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Background. Several studies have shown that post-stroke patients develop divergent activity in the sensor-
imotor areas of the affected hemisphere of the brain compared to healthy people during motor tasks. Proper
mathematical models will help us understand this activity and clarify the associated underlying mechanisms.

New Method. This research describes an anatomically based brain computer model in post-stroke patients.
We simulate an ischemic region for arm motion using the bidomain approach. Two scenarios are considered: a
healthy subject and a post-stroke patient with motion impairment. Next, we limit the volume of propagation
considering only the sensorimotor area of the brain.

Comparison with existing methods. In comparison to existing methods, we combine the use of the bido-
main for modeling the propagation of the electrical activity across the brain volume with functional information
to limit the volume of propagation and the position of the expected stimuli, given a specific task. Whereas just
using the bidomain without limiting the functional volume, propagates the electrical activity into non-expected
areas.

Results. To validate the simulation, we compare the activity with patient measurements using functional
near-infrared spectroscopy during arm motion (n=5) against controls (n=3). The results are consistent with
empirical measurements and previous research and show that there is a disparity between position and number
of spikes in post-stroke patients in contrast to healthy subjects.

Conclusions. These results hold promise in improving the understanding of brain deterioration in stroke
patients and the re-arrangement of brain networks. Furthermore, shows the use of functionality based brain

modeling.

1. Introduction

According to the World Health Organization (WHO), stroke is the
second leading cause of death and the third leading cause of disability
worldwide (Organization et al., 2000-2012). Stroke may lead to motion
impairment in adults, such as post-stroke hemiplegia or hemiparesis
caused by the effects of focal lesions in the brain Rathore et al. (2001).
When a stroke occurs, a portion of the brain could be affected and
impair motor functions, generally within one hemisphere Bonita and
Beaglehole (1988). Most stroke survivors present motion impairment in
their arms and there is high variability in the recovery process. Hence,
neuromuscular modeling and simulation have vast potential to improve
patient care by helping to elucidate the cause-effect relationships in
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subjects with neurological and musculo-skeletal impairments and es-
tablish effective rehabilitation treatments Cramer (2008).

The early mathematical models of the brain, modeled the spatio-
temporal dynamics of the brain's electrical activity, simulating sources
as dipoles following Poisson's equation He et al. (2002), He (2010).
More recent models, focus on the relationship between the neuron in-
teractions governed by ion currents and stimuli at a microscopic scale
and the brain as a whole at a macroscopic scale considering reaction-
diffusion systems Somogyvari and Erdi (2019). One of these models, is
the one described in the Virtual Brain.

The Virtual Brain is a complex network characterized by functional
structural connections, and it is able to simulate the brain's activity at
different scales Sanz Leon et al. (2013). For example, one previous
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Fig. 1. Lateral and superior views of the brain mesh showing the fiber direc-
tions.

study Falcon et al. (2015) used the Virtual Brain to simulate brain ac-
tivity in stroke patients to determine potential therapeutic interven-
tions. The model in the Virtual Brain depends on structural connections,
but after brain damage, there may be altered conductivity of the is-
chemic region Abboud et al. (1995), changing the connections. Thus, as
an alternative, we propose using the bidomain model to simulate
electrical activity in the brain.

The bidomain model assumes that the electrical activity in excitable
tissue is generated by the depolarization of the cell membrane between
the intracellular and extracellular domains, where both domains share
the same space Sundnes et al. (2007), Henriquez (1993). The bidomain
approach was developed to describe electrical activity in cardiac tissue;
but since then, it has been adapted to other systems like the brain
Szmurlo et al. (2006, 2007), Yin et al. (2013), Rincon and Shimoda
(2016) and skeletal muscles Pascual-Marqui (1999), Weinstein et al.
(1999) and Rincon et al. (2016). This model has the advantage of
combining the overall electrical activity in an organ and microscopic
nonlinear cell model ion interactions like the current-voltage dynamics
given by cell models, such as the Fitzhugh-Nagumo Izhikevich and
FitzHugh (2006) and Hodgkin-Huxley Noble (1962) models. In con-
trast, with the connections representation in other models, the activity
diffusion is given by fiber directions. Each point in the mesh solves a
node-wise cell model; hence, through a diffusion tensor calculates the
overall electrical activity in a two-variable system of partial differential
equations (PDEs). In addition, the simplified version of the bidomain
model, the monodomain model Potse et al. (2006), reduces the system
from a two-variable PDE system to one Sundnes et al. (2006). This
simplification, allows us to use the finite element method (FEM) to
require less CPU-power to simulate a volume section of the brain
Dumont et al. (2019), and the effect of a ischemic region.

Human motion, whether voluntary or involuntary, is developed by
spatial and temporal patterns of muscle contractions, controlled by
neural circuits in the brain and spinal cord. Upper motor neurons in the
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Fig. 2. Dorsal and right view of the left hand motion in the LinkRBrain data-
base.

primary motor cortex control voluntary motion Rizzolatti and Luppino
(2001). E.g., in arm motion, the corresponding area of the contra-lateral
hemisphere generates electrical signals to execute movement. Then,
these signals propagate into the brain stem and spinal cord. Next, these
signals descend through the corticospinal tract in the motor pathways
until reaching the corresponding lower motor unit Purves et al. (2008).
In post-stroke patients, the upper motor neurons in the primary motor
cortex activation is changed, often preventing patients from moving
their limbs Shao et al. (2009).

This study develops the process of simulating motion impairment in
post-stroke patients by modeling a brain injury. We simulated a brain
ischemic region by modifying the electrical conductivity of some mesh
elements, similar to what is reported in Abboud et al. Abboud et al.
(1995), but keeping the fiber directions organization.

For validation, we compare the global simulated activity in the
brain between 5 post-stroke patients and 3 healthy subjects executing a
motor task and measuring the brain activity using functional near-in-
frared spectroscopy (fNIRS). fNIRS is a specialized research imaging
technique that uses near-infrared light to measure changes in the he-
modynamic characteristics of the brain and allows to register con-
centration changes in deoxy-hemoglobin, oxy-hemoglobin, and total
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Fig. 3. Back and right view of the stimuli and the lesion in the brain. The
maroon volume represents the stimuli, and the green volume the ischemic
section.
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Fig. 6. Isovalues comparison between the calculated solution (top) and the
analytic solution (bottom) for the numerical example at t;qx.

Fig. 4. Dorsal and right view of 3D generated mesh to simulate the brain
function in the sensorimotor cortex.
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Fig. 7. Propagation of the electrical activity at 0 ms, 50 ms, 100 ms, and 150 ms in the brain of a post-stroke patient (left) and healthy subject (right).
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Fig. 11. Task 1, move both arms.

Fig. 12. Task 2, move both arms with assistance for the affected arm.

hemoglobin (HbT) Huppert et al. (2006). For our analysis, we used the
HDT signal, as it is considered to be proportional to cerebral blood
volume and brain activation Krieger et al. (2012) and Jasdzewski et al.
(2003).
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2. Methods
2.1. Bidomain Formulation for Electrical Activity Propagation

The bidomain model is described by the following equations Tung
(1978):

V-(M;Vv) + V-(M;Vu,)= (@]

MQ%+mmw+%x
V-(MYV) = —V-((M; + MoVa), @

where v is the transmembrane potential, u, is the extracellular poten-
tial, M; is the intracellular conductivity tensor, and M, is the extra-
cellular conductivity tensor. M; is a 3x3 size diagonal matrix with di-
agonal values o0y, 0, and o,,. C,, is the transmembrane capacitance, f is
the membrane surface-to-volume ratio, I, is the total ionic current, I,
is the external applied current source, and w represents the ionic model
variables. For our simulations, we use the Fenton-Karma model with
three variables Fenton and Karma (1998). If we assume a linear re-
lationship between the intra and extra-cellular conductivity tensors
such as M, = AM;, where A is a constant scalar, we can reduce the
bidomain model to the monodomain:

VM) = BC S + Tin W) + L) ®
with the boundary condition:
(M;Vv)n = 0; @
and the following equation to get the extra-cellular potential:
V-(M;Vv) = =V-(Q + )M;Vu,). 5)
We then scale the equations with:

_ M

C B’ )

in order to simplify the notation.

2.2. Modeling the Brain and Stimuli

The bidomain and monodomain models depend on the fiber direc-
tions for approximating the propagation of electrical activity. To create
the fiber directions in the brain, we consider the white matter and draw
its fiber directions tangent to the surface by taking into account its
anisotropy (the gray matter anisotropy is negligible, Hallez et al.
(2007)); see the fiber directions in Fig. 1.

The execution of voluntary movements begins in the motor cortex,
which is the outermost layer. Hence, we focus our stimuli there, which
is analogous to I, in Eq. (3). The position of the stimuli comes from the
selection of the points given by hand motion and execution of motion in
the LinkRBrain database (Fig. 2). LinkRBrain contains the information
of thousands of peaks and coordinates from blood-oxygen-level de-
pendent signals, obtained by functional magnetic resonance imaging,
extracted from several published neuroimaging studies Mesmoudi et al.
(2015). The stimuli is shown as the central point of the maroon volume
shown in Fig. 3.

2.3. Simulating Functional Section

The bidomain and monodomain models are useful in tissue cells
analysis via gap junctions, considering them as a syncytium. A classical
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Fig. 13. Task 3, move both arms self-assisted.

example of this is the heart Sundnes et al. (2007). In contrast, in the
brain neural signals propagate from one part of the brain to another,
through discrete axons while neighboring axons and neurons remain at
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rest. In the case of motor movement, only a fraction of the brain is
activated in comparison to the whole volume. Thus, to improve the
simulation, we reduce the simulated volume to the sensorimotor cortex
Jack et al. (1994), and to the left hand movement using LinkRbran
Mesmoudi et al. (2015) (Fig. 4).

2.4. Ischemic Region

Ischemic tissue has very low conductivity Clay and Ferree (2002).
Therefore, to model a focal stroke lesion, we modify the properties in
certain elements from the brain mesh. In practice, we reduce the con-
ductivity tensor values at several elements in the mesh as shown in
Fig. 3, where the green volume represents the ischemic region. A si-
milar approach is used in Swanson et al. to simulate a glioma Swanson
et al. (2002).
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Fig. 14. Measurements of post-stroke patients for the different tasks. Column 1; assisted arm movement (AA). Column 2; movement of both arms (BA). Column 3;

self-assisted movement of the arm (SA).
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Fig. 15. Comparison between the measurements in the control subject (top) and the post-stroke patients for the different tasks. Column 1; assisted movement column

2; movement of both arms and column 3; self-assisted movement of the arm.
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Fig. 16. Top and back view of the overall simulated activity for a healthy
subject in the functional brain mesh.

3. Analysis
3.1. Numerical Example

To test our setup, we reduce the brain system considering I;,, and

Ipp as the source function f(x, t) with 0; = 0, = 0, = 1 and ai =P
Thus, reducing the system to:

W _ o V(MiVvg) = f(x, ) x€B

3t Pp iVvp) = s s )
vp=g(x,t) x€IB, ®
6vB

— =h(x,t € 0B,

on D xe b ©

where g(x, t) and h(x, t) are the Dirichlet and Neumann boundary
conditions; this is equivalent to the heat equation with a source. To test
our system we use two spheres with a mesh of 17056 elements (Fig. 5).

We divide the boundary, being the inner sphere 0B, Dirichlet con-
ditions and the outer sphere 0B, Neumann conditions. The analytical
solution is:

—(cy+2)?
e 4t

vee ) = — = (10)

for ty < t < tnax. The error is given by the norm Ilvll, between the
analytical solution and the calculated values at t;,qy-

We run the system from ty = 1 to tyq = 2.5 with At = 0.01. The
comparison of the calculated and the analytical isovalues solution at
tmax is shown in Fig. 6 for an error at t,q,. of 0.00536.
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Fig. 17. Top and back view of the overall simulated activity for a patient with a
ischemic region in the functional brain mesh.

3.2. Non-Functional Brain Simulation Comparison

Given the same parameters, stimuli, and fiber directions (Fig. 1), we
simulate the electrical activity in the brain for the healthy subject and
post-stroke patient with a focal lesion. In this case we consider the
whole brain volume as a syncytium, and as expected the electrical ac-
tivity propagates to functional areas, beyond what we expected; see
Fig. 7.

3.3. Functional Brain Simulation

To make a more realistic approach to the brain's electrical propa-
gation, we reduce the volume propagation to a functional volume,
based in biological behaviour. Thus, we simulate the electrical activity,
but we limit the volume of propagation as explained in section 2.3, to
only the sensorimotor cortex; see Figs. 8 and 9 .

3.4. Comparison with Measurements

In order to verify the above simulations, we measured 5 post-stroke
patients brain activity and 3 healthy controls with fNIRS. The re-
presentative position of the fNIRS leads is shown in Fig. 10.

The patients were asked to perform 3 tasks movements: First, to
raise both arms (BA) Fig. 11. Next, to raise both arms with therapist
assistance for the affected arm (AA) Fig. 12. Finally, to raise both arms
using self-assisted arm movement, where the subject raises the affected
arm with the non-affected arm (SA) Fig. 13. The control subject per-
formed the movement with the dominant arm. The protocol consisted
of 20 sec. rest plus 20 sec. for the task with 10 repetitions each.

Next, we compared the sum of the activity of the HbT signal for the
different tasks in the patients Fig. 14, and controls Fig. 15. Finally, we
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0 391 78.3 17 157 196 235 274

Fig. 18. Projection of the calculated electrical activity into the whole brain
volume of the healthy subject (top) and patient (bottom).

compared the measured activity with the overall activity in our simu-
lations (Figs. 16 and 17 ). In addition, we compared the projected
electrical activity into the whole brain volume in Fig. 18.

To compare the simulated and measured activity in the Fig. 14-17,
we remove the signals offset and consider the number of peaks in each
hemisphere for patients (Table 1 ) and controls (Table 2). For our si-
mulation, we simulate only in one hemisphere Fig. 18. The simulated
healthy brain presents 1 peak, and the ischemic simulation 2 peaks.

4. Discussion

The correlation between the measured hemodynamic response and
simulated membrane voltage is given by a spatial map that correlates
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Table 1
Number of peaks in each hemisphere for the patients.
pl p2 p3 p4 p5
AA Left H. 3 2 1 0 1
AA Right H. 1 0 1 2 1
BA Left H. 2 1 1 1 1
BA Right H. 1 1 2 3 2
SA Left H. 2 2 1 0 1
SA Right H. 0 0 1 2 2
Table 2
Number of peaks in each hemisphere for the controls.
hl h2 h3
AA Left H. 1 1 1
AA Right H. 1 1 1
BA Left H. 1 1 1
BA Right H. 1 1 1
SA Left H. 1 1 1
SA Right H. 1 1 1
Y
0 00775  0.155 0232 03t 0.387 0485 0542 062 0897 0775 \Z_X
Y
0 013 0.263 0394 05% 0857 0789 082 105 118 131 \Z_x

Fig. 19. Measured fNIRS signal for right arm (top), and left arm (bottom) from
Buccino et al. datasetBuccino et al. (2016).

the excitatory membrane activity and the HbT signal, such as the one
presented by Ma et al. (2009), which relates the balloon model of the
hemodynamic response and the electrophysiological model. As ex-
pected, there is a divergence in post-stroke patient simulation and

10
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measurements with controls.

The simulated results are consistent with measurements from the
literature and extensive studies. For example, Mihara and Miyai (2016)
noted that patients with a post-stroke condition and chronic degen-
erative ataxia showed higher prefrontal activation in a steady gait
study. A similar association was observed by Takeda et al. (2014), who
found patients with moderate hemiparesis present increased activation
during affected-hand grasping or higher intra-hemispheric activity in
the brain Baldassarre et al. (2016).

From the visual inspection of Figs. 14-17, it is clear that the activity
is concentrated for the control subject, whereas the activity expands for
post-stroke patients. This is consistent with the findings of Falcon et al.
(2015), who identified re-arrangement in the brain networks after a
stroke. As a comparison, the HbT signal is consistent with the mea-
surements from the dataset of Buccino et al. (2016), where a healthy
subject is asked to move right and left arms and is measured with a 34
channels fNIRS; see Fig. 19 . Figs. 16-18 show there is one source for
the simulated healthy subject, whereas there are two for the simulated
post-stroke ones. This relationship is similar to the results between the
control and the patients in Figs. 14, 15. A numerical explanation ob-
tained from simulations is that the energy builds up around the focal
lesion, which in turn makes close elements to depolarize in different
directions. Therefore, generating more peaks in total, even if the only
change between the two systems is the conductivity decrease in some
mesh elements.

This relationship is more clear when comparing the number of peaks
between control 1 and patient 2 Fig. 20, with the simulation Fig. 21. In
both cases an extra peak appears.

5. Conclusion

In this research we propose a computational model to simulate the
effects of focal brain lesions in post-stroke patients for hand motion. As
mentioned before, this is an abstraction of the inner-workings of the
brain, given we do not consider the subnetworks in the brain that are
involved in motion and as a result, it is a reduced system that allows us
to perform the simulation.

This method uses a numerical simulation with FEM in an open loop
control model, which simulates the brain activity with and without a
focal lesion. The simulations and comparisons with real measured data
show that this model could be a suitable approach to modeling human
motion and blockages in the brain originated from strokes or chronic
diseases. In addition, it is a step forward to build a complex electro-
physiological simulator in order to state functions of brain activity and
thus, develop new therapies.

Implementation

Several applications were created in the C# programming language.
The mesh used in all the brain examples consisted of 6534 nodes.
Visualization of results was implemented with the Gmsh format
Geuzaine and Remacle (2009). Table 3 contains the model values. In
addition, for the I;,, we used the Fitz Hugh Nagumo cell model with
rates and constants from the cell ML repository Lloyd et al. (2008).
Code available at https://github.com/steppenwolf0/brainSim.
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Patient

Extra Peak Peak 1

Peak 2

Fig. 20. Number of peaks measured comparison between control and patients.

Patient

Control

Fig. 21. Number of peaks simulated comparison between control and patients
in one hemisphere.

Table 3
Variables values for the simulations.
Cm 1.0 uF/cm
0 3.0 mS/cm
LA 0.10 mS/cm
[ 0.031525 mS/cm
B 150 cm ™!
Acknowledgments

This work was conducted as part of a collaboration between the
RIKEN Brain Research Institute and Toyota Motor Company. All studies
on patients and volunteers were approved by the ethics committee and
with informed consent.

References

W. H. Organization, et al. Global health estimates: deaths by cause, age, sex and country,
2000-2012, Geneva, WHO 9.

Rathore, S.S., Rosamond, W.D., Cooper, L.S., Chambless, L.E., Tyroler, H.A., Hinn, A.R.,
2001. Characterization of stroke signs and symptoms: Findings from the

atherosclerosis risk in communities study.

Bonita, R., Beaglehole, R., 1988. Recovery of motor function after stroke. Stroke 19 (12),
1497-1500.

Cramer, S.C., 2008. Repairing the human brain after stroke: I. mechanisms of spontaneous
recovery. Annals of neurology 63 (3), 272-287.

He, B., Yao, D, Lian, J., Wu, D., 2002. An equivalent current source model and laplacian
weighted minimum norm current estimates of brain electrical activity. IEEE trans-
actions on biomedical engineering 49 (4), 277-288.

He, B., 2010. Modeling & Imaging of Bioelectrical Activity: Principles and Applications.
Springer Science & Business Media.

Z. Somogyvari, P. Erdi, Forward and backward modelling: From single cells to neural
population and back.

Sanz Leon, P., Knock, S.A., Woodman, M.M., Domide, L., Mersmann, J., McIntosh, A.R.,
Jirsa, V., 2013. The virtual brain: a simulator of primate brain network dynamics.
Frontiers in neuroinformatics 7, 10.

Falcon, M.L, Riley, J.D., Jirsa, V., McIntosh, A.R., Shereen, A.D., Chen, E.E., Solodkin, A.,
2015. The virtual brain: modeling biological correlates of recovery after chronic
stroke. Frontiers in neurology 6, 228.

Abboud, S., Bar, L., Rosenfeld, M., Ring, H., Glass, L., 1995. Left-right asymmetry of visual
evoked potentials in brain-damaged patients: A mathematical model and experi-
mental results. Annals of biomedical engineering 24 (1), 75-86.

Sundnes, J., Lines, G.T., Cai, X., Nielsen, B.F., Mardal, K.-A., Tveito, A., 2007. Computing
the electrical activity in the heart 1 Springer Science & Business Media.

Henriquez, C.S., 1993. Simulating the electrical behavior of cardiac tissue using the bi-
domain model. Critical reviews in biomedical engineering 21 (1), 1-77.

Szmurlo, R., Starzynski, J., Sawicki, B., Wincenciak, S., Cichocki, A., 2006. Bidomain
formulation for modeling brain activity propagation. Electromagnetic Field
Computation, 2006 12th Biennial IEEE Conference on. IEEE, pp. 348.

Yin, S., Dokos, S., Lovell, N., 2013. Bidomain modeling of neural tissue. Neural
Engineering. Springer, pp. 389-404.

Szmurlo, R., Starzynski, J., Sawicki, B., Wincenciak, S., 2007. Multiscale finite element
model of the electrically active neural tissue. EUROCON, 2007. The International
Conference on” Computer as a Tool”. IEEE, pp. 2343-2348.

Rincon, A.L., Shimoda, S., 2016. The inverse problem in electroencephalography using
the bidomain model of electrical activity. Journal of neuroscience methods 274,
94-105.

Pascual-Marqui, R.D., 1999. Review of methods for solving the eeg inverse problem.
International journal of bioelectromagnetism 1 (1), 75-86.

Weinstein, D., Zhukov, L., Johnson, C., 1999. Lead field basis for fem source localization.
Frontiers in Simulation, Simulationstechnique 18th Symposium. Citeseer.

Rincon, A.L., Cantt, C., Soto, R., Shimoda, S., 2016. Simulating the activation, contrac-
tion and movement of skeletal muscles using the bidomain model. Engineering in
Medicine and Biology Society (EMBC). 2016 IEEE 38th Annual International
Conference of the, IEEE, pp. 6042-6045.

Izhikevich, E.M., FitzHugh, R., 2006. Fitzhugh-nagumo model. Scholarpedia 1 (9), 1349.

Noble, D., 1962. A modification of the hodgkin-huxley equations applicable to purkinje
fibre action and pacemaker potentials. The Journal of physiology 160 (2), 317-352.

Potse, M., Dubé, B., Richer, J., Vinet, A., Gulrajani, R.M., 2006. A comparison of mono-
domain and bidomain reaction-diffusion models for action potential propagation in
the human heart. IEEE Transactions on Biomedical Engineering 53 (12), 2425-2435.

Sundnes, J., Nielsen, B.F., Mardal, K.A., Cai, X., Lines, G.T., Tveito, A., 2006. On the
computational complexity of the bidomain and the monodomain models of electro-
physiology. Annals of biomedical engineering 34 (7), 1088-1097.

T. Dumont, M. Duarte, S. Descombes, M.-A. Dronne, M. Massot, V. Louvet, Simulation of
human ischemic stroke in realistic 3d geometry: A numerical strategy, Submitted to


http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0010
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0010
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0010
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0015
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0015
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0020
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0020
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0025
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0025
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0025
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0030
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0030
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0040
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0040
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0040
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0045
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0045
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0045
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0050
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0050
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0050
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0055
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0055
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0060
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0060
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0065
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0065
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0065
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0070
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0070
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0075
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0075
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0075
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0080
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0080
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0080
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0085
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0085
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0090
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0090
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0095
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0095
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0095
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0095
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0100
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0105
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0105
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0110
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0110
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0110
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0115
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0115
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0115

A. Lopez-Rincon, et al.

Bulletin of Math. Biology, available on HAL (http://hal. archivesouvertes. fr/hal-
00546223).

Rizzolatti, G., Luppino, G., 2001. The cortical motor system. Neuron 31 (6), 889-901.

Purves, D., Cabeza, R., Huettel, S.A., LaBar, K.S., Platt, M.L., Woldorff, M.G., Brannon,
E.M., 2008. Cognitive Neuroscience. Sunderland, Sinauer Associates, Inc.

Shao, Q., Bassett, D.N., Manal, K., Buchanan, T.S., 2009. An emg-driven model to estimate
muscle forces and joint moments in stroke patients. Computers in biology and
medicine 39 (12), 1083-1088.

Huppert, T.J., Hoge, R.D., Diamond, S.G., Franceschini, M.A., Boas, D.A., 2006. A tem-
poral comparison of bold, asl, and nirs hemodynamic responses to motor stimuli in
adult humans. Neuroimage 29 (2), 368-382.

Krieger, S.N., Streicher, M.N., Trampel, R., Turner, R., 2012. Cerebral blood volume
changes during brain activation. Journal of Cerebral Blood Flow & Metabolism 32
(8), 1618-1631.

Jasdzewski, G., Strangman, G., Wagner, J., Kwong, K., Poldrack, R., Boas, D., 2003.
Differences in the hemodynamic response to event-related motor and visual para-
digms as measured by near-infrared spectroscopy. Neuroimage 20 (1), 479-488.

Tung, L., 1978. A bi-domain model for describing ischemic myocardial dc potentials.,
Ph.D. thesis. Massachusetts Institute of Technology.

Fenton, F., Karma, A., 1998. Vortex dynamics in three-dimensional continuous myo-
cardium with fiber rotation: Filament instability and fibrillation. Chaos: An
Interdisciplinary Journal of Nonlinear Science 8 (1), 20-47.

Hallez, H., Vanrumste, B., Van Hese, P., Delputte, S., D’ASSELER, Y., Lemahieu, I., 2007.
Importance of including anisotropic conductivities of grey matter in eeg source lo-
calization, in: 6th International Conference on Bioelectromagnetism (ICBEM2007),
Vol 9, 105-106.

Mesmoudi, S., Rodic, M., Cioli, C., Cointet, J.-P., Yarkoni, T., Burnod, Y., 2015.
Linkrbrain: Multi-scale data integrator of the brain. Journal of neuroscience methods
241, 44-52.

12

Journal of Neuroscience Methods 331 (2020) 108464

Jack Jr., C.R., Thompson, R.M., Butts, R.K., Sharbrough, F.W., Kelly, P.J., Hanson, D.P.,
Riederer, S.J., Ehman, R.L., Hangiandreou, N.J., Cascino, G.D., 1994. Sensory motor
cortex: correlation of presurgical mapping with functional mr imaging and invasive
cortical mapping. Radiology 190 (1), 85-92.

Clay, M., Ferree, T.C., 2002. Weighted regularization in electrical impedance tomography
with applications to acute cerebral stroke. IEEE Transactions on Medical Imaging 21
(6), 629-637.

Swanson, K.R., Alvord Jr., E.C., Murray, J., 2002. Virtual brain tumours (gliomas) en-
hance the reality of medical imaging and highlight inadequacies of current therapy.
British journal of cancer 86 (1), 14.

Ma, H., Zhao, M., Suh, M., Schwartz, T.H., 2009. Hemodynamic surrogates for excitatory
membrane potential change during interictal epileptiform events in rat neocortex.
Journal of neurophysiology 101 (5), 2550-2562.

Mihara, M., Miyali, 1., 2016. Review of functional near-infrared spectroscopy in neuror-
ehabilitation. Neurophotonics 3 (3), 031414.

Takeda, K., Gomi, Y., Kato, H., 2014. Near-infrared spectroscopy and motor lateralization
after stroke: a case series study. International Journal of Physical Medicine &
Rehabilitation 2, 1-6.

Baldassarre, A., Ramsey, L.E., Siegel, J.S., Shulman, G.L., Corbetta, M., 2016. Brain
connectivity and neurological disorders after stroke. Current opinion in neurology 29
(6), 706.

Buccino, A.P., Keles, H.O., Omurtag, A., 2016. Hybrid eeg-fnirs asynchronous brain-
computer interface for multiple motor tasks. PloS one 11 (1), e0146610.

Geuzaine, C., Remacle, J.-F., 2009. Gmsh: A 3-d finite element mesh generator with built-
in pre-and post-processing facilities. International journal for numerical methods in
engineering 79 (11), 1309-1331.

Lloyd, C.M., Lawson, J.R., Hunter, P.J., Nielsen, P.F., 2008. The cellml model repository.
Bioinformatics 24 (18), 2122-2123.


http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0125
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0130
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0130
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0135
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0135
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0135
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0140
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0140
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0140
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0145
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0145
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0145
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0150
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0150
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0150
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0155
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0155
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0160
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0160
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0160
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0165
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0165
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0165
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0165
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0170
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0170
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0170
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0175
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0175
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0175
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0175
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0180
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0180
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0180
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0185
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0185
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0185
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0190
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0190
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0190
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0195
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0195
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0200
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0200
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0200
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0205
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0205
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0205
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0210
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0210
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0215
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0215
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0215
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0220
http://refhub.elsevier.com/S0165-0270(19)30321-8/sbref0220

	Function Based Brain Modeling and Simulation of an Ischemic Region in Post-Stroke Patients using the Bidomain
	Introduction
	Methods
	Bidomain Formulation for Electrical Activity Propagation
	Modeling the Brain and Stimuli
	Simulating Functional Section
	Ischemic Region

	Analysis
	Numerical Example
	Non-Functional Brain Simulation Comparison
	Functional Brain Simulation
	Comparison with Measurements

	Discussion
	Conclusion
	Implementation
	Acknowledgments
	References




