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Spontaneous alpha oscillations are a ubiquitous phenomenon in the brain and play a key role in neural information
processing and various cognitive functions. Jansen’s neural mass model (NMM) was initially proposed to study the origin
of alpha oscillations. Most of previous studies of the spontaneous alpha oscillations in the NMM were conducted using
numerical methods. In this study, we aim to propose an analytical approach using the describing function method to
elucidate the spontaneous alpha oscillation mechanism in the NMM. First, the sigmoid nonlinear function in the NMM
is approximated by its describing function, allowing us to reformulate the NMM and derive its standard form composed
of one nonlinear part and one linear part. Second, by conducting a theoretical analysis, we can assess whether or not the
spontaneous alpha oscillation would occur in the NMM and, furthermore, accurately determine its amplitude and frequency.
The results reveal analytically that the interaction between linearity and nonlinearity of the NMM plays a key role in
generating the spontaneous alpha oscillations. Furthermore, strong nonlinearity and large linear strength are required to
generate the spontaneous alpha oscillations.
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1. Introduction

Alpha oscillation, defined as periodic fluctuations within
the alpha band (8 Hz–12 Hz),[1] is ubiquitous in the brains
of animals and humans.[2,3] Spontaneous alpha oscillations
are observed in waking subjects and are most prominent in
subjects that are relaxed with their eyes closed and otherwise
mentally inactive. Since the first human electroencephalogram
(EEG) recordings were performed by Hans Berger more than
90 years ago,[1] many studies have tried to establish correla-
tions between the characteristics of alpha oscillations and cog-
nitive processes.[4–19] Although several studies have shown
that alpha oscillations are related to a wide range of basic and
higher cognitive processes and play a functional role in both
behavioral and neuronal responses, the mechanism of alpha
oscillation generation is not fully understood.

Computational studies[20–25] are effective for elucidat-
ing the mechanism by which neural oscillations occur due to
their ability to model complex neurological phenomena with
relative ease.[26] In this context, many biophysical models
have been developed to understand the generation of neural
oscillation.[27–32] As a typical computational neural model, the
neural mass model (NMM) was initially proposed to study

the origin of the alpha rhythm based on a biologically plau-
sible parameterization of the dynamic behavior of the layered
neocortex.[33,34] Subsequently, the NMM has been improved
and extended to model various cortical electrical activities.[35]

Jansen’s NMM is an extended version of the neural mass
model that adds an excitatory feedback loop in parallel to
the inhibitory feedback loop in the original version of the
NMM.[36]

To date, Jansen’s NMM (for simplicity of denotation, we
will use NMM to refer to Jansen’s NMM for the remainder of
this paper) has been extensively used to study alpha oscillation
mainly through numerical study, such as resonance and bifur-
cation analyses.[27] Resonance analyses are conducted by lin-
earizing the sigmoid function in the NMM.[35] However, this
produces a stimulus-induced alpha response and not a sponta-
neous oscillation, which is dominated by linear dynamics and
reflect fluctuations about an equilibrium-state.[37] Most of bi-
furcation studies use the input of the NMM as a bifurcation
parameter to study neural oscillation; therefore, the responses
produced in these studies are also stimulus-dependent oscilla-
tions. Spontaneous alpha oscillation is related to limit cycle
dynamics[27,28] and is primarily determined by the intrinsic
properties of the NMM. Nonlinearity is the fundamental rea-

∗Project supported by the National Natural Science Foundation of China (Grant No. 61473208), the Tianjin Research Program of Application Foundation and
Advanced Technology, China (Grant No. 15JCYBJC47700), the National Institutes of Health, USA (Grant Nos. R01DA040990 and R01EY027544), and the
Project of Humanities and Social Sciences from the Ministry of Education, China (Grant No. 17YJAZH092).

†Corresponding author. E-mail: wjsong2004@126.com
© 2018 Chinese Physical Society and IOP Publishing Ltd http://iopscience.iop.org/cpb　　　http://cpb.iphy.ac.cn

048701-1

http://dx.doi.org/10.1088/1674-1056/27/4/048701
mailto:wjsong2004@126.com
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn


Chin. Phys. B Vol. 27, No. 4 (2018) 048701

son for the occurrence of limit cycles, however, it is not fully
understood how the nonlinear part of the NMM interacts with
its linear part to cause spontaneous alpha oscillations.

In the present study, we use the describing function
method to analyse the spontaneous alpha oscillations in the
NMM. Our main contribution is to propose an analytical
method to accurately determine frequency and amplitude of
the spontaneous neural oscillation. To do so, we take Jansen–
Rit’s neural mass model as an example to demonstrate the
method. Our results suggest that the interaction between lin-
earity and nonlinearity of the NMM plays a key role in gen-
erating spontaneous alpha oscillations and that, furthermore,
strong nonlinearities and large linear strength are required.
These results provide an insight into the mechanism of sponta-
neous alpha oscillations and the role of the linear and nonlinear
parts in generating them. Additionally, these results provide
testable hypotheses for future experimental studies.

2. Methods
2.1. Model

Jansen’s neural mass model describes a small local net-
work representing a cortical region. As illustrated in Fig. 1,[36]

the model consists of three interacting neural populations: a
feed-forward loop (the middle part), an excitatory feedback
loop (the top part), and an inhibitory feedback loop (the bot-
tom part). Jansen–Rit’s neural mass model (NMM) shows that
the activity of the excitatory population in the feedforward
loop is regulated by the interaction between the interlinked ex-
citatory and inhibitory feedback loops. The connectivity con-
stants C1, C2, C3, and C4 denote the interactions between the
feed-forward and feedback populations in the NMM and ac-
count for the average number of synaptic contacts. The input
p(t) is an excitatory input from neighboring populations and is
modelled as Gaussian white noise. The output y(t) represents
the average synaptic activity of the pyramidal cells, which is
explained as an EEG signal.[36]

In the NMM, each population receives input in the form
of an average postsynaptic membrane potential from the other
neural populations and converts this membrane potential into
an average firing rate. Therefore, each population is composed

of the following two parts: an excitatory or inhibitory linear
dynamic function [he(t) or hi(t), respectively] and a nonlinear
static sigmoid function S(v). The former transforms the pre-
synaptic mean firing rate into the post-synaptic mean mem-
brane potential and the latter transforms the mean membrane
potential into the mean firing rate.

C2 C1

C4 C3

S

he↼t↽ 

S

he↼t↽

hi↼t↽

y↼t↽
S

⇁

↩

y0↼t↽p↼t↽+

Fig. 1. Schematic diagram of the neural mass model.

The impulse response functions of the excitatory and
the inhibitory dynamic functions are given by the following
equation[36] {

he(t) = He/τet e−t/τe u(t),
hi(t) = Hi/τit e−t/τiu(t),

(1)

where u(t) is the Heaviside function, He and Hi denote the
excitatory and inhibitory average synaptic gains, respectively,
and τe and τi are the lumped representations of the sums of the
membrane average time constants.

The sigmoid function S(v) is described by the following
equation:[38]

S(v) = e0
1− e−rv

1+ e−rv , (2)

where e0 is the maximum firing rate, v0 is the post-synaptic
potential corresponding to a firing rate of e0, r is the steepness
of the S(v) function, and v is the average pre-synaptic mem-
brane potential.

The parameter values of the NMM can be estimated from
the empirical data,[34,36,39,40] and are shown in Table 1.[36] The
focus of this study is to investigate spontaneous oscillations
and not stimulus-dependent oscillations; therefore, the input
p(t) is set to be zero. For further details of the NMM see
Ref. [36].

Table 1. Physiological explanation and standard values of NMM parameters.

Symbol Description Value

He/mV average excitatory synaptic gain 3.25
Hi/mV average inhibitory synaptic gain 22

τe/s average synaptic time constant for excitatory population 0.01
τ i/s average synaptic time constant for inhibitory population 0.02

C1, C2 connectivity constants in the excitatory feedback loop C = 135; C1 =C; C2 = 0.8×C
C3, C4 connectivity constants in the inhibitory feedback loop C3 = 0.3×C; C4 = 0.3×C
e0, r parameters of nonlinear S function e0 = 2.5 s−1; r = 0.56 mV−1

p(t) input p(t) = 0

048701-2
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2.2. Describing function method

The describing function method is a nonlinear analy-
sis method that is widely used to analyse spontaneous os-
cillations of nonlinear dynamical systems.[41] Recently, this
method was used to analyse the mechanism of action of deep
brain stimulation,[42] the behavior of a seizure neural mass
model[43] and a model of deep brain stimulation.[44] The main
principle of the describing function method is that in response
to a sinusoidal input, most nonlinear system will produce a
periodic signal (which is not necessarily sinusoidal) with the
frequency being the harmonics of the input frequency. There-
fore, the describing function can be viewed as an extension of
the frequency response to nonlinearity, which can be approxi-
mated by a frequency-dependent equivalent gain.

Supposing that the input to a nonlinear function is v(t) =
Asin(ωt), the output q(t) will be periodic with a fundamental
period equal to that of the input. Consequently, the Fourier
series is described as follows:

q(t) = A0 +
∞

∑
n=1

[An cos(nωt)+Bn sin(nωt)], (3)

where A0 = (1/2π)
∫ 2π

0 q(t)dωt is the direct current compo-
nent, An cos(nωt)+Bn sin(nωt) is the n-th harmonic compo-
nent of q(t), and An = (1/π)

∫ 2π

0 q(t)cosnωt dωt and Bn =

(1/π)
∫ 2π

0 q(t)sinnωt dωt are the coefficients of the Fourier
transformation.

Because the linear part of a dynamical system is generally
of low-pass, the high frequency component of q(t) decreases
rapidly as the frequency increases. Thus the output q(t) of the
nonlinear element can be approximated by the first fundamen-
tal component of this series and calculated as follows:[45]

q(t)≈ A1 cos(ωt)+Bn sin(ωt). (4)

The describing function is defined as the ratio of the amplitude
of the first fundamental component of the output of the nonlin-
ear element to the amplitude of the sinusoidal input signal.[45]

Its mathematical formulation is expressed as follows:

N(A) = (B1 + jA1)/A. (5)

More details of the describing function method can be found
in Ref. [45].

Within the theoretical framework of the describing func-
tion method, the block diagram of a nonlinear system is shown
in Fig. 2, where N(A) is the describing function of the nonlin-
ear part in the nonlinear system, and L(s) is the transfer func-
tion of the linear part in the nonlinear system.

The characteristic equation of a nonlinear system (shown
as in Fig. 2) is as follows:

1+N(A)L(s) = 0. (6)

Letting s = jω and substituting it into Eq. (6), the characteris-
tic equation of a nonlinear system in the frequency domain is
obtained as follows:

1+N(A)L(jω) = 0. (7)

According to the Nyquist criterion,[41] the solution of Eq. (7)
corresponds to the limit of the cycle oscillations; therefore,
solving this equation, the amplitude and frequency of the spon-
taneous oscillation are obtained.

N↼A↽ L↼s↽
u↼t↽r↼t↽/ y↼t↽

↩

Fig. 2. (color online) Block diagram of a nonlinear system.

2.3. Simulation protocol

All simulation analyses were conducted using MATLAB
software (www.mathworks.com). Acording to Fig. 1, we used
the Simulink toolbox of MATLAB to construct the simulation
model of the NMM, in the form of a block diagram. In the
simulated model, the excitatory and inhibitory synapse mod-
els are implemented by Eq. (8), and the Sigmoid functions by
Eq. (2).

The simulation parameters of the NMM were set and de-
scribed in Table 1. To analyze and simulate the spontaneous
alpha oscillations in the NMM, the input of the NMM was set
to be zero. To trigger the spontaneous oscillation, in the initial
state the input was an impulse with arbitrarily small amplitude
and width. The simulated model was solved using fourth or-
der Runge–Kutta method with fifth order error control (Matlab
function ode45).

We used a variable-size simulation time-step with maxim
step size 0.001 s. Initial conditions were set to be zero.

Nyquist diagrams were plotted using the MATLAB func-
tion “nyquist”.

3. Results
In this section, we use the describing function method to

investigate the mechanisms underlying spontaneous alpha os-
cillations in the NMM. First, we reformulate the NMM (shown
in Fig. 1) by approximating the sigmoid function using its de-
scribing function. Second, we conduct a theoretical analysis to
determine whether spontaneous alpha oscillations occur and,
furthermore, to determine the amplitude and frequency of the
oscillation.

3.1. Frequency domain description of the NMM using de-
scribing function method

3.1.1. Transfer function of the linear part in the NMM

By conducting the Laplace transform with Eq. (1), we de-
rive the transfer function, s domain model, of the excitatory

048701-3
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and inhibitory synapses as follows:{
Ge(s) = Heτe/(τes+1)2,

Gi(s) = Hiτi/(τis+1)2.
(8)

3.1.2. Describing function of the sigmoid function in
NMM

The sigmoid function S(v) in the NMM is odd symmet-
ric; therefore, the coefficients of all the even parts are equal to
zero, which means that A1 = 0 and equation (5) can be simpli-
fied into

N(A) = B1/A. (9)

Furthermore, we can obtain the describing function of S(v) as
follows:

N(A) =
B1

A
=

(1/π)
∫ 2π

0 S(Asinωt)sinωt dωt
A

. (10)

The sigmoid function S(v) in the NMM can be written using
the following form:

S(v) = e0
(1− e−rv)

1+ e−rv = e0
e(rv/2)− e−(rv/2)

e(rv/2)+ e−(rv/2)

= tanh
( rv

2

)
. (11)

Substituting Eq. (11) into Eq. (10) yields the following equa-
tion:

N(A) =
e0

πA

∫ 2π

0
tanh

(
rAsinωt

2

)
sinωt dωt

=
10
πA

∫
π/2

0
tanh(0.28Asinx)sinxdx. (12)

According to Eq. (12), we can draw the curve of the describing
function N(A) of the sigmoid function S(v) as shown in Fig. 3.

0.7

0.6

0.5

0.4

0.3

0.2

0 5 10 15 20

A/mV

N
↼A
↽

Fig. 3. (color online) Describing function N(A) of the sigmoid function S(v).

3.1.3. Reformulating NMM in frequency domain using
describing function method

To use the describing function method to analyze sponta-
neous alpha oscillations in the NMM, we need to transform the
NMM into the standard form of a nonlinear system (as shown
in Fig. 2).

First, we use N(A) to replace the three sigmoid functions
S(v) in the NMM, which transforms Fig. 1 into Fig. 4(a).

Second, we reformulate the NMM (shown in Fig. 4(a))
into the standard form of a nonlinear system (illustrated in
Fig. 2), which is composed of one linear unit and one non-
linear unit. Note that the output y(t) of the NMM is directly
linked to the sigmoid function S(v) in the feed-forward loop of
the NMM. Therefore, the sigmoid function S(v) in the feed-
forward loop is the nonlinear unit and the other functions in
Fig. 4(a) correspond to the equivalent linear unit. We use
bifurcation analysis to determine the amplitude Ay0 of sig-
nal y0(t) in Fig. 4(a) and obtain Ay0 = 0.073. In Fig. 4(a),
the inputs of N(A) in the excitatory and the inhibitory feed-
back loops are C1y0(t) and C3y0(t), respectively; therefore,
their amplitude values are C1Ay0 = 9.86 and C3Ay0 = 2.96,
respectively. According to Eq. (12), we approximate the de-
scribing function N(A) in the excitatory and the inhibitory
feedback loops in Fig. 4(a) as Ke = N(C1Ay0) = 0.303 and
Ki =N(C3Ay0) = 0.628, respectively. Therefore, we derive the
approximated form of Fig. 4(a) (shown in Fig. 4(b)), which is
composed of the nonlinear unit N(A) (red part) and the linear
unit (blue part).

p↼t↽

C2
⇁

⇁

C1

C3

y↼t↽

↩

y0↼t↽

C2
⇁

⇁

C1Ke

N↼A↽

Ki

y↼t↽

↩

C2Ke

u↼t↽
⇁

↩↩

N↼A↽

Ge↼s↽

Ge↼s↽

Ge↼s↽

Gi↼s↽

Gi↼s↽

Ge↼s↽

Gi↼s↽

Ge↼s↽

Gi↼s↽

N↼A↽
u↼t↽

N↼A↽C4

C1

C4 C3

C3 C4

y0↼t↽

y↼t↽y0↼t↽

N↼A↽

G↼s↽

r↼t↽/

p↼t↽

u↼t↽

Ki

(c)

(b)

(a)

Fig. 4. (color online) Block diagrams of the reformulated NMM using the
describing function method. Panel (a) is a reformulated form of the NMM
shown in Fig. 1 and is derived by replacing the nonlinear function S(v) using
its describing function N(A). Panel (a) is further transformed into panel (b)
by approximating the two describing functions N(A) in the excitatory and the
inhibitory feedback loops. Panel (c) is an equivalently transformed version of
panel (b), where G(s) is the transfer function of the linear part of the NMM
(blue dashed rectangle) and N(A) is the nonlinear part of the NMM.

Third, we equivalently transform Fig. 4(b) into Fig. 4(c),
which is the block diagram of the approximated NMM using
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the describing function. In Fig. 4(c), G(s) is the transfer func-
tion of the equivalent linear unit in the NMM and N(A) is the
describing function of the nonlinear part in the NMM. Accord-
ing to Fig. 4(c), we can derive G(s) as follows:

G(s) = Ge(s) [KiC3C4Gi(s)−KeC1C2Ge(s)]

=
Heτe

(τes+1)2

[
KiC3C4

Hiτi

(τis+1)2

−KeC1C2
Heτe

(τes+1)2

]
. (13)

3.2. Analytical results

In this section, the Nyquist criterion can be extended to
understand the behavior of the NMM whose nonlinearities
have been approximated using the describing function.[45] Ac-
cording to Fig. 4(c), we derive the characteristic equation of
the reformulated NMM using the describing function method
as follows:

1+N(A)G(s) = 0. (14)

Letting s = jω and substituting it into Eq. (14), the character-
istic equation of the NMM in the frequency domain is obtained
as follows:

1+N(A)G(jω) = 0, (15)

where

G(jω) =−1/N(A). (16)

According to the Nyquist criterion,[41] the solution of Eq. (16)
corresponds to the limit of the cycle oscillation (i.e., the spon-
taneous oscillation), and it yields the amplitude and the fre-
quency of the spontaneous oscillation.

Usually, it is difficult to directly solve Eq. (16). We
can draw the curve −1/N(A) and G(jω) in the complex
plane according to Eqs. (12) and (13), respectively. Note that
−1/N(A) is real; therefore, −1/N(A) always lies on the real
axis. The intersection point between the curve G(jω) and the
line −1/N(A), in the form of (a, j0), corresponds to the spon-
taneous oscillation in the NMM. Therefore, we can further de-
rive {

Re [G(jω)] = a,

−1/N(A) = a.
(17)

The analytical results are shown in Fig. 5(a). The blue curve is
the Nyquist diagram of the linear part G(jω), and the red line
is the negative reciprocal of the describing function −1/N(A),
which is a straight line that is coincident with the negative
real axis and is parameterized as a function of amplitude A
of the input signal. It is observed that the curve G(jω) and the
line −1/N(A) intersect at the point (−3.52, j0). Substituting
a =−3.52 into Eq. (17) yields{

Re [G(jω)] =−3.52,
−1/N(A) =−3.52.

(18)

Therefore, solving Eq. (18), we can determine that the fre-
quency and the amplitude of the spontaneous oscillation in
the NMM are ω̂ = 53.78 rad/s (i.e., f̂ = 8.56 Hz) and Â =

10.61 mV, respectively.

3.3. Simulation results

To verify the validity of the analytical results, we conduct
time–domain simulations of the NMM using MATLAB soft-
ware (for details see Section 2). The simulation results are
shown in Fig. 5(b), which illustrates that the frequency and
amplitude of the spontaneous oscillation are f = 8.62 Hz and
A = 10.41 mV, respectively.






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↩

↩    

Real axis

G↼jω↽

↩/N↼A↽

ω=−∞ ω=0-

ω=0+
ω=+∞

Im
a
g
in

a
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x
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Nyquist diagram

15

5
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analytical results
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(b)

(c)

Time/s

y
↼t
↽/

m
V

Fig. 5. (color online) Analytical results of the spontaneous alpha oscillations
in the NMM using the describing function method. (a) Analytical results. The
blue curve denotes the Nyquist diagram of the linear part G(jω), where the
array represents the increase of angular frequency ω . The red line refers to the
negative reciprocal of the describing function of sigmoid function S(v), which
is calculated as −1/N(A). Intersection between the blue curve and the red
line corresponds to the spontaneous oscillation in the NMM. (b) Simulation
results of the spontaneous alpha oscillations in the NMM. (c) A comparison
between analytical and simulation results.

A comparison between the analytical results and the sim-
ulation results is shown in Fig. 5(c), which demonstrates that
the analytical results are in agreement with the simulation re-
sults.
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3.4. Effect of linear strength and degree of nonlinearity

Figure 5(a) shows that the interaction between the lin-
ear part and nonlinear part of the NMM plays a critical role
in generating the spontaneous alpha oscillation. According to
Fig. 3 and Eq. (2), with the decreasing of degree of nonlinear-
ity of the sigmoid function, the value of −1/N(0) will become
smaller. As shown in Fig. 6, this means that the red line will
move to the left, which means that there is no intersection be-
tween the red line and the blue curve. This reveals that a strong
nonlinearity is required to generate spontaneous alpha oscilla-
tions. According to Fig. 5(a) and Eq. (1), with the decreasing
of strength of the excitatory or the inhibitory linear dynamic
functions in Eq. (1), the value of the amplitude of G(jω) will
become smaller. As shown in Fig. 7, this means that the blue
curve will contract, with the result that there is no intersection
between the red line and the blue curve. This shows that large
linear strength is also required to generate spontaneous alpha
oscillations.
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Fig. 6. (color online) Effect of the degree of nonlinearity. We set r = 0.2,
smaller than its normal value r = 0.56, representing a decreased nonlinearity
of the sigmoid function. In this case, there is no intersection between the red
line and the blue curve. Inset: the output of the NMM.
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Fig. 7. (color online) Effect of the linear strength. We set C1 = 75,
smaller than its normal value C1 = 135, representing the decrease of the
linear strength. In this case, there is no intersection between the red line
and the blue curve. Inset: the output of the NMM.

3.5. Effect of model approximating error

In this study, we use the describing function N(A) to ap-
proximate the sigmoid function S(v) in the excitatory and the
inhibitory feedback loops. We estimate the amplitude of y0(t)
in Fig. 1 and further determine the amplituded of the input
signal of the sigmoid function S(v) in the two feedback loops.
Therefore, the estimated amplitude value of y0(t) will exert
an influence on the approximated N(A) in the two feedback
loops. Furthermore, the estimated amplitude value of y0(t)
has an effect on the results of the oscillation analysis of the
NMM.

In this section, we discuss the effect of the model approx-
imation error on the spontaneous oscillations in the NMM. To
quantitatively evaluate the analytical precision, we define the
analytical precision measure as p = [( f̂ − f )/ f ]/%, where f̂
and f are the analytical and actual values of the oscillation
frequency, respectively.
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Fig. 8. (color online) Effects of the model approximation errors on
spontaneous oscillation in the NMM. (a) Analysis of the spontaneous
oscillations in NMM with different model approximation errors of y0.
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048701-6



Chin. Phys. B Vol. 27, No. 4 (2018) 048701

The analysis results are shown in Fig. 8, where figure 8(c)
shows the effect of the scale of variation in the estimated am-
plitudes of y0 on the analytical results. These results show that
the analysis results are accurate despite some model approxi-
mation errors; therefore, the analysis scheme employed in this
study is robust against the estimated errors of y0.

Figure 8(c) further shows that the analytical result of the
oscillation frequency in the case that the estimated amplitude
of y0 is larger than the actual value, is more accurate than the
result in the case that the estimated amplitudes of y0 is smaller
than the actual value. This is, as shown in Fig. 3, because
that the describing function of the Sigmoid function with large
amplitude input is more robust against the variation in the es-
timated amplitudes of y0 than that with small amplitude input.

4. Discussion
In the present study, we take a neural mass model as a

test bed to demonstrate how to apply the describing function
method to the analysis of the spontaneous alpha oscillations
and determine their frequency and amplitude. The proposed
method can be easily extended to other neuronal circuits.

For a large scale feedback neuronal circuit,[46] there of-
ten exists a delay in the signal pathway due to dynamical
relaying[47] and signal propagation.[48,49] We can incorporate
the delay into the transfer function of the linear part as shown
in Fig. 2, and employ the describing function method to eluci-
date the role which it plays in generating the neural oscillations
and regulating the amplitude and frequency. We predict that
the delay enhances the generation of neural oscillations, since
it reduces the linear stability of the feedback system, and that
it plays a crucial role in quantitatively regulating the amplitude
and frequency, since a delay exerts an important influence on
the Nyquist plot of the open loop transfer function. We will
present these results in a future study.

Autaptic connection is a typical structural pattern, and
provides a self-feedback loop for neuronal circuits.[50,51] Pre-
vious studies have revealed that autaptic connections have an
important influence on neuronal dynamics[50,51] and informa-
tion processing.[52] Within the describing function theoretical
framework, we can analytically elucidate the role that autap-
tic connections play by combining it into the linear part of the
feedback system.

As many studies demonstrated, normal oscillations pro-
vide a substrate for neuronal information processing, such
as information transmission[53] and neuronal computation.[54]

On the other hand, abnormal oscillations are related to patho-
logical diseases, such as epilepsy[3,25,55–59] and Parkinson’s
disease.[60] As is well known, the plasticity in neuronal cir-
cuits plays a central role in maintaining brain functions. Due to

synaptic plasticity,[61] structural plasticity, and intrinsic plas-
ticity, respectively, the parameters in the feedback loops of
neuronal circuits, such as the coupling strength and connec-
tivity parameters in the linear part, and the parameters in the
sigmoid nonlinear unit, are often time-varying. The present
study reveals that the describing function method can build a
relationship between neural oscillations and the parameters in
the feedback pathways of neuronal circuits including excita-
tory and inhibitory feedback, and self-feedback in the form
of autaptic connections.[50,51] Thus the proposed method may
bridge between these neural plasticity mechanisms of brain
function and neuronal disease. In a disease state, the neu-
ral system may lose its stability and pathological oscillation
results.[54,59,62] The proposed method can determine the tran-
sition condition from the stable state to the unstable state and
the oscillation characteristics. Thus, the method has the poten-
tial to understand the dynamical transformation of brain neural
activities, such as from the normal state to disease states.

5. Results

In this study, we use the describing function method to
analyse spontaneous alpha oscillations in the NMM. The re-
sults demonstrate that the describing function method is use-
ful in determining whether or not spontaneous alpha oscilla-
tions occur and in accurately determining the amplitude and
frequency of the oscillations. The results also highlight that
the interaction between the linear part and nonlinear part of
the NMM plays a critical role in generating the spontaneous
alpha oscillations. Furthermore, strong nonlinearity and large
linear strength are required to generate the spontaneous alpha
oscillations.

This proposed analytical method can build the relation-
ship between the frequency and amplitude of the spontaneous
oscillation and the model parameters in a more transparent
manner than the numerical methods employed in most com-
putational studies. Therefore this approach can provide an in-
sight into how the model parameters exert effects on the fre-
quency and amplitude of the spontaneous neural oscillation.
It thus has the potential to gain an in-depth insight into the
mechanism under the spontaneous oscillations. To sum up,
this analytical method provides a novel theoretical framework
which can be extended to the study of spontaneous oscillations
in other computational neural models. We will develop more
examples in future work.
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[53] Buzsáki G and Schomburg E W 2015 Nat. Neurosci. 18 484
[54] TP V, K R and LF A 2005 Ann. Rev. Neurosci. 28 357
[55] Chen M M, Guo D, Li M, Ma T, Wu S, Ma J, Cui Y, Xia Y, Xu P and

Yao D 2015 PLoS Comput. Biol. 11 e1004539
[56] Chen M M, Guo D Q, Wang T B, Jing W, Xia Y, Xu P, Luo C,

Valdessosa P A and Yao D 2014 PLoS Comput. Biol. 10 e1003495
[57] Chen M M, Guo D Q, Yang X and Yao D Z 2017 Frontiers in Compu-

tational Neuroscience 11 31
[58] Xia X F and Wang J S 2014 Acta Phys. Sin. 63 140503 (in Chinese)
[59] Lytton W W 2008 Nat. Rev. Neurosci. 9 626
[60] Mccarthy M M, Moorekochlacs C, Gu X, Boyden E S, Han X and

Kopell N 2011 Proc. Natl. Acad. Sci. USA 108 11620
[61] Wang M L and Wang J S 2015 Acta Phys. Sin. 64 108701 (in Chinese)
[62] Grant G and Ernst N 2016 PLoS Comput. Biol. 12 e1005121

048701-8

http://dx.doi.org/10.1088/1674-1056/24/3/038701
http://dx.doi.org/10.1088/1674-1056/24/3/038701
http://dx.doi.org/10.1016/j.tics.2012.11.002
http://dx.doi.org/10.1073/pnas.1503686112
http://dx.doi.org/10.1073/pnas.1503686112
http://dx.doi.org/10.1523/JNEUROSCI.5199-10.2011
http://dx.doi.org/10.1016/j.cub.2012.03.029
http://dx.doi.org/10.1162/jocn_a_00395
http://dx.doi.org/10.1162/jocn_a_00395
http://dx.doi.org/10.1523/JNEUROSCI.2039-14.2014
http://dx.doi.org/10.1523/JNEUROSCI.2039-14.2014
http://dx.doi.org/10.1523/JNEUROSCI.1358-12.2012
http://dx.doi.org/10.1073/pnas.1117190108
http://dx.doi.org/10.1073/pnas.1117190108
http://dx.doi.org/10.1016/j.neuroimage.2012.07.024
http://dx.doi.org/10.1016/j.neuroimage.2012.07.024
http://dx.doi.org/10.1016/j.tins.2007.02.001
http://dx.doi.org/10.3389/fpsyg.2011.00154
http://dx.doi.org/10.3389/fnhum.2014.00446
http://dx.doi.org/10.3389/fnhum.2014.00446
http://dx.doi.org/10.1016/j.neuroimage.2013.10.041
http://dx.doi.org/10.1016/j.neuroimage.2014.04.005
http://dx.doi.org/10.1016/j.neuroimage.2014.04.005
http://dx.doi.org/10.1523/JNEUROSCI.4385-13.2014
http://dx.doi.org/10.1016/j.tics.2013.10.010
http://dx.doi.org/10.1016/j.neuroimage.2012.12.018
http://dx.doi.org/10.1016/j.neuroimage.2014.10.057
http://dx.doi.org/10.1371/journal.pcbi.1004352
http://dx.doi.org/10.1371/journal.pcbi.1004352
http://dx.doi.org/10.1016/j.neuroimage.2013.02.070
http://dx.doi.org/10.1016/j.neuroimage.2013.02.070
http://dx.doi.org/10.1016/j.neunet.2011.02.009
http://dx.doi.org/10.1016/j.neunet.2011.02.009
http://dx.doi.org/10.1038/srep27344
http://dx.doi.org/10.1126/science.1227356
http://dx.doi.org/10.1162/neco.2006.18.12.3052
http://dx.doi.org/10.1016/j.neuroimage.2009.12.081
http://dx.doi.org/10.1016/j.neuroimage.2009.12.081
http://dx.doi.org/10.1016/j.neuroimage.2011.08.060
http://dx.doi.org/10.1016/j.neuroimage.2011.08.111
http://dx.doi.org/10.1016/j.neuroimage.2011.08.111
http://dx.doi.org/10.1162/NECO_a_00206
http://dx.doi.org/10.1162/NECO_a_00206
http://dx.doi.org/10.1016/j.neucom.2012.10.023
http://dx.doi.org/10.1016/0013-4694(73)90216-2
http://dx.doi.org/10.1016/0013-4694(73)90216-2
http://dx.doi.org/10.1007/BF00270757
http://dx.doi.org/10.1007/BF00270757
http://dx.doi.org/10.1016/j.neuroimage.2010.01.034
http://dx.doi.org/10.1007/BF00199471
http://dx.doi.org/10.1016/j.neuroimage.2011.04.043
http://dx.doi.org/10.1016/j.neuroimage.2009.12.084
http://dx.doi.org/10.1007/BF00224863
http://dx.doi.org/10.1007/BF00224863
http://dx.doi.org/10.1007/BF02463252
http://dx.doi.org/10.1109/TBME.2009.2019962
http://dx.doi.org/10.1109/TBME.2013.2294325
http://dx.doi.org/10.1109/TBME.2013.2294325
http://dx.doi.org/10.1038/nrn3137
http://dx.doi.org/10.1073/pnas.0809353105
http://dx.doi.org/10.1073/pnas.0809353105
http://dx.doi.org/10.1103/PhysRevE.85.061905
http://dx.doi.org/10.1103/PhysRevE.72.051917
http://dx.doi.org/10.1038/srep26096
http://dx.doi.org/10.1209/0295-5075/114/30001
http://dx.doi.org/10.1016/j.physa.2017.04.040
http://dx.doi.org/10.1016/j.physa.2017.04.040
http://dx.doi.org/10.1038/nn.3952
http://dx.doi.org/10.1146/annurev.neuro.28.061604.135637
http://dx.doi.org/10.1371/journal.pcbi.1004539
http://dx.doi.org/10.1371/journal.pcbi.1003495
http://dx.doi.org/10.3389/fncom.2017.00031
http://dx.doi.org/10.3389/fncom.2017.00031
http://dx.doi.org/10.7498/aps.63.140503
http://dx.doi.org/10.1038/nrn2416
http://dx.doi.org/10.1073/pnas.1107748108
http://dx.doi.org/10.7498/aps.64.108701
http://dx.doi.org/10.1371/journal.pcbi.1005121

	1. Introduction
	2. Methods
	2.1. Model
	2.2. Describing function method
	2.3. Simulation protocol

	3. Results
	3.1. Frequency domain description of the NMM using describing function method
	3.1.1. Transfer function of the linear part in the NMM
	3.1.2. Describing function of the sigmoid function in NMM
	3.1.3. Reformulating NMM in frequency domain using describing function method

	3.2. Analytical results
	3.3. Simulation results
	3.4. Effect of linear strength and degree of nonlinearity
	3.5. Effect of model approximating error

	4. Discussion
	5. Results
	References

