wo 2017/182637 A2 |00 000 0

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
26 October 2017 (26.10.2017)

(10) International Publication Number

WO 2017/182637 A2

WIPO I PCT

(51) International Patent Classification:
A61B 5/055 (2006.01) GO6F 19/00 (2011.01)
A61B 5/00(2006.01)

(21) International Application Number:
PCT/EP2017/059532

(22) International Filing Date:
21 April 2017 (21.04.2017)

(25) Filing Language: English
(26) Publication Language: English
(30) Priority Data:

16166489.1 21 April 2016 (21.04.2016) EP

(71) Applicant: CODEBOX COMPUTERDIENSTE GMBH
[DE/DE]; Hugo-Eckener-Str. 7, 70184 Stuttgart (DE).

(72) Inventors: MERSMANN, Jochen; Adolf-Kroner-Str.
21A, 70184 Stuttgart (DE). JIRSA, Viktor; 120 Chemin de
la Thuilliere, 13400 Aubagne (FR).

(74) Agent: PFENNING, MEINIG & PARTNER MBB,;
Joachimsthaler Strafie 10-12, 10719 Betlin (DE).

(81) Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA,CH,CL, CN, CO, CR, CU, CZ, DE, DJ, DK, DM, DO,
DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KH, KN, KP, KR,
KW,KZ,LA,LC,LK,LR,LS,LU,LY, MA, MD, ME, MG,
MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ, OM,
PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA, SC,
SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN, TR,
TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW,MZ,NA, RW, SD, SL, ST, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FL, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

(54) Title: METHOD AND SYSTEM FOR ESTIMATING A LOCATION OF AN EPILEPTOGENIC ZONE OF A MAMMALIAN

/\/10

BRAIN
Il
70
40 k]
80
o0
%
100 ¢l

Fig. 1

(57) Abstract: The invention relates to a method for estimating a location of an epileptogenic zone of a mammalian brain, a system for
performing a method for estimating a location of an epileptogenic zone of a mammalian brain as well as a computer-readable medium
including a set of instructions for estimating a location of an epileptogenic zone of a mammalian brain.

[Continued on next page]



WO 2017/182637 A2 | I0F0 T A0 TR0 O 0

Published:
—  without international search report and to be republished
upon receipt of that report (Rule 48.2(g))



10

15

WO 2017/182637 PCT/EP2017/059532

Method and System for Estimating a Location of an Epileptogenic Zone of a

Mammalian Brain

This application discloses a method for estimating a location of an epilepto-
genic zone of a mammalian brain optimizing the placement of stereotactic
electrodes, a system for performing said method, and a computer-readable
medium containing instructions for performing such a method, as outlined by
the claims and the content of this description.

Personalized medicine proposes the customization of healthcare with medical
decisions, practices, and products being tailored to the individual patient.
Inter-individual variability between different patients has clear effects upon

the responsiveness to treatment approaches.

Patients suffering from brain seizures, such as epileptic seizures, may receive
drug treatment. However, in certain cases, a possible treatment for patients

having, for example, a drug-resistant form of seizures is the surgical resection
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of the epileptogenic zone. An epileptogenic zone is a localized region or net-
work within the patient's brain where seizures arise, before recruiting sec-
ondary brain networks called the propagation zone. The propagation zone
includes areas of the patient's brain that are affected by, for example, a sei-
zure arising in the epileptogenic zone, the seizure then spreading into the are-

as encompassing the propagation zone.

Traditionally, as a part of the standard pre-surgical evaluation, stereotactic
electroencephalograms (SEEG) are used to help correctly identify the epilep-
togenic zone. Alternative imaging techniques to the SEEG are structural mag-
netic resonance imaging (MRI), classical electroencephalograms (EEG) or
magnetoencephalograms (MEG), computed tomography (CT) scans, and sin-
gle-photon emission computed tomography (SPECT). All of these methods
have been used to help professionals in outlining the epileptogenic zone. Re-
cently, diffusion MRI (dMRI) and other methods reflecting the connectivity

between different brain regions have been used as well in analyzing seizures.

Since the surgical resection of an assumed epileptogenic zone is irreversible
and may cause severe brain damage, it would be helpful to minimize the risk

by optimizing the identification of the epileptogenic zone.

Furthermore, the implantation of electrodes into the mammalian brain for
recording SEEGs is a high-risk procedure and should only be performed when
the professional tasked with the procedure is quite certain about where said
electrodes are most likely to correctly identify the epileptogenic zone. Fur-
thermore, it would be helpful to correctly deduce the location of the epilep-
togenic zone from the propagation zone, i.e., from the time evolution of a
seizure through different areas of the mammalian brain. While the brain area
from which a seizure originates can usually be positively detected through
current imaging techniques, further improved, at least partially automated
techniques for correctly identifying the epileptogenic zone would be appreci-

ated by the clinician community.

It is one of the objectives of this application to outline methods and systems

for estimating a location of an epileptogenic zone of a mammalian brain and
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thus increase the certainty with which SEEG electrodes may be optimally posi-

tioned.

SUMMARY

According to one aspect of the invention, a method for estimating a location
of an epileptogenic zone of a mammalian brain may include receiving a struc-
tural skeleton model of a mammalian brain, wherein the structural skeleton
model comprises a plurality of nodes and is based on non-invasive neuroimag-
ing data and wherein connectivity information of the brain between different

nodes is extracted from the non-invasive neuroimaging data.

Furthermore, a coupled brain network model is provided by populating each
node of the structural skeleton model with a neural population model, where-
in a neural population model corresponding to a node is coupled to further
neural population models corresponding to further nodes according to the
connectivity information extracted from the non-invasive neuroimaging data.
After providing a first estimate of the location of the epileptogenic zone in the
brain network model, wherein the first estimate of the location includes at
least one of the plurality of nodes, a propagation zone is predicted in the brain
network model based on an evolution of a simulated seizure starting from the
first estimate of the location of the epileptogenic zone of the coupled brain
network model. It is noted that any estimate of the location of the epilepto-
genic zone includes only a real subset of all the nodes of the brain network
model. Furthermore, it is often assumed that the predicted propagation zone
also does not include all nodes of the brain network model, but only includes

a real subset of the nodes.

Further details of the method, the system, and a computer-readable medium
containing instructions for executing such a method, such as hard drives,
cloud-based storage systems, or portable storage media, e.g. CDs, DVDs or

flash drives, are outlined in the detailed description below.
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DETAILED DESCRIPTION

A structural skeleton model may be provided by importing structural and
dMRI data of a mammalian brain via an input/output interface into a memory
unit or a central processing unit of a computer system. Such data may include
raw data, pre-processed data, or processed data. Raw structural or dMRI data
of the patient's brain may be processed, for example, by using Scripts
(https://github.com/timepx/scripts). Scripts makes use of various tools such
as Freesurfer, FSL, MRTRIX3, and Remasher to reconstruct the individual cor-
tical surface and large-scale connectivity of the mammalian brain. Structural
and dMRI data may be used for building up a structural skeleton model specif-
ic to the particular patient's brain. Thus, the structural and dMRI data need to
be taken from the specific brain, in which the epileptogenic zone is to be iden-
tified.

In many examples, a structural skeleton model derived from structural and
dMRI data is parceled into a plurality of voxels, wherein a single node may be
assigned to a single voxel or a plurality of voxels. A typical amount of nodes in
a structural skeleton model of the human brain may add up to thousands of
nodes. Each node may represent a volume of the mammalian brain either
located on the cortical surface, within one of a plurality of cortical regions or
within a plurality of subcortical regions. The parcellation may be performed,
for example, using the Desikan-Killiany atlas. Using known techniques,
tractography may be performed and a connectivity matrix connecting the dif-
ferent nodes of the structural skeleton model may be obtained, for example
by summing track counts over each region of the parcellation and by normal-

izing the values so that the maximum value of the connectivity matrix is 1.

The method further provides a coupled brain network model such as a large-
scale brain network model. These large-scale brain network models are
known to provide insights into the mechanisms underlying the emergence of
the resting-state network dynamics. In an example, a coupled brain network
model is provided by populating each node of the structural skeleton model
with a neural population model or neural mass model. In certain examples
different nodes can be provided with different neural population models.

However, in other examples all nodes of the structural skeleton model are
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populated with the same neural population model; furthermore different
nodes may include different parameters for the neural population model, for
example, at least a subset of nodes includes a value of an excitability parame-
ter which allows the neural population model to reach an ictal state, while
other nodes include a value of the excitability parameter which does not push
the neural population model into an ictal state without external input from
other nodes. Neural population models are often represented by a system of
coupled differential equations. One such example is the Epileptor as de-
scribed, for example, in Jirsa et al., "On the nature of seizure dynamics", Brain,
vol. 127, pages 2210-2230, which is referred to as Jirsa 2014 in the following
and which is incorporated herein in its entirety. The neural population model
can be chosen to exhibit a bistable behaviour, such as a saddle-node bifurca-
tion or subcritical Hopf bifurcation, to enter the ictal state. The same neural
population model can also show a bistable behaviour, such as a saddle
homoclinic bifurcation or fold limit cycle bifurcation, to exit the ictal state, i.e.
to enter a non-ictal state. Each neural population model is coupled to further
neural population models representing a different node in the structural skel-
eton model. The coupled neural population models are coupled so as to rep-
resent the connectivity information extracted from the non-invasive neuroim-
aging data. In other words, brain areas that according to the connectivity in-
formation are connected will be coupled in their respective neural population
models whereas areas that according to the connectivity information are not
connected will not be coupled in their respective neural population models.
The neural population model may include state variables evolving over time
and parameters, which govern the behaviour of the state variables over time.
For example, a neural population model parameter may govern a degree of
excitability of the model, i.e. an increase (or decrease) leads to a model more
prone to exhibit autonomous seizure (or spiking) activity. Other parameters
may govern the strength of a connection between two neural population

models placed at different, yet connected nodes.

In certain examples of the method, the neural population model may include
two or more coupled differential equations. In further examples, the system
of coupled differential equations may include a fast and a slow subsystem.
This means that the two differential equations operate on different time

scales. A biological correlate of a fast subsystem may be local neuronal activi-



10

15

20

25

30

35

WO 2017/182637 PCT/EP2017/059532

ty in the respective brain region. The slow subsystem may represent modula-
tions of connections between different brain regions and their corresponding

biological mechanisms such as neurotransmitter release, metabolic processes,
or other, slower mechanisms forwarding signals through different brain net-

works.

Once the coupled brain network model is established, a programmer (input-
ting an estimated location of an epileptogenic zone by learned experience) or
a computer system (inputting an estimated location of an epileptogenic zone
based on algorithms) may provide a first estimate of the location of an as-
sumed epileptogenic zone in the brain network model. Such an estimate may
include at least one of the plurality of nodes. In certain examples, the neural
population model is provided with a first set of parameters, the set of param-
eters known to be able to simulate or “trigger” a seizure. Triggering a seizure
is, in some examples of the method, equivalent to a parameter set of a neural
population model or a neural population model triggering seizures autono-
mously, i.e., the neural population model does not require external input into
the neural population model to exhibit fast oscillations representing an ictal
state occurring during a seizure. The nodes not identified as the first estimate
of the location of the epileptogenic zone may be provided with a first set of
parameters such that the neural population model does not trigger a seizure
autonomously. In other words, the neural population models of areas in a
non-epileptogenic zone require external input to exhibit fast oscillations rep-
resenting an ictal state of a seizure. External input is understood as input from
other nodes.

Based on the first estimate of the location of the epileptogenic zone and the
time evolution of the neural population models of the nodes of the structural
skeleton model a propagation zone may arise, i.e. a simulation of the brain
network model may result in a propagation pattern of activity representing a
location of a propagation zone in the brain network model. In other words,
an epileptogenic zone exhibiting autonomous seizures may acquire further
nodes through the coupling of the neural population models, which may show
seizure activity in response to an autonomous seizure in the epileptogenic
zone. Such a time evolution may be simulated by, for example, a system in-

cluding a central processing unit, a memory unit, an input/output unit, or a
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computer-readable medium containing instructions for performing the meth-
od described above in connection with the system as outlined described

above.

In a further embodiment, the method repeatedly estimates an epileptogenic
zone and predicts a resulting propagation zone. If the resulting propagation
zone does not match an observed propagation zone, or if a clinician, using his
experience comes to the conclusion that the resulting propagation zone is
unlikely, a new hypothesis of an epileptogenic zone is chosen and a new, re-
sulting propagation zone is determined. Alternatively or additionally, instead
of changing the location of the estimated epileptogenic zone, parameters of
the neural population models may be changed. A change in the parameter
values may lead to a different predicted propagation zone than the propaga-
tion zone determined using a first set of parameter values, and the new prop-
agation zone may resemble previously recorded patient seizure or interictal
data.

Specifically, in an embodiment of the method, the neural population model
includes a parameter representing an excitability of the neural population
model. Neural population models belonging to a node or a plurality of nodes
of the epileptogenic zone may be assigned parameter values, such that the
neural population models located in the estimated epileptogenic zone exhibit
autonomous seizure activity. Depending on the complexity of the chosen neu-
ral population model, the model may also exhibit interictal and preictal activi-
ty. Other nodes are also assigned parameter values of the parameter repre-
senting a degree of excitability, however, the parameter values are chosen
such that the neural model shows less excitability. In certain examples, the
distribution of the parameter values is based on the distance from the epilep-
togenic zone. A distance can hereby be understood as a spatial distance or a
time distance, i.e. the further away a node is from the epileptogenic zone, the
lesser the excitability is chosen to be. Whether different nodes are connected
may also influence the distribution of the parameter values of the parameter

representing excitability.

Since the state variables of neural population models may represent biological

parameters such as energy consumption, tissue oxygenation, or extracellular
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ion concentrations, or as previously mentioned a degree of excitability, the
time evolution of simulation data gathered from the coupled brain network
model may show a propagation zone that may or may not resemble seizure
activity in a real patient, in particular in the patient from which the structural
skeleton model was derived.

If the simulated propagation zone strongly deviates from a recorded propaga-
tion pattern of the patient, a further or new prospective epileptogenic zone
can be chosen and a corresponding propagation zone can be predicted. An

exemplary procedure is outlined in this application.

With the method outlined above, the probability of identifying the correct
epileptogenic zone is highly increased in contrast to empirical or heuristic ap-
proaches. Once the structural skeleton model and the coupled brain network
model have been established, a plurality of different epileptogenic zones can
be tested and their corresponding propagation zones can be compared with

previously or subsequently recorded real, brain seizure data.

In a further embodiment, a second estimate of the epileptogenic zone replac-
es the first estimate of the location of the epileptogenic zone if the simulated
propagation zone of the first estimate differs from an observed propagation
zone. Thus, without performing a surgical resection, a wrongly identified epi-
leptogenic zone can be falsified by simulation. A simulated activity or signal
may be compared to a real, recorded brain signal by standard statistical
methods. If the simulated activity based on a first epileptogenic zone resem-
bles the recorded signal well, or better than simulated activity from other epi-
leptogenic zone estimates, the first epileptogenic zone can be kept and the
other zones can be discarded.

In a further embodiment of the method, the propagation zone prediction may
include the prediction of electrical activity data by employing a forward mod-
el. Forward models are used to map, for example, electrical activity or tissue
oxygenation occurring within the brain volume at different times in different
places to surface potentials, which may be measured by invasive or non-
invasive surface electrodes during the recording of a SEEG, EEG or MEG. Since

the analysis of SEEG and EEG data, in particular the comparison of different
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EEG and SEEG recordings, is easily accomplished by a plurality of commercial
and non-commercial tools, simulated seizures can easily be compared to rec-
orded seizure patterns. In particular, the implantation of electrodes can be
postponed until a number of potential epileptogenic zones have been ruled
out by the method as suggested in this application. Furthermore, the implan-
tation scheme can be optimized with regard to best coverage and minimal
invasiveness. This significantly improves the chances of performing a success-

ful surgical resection.

When arriving at a proposed location for an implantation site of one or more
SEEG electrodes in the vicinity of the estimated epileptogenic zone, e.g. due
to a high correlation between a simulated EEG activity and a recorded EEG
activity, the proposed position of the SEEG electrodes can be mapped to a
three-dimensional model of the brain, to help a practicioner during the im-
plantation. For example, the location of the proposed position can be shown
in an augmented reality device, such as augmented reality glasses. The posi-
tion of the SEEG electrodes is forwarded to the augmented reality software

which includes a three dimensional model of the patient’s brain.

In a further embodiment, the coupled brain network model may be further
adapted by including a parameter representing a structural anomaly, such as
an MRI lesion or a malformation such as pachygyria or an hematoma, in at
least one node. For example, such structural anamolies, e.g. MRl lesions, are
known to have an effect on epileptic seizures and are a very good indicator for
the location of the epileptogenic zone. However, the inclusion of structural
anamolies, e.g. MRl lesions, in brain network models as described in this ap-
plication has not previously been performed. An MRI lesion or other structur-
al anomalies are important structural data further informing and improving
the model. These data may be incorporated by local adjustments of parame-
ters in the affected brain volume of the MRI lesion and will include manipula-
tions of excitability and coupling. In recorded MRI data, an MRI lesion may be
identified by characteristic dark patterns by a software or a practicioner when
analyzing patient specific neuroimaging data, such as MRl images. While the
structural skeleton model may result in showing that two nodes are connect-
ed with each other, an MRI lesion may add additional information to the brain

network model in that the strength of the connection between nodes located
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in the area of the MRI lesions and nodes neighboring those nodes needs to be
modified. However, in other examples the structural anomalies may repre-
sent a change in the dynamics of the node itself. By including MRI lesion in-
formation, the quality of the prediction and subsequent correct identification

of the epileptogenic zone is greatly enhanced.

Depending on the location of the structural anomaly in the mammalian brain,
the parameter values of the parameter representing the structural anomaly
are distributed throughout the different nodes of the brain network model,
such that the distribution resembles the occurrence of a structural anomaly in

the mammalian brain.

In the following, exemplary implementations of the method will be described

in detail.

Fig. 1 is a schematic overview of a system for estimating the location of an
epileptogenic zone;

Fig. 2 illustrates the relation between different ways of understanding neural
activity;

Figs. 3 are illustrations of a structural skeleton model and a coupled brain
network model;

Figs. 4 show a flow chart of an exemplary method for finding an epileptogenic

zone using the brain network model.

Fig. 1 shows a schematic overview of a system configured for estimating the
epileptogenic zone in a patient. System 10 includes a central processing unit
(CPU) 20, a memory unit 30, an input/output interface 40, and several in-

put/output devices coupled to the interface 40.

The system can be a computer or a distributed system, in which the different
units may include further components to function independent of each other,
but are coupled via different data connections. The CPU may include a multi-
processor and/or multi-core processor for fast algorithm and data execution.
The memory unit 30 may include primary storage linked to the CPU(s), ran-
dom access memory (RAM), volatile memory as well as hard disks, flash

memory units, or EEPROM units for storing data such as a structural skeleton
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32, the coupled brain network model 34, various implementations of a neural
population model 36 to placed in different nodes of the structural skeleton,
and/or instructions 38 for executing different algorithms when processing
and/or comparing the data. The input/output interface 40 can include several
interfaces such as an input for a keyboard, a wired or wireless data connec-
tion for uploading or downloading data into the memory unit, or interfaces for
connecting a display, such as a monitor, or a keyboard for inputting com-
mands. As examples, the interface of Fig. 1 is coupled with the internet 60, a
display 70, a keyboard 80 and a flash memory reader 90. Additionally, the
interface 40 may be coupled to an EEG displaying unit 100.

Fig. 2 illustrates how different brain signals can be recorded and how different
imaging methods are connected to each other. Fig. 2 shows an exemplary
scalp EEG recording 210 including different channels, which include different
signals, such as ictal periods 212 or 214 and non-ictal or interictal period 216.
Different channels correspond to different electrodes, which are located out-
side the human skull. EEG recordings have a high temporal resolution, but
provide little information on the spatial distribution of recorded electrical sig-
nals throughout the brain. Neuroimaging methods, such as MRI (represented
by longitudinal section through a skull 220) or methods based on MRI provide
a much better spatial resolution. However, the temporal resolution of MRI
based methods is limited as the signal recorded in MRI is not the electrical
brain activity, but a signal representing the energy consumption. Modern
technigues may link the seizure activity 212 or 214 to increased metabolic
activity in area 222 or 224, respectively. MRI techniques include dMRI tech-
niques, which allow a non-invasive extraction of connectivity information of a
patient. Often the connectivity information is displayed in matrices to estab-
lish a time-space structure of the coupling (for further information, see for
example lJirsa, V.K. “Neural field dynamics with local and global connectivity
and time delay.” Philos. Trans. A. Math. Phys. Eng. Sci. 367, 1131-1143, which
is incorporated herewith in its entirety). The actual brain activity, which un-
derlies the EEG recording 210 and MRI 220, is based on the electrical activity
of different brain areas, which are connected with each other. The brain activ-
ity can be visualized by different nodes representing different areas of the
brain, which are connected to each other according to the connectivity infor-

mation. The resulting network (represented by reference numeral 230) dis-
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plays localized, electric activity. The electric (and metabolic) energy needed
for generating the electric brain activity can be seen in the MRl images as en-
ergy consumption. Furthermore, the localized, electric activity can be record-
ed by EEG electrodes. Techniques for mapping localized electric brain activity
in different brain areas to EEG-like signals are generally known as forward
models 240. Techniques for mapping EEG signals to localized, electric activity
in different brain areas include inverse models 250 and usually much harder
to describe than forward models or solutions (see for example, Jirsa, V.K. et al
“Spatiotemporal forward solution of the EEG and MEG using network model-
ing”, IEEE Trans. Med. Imaging 21, 493-504.). The forward models map activi-
ty in the simulated three-dimensional physical brain (represented by the
nodes in different positions in three-dimensional space) to the surface at

which the EEG signals are to be recorded.

Fig. 3A and Fig. 3B illustrate the structural brain skeleton and the coupled
brain network model. The structural brain skeleton of Fig. 3A is an individual-
ized or patient-specific representation of large-scale brain connectivity. In
other words, the structural skeleton model of the patient represents the pa-
tient’s individual pattern of connections between different brain areas. Fur-
thermore, the structural skeleton model may include information on the time
it takes electric activity of one brain area to effect electric activity in another
area. A structural skeleton often involves a parcellation of a patient’s brain in
voxels. The number of voxels (see an exemplary voxel 299) of a typical struc-
tural skeleton model may include between 100 and 100000 voxels, preferably
between 5000 and 50000 voxels. The structural skeleton may include a repre-
sentation of the patient’s cortical surface only, or include further brain areas
such as parts of the temporal gyrus, the frontal gyrus, the frontal lobe, the
temporal pole, the occipital lobe, the parietal lobe. The dMRI data is used to

extract the connections between different voxels of different brain areas.

Once the structural skeleton model has been completed, each voxel or in oth-
er embodiments only voxels, to which other voxels have a connection, are
replaced by a node and the nodes may be populated by a neural network
model. In many embodiments, the neural network model will include a sys-

tem of coupled differential or difference equations.
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In a preferred embodiment the neural network model used is the Epileptor as
described in Jirsa 2014. The Epileptor includes five state variables acting on
three different time scales. On the fastest time scale, state variables x1 and y1
account for fast discharges during a seizure. On the slowest time scale, the
permittivity state variable z accounts for slow processes such as a variation in
extracellular ion concentrations, energy consumption, and/or tissue oxygena-
tion. The system exhibits fast oscillations during the ictal state through the
variables x1 and y1. Autonomous switching between interictal and ictal states
is realized via the permittivity variable z through saddle-node and homoclinic
bifurcation mechanisms (i.e. bistable behaviour) for the seizure onset and
offset, respectively. The switching is accompanied by a direct current (DC)
shift, which has been recorded in vitro and in vivo (see for example, Jirsa
2014). On the intermediate time scale, state variables and describe the spike-
and-wave electrographic patterns observed during the seizure, as well as the
interictal and preictal spikes when excited by the fastest system via the cou-

pling. The Epileptor equations as outlined in Jirsa 2014, are repeated below:

x1=yl-fl(x1,y1)—z+11
yl=1-5x1% —y1
1
zZ = —0(4(x1 —x0) — 2)
T
x2 = —y2 + x2 — x2% + 12 + 0.0002g(x1) — 0.3(z — 3.5)

. 1
y2 = - (=y2 + f2(x1,x2))

where
x13 — 3x12 if x1<0
(x2 —0.6(z —4)*)x1 ifx1=0
0 if x2 <0
f20c1,x2) = { 6(x2+025)x1  ifx22=0
t

gx1) = fe"”(t"f)xl(r)dr

to

f1(x1,x2) = {

and xo = —1.6; 10 = 2857;72 = 10;11 = 3.1;12 = 0.45;y = 0.01. The
parameter x0 controls the tissue excitability, and is epileptogenic, i.e. is trig-

gering seizures autonomously for a critical value x0 > —2.05, otherwise the
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tissue is healthy.

Due to the time scale separation, the five dimensional epileptor can be re-
duced to a two-dimensional system:

x1=—-x13-2x12+1—-2z+11
1
z=—(4(x1—-x0)—2)
70

With 0 = 2857;and I1 = 3.1 . In other embodiments other time-scale sepa-
rated differential systems than the Epileptor may be used, wherein the fast
variable of the neural network model represents fast discharges, and wherein
the slow variable represents the switching between ictal and interictal states
through a bifurcation of the dynamic system of the neural network model.

The different nodes of the brain network model are coupled by permittivity
coupling, i.e. the neural network models of connected nodes are coupled in
their slow variables. A node i is coupled to a remote node j by introducing a
coupling term K; = Z?’zl K;j(x1; — x1;) tothe permittivity state variable of
the neural network model of node i. Kj includes the connectome C; (a value
representing the connectivity between different voxels or nodes), and a scal-
ing factor G, wherein K;j~C;; X G. The values for C;; are determined from
dMRI or DTI data. The index j runs over all nodes connected to node i. The
equation fort he slow variable then reads, for example

1

N
il = E 4(x1i - in) —Zi — Z Kij(xlj - Xli)
j=1

The permittivity coupling from node i to node j can also be chosen to include a
sighal transmission delay to account for real brain transmission delays. The
delay is introduced by modifying the coupling term such that the input from
node j to node i is delayed by a time tgeiay, i-€. Ky(x1i(t)-x1j(t-tgeiay). After all
nodes of the structural skeleton are populated by a neural network model,
such as the Epileptor outlined above, the brain network model can be used for
estimating the location of an epileptogenic zone using the brain network

model.
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To define a node as belonging to an epileptogenic zone, said nodes neural
network model, i.e. the Epileptor’'s x0 value of said node is set to a value
greater than -2.05, i.e. is set to a value for which the neural network model
shows autonomous triggering of seizures (even an uncoupled or isolated
Epileptor with a value of & = 0). Alternatively a new variable Ax0=x0+2.05
may be introduced. When providing a first estimate of an epileptogenic zone,
the neural network models of a first number of nodes are provided with a
parameter set, which allows the neural network models to exhibit autono-
mous seizures. The parameter set may include values for Kj;, 11, 12, x0 and op-

tionally others.

Fitting parameters of the neural population models of the brain network

model

After the location of the epileptogenic zone has been estimated, it may be
advantageous to alter the distributions of parameter values of different pa-
rameters of the neural population models based on the distance of a node
from the epileptogenic zone. For example, the parameter values of a parame-
ter representing excitability, such as x0, can be distributed by a Gaussian dis-
tribution, i.e. the parameter values being highest in the epileptogenic zone
and being smaller the further away the corresponding node is from the epi-
leptogenic zone. Changing the distribution scheme may consequently result in
different propagation zones. Distance between different nodes can also be
based on the strength of connections between different nodes in the brain

network model.

In the following, the fitting of parameter values for nodes of the brain net-
work model is further explained in the case of empirical, i.e. recorded SEEG
patient data.

Obtaining estimates of the parameters of the network model, given the avail-
able functional data can be performed within a Bayesian framework using a
reduced Epileptor model (see Proix et al “Permittivity Coupling across Brain
Regions Determines Seizure Recruitment in Partial Epilepsy” J. Neurosci. 34,
15009-15021, which is incorporated herein in its entirety) and a reduced
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functional data set for the fitting. In the following, an exemplary data fitting
method is provided for SEEG data.

The SEEG data are windowed and Fourier transformed to obtain estimates of
their spectral density over time. Then SEEG power above 10 Hz is summed to
capture the temporal variation of the fast activity. These time series are cor-
rected to a pre-ictal baseline, log-transformed and linearly detrended over the
time window encompassing the seizure. Contacts are selected, which present
greater high-frequency activity than their neighbors on the same electrode.
Given that, contrary to M/EEG, the SEEG lead field is very sparse, three nodes
per contact are used in the network model. Other nodes are not recruited and
rest at their fixed points. The effect is approximated by the fitting through a
constant sum over the corresponding elements of the structural connectivity
matrix. Next, one may use an observation model that incorporates an SEEG
forward model, under the assumption that the variable describes fluctuations
in the log power of high frequency activity, predicting sensor log power, with
normally distributed observation error.

Uninformative priors are placed on the hidden states’ initial conditions, while
their evolution follows an Euler-Maruyama discretization of the corresponding
stochastic differential equations with linear additive normally distributed
noise. Uninformative priors are also placed on the excitability parameter per
node, observation baseline power, scale and noise. Finally, the length of the
seizure is also allowed to freely vary to match that of a given recorded seizure.
Structural connectivity specifies a prior on the connectivity used in the gener-
ative method. This model is implemented using Stan, a software for Bayesian
inference, which implements both Hamiltonian Monte-Carlo and automatic
variational inference algorithms for generic differential probability models
(see Hoffman, M.D., Gelman, A. “The No-U-Turn Sampler: Adaptively Setting
Path Lengths in Hamiltonian Monte Carlo” arXiv Prepr. 1-30; The Stan Devel-
opment Team “A C++ library for Probability and Sampling”). This approach
takes advantage of the efficiency of the variational algorithm, which con-
structs an approximate proxy distribution on the true posterior optimized via

stochastic gradient ascent.

To simulate the system of stochastic differential equations, an Euler-

Maruyama integration scheme with an exemplary integration step of 0.05
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may be used. Additive white Gaussian noise is introduced in the variables and
with mean O and variance 0.0025 (see Jirsa 2014). Other variables experi-
enced only little or no noise due to their high sensitivity. 256 time steps are
equivalent to one second of real time to obtain realistic frequency ranges,
seizure lengths, and matched intracranial EEG sampling frequency. Finally, for
the stimulated seizure, a rectangular function in time was applied on the z
variable of the stimulated region (amplitude: 0.5, length: 2 s).

The result of the above fitting procedure is a parameter value for each node,
thereby establishing a distribution (spatial, temporal or spatio-temporal) for
each node of the brain network model). A map of the distribution may also be
referred to as a heat map.

The choice of the first estimate of an epileptogenic zone may be provided by a
clinician, followed by an iterative process between clinician and the method
disclosed herein or a fully automated approach, resulting in a refinement of
the epileptogenic zone via a second, third or fourth estimate, which may be
subsequently provided; however, the systems and methods as disclosed in
this application may also include an automated choice simulation of different
first, second and further epileptogenic zones to arrive at a preferred epilepto-
genic zone, the prdpagation zone, of which resembles previously recorded
brain activity best.

The relationship between the brain network model, an estimate of an epilep-
togenic zone, a propagation zone, and other regions is illustrated in Fig. 3B.
The (simplified due to a reduced number of nodes) brain network model 300
includes a plurality of nodes 310. Each node includes a neural network model
such as the epileptor. The different nodes are coupled to further nodes ac-
cording to the connectivity information, for example the connectome C;. The
coupling between nodes i and j can be uni- (C;#0,(;=0) or bi-directional
(Ci20,C;i#0), represented by uni-directional or bi-directional arrows, respec-
tively. An epileptogenic zone is first estimated to include two nodes 312 and
314, i.e. the neural network models of each node of the estimated epilepto-
genic zone can exhibit autonomous seizures. The resulting propagation zone
includes nodes which are coupled to the nodes 312 and 314, for example
nodes 322, 324 and 326. The nodes of the propagation zone, while not able to
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exhibit seizures autonomously, are captured by the nodes of the epileptogen-
ic zone, i.e. receive input from the nodes of the epileptogenic zone through
the permittivity coupling and are driven to exhibit seizure behavior as well.
The remaining nodes of the brain network are not captured by the epilepto-
genic zone in the sense that the nodes do not receive sufficient input from

other nodes to be driven into a seizure state.

While the connectivity information derived from the dMRI procedure may be
sufficient, the applicants have found that use of further information into the
brain network model improves the ability of the systems and methods to find
the location of the epileptogenic zone. Further information may include struc-
tural anomalies. For example, an MRI lesion may be included by modifying the
local connectivity of the area involved. This may be achieved by changing the
scalar factor G to Gjea, With G<Gjoeqr, to represent the structural anomaly. The
local connectivity topology of the area, i.e. the nodes affected by the structur-
al anomaly, is not changed but scaled up by the factor Gjoe. Such anomalies

which may be modeled can include pachygaria, hamartoma and others.

Including a value Gjocor introduces a lesion map into the brain network model.
To include a lesion map, structural anomalies may be identified by a
practicioner or a software from neuroimaging data, such as MRl images. The
areas of the patient’s brain to be modeled which appear to show a structural
anomaly are mapped to the nodes representing the respective area in the
network model. While the area including the identified anomaly can in some
example include a single node, said area can encompass several nodes, i.e. a
subset A of nodes. The nodes included in the subset A can be identified
through streamlines from DTl measurements, for example. However, the DTI
measurement cannot be used for introducing a lesion map, as the DTI stream-
lines do not indicate the strength of a coupling between areas, but merely the
existence of a coupling between areas. After all identified anomalies are
mapped to subsets A, B, ... of all nodes of the brain network model, all remain-
ing nodes are assigned a value of Gjocsr = 1 in an initial lesion map, i.e. the local
value G of the remaining node does not deviate from the global value G. In
other words G.cq is a scalar factor to the global G value introduced earlier.
For the nodes of subsets A, B, ... identified to include an anomaly, each subset
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is assigned a value Gyy.q; > 1, i.e. the local value of G for the nodes of the
subsets, A, B, ... is larger than the global value of G. In other examples differ-
ent subsets A and B can be assigned different values of G;,.,;, to represent
different anomalies or different anomaly effects. The values of the G;,.; of all
nodes i, i.e. Gycq;; cOmpletes the initial lesion map. This lesion map is based
on structural anomaly data and can, in some embodiments, be also used in
the fitting or estimation scheme discussed in this application, i.e. the initial
lesion map can be changed to acquire a better estimate of the epileptogenic

zone of the specific patient’s brain.

The personalized brain network model of a patient may therefore include a
connectome represented by C;; (derived from DTI), a lesion map represented
by Giocqr; (derived from structural anomalies or malformations of the patient
a scaling the global G value for each node) and a heat map or distribution of
epileptogenicity or excitability represented by e.g. a map of values x0 for the
epileptor neural population model. In this personalized model the lesion map
can remain the initial lesion map and only the distribution epileptogenicity or
excitability is changed to find the most likely epileptogenic zone for the pa-
tient, or, in other examples, the initial lesion map is changed while the distri-
bution of excitability (i.e. heat map) remains the same or, in still further ex-
amples, both the lesion map and the heat map are changed to find the most
likely candidate for the epileptogenic zone and thereby an adequate candi-
date area for a implantation site of one or more SEEG electrodes or a lesion

site for surgical resectioning.

When using the brain network model to find the propagation zone of an esti-
mate of an epileptogenic zone, it has proven helpful, to translate the brain
network model activity, using a forward model, into SEEG, fMRI, or EEG activi-
ty. Since SEEG, fMRI and EEG data (i.e. real, not simulated patient data) can be
easily obtained from a patient, the translated brain network model activity
can be easily compared to real EEG patient data to access whether the esti-
mate of the epileptogenic zone provides brain activity which is similar to
measured brain data, or whether a new epileptogenic zone must be chosen to
arrive at a better fit between the simulated brain network model activity and

the measured brain data.
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The systems and methods discussed in this application may also encompass
the uploading, reception or generation of a patient’s brain network model
based on a patient’s structural skeleton model as indicated in Fig. 4. Once a
patient’s brain network model 400 has been generated or uploaded into a
system such as the system of Fig. 1 and real brain data 410 (such as EEG 412,
fMRI 414, SPECT and/or SEEG data), from the patient including a period of a
simple seizure (i.e. a seizure not capturing a propagation zone) or a complex
seizure (i.e. a seizure capturing a propagation zone) has been generated or
uploaded to the system, an estimation method 420 is initiated which includes:
choosing a first estimate of an epileptogenic zone 430; a subsequent simula-
tion of a resulting propagation zone 440 and an optional translation 450 via a
forward model into simulated EEG, fMRI, SPECT or SEEG activity 460; a com-
parison (step 470)between the measured, real brain data 410 and the simu-
lated activity 460. The estimation method may optionally include using prior
information 435 to obtain an estimate of a first epileptogenic zone including
at least one node such as a clinician’s estimate of the first epileptogenic zone
or an automated starting choice. Furthermore the epileptogenic zone may be
varied after generating the simulated activity 460 for a specific epileptogenic
zone and steps 430 through 470 may be repeated with a new estimate of a
location of the epileptogenic zone. The varied epileptogenic zone estimate
may include neighboring nodes, additional nodes, or a subset of nodes from
the previous or first estimate of the epileptogenic zone. The estimation meth-
od may then include a decision engine 480 (applying statistical methods as
known in the prior art to compare time-series; the decision engine may be a
software module for deciding which simulated time-series fits the real data
best) to find the best match 485 between simulated brain network model ac-
tivity and real brain data and output the epileptogenic zone of the best
matching data 490 as a suggestion for a brain area of surgical resection or a
suggestion for a pre-surgical implantation site of electrodes for recording

SEEG data to minimize the traumatic impact for a patient.

In the following the process of arriving at an epileptogenic zone estimate is

summarized:
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A clinician obtains non-invasive brain images of the patient including
MRI, DTI, EEG, MEG. Using traditional approaches (standard-of-care)
the clinician interprets all data and makes his/her initial hypothesis on
the location of the EZ and a proposal of an implantation scheme for
the SEEG electrodes.

A first virtual patient brain model (i.e. brain network model) is con-
structed, and optionally uploaded to a different computer system and
the Clinician’s first hypothesis on EZ is used as a first estimate of the
location of the epileptogenic zone. Subsequently, the computer sys-
tem generates simulated imaging data (EEG, MEG), which will be ana-
lysed using the clinical standard visualization (visual inspection of EEG
time series by expert eye) and analysis tools (biomarkers such as Func-
tional Connectivity, Epileptogenicity index, H2). Through adjustment of
EZ hypothesis (i.e. by changing the spatial distribution of excitability
values, as well as including MRI lesion information in the brain net-
work model) the clinician will attempt to converge model behavior
with empirical patient data. This iterative process is close to the spirit
of contemporary patient management staff meetings in hospitals,
where individual patient cases are discussed.

Relying on machine learning methods, model parameters in the brain
network model will be fitted automatically against empirical EEG/MEG
data.

Level 1b) and c) tasks will provide an updated hypothesis on the EZ.
Once the updated location of the epileptogenic zone is deemed suffi-
cient, the computer system generates forward solutions of SEEG data

and proposes an optimal implantation scheme for SEEG electrodes.

The method outlined by Fig. 4 and its corresponding description can be per-

formed using non-invasive real brain data, such as EEG data, or invasive real
brain data, such as SEEG data. This leads to a further embodiment of the

method, where in a first stage a location of the epileptogenic zone is estimat-

ed based on non-invasive patient data, the resulting estimate of the epilepto-

genic zone is used as a suggested location for performing an implantation of

electrodes for recording SEEG data and further refining the method, and this

the estimated location of the epileptogenic zone based on the invasive real

brain data, providing as an output an even better estimate of the epileptogen-
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ic zone. This epileptogenic zone can than be used as a candidate for surgical

resection.

In the following, an exemplary implementation of a method embodiment: A
patient was diagnosed with bi-temporal epilepsy and experienced simple
and secondary generalized seizures, which were accompanied by déja-vu hal-
lucinations, associated with palpitations, horripilation, and frisson sensations.
Fixed gaze, chewing up and pallor were observed during the seizure. In the
post-critic period the patient showed temporal disorientation, repetition of
the same questions and retrograde amnesia during one week. The MRI exam-
ination revealed a hypothalamic hamartoma. Surface EEG recordings revealed
interictal spikes and indicated a bias towards the left hemisphere. Based on
the presurgical evaluation, seven SEEG electrodes were implanted in the left
hemisphere, and two in the right hemisphere. One electrode was implanted
in the hypothalamic hamartoma. During two weeks of continuous SEEG re-
cordings, 6 simple seizures localized in the right hippocampus, and two com-
plex seizures starting in the right hippocampus and then recruiting the left
hippocampus, the left temporal lobe and the hypothalamic hamartoma were

recorded.

The large-scale connectivity of the patient was reconstructed, in particular
the weight and tract length matrices generating a structural skeleton model.
The tract length matrix divided by the signal transmission speed defines
the time delays, thereby establishing the space-time structure of the cou-
pling and allowing a full virtualization of the patient’s brain model. A hypo-
thalamic hamartoma was included in the model by changing its effect on

local connectivity through factor K;.

To generate a brain network model for the patient, each voxel of the structural
skeleton was replaced by a node. Each node of the resulting network was set
with an epileptor as described above. The nodes were connected via permit-
tivity coupling, which acting on a slow time scale and allowing the spread
of the seizure though the network by recruiting regions not in the epilepto-
genic zone. Each node was set with a different excitability parameter x0. The
value of the excitability was set heterogeneously across the network: The epi-

leptogenic zone was set with values of excitability for initiating autonomous
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triggering of seizures, the propagation zone was set with values of excitability
below a value for autonomous triggering of seizures, however, the values of
excitability were higher than in areas which were not considered to be part of
the propagation zone. A systematic parameter space exploration was per-
formed by varying the following parameters: (i) the global coupling strength
G, which is a scalar factor multiplying the whole connectivity matrix, (ii)
the local coupling strength G_hyp of the hypothalamus, which is a scalar
factor multiplying the contribution of the hypothalamus to the connectivity
matrix, (iii) the excitability values of the right hippocampus, (iv) the excitabil-
ity values of the regions not recruited in the propagation zone (other regions).
The excitability values of the other regions in the epileptogenic zone and the
propagation zone were fixed (see Table 1). To characterize the four-
dimensional parameter space, we define quantities relevant for seizure de-
scription such as (i) regions involved in the seizure, (ii) seizure length, (iii)
length of time delays before recruitment of other regions, (iv) seizure fre-
guency in each region.

Table 1:
Name of the region x0+2.5 Zones

Right hippocampus 1.3 epileptogenic zone
Left hippocampus 0.4 epileptogenic zone
Left hypothalamus 0.4 epileptogenic zone
Right hypothalamus 0.4 epileptogenic zone

Brain Stem 0.31 propagation zone

Left parahippocampal 0.27 propagation zone

Left thalamus 0.24 propagation zone

Left temporal pole 0.16 propagation zone

Otherregions -0.2 Other regions

A representative set of parameters (G=10; G_hyp=10) matching the patient’s
seizure with regard to these seizure description quantities was selected. The

brain network model was used for simulations over a period of 20 seizures and
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the forward solution for the SEEG electrodes was computed. Simple seizures
and complex seizures were generated with similar regions recruited compared
to the real SEEG recordings. The left hippocampus was stimulated and a prop-
agation pattern in the left temporal lobe, similar to the SEEG recordings, was

observed.

To compare the efficacy of the method, the results of the simulations, a clini-
cian’s prediction was compared to results won from simulations of the brain
network model. Comparing the clinician’s prediction and the simulated epilep-
togenic and propagation zone’s excitability, the applicant has found a signifi-
cant overlap between the clinician’s prediction and the simulation results,
demonstrating the applicability of the approach outlined in this application.
When running further simulations and in particular converting the brain net-
work model’s activity as EEG data (via a forward model), the simulated EEG
data shows a strong similarity with recorded EEG data. The spatial distribution
of the degree of excitability is based on distance of an area from the epilepto-
genic zone. In a similar fashion, a parameter value distribution for a parameter

representing an MRI lesion can also be included in the brain network model.

As the simulation of the brain network model can be very time-intensive,
methods for simplifying the calculations without loosing too much of the brain

network model’s dynamic behaviour will be discussed in the following.

By taking advantage of the slow-fast dynamics of the two-dimensional
Epileptor, averaging methods are applied by reducing the system to its slow
dynamics. This approximation holds as long as T, > 1. The two-dimensional
system is then reduced to a one-dimensional system, since x, = F(z,) . Thus,
the 2N dimensional system (where N is the number of nodes in the brain net-
work model) becomes 1N dimensional, and is expressed as:

Z‘:i(—4x0 +4F(Zi)—Z_ZKU(F(ZJ‘)_F(ZI')))

2

Computing F(z;) explicitly by approximating the third order polynomial in
xwith a second order polynomial by doing a second order Taylor expansion in
x at-4/3, resultsin X,  2x” +16/3x, +4.1+64/27, which leads to the expres-
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sion F(z,)=1/4(~16/3—[8z,—629.6/27).

The coupling term Kl.j(xj —x;) is weak compared to the other terms of the 1IN
dimensional system, and in particular the term in x,. The difference coupling
leads to weak coupling terms in a linear stability analysis. The weakness de-
pends on the global coupling strength factor G and the normalization of the
connectivity matrix, however one can show that this approximation holds

over a larger range than for other neural network models.

For a generic model with weak coupling, at the linearization point at which
the linear stability analysis is performed, the leading eigenvectors are derived
and the eigenvectors only depend on the topological connection to the epi-

leptogenic zone.

Considering the generic model:

N
Z,=G(Z)+X,,+Y K,H(Z))
j=1
With |Z?’=1 Kin(Zj)| « 1. The fix point solution is given in a first order ap-
proximation by:
Z’ =G (=X

which is the fixed point of the uncoupled system. We assume the leading ei-
genvector will be small at the first order for all components except for the
epileptogenic node, whose coordinate is arbitrarily set to v, =1. Computing
the Jacobian and writing the system for the leading eigenvector gives:

(GG (=X, ) - A)v+ D KH(G (=X, )y, =0

J

In the above equation, each term in the sum is of order 2, except for the term
in v, and since v, =1, one finds 4, =G'(G™'(-X,,)) . All the other terms are
calculated iteratively, finding

. Kil
" GG X, )-GG (=X, )

In particular for the epileptor, G(Z,)=4F(Z,)—- 7 , and
-1

G'(Z)=4F'(Z)-1= 1.
J8Z, +629.6/27

Checking the validity of the above analytical expression numerically can be
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performed by computing the full system for the same connectivity matrix and
the reduced system with numerical computation of the Jacobian and the ana-
lytical expression. A check reveals that the components (other than v, ) are of
second order. A consequence for real connectivity matrices is that, since only
some connections are of important weight for each node, these regions will

systematically come more often in the prediction.

The linearization procedure can be easily implemented in a set of instructions
for running simulations of a linearized brain network model. Since linear prob-
lems can be much more easily be computed than non-linear problems, the

simulation time can be greatly reduced.
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Claims

1. Method for estimating a location of an epileptogenic zone of a mamma-

lian brain, the method including the following steps:

a)

Receiving a structural skeleton model of a mammalian brain,
wherein the structural skeleton model comprises a plurality of
nodes and is based on non-invasive neuroimaging data and where-
in connectivity information of the brain between different nodes is
extracted from the non-invasive neuroimaging data;

Providing a coupled brain network model by populating each node
of the structural skeleton model with a neural population model,
wherein the neural population model corresponding to a node is
coupled to further neural population models corresponding to fur-
ther nodes according to the connectivity information;

Providing a first estimate of the location of the epileptogenic zone
in the brain network model, the first estimate of the location in-
cluding at least one of the plurality of nodes;

Predicting a location of a propagation zone in the brain network
model based on the first estimate of the location of the epilepto-
genic zone by at least one simulation of the coupled brain network

model.

2. Method according to claim 1, wherein a second estimate of the epilep-

togenic zone replaces the first estimate of the location of the epilepto-

genic zone, if the simulated propagation zone of the first estimate dif-

fers from an observed propagation zone.
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Method according to claim 2, wherein further estimates of the epilep-
togenic zone replace the second estimate, if the simulated propagation
zone of the second estimate differs from an observed propagation

zone.

Method according to any of the previous claims, wherein the steps of
providing an estimate of an epileptogenic zone and predicting a propa-
gation zone are iteratively repeated, wherein the location of the epilep-
togenic zone is changed and/or wherein parameters of the neural pop-

ulation model are changed.

Method according to any of the previous claims, wherein the neural
population model includes a parameter representing an excitability of
the population model and assigning parameter values indicating a first
degree of excitability to the at least one of the plurality of nodes of the
epileptogenic zone, and assigning parameter values indicating a lower
than the first degree of excitability to nodes coupled to nodes of the

epileptogenic zone.

Method according to claim 5, wherein a spatial distribution of the pa-
rameter values indicating the degree of excitability throughout the
brain network model is based on a distance of a node from the epilep-

togenic zone.,

Method according to any of the previous claims, wherein the coupled
brain network model includes a representation of a structural anomaly,

preferably an MRI lesion, in at least one node.
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Method according to claim 7, wherein the neural population model

includes a parameter indicating a degree of the structural anomaly.

Method according to any of the previous claims, wherein the neural
population model is represented by at least a first and a second differ-
ential equation and a time scale of the first differential equation is fast-

er than a time scale of the second differential equation.

Method according to claim 9, wherein different nodes are coupled via

the second differential equation of the respective nodes.

Method according to any of the previous claims, wherein the propaga-

tion zone prediction includes a prediction of electric activity data.

Method according to any of the previous claims, wherein the method
includes a forward model for mapping brain data to electroencephalo-
gram data, and data representing the propagation zone is fed to the

forward model.

Method according to any of the previous claims, wherein a location for
implanting stereotactic electrodes in the mammalian brain is based on

an epileptogenic zone estimation.

Method according to any of the previous claims, wherein a coupling
between the at least one node of the epileptogenic zone and a node
coupled to the at least one node is changed in a simulation and the
thereby changed brain network model is used for predicting an alterna-

tive propagation zone.



10

15

20

25

WO 2017/182637

15.

16.

PCT/EP2017/059532

30

System including a central processing unit, a memory unit and an in-

put/output interface, the device configured for estimating the location

of an epileptogetic zone of a mammalian brain including the following

steps:

a)

Loading a structural skeleton model of a mammalian brain in the
memory unit, wherein the structural skeleton model comprises a
plurality of nodes and is based on non-invasive neuroimaging data
and wherein connectivity information of the brain between differ-
ent nodes is extracted from the non-invasive neuroimaging data;
Loading a coupled brain network model in the memory unit,
wherein each node of the structural skeleton model comprises a
neural population model and wherein the neural population mod-
el corresponding to a node is coupled to further neural population
models corresponding to further nodes according to the connectiv-
ity information;

Inputting a set of starting parameters for providing a first estimate
of the location of the epileptogenic zone in the brain network
model, the first estimate of the location including at least one of
the plurality of nodes;

Evolving, by the central processing unit, and storing a location of a
propagation zone in the brain network model based on the first es-
timate of the location of the epileptogenic zone by at least one

simulation of the coupled brain network model.

System according to claim 15, wherein the Evolution of the propagation

zone includes a time-dependent evolution of the neural population

models of the plurality of nodes.
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17.

18.

19.

20.

21.

31

System according to any of claim 15 or 16, wherein the device is further
configured for comparing a stored propagation zone with a recorded

propagation signal of the brain.

System according to claim 17, wherein the device further includes a
decision engine for determining a validity of the estimated epileptogen-

ic zohe.

System according to any of claims 15 through 18, wherein the device
further includes a lesion engine for modifying the connectivity infor-

mation to simulate lesion effects.

Computer-readable medium including a set of instructions for execut-

ing the method of any of claims 1 through 14.

Method for adjusting parameters of a brain network model used for
estimating a location of an epileptogenic zone of a mammalian brain,
wherein the brain network model includes a plurality of nodes and a
neural population model is placed in each node, the method including
the following steps:

a) Distributing parameter values of a parameter indicating a
degree of excitability of the neural population model over
the plurality of nodes, the distribution based at least in part
on the distance of a node to a node of the epileptogenic
zone estimate;

b) Distributing parameter values of a parameter indicating a
structural anomaly over the plurality of nodes based on a
location of a structural anomaly derived from non-invasive

neuroimaging data;
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32

Fitting the parameter values of the parameter indicating the
degree of excitability and/or the parameter indicating the
structural anomaly, such that simulation data of the brain
network model is fitted to recorded patient data, wherein
the fitting is based on a clinician’s input or an automatic fit-
ting procedure;

Changing the location of the estimated epileptogenic zone
in the brain network model and comparing simulation data
of the brain network model including the changed location

and recorded patient’s data.
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