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Abstract
Purpose  Finite element (FE) models are widely used to study traumatic brain injury, but most are based on single-subject 
scans or generic atlases that may not represent specific cohorts, introducing variability in biomechanical outputs. This study 
presents a reproducible framework for generating a cohort-specific MRI-derived template brain and constructing a repre-
sentative FE head model.
Methods  A cohort-specific template was created from T1-weighted and diffusion-weighted MRI scans of collision sport ath-
letes (n = 78). An FE head model was then generated from this template, with material properties mapped using MRI-derived 
microstructural information. The anatomical accuracy of the template was evaluated using deformation-based morphometry 
against standard brain atlases. The FE model was validated against cadaveric head impact experiments. Subject-specific FE 
models were also developed to test the pipeline’s applicability and model performance.
Results  Registration of an external non-collision sport controls (n = 20) to the template showed reduced deformation com-
pared with registration to the MNI152 and an existing adolescent atlas, indicating improved cohort representation. Validation 
against cadaveric data demonstrated small to moderate correlations between simulated and experimental nodal displacements. 
The subject-specific model showed significantly different strain distributions from isotropic and fiber dispersion-informed 
models at both impact intensities; the two template models did not differ significantly.
Conclusion  The proposed framework enables reproducible construction of cohort-specific FE brain models using open-
access tools. Results highlight the importance of subject- and cohort-specific modeling for accurately characterizing brain 
biomechanics. This approach improves the anatomical and microstructural realism of FE models and supports more precise 
mapping of mechanical strain to clinical outcomes in TBI.

Keywords  Finite element modeling · Traumatic brain injury · Head acceleration event · MRI · mTBI

Abbreviations
CSF	� Cerebrospinal fluid
dMRI	� Diffusion MRI
FE	� Finite element
FOD	� Fiber orientation distribution
GM	� Gray matter
GOH	� Gasser, Ogden, and Holzapfel
HAE	� Head acceleration exposure
iMG	� Instrumented mouthguard
MRI	� Magnetic resonance imaging
mTBI	� Mild traumatic brain injury

TBI	� Traumatic brain injury
WM	� White matter

Introduction

Over the past decades, research has experienced exponen-
tial growth in the use of finite element (FE) head models 
to understand brain biomechanics of traumatic brain injury 
(TBI). Advances in computational methods and neuroim-
aging have enabled increasingly sophisticated models that 
incorporate detailed representations of complex brain struc-
tures [1, 2]. In particular, the use of magnetic resonance 
imaging (MRI) has been significant in providing anatomical 
structures to guide FE model development. However, these 
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models are mostly derived from a single-subject scan [3], 
the 50th percentile of a cohort [4], or a general open-source 
brain atlas [5]. In addition, while MRI has provided anatomi-
cal details, these were based on subjects from a particular 
age or sex group, leading to geometric differences when 
applied to other cohorts. This highlights the need to better 
represent the anatomical characteristics of the populations 
to which they are applied.

This is particularly important because brain geometry 
varies substantially across age, sex, and developmental 
stage, and these differences have been shown to influence the 
brain’s biomechanical response during head impacts [6–8]. 
Consequently, FE models derived from non-representative 
templates may introduce geometric bias, which may reduce 
the validity of simulation results. Moreover, current adult 
human brain atlases may not be best suited for studying 
specific populations, particularly given the rapidly devel-
oping nature of the brain in pediatrics and adolescents [9]. 
To address this, population-specific MRI atlases have been 
proposed as anatomically representative templates for tar-
geted cohorts. For example, Zou et al. (2021) developed an 
MRI-derived adolescent brain atlas for collision sport ath-
letes to reduce registration bias using a population-specific 
atlas template, as mismatch between the template and study 
population can confound neuroimaging findings [9].

In addition to the importance of a population-specific 
atlas, studies have highlighted the need to develop subject-
specific FE head models [7]. FE models have been limited in 
the ability to efficiently generate subject-specific models that 
accurately capture an individual’s unique brain geometry 
and material properties [10]. While sophisticated models 
have emerged and studies have developed multiple sub-
ject models, they mostly used homogeneous brain materi-
als, which do not account for the heterogeneity and subject 
specificity of brain material properties. In our previous work, 
Shim et al. (2022) developed a computational pipeline in 
an ovine model that generates a subject-specific FE model 
from advanced MRI scans. Although this was one of the first 
fully subject-specific FE models of the sheep brain predict-
ing structural alteration after an induced impact, its applica-
tion and usability for human brain analysis were identified 
as future directions of the paper.

The necessity of these anatomically accurate FE head mod-
els is most evident in the study of TBI, a global public health 
problem affecting 70 million individuals annually worldwide 
[11]. It causes significant socio-economic problems [12], yet 
its mechanism remains poorly understood. Mild TBI (mTBI) 
accounts for up to 95% of all TBI cases [13]. These are caused 
by external biomechanically plausible mechanisms of injury 
involving direct or indirect forces transmitted to the head [14] 
and are followed by clinical signs of physiological disruption 
of brain function, worsened symptoms within 72-h post-injury, 
and impairment in cognitive, balance, or oculomotor function. 

In addition to the high prevalence of TBI and mTBI, inter-
est has grown in exposure to sports-related head acceleration 
events (HAE). While many HAEs are subclinical and therefore 
do not produce overt acute clinical symptoms (i.e., not TBI or 
mTBI), they have been shown to induce long-term neurologi-
cal effects [15]. However, some high-intensity HAEs cross the 
clinical threshold causing overt acute clinical symptoms (i.e., 
an mTBI incident). The short- and long-term effects of mTBI 
and subclinical HAE on brain health remain unclear, prompt-
ing growing interest [16–19].

Neuroimaging studies have examined neurological and 
microstructural alterations associated with TBI, mTBI, and 
repetitive HAE, as well as their relationships with head impact 
kinematics measured by instrumented tools. However, find-
ings remain heterogeneous, potentially driven by simplified 
quantification of impact exposure that rely mainly on linear 
and rotational acceleration [20, 21]. Properly quantifying how 
energy dissipates from these mTBI or HAE events into neu-
ronal tissue and structures is critical for understanding their 
underlying mechanisms [21]. By modeling these dynamics, 
researchers can better characterize the mechanical behavior 
of specific brain regions and map those most strained during 
an impact [20]. This biomechanical mapping influences the 
resulting pattern of structural damage and can suggest specific 
neurological sequelae [22]. Ultimately, advancing toward such 
precise quantification could support improved diagnosis and 
prognosis, with the potential to tailor therapy and rehabilita-
tion to each subject’s specific injury profile.

Building on prior studies, the purpose of this work is to 
develop a population-specific brain template and atlas for ado-
lescent collision sport athletes, create an FE head model from 
this template, and validate the model against existing human 
cadaveric data. The overarching goal is to establish a repro-
ducible MRI-to-FE pipeline that enables research groups to 
personalize their FE models for their specific cohort of interest. 
This pipeline integrates open-source packages across the full 
workflow, from MRI pre-processing to FE simulation, ena-
bling reproducibility across research groups. Furthermore, 
the existing subject-specific FE model generation pipeline 
will be applied to the human brain template developed, allow-
ing adaptation of the population template to subject scans and 
assignment of subject-specific material properties. Finally, a 
comparison of brain responses between the template-based 
and a subject-specific FE head model is performed as a proof 
of concept for generating subject-specific models using the 
proposed pipeline.
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Methods

Ethics Approval

This work was conducted under ethical approval from the 
New Zealand Health and Disability Ethics Committee 
(HDEC 20/NTB/14) in accordance with the Declaration 
of Helsinki. Participants aged > 16 years old provided 
written informed consent, while those < 16 years old pro-
vided written assent with parental consent.

Participants and Design

Subject Recruitment

This work is part of an ongoing longitudinal study in New 
Zealand recruiting adolescent male rugby union athletes 
across multiple competitive secondary school seasons 
[16, 23]. Potential participants were excluded if they had 
a pre-existing diagnosed neuropsychiatric condition, had 
dental braces that could cause imaging artifacts, or had a 
self-reported mTBI within six months prior to the study 
season of participation. mTBI diagnosis was defined 
based on the WHO Neurotrauma Task Force [24] and 
the American Congress of Rehabilitation Medicine [14]. 
Participants meeting inclusion criteria completed a multi-
modal MRI scanning at early-, mid-, and post-season. The 
term early-season is used rather than pre-season because 
many players participate in a full collision training camp 
to determine which team they will be part of (1st or 2nd 
XV) prior to the baseline (early season) scanning. For this 
work, 78 rugby players compose our collision sport group 
from whom the template was created.

Mouthguard Instrumentation

Each participant was provided with an instrumented 
mouthguard, custom molded from their dental scan, to 
record HAE exposure throughout the season. HitIQ® 
Nexus A9 was used in 2021 and Prevent Biometrics Instant 
Custom Fit 2.0 in 2023. The mouthguard had been previ-
ously validated against reference sensors in an aluminum 
headform across a range of impact intensities [25], as well 
as against on-field video validation [26]. Recorded kin-
ematic data, triggered and processed through each com-
pany’s signal processing pipeline, were exported from the 
respective iMG portals. No additional filtering or verifi-
cation was performed. HAE recorded using these mouth-
guards will serve as input for comparing non-mTBI and 
mTBI-causing HAE.

MRI Acquisition

All MR scans were acquired using a 3.0 T MR Scanner (GE 
SIGNA Premier; General Electric, MI, USA) equipped with 
a 48-channel head coil. A high-resolution 3D T1-weighted 
inversion recovery (IR)-prep, fast IR RF-Spoiled Gradi-
ent echo sequence (repetition time [TR] = 6.6 ms, echo 
time [TE] = 2.7 ms, flip angle = 12°, inversion time [TI] 
= 600 ms, matrix size = 512 × 512, FOV = 224 × 224 
mm, number of slices = 320, voxel size = 0.4 × 0.4 × 
0.5 mm) was acquired. A multi-shell spin-echo diffusion-
weighted MRI was also performed (TR = 4500 ms, TE = 
70 ms, flip angle = 90°, matrix size = 128 × 128, FOV = 
260 × 260 mm, number of slices = 80, voxel size = 2 × 2 
× 2 mm, parallel reduction factor = 2, multiband factor = 
3, b-value = 0, 1000, 2000, 3000 s/mm2, 54 gradient direc-
tions = 4, 15, 15, 20, respectively). The current analysis is 
limited to T1-W and diffusion sequences with a total scan 
time of 10 min.

MRI Pre‑processing

Pre‑processing

For the template generation, only the early-season scans were 
included. This is to control for any microstructural altera-
tion due to repetitive subclinical HAE exposure through-
out the season. All diffusion MRI (dMRI) and T1-weighted 
structural images were manually reviewed in FSLeyes to 
identify significant head motion, imaging artifacts, or miss-
ing slices. Severely affected scans were excluded prior to 
pre-processing.

Structural Image

T1-weighted images were skull-stripped using HD-Bet [27]. 
Following extraction, the brain images were segmented 
into three tissue classes—Gray Matter (GM), White Matter 
(WM), and Cerebrospinal Fluid (CSF)—using CAT [28]. 
These were used as a priori for N4 bias field inhomogeneity 
correction using ANTs [29].

Diffusion MRI

dMRI were pre-processed using FSL [30, 31] and MRtrix3 
[32] to remove noise [33], correct B1-field inhomogeneity, 
remove Gibbs’ ringing artifacts, and correct eddy current 
and motion artifacts. Eddy-current distortion was corrected 
using FSL’s ‘eddy’ function [34] with slice-to-volume cor-
rection. The Synb0-DISCO [35] was used for EPI distortion 
correction and field map estimation. After pre-processing, 
quality control was performed using Eddy QUAD [36] and 
by visual inspection in FSLeyes. Images with persistent 
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artifacts were excluded from further processing. Diffusion 
tensor imaging metrics were derived using FSL(dtifit) [37]. 
In this pipeline, only the fractional anisotropy (FA) map is 
included.

Study‑Specific MRI Template and Atlas Generation

The image processing pipeline was designed to generate a 
study-specific anatomical reference and to transfer MRI-
derived tissue and fiber information into a finite element 
model. The term “template” refers to the study-specific 
common reference space generated from the multimodal 
MRI data, primarily the co-registered T1-weighted and FA 
images. Within this common space, a separate population 
fiber orientation distributions (FOD) template was generated 
to represent average white matter fiber orientation informa-
tion for FE modeling. The term atlas refers to the labeled 
version of this template after anatomical parcellations, tissue 
labels, and white matter tract masks were incorporated. In 
this study, the labeled template was referred to as the “ABI-
Matai Adolescent Rugby Atlas 78” or “AMARA-78”.

Prior to template construction, each subject’s FA image 
was co-registered to the corresponding T1-weighted image 
via rigid registration (FSL flirt). A multimodal population 
template was then generated using ANTS antsMultivariate-
TemplateConstruction.sh, with both T1-weighted and FA 
images used to guide registration [38].

The template was initialized using the 1 mm isotropic 
MNI152 space as a common reference. Each subject image 
was first rigidly aligned to MNI152 and averaged to create 
an initial template. Each subject’s image was non-linearly 
registered to the initial template using Greedy SyN (-t GR) 
transformation model including cross-correlation for within-
modality alignment (-s CC) and mutual information where 
intermodal alignment was required. The resulting warped 
images were then averaged across participants to create an 
updated template. This process was repeated iteratively, 
with each new template used as the target for the next reg-
istration step. Iteration continued until the Pearson cross-
correlation similarity index between subsequent template 
iterations reached a plateau for both the T1-weighted and 
FA templates.

Population FOD Template Generation

Each participant’s FA image was affine registered to the tem-
plate FA (antsRegistration.sh), and the resulting transfor-
mation was applied to the pre-processed diffusion-weighted 
images (antsApplyTransforms). The b-vectors were rotated 
to account for the spatial transformation. Given that white 
matter fiber tract orientation can significantly influence tis-
sue deformation along the principal fiber direction [39], the 

fiber orientation distributions (FOD) were estimated for each 
participant.

Response functions were estimated using the ‘dhol-
lander’ algorithm [40], followed by multi-shell multi-tis-
sue constrained spherical deconvolution (MSMT- CSD) in 
MRTrix3. Output FODs were then used as input to the ‘pop-
ulation_template’ in MRTrix3 to generate a study-specific 
FOD template. From this template, the first three FOD peaks 
were extracted and used to derive the fiber direction vectors 
for subsequent FE modeling.

Atlas and ROI Generation

The template T1-weighted structural image was parcellated 
and segmented using ‘SynthSeg’ [41]. This outputs a label 
map with regions indexed as outlined in Supplementary 
Material 1 following the Desikan–Killiany parcellation 
[42]. To parcellate the WM regions, the template FOD peaks 
served as input to TractSeg [43]. The GM parcellation, tis-
sue segmentations, and WM tract masks were incorporated 
into the population template to create the labeled AMARA-
78 atlas. This atlas provided the anatomical reference used 
to localize regional brain responses and guide MRI-to-FE 
material assignments.

To evaluate the volumetric accuracy of the AMARA-
78 atlas, its regional parcellation volumes were compared 
against the mean and standard deviation of the individual 
SynthSeg-derived volumes from the cohort of rugby players.

AMARA‑78 MRI Evaluation

AMARA-78 T1 template was evaluated using a cohort of 
20 male non-collision sport athletes assessed at a single 
time point, who served as controls in our longitudinal study 
set-up [16, 23]. Participants were actively participated in 
non-collision sports including basketball, track and field, 
rowing, and waka ama (outrigger canoe racing). MRI scans 
were acquired using the same protocol as for the collision 
sport athletes.

To assess potential registration bias, deformation-based 
morphometry was performed using an approach similar to 
Zou et al.[9]. Pre-processed T1-weighted images were nor-
malized separately to the MNI152-1mm template, Purdue 
Neurotrauma Group (PNG) [9] and the AMARA-78-T1 
template. The MNI152-1mm template is derived from 152 
young adult brains and averaged together after high-dimen-
sional nonlinear registration into the common MNI152 
coordinate system. On the other hand, PNG is a brain atlas 
derived from early-to-middle adolescent collision-sport 
athletes.

For each registration, the logarithm of Jacobian deter-
minant (logJ), representing local volume difference, was 
estimated in ANTs. The absolute logJ (|logJ|) values were 
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computed and transformed to the MNI152 space to ensure 
all deformation maps were aligned on a common voxel grid 
for voxel-wise statistical comparison. Voxel-wise paired-
sample t tests were then performed in FSL randomize with 
5000 permutations, using threshold-free cluster enhance-
ment and family-wise error correction [44]. Voxels were 
considered statistically significant at a threshold of p < 0.05.

FE Model Generation

A surface mesh was generated from the AMARA-78 
T1-derived brain mask using 3DSlicer [45]. To represent 
anatomical continuity with the spinal cord, the lower end of 
the brainstem was subsequently extruded to include a sim-
plified spinal cord segment. The resulting STL file was then 
imported into PolyCube (https://​www.​cs.​ubc.​ca/​labs/​imager/​
tr/​2018/​HexDe​mo/), which automatically generated a hexa-
hedral volume mesh that is compatible with direct import 
into FEBio as a template FE model [46]. Afterward an in-
house Python script established element-voxel correspond-
ence by identifying the MRI voxels contained within that 
element. The voxel values were then aggregated to assign 
element-wise properties, enabling MRI-guided assignment 

of tissue class and material parameters to the FE mesh. Thus, 
we first mapped MRI-derived segmentations onto the FE 
mesh, assigning each element to tissue classes including 
GM, WM, and CSF. As for WM, spatially varying hetero-
geneous material properties were assigned by linking each 
element to corresponding DTI-derived voxel information. 
This approach has previously been used to assign element-
specific material information in different FE modeling appli-
cations [10, 21, 47]. The falx cerebri and tentorium cerebelli, 
which are important intracranial structures [5], were repre-
sented as manually defined single-layer element structures 
positioned between the cerebral hemispheres and between 
the cerebrum and cerebellum, respectively.

Brain tissue was modeled using a hyper-viscoelastic fiber-
reinforced anisotropic model based on Gasser, Ogden, and 
Holzapfel (GOH) formulation to incorporate WM anisot-
ropy. This approach was described in detail in our previ-
ous work [10]. Moreover, the fiber dispersion parameter in 
the GOH model was informed by FA, following the method 
described by Giordano and Kleivin [48], while the Prony 
series parameters governing viscoelastic relaxation were 
derived from Giudice et al. [49]. The material properties 
used in this study are provided in Table 1.

Table 1   Material coefficients for brain materials and correlation of fractional anisotropy with corresponding dispersion orientation parameter 
applied in the finite element head model

Gray matter regions are assigned k = 0.333. Correspondence above is applicable for white matter regions

A) Material properties

Tissue type Material description Density References

Skull Rigid Body Density: 2 kg/dm3 Kleiven (2010)[50]
Dura mater Isotropic Elastic Density: 1.13 kg/dm3

Young Modulus: 31.5 MPa
Poisson’s Ratio: 0.45

Kleiven (2010)[50]

Falx and tentorium Isotropic Elastic Density: 1.13 kg/dm3

Young Modulus: 31.5 MPa
Poisson’s Ratio: 0.45

Kleiven (2010)[50]

CSF Incompressible Neo-Hookean Density: 1 kg/dm3

Bulk Modulus: 2.1 GPa
Giordano et al. (2014) [51]

Gray and white matter Uncoupled Viscoelastic Density: 1.04 kg/dm3

Bulk Modulus: 50 MPa
Giordano et al. (2014) [51]

B) Fractional anisotropy correlation to corresponding dispersion orientation parameter [51]

Fractional anisotropy k value

0.0–0.2 0.3333
0.2–0.3 0.2732
0.3–0.4 0.2500
0.4–0.5 0.2273
0.5–0.6 0.2000
0.6–0.7 0.1667
0.7–0.8 0.1282
0.8–0.9 0.0769
0.9–1.0 0.0000

https://www.cs.ubc.ca/labs/imager/tr/2018/HexDemo/
https://www.cs.ubc.ca/labs/imager/tr/2018/HexDemo/
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Considering the influence of WM orientation on the 
pattern of deformation along major fiber direction, fiber 
orientation was incorporated into the model following our 
previous approach [10, 21]. Fiber direction vectors derived 
from the template FOD were mapped onto the FE mesh, 
assigning a local fiber orientation to each WM element. 
These element-wise fiber vectors were then used to define 
the preferred fiber direction in the fiber-reinforced hyper-
viscoelastic constitutive model implemented in the open-
source FE software called FEBio (www.​febio.​org). The final 
FE model has edge length ranging from 1.5 mm to 5.0 mm, 
and 92,736 elements.

To create a realistic representation of the brain–skull 
interface, CSF and dura layers are included in the model. 
The contact interface between the brain and the skull was 
modeled using a sliding elastic with friction factor of 0.2 
[52]. The CSF elements in contact with the Falx and tento-
rium were re-assigned as falx and tentorium and were mod-
eled to be in tied contact with the dura layer to represent 
the continuity of this membrane. An overview of the full 
pipeline is presented in Fig. 1. A mesh convergence analysis 
was performed by varying the mesh resolution of the FE 
head model. This is reported in the supplementary material. 

FE Model Validation

After the FE model with dispersion orientation parameter 
was created, validation is required to assess the biofidelity of 
the results. In this work, validation is performed against the 
experiments of Alshareef et al. and Hardy et al. on cadaveric 
head impacts [53, 54].

Alshareef et  al. applied pure coronal rotation on the 
cadaveric head (male, 53 years old) using a rotational test 
device. Subsequently, the displacement results for crystals 
in the skull were recorded. To replicate this loading condi-
tion in FEBio, a prescribed rotational motion was applied 
to the model using a load curve that peaks at 20 rad/s over 
60 ms. The rotation was applied about the coronal (x) axis, 
producing side-to-side rotation of the head. The locations 
of the experimental receivers (receivers 9, 16, and 31) were 
approximated based on the reported x-, y-, and z-coordinates 
relative to the model’s center of gravity, identified using 
the same process described by Alshareef et al. (i.e., use of 
Frankfort plane). The corresponding brain tissue nodes were 
identified, and tri-axial displacements were extracted relative 
to their initial positions for comparison with the experimen-
tal measurements.

Fig. 1   Summary figure illustrating the pipeline from MRI processing to finite element head model generation

http://www.febio.org
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Similarly, the tri-axial linear and rotational acceleration 
reported by Hardy et al. was also applied to the model. For 
this validation, C064-T2 (male, 82 years old) was used, and 
neutral density targets (NDT) 7 and 8 were approximated in 
the FE head model based on the provided initial position. 
Displacement of these NDTs with respect to the center of 
gravity is recorded and compared with those reported in the 
literature. This test was chosen as a reference to reduce effect 
of sex on validation as well as it being sufficiently reported 
in the supplementary material of Hardy et al. (2007).

CORrelation and Analysis (CORA) score was computed 
by incorporating both corridor rating and cross-correlation 
rating as implemented in the CORA tool by Gehre et al. [55]. 
The corridor method evaluates the deviation of the simu-
lated response from experimental data within automatically 
defined corridors, whereas the cross-correlation method 
quantifies agreement in phase, size, and progression. The 
final CORA score is calculated as a weighted sum of the 
corridor and cross-correlation ratings.

In addition to validating the AMARA-78 FE head model 
against the cadaveric head experiment, input material 
properties (Table 1) were systematically varied by ±10% 
as summarized in Supplementary Material 2. The overall 
mean CORA score for each parameter variation was aver-
aged across all NDTs of Alshareef et al.’s experiment and 
the resulting change in CORA score was reported. 

Subject‑Specific Model Generation 
from the AMARA‑78 MRI Template

After the template model validation, the ability of the pipe-
line to create subject-specific models was evaluated. From 
our cohort, one athlete exposed to repeated HAE through-
out the season was randomly selected. A subject-specific 
brain surface mesh was generated from the participant’s 
T1-weighted brain mask and used as the target geometry 
for morphing the template FE model.

To match the subject’s unique brain shape, the free-form 
deformation algorithm [56] developed in-house was applied 
to morph the template FE mesh model into the subject’s sur-
face mesh. The target surface mesh contained substantially 
more vertices than the external nodes of the template FE 
model, providing a sufficiently dense set of correspondence 
points to achieve a stable root mean square error between 
template and target geometry (< 1mm). This morphing 
method preserves the nodal and elemental relationships of 
the template mesh across all subject-specific models, allow-
ing direct inter-subject comparison in future large-cohort 
studies. After mesh morphing, element-wise assignments, 
including material properties, anatomical label, and fiber 
direction, were performed in the same manner as for the 
template FE model, and contact interfaces were similarly 
defined.

Instrumented mouthguards data from all recorded HAE 
across the entire cohort for the whole season were pooled 
to derive the 95th and 99th percentile highest-intensity 
HAE based on peak angular acceleration representing 
high-severity exposure within our sample. These loading 
conditions were subsequently applied as boundary con-
ditions. This approach provides determination of upper-
bound representation of in-practice and in-game HAEs 
recorded during the season, enabling model comparison 
without relying on single-subject extreme events that may 
be influenced by subject-specific variability. Details of this 
HAE and its profile can be accessed in Supplementary 
Material 3. Briefly, the 95th percentile impact had a peak 
angular acceleration of 3,416 rad/s2, whereas the 99th per-
centile impact reached 6,371 rad/s2.

For this analysis, three models were compared: 1) the 
template model with WM and GM assigned as isotropic 
materials (k = 0.333; isotropic), 2) the template model 
incorporating a dispersion orientation parameter for het-
erogeneous WM materials (anisotropic), and 3) a fully 
subject-specific model generated from the subject’s MRI 
(subject specific). After simulation, 1st principal Green-
Lagrange strain (maximum principal strain – MPS) was 
extracted and averaged within each region using the Desi-
kan–Killiany [42] parcellation. Regional averaging was 
used to summarize the spatially varying strain field into 
an anatomically meaningful regional measures, enabling 
robust comparison of strain patterns across models within 
a standardized neuroanatomical framework.

Regional averaged strains were extracted for each model 
at 10, 20, 30, and 40 milliseconds. Considering the nested 
structure of the data—84 regions evaluated across four 
discrete time points—a linear mixed-effects model (LMM) 
was used to evaluate the influence of model type on brain 
response. This accounted for the non-independence of spa-
tial measurements and the repeated-measures nature of 
strain profiles. Average maximum principal strain served 
as the dependent variable, while model type and timestep 
were defined as fixed effects. Region of interest was incor-
porated as a random effect. To address multiple compari-
sons, p-values were adjusted using the Benjamini–Hoch-
berg [57] procedure to control the false discovery rate 
(FDR).

In addition to comparing DK atlas-averaged strain pro-
files, all three FE models (isotropic template, anisotropic 
template, and subject specific) were validated against exper-
imental cadaveric head impact data from Alshareef et al. 
and Hardy et al. This two-part validation framework enabled 
us to assess whether incorporating dispersion orientation 
parameter improves model validation performance (isotropic 
vs. anisotropic) and to evaluate the impact of brain volume 
differences on model performance (subject-specific vs. 
template-based models). T test was performed to compare 
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CORA score between models for each cadaveric head exper-
iment and effect size was quantified using Cohen’s d. 

Furthermore, a further analysis evaluated whether the 
AMARA-78 anisotropic model estimated strains represent-
ative of those generated by subject-specific finite element 
head models of the rugby players. Analyses were conducted 
on the whole brain and regionally averaged across the corpus 
callosum and left hippocampus. This is reported in the Sup-
plementary Material 4.

Results

AMARA‑78 Template Evaluation

The AMARA-78 T1-weighted and FA template generated 
from rugby players are illustrated in Figure 2 which shows 
representative axial slices of the T1-weighted template and 
the corresponding FA template. The volume of the tem-
plate cerebellar and cerebral cortex GM and WM, includ-
ing comparison with the input rugby players are presented 
in Table 2. 

A comparison of SynthSeg-derived volumes of the 
AMARA-78 and rugby players revealed that most regions 
sit within 1 standard deviation from the mean of the rugby 

Fig. 2   Representative axial 
slices of the T1-weighted (top) 
and the corresponding fractional 
anisotropy template (bottom)

Table 2   Table of comparison of the white matter and gray matter regional volumes between template and the mean and standard deviation of 
input subjects

Structure Volume of template (mm3) Mean and standard devia-
tion from subjects (mm3)

Total intracranial 1,557,721.10 1,594,191.62 ± 104,675.18
Cerebrospinal fluid 218,140.78 183,660.66 ± 15,486.73
Brain stem 24,807.85 25,114.53 ± 2,101.52

Right hemisphere Left hemisphere

Volume of template 
(mm3)

Mean and standard deviation 
from subjects (mm3)

Volume of template 
(mm3)

Mean and standard 
deviation from subjects 
(mm3)

Cerebral white matter 254,730.55 262,041.61 ±19,977.02 251,688.00 257,489.23 ± 19,490.09
Cerebral cortex 287,822.56 312,254.77 ± 21,819.79 285,806.03 314,283.32 ± 21,799.79
Lateral ventricle 4,863.49 5,275.35 ± 2,989.19 5,133.03 5,472.29 ± 2,911.49
Inferior lateral ventricle 397.50 329.54 ± 70.31 440.80 393.61 ± 96.58
Cerebellum white matter 15,975.83 16,301.85 ± 1,333.58 15,262.71 15,496.48 ± 1,279.35
Cerebellum cortex 61,247.41 63,353.12 ± 4,984.67 61,222.93 63,149.82 ± 4,805.63
Thalamus 8,155.40 8,122.9 ± 620.73 8,588.93 8,677.38 ± 741.26
Caudate 4,581.43 4,463.68 ± 413.42 4,777.76 4,689.35 ± 407.37
Putamen 6,378.70 6,359.9 ± 478.71 6,281.82 6,291.88 ± 496.55
Pallidum 1,816.53 1,789.71 ± 151.18 2,057.41 2,028.37 ± 165.41
Hippocampus 4,503.63 4,472.23 ± 321.42 4,439.71 4,392.87 ± 319.81
Amygdala 2,088.20 2,076.29 ± 162.52 2,392.58 2,278.2 ± 181.43



Reproducible MRI-to-FE Workfow for Finite Element Head Models

players. This is except for the bilateral cerebral cortex, and 
cerebrospinal fluid.

After generating the template, we evaluated whether 
AMARA-78 provided a better anatomical reference for this 
cohort than existing reference templates. This was assessed 
using deformation-based morphometry done on three tem-
plates—AMARA-78, MNI152, and PNG. The amount of 
local anatomical warping required during registration was 
quantified using the absolute log-Jacobian determinant |logJ|. 
Larger |logJ| values indicate greater local expansion or com-
pression, and therefore greater anatomical deformation, dur-
ing normalization. As shown in Fig. 3, fewer voxels showed 
significantly larger |logJ| when using the AMARA-78 than 
MNI152-1mm (MNI152-1mm: 140,148 voxels; AMARA-
78: 94,920 voxels). Similarly, registration to AMARA-78 
revealed fewer voxels showing significant larger |logJ| com-
pared to PNG (PNG: 376,624 voxels; AMARA-78: 169,762 
voxels).

FE Model Validation

The FE head model developed from the AMARA template 
was validated against two sets of experimental data using 

CORA to quantify the difference between the FE head 
model-predicted displacements and those recorded in the 
experimental data. CORA scores were qualitatively inter-
preted following the effect size convention according to this 
scale [58]: small (< 0.2), moderate (0.21–0.50), and large 
(≥ 0.8).

Validation against Alshareef et al. The displacement 
responses along the x-, y-, and z-axes were extracted from 
FE brain nodes corresponding to experimental receivers 9, 
16, and 31 reported by Alshareef et al. These responses are 
compared with experimental measurements as shown in 
Fig. 4. Quantitative agreement was assessed using CORA 
scores, with results for each receiver–axis pair reported in 
Fig. 4. Overall, CORA analysis indicated moderate agree-
ment between simulated and experimental responses, with 
scores ranging from 0.26 to 0.56.

Validation against Hardy et al. Similarly, displacement 
responses along all three axes were obtained from nodes cor-
responding to neutral density targets (NDTs) 7 and 8 from 
Hardy et al.’s experiments. Comparisons between simu-
lated and experimental data are shown in Figure 5. Overall, 
CORA analysis indicated moderate scores ranging from 0.46 
to 0.82.

Fig. 3   Voxel-wise statistical maps (p < 0.05, FWE-corrected) of 
deformation (|logJ|) in non-collision sport controls, comparing nor-
malization to the MNI152-1 mm and PNG template with normaliza-
tion to AMARA-78. Results are shown in the axial plane. Red and 

blue regions indicate significantly greater and lesser morphological 
change, respectively, during spatial normalization relative to the pro-
posed template
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Sensitivity Analysis Varying input material properties by 
± 10% revealed that the density of the GM and WM exerted 
the greatest influence on the AMARA-78 model’s valida-
tion performance against the Alshareef et al. cadaveric head 
experiment (0.0404). This was followed by the Poisson’s 
ratio of the dura, falx, and tentorium (0.0088). These results 
are summarized in Supplementary Material 5.

Comparison of Template and Subject‑Specific FE 
Head Model

After validating the AMARA-78 FE head model against 
experimental displacement data, we evaluated how differ-
ent levels of model personalisation influenced predicted 
brain strain. Three model configurations were compared: 
1) isotropic template model, 2) the template model incor-
porating spatially varying FA-derived fiber dispersions and 
orientation parameters, and 3) a fully subject-specific FE 
head model. This comparison was performed to determine 
whether incorporating MRI-derived white matter infor-
mation into the template model altered strain predictions 
relative to an isotropic template baseline, and how these 

template-based predictions compared with a fully subject-
specific model.

Before comparing strain predictions, the MRI-to-FE 
assignment of diffusion-derived material information was 
visually assessed. Figure 6 compares the original FA map 
with the FE model after element-wise FA assignment. This 
qualitative comparison demonstrates the spatial distribution 
of FA values was preserved when voxel-based MRI informa-
tion was transferred to the FE mesh. The template FA map 
appears smoother or less locally heterogeneous than subject-
specific FA map because it represents a population average. 
In addition, Fig. 7 presents a comparison between the MRI-
derived total intracranial volume (TIV) and the FE head 
model volume. The volume of the AMARA-78 head model 
is 1,574,149 mm3, while the rugby subjects have a mean 
FE head model volume of 1,592,028.81 ± 107,265.25 mm3. 
MRI-derived TIV and FE head model volume demonstrated 
a significant correlation (r = 0.998, p < 0.05).

These models were then subjected to the 95th and 
99th percentile impact as boundary conditions, and the 
resulting maximum principal strain was compared across 
atlas-defined brain regions as shown in Figures 8 and 9. 

Fig. 4   Comparison between experimental data from Alshareef et al. and model simulation
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Generally, the regional strains across all models peaked 
between 20 and 30 ms before decreasing at 40 ms. While 
the three models yielded varying strain magnitudes under 
the 95th percentile impact, the differences between the 
isotropic template and the template model with dispersion 
diminished at the 99th percentile impact; in contrast, the 

subject-specific model maintained a distinct profile across 
both impact intensities.

The LMM demonstrated that model construction sig-
nificantly influenced predicted maximum principal strain 
across the brain (p < 0.01). Under both the 95th and 99th 
percentile impact condition, the subject-specific model 

Fig. 5   Comparison between experimental data from Hardy et al. and model simulation

Fig. 6   Qualitative comparison of the fractional anisotropy map and 
the finite element head model, color-coded based on the fractional 
anisotropy value. The template FA map appears smoother or less 
locally heterogeneous than the subject-specific FA map because it 

represents a population average. When FA values are mapped from 
MRI to the FE model, this same spatial pattern is retained in the cor-
responding FE model
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showed significant differences compared with the tem-
plate model incorporating fiber dispersion parameters 
and the isotropic baseline (p < 0.01). This remained sig-
nificant after FDR correction. While not significant, the 
template model incorporating fiber dispersion parameters 
showed higher regional averaged strain values than the 
isotropic model, especially at the later periods (Table 3). 
Timestep also significantly influenced strain magnitude 
(p < 0.01), consistent with the observed time-dependent 
strain response across models.

Mean ± SD CORA scores for the subject-specific, 
isotropic, and anisotropic models were 0.3453 ± 0.0753, 
0.4276 ± 0.1080, and 0.4303 ± 0.1113, respectively, for 
the Alshareef et al. experiments, and 0.5754 ± 0.1479, 
0.5988 ± 0.1636, and 0.5994 ± 0.1620, respectively, for 
the Hardy et al. experiments. Unadjusted pairwise com-
parisons in the Alshareef et al. experiment revealed that 
the subject-specific model significantly differed from both 
the isotropic (p = 0.0288) and anisotropic (p = 0.0266); 
however, these differences were not significant when com-
paring CORA scores of the three models for the Hardy 
et al. experiment.

The anisotropic model showed the highest mean CORA 
score for both the Alshareef et al. and Hardy et al. The 
subject-specific model demonstrated substantially greater 
effect size differences relative to the anisotropic (d = 
0.9116 for Alshareef; d = 0.1547 for Hardy) and isotropic 
models (d = 0.8983 for Alshareef; d = 0.1501 for Hardy) 
than was observed between the two template models (d < 
0.0248). These findings suggest that subject-specific mate-
rial properties had a greater influence on CORA agreement 
than the inclusion of anisotropic material behavior.

Discussion

In this study, a computational framework for the genera-
tion of a population-specific brain template was estab-
lished. Subsequently, this pipeline was extended to create 
an FE head model with heterogeneous material proper-
ties guided by dMRI-derived metrics. This was validated 
against human cadaveric head experiments conducted by 
Alshareef et al. [53] and Hardy et al. [54], demonstrating 
that this pipeline is able to capture the transient biome-
chanical response of the head under HAE. Finally, a com-
parison of the strain profile in the brain upon exposure to 
the 95th and 99th percentile HAE recorded across the sea-
son was made between the isotropic model, MRI material-
guided template model, and subject-specific models.

Average Template Generation

HAE exposure and mTBI diagnosis are more common in 
athletes participating in collision sports than in non-con-
tact sports [59]. Potentially, due to repetitive HAE expo-
sure, the brains of these athletes may exhibit a distinct 
trajectory from non-contact sport or age-matched coun-
terparts [9]. Emerging evidence suggests that repetitive 
HAE exposure may alter neuroanatomical trajectories, 
as evidenced by dMRI studies probing microstructural 
divergence in athlete cohorts [60–62]. Despite these find-
ings, the literature remains characterized by heterogeneous 
results, often attributed to variability in MRI processing 
pipelines [61]. A critical but frequently overlooked factor 

Fig. 7   Comparison of MRI-derived total intracranial volume (TIV) and finite element (FE) head model volume for the rugby cohort and the 
AMARA-78 template. A strong, statistically significant correlation was observed between the two volumetric measures (r = 0.998, p < 0.05)
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Fig. 8   A Spatial maximum principal strain for the whole brain for the 
three models under the 95th percentile impact based on peak angu-
lar acceleration across the whole rugby season for all athletes as a 
boundary condition. B Time-series of average maximum principal 
strain across regions of interest defined by the Desikan–Killiany (DK) 

atlas discretized according to time steps, comparing the isotropic tem-
plate, the template incorporating a dispersion orientation parameter, 
and the subject-specific model. C Time-series average maximum 
principal strain across regions of interest defined by the DK atlas
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in this heterogeneity is the systematic bias introduced dur-
ing spatial normalization.

In a study of Wilke et al. [63], a strong age effect was 
found when comparing the normalization of pediatric sub-
jects to a standard adult and a custom pediatric template. 
In the present study, we observed a greater volume of vox-
els exhibiting substantial deformation when registering our 
control cohort to the MNI152 atlas than when registering it 
to our AMARA-78 template. This difference is likely influ-
enced, at least in part, by the age discrepancy between the 
subjects used to construct each template. The MNI152 was 
generated from a cohort of adults aged 18-44 years old [64]. 
Furthermore, this age-related differences is further inves-
tigated by comparing normalization to our AMARA-78 
template and the PNG which are from considerably simi-
lar adolescent cohorts. Despite the similarity in age, the 
PNG template still showed a greater volume of voxels with 
larger deformations than the AMARA-78 template. This 
finding suggests that, although age remains an important 
consideration due to ongoing neurodevelopment during 
adolescence, other factors such as demographic differences 
may also contribute to morphological variability leading 
to template-specific deformation patterns [65]. While this 
does not inherently invalidate MNI152 as a standard space 
for general populations and the utilization of PNG for ado-
lescent cohorts, it highlights the critical need for age- and 
cohort-appropriate templates in sports-related neurotrauma 
research. Moreso, this adds up to the increasing literature 
highlighting the necessity to use study cohort-specific tem-
plate not only for adolescents but also for pathological or 
atrophy related studies [66].

A difference in the underlying anatomy of a study cohort 
from the target template can increase the required spatial 
deformation, thereby increasing potential registration inac-
curacies. This can introduce bias, leading to errors in the 
analysis. Although registration accuracy was not directly 
quantified via anatomical landmarks, deformation magni-
tude was evaluated as a proxy for spatial transformation 
required in this study. Zou et al. demonstrated that using 
a population-specific diffusion MRI template for early-to-
middle adolescent collision sport athletes reduced spatial 
normalization bias and improved the sensitivity of for detect-
ing regional white matter diffusion changes compared with 
existing standard templates [9]. By utilizing a template that 

reflects the specific morphometry of our rugby cohort, we 
minimize registration-induced bias, helping ensure that 
observed biomechanical and structural variances are reflect 
true physiological differences rather than artifacts of the nor-
malization process.

Finite Element Head Model

This study integrates brain MRI with head impact FE sim-
ulations by generating an FE head model from the MRI-
derived population template. FE analysis of the mechanical 
response of the brain under HAE has become widely used in 
TBI research [21], primarily because it provides regionalised 
strain profile that allow further characterization of potential 
alterations caused by HAE. Miller et al., in a study relating 
HAE metrics to longitudinal DTI changes in youth football 
players, showed that strain-based cumulative exposure met-
rics were better predictors of WM diffusion changes than 
traditional kinematic-based impact metrics [67]. However, 
while dozens of FE models have been developed in the past 
[68], their bio-fidelic property to mimic real-world brain 
response is of utmost importance. A gold standard for vali-
dation is to compare FE simulation results with cadaveric 
head experiments [53, 54]. Given that the proposed MRI-to-
FE pipeline in this study was designed for TBI, mTBI, and/
or HAE studies, brain deformation is a relevant mechanism 
to consider [69]. Therefore, the model generated through the 
pipeline was validated against cadaveric head experiments.

Validation of our FE model revealed small to moderate 
CORA score, which are comparable to those reported FE 
head model studies that performed similar validations [5, 
20]. As discussed in depth by Carmo et al., these differences 
can be explained by several factors [20], primarily, in this 
case, age difference. The MRI template used to generate the 
FE model was from adolescent rugby players aged 14–18 
years, whereas Alshareef et al. used a 53-year-old specimen, 
and Hardy et al. used an 82-year-old male. Kleiven et al. 
have shown the effects of brain size and shape on the brain’s 
mechanical response to impact [6].

Personalisation produced a larger difference in CORA 
agreement in the Alshareef et  al. measurements than 
changing the template material formulation from iso-
tropic to anisotropic. However, the subject-specific model 
had lower, rather than higher, CORA agreement with this 
experimental dataset. This finding should not be inter-
preted as evidence that subject-specific modeling reduces 
biofidelity. The model developed in this study were 
derived from adolescent rugby players aged 14–18 years, 
whereas the Alshareef et al. and Hardy et al. experiments 
involved 53- an 82-year-old male cadaver specimens, 
respectively. The experimental measurements therefore 
provide valuable experimental validation benchmark but 
are not specimen- or population-matched ground truth for 

Fig. 9   A Spatial maximum principal strain for the whole brain for the 
three models under the 99th percentile impact based on peak angu-
lar acceleration across the whole rugby season for all athletes as a 
boundary condition. B Time-series of average maximum principal 
strain across regions of interest defined by the Desikan–Killiany (DK) 
atlas discretized according to time steps, comparing the isotropic tem-
plate, the template incorporating a dispersion orientation parameter, 
and the subject-specific model. C Time-series average maximum 
principal strain across regions of interest defined by the DK atlas

◂
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the adolescent models. The lower CORA score may reflect 
differences in age, brain geometry and tissue properties 
or brain-skull morphology between the adolescent model 
and the experimental specimens. Consequently, the present 
results demonstrate that personalisation alters validation 
performance relative to these particular benchmarks, sug-
gesting that it may be an important factor in predictive 
accuracy. However, its benefit can only be determined 
using specimen- or population-matched experimental data. 

Nevertheless, qualitatively, the behavior of our FE 
model, measured by the displacement magnitude (i.e., 
0–3 mm for Alshareef et al.) of the corresponding nodes 
relative to the receivers or NDTs used in the cadaveric 
experiments, closely matched the experimental data. 
Moreso, our CORA scores are within the range reported 
for established FE models. For example, Miller et al. [70] 
reported average CORA scores against the Hardy results 
in the range of 0.26 ~ 0.415. Alshareef et al also reported 
average weighted CORA values ranging from 0.36 to 
0.51 with the Simulated Injury Monitor (SIMon) model 
[71]. While differences in size and geometry between our 
model and the cadaveric head specimens may explain the 
deviation in brain response between our FE model and the 
cadaveric experiments, they also highlight the importance 
of the pipeline constructed in this study, which includes 
generating a population-appropriate template and FE 
model.

This pipeline validation provides confidence in biofidel-
ity and the concordance of strain measures from simulation 
with real-life brain response. This can provide insights into 
the biomechanics of brain injury and deformation by war-
ranting estimation of regional strain from measured head 
kinematics. Moreover, given that this pipeline uses open-
access packages and software [30, 32, 46, 72], other studies 
can replicate and apply it to their study cohort without being 
limited by access to proprietary algorithms. This may help 
address the lack of sufficient data across different sports, sex, 
and age groups, as emphasized by Ji et al. [69].

Another finding of this study was that subject-specific 
model predicted significantly different strain patterns than 
the isotropic and model with dispersion orientation param-
eter. Although incorporating fiber dispersion parameters 
did not significantly alter temporal strain trajectories of the 
template model or demonstrably improve the template model 
biofidelity, the anisotropic formulation predicted higher 
strain magnitudes. These findings underscore the importance 
of constitutive complexity and suggest that subject-specific 
material and structural features serve as critical modulators 
of tissue deformation.

Although the influence of brain material differences 
in anatomically detailed head models remains to be fully 
investigated [73], model features such as geometry, material 
properties and fiber orientation can play an important role 
in predicting brain deformation in a continuous and nonlin-
ear manner [74]. Across loading conditions ranging from 
subconcussive to mTBI level impacts, increasing impact 
severity is generally expected to produce larger mechanical 
responses. This continuity assumption is reasonable across 
a broad biomechanical spectrum of HAE, but may become 
invalid at higher impact severities due to mechanical break-
down. It should be noted that, under high-intensity impact, 
only the subject-specific model showed a significant differ-
ence compared with the two template models. This differ-
ence is potentially driven more by intracranial volume dif-
ferences than by variation in material properties. Kleiven 
and von Holst have shown that scaling a 3D adult FE head 
model across six varying brain sizes resulted in increasing 
brain response [6].

A study highlighted variation in the validation scores 
of different brain material models when validated against 
cadaveric head experiments and low-intensity volunteer 
tests [74]. Specifically, some constitutive formulations 
achieved high CORA scores when validated against 
cadaveric experiments but performed less favorably under 
low-intensity volunteer tests, highlighting the sensitivity 
of model performance to both material properties and 

Table 3   Time-series median 
and interquartile range of the 
average maximum principal 
strain across all regions of 
interest, as defined by the 
Desikan–Killiany atlas, for the 
isotropic template model, the 
template model incorporating 
a dispersion orientation 
parameter, and the subject-
specific finite element head 
model

Timestep (ms) Isotropic template model Template model with disper-
sion orientation parameter

Subject specific

95TH percentile impact
10 0.0299 [0.0244–0.0387] 0.0305 [0.0244–0.0393] 0.0343 [0.0281–0.0416]
20 0.0468 [0.0371–0.0582] 0.0463 [0.0332–0.0557] 0.0464 [0.0367–0.0637]
30 0.0465 [0.0373–0.0564] 0.0513 [0.0382–0.0592] 0.0587 [0.0486–0.0707]
40 0.0285 [0.0211–0.0349] 0.0325 [0.0247–0.0376] 0.0404 [0.0332–0.0492]
99TH percentile impact
10 0.0271 [0.0218–0.0346] 0.0270 [0.0218–0.0345] 0.0313 [0.0248–0.0406]
20 0.1141 [0.0777–0.1355] 0.1100 [0.0756–0.1310] 0.0897 [0.0727–0.1173]
30 0.1771 [0.1324–0.2182] 0.1781 [0.1323–0.2184] 0.2009 [0.1483–0.2492]
40 0.0927 [0.0783–0.1096] 0.0938 [0.0793–0.1104] 0.1101 [0.0881–0.1303]
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loading conditions. Similarly, the difference in CORA 
scores observed between validation against the pure 
coronal rotation experiments of Alshareef et al. [53] and 
6-degree-of-freedom experiments of Hardy et al. [54] may 
reflect not only differences in impact severity, but also 
differences in kinematic loading. In addition, while both 
experiments involved comparable peak angular velocities 
(~ 20 rad/s), the peak angular accelerations differed sub-
stantially, at approximately 1,000 rad/s2 in Alshareef et al. 
and 4,000 rad/s2 in Hardy et al. Although optimization of 
the material properties of the FE model was beyond the 
primary objective of this study, our evaluation was lim-
ited to selected loadings from both cadaveric head experi-
ments. Future work should consider validating the reli-
ability of FE model under varying boundary conditions, 
including both low- and high-intensity impacts reported 
for both cadaveric head experiments. This includes profiles 
up to ~ 5,000 rad/s2 similar with that reported in Alshareef 
et al. 

A novel contribution of this work is our MRI-to-FE 
pipeline, especially the application of our element assign-
ment algorithm [75], allowing direct correspondence 
between FE elements and voxels in the MRI image. Initial 
application of this has been applied to our template model 
and has also been shown to be applicable for generating 
subject-specific FE head models. Therefore, rather than 
using separate model parts to represent different brain 
regions with distinct material properties, this approach 
allows a unified representation of spatially varying mate-
rial properties within a single brain model. To account 
for differences in brain size and shape, our pipeline uses 
free-form deformation, which has previously been demon-
strated not only for the brain, but for multiple other organs 
[10, 47, 56].

Furthermore, the incorporation of a dispersion orientation 
parameter better accounts for the effect of anisotropy on the 
brain’s mechanical response. In this study, comparison of 
the isotropic and anisotropic FE head models generated from 
the template MRI showed that maximum principal strain 
varied depending on model complexity. The higher strain 
observed in models incorporating the dispersion orientation 
parameter agrees with Giordano et al. [51], who reported 
higher Green-Lagrange strains in anisotropic simulations 
compared with isotropic counterparts. This further high-
lights the importance of incorporating anisotropic material 
parameters in FE head models. While subject specificity in 
this study pertains to geometry and dispersion orientation 
parameter, previous studies have explored metrics derived 
from magnetic resonance elastography and tagged MRI, 
which may be incorporated either to improve model biofi-
delity or provide additional validation [69, 76–79]. Future 
investigations incorporating these measures would benefit 
from our element assignment algorithm, enabling efficient 

assignment of MRI-derived material properties to the FE 
model.

Limitations

Limitations of this study include the use of a sex-specific 
cohort, which limits the ability to assess whether template 
generation also resolves sex-specific differences in brain 
response. However, this study sought to develop a pipeline 
that can be applied to different cohorts, defined by age, 
sex, ethnicity, or other population characteristics. Future 
investigation will include the collection of data from female 
subjects.

The deviation of the AMARA-78 CSF and bilateral cor-
tical volumes from the mean of the rugby players is due to 
nonlinear registration and intensity averaging across sub-
jects with varying sulcal geometry, which might have led to 
the blurring of the sharp cortical–CSF interface. Although 
beyond the scope of this manuscript, this warrants further 
development of MRI processing algorithms to address 
boundary smoothing and reduce the systematic under-rep-
resentation of cortical boundaries.

In addition, no additional event-level verification, thresh-
olding or filtering of the recorded iMG data was performed 
beyond the manufacturer’s processing pipelines. These iMGs 
have been validated by manufacturers and other research 
groups; however, future investigations involving large-scale 
FE simulations with recorded iMG data should include a 
dedicated processing pipeline for event verification and 
application of recorded HAE as boundary conditions to the 
model.

Finally, the investigation of how subject-specific FE 
model generation affects strain profile outputs is limited. 
While this was performed on a single subject, significant 
differences in brain strain responses were observed between 
the isotropic template, the anisotropic template, and subject-
specific models. This warrants further investigation into the 
added value of subject-specific FE models. In addition, 
while the sensitivity analysis identified material parameters 
that most strongly influence the CORA scores, no significant 
improvement in model agreement was achieved, Future work 
will therefore focus on a more comprehensive sensitivity 
and optimisation framework together with validation against 
more extensive experimental datasets. 

Conclusion

In this study, we have developed a computational framework 
that can generate a brain atlas from MRI scans of rugby play-
ers. This atlas was then used as input to create an FE head 
model incorporating a fiber dispersion parameter derived 
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from diffusion MRI. Quantitative validation against cadav-
eric head experiments yielded modest CORA scores, which 
may reflect geometric and age-related differences between 
the computational model and the experiment specimens. 
Nevertheless, the model reproduced the overall qualitative 
features of the measured displacement profiles. Moreover, 
comparison of an isotropic template FE model, an aniso-
tropic template FE model incorporating fiber dispersion 
parameter, and a subject-specific FE model revealed sig-
nificant differences in predicted regional maximum princi-
pal strain, highlighting the need to incorporate cohort and 
subject-specific information into the FE model.

This framework may play an important role in TBI and 
mTBI study by enabling the generation of population-, 
sex-, and ethnicity-specific FE head models, as well as 
fully subject-specific models that better capture the brain 
response of study cohorts under subject-specific head load-
ing conditions.

Supplementary Information  The online version contains supplemen-
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