
Vol.:(0123456789)1 3

Journal of Medical and Biological Engineering 
https://doi.org/10.1007/s40846-020-00594-9

ORIGINAL ARTICLE

Frontal Alpha EEG Asymmetry Variation of Depression Patients 
Assessed by Entropy Measures and Lemple–Ziv Complexity

Lulu Zhao1 · Licai Yang1 · Baimin Li2 · Zhonghua Su3 · Chengyu Liu4 

Received: 19 July 2020 / Accepted: 21 December 2020 
© Taiwanese Society of Biomedical Engineering 2021

Abstract
Purpose As depression has been a major contributor to the global disease burden, objective and effective computer-aided 
diagnosis has become an urgent problem. This study aims to assess the frontal asymmetry variation of alpha electroencepha-
lography (EEG) in different severity depression patients and to find promising biomarkers for future depression recognition.
Methods Three-channel EEG signals from 69 depression patients (divided into three groups according to illness severity) 
and 14 healthy subjects were collected. Except for cross-sample entropy (CSEn), two new asymmetry indexes (Asy_SEn 
and Asy_LZC) based on complexity measures were proposed to quantify the difference among the four groups. One-way 
ANOVA was used to test the difference among all four groups, followed by the group t-test to test the difference between 
each two groups.
Results All indexes show significantly increased frontal alpha asymmetry in depressive groups compared with the healthy 
group, and the asymmetry keeps increasing as the depression deepens. The Asy_LZC value of the confirmed depres-
sion group (0.0015 ± 0.0008) is substantially higher than the other three groups (−0.0010 ± 0.0008, −0.0006 ± 0.0008, and 
−0.0007 ± 0.0006). And the Asy_SEn value of the healthy group (−0.0023 ± 0.0007) is significantly lower than the two 
depressive groups (0.0001 ± 0.0005 and 0.0007 ± 0.0007). All healthy CSEn between each two channels is considerably 
lower than depressive groups with p < 0.01.
Conclusion This study confirms the increased frontal alpha asymmetry in depression patients and suggests that two new 
indexes could be promising biomarkers in future clinical depression detection.
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1 Introduction

As a common mental disorder, there are more than 322 mil-
lion people suffering from depression [1]. Unfortunately, 
fewer than half of the depression patients (even fewer than 

10% in some counties) can receive effective treatments, due 
to lack of source and trained health-care providers as well 
as inaccurate assessment [2]. A computer-aided diagnosis 
system could help to solve those obstacles and replenish 
the objective diagnostic method to nowadays’ questionnaire-
based diagnosis. Therefore, the discovery of objective and 
effective biomarkers in depression turns out to be an urgent 
and meaningful exploration. Besides, accurate assessment 
of depression by physiological signals can also suggest a 
further understanding of the pathogenesis.

It is suggested by a growing number of studies that the 
resting frontal asymmetry (usually defined as the difference 
of alpha-band power between the right frontal site and left 
frontal site when the subject is in a resting state) is reliable 
in the assessment of clinical depression patients [3–6], i.e. 
Beeney presented that individuals with major depressive 
disorder (MDD) evidenced greater resting asymmetry at 
the pre-task baseline. And works by Stewart indicated that 
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current source density—referenced frontal electroencepha-
lography (EEG) asymmetry was an endophenotype related 
to risk for depression in both women and men, with lifetime 
MDD participants displaying less relative left frontal activity 
than never-depressed participants [5]. However, some other 
studies had different conclusions [7, 8], i.e. Gold found that 
depressive frontal alpha asymmetry was close to the gen-
eral population, and correlations with psychiatric tests were 
mostly small and non-significant [9], while Kaiser suggested 
that the frontal alpha symmetry was more related with age 
rather than depression or anxiety [10]. It is worth noting that 
most previous studies took alpha band power of frontal EEG 
as an assessing parameter for the frontal asymmetry, i.e. the 
difference of the alpha power natural logarithm between site 
F4 and F3 (lnF4 − lnF3) [11]. However, the simple linear 
methods may not be generally suitable to exhibit the com-
plex dynamical variations in EEG signals which record the 
nonlinear, non-stationary, and chaotic brain activities [12, 
13]. Therefore, it is necessary to re-examine the validity of 
frontal alpha asymmetry in depression discrimination by 
employing nonlinear methods.

In previous studies, entropy measures such as sample 
entropy (SEn) and approximate entropy have been proved 
widely validity in the depression EEG evaluation, which are 
used to assess the comlexity of time series [12, 14]. Acha-
rya suggested more EEG variability in the healthy group 
by finding significantly higher sample entropy in healthy 
controls compared to the depression patients [12]. Signifi-
cantly higher sample entropy and approximate entropy were 
also found by Faust in healthy controls, which indicated less 
complexity and more predictability in depression patients 
[14]. Considering the algorithm advantage compared with 
approximate entropy [15], SEn was selected as an index 
in frontal asymmetry assessment in this study. Except for 
entropy measures, more nonlinear measures such as Lem-
ple–Ziv Complexity (LZC), Kolmogorov complexity, and 
Higuchi’s fractal dimension have also been employed in 
depression EEG analysis [7, 16]. Among the above multiple 
measurements, LZC as another method in complexity cal-
culation of the finite length series is especially popular and 
recommended as it is nonparametric, model-independent, 
and easily calculated [17]. Finally, LZC and SEn were both 
employed in this study, as a first exploration of depressive 
frontal asymmetry analysis with the perspective of nonlinear 
complexity. Refer to the definition of common frontal asym-
metry, two new indexes, asymmetry measure based on LZC 
(Asy_LZC) and SEn (Asy_SEn) were proposed to assess 
the frontal asymmetry variation of depressive alpha EEG. 
Besides, as a generalized algorithm of SEn, cross sample 
entropy (CSEn) evaluates the asynchronous degree of two 
series, which was also employed in this study to assess the 
frontal asymmetry in another way. This is also the first try 
in depressive brain analysis.

This study aims to evaluate the frontal alpha asymme-
try variation of depression patients by nonlinear complex-
ity methods, therefore to suggest meaningful biomarkers 
in depression recognition. Two new indexes Asy_LZC and 
Asy_SEn were proposed to evaluate the variation of frontal 
alpha asymmetry in different severity depression patients, 
and CSEn was also employed to assess the asymmetry from 
the view of synchronization.

2  Materials and Methods

2.1  Subjects and Data Acquisition

EEG signals were collected from 69 depression patients 
and 14 healthy subjects. All patients were recruited from 
the Second Affiliated Hospital of Jining Medical College, 
China between October 2017 and June 2018. All patients 
were recruited from inpatients with a current ICD-10 cri-
teria diagnosis of depression (International Classification 
of Diseases, 10th Edition) by at least two staff psychiatrists 
of the hospital. All patients were assessed by the 17-item 
Hamilton Depression Rating Scale (HDRS) and then were 
divided into three groups according to the depression rating 
scale [18]: Non-De Group, including 15 patients with 0–7 
scores, for whom non-depressive state were concluded; Mil-
De Group, including 34 patients with 8–17 scores, for whom 
mild depression were suggested; and Con-De Group, includ-
ing 20 patients with scores over 17, for whom depression 
were confirmed. Fourteen healthy subjects were recruited 
from Shandong University, who had no psychiatric disorders 
in the past. Sociodemographic features and HDRS scores of 
all four groups are shown in Table 1.

According to the international 10–20 systems, 3 channels 
EEG signals including Fp1, Fz, and Fp2 were recorded with 
a 1000 Hz sample rate by using RM6280C, a multichannel 
physiological acquisition system (Chengdu Instrument Fac-
tory, Sichuan, China). Figure 1 shows the poles’ distribution 
in the international 10–20 systems and the 3 poles used in 
this study. The sensitive parameter was set as 100 μV, time 
constant was 0.2 s. The signal recording was turned on and 
lasted for at least 5.5 min after all signals were stable. More 
details of the data acquisition environment and matters need-
ing attention could refer to our previous study [19].

2.2  Data Preprocessing and Feature Extraction

2.2.1  Data Preprocessing

In data preprocessing, the wavelet threshold filter was used 
firstly to remove artifacts caused by electrooculograms. 
Since the Wavelet basis function of sym3 is most simi-
lar to the electrooculogram waveform, this study adopted 
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the sym3 basis function of 6 layers to decompose and 
reconstruct the signal. Only third to sixth components 
were retained in reconstruction to collect signals between 
3.65 and 50.875 Hz, by which electrooculogram and other 
low-frequency noises were removed and the sufficiently 
valid signal was acquired. To reduce the data volume and 
improve computing efficiency, the signal was resampling 
from 1000 to 200 Hz. After that, the Butterworth filter 
was used to extract the alpha band signal, which was in 

the 8–13 Hz frequency band. Finally, a 5-min clean alpha 
band signal was acquired. Figure 2 shows the 30 s example 
waveforms of alpha-band EEG signals from four different 
groups after preprocessing.

2.2.2  Feature Extraction

SEn is the negative natural logarithm of the conditional 
probability, therefore it measures the irregularity of the 

Table 1  Sociodemographic 
features and HDRS scores of 
four groups

Data are expressed as number or mean ± standard deviation (std)

Group

Health Depression patients

Non-De Mil-De Con-De

No. 14 15 34 20
Gender, male/female 9/5 5/10 10/24 6/14
Age (year) 45 ± 15 47 ± 16 42 ± 16 44 ± 15
Height (cm) 169.4 ± 9.2 162.9 ± 6.5 163.9 ± 8.1 165.7 ± 7.6
Weight (kg) 71.7 ± 11.7 66.7 ± 10.2 65.2 ± 12.2 67.8 ± 14.1
Education, ≤12 years/≥13 years 3/11 13/2 30/4 14/6
Occupation, yes/no 12/2 12/3 22/12 12/8
Right handedness, yes/no 13/1 14/1 34/0 17/3
Smoking, yes/no 3/11 3/12 3/31 3/17
Drinking, yes/no 0/14 1/14 0/34 0/20
Depression type, MDD/bipolar disorder – 13/2 31/3 16/4
HDRS score – 3.9 ± 2.5 13.2 ± 3.0 20.9 ± 2.2

Fig. 1  Pole locations of the 
international 10–20 system. 
Three poles used in this study, 
Fp1, Fz, and Fp2 were marked 
in orange
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data that is related to signal complexity [20]. And it is 
usually influenced by changes in temporal dynamics of 
time-series data rather than changes in the underlying 
amplitude of signals [11]. Larger SEn values indicate a 
higher complexity since it is negatively correlated with the 
overall regularity of a time series [19]. To be consistent 
with the usual EEG frontal asymmetry valuation, which 
is commonly calculated as the natural logarithm of alpha 
power at the right site minus the left site [11], the new 
index based on SEn is defined as

where SEn(Fp1) and SEn(Fp2) are the sample entropy of 
frontal alpha EEG signals collected from frontal pole Fp1 
and Fp2 respectively. And according to the previous studies, 
the SEn of N points time sequence could be calculated as

where Am(r) is the total number of template matches of 
length m, and the detailed calculation algorithm could be 

(1)Asy_SEn = SEn(Fp2) − SEn(Fp1),

(2)SEn(m, r,N) = − ln
Am+1(r)

Am(r)
,

found in the literature [15]. m and r are embedding dimen-
sion and tolerance threshold respectively. According to a 
previous study [21] and comparisons of different parameters’ 
combinations, m = 2 and r = 0.1 were employed.

As a parameter in the complexity calculation of a finite 
length series, LZC was proposed by Lemple and Ziv in 1976 
[22]. LZC estimates the sequence complexity by counting 
the rate of new patterns appearing in a time series. In the 
calculation of LZC, the time series should be converted into 
a binary sequence s(n) firstly as follows:

where x(n) is the original time series, and m is the threshold 
which is usually taken as the median value of x(n) [23]. 
After that, the s(n) is scanned from left to right to count the 
number of different patterns, and the complexity value c(n) 
is increased every time a new pattern is encountered. The 
calculation algorithm of c(n) is as follows. Assume S and Q 
denote subsequences of the sequence s(n) = s1, s2, s3, …, sn, 
and SQπ = SQ deletes the last character of SQ, while v(SQπ) 

(3)s(n) =

{

0, if x(n) ≤ m,

1, if x(n) > m,

Fig. 2  Example waveforms of alpha-band EEG signals after preprocessing from four different groups. (a) Health Group; (b) Non-De Group; (c) 
Mil-De Group; (d) Con-De Group
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denotes the vocabulary of all subsequences of SQπ. Now 
suppose S = s1, s2, …, sr, Q = sr+1, then SQπ = s1, s2, …, sr. 
If Q ∈ v(SQπ), then Q is not a new pattern. In this case, c(n) 
and S do not change and Q is renewed into sr+1, sr+2, and 
then judge if the new Q belongs to v(SQπ) or not. Continue 
until Q ∉ v(SQπ), now Q = sr+1, sr+2, …, sr+i is a new pat-
tern and c(n) is increased by one. After that, S is renewed to 
be SQ = s1, s2, s3, …, sr+i, and the new Q = sr+i+1. Repeat 
the above procedures until Q is the last character [24]. It has 
been proved that the upper bound of c(n) is

where a is the number of different patterns, and N is the 
length of the sequence. Finally, to avoid the variations 
caused by the sequence length, normalized LZC is defined as

Therefore, the new asymmetry calculation based on LZC 
could be defined as

where LZC(Fp1) and LZC(Fp2) are the Lemple–Ziv Com-
plexity of frontal alpha EEG signals collected from frontal 
pole Fp1 and Fp2 respectively.

As SEn evaluates the irregularity of a data series, the 
generalized CSEn could reflect the asynchrony degree of 
two time series [25]. CSEn measures of each two channels, 
which are CSEn12 (CSEn of signals from channels Fp1 
and Fz), CSEn13 (CSEn of signals from channels Fp1 and 
Fp2), and CSEn23 (CSEn of signals from channels Fz and 
Fp2) were extracted in this study. It could be speculated 
that a larger CSEn value suggests a weaker association and 
lower synchrony between two time series [19]. Therefore, 
the asymmetric state could be reflected by the variation of 
CSEn values. The definition and calculation of CSEn could 
be consulted in Liu’s study [26].

2.3  Statistical Analysis

The whole process of data was performed in MATLAB 
(Ver. R2019a, MathWorks, United States). In difference 
analysis, the Kolmogorov–Smirnov test was employed to 
test the normal distribution of all parameter series firstly. 
For the parameters which passed the normal distribution 
test, one-way ANOVA was used to test the difference among 
all four groups, followed by group t-test to test the differ-
ence between each two groups. Otherwise, for parameter 
series that was not a normal distribution, the Kruskal–Wal-
lis rank test and Wilcoxon rank sum test were used instead. 

(4)limn→∞c(n) = b(N) =
N

loga N
,

(5)LZC =
c(N)

b(N)
.

(6)Asy_LZC = LZC(Fp2) − LZC(Fp1),

Statistically significance with p-value lower than 0.05 was 
admitted for all statistical results.

3  Results

Five indexes were acquired finally for each group, and 
among which only Asy_SEn passed the normal distribution 
and variance homogeneity test simultaneously, therefore the 
one-way ANOVA was used for it while the Kruskal Wallis 
rank test was used for the rest. The results are shown in 
Table 2, which confirm the asymmetry difference among 
the four groups. Significant differences are confirmed for 
indexes except for Asy_LZC. All three cross entropy meas-
ures show significant differences with p < 0.01, while Asy_
SEn shows significance with p < 0.05.

To further explore the difference between each two 
groups, the group t-test or Wilcoxon rank sum test was per-
formed. The feature values of each group are shown in the 
form of mean ± standard error in Table 3, and the difference 
significances between each pair of groups are also listed in 
detail. All the five indexes show overall upward trends as 
the depression deepens, except for a slight decrease in the 
Con-De group for cross entropy measures. More intuitive 
difference significances are shown in Fig. 3. For Asy_LZC, 
the Con-De group value is significantly higher than the other 
three groups with p < 0.05. While for Asy_SEn, the Health 
group shows significant difference to both Mil-De and Con-
De groups, with p < 0.05 and p < 0.01 separately. The three 
cross entropy measures of the Health group are all signifi-
cantly different from depression groups with p < 0.01.

4  Discussion

This study confirms that the frontal asymmetry, either evalu-
ated by two new indexes extracted in this study or by cross 
entropy measures, has increased significantly in depression 
patients compared with the healthy group. Furthermore, the 
asymmetry escalates as the depression severity deepens. 

Table 2  One-way ANOVA test results for all four groups

*Statistical difference significance among four groups with p < 0.05
**Statistical difference significance among four groups with p < 0.01

F (one-way 
ANOVA)

Chi-sq (Kruskal–Wallis 
rank test)

P

Asy_LZC 7.5600 0.056
Asy_SEn 3.06* 0.028
CSEn12 58.44** 0.000
CSEn13 76.55** 0.000
CSEn23 79.05** 0.000
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Table 3  Index values of 
each group and difference 
significance results

Index values are expressed as mean ± standard error (SE). a: significant difference compared with the 
Health group with p < 0.05. aa: significant difference compared with the Health group with p < 0.01. b: sig-
nificant difference compared with the Non-De group with p < 0.05. c: significant difference compared with 
the Mil-De group with p < 0.05. cc: significant difference compared with Mil-De group with p < 0.01

Health Non-De Mil-De Con-De

Asy_LZC −0.0010 ± 0.0008 −0.0006 ± 0.0008 −0.0007 ± 0.0006 0.0015 ± 0.0008abc

Asy_SEn −0.0023 ± 0.0007 −0.0003 ± 0.0007 0.0001 ± 0.0005a 0.0007 ± 0.0007aa

CSEn12 0.6551 ± 0.0007 0.6623 ± 0.0011aa 0.6643 ± 0.0008aa 0.6610 ± 0.0008aacc

CSEn13 0.6544 ± 0.0006 0.6633 ± 0.0010aa 0.6643 ± 0.0007aa 0.6612 ± 0.0008aacc

CSEn23 0.6544 ± 0.0007 0.6636 ± 0.0010aa 0.6646 ± 0.0007aa 0.6619 ± 0.0008aac

Fig. 3  Index distribution among different depression severities and 
healthy controls. Each panel shows one of the five features’ dis-
tribution: (a) Asy_LZC, (b) Asy_SEn, (c) CSEn12, (d) CSEn13, 
(e) CSEn23. The mean feature value of each group is shown by the 

height of the bar, while the standard error is shown by the length of 
the horizontal bar exceeding the main bar. *: significant difference 
between two groups with p < 0.05. **: significant difference between 
two groups with p < 0.01
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The results from this study help better understanding the 
frontal brain variation and vagal modulation dysregulation 
in depression patients, as well as present evidence that the 
frontal asymmetry analysis of EEG signals could offer a 
good way to evaluate clinical depression.

As mentioned above, previous studies assessed the 
depressive frontal asymmetry by the alpha band power of 
frontal EEG directly, normally computed as the natural loga-
rithm of alpha power at the right site minus the left site. 
Under this kind of calculation algorithm, Debener calcu-
lated this asymmetry on four site combinations (anterior: 
F8–F7, F4–F3, T4–T3; posterior: P4–P3) which all showed 
decreased asymmetry values of depression patients com-
pared with healthy controls [4]. Chang acquired a nega-
tive value for depressive asymmetry while the asymmetry 
value of the healthy controls was positive, which suggested 
a greater right frontal activity because alpha power values 
are inversely related to brain activity [11]. Although it is 
the first time to assess the frontal asymmetry by nonlinear 
complexity methods in this study, the characteristic of brain 
activity in depression patients reflected by our results is 
consistent with the previous findings. As shown in Fig. 3, 
there are developmental increasings of both Asy_LZC and 
Asy_SEn among four different groups. Higher Asy_LZC 
and Asy_SEn values indicate a higher complexity difference 
value of frontal alpha, which suggests that depression leads 
to higher alpha complexity in the right hemisphere than left 
hemisphere. Therefore, a greater right brain activity could be 
speculated, which is in line with the above findings.

Besides, there is evidence to suggest that frontal activity 
could inhibit the cardio acceleratory circuits [27], and the 
right hemisphere activity is associated with the sympathetic 
system with inherently inhibitory function [28]. Further-
more, many studies have confirmed the altered heart rate 
variability and vagal modulation dysfunction in depression 
patients [29, 30]. Our previous study also found increased 
cardiorespiratory coupling among different depression 
stages [19]. Therefore, the increased right frontal complexity 
of depression patients found in this study not only suggests 
promising biomarkers for depression diagnosis but also pro-
vides an explanation for the changes in heart rate variability 
of depression patients.

Although both new indexes exhibit a consistently increas-
ing trend among the four groups, the difference significances 
of them are not the same. Panel (a) of Fig. 3 shows that the 
Con-De group has significant difference compared with all 
the other three groups, while panel (b) shows a significant 
difference only when the Health group is compared with 
Mil-De and Con-De, which may suggest that Asy_LZC per-
form better in severe depression recognition while Asy_SEn 
perform better in discriminating healthy group from depres-
sive groups.

Panel (d) shows the distribution of CSEn13 among four 
groups, which assesses the asynchroniazation of alpha 
EEG signals obtained from frontal pole Fp1 and Fp2. The 
CSEn13 value of all depressive groups are significantly 
higher than the healthy group with p < 0.01, which indicates 
that the above two EEG signals of depression patients have 
a significantly weaker association and lower synchroniza-
tion. A similar explanation is also applicable to CSEn12 and 
CSEn23. However, in the exploration of two series’ rela-
tive relationships the cross entropy measure has a limitation 
which is decided by its non-directional mathematical prop-
erty. The small unexpected decrease of Con-De compared 
with the other two depressive groups may be on account of 
this shortage. Therefore, Asy_LZC and Asy_SEn show their 
advantage in this respect.

This study has certain limitations. Firstly, the medica-
tion and gender factors have not been analyzed as the initial 
experiment was aimed at analyzing the general influence of 
depression. More thorough consideration is needed in future 
experimental design. Secondly, aiming at the computer-
aided evaluation and detection of depression, recognition 
accuracy should be explored further by employing powerful 
parameters confirmed in this study as well as other previous 
studies.

5  Conclusions

In conclusion, this study suggests significantly increased 
frontal alpha asymmetry in depression patients compared 
with the healthy group, and specific higher right frontal 
complexity than the left frontal cortex is proven by two new 
proposed indexes Asy_SEn and Asy_LZC. Furthermore, this 
asymmetry increases as the level of depression deepens. The 
increased frontal asymmetry confirms that the depression 
alters the frontal brain activation, therefore leads to sym-
pathovagal imbalance and autonomic nervous system dys-
function. Two indexes proposed in this study confirm the 
validity of frontal alpha EEG asymmetry based on entropy 
measures and LZC in depression evaluation, and extend the 
index library of future computer-aided depression recogni-
tion systems.
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