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A B S T R A C T

Objective: Effective connectivity is an important notion in neuroscience research, useful for detecting the in-
teractions between regions of the brain.
New method: Since we are dealing with a dynamic system, it seems that using a dynamic tool could effectively
achieve better results. In this paper, a novel approach, called “Recurrent Neural Network - Neuron Growth Using
Error Whiteness - Granger Causality” (RNN-NGUEW-GC) is proposed to estimate the effective connectivity. An
RNN is used for predicting and modeling time series and multivariate signals. NGUEW is used to determine the
optimum time lag with the help of an error whiteness criterion. When this criterion is not satisfied, the number of
neurons in the network input is increased, producing an increase in the time lag. Accordingly, the network
achieves a self-organized structure. Finally, causal effects are determined for linear and nonlinear models using
the concept of Granger causality. Also, an indicator of the ‘‘intensity of causality’’ is defined to approximate the
strength of the linear interactions based on the structure of the network and the weights of the connections.
Conclusions: RNN-NGUEW-GC had a major outcome in terms of both method accuracy on simulation data and
prediction of epileptic seizures on the EEG dataset. The main advantages of this method in comparison with
other methods of determining the effective connectivity are: 1) there is no need for physiological information; 2)
it yields a self-organized network structure. In addition, the calculation of the appropriate time lag using
NGUEW is another superiority of this method in comparison with multivariate auto-regressive models.

1. Introduction

One of the most complicated natural systems is the human brain.
There are still a myriad of unknowns about the functionality of the
brain even after long study of this topic. In recent years, the purpose of
most studies has been identifying the specific relations between the
tasks of the brain and the regions of the brain [1]. The importance of
the “brain integration concept” has guided most studies in the direction
of brain connectivity [1]. Generally, there are three types of brain
connectivity: structural connectivity, functional connectivity, and ef-
fective connectivity [2]. The concept of effective connectivity deals
with the causal effect of one region of the brain on another [3]. Ef-
fective connectivity analysis is useful because neurologists can identify
abnormal behavior of the brain, such as Alzheimer's syndrome [4],
autism [5], and epilepsy [6,7], based on the changes these disorders
induce in these causal relations. In addition, they can determine ef-
fective treatments for these disorders.

Many computational methods have been used to represent the ef-
fective connectivity of the brain, such as Dynamic Causal Models

(DCMs) [8] and Structural Equation Models [9]. These methods require
an anatomical model and physiological information, which is their most
important drawback. Nevertheless, there are other methods for this
purpose, such as Granger causality (GC) [10]. Multivariate GC-based
methods are all fundamentally based on Multivariate Auto-Regressive
(MVAR) models. Even though in MVAR models physiological in-
formation is not required, there are still some limitations. For example,
the structure and order of the model should be determined initially and
then used to calculate the effective connectivity. In addition, Dynamic
Bayesian Network (DBN) models have been used to determine the ef-
fective connectivity. To simplify the problem, DBN considers only one
previous sample of data for estimating the effective connectivity
[11–13].

Calculating the effective connectivity using an artificial neural
network (ANN) has recently drawn a great deal of attention. For ex-
ample, Talebi et al. [14] proposed CREANN, which uses a multilayer
perceptron neural network for estimating the effective connectivity.
Khadem et al. [15] suggested the βmRMR-MLP-GC model to identify
direct nonlinear effective connectivity using multilayer perceptron
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neural networks. This model involves the estimation of causal relations
between EEG channels based on the concept of GC.

Although the results of the mentioned papers are satisfactory and
can be considered as an estimation of the causal links between brain
regions, they nevertheless have a few drawbacks. Firstly, the network
structure should be determined in the first step. Secondly, it has been
discovered that there are receiver connections between brain regions
which are inconsistent with feedforward neural networks [16]. That
article showed that the cerebral cortex executes a hypothetical rea-
soning in response to sensory inputs. In other words, the cerebral cortex
collects more information from input sensory signals through proces-
sing information from the top layers and sending it to the bottom layers
using efferent nerves in addition to processing information from the
down layers to the top layers using afferent nerves, to make the initial
hypothesis as close as possible to the reality of the things in the world.
Therefore, it seems a recurrent neural network (RNN) would outper-
form a feedforward neural network because the structure of a recurrent
network is significant from biological point of view. The RNN model
has been used successfully for predicting and modeling time series and
EEG signals [17,18].

The present paper proposes the use of RNN models instead of
feedforward neural networks for estimating the effective connectivity.
In addition, detection of the time lag is done via the Neuron Growth
Using Error Whiteness (NGUEW) algorithm. NGUEW checks the
whiteness of the error at specific times. When the training error is not
white, the number of neurons in the network input is increased, which
adds a time lag to the system. Then, a combination of RNN and NGUEW
is employed. This combination is combined with the concept of GC to
provide a new method, called RNN-NGUEW-GC, to estimate the effec-
tive connectivity. Finally, the existence of causal effects is determined
for linear and nonlinear models. Also, an indicator of the ‘‘intensity of
causality’’ is defined in order to approximate the strength of linear in-
teractions. This method is applied to both simulated datasets and ex-
perimental EEG data.

Fig. 1 demonstrates the process of the method. Since the analysis of
brain function has evolved significantly during the last decades and a
variety of methods addressing effective connectivity are currently
available, the proposed method can be used along with other methods
for calculating the effective connectivity. Also, it can reveal the strength
and the intensity of the information flow between regions of the brain.

RNN-NGUEW-GC does not require an anatomical model or physio-
logical information. In addition, this method is not like DBN, which
considers only one previous sample. Indeed, there is no predefined
parameter for the time lag. Instead, it is calculated automatically based
on NGUEW, and the network structure is determined as a self-organized
structure. These features are the most important superiorities of this
method over auto-regressive (AR) methods. Besides, a self-organized
RNN is a dynamic neural network with recurrent connections and a self-

correcting character, inspired by the brain [16]. Therefore, a self-or-
ganized RNN can operate well in recognizing the activities of the brain,
and it is used as a computational model in neuroscience. The goal of
such models in neuroscience is the identification of brain functions,
cognitive behaviors, and to show how the nervous system analyzes
information. In addition, the effectiveness and performance of the
proposed neural network led us to apply the method to the task of
prediction. Using RNN for effective connectivity estimation and
NGUEW for determining the proper time lag constitute the innovations
of this paper.

The structure of this paper is as follows: in Section 2, we present a
short overview of the previous studies. Section 3 describes the com-
putational methods used in this paper including the structure of the
RNN, the NGUEW algorithm, and the concept of GC. In Section 4, we
combine these three computational methods and present the proposed
method (RNN-NGUEW-GC). In Section 5, we report the results of ap-
plying RNN-NGUEW-GC to the simulated and the EEG datasets. In
Section 6, we discuss the results. Section 7 presents our conclusions and
some proposals for further research.

2. Review

This part provides a general review of the previous studies in each of
the following categories:

• Effective connectivity (see Section 2.1)
Effective connectivity is usually described as the causal influence
that one system exerts over another and reveals the direction of the
information flow between regions of the brain.

• Recurrent neural networks (see Section 2.2)
RNN is a powerful tool that has been successfully employed in many
applications, such as predicting and modeling time series and EEG
signals [17,18].

2.1. Effective connectivity

Physiological evidence can inform the development of models that
explain how regions of the brain interact with each other. The theore-
tical concepts of these interactions are the foundation for model-based
effective connectivity. This technique can evaluate hypotheses and
physiological models. Friston et al. [8] introduced Dynamic Causal
Model (DCM) for fMRI, and then this idea was generalized to EEG and
MEG data [19,20]. DCM has been used to investigate effective con-
nectivity, employing resting state functional magnetic resonance ima-
ging data [21]. Also, Xiang et al. [22] proposed a local adjustment
model-based approach, L-DCM. This model quantifies the effective
connectivity between different regions of the brain in epileptic seizures.

In contrast to model-based methods, there are other methods, such
as GC, which can determine the effective connectivity of the brain
without physiological information [10]. Granger introduced a linear
mathematical model derived from Winner causality theory [23]. GC is
one of the most popular concepts with which to study the causal in-
fluence of time series. It has been applied in economics and neu-
roscience because of its simplicity, understandability, and easy im-
plementation [24]. In 2012, the Granger Multivariate Autoregressive
Connectivity (GMAC) toolbox was described in Ref. [25]. The toolbox
can study connectivity using Granger causality analysis on fMRI images.
Multivariate GC-based criteria have been introduced in the time do-
main, such as the Conditional Granger Causality Index [26], and in the
frequency domain, such as DTF, dDTF, ffDTF, and PDC [27,28].

Since the interactions between signals can be nonlinear, different
methods have been proposed for nonlinear GC. In 2003, an informa-
tion-theoretic test for general GC was used to identify nonlinear cou-
plings [29]. Researchers have introduced measures of nonlinear effec-
tive connectivity by defining Kernel Granger Causality (KGC) [30]. KGC
is a parametric measure, and its performance depends on the kernel

Fig. 1. The process of the proposed method: RNN is used for predicting and
modeling time series. NGUEW is used to determine the optimum time lag. GC is
used to estimate the effective connectivity.
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used. In addition, it is a bivariate measure, thus, it may not identify the
direct and indirect connections. To solve this issue, a multivariate
version of KGC has been proposed [31,32]. Farokhzadi et al. [33] de-
veloped another method for measuring nonlinear effective connectivity,
called ANFICGC. By this method, the existence of linear and nonlinear
connections was detected. However, the intensities of the interactions
were not obtained.

There is another method which calculates the effective connectivity
with the help of transfer entropy, first proposed by Marko [34]. This
method needs to estimate probability distribution functions [35].
Transfer entropy was applied to capture the magnitude of information
flow [36]. In that study, normalized transfer entropy was localized and
was regularized to avoid unstable results.

In recent years, the possibility of a proper mapping from input to
output in ANNs as a nonlinear and adaptive method along with the
outstanding features of ANN has made it useful for estimating the ef-
fective connectivity of the brain [14,15]. Due to the benefits of ANNs, a
computational model from resting state fMRI data was proposed in Ref.
[37]. This simulation is based on brain activation, which is a direct
reflection of cortical connectivity.

2.2. Recurrent neural networks

Due to the “universal approximation theorem,” an accurate ap-
proximation of any function can be achieved from one neural network
with one hidden layer and a sufficient number of hidden neurons [38].
As the mandatory conditions for this theorem, the hidden-layer acti-
vation function must grow steadily and be limited, nonlinear, and
continuous. RNN is a subset of ANNs with the “universal approxima-
tion” property. RNNs are biologically inspired tools because of the ex-
istence of recurrent connections in the brain, which are used to break
down different problems, such as time series prediction [39].

Among several proposed structures for RNNs, partially recurrent
neural networks (PRNNs) have attracted a great deal of attention. In
comparison with fully recurrent neural networks, PRNNs have the ad-
vantage of more organized recurrent links, thereby accelerating
learning and causing fewer stability problems. The Jordan neural net-
work [40], which uses feedback from the output layer, along with
Elman neural networks [41], which have information fed back from the
hidden layer, are two major types of PRNN for modeling dynamic
systems. Researchers have proposed a NARX neural network based on
the Jordan model [42]. This model was able to capture the nonlinear
activities of fMRI data. Wang et al. [43] developed the Jordan-plus
Elman NARX recurrent neural network and proposed its training pro-
cedure.

RNNs are very complicated due to the existence of recurrent links.
Therefore, the training process may be time-consuming. To solve this
problem, we can optimize the network structure. One of the ways of
optimizing the network structure is the use of growing and pruning
algorithms [44]. An adaptive growing and pruning algorithm which can
add to or prune the hidden neurons to reduce the computational
complexity and improve the generalization performance was presented
in Ref. [45].

3. Computational methods

During the last decade, scientific research focusing on brain con-
nectivity has increased and many methods have been developed. In this
section, we explain the computational methods used in this paper in-
cluding the structure of the RNN, the growth of the neural network with
the NGUEW algorithm, and the GC index.

3.1. The structure of the RNN

The structure of the network demonstrated in Fig. 2a is composed of
an input layer, an output layer with an equal number of neurons, and

one hidden layer, involving recurrent connections between its neurons.
Several neurons are embedded in each layer. These neurons are com-
pletely connected to other neurons in the previous layer and the next
layer. The structure of the neuron is displayed in Fig. 2b. An activation
function f is applied to the weighted sum of inputs of each neuron plus a
bias term to generate the output of the neuron. By taking f to be a
nonlinear function (such as the lag-sigmoid function or the tan-sigmoid
function), the concept of nonlinearity is injected into the neural net-
work to provide a powerful model which is similar to a biological
system. Network parameters (weights) are estimated with the help of
training data. The quality of the training is evaluated using validation
data and the network is tested by calculating the error on a test dataset.

3.2. Number of input time lags

According to Fig. 2a, all inputs are imported to the system with
delays (1, 2, 3 …, p) and different weights; therefore, we consider p as
the time lag of this system.

The model order can be identified by applying traditional methods
such as Schwarz's Bayesian Criterion and the Akaike Information
Criterion [46–48]. Also, different methods, such as the Mutual In-
formation technique, have been developed [14], from the function
approximation point of view, with the aim of selecting the appropriate
inputs of an ANN.

In this research, we used the neuronal growth technique to detect p.
The growth of the number of neurons helps us determine the time lag
based on an automatic criterion without operator interference. It con-
tributes to developing a self-organized network structure, which is the
main advantage of this method in comparison with AR-fitting.

In the execution phase, we trained the network continuously until
the validation error starts to increase. At that time, training was stopped
and the whiteness of the training error was checked. Error whiteness is
one of the important conditions in model validation [49]. Accordingly,
we used this criterion for automatic detection of p. Indeed, the main
criterion of the growth algorithm for making a decision about the
growth of neurons is checking the whiteness of the error. When the
condition of error whiteness is not satisfied, neurons are added into the
input layer of the network. The input of each new neuron represents the
previous time lag of the same channel. After adding neurons, we trained
the network and then repeated the previous steps again. Accordingly,
this procedure adds input delays to the network if required. This ap-
proach towards determining the time lag for the network by adding
neurons is called the Neuron Growth Using Error Whiteness (NGUEW)
algorithm and is described in Fig. 3.

In this figure, Number_GN denotes the number of grown neurons.
The rest of the variables have been defined in Fig. 2. If the training error
is not white, the neuron will grow in the input layer as large as the
number of main inputs, with the initial weights of grown neurons se-
lected randomly. Therefore, according to this approach, the time lag is
determined and the network structure is obtained as self-organized. The
RNN structure for two inputs and two stages of growth is illustrated in
Fig. 4.

3.3. Granger causality index (GCI)

Assume that two AR models of x t( ) and y t( ) are being measured in
parallel, and let e t( ) denote the forecast error of x t( ) when x t( ) is the
result of a linear combination of p previous samples of x t( ) (see Eq. (1)).

∑= − +
=

x t A i x t i e t( ) ( ) ( ) ( )
i

p

1 (1)

From the other side, ′e t( ) is the forecast error when x t( ) is the result
of a linear combination of p previous samples of x t( ) and q previous
samples of y t( ) (see Eq. (2)).
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∑ ∑= − + − + ′
= =

x t A i x t i B j y t j e t( ) ( ) ( ) ( ) ( ) ( )
i

p

j

q

1 1 (2)

Accordingly, Eq. (3) is the Linear Granger Causality (LGC) measure
from y to x. If GCIyx is a significantly positive value, a linear causal
influence from y to x will be inferred [50].

⎜ ⎟= ⎛
⎝ ′

⎞
⎠

GCI e t
e t

ln ( )
( )yx

2

2 (3)

4. Proposed method

In this section, we propose the RNN-NGUEW-GC method, which is a
mixture of RNN modeling, the NGUEW algorithm, and the theory of GC.
Consider m EEG channels, denoted by

= … = …x n M m n L( ); 1. . ; 1. .M . The time series data are divided into
three separate parts: the training data (xM

train) with a length of L1 (almost
70% of the samples); validation data (xM

Valid) with a length of L2 (almost
15% of the samples); and testing data (xM

test) with a length of L3 (almost
15% of the samples). In order to estimate every channel x n( )M using the
RNN-NGUEW-GC method, the data are fed into RNN for training. The

error on the validation data is monitored during the training phase. The
validation error normally decreases during the initial step of training.
As soon as the network begins to overfit the training data, the error on
the validation data starts to rise. When the validation error increases for
a specified number of epochs (valid_fail = 10), the training stops. Then,
the error whiteness is checked. When the error is white, we accept the
training and use the weights the network had in the valid_fail = 10
previous steps as the result of running the training; otherwise, the
number of neurons grows and a time lag is added to the network. Fig. 5
presents the flowchart of this algorithm.

Eq. (4) represents the calculation of the Mean Squared Error (MSE)
of the validation data. In this equation, z n( )valid is the estimate of
x n( )valid .

=
∑ −=MSE

x n z n
L

( ( ( ) ( )) )
valid

n
L

valid valid1
2

2

2

(4)

Finally, the prediction error of each input and optimum weights are
obtained by executing this method. The GC is calculated using the
training error. Here, it is determined whether there is a causal effect
from each channel to the others or not (see Section 4.1). Also, the

Fig. 2. (a) The RNN structure with one hidden layer; there are recurrent connections between the neurons of this layer. (b) The structure of a neuron: an activation
function is applied to the weighted sum of inputs of each neuron along with a bias term to generate the output of the neuron.

Fig. 3. Neuron Growth Using Error Whiteness
(NGUEW) algorithm; the main criterion of this al-
gorithm is checking the error whiteness. When the
condition of error whiteness is not satisfied, the
number of neurons grows in the input layer of the
network. The input of each new neuron is the pre-
vious time lag of the same channel. Accordingly, this
procedure adds input delays to the network.
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Fig. 4. (a) The Network structure (b) The network structure after one stage of growth; with one stage of growth, a second delay is entered into the system. (c) The
network structure after two stages of growth; with this stage of growth, a third delay is entered into the system, also.

Fig. 5. The flowchart of the proposed method for finding the optimum weights and MSE of training data; the validation error is monitored during the training phase.
When the validation error increases, the training stops and the error whiteness is checked. When the error is white, we accept the training.
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indicator of ‘‘intensity of causality’’ is defined in order to estimate the
strength of the linear interactions (see Section 4.2).

4.1. The existence of causal effects

With the help of the GC-based criteria used in Ref. [15], the causal
link between channels was investigated based on Eq. (5).

= ⎛

⎝
⎜

⎞

⎠
⎟→

−

−GC
MSE

MSE
lnx x

x
train Ch

x
train Ch Ch&1 2

2
2

2
1 2 (5)

Suppose that we have two channels. With the help of this criterion,
initially, we train the neural network with the information of both
channels 1 and 2 to identify the prediction error of x2 ( −MSEx

train Ch Ch&
2

1 2)
and optimum weights. Then, in order to investigate the effect of
channel 1 on channel 2, we deactivate channel 1, and by the same
weights obtained from the previous step, the prediction error of x2
( −MSEx

train Ch
2

2) is calculated again. A causal link from x1 to x2 exists if
→GCx x1 2 is significantly positive; otherwise, the mentioned link is not

available. The significance of →GCx x1 2 is tested by an adequate number
of generated surrogate data (see the Appendix).

4.2. The intensity of causality

The indicator of “intensity of causality” represents the strength of
the linear interactions. To calculate this index, the overall structure of
the network has been assumed to be as in Fig. 6a.

The mathematical relation between the input and output is defined
by Eq. (6).

= + −Y n Tanh VX n W Y n( ) ( ( ) ( 1))f

=Z n WY n( ) ( )

If the function Tanh (.) is approximated by its first term of the
Taylor series [14], we have Eq. (7).

+ − ≈ + −Tanh VX n W Y n VX n W Y n( ( ) ( 1)) ( ) ( 1)f f (7)

We unfold RNN as shown in Fig. 6b and consider −Y n( 1) as a
function based on the previous values of X (see Eq. (8)).

≅Y VX(1) (1)

≅ + → = +Y Vx W VXY VX W Y(2) (2) (1) (2) (2) (1)ff

≅ + → ≅ + + →Y VX W Y Y Vx W Vx W VX(3) (3) (2) (3) (3) ( (2) (1))f f f

≅ + +Y Vx W Vx W VX(3) (3) (2) (1))f f
2

……

≅ + − → ≅ + −

+ − + − + …+ −

Y n Vx n W Y n Y n Vx n W VX n

W VX n W VX n W VX

( ) ( ) ( 1) ( ) ( ) ( 1)

( 2) ( 3) (1)

f f

f f f
n2 3 1

∑→ ≅ + −
=

−

Y n Vx n W VX n k( ) ( ) ( ) ( )
k

n

f
k

1

1

For this network with Ni inputs, Nh nonlinear neurons, and No linear
outputs unit, we can write Eq. (9).

⎜ ⎟∑ ⎛
⎝

∑ ∑ ⎞
⎠

≅ + − =
= = =

−

( )Y n V X n W V X n k l N( ) ( ) ( ) ; 1:fl
m

N

ml m
q

N

k

n
k

ml m h
1 1 1

1

ql

i h

(9)

By transferring Eq. (9) to the Z domain, we have

⎜ ⎟∑ ⎛
⎝
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⎠

≅ + =
= = =

−
−( )Y z V X z W V X z z l N( ) ( ) ( ) ; 1:fl

m

N

ml m
q

N

k

n
k

ml m
k

h
1 1 1

1

ql

i h

(10)
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⎝
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⎝
⎞
⎠

⎞

⎠
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−
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m

N
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q

N

k
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k
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1
1
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(11)

∑ ∑
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≅

⎛

⎝

⎜
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+
− ⎛

⎝
⎞
⎠

−

⎞

⎠

⎟
⎟
⎟⎟

=
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−Y z V X z V X z
W z W z

W z

l N

( ) ( ) ( )
1
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f f

f
l

m

N
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q

N

n

h
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1 1

1

ql ql

ql

i h

(12)

Since < <w0 1f , we can skip ⎜ ⎟
⎛
⎝

⎞
⎠

−W zf

n
1

ql , hence we have Eq. (13).

∑ ∑≅
⎛

⎝
⎜ +

−
⎞

⎠
⎟ =

= =

−
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1
; 1:

f

f
l

m

N

ml m
q

N

h
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1

1
ql

ql

i h

(13)

Finally, the relation between the input and output is calculated by
Eq. (14).

∑≅ =
=

Z z W Y z s N( ) ( ) ; 1:s
l

N

ls l o
1

h

(14)

Using Eq. (13), we have

∑ ∑ ∑≅
⎛

⎝
⎜ +

−
⎞

⎠
⎟ =

= = =

−

−Z z W V X z
W z

W z
s N( ) ( ) 1

1
; 1:

f

f
s

l

N

ls
m

N

ml m
q

N

o
1 1 1

1

1
ql

ql

h i h

(15)

Fig. 6. (a) The general structure of the network (b) “Unfolding” of the recurrent network over time.
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Then, the “intensity of causality” that links the inputs to outputs is
obtained with Eq. (17). This Equation represents the magnitude of the
influence of the mth input node on the sth output neuron.

∑ ∑=
⎛
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⎛

⎝
⎜ +

−
⎞

⎠
⎟
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⎠
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= =
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m N s N

1
1

;

1: ; 1:

f

f
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l

N

ls ml
q

N

i o

1 1

1

1
ql

ql

h h

(17)

The proposed RNN-NGUEW-GC method has multiple variables set
according to Table 1. Note that the surrogate data parameters are the
same as the parameters used in the original data.

5. Experimental results

In this part, we present the results of applying RNN-NGUEW-GC to
both simulated datasets and EEG data. Matlab R2016a was used for the
RNN modeling. In Section 5.1, we show the performance of RNN-
NGUEW-GC on three different models of the simulated data and eval-
uate the proposed method. In Section 5.2, we use an invasive EEG
signal to determine whether the proposed method has the ability to
extract the iEEG signal behavior for seizure prediction.

5.1. Simulated data

Some simulation models were employed to evaluate the perfor-
mance of the proposed RNN- NGUEW-GC method. We investigated
different time series generated from an autoregressive process with
7000 samples, where =σ i( 1. 2. 3)i is the standard normal dis-
tribution with zero mean. The performance of the method was also
investigated on a nonlinear and multivariate system. The values of the
parameters used for the analysis of the simulated data were reported in
Table 1.

5.1.1. Model with unidirectional interaction
Consider Eq. (18). The x1 and x2 variables were achieved after the

autoregressive operation. In this simulation, an extreme asymmetry was
generated, which indicated a unidirectional flow from x2 to x1 . This
one-sided flow caused an asymmetric connectivity. In this model, x1 is a
function of its own past at time lag 1 (the auto term) and the past of x2

at time lags 4 and 5 (the cross terms). Also, x2 is a function of its own
past at time lags 4 and 5.

= − − − − − +
= − + − +

x n x n x n x n σ n
x n x n x n σ n

( ) 0.1 ( 1) 0.3 ( 5) 0.4 ( 4) ( )
( ) 0.5 ( 5) 0.1 ( 4) ( )

1 1 2 2 1

2 2 2 2 (18)

Using Eq. (5), the existence of causal effects is displayed in Fig. 7.
The significance of the causal effects was tested by the generated sur-
rogate data. A causal link was available only when the calculated GC for
the original data was larger than the threshold.

The “intensity of causality” calculation using Eq. (17) is provided in
Table 2. These results suggest that Eq. (17) can estimate the strength of
linear interactions with a low error.

5.1.2. Time-varying model
This section evaluates the performance of the proposed method

(RNN-NGUEW-GC) to describe causal links of a case with time-varying
coefficients. Consider the following time-varying model (Eq. (19)):

= − + − +
= − + − +

x n x n x n σ n
x n x n x n σ n

( ) 0.3 ( 2) 0.5 ( 2) ( )
( ) 0.5 ( 2) C ( 1) ( )

1 1 2 1

2 1 1 2 (19)

In this equation, C is the influence of −x n( 1)1 on x2 , which is
described by Eq. (20). (L is the length of the simulated data.)

= ⎧
⎨⎩

≤
>

C n n L
n L

( ) 0.8 0.3
0.2 0.3 (20)

Eq. (5) was computed on the mentioned system, with the results
demonstrated in Fig. 8. In addition, the statistical results of the in-
troduced index are provided in Table 3.

The length of the data segment reached 200 points via dividing the
data into N=35 non-overlapping segments and choosing L=7000.
The model was assumed stationary in each segment. Fig. 9 exhibits the
original value of C (solid line) which changes quickly (as a step func-
tion), with the estimated coefficient of C (blue dashed line) tracking this
sudden change with a small error.

5.1.3. Nonlinear and multivariate model
If the interaction between signals is nonlinear and more than two

signals are considered, the model will grow in complexity. In this sec-
tion, we show that the proposed method is applicable to a nonlinear and
multivariate system. Eq. (21) is an example of a nonlinear and multi-
variate model.

= − +
= − + − +
= − − − + − +

− −

− −

x n x n e σ n
x n x n x n σ n
x n x n x n x n e σ n

( ) 0.2 ( 1) ( )
( ) 0.5 ( 1) 0.6 ( 1) ( )
( ) 0.2 ( 1) (1 ( 1)) 0.4 ( 1) ( )

x n

x n

1 1
( 1)

1

2 2 1 2

3 3 3 2
( 1)

3

1

2

(21)

The investigation of causal effects is illustrated in Fig. 10. Based on
Fig. 10, no indirect effect is found in the multivariate model. Thus, the
proposed method resolves the drawbacks of some previous studies [51].

The indicator of “intensity of causality” represents the strength of
linear interactions. In order to use this indicator for a nonlinear system,
the strength of linear interactions should be extracted from the Taylor
series. One expects that the value of estimated coefficients with the
indicator of “intensity of causality” will essentially approach the real
values, which are the output of the Taylor series (see Table 4).

5.2. EEG data

Epileptic seizure is one of the most common neurological disorders
that are related to the electrical function of the brain. A sudden seizure
can put the patient in a dangerous situation. Accordingly, predicting an
epileptic seizure is significantly important for epileptic patients. It gives
the patients enough time to prepare themselves against dangerous
conditions; for example, they can stop while driving, call for help, or
not cross a street. Therefore, the prediction of epileptic seizures is a
major issue in neuroscience, since it may increase the quality of the life
of a patient suffering from epilepsy.

Table 1
The parameters of RNN-NGUEW-GC method as well as their settings for the
simulation data and EEG data.

Category Parameter Settings

Growth parameters p: The number of input time lags of
each time series at the beginning
of training.

1

The RNN modeling
parameters

Activation function: The
activation functions used by the
neurons of each layer
Training algorithm: The algorithm
used for training the RNN
Valid_fail: Governs when the
training is stopped and the
condition for growth is checked.

Hidden layer:
tan-sigmoid
Out layer:
Linear

BPTT

10
Parameters of the

significance testing
Surrogate number: The number of
generated surrogate datasets
Pvalu: The threshold of Pvalu for
statistical significance testing

1000

0.05
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The Freiburg EEG database 2007 [52] has been used in this study to
evaluate the performance of the proposed method. This dataset con-
tains invasive EEG (iEEG) recordings of 21 patients suffering from focal
epilepsy. So, in this study, the term EEG is employed instead of the term
iEEG. The data was recorded at the Epilepsy Center of the University

Hospital of Freiburg. In this study, the proposed method was applied to
five of the patients of the Freiburg EEG database. This data was ac-
quired on 128 channels and at a 256 Hz sampling rate, but practically
only 6 channels out of 128 channels are available. Therefore, in this
study, the proposed method was applied on these 6 channels only.

Fig. 7. Histogram of RNN-NGUEW-GC for surrogate data and original data related to model with unidirectional interaction; red star: the original data connectivity;
blue line: the threshold. (a) Investigation of the existence of →x x2 1 connection; the original data connectivity was greater than the threshold; therefore, there was a
causal coupling from x2 to x1. (b) Investigation of the existence of →x x1 2 connection; the original data connectivity was smaller than the threshold; therefore, there
was no causal coupling from x1 to x2.

Table 2
The original and estimated coefficients of the model.

Intensity of Causality (IoC) − →IoCx n x1( 1) 1 − →IoCx n x1( 1) 2 − →IoCx n x2( 5) 1 − →IoCx n x2( 5) 2 − →IoCx n x2( 4) 1 − →IoCx n x2( 4) 2

Original value 0.1 0 −0.3 0.5 −0.4 0.1
Estimated value 0.11 ± 0.005 0.02 ± 0.004 −0.27 ± 0.006 0.53 ± 0.004 −0.39 ± 0.003 0.12 ± 0.003

Fig. 8. Histogram of RNN-NGUEW-GC for surrogate data and original data related to time-varying model; red star: the original data connectivity; blue line: the
threshold. (a) Investigation of the existence of →x x2 1 connection (b) Investigation of the existence of →x x1 2 connection; in both cases, the original data con-
nectivity was greater than the threshold; therefore, there was a causal coupling from x2 to x1 and from x1 to x2.

Table 3
The original and estimated coefficients of the time-varying model.

Intensity of Causality (IoC) − →IoCx n x1( 2) 1 − →IoCx n x1( 2) 2 − →IoCx n x2( 2) 1 − →IoCx n x2( 2) 2 − →IoCx n x1( 1) 1 − →IoCx n x1( 1) 2

Original value 0.3 0.5 0.5 0 0 C
Estimated value 0.35 ± 0.01 0.62 ± 0.05 0.53 ± 0.04 0.07 ± 0.01 0.06 ± 0.005 C̃
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For each patient, there were two different datasets, called “ictal”
and “interictal”. “Ictal” contained epileptic seizures and a minimum of
54min of preictal data, while “interictal” included around 24 h of re-
corded EEG data without seizure activity. Since only six channels of the
Freiburg EEG database were available, the structure of RNN would be a
multivariate model with six inputs and six outputs. In this study, to
reduce the calculation time, 10 h of “interictal” data were employed.
Also, the length of the EEG segments that are assumed stationary is 5 s.

In this method, the time lag was determined automatically, by ap-
plying the growth algorithm to the “interictal” data. The minimum
value achieved for the time lag on the investigated patients was 5.
Then, by calculating Eq. (5) between each pair of channels, 36 features
were obtained. Therefore, each feature indicates the connectivity be-
tween six channels. This process was applied to both the “ictal” data
and the “interictal” data of each patient. Fig. 11 and Fig. 12 present the
connectivity variations between six channels for “ictal” data and “in-
terictal” data related to patient number 8.

For predicting epileptic seizures using EEG signal processing, two
indexes were defined:

1) Sensitivity: The ratio of successful predictions to the number of total
seizures (see Eq. (22))

2) False positive rate (FPR): The average number of false predictions
per hour (see Eq. (23))

=
+

Sensitivity
Number of true positives

Number of true positives Number of false negatives
(22)

=FPR
Number of false positives

Time in hours (23)

A few thresholds were also defined in order to evaluate the FPR and
sensitivity. These thresholds were generated using Eq. (24) and varying
i from 1 to 200. In this equation, the mean and standard deviation (δ)
were related to the first hour of “interictal” data connectivity for each
patient. These thresholds were defined for triggering an alarm.

= ± ≤ ≤Th mean i δ i( ) ; 1 200 (24)

Fig. 13 shows the prediction threshold for 1 out of 36 connectivities
as a sample. In this case, lower threshold values (Th3) led to better
sensitivity, since more seizures can be predicted properly with accep-
table FPR. A very high dependency is visible between sensitivity and
FPR in every prediction method.

The following two time intervals are important for epileptic seizure
prediction:

1) Seizure Prediction Horizon (SPH) is the duration in which there is
no seizure.

Fig. 9. The coefficient C, which is the influence of x1 (n - 1) on x2 (n); the
estimated coefficient (C̃) is represented by the blue dashed line. The estimated
coefficient (blue dashed line) tracks the original value (solid line) with a small
error.

Fig. 10. Histogram of RNN-NGUEW-GC for surrogate data and original data related to a nonlinear model; red star: the original data connectivity; blue line: the
threshold. When the original data connectivity is greater than the threshold, it is concluded that there is a causal coupling; otherwise, there is no causal coupling.

Table 4
The original and estimated coefficients of the model.

Intensity of Causality (IoC) Original value Estimated value

− →IoCx n x
Linear
1( 1) 1ss 0.2 0.17 ± 0.06

− →IoCx n x
Linear
1( 1) 2

0.6 0.62 ± 0.04

− →IoCx n x
Linear
1( 1) 3

0 0.04 ± 0.05

− →IoCx n x
Linear
2( 1) 1

0 0.02 ± 0.04

− →IoCx n x
Linear
2( 1) 2

0.5 0.56 ± 0.07

− →IoCx n x
Linear
2( 1) 3

0.4 0.38 ± 0.04

− →IoCx n x
Linear
3( 1) 1

0 −0.01 ± 0.02

− →IoCx n x
Linear
3( 1) 2

0 0.03 ± 0.03

− →IoCx n x
Linear
3( 1) 3

0.2 0.21 ± 0.05
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2) Seizure Occurrence Period (SOP) is the time interval in which we
are sure a seizure has occurred.

In an optimistic situation, the SPH is long and SOP is short. In this
study, the SOP and SPH were considered to be 40 and 20min, respec-
tively.

Fig. 14 illustrates our approach for decision-making in order to
predict epileptic seizures. In this approach, a moving window is used.
Using the moving window, a few samples from the EEG data are re-
ceived for analysis every time (Fig. 14a). The output of this analysis is a
new variable known as “Counter.” In order to calculate the value of
“Counter,” Eq. (5) was applied to each pair of channels, whereby 36
connectivities were obtained for each window (Fig. 14b). “Counter” is

equal to the total number of connectivities passing the threshold, in
each window. Then, this variable will be compared with a criterion: if it
is greater than the criterion, the alarm will be triggered (Fig. 14c). The
optimum criterion obtained in this study was 5. Again, by moving the
window, another sample from the EEG data will be received, this pro-
cedure will be repeated, and “Counter” will be calculated for the next
window.

In this study, the triggering of an alarm means that a seizure onset
must occur after the SPH and within the SOP, for a correct prediction.
So, any wrong prediction leads to an increase in the FPR, while correct
predictions cause higher sensitivity. Accordingly, in order to test the
accuracy of the method, the mentioned prediction approach was ap-
plied to both the “ictal” and the “interictal” data. Table 5 shows the

Fig. 11. The connectivity variations among six channels for “ictal” data from patient number 8; features were defined based on the effective connectivity, so 6
channels lead to 36 features. In addition to the intensity of interactions, their direction is also important.

Fig. 12. The connectivity variations among six channels for “interictal” data from patient number 8.
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results of the proposed method for the five patients of the Freiburg
database.

Also, the FPR–Sensitivity diagram for these patients is presented in
Fig. 15.

6. Discussion

In this paper, the RNN-NGUEW–GC method was analyzed by com-
bining NGUEW for determination of the time lag, the RNN modeling,
and the concept of GC. RNN-NGUEW-GC had good results in terms of
both method accuracy and prediction of epileptic seizures.

In Section 5.1, we showed the performance of RNN-NGUEW-GC on
different simulated data and evaluated our method, which is a generally
adopted method in this field. In that section, the proposed method was
applied to three different models of simulated data.

Let us start from the results of the first model, in section 5.1.1. In the

simulations depicted in this section, an asymmetry is created, which is a
unidirectional flow from x2 to x1 , leading to an asymmetric causality in
the appropriate direction. Fig. 7 illustrates the histogram of the re-
sulting RNN-NGUEW-GC from 1000 surrogate datasets. In the surrogate
test, a causal coupling will be concluded if and only if the connectivity
of the original data (shown by a red star in Fig. 7) exceeds the threshold
(see the Appendix). Consequently, Fig. 7 shows that only the x2 → x1

connection exists in this model. Also, the results of using the “intensity
of causality” index for estimating the strength of the interactions were
shown in Table 2. The values of Table 2 show that the RNN-NGUEW-GC
can estimate the strength of linear interactions with a low error.

Also in section 5.1.2, we illustrated a test based on a model with a
time-varying coefficient to determine whether the proposed method has
acceptable performance. The results presented in Fig. 8 show that RNN-
NGUEW-GC has detected both the x2→x1 and the x1→x2 connections.
Furthermore, Fig. 9 shows the time-varying coefficient corresponding

Fig. 13. Dependency between sensitivity and FPR; (a) the feature extracted by the proposed method; this feature has been shown for interictal epoch (b) and ictal
epoch ((c) and (d)). The horizontal axis shows the window number which is considered 5 s. Vertical lines indicate seizure onsets. Three different thresholds show the
dependency between sensitivity and FPR. For Th1, connectivity does not pass the threshold in either the “ictal” or “interictal” epoch. This means that in this case,
sensitivity and FPR are zero. By considering Th2, the first seizure was predicted correctly (c) with the cost of one false prediction during the interictal epoch in (b).
Decreasing the threshold to Th3 can predict the second seizure in (d).
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to the influence of −x n( 1)1 on x n( )2 . This figure proves that the es-
timated coefficient tracks the original value with a slight delay. Other
time-invariant coefficients are shown in Table 3. These results suggest
that the “intensity of causality” index can provide a sufficient approx-
imation of these coefficients.

According to the results for the nonlinear and multivariate model

illustrated in Fig. 10, RNN-NGUEW-GC correctly distinguishes direct
connections from indirect connections. It detects x1→x2 and x2→x3
causal links and correctly does not find a connection from x1 to x3 . Also,
the ability of our method was investigated in tracking an estimation of
the strength of linear interactions for a nonlinear and multivariate
model in Table 4.

Fig. 14. Sample of decision-making for predicting epileptic seizures; (a) EEG data is shown before seizure and during it. Using the moving window, a few samples
from EEG data were received for analysis every time. (b) Red curves: the connectivity variations among six channels for “ictal” and “interictal” data from patient
number 8; blue horizontal lines: the thresholds; in each window, it checks how many times the connectivity passes the threshold. For window i, 3 out of 36
connectivities pass the threshold. Therefore, the alarm would not be triggered. For window j, 7 out of 36 connectivities pass the threshold. So, the alarm would be
triggered. (c) The variable “Counter” shows in each window the number of connectivities passing the threshold. When “Counter” is greater than the criterion, the
alarm will be triggered. For a correct prediction, a seizure onset must be after the SPH and within the SOP.

Z. Abbasvandi and A.M. Nasrabadi Computers in Biology and Medicine 110 (2019) 93–107

104



On the other hand, the proposed method is compared in this part
with GC based on MVAR in the EEGLAB toolbox. In the EEGLAB
toolbox, ARFIT for model fitting and the Akaike Criterion for model
order estimation were used. Then, a model validation was performed
with the investigation of whiteness, consistency, and stability. Finally,
the connectivity estimation was obtained using GC. In Fig. 16, the re-
sults of comparison between the proposed method and the EEGLAB
package is shown. The existence of effective connectivity between
channels is indicated by ‘1’ and the nonexistence of effective con-
nectivity by ‘0’. Based on Fig. 16, the EEGLAB toolbox identifies the
linear causal couplings but it is not capable of detecting nonlinear
couplings (Fig. 16C), whereas the proposed method outperforms the
EEGLAB package and identifies nonlinear links.

Also, EEGLAB does not indicate the intensity and strength of in-
teractions between channels while in the proposed method, we defined
an indicator called “intensity of causality” that estimates the strength of
linear interactions with acceptable error. The results shown in Tables
2–4 prove this claim.

Epileptic seizure prediction results were reported in section 5.2. The
results of Sensitivity and FPR for the patients were expressed in Table 5.
An FPR equal to 0.1 means one false alarm in 10 h with a sensitivity of
100% for true alarms. Also, the area under the curve in Fig. 15 re-
presents the performance of the proposed method as well as high sen-
sitivity plus low FRR. It suggests high reliability in comparison with
random, periodic predictors. It is expected that a prediction method
provide us with significantly high sensitivity in comparison with un-
specific methods, such as periodic and random methods. In random and
periodic prediction methods, the EEG information is not used. Ac-
cordingly, the sensitivity calculation for them was based on the formula
mentioned in Ref. [53].

The results were also compared to other studies in which the
number of the patients was five or less. Nevertheless, it is complicated
to tell which approach is the best since each approach was tested with
one dataset. This comparison is provided in Table 6.

7. Conclusion

In this paper, a new method, called RNN-NGUEW-GC, was in-
troduced for estimating effective connectivity. We combined the
Neuron Growth Using Error Whiteness (NGUEW) algorithm, Recurrent
Neural Network (RNN) modeling, and an index based on the concept of
Granger causality (GC) to develop this method. In NGUEW, the proper
time lag and self-organized network structure are obtained. Finding the
correct time lag is very important for having a reliable estimation of
effective connectivity. If the time lag is very high, the model overfits,
whereby instabilities occur. On the other hand, if it is too low, the
model cannot obtain the necessary dynamics of the data.

As far as we know, this is the first time that RNN and the neuron
growth technique were used for effective connectivity estimation. The
determination of a self-organized structure of the model and calculating
the proper time lag are the superiorities of this method over multi-
variate auto-regressive methods. Therefore, we believe that the sig-
nificant novelty of this study is its multi-technique integration of RNN
and neuron growth plus the GC index for analyzing the effective con-
nectivity. The performance of this approach was evaluated by applying
this method to simulated data as well as to the prediction of epileptic
seizures, yielding promising results.

As already mentioned, the indicator of “intensity of causality” in
this study shows the strength of linear interactions, but it cannot

Table 5
Results of five patients of the Freiburg database.

Patient NO Number of seizure Sensitivity FPR

Patient 4 5 %100 0.1
Patient 8 2 %100 0.2
Patient 14 4 %100 0.3
Patient 15 4 %100 0.1
Patient 21 5 %100 0.2

Fig. 15. FPR–Sensitivity diagram for all studied patients; high sensitivity plus
low FRR for the red curve show the acceptable performance of the proposed
method.

Fig. 16. The connectivity results of RNN-NGUEW-GC and EEGLAB for (a) Model with unidirectional interaction (b) Time-varying model (c) Nonlinear and multi-
variate model; in the nonlinear model, based on Eq. (21), there is a causal effect from x2 to x3. However, EEGLAB did not detect this connection.

Z. Abbasvandi and A.M. Nasrabadi Computers in Biology and Medicine 110 (2019) 93–107

105



indicate the strength of nonlinear interactions. Indeed, this indicator is
not applicable when the order of the Taylor series is greater than one.
Therefore, the estimation of the strength of nonlinear interactions can
be part of future studies. We believe that this would be an important
task because with the calculation of the strength of nonlinear interac-
tions we can estimate the nonlinear effect of each brain channel on the
other channels before and after a seizure. In this way, we can consider
these nonlinear effects for a more effective prediction of epileptic sei-
zures and obtain better results.

Appendix

To evaluate the existence of causal effects, surrogate data are often
generated. Surrogate datasets are made directly from the original da-
taset, where the statistical characteristics are preserved and the only
difference is in their phase. Multiple methods have been suggested for
generating surrogate datasets [60]. The method of surrogate dataset
generation in this study is as follows:

1 Initially, the absolute value of the Fourier transform of the time
series was calculated and then multiplied by a random phase that
was symmetric. Finally, the inverse Fourier transformation was
applied. Accordingly, surrogate data were generated just like a real
signal with a different phase in comparison with the original data.

2 In order to achieve null distribution, after providing a sufficient
number of surrogate data, the connectivity approximation method
was applied. When Eq. (5) for the original data was greater than the
threshold, there was a causal coupling. Note that the ( − P1 valu)th
percentile of this null distribution was considered as the threshold
when it was positive; otherwise, the threshold was set to zero.

We repeated steps 1 and 2 for 1000 times in order to evaluate the
significance of the obtained effective connectivity between all the
channels.
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