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Abstract Motor vehicle crashes are a leading cause of morbidity and mortality among children, with 
traumatic brain injuries (TBIs) representing a frequent and severe outcome. Finite element (FE) models have been 
widely used to investigate TBI mechanisms and inform automotive safety measures. However, pediatric FE brain 
models primarily focus on infants and young children, whereas older children are often represented using adult 
models that may not produce the same biomechanical response to impact. To address this gap, a new FE pediatric 
brain model template was developed, and age-specific models representing ages 9 to 14 years were created using 
Registration-Based Morphing. Age-dependent material properties were incorporated by scaling adult stiffness 
and damping values using the best available pediatric elastography data. The pediatric and adult models were 
simulated using 5th percentile female head kinematics from automotive loading conditions. Brain deformation 
was quantified using maximum principal strain (MPS95) and the cumulative strain damage measure (CSDM15). 
Differences between the pediatric and adult models were minimal, but the subject-specific comparisons showed 
stronger, more directionally consistent results, with pediatric subjects having higher regional strain distributions 
in white matter and adult subjects with higher strains along structural interfaces. This study demonstrated that 
neuroanatomy variation within this age range contributed to large variation in deformation outcome relative to 
adults. More investigation is needed before conclusions on pediatric-specific injury risk can be made.   
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INTRODUCTION 
Traumatic brain injuries (TBIs) are a significant source of injury, disability, and death in children. Reported 

pediatric TBI incidence ranges from 47 to 280 per 100,000 children worldwide. Extrapolated globally, this 
corresponds to approximately 3 to 17 million cases annually, representing up to 25% of the estimated 69 million 
TBIs across all ages [1, 2]. Motor vehicle crashes (MVCs) remain a leading cause of death and disability for children, 
accounting for 20-30% of all TBI-related deaths, despite substantial declines in fatalities over recent decades [3–
5]. Among child occupants, the head is the most frequently injured body region across crash directions and 
restraint types [4], with TBI occurring across a wide range of severities [6]. Children who sustain TBI may develop 
cognitive, behavioural, and social difficulties, which can be subtle and only become apparent as they grow. Even 
mild TBI may lead to long-term effects in children. As a result, the consequences of pediatric TBI are often 
underestimated and may differ from those observed in adults [7].  

Finite element (FE) models of the human brain are essential tools for studying TBI. Because injurious motions 
and resulting tissue-level deformations associated with TBI cannot be directly measured in vivo, these models can 
be used to estimate internal brain responses under controlled loading conditions [8–13]. This has been integral 
to the development of injury criteria and thresholds, in which tissue responses predicted by the models are 
mapped to head kinematics to establish relationships between external motion and injury risk [11–13]. Several 
validated FE models of the adult human brain have been developed, most of which are based on a mid-sized adult 
male representation [14–20]. In contrast, FE brain models for the pediatric population have primarily been 
developed for infants and young children up to 6 years old [21–25]. Due to the known limitations of scaling adult 
anatomy to children [26], these pediatric FE brain models are typically derived from pediatric‑specific anatomy 
using age‑appropriate computed tomography (CT) or magnetic resonance imaging (MRI) scans or scaled from 
previously developed pediatric models rather than from adult models. For older children, studies have often 
relied on adult-derived FE models due to the limited availability of age-specific models [27, 28].  

However, the brain undergoes anatomical and biomechanical changes throughout development, including 

Development of an Age-Specific Finite Element Brain Model to Advance Pediatric Crash Protection 

Gabriella Wynn, Matthew B. Panzer 

IRC-26-32 IRCOBI conference 2026



 

changes in overall size and tissue distribution. Although the pediatric brain nears adult size by early adolescence, 
grey and white matter volumes follow distinct developmental trajectories, with grey matter peaking in late 
childhood and white matter increasing into adulthood [29, 30]. Moreover, despite limited literature on the 
material properties of pediatric brain tissue, existing studies suggest that these properties may differ from those 
of adults [31–36]. These anatomical and mechanical differences suggest that pediatric brains will respond 
differently to head impacts than adult brains. Thus, modelling children using adult-based FE models or 
extrapolating adult injury thresholds to younger populations may be inappropriate. Even if scaling approaches 
were feasible, injury thresholds may differ between adults and children [37, 38].   

The use of existing FE brain models is further complicated by anatomical variability among individuals of the 
same age. Even under similar impact conditions, different brains may exhibit distinct mechanical responses and 
injury risks [17, 39–42]. Consequently, relying on a single FE model can overlook individual brain variation. To 
address the need for models that capture subject-specific anatomies, the Registration-Based Morphing (RBM) 
framework was developed for rapidly generating subject-specific FE brain models [43]. This RBM pipeline uses 
the nonlinear transformations produced during the image registration process between a template brain T1-
weighted magnetic resonance imaging (MRI) scan and a subject’s T1 MRI to morph a template FE model to the 
subject-specific anatomy. This process produces ready-to-run subject-specific FE brain models that retain 
accurate neuroanatomical features, including overall size, shape, and localised geometric characteristics, without 
additional user intervention [43], enabling large-scale investigations into how individual anatomical differences 
can influence brain deformation during head impact. 

This study introduces a new template T1-weighted MRI image and corresponding FE brain model that 
represents the young adolescent population. The brain model incorporates material properties derived from in 
vivo magnetic resonance elastography (MRE) data from adolescent brain tissue. The template image and model 
were established to facilitate rapid subject-specific model generation across the pediatric population. This study 
then used subject-specific models across a diverse population of children to predict how pediatric brain 
development and aging may affect brain biomechanics from head impact. By improving understanding of 
pediatric brain biomechanics, this work aims to advance injury prediction and inform the design of protective 
systems and safety standards tailored to children and adolescents.  

METHODS 

Model Development 
A new pediatric template brain image and FE brain model were developed using the same procedures as those 

used by Guidice et al. [16, 43] for the adult CAB20MSym model. T1‑weighted MRI images were obtained from the 
Adolescent Brain Cognitive Development (ABCD) study [44], which follows the brain growth and development of 
a diverse sample of youth in the United States. For this study, the dataset was filtered to exclude subjects with 
neurological or psychiatric conditions, a history of TBI, abnormal brain scans, or other conditions that could affect 
brain development. The pediatric template brain image was constructed from MRI scans of 120 healthy children 
spanning six age groups (9–14 years), with 20 scans per age group (10 males and 10 females). Female and male 
images were combined based on prior findings in adult brains that indicated biological sex was not an 
independent predictor of brain deformation after accounting for biomechanical and anatomical factors [42].  

To create the average pediatric brain anatomy template image, the ANTs multivariate template construction 
tool [45], an iterative nonlinear registration algorithm, was used. Symmetry was imposed during initial template 
construction for segmentation and model development efficiency by adding a second image of each subject that 
was mirrored along the left-right axis to approximate a mid-sagittal reflection. Both the original and mirrored 
scans (240 total images) were included in the template construction. 

The template image was then segmented to associate each voxel with a type of brain tissue. Intracranial volume 
was first extracted using an automated ANTs brain‑extraction script [46], followed by manual corrections to refine 
brain boundaries and cerebrospinal fluid (CSF) delineation. Tissue segmentation into CSF, white matter (WM), 
and grey matter (GM) was performed using the ANTs Atropos algorithm with N4 bias‑field correction [47], with 
manual adjustments to ensure accurate tissue classification. The ventricles, sagittal sinus, falx cerebri, and 
tentorium cerebelli were also manually identified, given their important biomechanical roles [48]. The final 
template represents the average anatomy of a pediatric population aged 12.0 ± 1.8 years (Fig. 1). The total 
intracranial volume of the template pediatric brain is 1490 cm3, the grey matter volume is 751 cm3, and the white 
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matter volume is 513 cm3. 

 

 
Fig. 1. (Top) final template image that represents the average anatomy of the pediatric brain; (bottom) 

segmented into white matter (green), grey matter (blue), and cerebral spinal fluid (red) regions 
 
An FE brain mesh was generated from this segmented MRI image by converting each voxel into a cubic 

hexahedral element using a custom MATLAB script (MathWorks, Natick, MA) (Fig. 2). This voxel‑wise meshing 
preserved the complex anatomical features captured at the native spatial resolution of the MRI data [49]. Each 
voxel labelled as CSF, GM, or WM in the segmented image was assigned to the corresponding material part within 
the FE mesh. The sagittal sinus, falx cerebri, and tentorium cerebelli were incorporated by manually adding 
two‑dimensional shell elements at their respective midsurfaces - the sagittal sinus between the brain and skull, 
the falx between hemispheres, and the tentorium between the cerebrum and cerebellum. To represent the skull-
brain interface and enable application of six-degree-of-freedom (6DOF) head kinematics, a rigid shell layer was 
placed around the peripheral CSF. A simplified version of the adult CAB20MSym model [16, 43] containing the 
same segmented tissue components served as a reference for baseline comparisons with the new pediatric 
model. The adult FE model corresponds to an approximately 23-year-old (22.8 ± 3.0 years) male.  

 

 
Fig. 2. Components of the pediatric template finite element model 
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Although data on pediatric brain tissue properties are limited, prior work suggests that the constitutive 

formulations commonly used for adult brain modelling were also applicable to children; however, the specific 
material parameters within these equations may differ between age groups [35]. Given the scarcity of 
pediatric‑specific measurements, the present study used the adult CAB20MSym material properties as a baseline 
and incorporated pediatric‑specific modifications where reliable data were available. 

Analysis of cerebrospinal fluid (CSF) samples from individuals under 19 revealed viscosities comparable to 
water, justifying the treatment of pediatric CSF as a Newtonian fluid, consistent with adult modelling [35]. 
Accordingly, the CSF in the pediatric model was represented identically to that in the adult model. The peripheral 
CSF was modelled using a low-stiffness linear viscoelastic material (K = 2.1 GPa; G0 = 0.5 kPa; G∞ = 0.1 kPa, 𝜏𝜏 = 
0.0125 ms-1) to account for the trabecula and bridging vessels located within the subarachnoid space. The internal 
CSF and ventricles lack these structures, so they were modelled as an elastic fluid (bulk modulus, K = 2.1 GPa). To 
the author’s knowledge, no data were available on the pediatric properties of the sagittal sinus, falx, or tentorium; 
thus, these structures were treated as elastic materials (Young’s modulus, E = 31.5 MPa; Poisson’s ratio, ν = 0.45) 
consistent with the adult model. Finally, the skull was modelled as a rigid body.  

Similar to the adult model, the brain parenchyma was modelled as a homogeneous, isotropic tissue using an 
Ogden-based quasi-linear viscoelastic (QLV) formulation (ρ = 1.123 × 10–6 kg/mm3, ν = 0.499999). The 
instantaneous elastic response was defined using an incompressible Ogden strain-energy density function 
(Equation 1), where 𝜆𝜆𝑗𝑗 are the three principal stretches, 𝜇𝜇𝑖𝑖  are shear moduli, and 𝛼𝛼𝑖𝑖 are unitless nonlinearity 
constants, since it has been found to predict the response of brain tissue accurately [50].  

 
                                                                          𝑊𝑊(𝜆𝜆1, 𝜆𝜆2, 𝜆𝜆3) = ∑ 𝜇𝜇𝑖𝑖

𝛼𝛼𝑖𝑖
�𝜆𝜆1

𝛼𝛼𝑖𝑖 + 𝜆𝜆2
𝛼𝛼𝑖𝑖 + 𝜆𝜆3

𝛼𝛼𝑖𝑖 − 3�𝑁𝑁
𝑖𝑖=1 ,                                             (1) 

 
Viscoelastic behaviour was incorporated through a reduced relaxation function represented by a four-term 

Prony series, where 𝐺𝐺∞ is the long-term shear modulus, 𝐺𝐺𝑖𝑖  are normalised shear stresses, and 𝜏𝜏𝑖𝑖 are time 
constants (Equation 2).  

       𝐺𝐺(𝑡𝑡) = 𝐺𝐺∞ + ∑ 𝐺𝐺𝑖𝑖𝑒𝑒
−1
𝜏𝜏𝑖𝑖
𝑡𝑡𝑁𝑁

𝑖𝑖=1  , 𝐺𝐺∞ + ∑ 𝐺𝐺𝑖𝑖𝑁𝑁
𝑖𝑖=1 = 1,        (2) 

 
For the adult model, the reduced relaxation function was calibrated to experimental tan(δ) data describing 

frequency-dependent damping, and the Ogden parameters were fit to tensile, compressive, and shear testing 
data [16]. For the pediatric model, these stiffness and viscoelastic parameters were scaled using in vivo MRE 
measurements. McIlvain et al. (2022) reported age-related trends in brain stiffness and damping ratio for 
individuals aged 5–35 years [31]. Global cerebrum properties were used to define pediatric-to-adult scaling 
relationships for stiffness and viscoelastic damping. Age-dependent stiffness differences were incorporated by 
multiplying the adult shear modulus by an appropriate scaling factor. Differences in viscoelastic behaviour were 
accounted for by adjusting the reduced relaxation function. Specifically, the adult tan(δ) curve was scaled using 
the reported age-specific damping ratio (𝜉𝜉 = 1

2
tan (𝛿𝛿)), and the result was refit to determine the pediatric 

Prony-series coefficients; the time constants from the adult model were retained for the pediatric model. 
Based on the linear age‑dependent relationship for the storage modulus reported by McIlvain et al. (2022) [31], 

the global cerebrum of a 9‑year‑old is approximately 5% stiffer than that of a 23‑year‑old, a 12‑year‑old is 4% 
stiffer, and a 14‑year‑old is 3% stiffer. Thus, the adult elastic modulus was scaled by factors of 1.05, 1.04, and 1.03 
for the 9‑, 12‑, and 14‑year‑old models, respectively. The resulting stiffness values are reported in Table 2. 
Conversely, a gradual decrease in the damping ratio with age was reported, with approximately 6% lower 
damping in 9‑year‑olds, 5% in 12‑year‑olds, and 4% in 14‑year‑olds compared to young adults. To incorporate 
these trends, the adult tan(δ) curve was scaled by factors of 0.944, 0.956, and 0.964 for the 9-, 12-, and 14-year-
old models, respectively, prior to refitting the Prony-series parameters. The resulting scaled 𝐺𝐺i coefficients were 
then applied in the pediatric QLV formulation (Table 1). Because the pediatric template represents a comparable 
average age, it was assigned the same material properties as the 12-year-old subject group.  
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TABLE 1 

MATERIAL PARAMETERS USED IN THE PEDIATRIC AND ADULT OGDEN QLV CONSTITUTIVE MODELS 
 9-Year-Old 12-Year-Old  14-Year-Old Adult 

𝐺𝐺1 0.848 0.851 0.853 0.862 
𝐺𝐺2 0.045 0.043 0.042 0.038 
𝐺𝐺3 0.042 0.042 0.042 0.041 
𝐺𝐺4 0.027 0.027 0.026 0.025 
𝐺𝐺∞ 0.039 0.038 0.037 0.034 
𝜇𝜇 (GPa) 4.65 4.60 4.57 4.44 
* 𝛽𝛽1=10 ms, 𝛽𝛽2= 1ms, 𝛽𝛽3 = 0.1 ms, and 𝛽𝛽4 = 0.01 ms 
 

Subject-specific Model Generation  
The developed template brain model was constructed to work with the RBM framework to generate age-

specific pediatric FE models. Additional T1‑weighted MRI scans were obtained from the same filtered ABCD 
dataset but from subjects not included in template construction. Six subjects (three male, three female) were 
selected for each target age group: 9 years (9.0 ± 0.0), 12 years (12.0 ± 0.2), 14 years (14.0 ± 0.11), and 23 years 
(22.8 ± 0.4). These ages were selected to represent the youngest and oldest children in the ABCD dataset, as well 
as the average ages corresponding to the pediatric and adult templates.  

Each subject’s MRI was registered to the appropriate template image (either the new pediatric template or the 
CAB20MSym adult template) using ANTs [46, 51]. An affine transformation was first applied to align the subject 
MRI with the template using translation, rotation, scaling, and shear. A nonlinear transformation was then 
computed to deform the subject MRI voxels to align with the template image. The resulting deformation field 
was applied to the template FE mesh to map it to each subject’s anatomical space, generating subject‑specific 
models for each age group. In total, 24 subject-specific FE brain models were created. The final subject-specific 
models retain the individual left-right asymmetries introduced by nonlinear registration. 

Applying this transformation yielded hexahedral elements that were no longer perfect cubes. Thus, mesh 
quality was evaluated by computing the scaled Jacobian for each element in every subject-specific mesh. The 
scaled Jacobian is a standard metric for assessing how much a hexahedral element deviates from an ideal cube. 
Values of the scaled Jacobian range from -1 to 1, where 1 corresponds to a perfect cube. 

 

Loading Conditions and Simulation Detail 
To simulate pediatric brain responses during automotive impacts, exemplar crash-loading conditions were 

sourced from the literature. The 50th percentile height and weight for children aged 9–14 are 153.1 cm and 46.4 
kg, respectively, which is comparable to the 5th percentile female measures (149.8 cm and 49.8 kg) [52]. Thus, 
head kinematic data from 5th percentile THOR and Hybrid III dummies, as well as 5th percentile female cadaver 
specimens within 10% of the target child's anthropometric range, were included. Head kinematics from the Gold 
Standard 2 and 3 sled tests were selected from the National Highway Traffic Safety Administration Biomechanics 
Test Database [53]. The simulated test conditions involved low-speed (30 km/h) restrained occupants in frontal 
and oblique orientations. Details on the specific cases are provided in Table 2.  

Simulations were performed with LS-DYNA (mpp971R9.1.0, double precision; Livermore Software Technology 
Corporation, Livermore, CA) on 40 CPUs. All 6-DOF head kinematics (linear acceleration and rotational velocity) 
were applied to the skull through the head centre of gravity. The numerical approach followed the 
recommendations of Giudice et al., with all interfaces modelled as continuous and connected via shared nodes 
[16, 49]. All head kinematics cases were applied to the template models, yielding n=12 per template (1 adult and 
1 pediatric template per loading condition). Only a subset of kinematics (n=5, one case per loading direction) were 
simulated for the subject-specific models (indicated by an asterisk in Table 2). Since each loading condition had 
to be tested with each subject, one kinematic case per condition was randomly selected, reducing the 
computational cost from 432 to 180 simulations (30 simulations per age; 6 subjects and 5 loading conditions).   
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TABLE 2 

HEAD KINEMATICS FROM 5TH PERCENTILE FEMALE AUTOMOTIVE CRASH CONDITIONS SIMULATED IN THIS STUDY 
Loading 

condition 
Surrogate 

Type 
Case Number Height 

(kg) 
Weight  

(m) 
PLA  
(g) 

PRA 
(rad/s2) 

PRV 
(rad/s) 

Gold Standard 
2 (GS2) 

HIII S0365* 
S0366 

49.0 149.9 19.1 1369.5 29.1 
49.0 149.9 15.5 872.8 22.8 

THOR B12821* 
B12822 

49.0 151.0 20.7 1747.9 30.6 
49.0 151.0 20.2 1524.5 30.8 

PMHS B11495* 46.7 151.5 26.4 1524.1 41.6 
B12804 43.6 165.0 23.1 3869.6 44.2 
B12807 46.8 160.0 19.3 1372.7 35.8 

Gold Standard 
3 (GS3) 

THOR NSFSD0151* 49.0 151.0 36.7 2481.3 38.0 
NSFSD0153 49.0 151.0 25.3 2079.6 38.0 

PMHS B13162 48.1 154.9 20.7 3209.7 32.8 
B13163 44.4 160.0 22.2 1510.6 34.2 

B13164* 42.6 161.8 24.6 2140.1 33.0 
* Subset of kinematics chosen for the subject-specific modelling  
** PLA = peak linear acceleration, PRA = peak rotational acceleration, and PRV = peak rotational velocity 
 

Data Analysis  
Global brain deformation was quantified using tissue strain, and commonly used metrics were calculated to 

assess the deformation severity under loading. The maximum principal strain (MPS) was computed for each 
element throughout the simulation, and the peak value of MPS during the loading event was recorded. The 95th 
percentile MPS (MPS95) was chosen to avoid potential numerical noise or spurious element effects on the 
analysis [54].  The cumulative strain damage measure (CSDM) was computed at a threshold of 0.15 to quantify 
the proportion of brain volume exceeding this strain threshold. MPS95 and CSDM15 values were computed 
globally across all brain tissues, as well as separately within white matter and grey matter regions. 

Our first analysis compared the adult and pediatric templates to assess differences in strain response between 
the two models across all 12 paired loading conditions. To evaluate the relationship between the pediatric and 
adult groups as a function of loading severity, linear regression was performed with pediatric response as the 
predictor and adult response as the outcome. The intercept was set to zero, and the slope was tested against a 
null hypothesis of equality (slope = 1) to determine proportional scaling.  

Our second analysis investigated age-related effects using subject-specific models generated from distinct age-
based populations using only a subset of the loading conditions. Strain metrics within each loading case were 
normalised as the relative difference to the mean adult response of that case to remove the effect of loading 
severity. To assess whether each age group differed from the adult reference, one-sample t-tests were conducted 
using the normalised response data against a null value of 0 (indicating equality). The pediatric cohort as a whole 
was similarly tested against the adult by pooling all normalised pediatric values. All analyses were performed with 
statistical significance defined as p < 0.05.  

RESULTS 

Adult versus Pediatric Template Model Analysis 
The pediatric and adult template models were simulated under matched loading conditions to compare strain 

outputs. Observed MPS95 values ranged from approximately 0.11 to 0.24, corresponding to a low risk of mild TBI 
[55]. Overall, the pediatric and adult templates produced highly similar results, with paired responses clustering 
tightly along the equality line for both the MPS95 and CSDM15 metrics (Figure 3). In general, the variations 
showed no consistent directional bias; adult models yielded slightly higher values in some regions (e.g., MPS95 
GM) and slightly lower values in others (e.g., CSDM15 WM).  
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Fig 3. Paired comparisons of pediatric and adult template model responses. Each point represents one test 
condition with the equality line added as a reference. The close clustering of the data points to the equality 

line demonstrates minimal differences in strain responses between the two templates. 
 
Differences in MPS95 between the pediatric and adult template models were modest (Table 3). The adult model 

exhibited slightly higher values across the whole brain (1.3%) and grey matter (2.9%) than the pediatric model, 
whereas white matter values were nearly identical (<1%). Differences in CSDM15 were only slightly more 
pronounced but showed different trends than MPS95. Pediatric CSDM15 values were higher in the whole brain 
(1.9%) and white matter (5.2%) than in the adult brain, but the adult brain had slightly higher CSDM15 values in 
grey matter (1.7%). While 5 of the 6 model responses were statistically significant (p < 0.05), the differences may 
not be meaningful in the context of injury risk. All regression models produced a fit with R2 > 0.99. 

 
TABLE 3 

REGRESSION FOR STRAIN METRICS BETWEEN THE PEDIATRIC AND ADULT TEMPLATE MODELS ACROSS ALL LOADING CONDITIONS 
  Slope – 1 (%) 

Metric Tissue Mean ±SE 
 All -1.3 ± 0.1* 

MPS95 White Matter 0.4 ± 0.1* 
 Grey Matter -2.9 ± 0.1* 
 All 1.9 ± 0.5* 

CSDM15 White Matter 5.2 ± 0.6* 
 Grey Matter -1.6 ± 0.8 

* Indicates p < 0.05 
 
The distribution of peak MPS was similar between models, despite subtle differences in the neuroanatomy. 

Figure 4 illustrates the spatial distribution of peak strain across the simulation for the b13164 kinematic case, 
which was selected because it yielded the largest MPS95 and CSDM15 responses among all cases.  
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Fig. 4 Sagittal slices depicting peak MPS values distributed onto the pediatric (top) and adult (bottom) 

template spaces for the b13164 loading condition. The x-coordinates indicate the sagittal slice position 
relative to the mid-sagittal plane. 

 

Subject-Specific Model Analysis  
To expand the assessment of age-related differences beyond the template models, several subject-specific 

models were generated for each age group. To verify that the RBM method preserved mesh integrity in the 
subject-specific models, the scaled Jacobian was calculated for each element in each subject-specific model. For 
the pediatric age-specific models, the median and 95th percentile scaled Jacobians averaged 0.938 ± 0.005 and 
0.977 ± 0.002, respectively, and the 5th percentile scaled Jacobian did not fall below 0.849. Adult models 
demonstrated similarly high quality, with a median of 0.932 ± 0.010, a 95th percentile of 0.976 ± 0.003, and a 5th 
percentile of 0.834. Thus, RBM maintained excellent mesh quality in morphing the pediatric and adult template 
models to specific anatomy.  

For each simulated loading case, the mean and variance of the subject-specific responses within each age group 
were evaluated to investigate inter-subject variability and age-related trends. All loading cases showed similar 
general responses: relative to the adult group, the pediatric groups had slightly higher mean strain metrics and 
higher inter-subject variability. An example of this trend is shown for the b13164 loading case (Figure 5). The 
mean responses of MPS95 and CSDM15 were consistent between the 9 and 14-year-old groups, but the 12-year-
old cohort exhibited higher peaks and lower variance.  

 

 
Fig 5. Comparison of MPS95 (top) and CSDM15 (bottom) between each age group across white matter (WM), 

grey matter (GM), and whole-brain for the b13164 loading condition. Error bars represent one standard 
deviation from the mean, and circles denote distinct subject-level responses (n=6 per age). 
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To remove variability due to loading conditions, model responses were normalised to the mean adult metric 
for each loading case. Differences in normalised strain metrics compared to the adult model were generally 
positive for both MPS95 and CSDM15 across pediatric groups (Table 4). The pediatric group exhibited a 
statistically significant increase in MPS95 (4%) and CSDM15 (28%) within the white matter regions compared to 
the adult group. The increase in strain metrics for the pediatric subjects was largely driven by the 12-year-old 
cohort, which exhibited significantly higher strain metrics compared to the adults. The responses in the 9- and 
14-year-old groups had slightly higher strain metrics relative to the adult group, but these differences were not 
significant. Furthermore, across the 5-year span of the pediatric group, there was no linear trend between age 
and strain response (the largest R2 for the six strain metrics evaluated was 0.26). Variance of responses within the 
pediatric groups were also observed to be slightly higher than in the adult group. 

 
TABLE 4 

NORMALISED STRAIN METRICS ACROSS AGE-SPECIFIC GROUPS, AVERAGED ACROSS ALL LOADING CONDITIONS 
  

Tissue 
9-Year-Old 

Mean Δ ±SD (%) 
12-Year-Old 

Mean Δ ±SD (%) 
14-Year-Old 

Mean Δ ±SD (%) 
Pediatric 

Mean Δ ±SD (%) 
MPS95  All 0.3 ± 6.4 4.6 ± 2.6 * 1.7 ± 2.8 2.2 ± 5.9 

 WM 1.9 ± 7.2 6.6 ± 2.3 * 3.8 ± 8.0 4.1 ± 6.2 * 
 GM -1.3 ± 6.4 2.8 ± 2.2 * -0.2 ± 7.4 0.4 ± 5.5 

CSDM15  All 7.8 ± 40.5 27.7 ± 12.4 * 14.4 ± 44.2 16.6 ± 33.0 * 
 WM 16.4 ± 59.5 40.1 ± 19.4 * 25.8 ± 63.9 27.5 ± 48.0 * 
 GM 0.8 ± 30.8 18.5 ± 9.2 * 6.2 ± 34.2 8.5 ± 25.4 

* Whole brain (All), white matter (WM), and grey matter (GM) 
** SD values represent variability relative to the mean adult strain metric 
 

    While the global strain metrics demonstrated confounding results regarding the pediatric response relative to 
the adult response (and across the pediatric age group), the qualitative assessment of peak MPS distribution 
revealed subtle differences. Generally, strain was distributed similarly across the adult and pediatric models; 
however, the adult models exhibited more pronounced strain concentrations along structural interfaces, such as 
the brain-skull and deep tissue boundaries (Figure 6).   
 

 
Fig. 6: Representative axial slices display peak MPS values for the adult model alongside the 9-, 12-, and 14-

year-old pediatric models for the b13164 exemplar loading case. The z-coordinate indicates the slice position 
relative to the commissural plane. 

 

DISCUSSION 
This study developed anatomically accurate FE models of the pediatric brain and examined age-related 

differences in brain biomechanics under automotive impact conditions. A pediatric brain template was 
constructed and integrated into an RBM framework to generate subject-specific pediatric models. This approach 
addressed known limitations of normalising pediatric neuroanatomy to adult templates, which can lead to tissue 
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misclassification and excessive deformation during registration [56]. With the template and subject-specific 
models generated, two distinct analyses were conducted: 1) a template-based comparison utilising generalised 
FE models to evaluate population-level response differences between pediatric and adult cohorts, and 2) a 
subject-specific analysis to investigate how individualised anatomy may affect brain deformation outcome 
beyond the patterns observed in the template-based comparisons. 

Model Development 
Age-specific material properties were incorporated into the models wherever feasible. Most available pediatric 

data come from animal studies with immature pigs and rodents, with conflicting trends in stiffness reported in 
the literature [35]. Studies involving human pediatric brain tissue are scarce. Human brain tissue has been 
obtained and tested from specimens aged 4–58 years, but age-specific properties were not reported; instead, 
the authors noted that no statistically significant age differences in stiffness were observed [36]. Only two studies 
were found that reported age-related differences. One study suggested brain tissue from a 5-year-old was stiffer 
than that of adults [35], whereas another reported that adult brain tissue was stiffer than that of infants [34]. This 
uncertainty underscores the need for models that can adapt as new biomechanical data emerge. Within the RBM 
pipeline, material properties can be easily integrated with new findings, as implemented in this study.   

MRE currently offers the most comprehensive in vivo assessment of age-dependent brain properties. The 
dataset from McIlvain et al. (2022) was selected because it spans childhood through adulthood (ages 5-35) and 
demonstrates trends consistent with adult data from Sack et al. [57], who reported a decrease in shear modulus 
with age (ages 18-88). McIlvain et al. observed a global decrease in stiffness and an increase in the damping ratio 
with age, alongside regional variation and distinct trajectories in grey and white matter [31]. Although some 
studies report no global mechanical changes during adolescence, they corroborate significant regional and tissue-
specific variability [32,33]. Thus, stiffness in the pediatric models was increased by approximately 3–5%, while 
damping was decreased by 4–6% relative to adult values. One limitation of the current work is that global scaling 
of stiffness and damping does not capture the full regional heterogeneity observed in developing brains. Future 
work will leverage spatially varying MRE-derived stiffness maps to introduce regional variation [16]. 

In addition to limited pediatric material data, the current model development process is limited by the scarcity 
of pediatric-specific biomechanical data to validate the model response. Ideally, validation efforts would be 
enabled by available pediatric-tagged MRI and sonomicrometry data, mirroring the validation previously 
conducted for our adult models [16]. Until validation data become available, pediatric models will need to rely on 
transferring techniques and approaches from rigorously validated adult models. 

Once material properties were defined, all pediatric and adult FE models were simulated under identical 
automotive loading conditions. To enable direct comparisons between model responses, 5th female percentile 
head kinematics were simulated in this study. Although the anthropometry of a 5th female is comparable to that 
of pediatric ages in this study, adult kinematics may not accurately reflect those of adolescents in real-world 
settings. Studies collecting pediatric head kinematics data using wearable sensors in sports and automotive 
environments are ongoing and will be valuable contributions to the field. 

Analysis of Template Models 
Age was a significant predictor of strain when comparing the adult and pediatric template models, but the 

differences in peak strain between the pediatric and adult template FE models were relatively small, reaching 
only 3% in the grey matter. Differences in strain distribution were similarly limited, with CSDM15 values differing 
by no more than 5%. Evaluating the underlying strain distributions overlaid on the brain images, it was evident 
that the strain patterns are similar despite differences in neuroanatomy between the adult and pediatric template 
models.  

The similarity is likely due to the comparable intracranial volumes (ICVs) of the template models. The total 
intracranial volume of the pediatric model (1490 cm³) is only marginally larger than that of the adult template 
(1440 cm³). This is similar to other reported pediatric averages [58] and is supported by evidence that brain size 
typically reaches near-adult dimensions by 10–12 years of age [29,30]. Because previous studies utilising adult 
models identified ICV as the strongest predictor of deformation metrics like MPS95 and CSDM25 [41,42], it is 
unsurprising that the pediatric template yielded results similar to those of the adult template. That said, it is 
premature to conclude that an average adult brain model can be used to simulate pediatric brain injury risk; 
strain-injury relationships are nonlinear, and the strain differences on the order of 3–5% in the current study may 
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increase with more severe loading conditions [8,11,59]. Further study is needed to understand the differences in 
TBI risk between adults and children.  

Analysis of Subject-Specific Models 
To expand the assessment of age-related differences to a broader population, multiple subject-specific models 

were developed. Because subject‑specific model results depend on accurate morphing, mesh quality was 
evaluated to confirm the robustness of the RBM approach. Excellent mesh quality was preserved in the subject-
specific models, supporting the use of an age‑specific template within the RBM pipeline.  

As with the template comparisons, the pediatric age group was a significant predictor of strain in the subject-
specific analysis, this time showing consistently higher strain in pediatric subjects than in adult subjects. However, 
this result was largely driven by the 12-year-old cohort, as there were no statistical differences between adults 
and 9- and 14-year-olds. Although substantial developmental changes occur around this age, it is highly unlikely 
that 12-year-old neuroanatomy is inherently predisposed to elevated strain levels. The most likely explanation 
for what was observed in this study is that neuroanatomical variability is greater in the 9- to 14-year-old age range 
than in adults, and this variability is not easily stratified by chronological age. Furthermore, the confounding 
results observed in this study will likely be mitigated through additional subject-specific simulations and a deeper 
investigation into these subjects' morphology.  

 Nonetheless, there were some interesting findings in the subject-specific analysis that were not apparent in 
the template model analysis. Differences in CSDM15 were more pronounced when comparing subject-specific 
models with template models (9-28% vs 2-5%), particularly in white matter regions, where increases in CSDM15 
exceeding 30% of adult values were observed. Looking at the exemplar 12-year-old subject compared with the 
adult subject, both grey and white matter volumes decreased with age (from 770 cm³ to 636 cm³ and from 534 
cm³ to 498 cm³, respectively). Although these trends deviate from well-established population-based patterns of 
neurodevelopment, where white matter typically increases into adulthood [29,30], they highlight the impact of 
individual anatomical variation. 

These findings align with previous adult studies demonstrating that strain fields can differ substantially 
between template and subject-specific models [43], and that local brain anatomy and tissue distributions 
influence the brain deformation response [41,42]. This result emphasises the importance of using individualised 
anatomy to capture variation. Further, the subject-specific approach revealed distinct strain variations along 
internal structural boundaries and tissue interfaces across age groups. While the current work does not support 
definitive conclusions regarding localised regional differences, future studies will incorporate atlas-based brain 
segmentation to isolate specific anatomical structures, enabling examination of regional biomechanical outcomes 
across brain development. 

Lastly, the higher pediatric strain responses observed in the subject-specific comparisons may also appear 
counterintuitive given the increased stiffness assigned to pediatric brain tissue, which would be expected to resist 
deformation more easily. However, these trends may reflect the comparatively lower damping assigned to 
pediatric models. Because damping governs how deformation energy dissipates over time, reduced damping may 
permit greater peak strains and a broader spatial extent of moderate strain, contributing to elevated MPS95 and 
CSDM15 values. This interpretation is supported by prior work comparing male and female brain models, which 
identified the mean damping ratio as the material parameter with the greatest influence on strain response [60].  

Limitations and Future Direction 
While this study establishes an anatomically and developmentally informed comparative framework, we must 

note that the models are not yet validated against pediatric brain deformation data. Our primary objective in this 
initial study was to evaluate relative differences between adult and pediatric responses by using the same 
developmental approaches in the pediatric model as were used in the validated adult model. We intend to further 
enhance the biofidelity of the pediatric model with additional material properties and material heterogeneity 
from pediatric-specific MRE. Continued progress in the fidelity and analysis of these models is important, as the 
results of this study demonstrate that subject-specific models are necessary to explicitly evaluate the role of 
neuroanatomical features in the biomechanics of the pediatric brain and, consequently, the risk of traumatic 
brain injury. Future analyses will include a deeper assessment of this age range using subject-specific models of 
pubescent age groups to further explore anatomical effects.  

The consistently higher MPS95 and CSDM15 values observed in pediatric subject-specific models indicate an 
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increased susceptibility to brain deformation, particularly in white matter. These findings suggest that adult FE 
models may approximate pediatric responses under some conditions, but they may fail to capture 
developmentally dependent tissue‑level deformation patterns critical for injury prediction. Consequently, 
reliance on global kinematic metrics and criteria developed for adults, such as DAMAGE [9] or BrIC [11], may not 
adequately capture age-dependent tissue responses. The divergence in pediatric strain patterns under identical 
head kinematics underscores the need for strain-based injury metrics and tolerance thresholds informed by 
pediatric-specific anatomy and material behaviour. As pediatric biomechanical data and material properties 
continue to emerge, incorporating age-specific modelling approaches will be essential to improve pediatric injury 
prediction and assessment. By pairing anatomically accurate templates with age-informed material properties 
and subject-specific neuroanatomy, this work provides a framework for examining how developmental factors 
influence brain strain responses beyond what generalised adult models can capture.  

CONCLUSION 
This study introduced an FE model of the pediatric brain representing an older child age range, incorporating 

age-specific anatomy and the best available age-dependent material properties derived from in vivo data. By 
combining an age-appropriate template with subject-specific morphing techniques, the work produced the first 
anatomically accurate series of 9- to 14-year-old brain models developed using state-of-the-art computational 
methods. These models captured developmental variability and enabled evaluation of how brain biomechanics 
evolve during late childhood and early adolescence under realistic automotive loading. 

Although global strain metrics suggested similarities between pediatric and adult responses, the results 
demonstrated that regional differences and evolving neuroanatomy play critical roles in shaping pediatric 
biomechanical responses. While peak strain metrics (MPS95) were comparable across ages, the subject-specific 
pediatric models consistently showed greater volumes of moderate strain, particularly in white matter, as 
reflected in higher CSDM15 values. Adult models also displayed clearer strain distributions along structural 
interfaces than pediatric models. Differences between pediatric and adult responses were larger and more 
directionally consistent when individual anatomy was preserved, emphasising the influence of anatomical 
heterogeneity. Furthermore, individual differences in neuroanatomy within the pediatric cohort led to larger 
variance in deformation outcomes compared with those observed in adults. 

These findings highlight the value of more detailed, region-specific representations of pediatric brain 
mechanics, as well as the use of age-appropriate loading conditions and material properties as additional data 
become available. The developed model, in conjunction with the RBM framework, will allow for easy updates and 
continuous development of these pediatric models. Future work will extend this modelling framework across a 
broader pediatric age range and integrate spatially heterogeneous MRE-derived stiffness maps. 

 Ultimately, this research lays the groundwork for a deeper understanding of how brain development shapes 
injury mechanisms in children. Continued advancement of pediatric FE modelling across diverse ages, 
neuroanatomies, and loading scenarios will be critical for improving head injury prediction, estimating 
age-dependent injury thresholds, and informing the design of improved pediatric safety systems. 
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