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Abstract

The flow of information between different regions of the cortex is fundamental for brain function. Researchers use causality
detection techniques, such as Granger causality, to infer connectivity among brain areas from time series. Generalized partial
directed coherence (GPDC) is a frequency domain linear method based on vector autoregressive model, which has been applied
in electroencephalography, local field potential, and blood oxygenation level-dependent signals. Despite its widespread usage,
previous attempts to validate GPDC use oversimplified simulated data, which do not reflect the nonlinearities and network
couplings present in biological signals. In this work, we evaluated the GPDC performance when applied to simulated LFP
signals, i.e., generated from networks of spiking neuronal models. We created three models, each containing five interacting
networks, and evaluated whether the GPDC method could accurately detect network couplings. When using a stronger
coupling, we showed that GPDC correctly detects all existing connections from simulated LFP signals in the three models,
without false positives. Varying the coupling strength between networks, by changing the number of connections or synaptic
strengths, and adding noise in the times series, altered the receiver operating characteristic (ROC) curve, ranging from perfect
to chance level retrieval. We also showed that GPDC values correlated with coupling strength, indicating that GPDC values
can provide useful information regarding coupling strength. These results reinforce that GPDC can be used to detect causality
relationships over neural signals.
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1 Introduction

Communication between cortical neuronal networks is fun-
damental for cognitive (Campo et al. 2015) and sensori-
motor (Brovelli et al. 2004; Seidler et al. 2015) functions.
A current challenge in neuroscience is how to define the
pathways of neuronal communication based on synaptic
connections and information flow between areas. The possi-
bility of recording the local field potentials (LFPs) and the
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activity of hundreds of individual neurons enables the use
of statistical methods to infer these communication patterns.
Brain connectivity can be described as: (i) structural, refer-
ring to anatomical connections between pairs of neurons or
brain regions; (ii) functional, denoting the characterization of
temporal correlations between electrical signals from brain
regions (Goii et al. 2014); and (iii) effective, correspond-
ing to the inference of information flow direction or causal
relationships between recorded brain signals (Rubinov and
Sporns 2010; Bullmore and Sporns 2009; Friston 2011).
Granger causality (GC) (Granger 1969) analysis is a
well-established method for effective connectivity infer-
ence that has been extensively applied in neuroscience
(Bernasconi and Konig 1999; Zhang et al. 2012). A time
series X is considered to Granger-cause a time series Y if
past information from X helps to predict the future of Y
better than when using past information only from Y (Bar-
nett and Seth 2014). The original GC is a time domain
method of effective connectivity and does not provide fre-
quency information about the interactions between brain
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regions. Some frequency domain counterparts of GC are
spectral GC (Geweke 1982), directed transfer function (DTF)
(Kaminski and Blinowska 1991), and partial directed coher-
ence (PDC) (Baccalda and Sameshima 2001). DTF and
spectral GC detect both direct and indirect causal rela-
tionships between time series. PDC has the advantage of
detecting only direct connections (Baccald and Sameshima
2001), but its values depend on the signal amplitude. Gen-
eralized partial directed coherence (GPDC) (Baccala et al.
2007) solves this problem by changing the normalization
factor from PDC. GPDC has been applied to evaluate infor-
mation flow from EEG signals (Omidvarnia et al. 2014; Hu
etal. 2017), to identify the directional coupling in LFPs from
macaque V4 area (Hoerzer et al. 2010) and to verify the effec-
tive connectivity from fMRI signals (Sato et al. 2009; Ning
et al. 2018).

Several studies evaluated connectivity methods using
electrophysiological data (Omidvarnia et al. 2014; Cadotte
et al. 2010; Youssofzadeh et al. 2016; Gao et al. 2015;
Sato et al. 2009) and autoregressive models (Baccald and
Sameshima 2001; Faes and Nollo 2010; Seth 2010; Papana
etal. 2013; Sommariva et al. 2017). On the one hand, gauging
the method using electrophysiological data poses a chal-
lenge since the actual structural connectivity between areas is
unknown. On the other hand, autoregressive models assume
data to be linear and stationary, conditions that may be vio-
lated when dealing with brain signals.

In fact, very little is known about the performance of
the GPDC when it is applied to infer effective connectivity
between brain signals. For example, how does the number of
false positives depend on the coupling strengths or the num-
ber of physical connections? This question is central for the
viability of these methods of real brain data analysis.

A possible solution would be using simulations of spik-
ing neuronal networks based on the cortical architecture.
They can provide simulated LFP-like signals, permitting
the evaluation of these methods when they are applied
to signals with characteristics of electrophysiological data.
Moreover, since we can control the network behavior and
connectivity pattern, we can relate the causal connections
inferred by the methods with connectivity characteristics,
such as the presence of physical connections and connection
strengths.

In this work, we evaluate the use of GPDC to infer effec-
tive connections between networks in models of spiking
neuronal networks from synthetic LFP signals, using sev-
eral connectivity configurations. We also analyze the rate of
true and false positives for different coupling strengths and
different levels of noise in the LFP signals. Finally, we eval-
uate the relationship between GPDC values and coupling
strength.
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2 Methods
2.1 Neuronal model
We created the neuronal network model using Izhikevich

neurons (Izhikevich 2003), where a neuron i is represented
by equations:

Ui =0.040] + 50 + 140 —u; + Y Lix(t), (1)
k € presyn

i = a(bv; — u;), ()

Li k(1) = gi k() (Er — vi), 3

with the spiking condition that resets v(f) — ¢ and
u(t) — u(t) + d when v(t) reaches 30mV. We mod-
eled excitatory cells as regular spiking (RS) and inhibitory
cells as fast spiking (FS). For each neuron i, we used
the parameters (a, b, c,d) = (0.018,0.18, —65.2,7.8) +
(0.004,0.4,0.4,0.4) - r; for RS cells and (a,b,c,d) =
(0.08,0.18, —65.2,1.8) + (0.04,0.4,0.4,0.4) - r; for FS
cells, where r; is randomly drawn from a uniform distribution
from O to 1 (Izhikevich 2003; Tomov et al. 2014). [;  is the
input current from each presynaptic neuron k, Ej the rever-
sal potential (0mV for excitatory and —80mV for inhibitory
connections), and g;  the synaptic conductance, given by:

gik = S G ) @)
Gpeak
where,
Gi+aGi+BGi =g, »_xij (1), (5)
J
and
1+ 1 1
o= , B=—. (6)
1T 11k

G(t) is the synaptic conductance waveform, Gpeax the
maximum value of G (¢), gmax = 1 LS the maximum synap-
tic conductance value, and 71 and 7, are the decay and rise
time constants, respectively. When 71 = 13, G(#) takes the
form of an alpha function, otherwise it has the dual expo-
nential form (Koch and Segev 1988). x;;(¢) represents the
arriving spikes at neuron i from each neuron j and behaves
like a delta function §(¢ — t,), where t, is the arrival time of
spike g (Sterrattet al. 2011). The dimensionless conductance
increment g, is the synaptic weight and depends on the type
of the presynaptic neuron k (excitatory or inhibitory) and is
divided by the integration time step for normalization. These
equations represent channels as dynamical systems which are
perturbed by synaptic inputs, permitting the efficient compu-
tation of the synaptic conductances (Koch and Segev 1988).
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Table 1 Synaptic conductance increments and time constants (Egs. 5
and 6)

Synapses e z 71 (ms) 73 (ms)
AMPA e 0.015 0.03 5 5
AMPA o« 1.2 1.1 5 5
GABA 0.06 0.07 6 1

The subscripts E and [ indicate excitatory and inhibitory postsynaptic
neurons, respectively

The advantage of this method is that the influence of each
spike arriving at the synapse on the postsynaptic neuron needs
to be considered only at its arrival time. Table 1 shows the
synaptic weights and time constants for each synaptic type.
We integrated the equations using Euler method and a time
step of 0.05ms and used Matlab to implement and simulate
the model.

Our simulations comprise five networks, each represent-
ing local circuitry from different regions of the cortex, with
excitatory and inhibitory cells. These local networks are
connected among themselves by the so called long-range
connections.

In the local network, we simulated connections from exci-
tatory to excitatory neurons, from excitatory to inhibitory
neurons, from inhibitory to excitatory neurons and from
inhibitory to inhibitory neurons. Each neuron, excitatory or
inhibitory, receives an independent random external input,
modeled as a 10Hz independent Poisson spike generator.
This input simulates random fluctuations of the membrane
potential due to excitatory synapses arriving at each neuron
from connections that were not specifically simulated.

Synapses among neurons within the same network have
random propagation delays extracted from a uniform distri-
bution in the range Dg_.r = [1 — 10ms] and Dg_,; =
[1 — —5ms], and inhibitory connections have fixed delays
D;_ g = Dj_; = 1 ms, where E and I represent excitatory
and inhibitory neurons, respectively, and the arrow indicates
the direction of the connection. Long-range connections have
delays of 15 ms (Izhikevich 2006).

The complete network model consisted of five local net-
works with 800 excitatory and 200 inhibitory neurons each.
Neurons within local networks were randomly connected,
with a fixed indegree for each type of the connection (Akam
and Kullmann 2010). Table 2 shows the number of connec-
tions from presynaptic neurons from the same network for
each of the five networks. We choose a different number
of connections for each network to create different network
behaviors.

Connections between networks were modeled by long-
range connections, which were always excitatory (San-
cristébal et al. 2014) and could target both excitatory and
inhibitory neurons. Unless otherwise noted, each neuron

Table 2 Number of presynaptic neurons for each postsynaptic neuron
in the networks created

Network Or—E OE-1 Oi1>E 011
1 40 40 20 10
2 50 30 20 10
3 40 30 20 10
4 60 40 20 10
5 80 75 30 20

The subscript represents the type of the connection

received 10 connections with synaptic weight 0.015 from
random neurons from each source network.

2.2 LFP signal

Local field potentials (LFP) are often used to record local cor-
tical activity and are obtained after low-pass filtering extra-
cellular electrical potential signals captured by implanted
electrodes (Lindén et al. 2011). Pyramidal neurons contribute
predominantly to LFP signals due to the relative open-field
geometrical arrangement of their long apical dendrites, with
excitatory and inhibitory currents substantially spaced along
these dendrites (Mazzoni et al. 2011; Cavallari et al. 2014,
Buzsédki et al. 2012). There are several ways to simulate
LFP signals in networks of phenomenological neuronal mod-
els (Mazzoni et al. 2015). We approximated the LFP signals
as the resultant from current dipoles originated from synaptic
currents flowing into/from pyramidal neurons. We used the
sum of absolute values of AMPA and GABA currents act-
ing on excitatory neurons (Sancristébal et al. 2014; Mazzoni
et al. 2008):

R Ng Ng
LFP = N—E (Z |1; ampa ()] + Z |Il-,GABA<r)|> ,

where Ng is the number of excitatory neurons in the net-
work and R. denotes the resistance of an electrode used for
recording extracellular activity, defined as 1 M §2. The terms
|1i, ampa(1)| and |I; gaa(1)| are the total AMPA excita-
tory and GABA inhibitory currents, respectively. The sample
average of the signal generated was subtracted from the orig-
inal signal generating a zero-mean time series. The resultant
signal was low-pass filtered at 200 Hz to mitigate aliasing
effects caused by the downsampling used to lower the sam-
ple rate from 20kHz to 200 Hz. Finally, we applied a linear
detrending to the signal (Matias et al. 2014).

To compute the power spectral density (PSD), we used the
multitaper method (Thomson 1982), implemented by Mat-
lab function pmtm. In this method, the PSD is the average
of K = 7 modified power spectra obtained through orthog-
onal Slepian taper functions as the window. We considered
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samples of LFP with 1000 data points, representing 5 seconds
of activity in the neuronal network.

2.3 Partial directed coherence

Partial directed coherence (PDC), introduced by Baccald and
Sameshima (Baccald and Sameshima 2001), is a multivari-
ate frequency domain measure of the directed relationship
between pairs of time series. PDC is not scaling invariant
and changes in time series amplitude can lead to substantial
changes in PDC values (Baccald and Sameshima 2001). To
overcome this deficiency, the generalized PDC (GPDC) was
introduced (Baccala et al. 2007).

Let x(n) = [x1(n) - - - xy(n)]” be a set of simultaneously
acquired time series. The vector autoregressive (VAR) model
for x(n) is defined as:

P
x(n) =Y Arx(n — k) + w(n) ®)

k=1

where p is the VAR model order. Ay are coefficient matri-
ces, where element ai(J].() describes the influence of x; (n — k)
on x;(n). w(n) is a zero-mean innovation process composed
of white uncorrelated noises with covariance matrix X. The
choice of p is set according to Akaike’s information criterion
(AIC) (Akaike 1974), given by

AIC(p) = nlog(det(X)) +2pN2, )
where n is the number of data points and N is the number of

time series (Kaminski and Liang 2005). The GPDC from the
time series x ; to the time series x; at frequency A is defined as,

%Zij (A)

\/ Yy A ) ()

7Tij(h) = (10)

where

_ 1-— Zlf:l A,'j,ke_zn)‘ki, if i=j
Aij(h) = P Sk ip iy an
— Zk:l A,‘j,ke N if i 75 7

where —27 Aki is a complex number and 01'2 refers to the vari-
ance of the innovation process w; (n) (Baccala et al. 2007).

The VAR model was estimated by the method of ordinary
least squares (OLS) (Hamilton 1994). AIC indicated that the
best model order p that was less than or equal to 10.

2.4 Statistical significance

All simulations used five networks, generating five LFP sig-
nals. We executed 10 trials for each simulated network.

@ Springer

We computed the effective connectivity between neuronal
networks using the average GPDC over trials, for all fre-
quencies.

To obtain a threshold for statistical significance of the aver-
age GPDC, we used a nonparametric bootstrap algorithm.
With the VAR models for the LFP signals for each network,
we resampled the residuals. To test the influence from net-
work j to network i, we made the coefficients A; ; ; from the
VAR models equal to zero, for all values of k, while keeping
the other coefficients unchanged. With the resampled resid-
uals and the coefficients, we simulated a bootstrapped time
series under null hypothesis of no causality from network j to
network i. To generate a bootstrap sample, we repeated this
process for each trial and computed their average GPDC.
We generated 10000 bootstrap samples for each evaluated
connection (Sato et al. 2009).

The critical value of the GPDC was defined as the (1 — @)
quantile of the bootstrap samples, where we used « = 0.05
as the significance level adjusted by Bonferroni correction
(Maris and Oostenveld 2007). In Figs. 2c, 3c, and 4c, the
correction was made for 100 frequencies. In Figs. 5 and 6,
we corrected for 25 frequencies. We considered the GPDC
values as statistically significant when their average values
minus the standard error of the mean was higher than the
threshold of statistical significance.

2.5 Signal-to-noise ratio (SNR)

We evaluated the performance of GPDC to detect the con-
nectivity when different levels of noise were applied to the
synthetic LFP signals. We used the Matlab function awgn to
add white Gaussian noise to the LFP signals according to a
desired signal-to-noise ratio (SNR) (Shakil et al. 2016). The
SNR in decibels is given by,

P
SNR = 101og,, (%) (12)

where Psn denotes the power of the signal with noise and
Pn denotes the power of the white Gaussian noise (Lowet
et al. 2016). The power of the signals is defined as,

n 12
P:Zﬁ (13)

n

S; is each i data-point of the signal and » is the length of the
signal.

2.6 ROC curve

We generated a ROC curve (Ito et al. 2011a; Garofalo et al.
2009) by plotting the true positives rate (TPR) versus the
false positive rate (FPR) to different values of the significance
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level «. TPR represents the rate of correct detection, while
FPR represents the rate of false alarms. These two rates are
given by:

TP

TPR= — (14)
TP + FN
FP
FPR= — . (15)
FP + TN

A connection identified by GPDC can be a true positive
(TP) if it represents a synaptic connection among the neu-
ronal networks, or a false positive (FP) if the connection does
not exist. Similarly, connections not detected by the GPDC
can be true negative (TN), when the connection in the simula-
tion does not exist, and false negative (FN) if the connection
actually exists. We considered that GPDC inferred a connec-
tion when the mean of GPDC subtracted by the standard error
of the mean is higher of the bootstrap threshold for some fre-
quencies. We performed 100 simulated experiments each one
composed of five trials. The significance levels ranged from
0 to 1 in steps of 0.01, adjusted by Bonferroni correction.

3 Results

We considered three models, each composed of five local
neuronal  networks, with  different  connectivity
patterns between them (Figs 2a, 3a, 4a). Long-range con-
nections between networks were excitatory and could target
either inhibitory (open circles) or excitatory neurons (filled
circles) and their overall effect on the postsynaptic network
was inhibitory and excitatory, respectively. Hence, for sim-
plicity, we just used the short-hand terms “excitatory” and
“inhibitory” to characterize the networks and their projec-
tions.

The intrinsic dynamics of each local neuronal network
without long-range connections exhibit relatively uncorre-
lated spikes and some transient periods of oscillations in the
LFP signals (Fig. 1).

3.1 Inference of effective connectivity

The first model (Fig. 2a) simulates a scenario that includes
two simple connections, one excitatory from network 1 to
network 2 and another inhibitory, from 1 to 3. It also includes
a reciprocal connection pattern, with network 4 inhibiting
network 5 and network 5 exciting network 4. Finally, network
4 is also inhibited by network 1, permitting the evaluation
of the interactions between the two connections arriving at
network 4.

The isolated neuronal networks possess different power
spectral densities (PSD), except for networks 3 and 4,
which have approximately the same spectrum of frequen-

A
Network 1
Network 2
Network 3
Network 4
1000 geprrags
%]
s
= Network 5
[}
=
:H: 0 AT Ve oA
90 9500 9500 10000
Time (ms) Time (ms)

Fig. 1 Raster plot and LFP signals for 1s of simulation. a Raster plot
for the five standalone networks used. Neurons 1 to 800 are excitatory
and 801-1000 inhibitory. b LFP signals after demeaning, detrending,
and low-pass filtering and downsampling to 200 Hz

cies (Fig. 2b). Enabling long-range connections between
networks result in small changes in PSD, more notably for
excitatory interactions, such as the increase at 20Hz in net-
work 2, which is the peak power from network 1, and the
increase at 35Hz of network 4, probably caused by network
5. The effects of inhibitory interactions on firing rates are
also present (Table 3), but are less evident than for the exci-
tatory ones. The interactions among networks caused limited
changes in their behavior, which is the ideal scenario for test-
ing the effectiveness of causality methods.

The GPDC method identified all interactions between net-
works. The first column in Fig. 2c (j = 1) shows that the
method recognized connections from network 1 to networks
2, 3, 4 (solid lines). Other connections from network 4 to 5
and from network 5 to 4 were also correctly identified. The
GPDC value for all other connections was below the sig-
nificance curve (dashed line), resulting in no false positives.
More importantly, it accurately did not detect the indirect
connection 1 — 4 — 5, marking the connection from net-
work 1 to 5 as non-existing. The spectral coherence (gray
lines) also identified all interactions, but their bidirectional
nature provides no information on the direction of the inter-
action. Also, indirect connections could not be discriminated
from direct ones using spectral coherence.

The second model (Fig. 3a) contains excitatory connec-
tions from networks 2 to 3, 5 to 4, and 5 to 1, and inhibitory
connections from networks 1 to 2, 3 to 4, and 4 to 5. This
model has two loops: a long one, encompassing all networks,
and a smaller one, involving only networks 4 and 5. Simi-
larly to the first model, the PSD of the networks shows small
changes when coupled (Fig. 3b) and changes in the average
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Fig.2 Model 1. a Directed graph representing the connectivity model
between neuronal networks. Each node represents a network identified
according to Table 2. Edges describe excitatory long-range connections
targeting inhibitory (open circle) and excitatory (closed circle) neurons.
b Average power spectral density (PSD) between trials with long-range
connections disabled (uncoupled) and enabled (coupled). Shaded gray
areas represents the standard error of the mean (SEM). The numbers
inside the plots indicate the corresponding neuronal networks. ¢ Aver-
age GPDC (black solid lines) and average coherence between trials
(gray solid lines) for all the connections between networks, where j
presents the source of connection and i the target. Shaded areas repre-
sent the SEM of the GPDC and dotted lines the threshold of statistical
significance

firing rate (Table 3) are in accordance with the connection
type. Using GPDC, we could infer all the connections of the
model, with no false positives, including the bidirectional
connections between 4 and 5 (Fig. 3c). Spectral coherence

@ Springer

Table 3 Average firing rate over trials

Model Network E (Hz) I (Hz)
Uncoupled 1 2.27+£0.02 11.44 £0.10
2 3.46 +£0.07 13.01 £0.13
3 2.85+0.07 10.74 +0.14
4 3.14 £ 0.08 15.48 £0.25
5 1.89 £0.03 12.38 £0.11
1 1 2.27 £0.04 11.51+£0.13
2 4.11+0.09 15.15+£0.19
3 2.58 £0.08 10.97 £ 0.09
4 3.18 £0.08 16.93 £0.25
5 1.67 £0.05 12.23 £ 0.15
2 1 2.50 £0.03 12.654+0.22
2 3.10£0.13 12.98 £ 0.27
3 3.47 £0.07 13.03 £0.18
4 2.98 £0.03 16.68 +0.10
5 1.70 £ 0.02 12.22+£0.11
3 1 2.28 £0.03 11.53+£0.15
2 3.14+0.11 13.05£0.30
3 2.94 £ 0.06 12.63 £0.12
4 3.07 £0.05 16.71 £0.16
5 1.70 £ 0.02 12.24 +0.12

Model corresponds to the model evaluated and “uncoupled” refers to
isolated networks. The specific Network is marked in the second col-
umn. £ (Hz) and I (Hz) represents the average firing rate over 10 trials,
for excitatory neurons and inhibitory neurons, respectively. The trials
analyzed are the same trials used to compute the average GPDC

between interacting networks also detect the connections,
showing a peak in the frequency near the maximum GPDC
value, but without information on connection direction.

Finally, the third model (Fig. 4a) contains two pathways
from network 1 to 3, one direct, and another indirect, pass-
ing through network 2. Connections from network 1 to 2, 2
to 3, 3 to 4, and 4 to 5 are inhibitory, and connections from
1to 3 and 4 to 5 are excitatory. Differently from the previ-
ously analyzed models, there are two consecutive inhibitory
interactions, from network 1 to 2 and 2 to 3. The PSDs again
showed only small variations after enabling the long-range
connections (Fig. 4b) and the average firing rate also changed
according to connection type. The GPDC method identified
correctly all connections established in the model and did
not find false positives (Fig. 4c). Although the GPDC values
are smaller, they are above the significance threshold for a
range of frequency values. As the previous models, the spec-
tral coherence presents a peak in the same frequency of the
peak of GPDC.
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Fig.3 Same as Fig. 2, applied to model 2

3.2 Effects of coupling strength

We investigated the effects of coupling strength, charac-
terized by synaptic weights and number of long-range
connections, on GPDC, using network model 3 (Fig. 4a).
We compared the true positive rate (TPR) and false pos-
itive rate (FPR) for different synaptic strengths, number of
connections, and levels of noise applied to the LFP signal.
The area under the ROC curve (AUC) is larger for higher
synaptic weights (Fig. 5a) and number of long-range connec-
tions (Fig. 5b). With 10 long-range synapses per target neuron
and a synaptic weight of 0.015, the AUC is almost 1, which
means that causal relationships were always detected with
no false positive. With smaller weights, the detection is less

A B Uncoupled  Coupled
T T T \1 T T T \1
LI T \2 T T T \2
T T \3 T T T \3
T T T \4 T T T \4
515 T T T T T T T
[a) 5 5
=
a o . .
2 o 50
Frequency (Hz)
C =1 j=2 j=3 j=4 j=5
—
.
%‘;;TLL*/'\ —— s
N
Az
[ | B s
m
Az
N R
3
a PN | A~ LN
0.4
n
Az
| PR | S | M A
0 50

Frequency (Hz)

Fig.4 Same as Fig. 2, applied to model 3

reliable, with lower TPR and higher FPR values, until reduc-
ing toward chance detection (Fig. 5a). Similarly, when using
fewer afferent connections per neuron, the AUC is reduced
almost to chance level (Fig. 5b). Consequently, GPDC can
reliably detect causal relationships with stronger network
couplings, but it is less reliable as the coupling strength
decreases.

The detection rate of GPDC also changed when different
levels of white Gaussian noise are applied to the LFP signals
(Fig. 6). Increasing noise level caused a decrease in the con-
nection detection rate. However, even in the case where the
SNR is negative, i.e., the power of the noise is higher than
the power of the LFP with noise, the detection rate was still
above chance level.
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Fig. 6 ROC curves from model 3. Thick curves represent different
SNR values in decibels. We considered 10 long-range synapses per tar-
0.8 get neuron with synaptic weights of 1,5 x 10~2. Each point represents
a difference significance threshold. The dotted diagonal thin line rep-
resents the chance level. We considered 100 GPDC values, where each
0.6 - is the average over 5 trials of the GPDC values. TPR: true positive rate.
FPR: false positive rate
o # Synapses
a
[ 2
0.4t —
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________ 8 4 Discussion
0.2} —=-10
In this study, we evaluated the GPDC as a technique to infer
effective connections between neuronal networks, using sim-
oL : : : : - ulated LFP signals from three models containing coupled
0 0.2 0.4 0.6 0.8 1

FPR

Fig. 5 ROC curves from model 3. a Thick curves represent different
synaptic weights, considering 10 long-range synapses per target neuron.
b Thick curves represent different numbers of long-range synapses per
neuron, with synaptic weights of 1,5 x 1072, Each point represents a
difference significance threshold. The dotted diagonal thin line in both
plots represents the chance level. We considered 100 GPDC values,
where each is the average over 5 trials. TPR: true positive rate. FPR:
false positive rate

We also investigated the relationship between GPDC val-
ues and coupling strength. We found a linear relationship
between the maximum GPDC values and the number of
long-range synapses that arrived to each neuron in the target
network (Fig. 7a), with coefficients of determination (R?)
between 0.64 and 0.77. We found a similar relationship
between GPDC values and long-range synaptic weights (Fig.
7b), with R? between 0.58 and 0.75. In both cases, coupled
networks resulted in p values below 1073, For uncoupled
networks, RZ was always below 0.02. These results indicate
that the GPDC value could be used to estimate network cou-
pling strength.

@ Springer

networks of Izhikevich spiking neurons (Izhikevich 2003).
The objective was to verify if GPDC could correctly infer
connections from signals that are not linear autoregressive
time series and have characteristics similar to electrophysio-
logical signals.

We used network models that try to capture general prop-
erties of the cortex, such as the distribution of excitatory and
inhibitory neurons, but without matching them to any spe-
cific cortical area, with the use of random connections. We
considered several scenarios with both inhibitory and excita-
tory interactions between networks, including one source for
several targets, multiples sources for a single target, recurrent
interactions, indirect interactions, among others. Our results
showed that in every model evaluated, the average GPDC
was statistically significant only when there was a connection
between the networks. Moreover, the PSD of the networks
and average firing rates showed small differences when the
networks were coupled and uncoupled, suggesting that the
coupling among networks caused small changes in network
behavior, but that was large enough to be detected by the
GPDC.

Different from PDC, GPDC is scale invariant, meaning
that it yields values that are independent of the dynamic
range of the time series analyzed (Baccald et al. 2007).
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Fig. 7 a GPDC versus the number of long-range synapses per neu-
ron (2,4,6,8, and 10) and b GPDC versus long-range synapse weights
(5,8,10,12, and 15 (x 1073)). Each point is the average over 5 trials
of the maximum GPDC values. We used 100 GPDC values for each
coupling strength and pair of networks from model 3

But some disadvantages of PDC remain in GPDC. These two
methods are normalized with respect to the number of target
networks (Baccald and Sameshima 2001) so adding more
target networks influenced by the same source decreases
the magnitude of both PDC and GPDC (Schelter et al.
2009). This seems to limit the use of the GPDC values

to infer the coupling strength. Some methods were pro-
posed to overcome these limitations such as a renormalized
PDC (Schelter et al. 2009) and isolated effective coherence
(iCoh) (Pascual-Marqui et al. 2014). Renormalized PDC
introduced a normalization using the variance of the influ-
ences between the signals (Pascual-Marqui et al. 2014). The
iCoh method estimates the partial coherence under a multi-
variate autoregressive model, and directional paths of interest
are kept while irrelevant connection is set to zero. Some meth-
ods proposed before the GPDC, such as directed transfer
function (DTF) (Kaminski and Blinowska 1991) and directed
coherence (DC) (Saito and Harashima 1981), are normalized
with respect to a number of series influencing the target vari-
ables.

These methods are all based on the assumption of lin-
earity and stationarity. Although they are shown to work
with autoregressive time series (Baccald et al. 2007; Bac-
cald and Sameshima 2001; Takahashi et al. 2008) and simple
nonlinear time series (Wang et al. 2014; Massaroppe and
Baccald 2015; Papana et al. 2013), it is not clear that when
applied to neurophysiological signals (Hoerzer et al. 2010;
Sato et al. 2009; Shim et al. 2013; Rodrigues and Baccala
2016), they provided meaningful results. The evaluation of
these models using LFP signals generated from simulated
spiking networks fills the gap between the hypothesis of the
methods and the nonlinearity and nonstationarity of biolog-
ical LFP signals. The main advantage of simulations is that
we have access to all parameters in the model, which allows
us to adequately evaluate the GPDC connectivity predictions
against the actual network connections.

We considered that the LFP is the sum of input currents in
excitatory neurons (Mazzoni et al. 2008, 2015). This assump-
tion is based on the predominant spatial contribution from
apical dendrites of pyramidal neurons to the extracellular
open-field approximation (Einevoll et al. 2013). However,
in physiological experiments, recorded LFP signals are the
result of several biophysical mechanisms, such as ionic pro-
cesses, calcium spikes and neuron-glia interactions (Buzsdki
etal. 2012). Surrounding regions may also contribute to LFP
signals and, in some cases, even dominate the LFP generated
by alocal population, such as when surrounding populations
receive correlated synaptic inputs (Lindén et al. 2011).

Connectivity between single neurons was already ana-
lyzed using Granger causality in simulated neuronal net-
works to evaluate structural connections (Wu et al. 2011b),
synaptic weights (Shao et al. 2015), synaptic plasticity
(Cadotte et al. 2008), and point process models (Kim et al.
2011). Measures based on information theory were applied
to infer connections between pairs of neurons in simulated
cortical networks (Garofalo et al. 2009; Ito et al. 2011b).
Sameshima and Baccala (1999) applied PDC on neural spik-
ing data from models and rats, after performing a convolution
of the spike impulse trains with a given kernel. Our work com-
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plements these simulation studies on single cell connectivity
by providing an analysis over population LFP signals.

The use of spiking neural networks permits a direct linkage
between neuron states and oscillations in the simulated LFP
signal. Oscillations seem to influence the flow of information
between structurally connected networks (Akam and Kull-
mann 2014, 2010; Bastos et al. 2015), and we consider that
it is fundamental to consider these dynamics when evaluat-
ing connectivity methods. Some simulation studies evaluated
methods of connectivity applied to simulated electrophysi-
ological data considering mass models of neurons (Lopes
et al. 1974; David and Friston 2003; David et al. 2004,
Rodrigues and Baccald 2016). In neural mass models, the
dynamic variables represent the average activity of a popu-
lation of neurons, but in these models, it is not possible to
generate states of the cortical networks like synchronization
and irregular or regular spike activity of the neurons.

Performance of GPDC was evaluated using ROC curves.
We verified that the effectiveness of the method depends on
the number of synapses and synaptic weights. Weakly con-
nected networks are difficult to detect using GPDC. This
limitation of the method is relevant, given that in biological
scenarios some cognitive functions are supported by weak
long-range connections (Santarnecchi et al. 2014), which
may not be detected by GPDC. Moreover, in neurophysio-
logical experiments, researchers normally define an arbitrary
threshold assuming that lower GPDC values may refer to spu-
rious connections (Rubinov and Sporns 2010). But in some
scenarios, such as in Fig. 4, small GPDC values may repre-
sent coupled networks which are well above the significance
threshold. Our results indicate that GPDC is reliable to detect
stronger interactions between coupled networks, but may fail
to detect weaker connections.

Neurophysiological data are a mixture of signal of interest
with an extrinsic noise unrelated to the investigated process
(Lowet et al. 2016; Bastos and Schoffelen 2016). We ver-
ified that decreasing the SNR degraded the detection rate
of GPDC. This result shows a limitation in the connectivity
estimation that is common in several connectivity methods
(Wu et al. 2011a; Wang et al. 2014) — the presence of noise
generally decreases the accuracy of connection inference.

We also found a linear relationship between the coupling
strength and GPDC values, with coefficients of determina-
tion between 0.58 and 0.77 for the network interactions from
model 3. This shows that most of the variation of GPDC
values can be explained from the coupling strength, which
shows that the GPDC value can be a rough approximation to
coupling strength. But as noted before, the GPDC values are
influenced by other factors, such as the number of outbound
connections. For instance, GPDC values for low coupling
strengths are similar to that of uncoupled networks, which
explains why GPDC performs poorly in this case.

@ Springer

We conclude that GPDC seems to be reliable in the pres-
ence of stronger connections and its magnitude can be used
as a rough estimation of connection strength, at least for our
simulated models. But with weaker connections or noisier
signals, the ROC curves move toward chance level and GPDC
connectivity measures should be interpreted with caution.

Acknowledgements This study was supported by Federal University
of ABC (UFABC) and Coordination for the Improvement of Higher
Education Personnel (CAPES).

References

Akaike H (1974) A new look at the statistical model identification. IEEE
Trans Autom Control 19(6):716-723

Akam T, Kullmann DM (2010) Oscillations and filtering networks sup-
port flexible routing of information. Neuron 67(2):308-320

Akam T, Kullmann DM (2014) Oscillatory multiplexing of population
codes for selective communication in the mammalian brain. Nat
Rev Neurosci 15(2):111-122

Baccala LA, Sameshima K, Takahashi D (2007) Generalized partial
directed coherence. In: 2007 15th International conference on dig-
ital signal processing. IEEE, pp 163-166

Baccala LA, Sameshima K (2001) Partial directed coherence: a new
concept in neural structure determination. Biol Cybern 84(6):463—
474

Barnett L, Seth AK (2014) The MVGC multivariate Granger causality
toolbox: a new approach to Granger-causal inference. J Neurosci
Methods 223:50-68

Bastos AM, Schoffelen JM (2016) A tutorial review of functional con-
nectivity analysis methods and their interpretational pitfalls. Front
Syst Neurosci 9:175

Bastos AM, Vezoli J, Fries P (2015) Communication through coherence
with inter-areal delays. Curr Opin Neurobiol 31:173-180

Bernasconi C, Kénig P (1999) On the directionality of cortical inter-
actions studied by structural analysis of electrophysiological
recordings. Biol Cybern 81(3):199-210

Brovelli A, Ding M, Ledberg A, Chen Y, Nakamura R, Bressler SL
(2004) Beta oscillations in a large-scale sensorimotor cortical net-
work: directional influences revealed by Granger causality. Proc
Natl Acad Sci USA 101(26):9849-9854

Bullmore E, Sporns O (2009) Complex brain networks: graph theoreti-
cal analysis of structural and functional systems. Nat Rev Neurosci
10(3):186-198

Buzsédki G, Anastassiou CA, Koch C (2012) The origin of extracellu-
lar fields and currents—EEG, ECoG, LFP and spikes. Nat Rev
Neurosci 13(6):407

Cadotte AJ, DeMarse TB, He P, Ding M (2008) Causal measures of
structure and plasticity in simulated and living neural networks.
PloS ONE 3(10):e3355

Cadotte AJ, DeMarse TB, Mareci TH, Parekh MB, Talathi SS, Hwang
DU, Ditto WL, Ding M, Carney PR (2010) Granger causality
relationships between local field potentials in an animal model
of temporal lobe epilepsy. J Neurosci Methods 189(1):121-129

Campo AT, Martinez-Garcia M, Nécher V, Luna R, Romo R, Deco G
(2015) Task-driven intra-and interarea communications in primate
cerebral cortex. Proc Natl Acad Sci 112(15):4761-4766

Cavallari S, Panzeri S, Mazzoni A (2014) Comparison of the dynamics
of neural interactions between current-based and conductance-
based integrate-and-fire recurrent networks. Front Neural Circuits
8:12




Biological Cybernetics (2019) 113:309-320

319

David O, Friston KJ (2003) A neural mass model for MEG/EEG: cou-
pling and neuronal dynamics. Neurolmage 20(3):1743-1755
David O, Cosmelli D, Friston KJ (2004) Evaluation of different mea-
sures of functional connectivity using a neural mass model.
Neuroimage 21(2):659-673

Einevoll GT, Kayser C, Logothetis NK, Panzeri S (2013) Modelling
and analysis of local field potentials for studying the function of
cortical circuits. Nat Rev Neurosci 14(11):770

Faes L, Nollo G (2010) Extended causal modeling to assess partial
directed coherence in multiple time series with significant instan-
taneous interactions. Biol Cybern 103(5):387—400

Friston KJ (2011) Functional and effective connectivity: a review. Brain
Connect 1(1):13-36

Gao L, Sommerlade L, Coffman B, Zhang T, Stephen JM, Li D,
Wang J, Grebogi C, Schelter B (2015) Granger causal time-
dependent source connectivity in the somatosensory network. Sci
Rep 5(10):399

Garofalo M, Nieus T, Massobrio P, Martinoia S (2009) Evaluation
of the performance of information theory-based methods and
cross-correlation to estimate the functional connectivity in cortical
networks. PloS ONE 4(8):e6482

Geweke J (1982) Measurement of linear dependence and feedback
between multiple time series. J] Am Stat Assoc 77(378):304-313

Goiii J, van den Heuvel MP, Avena-Koenigsberger A, de Mendizabal
NV, Betzel RF, Griffa A, Hagmann P, Corominas-Murtra B, Thiran
JP, Sporns O (2014) Resting-brain functional connectivity pre-
dicted by analytic measures of network communication. Proc Natl
Acad Sci 111(2):833-838

Granger CW (1969) Investigating causal relations by econometric
models and cross-spectral methods. Econom J Econom Soc
37(3):424-438

Hamilton JD (1994) Time series analysis, vol 2. Princeton University
Press, Princeton

Hoerzer GM, Liebe S, Schloegl A, Logothetis NK, Rainer G (2010)
Directed coupling in local field potentials of macaque v4 during
visual short-term memory revealed by multivariate autoregressive
models. Front Comput Neurosci 4:14

Hu B, Dong Q, Hao Y, Zhao Q, Shen J, Zheng F (2017) Effective
brain network analysis with resting-state EEG data: a comparison
between heroin abstinent and non-addicted subjects. J Neural Eng
14(4):046,002

Ito S, Hansen ME, Heiland R, Lumsdaine A, Litke AM, Beggs JM
(2011a) Extending transfer entropy improves identification of
effective connectivity in a spiking cortical network model. PLoS
ONE 6(11):1-13

Ito S, Hansen ME, Heiland R, Lumsdaine A, Litke AM, Beggs JM
(2011b) Extending transfer entropy improves identification of
effective connectivity in a spiking cortical network model. PloS
ONE 6(11):e27,431

Izhikevich EM (2003) Simple model of spiking neurons. IEEE Trans
Neural Netw 14(6):1569-1572

Izhikevich EM (2006) Polychronization: computation with spikes. Neu-
ral Comput 18(2):245-282

Kaminski M, Blinowska KJ (1991) A new method of the descrip-
tion of the information flow in the brain structures. Biol Cybern
65(3):203-210

Kaminski M, Liang H (2005) Causal influence: advances in neurosignal
analysis. Crit Rev Biomed Eng 33(4):347-430

Kim S, Putrino D, Ghosh S, Brown EN (2011) A Granger causality mea-
sure for point process models of ensemble neural spiking activity.
PLoS Comput Biol 7(3):e1001,110

Koch C, Segev I (1988) Methods in neuronal modeling: from synapses
to networks. MIT Press, Cambridge

Lindén H, Tetzlaff T, Potjans TC, Pettersen KH, Griin S, Diesmann M,
Einevoll GT (2011) Modeling the spatial reach of the LFP. Neuron
72(5):859-872

Lopes dSF, Hoeks A, Smits H, Zetterberg L (1974) Model of brain
rhythmic activity. The alpha-rhythm of the thalamus. Kybernetik
15(1):27

Lowet E, Roberts MJ, Bonizzi P, Karel J, De Weerd P (2016) Quan-
tifying neural oscillatory synchronization: a comparison between
spectral coherence and phase-locking value approaches. PloS ONE
11(1):e0146,443

Maris E, Oostenveld R (2007) Nonparametric statistical testing of EEG
and MEG data. J Neurosci Methods 164(1):177-190

Massaroppe L, Baccald LA (2015) Kernel-nonlinear-PDC extends par-
tial directed coherence to detecting nonlinear causal coupling. In:
Engineering in medicine and biology society (EMBC), 2015 37th
annual international conference of the IEEE. IEEE, pp 2864-2867

Matias FS, Gollo LL, Carelli PV, Bressler SL, Copelli M, Mirasso CR
(2014) Modeling positive Granger causality and negative phase
lag between cortical areas. Neurolmage 99:411-418

Mazzoni A, Panzeri S, Logothetis NK, Brunel N (2008) Encoding
of naturalistic stimuli by local field potential spectra in net-
works of excitatory and inhibitory neurons. PLoS Comput Biol
4(12):e1000,239

Mazzoni A, Brunel N, Cavallari S, Logothetis NK, Panzeri S (2011)
Cortical dynamics during naturalistic sensory stimulations: exper-
iments and models. J Physiol Paris 105(1-3):2-15

Mazzoni A, Lindén H, Cuntz H, Lansner A, Panzeri S, Einevoll GT
(2015) Computing the local field potential (LFP) from integrate-
and-fire network models. PLOS Comput Biol 11(12):e1004,584

Ning Y, Zheng R, Li K, Zhang Y, Lyu D, Jia H, Ren Y, Zou Y (2018)
The altered Granger causality connection among pain-related brain
networks in migraine. Medicine 97(10):e0102

Omidvarnia A, Azemi G, Boashash B, OToole JM, Colditz PB, Vanhat-
alo S (2014) Measuring time-varying information flow in scalp
EEG signals: orthogonalized partial directed coherence. IEEE
Trans Biomed Eng 61(3):680-693

Papana A, Kyrtsou C, Kugiumtzis D, Diks C (2013) Simulation study
of direct causality measures in multivariate time series. Entropy
15(7):2635-2661

Pascual-Marqui R, Biscay R, Bosch-Bayard J, Lehmann D, Kochi K,
Yamada N, Kinoshita T, Sadato N (2014) Isolated effective coher-
ence (iCoh): causal information flow excluding indirect paths.
arXiv preprint arXiv:1402.4887

Rodrigues PL, Baccald LA (2016) Statistically significant time-varying
neural connectivity estimation using generalized partial directed
coherence. In: 2016 IEEE 38th annual international conference of
the engineering in medicine and biology society (EMBC). IEEE,
pp 5493-5496

Rubinov M, Sporns O (2010) Complex network measures of brain con-
nectivity: uses and interpretations. Neuroimage 52(3):1059-1069

Saito Y, Harashima H (1981) Tracking of information within multi-
channel EEG record causal analysis in EEG. In: Yamaguchi N,
Fujisawa K (eds) Recent advances in EEG and EMG data process-
ing. Elsevier, Amsterdam, pp 133-146

Sameshima K, Baccald LA (1999) Using partial directed coherence
to describe neuronal ensemble interactions. J Neurosci Methods
94(1):93-103

Sancristébal B, Vicente R, Garcia-Ojalvo J (2014) Role of frequency
mismatch in neuronal communication through coherence. J Com-
putat Neurosci 37(2):193-208

Santarnecchi E, Galli G, Polizzotto NR, Rossi A, Rossi S (2014)
Efficiency of weak brain connections support general cognitive
functioning. Hum Brain Mapp 35(9):4566—4582

Sato JR, Takahashi DY, Arcuri SM, Sameshima K, Morettin PA, Baccala
LA (2009) Frequency domain connectivity identification: an appli-
cation of partial directed coherence in fMRI. Hum Brain Mapp
30(2):452-461

@ Springer


http://arxiv.org/abs/1402.4887

320

Biological Cybernetics (2019) 113:309-320

Schelter B, Timmer J, Eichler M (2009) Assessing the strength of
directed influences among neural signals using renormalized par-
tial directed coherence. J Neurosci Methods 179(1):121-130

Seidler R, Erdeniz B, Koppelmans V, Hirsiger S, Mérillat S, Jancke
L (2015) Associations between age, motor function, and resting
state sensorimotor network connectivity in healthy older adults.
Neurolmage 108:47-59

Seth AK (2010) A MATLAB toolbox for Granger causal connectivity
analysis. J Neurosci Methods 186(2):262-273

Shakil S, Lee CH, Keilholz SD (2016) Evaluation of sliding window
correlation performance for characterizing dynamic functional
connectivity and brain states. Neurolmage 133:111-128

Shao PC, Huang JJ, Shann WC, Yen CT, Tsai ML, Yen CC (2015)
Granger causality-based synaptic weights estimation for analyzing
neuronal networks. J Comput Neurosci 38(3):483—497

Shim WH, Baek K, Kim JK, Chae Y, Suh JY, Rosen BR, Jeong J, Kim
YR (2013) Frequency distribution of causal connectivity in rat
sensorimotor network: resting-state fMRI analyses. J Neurophys-
iol 109(1):238-248

Sommariva S, Sorrentino A, Piana M, Pizzella V, Marzetti L (2017) A
comparative study of the robustness of frequency-domain connec-
tivity measures to finite data length. Brain topography pp 1-21

Sterratt D, Graham B, Gillies A, Willshaw D (2011) Principles of
computational modelling in neuroscience. Cambridge University
Press, Cambridge

Takahashi DY, Baccald LA, Sameshima K (2008) Partial directed
coherence asymptotics for var processes of infinite order. Int J
Bioelectromagn 10(1):31-36

@ Springer

Thomson DJ (1982) Spectrum estimation and harmonic analysis. Proc
IEEE 70(9):1055-1096

Tomov P, Pena RF, Zaks MA, Roque AC (2014) Sustained oscillations,
irregular firing, and chaotic dynamics in hierarchical modular
networks with mixtures of electrophysiological cell types. Front
Comput Neurosci 8:103

Wang HE, Bénar CG, Quilichini PP, Friston KJ, Jirsa VK, Bernard C
(2014) A systematic framework for functional connectivity mea-
sures. Front Neurosci 8:405

Wu MH, Frye RE, Zouridakis G (2011a) A comparison of multivariate
causality based measures of effective connectivity. Comput Biol
Med 41(12):1132-1141

Wu X, Zhou C, Wang J, Lu Ja (2011b) Detecting the topology of
a neural network from partially obtained data using piecewise
granger causality. In: International symposium on neural networks.
Springer, pp 166-175

Youssofzadeh V, Prasad G, Naecem M, Wong-Lin K (2016) Temporal
information of directed causal connectivity in multi-trial ERP data
using partial Granger causality. Neuroinformatics 14(1):99-120

Zhang L, Chen G, Niu R, Wei W, Ma X, Xu J, Wang J, Wang Z, Lin
L (2012) Hippocampal theta-driving cells revealed by Granger
causality. Hippocampus 22(8):1781-1793

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.



	Evaluation of connectivity estimates using spiking neuronal network models
	Abstract
	1 Introduction
	2 Methods
	2.1 Neuronal model
	2.2 LFP signal
	2.3 Partial directed coherence
	2.4 Statistical significance
	2.5 Signal-to-noise ratio (SNR)
	2.6 ROC curve

	3 Results
	3.1 Inference of effective connectivity
	3.2 Effects of coupling strength

	4 Discussion
	Acknowledgements
	References




