
I. INTRODUCTION

To allow a quick estimate of the risks of mild traumatic brain injury (mTBI) associated with a head impact, 
various brain injury criteria (BIC) have been developed [1-6]. Physiologically, the brain can be injured when the 
brain tissue is deformed because of the head movement. Therefore, brain strain is considered as a key 
parameter for mTBI [7]. In evaluating the accuracy of the BIC to predict brain injury risks, previous studies have 
typically used Pearson correlation between the BIC and the brain strain (particularly 95% MPS) and the 
coefficient of determination of the linear regression of brain strain on the BIC [1-3]. 

 Although the BIC are usually designed for specific types of head impact, many BIC are used across different 
types of head impact, regardless of their development background [8]. However, when applied to different 
types of head impact, even for head impacts with the same value of MPS, some BIC give different values. The 
fact that the different BIC indicate potentially similar brain strain across different types of head impact poses a 
risk to using the BIC across the mTBI field. 

 In order to better understand the risk of using one BIC as a general metric across different types of head 
impact, we used five datasets from various types of head impact for analysis. Linear regression models were 
built with 18 BIC as predictors for 95% maximum principal strain (MPS95), 95% maximum principal strain at 
corpus callosum (MPSCC95) and cumulative strain damage (CSDM 15%, the volume fraction of brain with MPS 
exceeding the threshold of 0.15). We analyzed the regression slopes of each model and the brain strain 
prediction generalizability by fitting and testing regression models on different datasets.  

II. METHODS

Data description 
Data from six sources were used to construct five datasets. Dataset 1 contained 2,183 football-type lab head 
impacts: 2,130 were simulated by a validated finite element analysis (FEA) model of Hybrid III anthropomorphic 
test dummy (ATD) headform [9] and 53 were reconstructed impacts in National Football League [10]. Dataset 2 
contained 302 on-field college football impacts [11-12]. Dataset 3 contained 457 on-site mixed martial arts 
(MMA) impacts [7][13]. Dataset 4 contained 48 impacts in automobile crashworthiness tests from the National 
Highway Traffic Safety Administration (NHTSA) [14]. Dataset 5 contained 272 numerically reconstructed head 
impacts in National Association for Stock Car Auto Racing (NASCAR) by Hybrid III ATD headform. Finite element 
(FE) modelling based on KTH model [15] was used to calculate the MPS95, MPSCC95 and CSDM. The accuracy in 
estimating the MPS95/MPSCC95/CSDM was used to evaluate the brain strain predictability of the BIC. 

Brain Injury Criteria 
The 18 BIC studied included Severity Index (SI) [16], Head Injury Criterion (HIC) [17], Generalized Acceleration 
Model for Brain Injury Threshold (GAMBIT) [18], Head Impact Power (HIP) [19], Principal Component Score (PCS) 
[5], Kinematic Rotational Brain Injury Criterion (BRIC) [20], Power Rotation Head Injury Criterion (PRHIC) [21], 
Kleiven’s Linear Combination (KLC) [15], Rotational Injury Criterion (RIC) [22], Brain Injury Criterion (BrIC) [23], 
Combined Probability of Concussion (CP) [6], Rotational Velocity Change Index (RVCI) [24], Damage [2], 
Convolution of Impulse Response for Brain Injury Criterion (CIBIC) [4], Brain Angle Metric (BAM) [3], the peak 
values of the magnitudes of the linear acceleration at the brain centre of gravity (lin_acc_CG_max), angular 
velocity (ang_vel_max) and angular acceleration (ang_acc_max).  
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Evaluation of brain strain prediction based on BIC 
Linear regression models were built with each BIC as the predictor and the MPS95/MPSCC95/CSDM as the 

outcome, respectively. The predictor was standardized in each regression. The regression slope was analyzed to 
investigate the relationship between BIC and brain strain on different datasets. A total of 1,000 iterations of 
bootstrapping resampling were done to ensure the robustness of the analysis. One-way ANOVA and Wilcoxon 
signed rank tests were used to test the statistical significance of the regression slopes across datasets. 
Additionally, the predictability was tested on the single-dataset (80% of a dataset to train the regression model 
to predict the MPS95/MPSCC95/CSDM of the remaining 20% data) and cross-dataset (a dataset used to fit the 
regression model to predict the brain strain of another dataset), with the R2 as the regression metric. To ensure 
robust results, the mean R2 was calculated in 100 iterations of bootstrapping resampling on the training data. 

III. INITIAL FINDINGS 

First, the regression slopes were analyzed. One-way ANOVA showed statistical significance of the different 
slopes across datasets on all three outcomes (p < 0.001). Figure 1 shows the pairwise comparison Wilcoxon test 
p-values of regression slopes across five datasets on the regression of MPS95/MPSCC95/CSDM with Bonferroni 
correction. The results showed 522 out of the 540 pairwise comparisons manifested statistical (p < 0.001), which 
indicated that the exact relationship between the BIC and the brain strain varied with different types of head 
impact. 

 
Fig. 1. The p-values of pairwise comparison of regression slope values on different datasets of head impacts with 1,000 
iterations of bootstrapping resampling based on Wilcoxon signed rank tests. Datasets 1-5: lab impacts, college football, 
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MMA, NHTSA, NASCAR. (A) The p-values of pairwise comparison in the regression of MPS95. (B) The p-values of pairwise 
comparison in the regression of MPSCC95. (C) The p-values of pairwise comparison in the regression of CSDM.  

 
 
Then, the accuracy of predicting MPS95/MPSCC95/CSDM on the single-dataset or across datasets was 

analyzed. The MPS95 prediction accuracy is shown in Fig. 2. The diagonal elements generally showed higher R2 
in single-dataset prediction tasks than the off-diagonal elements representing the cross-dataset prediction. 
Similar results were found on MPSCC95/CSDM regressions. 

 
Fig. 2. The mean R2 in the single-dataset prediction and cross-dataset prediction of MPS95 based on 18 BIC. 

IV. DISCUSSION  

    Although different BIC have been developed on different types of head impact and have been used across 
those types, the predictability of the BIC across different types of head impact has not been investigated. To 
study the BIC predictability across different types of head impact, using five datasets of different types of head 
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impact (lab impacts, college football, MMA, NHTSA, NASCAR), we investigated the regression slopes in linear 
regressions of MPS95/ MPSCC95/CSDM on 18 BIC and the regression accuracy of brain strain prediction 
depending on whether the regression models were fitted and tested on the same type of head impact. We 
found statistically significant different regression slopes in most regression models across datasets (Fig. 1), 
which shows that the underlying relationship between BIC and brain strain varies with the type of head impact. 
A potential explanation is that the characteristics of the kinematics used by BIC to predict brain strain are 
different. The differences in the relationship between BIC and brain strain suggest that the risks of brain injury, 
even when predicted by the same BIC value, vary with different types of head impact. 

 The influence of the datasets on the accuracy of the brain strain prediction are shown in Fig. 2. The bars 
were generally higher on the diagonal than off-diagonal, which shows that the single-dataset predictions 
generally showed higher mean R2 than those in the cross-dataset predictions. This finding indicates that the 
model is more accurate in the prediction of MPS95/MPSCC95/CSDM when it is fit on the same type of head 
impact. There were exceptions when the off-diagonal prediction accuracy was higher, and the potential reasons 
for this may be the insignificant slope difference in the regression between datasets and the randomness in a 
small dataset. This finding suggests that the accuracy of the BIC should be evaluated according to different types 
of head impact. In previous BIC studies, the evaluation of the accuracy in brain strain prediction has been 
carried out mainly on the same dataset. Although different types of head impact have been combined to 
develop BIC and machine learning head models, it was not until recently that some researchers started to 
investigate the declining model performances of the brain strain prediction models when applied to different 
types of head impact. For example, Zhan et al. [25] developed a deep learning head model for predicting MPS of 
the entire brain and showed that the model accuracy deteriorated when the model was trained on a dataset 
with mainly simulated impacts and then applied to MMA. According to this study, concerns arise when a BIC is 
used to evaluate brain strain if the BIC regression model is fit on a different type of head impact. The BIC, and 
any other computational head model for predicting brain injury risks, must be validated across different types of 
head impact before the models are used across different types of head impact.  
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