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Abstract: The suboesophageal ganglion (SOG), which connects to both central and
peripheral nerves, is the primary taste-processing center in the Drosophila’s brain.
The neural oscillation in this center may be of great research value yet it is rarely
reported. This work aims to determine the amount of unique information contained within
oscillations of the SOG and describe the variability of these patterns. The approximate
entropy (ApEn) values of the spontaneous membrane potential (sMP) of SOG neurons
were calculated in this paper. The arithmetic mean (MA), standard deviation (SDA)
and the coefficient of variation (CVA) of ApEn were proposed as the three statistical
indicators to describe the irregularity and complexity of oscillations. The hierarchical
clustering method was used to classify them. As a result, the oscillations in SOG
were divided into five categories, including: (1) Continuous spike pattern; (2) Mixed

Entropy 2015, 17

6855

oscillation pattern; (3) Spikelet pattern; (4) Busting pattern and (5) Sparse spike pattern.
Steady oscillation state has a low level of irregularity, and vice versa. The dopamine
stimulation can distinctly cut down the complexity of the mixed oscillation pattern.
The current study provides a quantitative method and some critera on mining the information
carried in neural oscillations.
Keywords: Drosophila; oscillation; approximate entropy; subesophageal ganglion;
clustering; dopamine

1. Introduction
Drosophila, with a relatively simple brain structure, has become a model organism widely used in
neurological studies [1]. Drosophila shares many deep homology genes with mammals [2]. A model
system established based on it can provide an important access to studying the rules of nervous system
activities as well as to conducting basic research on nervous system diseases like epilepsy and
Parkinson’s disease [3,4].
The suboesophageal ganglion (SOG) is the primary taste-processing center in the Drosophila brain,
and it is strongly related to feeding behavior. As the main projection area of the chemical sensory
neurons in the limbs and mouthpart, the SOG contains about 6000 neurons located under the antennal
lobe (AL) [5,6]. In recent years, extensive and in-depth studies on nuclei such as the mushroom body
(MB) and AL, which are considered the senior central nervous system are widely conducted [7,8].
Unlike AL or MB, the SOG region does not simply receive and process chemical information of
senses but also receives and transmits physical senses, and it can govern motion related neurons at the
same time [9,10]. These diverse functions determine the diverse neural activities in SOG compared with
other regions [11].
The patch clamp technique is a newly reformed dissection and record method of whole Drosophila
brain. It enables the electrophysiological signals of a single cell to stay in an actual state [9], while it
also greatly increases the amount of signals, making it more difficult to distinguishing the complicated
and diverse oscillations. At present, identifying neuron oscillation only by judging its discharge quantity
and whether it is spike or bursting fails to meet the demand of analysis [12].
Mathematical computing tools have been widely used in the analysis of neural signals [13–17].
One of them is approximate entropy (ApEn), a simple and straightforward nonlinear index, which can
be used to measure the complexity of signals and quantify statistics [15–18]. In the past few years, ApEn
has been extensively applied in the analysis of regularity and complexity of short-term physiological
time series such as heart rate, blood pressure, and electroencephalogram signals [19]. For example, ApEn
was used to recognize the alteration of different sleep stages [20] and serving as an assistant index to
study hypothermia [21]. Some studies show that the dynamic alteration of ApEn can indicate the changes
of regularity and complexity during the process of bursting discharge and spike emergence, and that it
can help to identify different signals [18,22].
With the complicated and multitudinous oscillation patterns in the Drosophila’s SOG, proper
classification of neuronal oscillations is essential for making further function studies [23]. In order to
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determine characteristics of these patterns in SOG, a novel approach to oscillation differentiation
using the quantitative indicators of ApEn are presented. According to the three statistical indicators of
ApEn, namely the arithmetic mean (MA), standard deviation (SDA) and the coefficient of variation
(CVA), we clustered various oscillations in SOG into five typical categories and analyzed how the
oscillations of the neuron changed while giving dopamine stimulation. The result illustrated that ApEn
indicators can identify the changes of frequency of spikes and measure neural electrical signals,
producing simple results.
2. Materials and Methods
2.1. Research Object
The current study used wild-type Drosophila melanogaster, which was took out two days before
eclosion and conducted whole brain dissection using the method of Gu Huaiyu [24]. Drosophila stocks
were reared on standard cornmeal agar medium supplemented with dry yeast at 24 °C and 60%
relative humidity. Under such condition, Drosophila melanogaster produced new adults in 14 days.
The 2-day-before-eclosion fly was identified by red eyes, transparent wing in the puparium.
All experiments were performed on wild-type Caton-S female flies 2 days before exclusion.
2.2. Data Collection
The brains of flies were soaked in standard external sodium solution, which contains: 101 mM NaCl,
1 mM CaCl2, 4 mM MgCl2, 3 mM KCl, 5 mM glucose, 1.25 mM NaH2PO4 and 20.7 mM NaHCO3,
pH 7.2, mosM 250. The internal solution contained the following: 102 mM K-gluconate, 0.085 mM CaCl2,
1.7 mM MgCl2, 17 mM NaCl, 0.94 mM EGTA and 8.5 mM Hepes, pH 7.2, mosM 235. The whole cell
recording of the membrane activities was conducted with patch clamp technique. The neurons selected in
SOG was of a diameter of more than 10 μm. The pipette resistance was 14–16 MΩ. The impedance of
electrodes between entering water and contacting the cell was 11–15 MΩ. We located the electrode to
the SOG region after forming a GΩ seal. The present study utilized two recording methods: (1) the
spontaneous postsynaptic currents (sPSC) of the cell while clamping the voltage across the membrane
at −70 mV was recorded, and the current changes of the neuron was observed; (2) the spontaneous
membrane potential (sMP ) signals of the neuron at the gap-free mode of the clamp was recorded. All
electrophysiological recordings were carried out using a BX51WI upright microscope (Olympus, Lehigh
Valley, PA, USA). Signals were acquired with EPC10 amplifier (HEKA Elektronik, Lambrecht/Pfalz,
Germany). The maximum sampling frequency was 20 KHz.
2.3. Data Processing
Electrophysiological data analysis was carried out using Clampfit 10.2 (Molecular Devices,
Sunnyvale , CA, USA) and Matlab 2012b software (MathWorks, Natick, MA, USA). The selected data
was from 12 selected recordings, among which 11 were under the stable natural condition while the
other recordings were under dopamine treatment: Dopamine, whose concentration is 0.1 mM, is directly
added into external solution. The recordings were counted for further analysis only if they were with
typical waveforms.
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Most neurons observed did not display apparent sPSC signals but had diverse sMP signals, so the
sMP signals were analyzed. The maximum sampling frequency of sMP records was 20 KHz. Firstly, we
sampled the signals to 2 KHz for data reduction, trying to keep balance with the judgment on oscillation
patterns and simplifying the data. Secondly, we applied the 400 Hz Gaussian low-pass filter to minimize
the interference of high-frequency noises and preserve the effective waveform information of the
original data.
2.4. The ApEn Extraction Algorithm
The approximate entropy, which was proposed by Pincus as a model-independent measure of
sequential irregularity, belongs to the field of information theory [18,25]. ApEn is to metric the
probability of the emergence of new patterns and the amount of information can be computed in a finite
sequence. Moreover, as ApEn embodies time patterns, it reflects the structural complexity of the data by
indicating how the amount of repetitive patterns changes over the number of dimensions [26,27].
Neuronal electrical activities have often been deemed as nonperiodic and irregular [28,29]. Some studies
have used information theory to assess the coding of task condition in spike rate, discharge irregularity,
and proposed that the spike irregularity may reflect coding information [30].
ApEn algorithm has some anti-noise ability itself, and thus effect of different filtering methods can
be reduced [19,31]. The amount of data is not so demanding (500–4000 points is generally enough) and
some fast computation of ApEn has been developed, which makes the execution time shorter than other
nonlinear algorithm [32,33].
Given a time series {u(i)}of size N, the ApEn value is calculated through the following steps [19]:
(1) The sequence {u(i)} composes the m-dimensional vector X(i):
X(i) = [u(i), u(i + 1) … u(i + m − 1)], i = 1, 2, ..., N − m + 1

(1)

(2) For every i value, the distance between vector X(i) and another vector X(j) is calculated:
d[X(i),X(j)] = max|u(i + k) − u(j + k)|, k = 0, 1, …, m − 1

(2)

(3) Given the threshold value r (r > 0), for each i value, statistical number of d [X (i), X (j)] < r is
calculated .And the ratio of number to total N − m + 1 is called 𝐶𝑖𝑚 (𝑟):
𝐶𝑖𝑚 (𝑟) =

number of (d[X(i), X(j)] < r)
N−m+1

(3)

(4) 𝐶𝑖𝑚 (𝑟) logarithm is obtained and the average i value is calculated, denoted as ϕ𝑚 (r), namely:
𝑁−𝑚+1

1
ϕ (r) =
∑ ln 𝐶𝑖𝑚 (𝑟)
𝑁−𝑚+1
𝑚

(4)

𝑖=1

(5) For m + 1, repeat from step 1 to step 4 and get ϕ𝑚+1 (r);
(6) Finally, the results are as follows:
ApEn(m,r) = ϕ𝑚 (r) − ϕ𝑚+1 (r)

(5)

By comparison various setting [31], we set m = 2 and r = 0.25 SD(u) here (SD is the
standard deviation). In the present study, 2000 sampling points were computed once, equal to ApEn of
one second.

Entropy 2015, 17

6858

2.5. Evaluation of ApEn
The ApEn of different oscillation patterns differ from each other. The present study set the length of
each calculated time window at N and the results of ApEn fluctuated over time. The current study
introduced three statistical indicators to describe ApEn, namely the arithmetic mean of ApEn (MA), the
standard deviation of ApEn (SDA) and the coefficient of variation of ApEn (CVA). The interval between
two recordings is T, while the calculated oscillation length was 1 min.
The three statistical indicators of ApEn values are calculated by:
∑𝑇/𝑁
𝐴𝑝𝐸𝑛
𝑀𝐴 = 1
T/N
𝑆𝐷𝐴 = √

2
∑𝑇/𝑁
1 (𝐴𝑝𝐸𝑛 − 𝑀𝐴)
T

N

−1

𝐶𝑉𝐴 = SDA/MA

(6)

(7)
(8)

The mean value of ApEn can indicate integral complexity in a certain time series. The standard
deviation indicates the degree of variation along with time .The variation coefficient, as the ratio of the
standard deviation to the mean, is a relative indicator without dimension. More importantly, it can
describe the relatively degree of variation while mean values are largely different. The more severe the
fluctuation is, the larger the CVA will be.
The statistical significance of ApEn values was assessed using SPSS 16.0 software. For normality
test of each group, the Kolmogorov-Smirnov tests were used with the significance level setting at
p < 0.05. For the distribution test of ApEn values among different groups, the Kruskal-Wallis test was
used with the significance level setting at p < 0.01. For the distribution tests of ApEn values among
different oscillations within one group, the Kruskal-Wallis tests were used with the significance level
setting at p < 0.01.
2.6. Clustering Analysis
Clustering analysis can automatically mine information from data to categorize observations. It has
become an important tool for the analysis of neural activity characteristics [34]. As an unsupervised
learning approach, clustering algorithms have also been widely applied to spike sorting [8,35].
To explore possible grouping of neurons according to the oscillation characteristics, the present
study classified oscillation patterns with hierarchical clustering using MA and CVA as the two
reference variables. The classification statistic was Squared Euclidean Distance and Average Linkage
was performed. The classification statistic between sample i and sample j is defined as:
2

𝑑𝑖𝑗 = √∑(𝑥𝑖𝑡 − 𝑥𝑗𝑡 )2
𝑡=1

The distance between group p and group q is defined as:

(9)
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2
2
𝐷𝑝𝑞
= ∑ 𝑑𝑖𝑗
/𝑁𝑃 𝑁𝑞
𝑥𝑖 ∈𝑝
𝑥𝑗 ∈𝑞

(10)

Np and Nq are the numbers of elements in group p and group q respectively. In fact, various clustering
were performed during the test and the above two methods were chosen because they came up with the
best description of the common characteristics of oscillations.
3. Results
3.1. Statistical Indicators of Oscillation
To study the changes of oscillation over time, we focused on the time series during conversion of
oscillatory states. Here, we take the typical continuous spike oscillation for example, which featured a
slow depolarization process at the beginning stage, followed by a rapid process of depolarization and
repolarization under gap free mode of the current clamp. The ApEn values were calculated firstly,
based on which the three statistical indicators MA, SDA, and CVA were calculated for each one
minute (Figure 1).

Figure 1. Three ApEn indicators of two different oscillation transition processes. (A) two
types of oscillation transition. Type 1 shows a stable and continuous spike potential in
0–10 min, and it started to decay after 10 min. Type 2 shows the transition period lasted for
roughly 0–8 min, followed by stable and continuous spike potential; (B) the corresponding
variation tendencies of the three ApEn indicators of transition type 1; (C) the corresponding
variation tendencies of the three ApEn indexes of transition type 2.
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With the disappearance of neuron spike potential, the discharge activity is weakened, which is
manifested by the decrease of spike amplitude and discharge frequency, as well as the increase of the
MA and the drop of the CVA. In Figure 1A, type1, from the stable and continuous spike stage to a
transition period after 10 min, the MA rose from 0.1 to 0.4, the SDA also increased with mild fluctuation,
and the CVA displayed an evident downtrend from 0.9 to 0.3 (Figure 1B). During the transition from
sparse spike pattern to continuous spike activity (Figure 1A type 2), the MA decreased from 0.4 to below
0.1. When the neuron returned to a normal discharge state, the MA stayed at a relatively low level of
0.05. At the same time, the SDA dropped and leveled out at about 0.05. The CVA increased to a peak
of 0.8 from 0.4, and fluctuated in a certain range afterwards.
3.2. Clustering Results
We adopted 12 recordings of different neurons in SOG. As the oscillation status varied over time, we
took three sections of each recording, each section lasted for 60 s, and obtained 36 types of waveforms
as a result. The ApEn values of each oscillation were firstly obtained. From the tests of normality of 36
groups of ApEn data, it was found that the normality could not be well satisfied, with p values of 11
groups were > 0.05 and 25 groups were < 0.05. To test the difference between the ApEn distribution
levels of 36 kinds of oscillations, we performed the Kruskal-Wallis instead of the ANOVA test to
examine the difference between 36 groups. The p was < 0.01(Table 1). What is more, the differences
between the waveforms selected from one recording are statistically significant, while the waveform
after stimulation by dopamine has no statistical significance with p > 0.01.
Table 1. Result of Kruskal-Wallis test of 12 groups of recordings.
No. of Recordings

No. of Oscillations

1
2
3
4
5
6
7
8
9
10
11
12
Total

1/2/3
4/5/6
7/8/9
10/11/12
13/14/15
16/17/18
19/20/21
22/23/24
25/26/27
28/29/30
31/32/33
34/35/36
36

No. of ApEn Values for
every Oscillation
60
60
60
60
60
60
60
60
60
60
60
60
2160

Kruskal–Wallis
Test
p < 0.01
p = 0.182
p < 0.01
p < 0.01
p < 0.01
p < 0.01
p < 0.01
p < 0.01
p < 0.01
p < 0.01
p < 0.01
p < 0.01
p < 0.01

The Kruskal-Wallis test of the total 36 selected sets of data shows that the total p is <0.01. The Kruskal–Wallis
tests within the 3 sets of one recording show that the differences among each waveform selected from once
recording were statistically significant, except that the waveforms recorded after being stimulated by dopamine
have no statistically significant with p > 0.01.
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Putting the ApEn of the 36 waveforms together, two ApEn oscillation patterns were simply displayed:
one features low and fixed complexity while the other fluctuates severely. The indicators of ApEn in
different neurons are different from each other, the oscillations in the same neuron also differ
(Figure 2A,B). The MA and CVA were used as the variables to calculate the distances in the hierarchical
clustering method.

Figure 2. Clustering results of 36 kinds of signals. (A) the MA of 36 kinds of signals;
(B) the CVA of 36 kinds of signals; (C) the scatter diagram, taking the MA as abscissas and
CVA as ordinates. The five different markers represent five different clusters; (D) the
dendrogram by hierarchical clustering, wherein the dashed line shows the threshold of 0.15.
The clustering result in Figure 2D shows the differences between the oscillations; a longer horizontal
line signifies a longer distance .The coefficient of cophenet is 0.84. Combining clustering results with
the spike patterns, we took 0.15 as the threshold of the between-class distance, and these oscillation
patterns were divided into five categories. Figure 3A–G shows the clustering results and the
corresponding original oscillations.
The first cluster has relatively low MA staying below 0.15 with CVA staying around 0.25. Figure 3A
shows a mixed oscillation pattern, consisting of large amplitude waves with small amplitude waves in
between. Figure 3B shows the activity of a neuron with a mixed pattern after being stimulated by
dopamine (the next section will go into detail).
The second cluster had a discharge pattern with both low MA almost below 0.15 and CVA below
0.2, manifested as constant and regular signals with quasi-periodicity. Most oscillations belong
to this pattern, and the peak values always stand between 10 and 20 mV. This is named the continuous
spike pattern.

Entropy 2015, 17

Figure 3. Five clusters of the original oscillation patterns and the corresponding ApEn
values. The columns in A-L signify original oscillation sequences, while the corresponding
a-1 below illustrate change sequences of ApEn values. Cluster 1 contains two oscillation
patterns. Cluster 2 contains the continuous spike pattern. Cluster 3 contains two oscillation
patterns, which were referred to as the mixed oscillation pattern and spikelet pattern
respectively. Cluster 4 contains one oscillation pattern mixed with bursting oscillation and
long-term excitability. Cluster 5 contains the sparse spike pattern.
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The third cluster featured with high MA (0.15–0.3) and CVA staying around 0.45. Two corresponding
types of discharge were observed: the first is of mixed signals with lower MA, which is referred to as
the mixed oscillation pattern; the second type which records continuous and dense signals with less and
smaller spikelet rising on the oscillations is called the spikelet pattern. The spikelet pattern is composed
of single wavelet amplitude which is generally less than 5 mV with duration of 100–500 ms.
The fourth cluster had a relatively low MA (0.05–0.15) and the CVA staying around 0.6. The number
of oscillations belonging to this pattern ranks second. The corresponding discharge was mixed with
bursting oscillation discharge and has long-term excitability during certain periods. The plateaus lasting
from 1 to 10 s frequently emerges and the depolarization can reach −20 mV. This is what we called the
bursting pattern, featuring long lasting depolarization discharge and stable spontaneous discharge.
The fifth cluster featured relatively low MA (0.05–0.15) and the high CVA staying around 0.8, which
was quite high. The corresponding discharge signal was also consistent and regular, but compared with
the second cluster, the frequency of action potentials was lower. This is sparse spike pattern.
3.3. Transformation of Oscillation
By adding the dopamine to the external solution, the embedded component of mixed electric signals
would be disturbed and single continuous depolarized discharge emerges (Figure 4A,B). Distribution of
power spectrum was calculated. Before the stimulation, the power spectrum of signals has no obvious
peak values with most energy volume below 1 Hz (Figure 4C). After stimulation of dopamine, oscillation
is featured with sine-like oscillation with amplitude of 10 mV (Figure 4B). As shown in Figure 4D, the
proportion of 2–5 HZ component has an increase.

Figure 4. Changes of oscillation caused by dopamine. (A) oscillation signals of 2 min before
stimulation by dopamine. There are at least two sorts of spike potentials. The average
amplitude of large waves is about 20 mV. The small waves are about 8 mV which are formed
by smaller waves with amplitudes of less than 4 mV; (B) oscillation signals of 2 min after
stimulation by dopamine; (C) power spectrum of signals with most energy volume below
1 Hz before the stimulation. The abscissa and ordinate is Log-Log; (D) power spectrum of
signals after the stimulation.

Entropy 2015, 17

6864

Compared with the power spectrum results, the difference between the ApEn results of this alternation
is more significant. The baseline of oscillation before stimulation is obvious higher (MA = 0.074) than
that of oscillation after stimulation (MA = 0.015), regardless of changes of sample points or parameters
in the calculation. Three statistical indicators of ApEn also show a significant difference (Table 2). The
ApEn values after stimulation keep quite stable and relatively low while the ApEn values before
stimulation fluctuate, which indicates a quasi-periodic change of probability for occurrence of new
information (Figure 5D,E). Increasing sample points can reduce the MA while the SDA and CVA will
increase. Increasing coefficient of r can reduce the MA and the SDA while CVA hardly changes.

Figure 5. ApEn results under different calculation conditions. Dashed lines indicate
corresponding indicators of oscillation of 2 min before the simulation. Solid lines indicate
corresponding indicators of oscillation of 2 min after the simulation. Red lines with *
indicate samples of 1000. Green lines indicate samples of 2000. With the increase of ApEn
threshold r from 0.15 to 0.25, the MA and the SDA have a decreasing trend; the
corresponding gaps between the two oscillations become narrower. With the increase of
sample point number N from 1000 to 2000, the MA decreases while the SDA and the CVA
increase; the gaps of the MA and CVA between the two oscillations become narrower while
the gap of the SDA becomes wider.
Table 2. Values of the three statistical indicators of six ApEn parameters groups.
Sample
Points(N)

The Threshold
Coefficient(r)

MAbefore

MAafter

SDAbefore

SDAafter

CVAbefore

CVAafter

1000
1000
1000
2000
2000
2000

0.15
0.2
0.25
0.15
0.2
0.25

0.302
0.220
0.169
0.134
0.097
0.074

0.057
0.040
0.031
0.026
0.019
0.015

0.100
0.076
0.060
0.157
0.114
0.087

0.035
0.024
0.018
0.028
0.020
0.016

0.332
0.347
0.355
1.168
1.178
1.180

0.616
0.596
0.564
1.067
1.064
1.064
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In fact, the simple sine-like oscillation status after the stimulation only lasted about 50 s with the
ApEn values started to peak instead of remaining low. The complexity of the oscillation began to resume,
indicating that the neuron ability of regulating oscillation also began to recover.
3.4. The Location of Neurons with Certain Pattern
The projection in SOG is very similar with local interneurons (LNs) in AL [36], with its trajectory
area only located on the soma ipsilateral hemisphere of SOG (Figure 6). The biocytin staining and
confocal imaging methods were according to what we described before [37]. Neurons’ morphology is
visualized by imaris 8.0 (Bitplane). The filament toolbox is applied to highlight the axonal trace and
trajectory. Electrophysiologically, spontaneous action potentials (SAPs) of LNs demonstrated a bursting
pattern of sodium channel dependent spikes, and spikes no fewer than two were considered as a burst.
SAPs of projection neurons demonstrated lower frequency with less and smaller spikelets rising on the
oscillations. The bursting pattern is mainly in large neurons of the central portion of one side of SOG
(Figure 7).The mixed oscillation pattern is located in the bottom of the central partial small neurons
(Figure 6C).

Figure 6. Cont.

Entropy 2015, 17

6866

Figure 6. The neurons with cell bodies located in the edge region of SOG. The scale is
80 μm. Soma and projection region of the neurons are in the same side of SOG, and the
coverage of neurons does not exceed the SOG zone itself.

Figure 7. The neurons with cell bodies located in the central region of SOG. The scale is
50 μm. The projection range exceeded SOG area.
4. Discussion
4.1. ApEn of Neuron Oscillation
It is acknowledged that the oscillation of neurons consist of abundant information [6,38]. Because of
the complexity of the background oscillations and other noises, detecting a specific oscillation like burst
activity or spiking is a long-standing challenge in investigating the dynamics of neuronal activity [4,39].
Global measures, such as CV and AI, were mainly used in previous studies [40,41]. Some irregularity
metrics are tested based on the ISI properties, such as the Fano Factor [42], shape parameters of the ISI
distribution etc. [33,43]. However, such measures are usually not directly related to the information
amount alternation, and mostly they are based on the interspike interval distribution. ApEn can represent
the degree of irregularity as well as quantity of information of any oscillation whether spike emerges or
not. Stable fluctuation of ApEn values indicates a quasi-periodic change of amount of new information
in the neuron. The more complex and instable the oscillation status presents, the greater the ApEn values
will be, vice versa. When the oscillation status changes, either from the dense spiking to sparse spiking or
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from spiking to bursts, the ApEn values will change consistently, it can conceal details as well as zoom
the sudden changing point like the emergence of peaks.
4.1.1. Three Indicators
When making threshold of ApEn a smaller value, the evaluation of new information will be more
rigorous, and thus the greater ApEn will be obtained and the complexity and irregularity of data will be
considered stronger [18]. But in our method, the value of r is less important as is has little effect on CVA.
Sample point greatly affects the final values of the three statistical indicators, particularly the SDA. We
recommend that the sample point should be large and reasonable, and we unify with the number per
unit time.
The MA indicates the regularity and stability of the oscillation as a whole. The SDA reflects the
fluctuation of ApEn, thus it indicates the whole degree of depolarization. A higher CVA may manifest
more patterns than the given oscillation includes. The CVA is a relative value, while SDA is an absolute
value, which makes SDA not a good indicator to overall variation of the irregular nature. Large SDA
values may not be generated by oscillation itself, because it is directly related to the number of ApEn
results. Therefore, the MA and CVA were selected in the cluster analysis. And the sample points
calculated of all oscillation groups should be strictly unified to reduce the classification error caused by
ApEn computing.
4.1.2. Clustering of Different Patterns
Most of the existing classification methods define the category of an oscillation according to the
parameters of a typical oscillation pattern [44,45], and it is unknown how many kinds of oscillation exist
in the SOG. Therefore, instead of judging whether a particular one belongs to a current category, our
aim is to find out how many patterns of oscillation exist, to distinguish different neurons in SOG and to
even discover new oscillation types.
As an unsupervised learning approach, hierarchical clustering algorithm was utilized to classify
oscillation patterns. Different from existing methods, we do not define the types of oscillation
beforehand. If the MA and the CVA can represent features of oscillations, similarities should exist within
the same type of oscillations after clustering, and they have been confirmed by the clustering results.
The continuous spike pattern and bursting pattern are the dominated patterns. When both the MA and
the CVA stand at a relative high value, it can be doubted that the neuron is a glial cell.
Compared to other clusters, the first cluster of results obtained seems not quite satisfying. As seen
from Figure 3, A, a, B, and b, their ApEn distribution is different; the MA of (b) appeared lower and
steadier in general, and the raw signal (B) is more regular compared to signal (A). It is difficult to
differentiate the two types by using the method of clustering analysis because they have similar
CVAs. The solutions can be used to improve the clustering method and increasing the computed
oscillation types.
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4.2. Oscillations in SOG Region
The neuronal discharge patterns are usually described by three principle patterns, namely, regular,
irregular, and bursty [44]. Combining clustering results with the spike patterns, we showed that the
discharge patterns in SOG can be classified by a relatively quantitative method and five categories can
be more reasonable, including continuous spike pattern, mixed oscillation pattern, bursting pattern, and
sparse spike pattern. In many cases, bursts and oscillations can be considered as distinct properties and
are thus measured separately. However, bursts and oscillations often occur simultaneously or in similar
contexts [29].
In the present study, it is found that the oscillation patterns of single neurons are always fixed but the
oscillation states are interchangeable under certain conditions. Neuron with a mixed oscillation pattern
in SOG can be excited by amine neurotransmitters while other oscillation types do not have obvious
effect. The continuous electrical activity of neurons is deemed relevant to maintaining information of
external stimulus [12,46]. Dopamine can lead a drop of ApEn values of the mixed oscillation. More
detailed changes can be detected by the MA, SDA, and CVA. We speculate that neurons of the mixed
oscillation pattern in the SOG region are the intermediate local neurons in the SOG, playing the role of
exchanging information of external stimuli. They may pass the message to peripheral nerves and could
be excitatory neurons meditated by amine neurotransmitters [1,47]. And for neurons of the bursting
pattern, the projection range exceeded SOG area, acting as a subordinate projection neuron. Neurons
with such oscillations are worth further study.
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