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Abstract

Assessing brain activity during complex voluntary motor behaviors that require the recruitment of multiple neural sites is a
field of active research. Our current knowledge is primarily based on human brain imaging studies that have clear
limitations in terms of temporal and spatial resolution. We developed a physiologically informed non-linear multi-
compartment stochastic neural model to simulate functional brain activity coupled with neurotransmitter release during
complex voluntary behavior, such as speech production. Due to its state-dependent modulation of neural firing,
dopaminergic neurotransmission plays a key role in the organization of functional brain circuits controlling speech and
language and thus has been incorporated in our neural population model. A rigorous mathematical proof establishing
existence and uniqueness of solutions to the proposed model as well as a computationally efficient strategy to numerically
approximate these solutions are presented. Simulated brain activity during the resting state and sentence production was
analyzed using functional network connectivity, and graph theoretical techniques were employed to highlight differences
between the two conditions. We demonstrate that our model successfully reproduces characteristic changes seen in
empirical data between the resting state and speech production, and dopaminergic neurotransmission evokes pronounced
changes in modeled functional connectivity by acting on the underlying biological stochastic neural model. Specifically,
model and data networks in both speech and rest conditions share task-specific network features: both the simulated and
empirical functional connectivity networks show an increase in nodal influence and segregation in speech over the resting
state. These commonalities confirm that dopamine is a key neuromodulator of the functional connectome of speech
control. Based on reproducible characteristic aspects of empirical data, we suggest a number of extensions of the proposed
methodology building upon the current model.
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Introduction scales corresponding to measurements obtained by non-invasive in
vivo human imaging techniques. Indeed, neural simulations did fit
well with data from various human imaging modalities, such as

magnetoencephalography (MEG) [5], positron emission tomography

Computational neuroscience takes a grounds-up approach to
understand complex neural phenomena by investigating the

underlying activity of neurons themselves. Starting from the basic
neural model of Hodgkin and Huxley [1], which described the
electric activity of a neuron in terms of the cell’s constituent ionic
currents, computational neuroscientists began to study temporal
mput-output relations of neural units. One of the most famous
models created during this era was the “point unit” by McCulloch
and Pitts [2]. Among the first modelers who incorporated not only
temporal but also spatial aspects of neural processing was Rall,
who used compartment models to show the strong impact of
dendritic arborization on neural processing of synaptic inputs [3].
His work laid the ground for the first neural network modeling
based on rather complex single neuron models. Next, the so-called
Wilson-Cowan units [4] allowed for simulation of rather
realistically macroscopic responses of entire brain regions on the
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(PET) [6], and functional magnetic resonance imaging (fMRI) [7,8].
Many neural states have been modeled, resulting in a rich literature on
resting-state brain activity as well as behavior-specific activities, such as
visual [6], memory [9], sensorimotor [10] and auditory [I1]
processing. However, while it is generally accepted that differences
may be seen between the resting state and task conditions as well as
between healthy and patient data and models, the fundamental
question in modeling and data analysis methodology, the significance
of differences between modeled conditions, remains unclear [12].
Given that functional activity may be affected by neurotrans-
mitters (see [13] for a review), recent modeling efforts have been
undertaken to integrate neuromodulators, such as dopamine, into
task simulations. Dopaminergic neurotransmission has been
mmplicated in cognition, learning, motor control, and, more
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Author Summary

Our knowledge of brain activity and network organization
during complex motor behaviors in humans relies mainly
on neuroimaging studies. However, the majority of
available brain imaging methods are not feasible for
quantifying the neural processes that occur on very short
time-scales at the microscopic level. To address this
shortcoming of functional MRI, we designed a mathemat-
ical model, which simulates brain activity using local
ensembles of neurons and physiologically meaningful
variables, such as cellular membrane potentials and ion
channel relaxation times. We further incorporated dopa-
minergic function into our model as a neuromodulator of
the dynamic organization of brain networks. We applied
our model to examine brain networks controlling human
speech and language production. We present a rigorous
mathematical proof, which establishes the theoretical
validity and solvability of the presented model, and we
discuss the influence of dopaminergic transmission on
simulated brain activity. We show that our model
successfully reproduces characteristic changes seen in
empirical data between the resting state and speech
production. Our results indicate that the proposed
mathematical model may be used as a platform for future
studies to investigate the specific impact of certain
pathologies within the dopaminergic pathways and their
effect on global network dynamics.

generally, sensorimotor integration [14,15,16]. Chadderdon and
Sporns proposed a large-scale computational model of prefrontal
cortex to show the effects of dopamine release on the onset and
performance of working memory tasks, which could be confirmed
by behavioral, single-cell and neuroimaging data [17]. Determin-
ing how dopamine may regulate the functional connectivity
observed during a behavioral task is a critical next step in
addressing the ambiguity of task-specific functional connectivity.
To that end, we present a biologically-informed, large-scale
model, which is based on neurobiological considerations, to
simulate neuronal function and connectivity modulated by
dopamine release in the human brain. The present paper applies
this model to investigate speech production, one of the most
complex human behaviors, which can be studied in a neuroim-
aging setting. Speech production is known to integrate several
neural networks, ranging from auditory processing to motor
control of articulatory movements [18,19]. Our recent study has
demonstrated that dopaminergic modulation may play a role in
left-hemispheric lateralization of functional brain activity and
connectivity during speech production in the absence of lateralized
structural networks [20]. Here, we propose an extension of a non-
linear model presented by Breakspear et al. [21] to allow for the
simulation of brain activity due to dopaminergic modulation. We
introduce the original model, which is a system of stochastic
differential equations (SDEs), and rewrite it in terms of a multi-
dimensional time-continuous stochastic process. Coupling between
the brain regions with respect to regional neural firing rates is
incorporated within the framework of Ito processes [[22], Chap.
7]. A dopamine release model is developed and integrated into the
model linking the basal ganglia and the laryngeal motor cortex
based on previous studies [23]. We further present a mathematical
proof establishing the existence and uniqueness of solutions to the
extended model. Exploiting specific structural properties of the
model, a computationally efficient scheme for numerical approx-
imation of solutions is also presented. We show simulations of
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resting-state and dopamine-modulated BOLD signals and analyze
the associated functional connectivity networks as related to
corresponding real fMRI data obtained from healthy volunteers
during the resting state and speech production. Finally, we discuss
merits and limitations of the proposed model.

Materials and Methods

Ethics Statement

All participants provided written informed consent before
participation in the study, which was approved by the Institutional
Review Boards of the Icahn School of Medicine at Mount Sinai
and National Institute of Neurological Disorders and Stroke,
National Institutes of Health.

Modeling Objective

Our goal was to simulate a large-scale neural population using N
coupled small scale local models, each replicating neural activation
in a specific brain region i (i=1,...,N), while incorporating
neuromodulator release in a region-specific manner. Every regional
subsystem consisted of interconnected excitatory and inhibitory
neurons, which were assumed to be representatives of the local
neural ensemble within a region. Thus, all quantities were
understood as mean values across the considered region. The
dynamics of regional state variables were governed by voltage-gated
ion channels, functional synaptic couplings and neurotransmitter
release. Thus, the temporal evolution of the entire population was
determined solely by the interaction of its regional subsystems. In
contrast to other approaches, the model discussed here was not
based on coupled oscillator systems like the widely-used Kuramoto
model (compare, e.g., [24] or [25]), but was based on neurobio-
logical considerations. Below, we first detail the theoretical aspects
of the model, including the Wilson-Cowan and dopamine
dynamics, then describe the integration of the model with data.

The Breakspear Neural Model

Following Breakspear et al. [21], we denote the average
membrane potential of neurons in region i by V', which we
assume to be governed by voltage-gated potassium (K), sodium
(Na) and calcium (Ca) ion channels together with the passive
conductance of leaky (L) ions. Thus, for je{K,Na,Ca,L} let mj’
denote the fraction of open j-ion channels and let 9; be the ion
population’s maximum conductance for mj’ =1 (i.e., when all j-ion
channels are open). The basic model describing current flows
across neural membranes in region i is a balance equation of the
form (assuming unit neural capacitance)

d -
a2

je{K,Na,Ca,L}

GWim)(V'=V;), i=1,....,N, (1)

where V; denote the respective Nernst potentials and W;eC(R,R)
are neural activation functions. To adequately reflect relaxation
times of potassium channels, Wk is characterized by an
exponential decay

Wi (mig) =Wy —migpe™"* +mi g, (2)

with W2 being the value of Wy at the initial time =0, g denoting
a temperature scaling factor and 7 being the relaxation time. For
brevity, we introduce the shorthand notation W}, = W (m¥). The
other neural activation functions are defined as W=

Wna =1d(R) and W =1.

November 2014 | Volume 10 | Issue 11 | e1003924



Assuming that the ion channel specific opening-thresholds are
normally distributed with mean 7; and variance d; across the
considered neural population, the fraction of open channels in
region I may be computed as

-1,

o1 Vi
mf_f (H—tanh( 5

Note that the basic model (1) consists exclusively of uncoupled
equations, i.e., the membrane potential of neurons in region i is
entirely independent of neural firing in neighboring regions.

)), je{K,Na,Ca},i=1,...,N.(3)

Coupling is introduced by considering firing rates of excitatory
and inhibitory neurons across the whole population. Thus let Z be
the mean membrane potential of inhibitory interneurons in region i,
and define average excitatory and inhibitory firing rates as follows

max i_
iV: Q; (1+tanh(¥)),
g i=1,....N, (4)

; max Zi_ZT ’
0, = g (1+tanh( 5 )),

where V1 and Zt denote the mean values and dy and 07 are the
variances of membrane threshold potentials of excitatory and

inhibitory neurons, respectively (assuming a normal distribution of
thresholds across the neural population). Regional membrane
potentials are altered by excitatory and inhibitory cell firing via
synaptic feedback loops. Thus, functional synaptic factors dee, die
and a,; are introduced to scale excitatory-to-excitatory, inhibitory-
to-excitatory and excitatory-to-inhibitory couplings, respectively.
Furthermore, to reflect firing rate dependent glutamate neurotrans-
mitter release (opening additional calcium ion channels) a
supplemental scaling parameter rnmpa (the ratio of NMDA to
AMPA receptors) i1s used. Non-specific input to excitatory and
inhibitory neurons is modeled using random noise, which gives rise
to a system of coupled stochastic differential equations (SDEs). Thus
let n={#,]t>0} denote a scalar Wiener process [[26], Sec. 1.6] and
let V= { VIERNUZO} and Z = {Z;GRNUZO} be N-dimensional
Ito processes. To avoid notational overhead we understand the
auxiliary quantities (3) and (4) to be obviously adapted to V; (replace
V' by the components V7 of ¥, in the respective definitions). In the
following we establish a vectorial representation of the basic model
equations given in [21]. Thus, for a vector #eRY let D(u)eRY* ¥
denote a diagonal matrix with the components of # on its main
diagonal. Further, we introduce the N-dimensional vectors

QV=(Q’.V)1{V:1’ Qz=(QiZ),/'V=1> -

mc, = (miCa)i:p
(mig) | and Wic= (W)} |. With Ce[0,1] denoting a (global)

mN, =

_ 1 .
coupling parameter and Qy = NZZV:I 0',, we define a function
Aorig : [0,T] x R x RY >R*¥ (T'>0) with components A’ ; eRY

orig

given by

A(l,rig(l‘, Vi, Z)= — D(Qca +(1—C)rnmpAec Oy + CrNMDAaeeQV)
D(V,—Vca)mca
—gxD(V,—V)Wx
-9 (Vi—=VW) )
—D(Inatmna + (1 — C)aee Q) + Caee Oy )
(Vi=Vna)
+aieD(Z,)0y,
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and

A2 (t’ Vt’Zt):baeiD( VI)QV> (6)

orig

T )
such that Aorig = Al A2 ). Similarly with B'eRY we introduce

orig>“*orig

a vector Borig = (BI,BZ)T defined by

B'=ay01,  B’=baydl, (7)
where ay; and aye denote synaptic factors corresponding to non-
specific excitatory/inhibitory input, J is a noise scaling parameter

. T
and 1eRY is a vector of ones. Setting X7 ¢ =(V;,Z;) we thus
obtain the SDE

dX?rig :Aorig(t,X?rig)dt‘l’Borigdnra (8)

which is the Ito version of the original multi-compartment neural
dynamics model presented by Breakspear et al. [21].

Model Extension 1: Inter-Regional Connectivity

The original model (8) uses a scalar parameter C to
parameterize excitatory coupling between regions. This means,
in the framework considered here, that inter-regional connectivity
strengths constant throughout the entire brain. To relax this
restrictive assumption, we assign each pair of regions {i,j}
coupling parameters ¢;; and ¢;; representing the connectivity
strengths i—j and j—1, respectively. We collect the inter-regional
N

coupling parameters in a NXN matrix C ={C,~ J}, and

J=1
incorporate it in the model (8) as follows. Instead of calculating
excitatory-to-excitatory neural feedback by relying on a mean
firing rate Qy, we scale neural firing using weight information
from the coupling matrix C. Thus, we assume that firing of brain
areas connected to region k impact the membrane potential in

region k according to Zf\;] ki 0% . Hence, (5) is modified to be

A (t.V.Z)= —D(Jca+rampadeeCQy)D(V — Vg )mcy
—9xD(V,—Vk)Wk
—g9.(Vi—V1) (9)
—D(gnamna +aee COp ) (Vi— V)
+ai.D(Z,)0,.

We set ¢; ;=1 to reflect local excitatory input within a region. Note
that we do not impose any restrictions on the directionality of regional
couplings. Depending on the application considered, the above
formulation allows the use of directed connections (i.e., a non-sym-
metric coupling matrix C) or undirected connections (C symmetric).

Model Extension 2: A Dopamine Release Model

A second extension to the original model was incorporated to
simulate the effects of speech-induced dopamine release, as shown
previously in real data [20]. We were especially interested in the
effect of dopaminergic neurotransmission on the primary motor
cortex [27] and its direct influence on the activity of the laryngeal
motor cortex (LMC), which is a final common cortical pathway of
speech control [28,29]. Keeping in mind the biologically-inspired
channel model adopted in the present paper, elevated dopamine
levels in the striatum (without a differential effect on either D1 or
D2 type of dopamine receptors) were assumed to increase the
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probability that potassium, sodium and calcium channels of LMC
neurons open, thus making these neurons more likely to fire.
Hence, we simulated both D1- and D2-type modulatory effects on
these channels [30].

We modeled the direct dopaminergic pathway from the
substantia nigra, pars compacta (SNc) to the LMC [28]. Thus, we
assumed that dopamine release was solely driven by neural activity
in the SNc. Hence, let DA = {DA,€R2|I 20} be a two-dimensional
Tto process with components DA! and DA" denoting the dopamine
concentration in the left () and right (r) LMC respectively. We
assume DA is governed by two simple mass balance equations

dDAM = DAY N gt — DA Gy, heldx).  (10)

To reflect the positive feedback of neural firing in the SNc on
dopamine release we define

DA?ourceh ,DQSN h, (11)

where Q?/N’h denotes the neural firing rate in the left/right substantia
nigra as defined in (4), and p: [0,7]>{Pmin-Pmax} 1S @ (tme-
defpendent) production rate. We assume that p attains a maximum
value pp,, during speech production and is equal to a (positive) mini-
mum value p.;, otherwise. The precise value of the uptake rate is
taken to be a reasonable value from previous studies of extracellular do-
pamine levels [31]. Following [32], dopamine re-uptake was presumed
to be governed by a Michaelis-Menten type kinetics equation

5max|DA?|

DASink,h _ ,
IDA| + Kmax

(12)

where dmax denotes the maximal uptake rate and Kmay is the Michaelis-
Menten constant. Thus, a closed form representation of the considered
dopamine model is

Smax| DAT|

dDAh SNoh gy ImaxiZ 1
P D A K e

dt, he{l,r}. (13)

As mentioned above, dopamine was assumed to affect the firing
of the LMC by altering neural ion channel permeability. Thus, the
effect of dopamine on potassium channels can be seen as a
dependence of the gain in mkMC‘h
Hence we modify the equation governing the fraction of open

potassium channels in the LMC as follows

VLMCh T,
miMCh <1+tanh (ﬁ, 5K>) he{t,r}, (14)
K

where [f:‘ denotes a dopamine dependent gain. In the absence of

on dopamine concentration.

dopamine we want a gain of unity, i.e., ﬁ:} =1. Conversely, we also
like to impose an upper bound on the gain. To achieve this,
consider the expression

Bl =DAa(By;i— Pro) + o (15)

where a€[0,1] is an antagonism parameter controlling the overall
0 then
B =P, thus, by setting fio=1, a unity gain for a dopamine

impact of dopamine on the gain [)’ Obviously, if DAh
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concentration of zero is established. Since 0 <a <1 and assuming
physiologically meaningful dopamine concentrations, i.e.,
DA" <1, By sets an upper bound for the gain.

Finally, we modeled the impact of dopamine on calcium and
sodium channels in the LMC using the gain ﬂl: We expressed the
dopamine dependence of the permeability of those channels via
varying the LMC’s excitatory-to-excitatory functional synaptic
coupling by introducing

LMCh _ ﬂt ﬂlo
e, (ﬂhl B + 1), he{l,r}. (16)

In the absence of dopamine we have ,Bltlzﬁlo and thus
aLMCh—aee Rising dopamine levels increase [)’h and, in turn,
atMCh

until [)’ reaches its previously established upper bound fy;,

LMCh _

whlch gives dg, =2dee. Thus, we have the estimate

dee <atMCN <24, (17)

To establish a closed form representation of the full model, let
A:0,T]xRY xRN x R*>R**2 be defined by A=(4',4%,
A3)T, where Al(t, V.,Z,,DA,) is given by the right hand side of
(9) with LMC components AMCh (1 V. Z, DA,) defined by

ALMCh _

LM j LMCh LMC.h
(Qc‘, +7rnmpa aiMER Z CLMC.hj Q'V> ( v - VCu)’nCa
=1

0 WK( LMC, h) (VfLMC.h _ VK)

o (Ve -n) (18)

j=1

N
LMCh . j LMCh
(qu myy "+ @M ST epveny Qy> vy —VNa)

+a ZLMC hQLMC h
ie

5

for he{l,r}. Let further A%, Vi,Z;,DA,) be given by the right
hand side of (6) and define

dmax| DAY

ALV, Z,.DA =(r SN,h_4) eR%. (19
( A 1) 14 |DA?|+Kmax he{(,r} ( )

Similarly, let BER*V*2 be given by B=(B',B>.B%)" with B'
and B? as defined in (7) and B3=(0,0)T. Then with

X, =V.,Z,DA ,)T the full neural dynamics model can be written
as

{dX,= A(t,X,)dt + Bdn,,
Xo= X,

where A is called drift (or deterministic force) and B is the diffusion
(or random force) of the model. In the following section we discuss
an efficient strategy to numerically approximate solutions to the
model (20). A rigorous mathematical proof establishing existence
and uniqueness of those solutions is presented later.

0<i<T, (20)
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Numerical Approximation

We used time discrete approximation techniques to simulate
sample paths of the SDE system (20). Extensive numerical
experiments revealed pronounced non-linear dynamics of the
model, which motivated the use of a higher order solution scheme.
We encountered numerical instability of the widely used strong
order 1.0 Milstein scheme [33]. Using a strong order 1.5 explicit
Runge-Kutta (RK15) method, however, proved to be reliable. An
explicit strong order 2.0 scheme yielded no notable improvements
over the RKI15 method but required a considerably higher
computational effort. Thus, a RK15 scheme was specifically
adapted to the model (20).

To establish a time discrete approximation of the solution to
(20), we started by defining a discretization of the interval [0,77].
For KeN, let At=T/K be a step-size and define discrete time
points ¢, =nAt for n=1,...,K. We introduce the Markov chain
Y= {YHER2N+2|H=O, ... ,K} to approximate the stochastic
process X that satisfies (20). Thus we set Yo=Xic and
An,=n, ,—n,. Note that (20) is a 2N +2-dimensional non-
autonomous SDE with constant additive scalar noise. This latter
property is exploited to construct a highly efficient recursive
solution scheme that has a considerably reduced computational
cost compared to a general purpose SDE solver.

The following considerations are based on the family of solution
schemes presented in [[26], Sec. 11.2]. The vector form of an
explicit order 1.5 strong scheme for a non-autonomous SDE with
constant additive scalar noise is given by

Yoi1= Y, +A(1,.Y,)Ai+BAy,
+ %(A(tm,F+)72A(tn,Yn)+A(zn+1L))At n=0,... . K—1,21)
+ #&(A(tn-%—l»r-%-)_A(tn-%—l7r7))A‘9na
where

[y =Y,+A(t,Y,)At+ BVAL, (22)

and A3, is a random variable representing the following double
stochastic integral

Iny1 [$
A&,,:J J dn,ds. (23)

n in

Rearranging terms, (21) can be simplified to

At
Yn+1 = Yn+A(tm Yn)? +BA'1n (24)

At A, At A,
+A(tn+1,r+)(f+2m> +A(tn+1,rf)(j - )

Note that An, ~N(0,A?) and A, is also normally distributed
satisfying

_(@an?

2
O (a9

E(A1,,A%,) = ——,(25)

[E(ASH)=0, )

as shown in [[26], Chap. 10]. These properties play a key role in
practice since they allow us to generate the pair of correlated
random variables A1, and A9, in an efficient and straight forward
manner: let p, and 6, be independent N(0,1) distributed random
variables, then
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A”n =Pn \/—A_L

AB,= 1 (pn+ %) Jar. @)

Thus, an approximate solution of (20) was recursively computed
following scheme (24) with auxiliary quantities (22) and (26).

Note that (24) requires three evaluations of the drift term A4 per
step. In contrast, the Milstein method adapted to model (20)
reduces to

Y, 1=Y,+A(t,Y,)At+ BAy,, (27)

and thus requires only one function evaluation per step. However,
unlike RK15, (27) reduces to an explicit Euler scheme in the
absence of noise (zero diffusion). Thus numerical instability of the
Milstein scheme for a model like (20) exhibiting pronounced non-
linear characteristics in the drift term was predictable. Note that it
is possible to enforce convergence of (27) by substantially reducing
the step-size At. However, this in turn dramatically increases the
total number of time-steps making the overall computational
performance of the Milstein method significantly worse than that
of RK15 (24). Hence RK15 was the solver of choice for all
simulations presented below.

In order to produce measureable changes in extracellular
dopamine levels, which reflect rapid phasic dopamine release
during a behavioral task or a pharmacological challenge, the
dopaminergic axons must be stimulated at frequencies of 10-
20 Hz or greater [34]. Because phasic dopamine release may
reach high concentrations for brief periods due to concerted burst
firing of dopamine neurons [34,35,36], we tested our model at a
neural firing rate>20 Hz with different time-step sizes. We found
that a small step-size of 0.lms had the highest numerical
robustness and showed the optimal temporal resolution of neural
firing in order for dopamine release/re-uptake to set in gradually,
without jumps.

The simulations shown below have been run on a Mid 2010
Mac Pro (2x2.66 GHz 6-Core Intel Xeon, 24GB DDR3 ECC
RAM) under OS X 10.9.1. All codes have been written in Python
[37] making extensive use of the packages NumPy, SciPy [38] and
Matplotlib [39]. Computationally expensive sections of the code
have been converted to C extensions using Cython [40].

Integration of Model and Data

Data acquisition. The raw model output was converted to a
blood oxygen level-dependent (BOLD) signal and compared to
functional brain activity data in healthy volunteers. We used fMRI
data of 20 right-handed monolingual English speaking subjects
with no history of neurological, psychiatric, voice, or respiratory
problems (13 females, 7 males, age 53.2+ 10.1 years [mean + SD])
as reported earlier [20]. Right-handed volunteers were recruited in
order to control for brain activity lateralization differences
between right- and left-handed people. All scanning sessions were
performed on a 3.0 Tesla GE scanner equipped with a quadrature
birdcage radio frequency head coil (Milwaukee, WI). Data were
acquired under two conditions: 1) a resting state, during which the
subjects fixated on a cross, and 2) a task production, during which
subjects were asked to produce meaningful, grammatically-correct,
short sentences. Whole-brain resting-state (rs-fMRI) images were
acquired using gradient-weighted echo planar imaging (EPI) (150
contiguous volumes with TR 2 s, TE 30 ms, FA 90 degrees, 33
sagittal slices, slice thickness 4 mm, matrix 64x64 mm, FOV
240 mm, in-plane resolution 3.75 mm, duration 5 min). To assure
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the resting condition, these images were acquired before the task-
production fMRI within the same scanning session. Physiolog-
ical recordings were carried out using a respiratory belt to
measure respiration volume and a pulse oximeter to monitor
heart rhythm and were sampled at 50 Hz with the recording
onset triggered by the scanner’s selection trigger pulse. For
speech-production fMRI, whole brain images were acquired
using gradient-weighted EPI pulse sequences (TE 30ms, TR
10.6 s (8.6 s task production, 2 s image acquisition), FA 90
degrees, FOV 240x240 mm, matrix 64x64 mm, in-plane
resolution 3.75 mm, 33 sagittal slices, slice thickness 4.0 mm)
with BOLD contrast and a sparse-sampling event-related
design. The subjects were instructed to produce short
meaningful grammatically correct English sentences (e.g.,
“We are always away”, ““T'om is in the army”) after listening
to an auditory sample. The auditory stimuli were delivered
within a 3.6 s-period and the subjects reproduced the sentences
within 5 s, followed by a 2-s image acquisition. A total of 36 trials
per task (i.e., sentences, resting fixation) were acquired over the
five scanning sessions with the tasks pseudorandomized between
sessions and participants. All fMRI data was pre-processed using
AFNI software package [41]. For rs-fMRI, the anatomy-based
correlation corrections (ANATICOR) model [42] was applied to
remove hardware-related noise; respiratory and cardiac signals
synchronized with the EPI data were used to remove physiolog-
ical noise based on the retrospective image correction (RETRO-
ICOR) model [43]. The resting-state residual time series were
spatially smoothed by a 6-mm Gaussian kernel within the gray
matter and normalized to the standard Talairach-Tournoux
space. Task-production fMRI. For speech-production fMRI, the
first two volumes were discarded, the EPI datasets were registered
to the volume collected closest in time to the high-resolution
anatomical scan using heptic polynomial interpolation, spatially
smoothed with a 6-mm Gaussian filter, normalized to the percent
signal change and the standard Talairach-Tournoux space. The
task-related responses were analyzed using multiple linear
regression with a single regressor for the task convolved with a
canonical hemodynamic response function. Based on empirical
studies [44,45], the whole brain was parcellated into 70 regions of
interest (ROIs), including 64 cortical and 6 subcortical areas
(Fig. 1A).

Coupling Matrix. The coupling matrix C was based on
anatomical connectivity estimated from fiber tractography
using diffusion weighted data from nine out of twenty healthy
subjects described above. A single-shot spin-echo EPI sequence
with TE 80 ms, TR 8.9 s, FOV 240 mm, matrix 120x 118
mm, 68 contiguous axial slices, slice thickness 2 mm was used
to acquire whole-brain diffusion-weighted images. A total of 60
noncollinear directions with a b-factor of 1,000 s/mm? were
used to measure diffusion. One reference image was acquired
with no diffusion gradients applied (b0 scan). Based on the
same 70 ROIs, the DTI data were processed using the
FATCAT Toolbox of AFNI software [46] following standard
steps to construct an averaged 70 x 70 structural connectivity
matrix. The matrix was normalized with respect to its largest
row-sum and used as coupling matrix C for all simulations
presented below.

Results

Below, we start by showing existence and uniqueness of
solutions to the model (20) (Theorem 1). Once this fundamental
result is established, we present simulations generated by the
model and analyze it with respect to empirical fMRI data.
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Existence and Uniqueness of Solutions to the Neural
Dynamics Model

The following result guarantees unique solvability of the model
(20).

Theorem 1. For pe R and 6>0 let Xic ~N(w,0). Then the
system (20) has a unique t-continuous solution X,.

Proof. If we show boundedness and Lipschitz continuity of 4
and B on R*¥*2 then existence and uniqueness of a solution to
(20) follows from Theorem 5.2.1 in [22].

We start by proving that 4 and B are Lipschitz continuous.
Obviously B as a constant trivially satisfies a Lipschitz condition.
Since linear and trigonometric functions are differentiable (and
thus Lipschitz continuous), we only have to show that the
Michaelis-Menten kinetics equation (12) is Lipschitz continuous
with respect to dopamine. Thus, for x,yeR a straight-forward
calculation yields

amax‘x‘(Kmax + |y|) — 5maX‘y|(Kmax + |x|)
(max 4 [ *[)(max +[¥])
5mameax(|x| - |y|)
(Kmax + |x|)(Kmax + |y‘)

| Omax || o Omax| Y| _
|Kmax+|x| Kmax+|y‘

(28)

S
< = |x—yl,

Kmax

where we used the reverse triangle inequality and the fact that

(Kmax—}—|x|)71 <1/Kmax for all xeR. Hence, D Asinkh g Lipschitz
continuous in DAY and thus all component functions of 4 are
Lipschitz which makes the entire mapping 4 Lipschitz continuous
2N +2
on R .
Next, we show that A and B satisfy

|A(t,2)|+ |B|<y(1+|E]),  VEeR**2, (29)
where 7y is a positive constant and |-| denotes some vector norm on
R*V*2. Since all norms on a finite dimensional linear space are
equivalent, we prove (29) for the maximum norm [|,,. We start by
showing boundedness of all components of Al given by the right
hand side of (9) with LMC equations (18). First, note that all firing
rates (4) are bounded by Op* =1 and Q%% =1 respectively.
Furthermore, the rates of open ion channels defined by (3) and (14)
respectively are bounded by 1. Thus, the neural activation
function for potassium channels (14) satisfies

WIS (98] )+ o < PR 42l
i=1,...,N.

Weights connected to region i may be estimated by

N .
Zcij]V <

Jj=1

N
> ¢
=

where C' denotes the i-th row of the matrix C. Thus, let

T
§=(§1,.4.€N) be a vector in RY and consider the i-th

component A} of A" as given by the right hand side of (9) with

N
< @@XN;ICU|=|0\W (31)

LMC components (18). To simplify notation we introduce a vector

T
Ao =(aée, e ,aéve) eRY such that
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atMCLif i =1LMC,¢,
dl,=4q atMCr if i=LMCir, (32)
dee otherwise,

with alMCh given by (16) for he{f,r}. Hence, by (17), all
components aée of @ satisfy aéeSZaee. Thus we obtain the

following estimate for the first term of A4}

< [(Gca +2rNmpAdee|ClL,)|

N
‘ (gCa +'NMDA e, Z Cjj Q/V> (& —=Veame,
£

j
) fi +1Vca
(I€1+1Veal) (33)
< |(9ca +2rNmDAGee|Cl, )l
“max{|Veal, 1} (1+1¢)
1d1(1+|€i|),

A

where we used (31) and the fact that mk, <1. Note that all terms

subsumed in the constant o; >0 are independent of ¢ and &
Similarly, we establish

<

j=1

N
<gNam{\1a + Qe Z Cij Q,V) (‘fl —VNa)

(34)

‘gNa +aee|c|oc } max{\ VNa|’1}(1 + éi

)= (121,
Using (30) we further obtain

9x (& = ViOWgI< 19k (1Wg1+2lol) (1'1+1Vk])
19| (W] +2ll) max{| VKI.1} (1 +]']) (35)

=03 (1+1&).

IA

Finally, we establish

gL — V)| <|au|(|€]+VL]) <

, : (36)
gL max{| VL|,1}(1+[']) =:04 (14 &),
and due to 0, <1,
laiel’ Q| <latiel |L'] < laiel (1+L'T). (37)

for £=(¢', ... ,t™)T. Thus combining (33) - (37) yields

4
A (LELDN e <D oy(1+18) +laiel(1+161.),  (38)
i=1
where 4 € R%. Analogously to (37) we compute

|baeiéiQiV|S‘aei|(1+|éi|)s (39)
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and hence readily obtain

|A*(.EL D). <lacil(141€].,).- (40)

Finally, by (12) we have [DAY™N| <.y, and thus we get the
following estimate for (13) for any x € R

Oma |.X|
SN.h max
|,0QV || max|_ max» ( )

where we used Py <1 and Q% <1. Thus we obtain

|A3(t’§aé”}”)|oc S l + 5max~ (42)

Combining estimates (38), (40) and (42) for E:(f,C,X)T hence
yields

4
|A(t,E)|, < maX{Zcxj—Haie,|aei|,1+5max} @)

Jj=1

(1 + ‘E‘x) =: ?(1 + |E|oo)
This together with the definition (7) of B eventually gives

4B + 1Bl <P(1+18].) +1Bl,, < (7 +1Bl. ) (1 +1El,). (44)

which establishes (29) with y=9+|B|,, and concludes the proof.

Having established existence and uniqueness of solutions to the
model (20), we now present simulations corresponding to the
resting state and dopamine modulation and compare them to
empirical fMRI data.

Simulated Temporal Brain Dynamics

Using the coupling matrix described above, brain activity was
simulated corresponding to the resting state and task-induced
dopamine release. A list of all used parameters is provided in
Table 1, which were taken from literature and scaled appropriately
to reflect units used in this work or manually estimated based on
previously published values [21,17,31]. Physiological variations
across simulated brain regions were modeled by normally
distributing inhibitory-to-excitatory and non-specific-to-excitatory
synaptic coupling strengths using a fixed random number generator
seed across simulations. This introduced the possibility of regionally
desynchronized temporal dynamics in the model allowing simulated
neural nodes to evolve non-identically over time in the absence of
inter-regional coupling. Note that all simulations below were run
with the same initial conditions and parameter values, i.e., starting
values and parameters were identical for the resting state and
dopamine-modulated speech-related simulations.

In both resting-state and task simulations, complex spatio-
temporal patterns of activity emerged. Fig. 1B illustrates the
temporal dynamics of the left LMC with and without dopamine
modulation. The left panel shows the time-course of the left
LMC’s excitatory membrane potential overlayed with the

corresponding time-evolution of DAf. While V,L MEL shows similar
behavior during rest and task simulations in the absence of
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Figure 1. (A) Schematic overview of the whole-brain parcellations and (B) temporal evolution of LMC membrane potentials and
firing rates. (A) The whole brain was parcellated into 70 regions of interest, including 64 cortical and 6 subcortical areas. (B) The left panel shows the

time-course of excitatory membrane potentials V,LMCJ with (red) and without (blue) dopamine modulation overlayed with the corresponding time-

evolution of DAf (orange) during one dopamine release cycle. The right panel illustrates the evolution of QIL/MC’z with (red) and without (blue)

dopamine modulation for fifty simulated cycles (each 10.6 s). Boxes indicate mean firing rate values averaged across a cycle, errorbars show
corresponding standard deviations.
doi:10.1371/journal.pcbi.1003924.g001

dopamine, the time-course is being visibly altered as soon as ~ I(X,Y)
DAf release increases. Thus, increasing dopamine levels in the IX,Y)= ———, (45)
task simulation changed LMC membrane potentials noticeably, VHX)H(Y)
which in tumL;?ClShed the firing rates of LMG neurons. This where I(X,Y) denotes the raw mutual information between X
increase in Qp" " (he{f,r}) was distributed throughout the and Y. Hence, unlike the original formulation of the mutual
entire network, subsequently changing local neural dynamics of information I(X,Y), which is not bounded from above [[49],
other brain arcas. The right panel of Fig. 1B shows the time- Chap. 2], the NMI is normalized by the geometric mean of the
course of QI‘}MC’g for fifty simulated speech cycles. Note that the entropies H(X) and H(Y). Thus, I(X,Y) takes values between
propagation of firing rate changes acted as a neural feedback  zero (two signals are independent) and one (two signals mutually
loop on the SNc itself in that repeated dopamine release caused depend on each other), permitting unambiguous comparison of
different activity patterns than preceding cycles. In the task values across data sets.
simulation, the LMC exhibited on average slightly higher firing Pairwise interactions in the simulated BOLD signals with and
rates than during rest (rest: 0.3540.07, task: 0.36+0.06, without dopamine modulation were quantified by computing NMI
compare also Fig. 1B) in agreement with the initial modeling coefficients for each pair of ROI time-series. Analogously, NMI
assumption. To highlight that the proposed dopamine release matrices were computed for the group-averaged resting-state and
model indeed shaped the dynamics of the entire neural speech production BOLD data. This gave rise to four 70 x 70 NMI-
population, the following section discusses changes in the matrices (model rest, model speech, data rest, data speech)
correlative structure of simulated brain activity under dopamine (Fig. 2C,D). Visual inspection of the matrices revealed larger
modulation relative to the resting state. variability in the model’s correlative structure than in the
corresponding empirical data. This might be partly explained by
A Simulated Functional Connectome the fact that the empirical data were averaged across twenty subjects
The raw model output was converted to BOLD signals as in an attempt to minimize subject-specific effects. Averaging a
detailed above. Fig. 2 shows simulated and real BOLD signals for number of simulation runs would possibly decrease variability in the
a selection of speech-related ROIs (Fig. 2A,B). Simulated BOLD model; however, the aim of this study was to establish a qualitative
signals with and without dopamine modulation were compared to assessment of the presented dopamine release model with respect to
empirical resting-state and speech production fMRI data, respec- global effects seen in empirical data. In that respect, the proposed
tively, in order to assess the global effects of dopamine modulation model, incorporating a single dopaminergic link between the SNc
on the entire simulated neural population. To do so, we employed and laryngeal motor cortex, modulated neural activity of the whole
graph theory analysis to quantify variations in functional brain to an extent that differences were observed between the
connectivity between the resting state and speech production. structure of model’s functional connectivity during dopamine
Thus, we first had to quantify statistical similarity between two release and the resting state. In addition, the model’s prediction of
time-series. We chose the normalized mutual information (NMI) empirical functional connectivity during speech production was in
[47] as statistical metric. Hence, for two random variables X and good alignment with the data.
Y, let H(X) and H(Y) denote their respective Shannon entropies In the following, we discuss simulated and empirical functional
[48] and define connectivity using the framework of graph theory. Interpreting

PLOS Computational Biology | www.ploscompbiol.org 8 November 2014 | Volume 10 | Issue 11 | e1003924



functional connectivity matrices as graphs allowed us to not only
reveal the functional topology and connectivity architecture of
data and model but to also rigorously quantify the observed
differences using well-established network metrics (see Supporting
Information). By interpreting the 70 ROIs as nodes v; of a
network with the associated NMI-coefficients representing the
weights of the graph’s edges, we constructed four weighted
undirected graphs. Note that with the NMI being always non-
negative (contrary to the classical zero-lag Pearson correlation
coefficient) a graph-theoretical analysis of NMI networks is
straight-forward. Without the need to either extend classical
metrics to negatively weighted graphs or consider negative and
positive edges separately, most graph measures can be readily
applied to NMI networks.

Graph Theoretical Analysis

The four weighted, undirected networks were analyzed
following the concepts of functional integration, segregation, and
influence [50]. As a measure of integration, we considered the
local efficiency e; of a node v;, i=1,...,N, quantifying a node’s
local communication performance in terms of inverse shortest path
lengths within its neighborhood [51]. The degree of functional
segregation was estimated using the weighted local clustering
coeflicient ¢;, which was calculated as the average geometric mean
of edge weights in triangular motifs around v; [52]. Nodal
influence was approximated based on nodal strength s; and nodal
degree k;. A node’s strength is the sum of attached edge weights,
while its degree is defined as the number of connected edges.
Clustering coefficient and efficiency were also compared to
corresponding values of 100 conservatively-configured, null-model
random networks. Normalized -clustering coefficient ¢; and
efficiency €; were computed by dividing ¢; and e; by the respective
random network values. Statistical significance of differences in
network metrics between the resting state and task production was
determined using a paired two-sample permutation test at p <0.05
adjusted for family-wise errors (FWE) using the maximal statistic
Tmax [53]. All graph metrics were calculated based on the full
networks in their original density without applying any threshold-
ing strategy. Since density-reduction techniques may severely deter
network topology [54,55,56,57] and might thus dilute subtle
differences between simulated and empirical functional connec-
tivity patterns, the presented analysis is focused on the full un-
thresholded NMI networks as suggested by [58]. Graph metrics
were computed using a Python port (pypi.python.org/pypi/bctpy)
of the Brain Connectivity Toolbox for MATLAB [59].

Nodal influence. Figure 3 shows nodal strengths of the
networks. We found a significant increase in strength when
comparing resting state to task production in both data and model
(both p<le—4). While the simulated networks showed a higher
average strength than the data in the resting state (model:
43.84+1.36; data: 38.88+0.52), the difference was less pro-
nounced during task production (model: 57.12+0.89, data:
55.58+0.83). Examining the distribution of nodal strengths in
the data, we observed a marked right-shift of the distribution
during speech as compared to the resting state, clearly reflecting
overall elevated strength in the speech production network. This
right-shift was seen in the simulated networks too, although to a
lesser extent. The data showed a narrower strength distribution
than the model in the resting state, reflecting higher variability of
NMI coefficients for the simulated BOLD signal without
dopamine modulation (compare also the corresponding NMI
matrices shown in Fig. 2C,D). Nodal degrees of the networks did
not reveal any particular structure. All networks (model and data)
were maximally connected, i.c., all nodes had maximum degree
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N —1, which means all pairwise NMI coefficients were non-zero.
Note that, unlike Pearson’s correlation coefficient (PCC), the
mutual information does not only reflect linear correlation, but
also dependencies in higher moments [60]. While a zero PCC
only indicates that there is no linear relationship between the
observed quantities, two time-series have to be approximately
statistically independent for the NMI to be zero (compare, e.g.,
[61]). In other words, two signals have to show a stronger kind of
independence to yield an NMI coefficient of zero. Given that
fMRI-based functional networks are largely composed of high-
strength nodes, are fully-connected, and may be indistinguishable
from random networks if unthresholded [62], it was not
surprising to see overall positive NMI coefficients for the data.
It was also expected that simulated BOLD signals generated by a
system of coupled but structurally identical equations show large
NMI coefficients.

Network segregation. As mentioned above, the local
clustering coeflicient ¢; quantifies the average weight of connected
neighbors of the node v;. The networks considered here had
maximal connection density, i.e., each node was connected to all
other nodes in the graph. In this case, ¢; is not influenced by the
presence or absence of edges and is thus given by the geometric
mean of N—1 edge weights adjacent to v;. Hence, the local
clustering coeflicient is solely dependent on the nodal strength.
Thus, ¢; (Fig. 4A) exhibited qualitatively the same characteristics
as §; (compare to Fig. 3B). In both data and model, we observed a
significant increase in clustering during task production as
compared to rest (p<le—4) (data: rest: 0.56+0.01, speech:
0.814+0.01; model: rest: 0.63+0.01, speech: 0.83+0.01) Inter-
estingly, compared to the data, the model showed on average
higher values of ¢; in the resting-state simulation, while the
dopamine-modulated run exhibited very similar clustering char-
acteristics. To assess differences in network topologies in contrast
to random graphs, we compared ¢; to the corresponding random
network values and computed the normalized clustering coefficient
¢; (Fig. 4C). We found ¢; to be greater than one in the dopamine
modulated simulation and the empirical speech production
networks, while both data and model failed to show values larger
than one during rest (data: rest: 0.81+0.01, speech: 1.164+0.01;
model: rest: 0.91 +£0.02, speech: 1.1940.01). This indicated an
overall elevated segregation of simulated as well as empirical
speech production networks in relation to random networks.
Furthermore, for both simulated and empirical networks the
difference in values of ¢; between rest and task was found to be
significant (p <0.0001). Interestingly, with and without dopamine
modulation the model showed a very similar variability in both ¢;
and ¢; compared to the empirical networks. However, while the
data exhibited similar peak frequencies during rest and speech, a
decrease in the most prevalent values of both ¢; and ¢; was found
in the simulated networks (Fig. 4A,C). This was indicative of a
slightly lower variability of ¢; and ¢; in the dopamine modulated
simulation.

Network integration. We considered functional integration
of the NMI networks by evaluating values of local efficiency e;
(Fig. 4B). For fully connected networks, ¢;, similar to the clustering
coefficient, is completely determined by the nodal strength, since
the shortest path between two nodes is always given by their
connecting edge. Thus, e; showed similar characteristics as s;. We
saw a statistically significant increase during task production as
compared to the resting state (all p<le—4) with the model
showing on average higher values of e; (data: rest: 0.06 +0.001,
speech:  0.1740.005; model: rest: 0.08+0.005, speech:
0.1840.006). We normalized e; to analyze differences in network
integration compared to a set of comparable random graphs. We
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found significant differences in local efficiency between both data
and model during rest and speech (all p < 1e —4). However, similar
to the clustering coeflicient, simulated as well as empirical
networks showed on average a normalized efficiency smaller than
one during the resting state, while data and model exhibited values
larger than one during task production (data: rest: 0.5140.01,
speech: 1.50 +0.04; model: rest: 0.73 4+ 0.05, speech: 1.62 +0.05).
Simulated and empirical networks showed a significant (p <0.001)
increase in normalized efficiency when transitioning from rest to
task, which was indicative of larger nodal integration in the
networks.

Discussion

We presented an extension of a model of neural assemblies
proposed by Breakspear et al. [21] to simulate dopamine release in
the human brain during complex voluntary behaviors. In contrast
to other large-scale neural modeling techniques based on coupled
oscillator systems, our approach was grounded in neuroanatomy
and physiology and thus allowed us to design a dopamine release
model guided by biological considerations. We established unique
solvability of the proposed model and demonstrated a computa-
tionally efficient strategy to numerically approximate its solutions.

In the context of the model, we assumed the difference between
the resting state and speech production to be solely given by a
modulation of dopamine levels in the LMC via a direct input from
the SNc. Thus, the model was oblivious to task-related effects
caused by any neurotransmitter other than dopamine. Important-
ly, we observed pronounced differences between the resting state
and task production in simulations. This finding may be
interpreted as an indication of the profound physiological impact
of dopamine on brain dynamics.

It is remarkable that altered neural firing rates within the
bilateral LMC only were sufficient for the entire simulated neural
population to exhibit changes in its temporal dynamics. We
attribute these observed task differences to dopamine driving
neural dynamics via the coupling matrix C. Given real structural
connectivity data as input, the strength of the model lies in its
ability to reproduce observed properties of connectivity during a
dopamine-modulated activity with a biophysical prescription for
dopamine neurotransmission.

To quantify the impact of dopamine release on the entire neural
mass, we used functional connectivity and graph theory analysis
and interpreted the results as a stationary synopsis of the global
effects of dopamine modulation. The graph theoretical analysis of
the functional connectomes revealed a number of similarities
between the model and data. Due to the slightly higher variability
of NMI coeflicients, especially during the rest, (Fig. 2) nodal
strengths of the model without dopamine modulation showed
more fluctuations than corresponding values for the data.
Nonetheless, strength values of simulated and empirical networks
were in good agreement with the model exhibiting slightly larger
values. Clustering coefficients of both model and data also showed
qualitatively similar attributes, when comparing the resting state to
dopamine modulation. Thus, the model showed characteristics
comparable to those of the data with respect to functional
segregation and nodal influence.

Similarly, local efficiency showed good qualitative agreement
between simulated and empirical connectomes, thus the model
mimicked functional integration patterns seen in the experimental
data. However, both model and data failed to show increased
network segregation and integration compared to random graphs
during rest but showed consistently larger values than null model
networks during speech production (all é; and ¢; greater than one
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for i=1,...,N). This may support earlier findings indicative of
pronounced changes in network organization for speech control
[63,64]. It should be emphasized that normalized efficiency is
computed using the notion of shortest paths within a network. Due
to the absence of zero-weighted edges in the considered networks,
the shortest path between any two nodes in the graphs was given
by their connecting edge, effectively side-stepping the notion of
paths in a graph. A thresholding strategy to eliminate ‘weak’ edges
(i.e., edges corresponding to small NMI coefficients) may have
somewhat remedied this problem. It should be noted, however,
that interpreting efficiency values obtained from functional
networks that are based on statistical similarity between brain
areas is not an immediately evident approach. Indeed, since NMI
networks express not only direct but also all indirect couplings
between regions, a path-based metric, like efficiency, may yield
ambiguous results (see, e.g., [65,66]).

Nevertheless, decreasing connection densities in the networks
would also yield non-trivial nodal degree distributions, opening
another perspective on nodal influence within the networks.
However, weight-based thresholding must be performed with
considerable precautions so as to not deteriorate topological
properties of a network. Since this work was mainly concerned
with establishing a biologically-informed, large-scale model with
optional dopamine neuromodulation, no thresholding strategy was
applied to the constructed functional networks. A future study
focused exclusively on the graph-theoretical analysis of functional
networks should address this issue.

Limitations

A visual inspection of the simulated and empirical functional
connectomes (Fig. 2) revealed that the model tended to slightly
overestimate regional pairwise interaction during both resting state
and dopamine modulation. This finding was not surprising
considering the fact that the simulated BOLD signals were
generated by 140 structurally identical equations that only differed
in some parameter values. This is an apparent limitation of the
presented approach. However, one of the advantages of the
presented model is that the employed strategy enabled us to
perform large-scale simulations of brain activity based on
considerable neurobiological detail without becoming too complex
to be practically unfeasible.

Coupling between regions in the model was achieved via scaling
excitatory neural firing rates by entries of the coupling matrix C
(compare eqn. (9)). Thus, all modeled axonal connections were
excitatory, which is a simplification that ignores the effects of
feedforward inhibition. In particular, firing of connected areas
impacted a region’s membrane potential through excitatory
projections targeting local populations of NMDA and AMPA
receptors. In other words, inter-regional coupling was not modeled
as an explicit consequence of changes in neural voltages of
neighboring areas. Instead, the influence of other regions on the
local membrane potential was mediated by changes in neural
firing rates. In this context it should be noted that the proposed
model did not include an explicit representation of inter-regional
axonal conduction delays. To some extent, however, the employed
form of indirect coupling in the model may be interpreted as a
lumped representation of conduction time delays.

Future Directions

Having tested the model for its efficacy in reproducing essential
features of real data from healthy humans during speech
production, the next step should be an examination of clinical
relevance of the proposed neural population model. This may be
achieved by incorporating ‘lesions’ into a simulated network of
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interest to investigate the extent of inter-regional influences
coupled with dopaminergic transmission in a range of neurological
and psychiatric disorders, such as Parkinson’s disease, dystonia,
schizophrenia, etc.

Furthermore, the model’s use is not limited to human
applications [67] and may be applied equally well to animal
models of disease and normal behavior, taking into account
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Table 1. All parameters used in the model (including the neural and dopamine components) are provided according to their

notation used in the paper, with their description, their value, and their basic units.

Parameter Description Value Units

Tca Mean opening threshold of Ca channels —0.01 mV

dca Variance of of number of open Ca channels 0.15 mV

Gea Average conductance of Ca channels 1.1 mS/ms

Veca Nernst potential of Ca channels 1.0 mV

Tk Mean opening threshold of K channels 0.0 mV

oK Variance of number of open K channels 0.3 mV

2K Average conductance of K channels 20 mS/ms

Vk Nernst potential of K channels -0.7 mV

TNa Mean opening threshold of open Na channels 0.3 mV

ONa Variance of number of open Na channels 0.15 mvV

INa Average conductance of Na channels 6.7 mS/ms

VNa Nernst potential of Na channels 0.53 mV

149 Nernst potential of leak channels —0.5 mV

gL Average conductance of leaky ions 0.5 mS/ms

Vr Mean potential of firing excitatory neurons 0.54 mV

Zr Mean potential of firing inhibitory neurons 0.0 mV

Jdy Dispersion of potential of firing excitatory neurons 2.0 mV

oz Dispersion of potential of firing inhibitory neurons 0.7 mV

o Noise current amplitude 0.3 ms™"

ee Excitatory-to-excitatory strength 0.4 mS

i Excitatory-to-inhibitory strength 2.0 mS

Qi Inhibitory-to-excitatory strength ~N(=2,0.1) mS

ne Excitatory noise input strength ~N(2.5,0.9) mS

Uy Inhibitory noise input strength 0.4 mS

[7) Temperature scaling factor of K channels 0.7

T Relaxation time of K channels 1.0 ms

FNMDA NMDA-to-AMPA strength 0.25

Omax Maximum rate of dopamine re-uptake 0.004 mM/ms

o Michaelis—-Menten constant 0.125 mM

DAy Tonic dopamine level 0.05 mM

Tmin Minimum dopamine production rate 0.0005 mM/neural
firing

Fmax Maximum dopamine production rate 0.01 mM/neural
firing

a Dopamine antagonist strength 0.2 mM~!

Phi Maximum dopamine gain 50

Pio Minimum dopamine gain 1.0

op Maximum firing rate of exitatory neurons 1 kHz

e Maximum firing rate of inhibitory neurons 1 kHz

b Inhibitory noise current scaling factor 0.1

Abbreviations: mV = Millivolt, mS = Millisiemens, ms = Millisecond, mM = Millimole, kHz = Kilohertz.

doi:10.1371/journal.pcbi.1003924.t001

appropriate modifications for differences in animal and human
dopaminergic innervation [68].

Since most parameters used here were taken from literature,
some inferences about trajectories of isolated regions can be
formulated based on the exhaustive analytical treatment of the
original model [21]. In the original model, inter-regional coupling
is introduced using a scalar parameter C that acts on the spatially
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Figure 2. Simulated and empirical BOLD signal during (A) rest and (B) speech and NMI matrices of (C) data and (D) model in resting
state and during speech production. The colored lines show time courses of simulated BOLD signals during resting state (A) and for dopamine
modulation (B) for regions of the brain associated with speech production. Experimental BOLD time courses are shown in gray. The labels ‘left’ and
‘right’ indicate left and right hemispheres respectively. Pairwise interactions within the signals were quantified by computing NMI coefficients for
each pair of regional time-series corresponding to the simulated and real BOLD time-courses. This gave rise to four 70 x 70 NMI-matrices (pairwise
interactions of data (C) and model (D) in the resting state and during speech production). Because a normalized variant of the mutual information
was employed, all matrix entries were bounded by zero and one. The parcellated brain regions used for the construction of matrices are provided in
top (C) for both left and right hemispheres; the magnified inset shows the brain regions per hemisphere. Abbreviations: ACC/ICC/MCC/PCC =
anterior/isthmus/middle/posterior cingulate cortex, Cu/PCu = cuneus/precuneus, ETC = entorhinal cortex, FG = fusiform gyrus, FP = frontal pole,
IFGop/IFGor/IFGtr = pars opercularis/pars orbitalis/pars triangularis of the inferior frontal gyrus, IPC/SPC = inferior/superior parietal cortex, ITC/STC
= inferior/superior temporacl cortex, LG = lingual gyrus, LMC = laryngeal motor cortex, LOFC/MOFC = lateral/medial orbitofrontal cortex, MFG =
middle frontal gyrus, mFG = medial frontal gyrus, MTG = middle temporal gyrus, OC = occipital cortex, PCAC = pericalcerine cortex, PHip =
parahippocampal cortex, PreCG/PostCG = pre/postcentral gyrus, Put = putamen, SFG = superior frontal gyrus, SMG = supramarginal gyrus, SNc =
substantia nigra pars compacta, TP = temporal pole, TTC = transverse temporal cortex, Th = thalamus.

doi:10.1371/journal.pcbi.1003924.g002

averaged excitatory firing rates of all modeled nodes, i.e., long time scales. This may suggest that rapid temporal release of
C Z]N:I Q. The approach presented here uses not a scalar, C, dopamine, as evidenced by the spontancous dopamine release
N incorporated during each time-step in the model, may be involved

but a matrix, C={c¢;;};,_;, to introduce coupling and thus . . . .
’ { "/}’J =0 ping in slow plastic responses. Thus, it is tempting to speculate that a

expands the scaled mean field firing to be Ej:l ¢ijQ). This can future adaption of the proposed dopamine model might yield

be seen as a weighted average of firing rates. Thus, in the absence further insight into the learning and adaptation involved in
of dopamine and for a diagonal coupling matrix C the dynamic  voluntary behaviors, particularly given dopamine’s involvement in
behavior of an isolated node can be reduced to the cases discussed learning and motivational behavior in other tasks.
by Breakspear et al. [21]. However, for a general non-diagonal Finally, models simpler than the one considered in this paper
coupling matrix, the dynamics become increasingly more com- are capable of reproducing empirical functional connectivity. In
plex. Morcover, as our simulation results indicated, dopamine fact, a recent study showed that a stationary model of resting-sate
modulation also had a pronounced impact on the overall behavior functional connectivity explains functional connectivity better than
of the model. Thus, the extensions proposed here changed the more complex models [72]. In modeling empirical functional
dynamics of the original model in a non-trivial way. Thus, a connectivity as accurately as possible, the application of a
rigorous dynamical analysis of the presented model would require complexity reduction technique [73] to the introduced highly
a thorough study of the non-lincar relation between DA} and non-linear model should be considered in order to derive a set of
QI,“,MC’h (he{¢,r}) and an assessment of the influence of dopamine- considerably simpler equations of statistical moments. On the
related parameter choices on the temporal evolution of the LMC other hand, it has been shown [73] that functional connectivity is
nodes in terms of a full sensitivity analysis [69,70,71]. It was not essentially state-dependent and that local changes of activity in a
within the scope of this work to present such an exhaustive set of cortical areas (due to external inputs, attention, neuromo-
analytical treatment of the model. Nonetheless, this poses an dulation, or learning) change the dynamical state of the brain
interesting direction for future studies. network, thus modifying the correlations between the brain areas
Given the demonstrated differences in functional connectivity and introducing various levels of complexity. Along this line, while
across the entire experimental time in simulations of resting versus simpler models have a number of computational advantages (e.g.,
speech conditions, the question arises as to what extent dopamine reduced computational load, easier estimation of parameters,
altered function on small versus long time scales within the tasks. simpler relationship between structure and function), their ability
Our results indicate that dopamine may influence dynamics on to simulate complex temporal activity patterns at various cognitive
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Figure 3. (A) Empirical and simulated functional networks in the resting state and during speech production and (B) nodal strength
for experimental (left column) and simulated (right column) functional networks in resting state (gray) and during speech
production (red). (A) 3D visualizations of data- and model-based NMI networks (top and bottom rows, respectively) during rest (left column) and
speech production (right column). Edge colors represent NMI coefficient values and nodal color illustrates strength (normalized to the interval [0,1]).
(B) Nodal strength of data- and model-based NMI networks. The top row shows the nodal strength per node, the bottom row illustrates the
distribution of s-values. The 3D networks were visualized with the BrainNet Viewer (http://www.nitrc.org/projects/bnv/). Abbreviations: MFG =
middle frontal gyrus, Cu = cuneus, FP = frontal pole, FG = fusiform gyrus, IPC/SPC = inferior/superior parietal cortex, LMC = laryngeal motor
cortex, OC = occipital cortex, PreCG = precentral gyrus, IFGop/IFGor/IFGtr = pars opercularis/pars orbitalis/pars triangularis of the inferior frontal
gyrus, PostCG = postcentral gyrus, STC = superior temporal cortex, mFG = medial frontal gyrus, SFG = superior frontal gyrus, SMG =

supramarginal gyrus.
doi:10.1371/journal.pcbi.1003924.g003
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scales (and in the context of simulated dopamine modulation) may
be somewhat limited. This motivated the development of the
proposed complex model to better understand empirical data and
to make predictions about the different states of dopamine-
modulated brain activity during voluntary behavior. Future work
should be directed to a possible simplification of this model, while
assuring its ability to accurately reproduce the complex biological
patterns of voluntary behaviors.

Summary

We conclude that a regional model that includes dopamine
release, reuptake, and modulation of ion channels significantly
alters the behavior of an otherwise unmodulated, resting state
neural population model. This work thus combines a small-scale
basic cellular biology understanding of dopamine to alter
macroscopic behavior of neuronal systems with nontrivial
structural circuity, and presents meaningful global simulated
fMRI network behavior. Region-specific analysis warrants the
identification of specific effects of neuromodulation on task-based
networks for speech and other dopamine-modulated voluntary
behaviors.

References

1. Hodgkin AL, Huxley AF (1952) A quantitative description of membrane current

and its application to conduction and excitation in nerve. The Journal of

Physiology 117: 500-544.

2. McCulloch WS, Pitts W (1990) A logical calculus of the ideas immanent in
nervous activity. 1943. Bull Math Biol 52: 99-115; discussion 73-97.

3. Rall W (1964) Neuronal theory and modeling, Stanford University Press,
chapter Theoretical significance of dendritic trees for neuronal input-output
relations. pp. 73-97.

4. Wilson HR, Cowan JD (1972) Excitatory and inhibitory interactions in localized
populations of model neurons. Biophysical Journal 12: 1-24.

5. Banerjee A, Pillai AS, Horwitz B (2012) Using large-scale neural models to
interpret connectivity measures of cortico-cortical dynamics at millisecond
temporal resolution. Frontiers in Systems Neuroscience 5: 102.

6. Tagamets MA, Horwitz B (1998) Integrating clectrophysiological and anatom-
ical experimental data to create a large-scale model that simulates a delayed
match-to-sample human brain imaging study. Cerebral Cortex 8: 310-320.

7. Honey CJ, Sporns O, Cammoun L, Gigandet X, Thiran JP, et al. (2009)
Predicting human resting-state functional connectivity from structural connec-
tivity. Proceedings of the National Academy of Sciences 106: 2035-2040.

8. Husain FT, Tagamets MA, Fromm SJ, Braun AR, Horwitz B (2004) Relating
neuronal dynamics for auditory object processing to neuroimaging activity: a
computational modeling and an fMRI study. Neurolmage 21: 1701-1720.

9. Frank MJ, Loughry B, O’Reilly RC (2001) Interactions between frontal cortex
and basal ganglia in working memory: a computational model. Cognitive,
Affective, and Behavioral Neuroscience 1: 137-160.

10. Denéve S, Duhamel JR, Pouget A (2007) Optimal sensorimotor integration in
recurrent cortical networks: a neural implementation of Kalman filters. The
Journal of Neuroscience 27: 5744-5756.

11. Briley PM, Kitterick PT, Summerfield AQ (2013) Evidence for opponent process
analysis of sound source location in humans. Journal of the Association for
Research in Otolaryngology 14: 83-101.

12. Horwitz B, Hwang C, Alstott J (2013) Interpreting the effects of altered brain
anatomical connectivity on fMRI functional connectivity: a role for computa-
tional neural modeling. Frontiers in Human Neuroscience 7: 649.

13. Hasselmo ME, Wyble BP, Franson E (2003) Neuromodulation in mammalian
nervous systems. In: Arbib MA, editor, The Handbook of Brain Theory and
Neural Networks, The MIT Press.

14. Redgrave P, Rodriguez M, Smith Y, Rodriguez-Oroz MC, Lehericy S, et al.
(2010) Goal-directed and habitual control in the basal ganglia: implications for
Parkinson’s disease. Nat Rev Neurosci 11: 760-772.

15. Manzardo A, Parsons LH (2003) Dopaminergic involvement in arousal,
incentive-motivational learning, and cognition. In: Sidhu A, Laruelle M,
Vernier P, editors, Dopamine Receptors and Transporters: Function, Imaging,
and Clinical Implication, Marcel Dekker.

16. Gibson JR, Connors BW (2003) Neocortex: chemical and electrical synapses. In:
Arbib M\A, editor, The Handbook of Brain Theory and Neural Networks, The
MIT Press.

17. Chadderdon GL, Sporns O (2006) A large-scale neurocomputational model of

task-oriented behavior selection and working memory in prefrontal cortex.
Journal of Cognitive Neuroscience 18: 242-257.

18. Hickok G, Houde J, Rong F (2011) Sensorimotor integration in speech
processing: computational basis and neural organization. Neuron 69: 407-422.

PLOS Computational Biology | www.ploscompbiol.org

A Neural Population Model for Dopaminergic Neurotransmission

Supporting Information

Text S1 Hemodynamic model and network metrics.
Details regarding the hemodynamic model used to convert the raw
model output to BOLD signals as well as a short description of the
used network metrics and the construction of the random
networks.

(PDF)

Acknowledgments

We thank Barry Horwitz, PhD, and Franz Kappel, PhD, for helpful
discussions and constructive comments on an earlier version of the
manuscript. We thank Giovanni Battistella, PhD, for his assistance with the
processing of fiber tractography data.

Author Contributions

Conceived and designed the experiments: KS SF. Performed the
experiments: SF JCZ KS. Analyzed the data: SF JCZ KS. Contributed
reagents/materials/analysis tools: SF JCZ. Wrote the paper: SF JCZ KS.

19. Simonyan K, Horwitz B, Jarvis ED (2012) Dopamine regulation of human
speech and bird song: a critical review. Brain and Language 122: 142-150.

20. Simonyan K, Herscovitch P, Horwitz B (2013) Speech-induced striatal
dopamine release is left lateralized and coupled to functional striatal circuits
in healthy humans: A combined PET, fMRI and DTT study. Neurolmage 70:
21-32.

21. Breakspear M, Terry JR, Friston KR (2003) Modulation of excitatory synaptic
coupling facilitates synchronization and complex dynamics in a biophysical
model of neuronal dynamics. Network: Computation in Neural Systems 14:
703-732.

22. Oksendal B (2014) Stochastic Differential Equations: An Introduction with
Applications. Springer.

23. Simonyan K, Jiirgens U (2003) Efferent subcortical projections of the laryngeal
motorcortex in the rhesus monkey. Brain Research 974: 43-59.

24. Kuramoto Y (2003) Chemical Oscillations, Waves, and Turbulence (Dover
Books on Chemistry). Dover Publications.

25. Yeung MKS, Strogatz SH (1999) Time delay in the Kuramoto model of coupled
oscillators. Phyical Review Letters 82: 648-651.

26. Kloeden PE, Platen E (1992) Numerical Solution of Stochastic Differential
Equations (Stochastic Modelling and Applied Probability). Springer.

27. Drion G, Massotte L, Sepulchre R, Seutin V (2011) How modeling can reconcile
apparently discrepant experimental results: the case of pacemaking in
dopaminergic neurons. PLoS Computational Biology 7: ¢1002050.

28. Simonyan K, Jiirgens U (2005) Afferent subcortical connections into the motor
cortical larynx area in the rhesus monkey. Neuroscience 130: 119-131.

29. Simonyan K (2014) The laryngeal motor cortex: its organization and
connectivity. Curr Opin Neurobiol 28C: 15-21.

30. Neve KA, Seamans JK, Trantham-Davidson H (2004) Dopamine receptor
signaling. J Recept Signal Transduct Res 24: 165-205.

31. Montague PR, McClure SM, Baldwin PR, Phillips PEM, Budygin EA, et al.
(2004) Dynamic gain control of dopamine delivery in freely moving animals.
J Neurosci 24: 1754-1759.

32. Laruelle M (2000) Imaging synaptic neurotransmission with in vivo binding
competition techniques: a critical review. Journal of Cerebral Blood Flow &
Metabolism 20: 423-451.

33. Milstein GN (1974) Approximate integration of stochastic differential equations.
Theory of Probability and Its Applications 19: 557-562.

34. Grace AA (1991) Phasic versus tonic dopamine release and the modulation of
dopamine system responsivity: a hypothesis for the etiology of schizophrenia.
Neuroscience 41: 1-24.

35. Rebec GV, Christensen JR, Guerra C, Bardo MT (1997) Regional and temporal
differences in real-time dopamine efflux in the nucleus accumbens during free-
choice novelty. Brain Res 776: 61-67.

36. Robinson DL, Phillips PE, Budygin EA, Trafton BJ, Garris PA, et al. (2001) Sub-
second changes in accumbal dopamine during sexual behavior in male rats.
Neuroreport 12: 2549-2552.

37. van Rossum G, Drake FL, editors (2014) Python Reference Manual. http://
docs.python.org/ref/refhtml: Python Software Foundation.

38. Jones E, Oliphant T, Peterson P, et al. (2001-). SciPy: Open source scientific
tools for Python. http://www.scipy.org/.

39. Hunter JD (2007) Matplotlib: A 2D graphics environment. Computing In
Science & Engineering 9: 90-95.

November 2014 | Volume 10 | Issue 11 | e1003924


http://docs.python.org/ref/ref.html
http://docs.python.org/ref/ref.html
http://www.scipy.org/

40.

41.

42,

43.

44.

46.

47.

48.

56.

57.

Behnel S, Bradshaw R, Citro C, Dalcin L, Seljebotn DS, et al. (2011) Cython:
the best of both worlds. Computing in Science Engineering 13: 31-39.

Jox RW (1996) Afni: software for analysis and visualization of functional
magnetic resonance neuroimages. Comput Biomed Res 29: 162-173.
Jo HJ, Saad ZS, Simmons WK, Milbury LA, Cox RW (2010) Mapping sources
of correlation in resting state fmri, with artifact detection and removal.
Neuroimage 52: 571-582.

Glover GH, Li TQ, Ress D (2000) Image-based method for retrospective
correction of physiological motion effects in fimri: Retroicor. Magn Reson Med
44: 162-167.

Hagmann P, Cammoun L, Gigandet X, Meuli R, Honey CJ, et al. (2008)
Mapping the structural core of human cerebral cortex. PLoS Biol 6: ¢159.

. Desikan RS, Ségonne F, Fischl B, Quinn BT, Dickerson BC, et al. (2006) An

automated labeling system for subdividing the human cerebral cortex on MRI
scans into gyral based regions of interest. Neuroimage 31: 968-980.

Taylor PA, Saad ZS (2013) Fatcat: (an efficient) functional and tractographic
connectivity analysis toolbox. Brain Connect 3: 523-535.

Strehl A, Ghosh J (2003) Cluster ensembles — a knowledge reuse framework for
combining multiple partitions. ] Mach Learn Res 3: 583-617.

Shannon CE (1948) A mathematical theory of communication. Bell system
technical journal 27: 379-423.

. Cover TM, Thomas JA (1991) Elements of Information Theory. Wiley-

Interscience.

Sporns O (2011) Networks of the Brain. MIT Press.

. Latora V, Marchiori M (2001) Efficient behavior of small-world networks.

Physical Review Letters 87: 198701.

. Onnela JP, Saramiki J, Kertész J, Kaski K (2005) Intensity and coherence of

motifs in weighted complex networks. Physiscal Review E 71.

. Nichols TE, Holmes AP (2002) Nonparametric permutation tests for functional

neuroimaging: a primer with examples. Hum Brain Mapp 15: 1-25.

. van Wijk BCM, Stam CJ, Daffertshofer A (2010) Comparing brain networks of

different size and connectivity density using graph theory. PLoS One 5: e13701.

. Daianu M, Dennis EL, Jahanshad N, Nir TM, Toga AW, et al. (2013)

Computational Diffusion MRI and Brain Connectivity, Springer, chapter
Disrupted Brain Connectivity in Alzheimer’s Disease: Effects of Network
Thresholding. Mathematics and Visualization. pp. 199-208.

Guzzi PH, Veltri P, Cannataro M (2014) New Frontiers in Mining Complex
Patterns, Springer, chapter Thresholding of Semantic Similarity Networks Using
a Spectral Graph-Based Technique. Lecture Notes in Computer Science. pp.
201-213.

Stam CJ, Reijneveld JC (2007) Graph theoretical analysis of complex networks
in the brain. Non-linear Biomed Phys 1: 3.

PLOS Computational Biology | www.ploscompbiol.org

15

58.

60.

61.

62.

63.

64.

66.

67.

68.

69.

70.

71.

72.

73.

A Neural Population Model for Dopaminergic Neurotransmission

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

. Rubinov M, Sporns O (2010) Complex network measures of brain connectivity:

uses and interpretations. Neurolmage 52: 1059-1069.

Brillinger DR (2002) Second-order moments and mutual information in the
analysis of time series. In: Chaubey Y, editor, Recent Advances in Statistical
Methods. Imperial College Press, London, pp. 64-76.

Steuer R, Kurths J, Daub CO, Weise J, Selbig J (2002) The mutual information:
Detecting and evaluating dependencies between variables. Bioinformatics 18:
5231-5240.

Bassett DS, Bullmore E, Verchinski BA, Mattay VS, Weinberger DR, et al.
(2008) Hierarchical organization of human cortical networks in health and
schizophrenia. The Journal of Neuroscience 28: 9239-9248.

Sheppard JP, Wang JP, Wong PCM (2011) Large-scale cortical functional
organization and speech perception across the lifespan. PLoS One 6: ¢16510.
Firtinger S, Horwitz B, Simonyan K (2014) The functional connectome of
speech production. In: OHBM Annual Meeting.

. Muskulus M, Houweling S, Verduyn-Lunel S, Daffertshofer A (2009) Functional

similarities and distance properties. The Journal of Neuroscience Methods 183:
31-41.

Jirsa VK, Sporns O, Breakspear M, Deco G, McIntosh AR (2010) Towards the
virtual brain: network modeling of the intact and the damaged brain. Archives
Italiennes de Biologie 148: 189-205.

Honey CJ, Kétter R, Breakspear M, Sporns O (2007) Network structure of
cerebral cortex shapes functional connectivity on multiple time scales. Proc Natl
Acad Sci U S A 104: 10240-10245.

Smith Y, Wichmann T, DeLong MR (2014) Corticostriatal and mesocortical
dopamine systems: do species differences matter? Nature Reviews Neuroscience
15: 63.

Thomaseth K, Cobelli C (1999) Generalized sensitivity functions in physiological
system identification. Ann Biomed Eng 27: 607-616.

Banks HT, Dedlu S, Ernstberger SL (2007) Sensitivity functions and their uses in
inverse problems. Journal of Inverse and Ill-posed Problems 15: 638-708.
Kappel F, Batzel J (2006) Sensitivity analysis of a model of the cardiovascular
system. In: Proceedings of the 28th IEEE EMBS Annual International
Conference.

Messé A, Rudrauf D, Benali H, Marrelec G (2014) Relating structure and
function in the human brain: relative contributions of anatomy, stationary
dynamics, and non-stationarities. PLoS Comput Biol 10: ¢1003530.

Deco G, Ponce-Alvarez A, Mantini D, Romani GL, Hagmann P, et al. (2013)
Resting-state functional connectivity emerges from structurally and dynamically
shaped slow linear fluctuations. J Neurosci 33: 11239-11252.

November 2014 | Volume 10 | Issue 11 | e1003924



