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Abstract Our motivation is to enable non-specialists to use sophisticated biome-
chanical models in the clinic. To further this goal, in this study, we constructed a
frameworkwithin 3DSlicer for automatically generating and solving patient-specific
biomechanical models of the brain. This framework allows determining automati-
cally patient-specific geometry from MRI data, generating patient-specific compu-
tational grid, defining boundary conditions and external loads, assigning material
properties to intracranial constituents and solving the resulting set of differential
equations. We used the Meshless Total Lagrangian Explicit Dynamics (MTLED)
algorithm to solve these equations. We demonstrated the effectiveness and appro-
priateness of our framework on a case study of brain tissue deformations caused by
placement of electrodes on the brain surface in intracranial electroencephalography
(iEEG).

Keywords Patient-specific Modelling (PSM) · Nonlinear computational
biomechanics · Brain · Brain shift · Automated computations · Electrodes ·
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1 Introduction

We are at the verge of a new exciting era of personalized medicine based on patient-
specific scientific computations. These computations usually involve solving models
described by boundary value problems of partial differential equations (PDEs).
The most common and useful are models of biomechanics, bioheat transfer and
bioelectricity.
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In this paper, we are especially interested in patient-specific biomechanics as a
tool to compute soft tissue deformations for operation planning and intraoperative
guidance. While the methods for patient-specific biomechanical model generation
[33] and solution [9, 10, 39] exist, they are very sophisticated and require very
high level of specialist expertise from the users. Therefore, the objective of the
work described here is to create an automatic framework so that these sophisticated
computations can be conducted in the clinic by a non-specialist.

We integrated the framework [9, 39] to automate the process of generating
and solving patient-specific biomechanical models into 3D Slicer (http://www.sli
cer.org/), an open-source software for visualization, registration, segmentation and
quantification of medical data developed by Artificial Intelligence Laboratory of
Massachusetts Institute of Technology and Surgical Planning Laboratory at Brigham
and Women’s Hospital and Harvard Medical School [5].

We demonstrated the application of our framework using a case study of brain
deformations caused by placement of electrodes on the brain surface in intracra-
nial electroencephalography (iEEG). The case study is obtained from database of
Computational Radiology Lab, Harvard Medical School. The paper is organized as
follows: In Sect. 2, we presented the proposed framework. In Sect. 3, we showed our
results based on the case study. Section 4 contains discussion and conclusion.

2 Proposed Framework

The four main steps of the proposed framework workflow (see Fig. 1) are as follows:

1. Image Pre-processing

• Determining patient-specific geometry from medical images

2. Model Construction

• Patient-specific computational grid generation
• Defining boundary conditions and external load (displacements of the

boundary)
• Assigning patient-specific material properties to brain tissues

3. Model Solution

• Computation of tissue deformations using Meshless Total Lagrangian
Explicit Dynamics Algorithm (MTLED)

4. Image Warping, using the computed deformation field

The details of each step are given in Sects. 2.1–2.3. Image warping is done with
example case study under Sect. 3.

http://www.slicer.org/
http://www.slicer.org/
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Fig. 1 Workflow diagram for patient-specific biomechanical interpretations of organ deformations
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Fig. 2 Results of skull stripping for patient-specific preoperative MRI. a Preoperative MRI image,
b Skull-stripped MRI

2.1 Image Pre-processing

2.1.1 Determining Patient-Specific Geometry from Medical Images

To obtain the geometry of the brain, the skull needs to be removed from the preop-
erative MRI. We remove the skull and extract the brain volume using FreeSurfer
software (http://surfer.nmr.mgh.harvard.edu/) (see Fig. 2). It is an open source soft-
ware suite for processing and analyzing human brain medical resonance images
(MRIs) [3]. Watershed algorithm is used by FreeSurfer to extract the brain portion
from T1-weighted MRI [27]. We wrote python-based scripted modules within 3D
Slicer to execute all the remaining steps.

After extracting brain volume, we use threshold filter [23] of 3D Slicer to select
the brain parenchyma (see Fig. 3). We created a three dimensional surface model
based on the selected region using model maker module of 3D Slicer, see Fig. 3 (3D
view) [32]. We applied 10% Laplacian smoothing to control the smoothing on model
[28]. We have selected 10% smoothing to avoid volume reduction.

2.1.2 Extracting Location of Electrodes

Information about the electrode locations is necessary for biomechanical modeling
of neurosurgery [39]. We extracted locations (co-ordinates) of electrodes from the
segmented electrode volume (image set containing electrode segmentations) using
our procedure implemented as 3D Slicer extension, “electrodes-to-markups”. The
procedure (see Fig. 5) consists of the following steps: (1) creating a binary label
volume from segmented electrode volume, (2) splitting the binary label volume to
segments corresponding to each electrode and (3) adding a point (3D space) at the
centroid of segments defining each electrode. The conversion from segmented elec-
trode volume to binary label volume (step (1)) is performed using PolySeg [24], a
software library that provides automatic conversions between different representa-
tions (e.g. label map, surface) [24]. Splitting the binary label volume (step (2)) is

http://surfer.nmr.mgh.harvard.edu/
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Fig. 3 Visualization of results of threshold filter along with visualization of surface geometry
produced by surface model maker of 3D Slicer with 10% value of Laplacian filter. Visualization
performed with 3D Slicer (www.slicer.org) [5]

performed using split island into segments and then segment statistics (step (3)) is
used to get the centroid (center of mass of the segment) [24].

The intraoperative (post-implantation) positions of the electrodes were extracted
(through segmentation) from theCT image (see Fig. 4) rigidly registered to the preop-
erativeMRI.We projected the extracted electrodes (see Fig. 5c) onto the brain surface

Fig. 4 CT with intracranial electrodes implanted

http://www.slicer.org
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(a) Electrodes (white) on 
CT

(b) Electrodes selected 
and split into island 
(colors)

(c) Fiducial (3D point) placed at centroid 
position of each electrode. Left: Sagittal View 
(one slice), Right: 3D View

Fig. 5 Workflow for extracting electrodes from electrode segmented volume obtained from CT
image

Fig. 6 3D patient-specific
brain model along with
electrode sheet model

segmented from the preoperativeMRI to determine the points corresponding to loca-
tion of electrodes (referred to as projected electrodes) in the undeformed (preopera-
tive) brain geometry [39]. We used these points to create an electrode sheet model by
means of PolyData algorithm [29] fromPyVista (www.pyvista.org), Pythonprogram-
ming language library [29] (see Fig. 6). We then selected the nodes of brain model
located under electrode sheet model (see Fig. 9). We define displacements on these
selected surface brain nodes (see Sect. 3 for an example on calculating prescribed
displacements) and we applied contacts (see section “Boundary Conditions”) on the
remaining boundary nodes.

2.2 Model Construction

2.2.1 Patient-Specific Computational Grid Generation

In our method, we use unstructured cloud of nodes to discretize the geometry of
interest instead of elements. In this study, we use a geometry conforming tetrahedral
background grid [9, 39]. The displacements are calculated over the cloud of points

http://www.pyvista.org
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Fig. 7 Meshless
discretization for simulation
of brain deformation caused
by surface electrodes
implantation. In this example
we have 21,788 nodes (black
dots) and 55,470 tetrahedral
integration cells with four
integration points (green dots
221,880) per cell

formed by the vertices of the tetrahedra. Volumetric integration (a step in theMTLED
solutionmethod, see Sect. 3) is performed over background integration cellswith four
Gauss points per tetrahedral cell. Creating such background grids is fully automatic
(i.e. does not require any manual correction) (see Fig. 7). It is very important to note
that our tetrahedral integration grid is NOT a finite element mesh and does not need
to conform to strict quality requirements demanded by the finite element method.
MTLED incorporates Modified Moving Least Squares (MMLS) shape functions
[11] which increases the set of admissible nodal distributions and allows very rapid
generation of patient-specific discretization of acceptable quality [9]. Whereas in
FEM, the linear tetrahedral elements exhibits volumetric locking, especially in case of
soft tissues such as the brain, which are modelled as almost incompressible materials
[36].

Our framework uses ACVD (Surface Mesh Coarsening and Resampling) [30] to
construct a patient-specific triangulated brain surface (see Fig. 8b) which is then
used for generating a 3D integration grid filled with tetrahedral integration cells (see
Fig. 8c) using Gmsh [6]. The triangulated surface is also used for defining contacts.
We automated all these steps and implemented them in 3D Slicer.

Fig. 8 a Patient-specific tetrahedral integration grid with triangular surface mesh, b Example of
triangulated patient specific brain surface mesh model, c Example of patient specific brain volu-
metric integration grid filled with tetrahedral cells (geometry conforming tetrahedral cells based
biomechanical model)



82 S. Safdar et al.

2.2.2 Defining Boundary Conditions and External Load

Boundary Conditions

The stiffness of the skull is several orders of magnitude higher than that of the brain.
Therefore, to define the boundary conditions for nodes other than displaced nodes
on the exposed surface of the brain, a contact interface is defined between the rigid
interface model of the skull and the deformable brain model. Nodes on the brain
surface could not penetrate the skull, but could slide without friction or separate
from the skull as described in [13].

We created a skull interface using the triangulated surface cells generated as
described in Sect. 2.1.2 to define contacts automatically on the surface of patient
specific brain biomechanical model.

External Load

Load can be defined either through forces (prescribing natural BCs) or displacements
on the boundary (prescribing essential BCs). It is rather difficult to make patient-
specific measurements of forces acting on the brain during surgery but there are
well-established methods for determining the displacements on the boundaries from
images. Furthermore, if we use forces, to accurately compute intraoperative defor-
mations, we need accurate information about patient-specific material properties of
the brain tissues. As there is no commonly established method to accurately deter-
mine patient-specific material properties of soft tissues from radiographic (MR, CT)
images, we define the load through imposed motion (essential BCs). This makes
the computed deformations only very weakly dependent on uncertainty in patient
specific information about tissue material properties [20, 21, 34].

To define intraoperative loading, intraoperative information is required such as
measurement of the current position of the exposed surface of the brain. This can be
done through cameras [17] and a pointing tool of a neurosurgical station [25].

In this study,we defined the load by prescribing displacements (essential boundary
conditions) on the brain surface deformed due to EEG electrode implantation [39].

Fig. 9 Brain surface nodes
(orange dots) on the surface
of the patient-specific brain
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The displacements were applied to the nodes located on the brain surface model
directly under the electrode sheet (seeFig. 9).Weapplied displacements using smooth
loading curve (3–4-5 polynomial) [12, 31].

2.2.3 Assignment of Patient-Specific Material Properties: Fuzzy Tissue
Classification

Material properties of the intracranial constituents are assigned to integration points
within the problem geometry through fuzzy tissue classification [1] algorithm. Hard
segmentation of brain tissues is difficult to automate [4] and therefore it is incompat-
ible with clinical workflows. Therefore, we integrated a fuzzy tissue classification
algorithm [15, 16, 33, 38] into our framework to automatically assign material prop-
erties to brain tissues (see results in Fig. 10). Slight inaccuracies of tissue proper-
ties assignment do not affect the precision of intraoperative displacement prediction
because the external load is defined though prescribed essential boundary condition
motion rendering the problem Dirichlet-type [20, 38].

In this framework, a neo-Hookean constitutive model (see Table 1) was used for
brain tissues with Poisson’s ratio of 0.49, whereas 0.1 was used for the ventricles

Fig. 10 Result of automatic material property assignment (Young’s modulus of 3000 Pa for the
brain and 100 Pa for CSF) using fuzzy tissue classification [33, 38]. Brain tissue and CSF (white)
were used as cluster centers. Visualization performed with 3D Slicer www.slicer.org [5]

Table 1 Material properties
of biomechanical model

Model
components

Density
(kg/m3)

Young’s
modulus (Pa)

Poisson’s
ratio

Parenchyma 1000 3000 [18] 0.49 [37]

Ventricle 1000 100 [18] 0.1 [35, 37]

Skull Rigid

http://www.slicer.org
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[34, 35]. This simple model is used as the simulation belongs to the special class
called displacement-zero traction problems (or Dirichlet-type problems) whose solu-
tions are known to be weakly dependent on the unknown patient-specific material
properties of the tissues [2, 22, 34].

2.3 Model Solution

2.3.1 Computation of Tissue Deformations: Meshless Total Lagrangian
Explicit Dynamics Algorithm

MTLED is a numerically robust and accurate meshless algorithm [7, 9]. The method
computes deformations at an unstructured cloud of nodes used to discretize the
geometry instead of elements as in finite element methods, which requires a high
quality mesh of problem geometry [33]. The algorithm uses explicit time integration
based on the central difference method. Unlike implicit time integration, this does
not require solving systems of equations at every time-stepmaking themethod robust
in performing calculations [7].

MTLED was evaluated extensively in computing brain deformations on problem
geometry based on patient specific MRI data. The simulation results presented were
within limits of neurosurgical and imaging equipment accuracy (~1mm) [9, 19]. The
method is also capable of handling very large deformations as well as cutting [8].

Meshless methods are preferred to finite element methods, due to excessive
element distortion, are unreliable in scenarios where human soft tissues undergo
very large strains in the vicinity of contact with a surgical tool while MTLED gives
reliable results for compressive strains exceeding 70% [9].

TheMTLEDsolver uses three input files automatically generated using our frame-
work within 3D Slicer, which are: (1) computational grid information file, (2) mate-
rial properties and (3) external load information file. All remaining parameters of
MTLED are set by default (see Table 2) and are based on the experience obtained
through numerous applications in computing soft continua and soft tissue defor-
mations. The end user can change these parameters as per requirements but we
recommend that a non-specialist user leave them unaltered.

3 Case Study: Intracranial Electrodes Induced Brain Shift

For the purpose of this case study, we determined prescribed displacements using a
BSpline transform obtained using scattered transformmodule [14]. The input to scat-
tered transform is the original electrode positions derived from CT (see Fig. 11a) and
the projected electrode positions (see Fig. 11b). The output is a BSpline transform.
We applied the obtained BSpline transform to the undeformed (initial) brain surface
nodes located under the electrode sheet to determine position of the corresponding
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Table 2 Default parameters
list for MTLED simulator

MTLED parameters Values

Mass scaling [7] True

Integration points per tetrahedron [7] 4

Shape function type [11] mmls

Basic function type [11] Quadratic

Use exact derivatives [11] True

Dilation coefficient [11] 2.5

Load file curve [7] Smooth

Node set Contacts

Surface Skull

Load time for running simulation 1.0 s

Equilibrium time [12] 5 s

Fig. 11 External Load aVisualization of 3D intracranial electrodes (yellow) on a preoperativeMRI
rigidly aligned with CT image, bVisualization of projected electrodes (red) onMRI, cVisualization
of brain nodes pre-transformed (red) and transformed (yellow) along with 3D brain model (blue
with reduced opacity) on preoperativeMRI rigidly aligned with CT image. Visualization performed
with 3D Slicer www.slicer.org [5]

nodes in the deformed (due to electrode implantation) brain geometry (see Fig. 11c)
(yellow transformed brain nodes)). We computed the prescribed displacements as
a difference between the locations (coordinates) of the corresponding brain surface
nodes under electrode sheet in undeformed and deformed brain geometry.

We used nodal displacements computed by MTLED (see Fig. 12) in the scattered
transform module [14] in 3D Slicer to obtain a BSpline transform to warp the preop-
erative MRI image so that it corresponds to the brain configuration with electrodes
implanted (see Fig. 12).

The simulation presented in this study was performed on a HP ProBook with
Intel Core i7 2.7 GHz processor and 8 GB of physical memory. The calculation
time for generating automatically a patient-specific computational model with all
details, including patient-specific geometry construction, craniotomy region selec-
tion, external loading and defining contacts was 180.87 s. The execution time of the
MTLED solution algorithm (i.e. obtaining the deformed model) was 762 s. The time

http://www.slicer.org
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Fig. 12 Visualization of the transformed preoperative MRI using deformation field computed by
MTLED registered onto a CT with implanted intracranial electrodes. Visualization performed with
3D Slicer www.slicer.org [5]

for warping the preoperative image with the deformation field extracted from the
model was 0.9 s.

4 Discussion and Conclusion

In this paper we described the framework for automated solution of computa-
tional biomechanics problems described by partial differential equations of solid
mechanics. We also demonstrated the effectiveness of this framework using a case
study of brain deformation caused by the placement of electrodes on brain surface
in intracranial electroencephalography (iEEG).

In this study, electrodes implanted brain shift is simulated with 21,788 nodes (i.e.
~65,364differential equations are solved) and55,470 integration cells. Themodel has
221,880 integration points. The patient specific biomechanical model construction,
which involves defining the patient specific brain geometry from a preoperativeMRI,
patient-specific tetrahedral integration grid generation, defining boundary conditions
and external loads, and assigning material properties to brain tissues, took 180.87 s
of computer processing time. The solution of the model using ourMTLED algorithm
took 762 s and finally the image warping took 0.9 s.

We are interested in computation of the deformation field within the brain which
is completely determined by the description of the displacement on the boundary and
equations of solid mechanics. We are creating an automatic framework that facili-
tates such computation for wide range of neurosurgical procedures. We previously
successfully validated through application in computation of the brain shift induced

http://www.slicer.org
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by craniotomy and comparison of the predicted deformations with the intraoper-
ative MRI [26]. In this study we present an extension of this framework to even
more challenging problems of computing brain deformations induced by implanta-
tion of intracranial electroencephalography (iEEG) electrodes [39]. We showcase it
through application in the analysis of an epilepsy patient undergoing such implanta-
tion. The results are very promising. Nevertheless application in computer simulation
of a selected surgical procedure conducted on one patient can be regarded only as a
preliminary evaluation of our framework. Therefore, we plan to apply our framework
in the analysis of more patients undergoing craniotomy induced brain shift, electrode
implantation for epilepsy treatment, and brain tumour resection.
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