering 
methods SampEn (SD)

Embedding dimension 
(SD) Delayed time (SD) CDoriginal (SD) CDsurrogate (SD) P- value

N15- 1 0.37 (0.08) 3.01 (0.02) 6.42 (0.73) 2.78 (0.33) 2.83 (0.28) 0.001

N15- 3 0.37 (0.08) 3.00 (0.01) 7.42 (1.14) 2.73 (0.31) 2.77 (0.27) 0.012

N30- 1 0.54 (0.13) 3.13 (0.10) 5.59 (0.39) 2.95 (0.41) 3.02 (0.45) 0.012

N30- 3 0.45 (0.13) 3.07 (0.05) 6.43 (0.96) 2.86 (0.38) 2.92 (0.37) 0.023

N60- 1 0.72 (0.19) 3.27 (0.16) 5.35 (0.35) 3.15 (0.55) 3.20 (0.57) 0.306

N60- 3 0.61 (0.19) 3.18 (0.11) 6.08 (0.83) 3.04 (0.50) 3.09 (0.53) 0.122

N120- 1 1.03 (0.25) 3.45 (0.23) 5.56 (0.23) 3.40 (0.69) 3.43 (0.73) 0.558

N120- 3 0.91 (0.26) 3.35 (0.13) 6.20 (0.69) 3.24 (0.62) 3.32 (0.65) 0.030

S15- 1 0.35 (0.07) 3.00 (0.01) 6.51 (0.77) 2.79 (0.32) 2.81 (0.27) 0.193

S15- 3 0.28 (0.07) 3.00 (0.00) 7.46 (1.15) 2.72 (0.31) 2.75 (0.26) 0.042

S30- 1 0.45 (0.09) 3.06 (0.05) 5.80 (0.43) 2.91 (0.38) 2.90 (0.33) 0.961

S30- 3 0.37 (0.09) 3.04 (0.04) 6.63 (1.03) 2.81 (0.34) 2.83 (0.32) 0.049

S60- 1 0.49 (0.11) 3.11 (0.07) 5.72 (0.37) 2.94 (0.40) 2.95 (0.40) 0.988

S60- 3 0.41 (0.11) 3.06 (0.05) 6.45 (0.98) 2.86 (0.37) 2.88 (0.35) 0.250

S120- 1 0.52 (0.12) 3.10 (0.09) 5.66 (0.33) 2.95 (0.42) 2.98 (0.41) 0.138

S120- 3 0.43 (0.12) 3.07 (0.05) 6.38 (0.95) 2.87 (0.37) 2.89 (0.36) 0.268

W15- 1 0.37 (0.08) 3.01 (0.02) 6.42 (0.73) 2.78 (0.31) 2.82 (0.27) 0.003

W15- 3 0.30 (0.07) 3.00 (0.01) 7.42 (1.14) 2.72 (0.30) 2.77 (0.26) 0.0004

W30- 1 0.54 (0.13) 3.12 (0.09) 5.61 (0.40) 2.96 (0.42) 3.01 (0.45) 0.022

W30- 3 0.44 (0.13) 3.07 (0.06) 6.43 (0.97) 2.88 (0.37) 2.92 (0.40) 0.083

W60- 1 0.70 (0.18) 3.29 (0.17) 5.36 (0.33) 3.15 (0.56) 3.22 (0.59) 0.093

W60- 3 0.59 (0.18) 3.18 (0.11) 6.13 (0.86) 3.03 (0.47) 3.07 (0.52) 0.329

W120- 1 0.81 (0.21) 3.38 (0.22) 5.44 (0.33) 3.24 (0.59) 3.32 (0.64) 0.062

W120- 3 0.70 (0.22) 3.27 (0.13) 6.16 (0.81) 3.12 (0.53) 3.21 (0.61) 0.008

Note: CDoriginal was calculated using the embedding dimension and the delayed time with the Grassberger– Procaccia algorithm. The embedding 
dimension and delayed time were calculated with 3- s EEG strips and averaged for all patients. The surrogate of each data set was calculated using the 
amplitude- adjusted Fourier transform method, and then the CDsurrogate was calculated with surrogate data sets similarly to CDoriginal. P- values indicate 
the results of the Wilcoxon rank- sum test compared between CDoriginal vs CDsurrogate, and statistical significance at P < 0.002 = 0.05/24 with the 
Bonferroni correction for multiple comparisons (BOLD).
N, no smoothing filters; S, Savitzky– Golay filter; W, wavelet denoising filter, 15, 30, 60, 120; low- pass filter (Hz), respectively, 1,3; 0.1 and 0.3 time 
constant (s), respectively. SampEn, sample entropy; CD, correlation dimension; SD, standard deviation.
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depression are shown in Table S1. The proportions of AEDs were as 
follows: carbamazepine 27%, levetiracetam 23.8%, lamotrigine 19%, 
valproate 19%, phenytoin 15.9%, clonazepam 9.5%, clobazam 9.5%, 
phenobarbital 11.1%, lacosamide 7.9%, perampanel 6.3%, topira-
mate 3.2%, primidone 3.2%, and zonisamide 3.2%.

3.1  |  Examination of the nonlinearity

EEGs with a WD filter with low- pass filter (15 Hz) and high- pass filter 
(0.3- second TC; W15- 3) and a non- smoothing filter with low- pass 
filter (15 Hz) and high- pass filter (0.1- second TC; N15- 1) showed 
nonlinearity (Table 2). No significant nonlinearity pattern was seen 
using the SG filter. Table 3 shows SampEn for all electrodes in N15- 1 
and W15- 3.

3.2  |  EEG regions of SampEn associated 
with SEALS

Table 4 shows the EEG regions of SampEn that were significantly as-
sociated with SEALS. The EEG regions showing nonlinearity (seven 
EEG regions: T5– O1, C3– P3, P3– O1, Fz– Cz, C4– P4, P4– O2, and T6– 
O2) for N15- 1 and W15- 3 were identical. In all analyses with the 
linear mixed- effects model, the significant results indicated higher 
SEALS (worse QOL), lower SampEn (higher regularity), the existence 
of SA– , and depression (Tables S2– S5). Analysis of variance between 
seven EEG regions in N15– 1 and W15– 3 showed no significant dif-
ferences (sum of squares [SS]: 0.011, degrees of freedom (df): 6, 
mean square (MS): 0.0018, F value: 0.47, and P = 0.83 in N15- 1; SS: 
0.035, dif: 6, MS: 0.0058, F value: 1.38, and P = 0.22 in W15- 3). Post 
hoc analysis of SampEn with the Wilcoxon rank- sum test showed 
that in the seven EEG regions of N15- 1, SA–  (0.36 [0.05] of average 
[SD]) vs non- SA–  (0.40 [0.05]) (P = 0.05) and FBTCS and GTCS (0.36 
[0.04]) vs FIAS (0.37 [0.06]) (P = 0.47) were nonsignificant, and in 
the seven EEG regions of W15- 3, SA–  (0.32 [0.05]) vs non- SA–  (0.40 
[0.06]) (P = 0.04) and FBTCS and GTCS (0.31 [0.04]) vs FIAS (0.33 
[0.05]) (P = 0.31) were nonsignificant. No significant differences 
were found between depression (0.38 [0.07]) vs non- depression 
(0.38[0.06]) in the seven EEG regions in N15- 1 (P = 1.0) and depres-
sion (0.34 [0.08]) vs non- depression (0.34 [0.06]) in the seven EEG 
regions in W15- 3 (P = 0.84). P- values were significant at P < 0.05/6 
with the Bonferroni correction in the multiple comparisons.

3.3  |  Accuracy, AUC, sensitivity, and specificity of 
SampEn in SA–  And depression

In the classification of SA– , the effects of linear SVM, tree, linear 
discriminant, and logistic regression in W15- 3 were all superior to 
those in N15- 1, and those excluding tree in W15- 3 showed a moder-
ate AUC, low sensitivity, and high specificity (Table 5). In the classi-
fication of depression, the effects of linear SVM, linear discriminant, 

and logistic regression, excluding tree, in W15- 3 were the same as 
those in N15- 1 (moderate). The effects of linear discriminant showed 
a moderate AUC and high specificity (Table 6). When the interval 
from seizure was added, the effects of linear SVM and linear discri-
minant increased the accuracy, AUC, and specificity in both N15- 1 
and W15- 3 (Table 7).

4  |  DISCUSSION

To our knowledge, no EEG correlates of QOL in patients with 
epilepsy have been reported. Here, we examined SEALS as an 
alternative to QOL and used SampEn as a measure of regularity. 
We identified EEG correlates of QOL in the bilateral posterior 
temporal- occipital, centro- parietal, parieto- occipital, and Fz– 
Cz regions (seven EEG regions). Furthermore, ML showed that 
SampEn moderately classified both SA–  that occurred within or 
after 1 year and the index episode of depression in the seven EEG 
regions of N15- 1 and W15- 3.

Cao et al44 reported that beta band coherence differentiated 
normal vs generalized epilepsy with more than 90% accuracy using 
4- second EEG, and Fz– Cz was the same bipolar electrode used for 
our results. Psychogenic non- epileptic seizure (PNES) with epilepsy 
vs no PNES with epilepsy was diagnosed with lower accuracy (73%) 
compared with normal vs generalized epilepsy. They considered that 
the diagnosis of PNES was affected by epilepsy in both groups. This 

TA B L E  3  Mean (standard deviation) sample entropy (SampEn) of 
all bipolar electrodes in N15- 1 and W15- 3

N15- 1 W15- 3

Fp1– F7 0.29 (0.08) 0.17 (0.07)

F7– T3 0.34 (0.10) 0.23 (0.09)

T3– T5 0.39 (0.08) 0.33 (0.07)

T5– O1 0.38 (0.06) 0.34 (0.06)

Fp1– F3 0.35 (0.09) 0.23 (0.08)

F3– C3 0.40 (0.08) 0.33 (0.08)

C3– P3 0.39 (0.06) 0.34 (0.07)

P3– O1 0.38 (0.05) 0.35 (0.06)

Fz– Cz 0.38 (0.08) 0.32 (0.08)

Cz– Pz 0.40 (0.07) 0.35 (0.08)

Fp2– F4 0.36 (0.10) 0.23 (0.09)

F4– C4 0.41 (0.08) 0.33 (0.09)

C4– P4 0.39 (0.06) 0.34 (0.07)

P4– O2 0.38 (0.05) 0.35 (0.06)

Fp2– F8 0.32 (0.10) 0.20 (0.08)

F8– T4 0.35 (0.10) 0.25 (0.10)

T4– T6 0.38 (0.06) 0.33 (0.07)

T6– O2 0.38 (0.06) 0.34 (0.06)

N15- 1 indicates SampEn with no smoothing filters, 15- Hz low- pass 
filter, and 0.1- s time constant. W15- 3 indicates SampEn with wavelet 
denoising filter, 15- Hz low- pass filter, and 0.3- s time constant.
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point of view is the same as our study comparing the presence or 
absence of seizure in patients with epilepsy.

Varatharajah et al45 reported that alpha wave analysis differenti-
ated normal vs focal epilepsy with an AUC of 0.83, and bilateral F– C 
and T– C were partially the same as our results. Movahed et al46 re-
ported that nonlinear and wavelet analysis of alpha waves differenti-
ated normal vs depression using radial basis function SVM with 87% 
specificity, which is close to our results. Boylan et al4 reported that 
depression in patients with epilepsy was not associated with seizure 
frequency per se, but we demonstrated that a better classification 
for depression could be obtained when the months elapsed from 
SA–  were added as a predictable variable, indicating that the months 
from SA–  to the date of the EEG affects the EEG classification of 
depression in patients with epilepsy. However, in temporal lobe ep-
ilepsy, depression seems to be associated with a different pattern 
of brain change compared with major depression in neuroimaging 
studies.47 Our EEG analysis method was different from that used in 
the above reports. Furthermore, to our knowledge, no studies have 
been conducted on EEG diagnosis of epilepsy and depression using 
the bipolar EEG electrodes associated with QOL. Interestingly, the 

electrodes associated with the diagnosis of epilepsy and depression 
in previous studies were partially the same as those used for our 
results. The high specificity in epilepsy and depression found in this 
study could be clinically useful for auxiliary diagnoses. Furthermore, 
what causes differences in EEG nonlinear dynamics in the presence 
or absence of epilepsy needs to be investigated in a future study.

Regarding the statistical analysis for multiple comparisons, this 
exploratory study investigated the association between SEALS and 
SampEn. As the statistical method for multiple comparisons (24 fil-
tered EEGs with 18 bipolar electrodes; total of 432 comparisons), 
we used the FDR42 as opposed to the Bonferroni correction. The 
statistical power was 0.37 when the FDR was 0.05 and P < 0.05. 
However, when the Bonferroni correction is used with P = 0.05/432 
and FDR = 0.05, the statistical power is 0.18 (Figures S1 and S2, 
Tables S6 and S7). Therefore, in this study, it was appropriate to use 
the FDR, the power for which was superior to that by the Bonferroni 
correction.

This study had several limitations. First, the sample size of each 
seizure group was relatively small. Thus, only the classification of 
SA– , not the diagnosis of epilepsy syndrome, was examined in this 

TA B L E  4  EEG regions associated with SEALS

Filtering methods EEG regions associated with SEALS

N15- 1 T5– O1, C3– P3, P3– O1, Fz– Cz, C4– P4, P4– O2, T6– O2

N15- 3 T5– O1, C3– P3, P3– O1, Fz– Cz, C4– P4, P4– O2, T6– O2

N30- 1 Fz– Cz

N30- 3 C3– P3, Fz– Cz, Cz– Pz, P4– O2, T6– O2

N60- 1 No EEG regions

N60- 3 No EEG regions

N120- 1 No EEG regions

N120- 3 No EEG regions

S15- 1 T3– T5, T5– O1, C3– P3, P3– O1, C4– P4, P4– O2, T4– T6, T6– O2

S15- 3 T5– O1, C3– P3, P3– O1, Fz– Cz, C4– P4, P4– O2, T4– T6, T6– O2

S30- 1 Fz– Cz, P4– O2, T6– O2

S30- 3 T5– O1, C3– P3, P3– O1, Fz– Cz, C4– P4, P4– O2, T6– O2

S60- 1 Fz– Cz, P4– O2, T6– O2

S60- 3 C3– P3, Fz– Cz, C4– P4, P4– O2, T6– O2

S120- 1 Fz– Cz, P4– O2, T6– O2

S120- 3 C3– P3, Fz– Cz, Cz– Pz, P4– O2, T6– O2

W15- 1 T5– O1, C3– P3, P3– O1, Fz– Cz, C4– P4, P4– O2, T6– O2

W15- 3 T5– O1, C3– P3, P3– O1, Fz– Cz, C4– P4, P4– O2, T6– O2

W30- 1 Fz– Cz, P4– O2

W30- 3 C3– P3, Fz– Cz, Cz– Pz, P4– O2, T6– O2

W60- 1 Fz– Cz

W60- 3 No EEG regions

W120- 1 No EEG regions

W120- 3 No EEG regions

Note: EEG sets indicating nonlinearity were N15- 1 and W15- 3 (BOLD). The seven EEG regions showing nonlinearity for N15- 1 and W15- 3 were 
identical.
N; no smoothing filters, S; Savitzky– Golay filter, W; wavelet denoising filter, 15, 30, 60, 120; low- pass filter (Hz), respectively, 1,3; 0.1 and 0.3 time 
constant (s), respectively.
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study. Second, the diagnosis of epilepsy in this study was set as gen-
eralized vs focal because the focal diagnosis was difficult owing to 
the unknown EEG focality of some patients. Third, the analyses of 
EEG data using many electrodes are usually combined with principal 
component analysis for feature extraction. However, interpreting 

the results regarding the effects of the dimensionality reduction is 
difficult for clinical applications because of the loss of information on 
the electrodes. Our identification of the seven EEG regions based on 
the international 10– 20 method is likely to be applicable to further 
clinical studies. Fourth, this study demonstrated that the denoising, 

EEG region Method Accuracy AUC Sensitivity Specificity

N15- 1 Linear SVM 64.3 (7.3) 0.65 (0.08) 0.29 (0.18) 0.84 (0.15)

Tree 58.8 (9.7) 0.56 (0.10) 0.42 (0.19) 0.68 (0.03)

Linear discriminant 64.4 (7.6) 0.66 (0.08) 0.41 (0.17) 0.78 (0.13)

Logistic regression 62.9 (6.7) 0.65 (0.08) 0.04 (0.07) 0.99 (0.02)

W15- 3 Linear SVM 67.0 (7.1) 0.70 (0.08) 0.35 (0.20) 0.85 (0.14)

Tree 60.2 (9.5) 0.57 (0.09) 0.42 (0.19) 0.70 (0.17)

Linear discriminant 67.7 (7.7) 0.71 (0.09) 0.46 (0.18) 0.79 (0.13)

Logistic regression 63.1 (6.9) 0.72 (0.10) 0.04 (0.07) 0.99 (0.02)

Note: N15- 1 indicates SampEn with no smoothing filters, 15- Hz low- pass filter, and 0.1- s time 
constant. W15- 3 indicates SampEn with wavelet denoising filter, 15- Hz low- pass filter, and 
0.3- s time constant. Accuracy = (TP + TN)/(TP + FP + TN + FN), Sensitivity = TP/(TP + FN), 
Specificity = TN/(TN + FP). TP, TN, FP, and FN are the true positive, true negative, false positive, 
and false negative, respectively. All results are expressed as mean (standard deviation).

TA B L E  5  Results of machine learning 
to classify seizure without awareness

EEG region Method Accuracy AUC Sensitivity Specificity

N15- 1 Linear SVM 75.2 (6.2) 0.69 (0.10) 0.16 (0.19) 0.93 (0.07)

Tree 66.5 (10.4) 0.52 (0.11) 0.22 (0.19) 0.80 (0.14)

Linear discriminant 77.3 (6.6) 0.73 (0.09) 0.46 (0.20) 0.86 (0.08)

Logistic regression 77.3 (6.4) 0.66 (0.11) 0.19 (0.21) 0.96 (0.05)

W15- 3 Linear SVM 74.7 (6.5) 0.69 (0.10) 0.14 (0.18) 0.93 (0.08)

Tree 69.0 (10.7) 0.55 (0.11) 0.29 (0.22) 0.81 (0.14)

Linear discriminant 74.3 (7.1) 0.73 (0.09) 0.37 (0.21) 0.85 (0.09)

Logistic regression 76.5 (6.1) 0.67 (0.12) 0.18 (0.19) 0.96 (0.05)

Note: N15- 1 indicates SampEn with no smoothing filters, 15- Hz low- pass filter, and 0.1- s time 
constant. W15- 3 indicates SampEn with wavelet denoising filter, 15- Hz low- pass filter, and 
0.3- s time constant. Accuracy = (TP + TN)/(TP + FP + TN + FN), Sensitivity = TP/(TP + FN), 
Specificity = TN/(TN + FP). TP, TN, FP, and FN are the true positive, true negative, false positive, 
and false negative, respectively. All results are expressed as mean (standard deviation).

TA B L E  6  Results of machine learning 
to classify depression

EEG region Method Accuracy AUC Sensitivity Specificity

N15- 1 Linear SVM 76.0 (5.8) 0.74 (0.10) 0.05 (0.12) 0.98 (0.06)

Tree 66.4 (10.2) 0.52 (0.11) 0.22 (0.19) 0.80 (0.13)

Linear discriminant 79.6 (6.7) 0.77 (0.09) 0.51 (0.18) 0.88 (0.07)

Logistic regression 77.2 (6.4) 0.57 (0.11) 0.09 (0.18) 0.99 (0.03)

W15- 3 Linear SVM 75.8 (6.0) 0.73 (0.10) 0.03 (0.11) 098 (0.06)

Tree 66.5 (10.3) 0.52 (0.11) 0.23 (0.19) 0.80 (0.14)

Linear discriminant 77.0 (7.2) 0.78 (0.09) 0.46 (0.22) 0.86 (0.09)

Logistic regression 77.5 (6.5) 0.57 (0.12) 0.09 (0.17) 0.99 (0.03)

Note: N15- 1 indicates SampEn with no smoothing filters, 15- Hz low- pass filter, and 0.1- s time 
constant. W15- 3 indicates SampEn with wavelet denoising filter, 15- Hz low- pass filter, and 
0.3- s time constant. Accuracy = (TP + TN)/(TP + FP + TN + FN), Sensitivity = TP/(TP + FN), 
Specificity = TN/(TN + FP). TP, TN, FP, and FN are the true positive, true negative, false positive, 
and false negative, respectively. All results are expressed as mean (standard deviation).

TA B L E  7  Results of machine learning 
to classify depression when the interval is 
added as a prediction variable
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filtered, and phase space reconstruction methods in EEG studies are 
challenges to explore the nature of the limit cycle. Fifth, this obser-
vational study used a cross- sectional design in a continuous patient 
series. Thus, a validation study is needed for the classification of SA–  
using complexity measurements in the seven EEG regions compared 
with healthy controls.

5  |  CONCLUSION

Nonlinear EEG analysis using the denoising, filtered, and phase space 
reconstruction methods demonstrated moderate classification with 
emergence within 1 year of seizure without awareness and depres-
sion in brain regions associated with SEALS as an alternative to QOL 
in the bilateral posterior temporal- occipital, centro- parietal, parieto- 
occipital, and Fz– Cz regions. However, further validation studies for 
the classification of seizure without awareness and depression in the 
identified brain regions are needed. In clinical settings, our results 
could be expected to be used as an auxiliary tool for patients with 
epilepsy.
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