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Abstract

Traumatic brain injury (TBI) is the leading cause of death and disability in children, and can lead 

to long lasting functional impairment. Many factors influence outcome, but imaging studies 

examining effects of individual variables are limited by sample size. Roughly 20–40% of 

hospitalized TBI patients experience seizures, but not all of these patients go on to develop a 

recurrent seizure disorder. Here we examined differences in structural network connectivity in 

pediatric patients who had sustained a moderate-severe TBI (msTBI). We compared those who 

experienced early post-traumatic seizures to those who did not; we found network differences 

months after seizure activity stopped. We also examined correlations between network measures 

and a common measure of injury severity, the Glasgow Coma Scale (GCS). The global GCS score 

did not have a detectable relationship to brain integrity, but sub-scores of the GCS (eyes, motor, 

verbal) were more closely related to imaging measures.
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1. INTRODUCTION

Traumatic brain injury (TBI) can cause long-lasting damage to the brain, especially in 

children whose brains are still developing. Some patients recover fully, while others 

experience prolonged deficits. Severity of the acute injury accounts for some of this 

variability, but many other factors are thought to contribute to this variation. Here we 

examined one of these injury variables – early post-traumatic seizures.

Some patients suffer from post-traumatic epilepsy (PTE) after an injury, but a subset of 

patients who suffer seizures immediately post-injury do not go on to develop a recurrent 

seizure disorder. Seizures that only occur within a week of the injury are classified as early 

post-traumatic seizure, and occur in 4–25% of patients (1, 2). Most of the existing literature 

regarding imaging and post-traumatic seizures seeks to improve prediction - immediately 

post-injury - of which patients will develop EPTS, or which patients with EPTS will later 

develop PTE. Risk factors for EPTS include injury severity, younger age (in children), and 

cortical damage (3, 4) and it is associated with poorer outcomes (5).

The Glasgow Coma Scale (GCS) is the most commonly used measure of injury severity in 

TBI. Some recent papers regard it as a relatively blunt tool in understanding the 

pathophysiology of TBI (6). Recent imaging studies from our group failed to find significant 

relationships between GCS and imaging biomarkers (7–9). GCS is a 3–15 scale comprised 

of separate scores for eye, verbal, and motor function, with 3 being deep unconsciousness 

(10). We examined associations between structural network measures and GCS as well as its 

component scores to determine what use this measure may have as a biomarker of brain 

integrity.

2. METHODS

2.1 Subjects and Image Acquisition

TBI participants were recruited from 4 Pediatric Intensive Care Units (PICUs) at Level 1 and 

2 Trauma Centers in Los Angeles County. Participants were studied in the post-acute phase 

(2–5 months post-injury) and assessed again 12 months later. We included 34 TBI 

participants (25 M/9 F, average age 14.2). Inclusion criteria: non penetrating moderate-

severe TBI (intake or post-resuscitation GCS score between 3 and 12, or with higher GCS 

but positive imaging findings), 8–18 years old, right handed, normal vision, English 

proficiency. Exclusion criteria: history of neurological illness or injury (including post-

traumatic epilepsy), motor deficits or a metal implant preventing safe MRI scanning, history 

of psychosis, ADHD, Tourette’s, learning disability, mental retardation, autism, or substance 

abuse.

Participants were scanned using 3T MRI (Siemens Trio) with whole-brain anatomical and 

72-gradient diffusion imaging. Diffusion-weighted images (DWI) were acquired with the 

following parameters: GRAPPA mode; acceleration factor PE=2; TR/TE=9500/87 ms; 

FOV=256×256mm; isotropic voxel size=2 mm. 72 images were collected per subject: 8 b0 

and 64 diffusion-weighted images (b=1000 s/mm2).
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During the study, scanning moved to a different scanner at UCLA – yet the make, model and 

scan parameters remained consistent. Extensive testing was conducted with volunteer and 

phantom data to ensure no bias was introduced with respect to the study design. Details may 

be found in (7).

2.2 Cortical Extraction and Tractography

Connectivity analysis was performed as in (11). Briefly, non-brain regions were 

automatically removed from each T1-weighted MRI scan, and from the dMRI scan, using 

the FSL tool “BET” (FMRIB Software Library, http://fsl.fmrib.ox.ac.uk/fsl/). A 

neuroanatomical expert manually edited the T1-weighted scans to refine the brain extraction. 

All T1-weighted images were linearly aligned using FSL (with 9 DOF) to a common space 

with 1mm isotropic voxels and a 220×220×220 voxel matrix. For each subject, the 8 eddy-

corrected images (using FSL tool “eddy_correct” http://fsl.fmrib.ox.ac.uk/fsl/) with no 

diffusion sensitization were averaged, linearly aligned and resampled to a downsampled 

version of their corresponding T1 image (110×110×110, 2×2×2mm). Averaged b0 maps 

were elastically registered to the structural scan using a mutual information cost function to 

compensate for EPI-induced susceptibility artifacts. 34 cortical labels per hemisphere, as 

listed in the Desikan-Killiany atlas (12), were automatically extracted from all aligned T1-

weighted structural MRI scans using FreeSurfer (http://surfer.nmr.mgh.harvard.edu/). T1-

weighted images and cortical models were aligned to the original T1 input image space and 

down-sampled to the space of the DWIs, using nearest neighbor interpolation (to avoid 

intermixing of labels). To ensure tracts would intersect cortical labeled boundaries, labels 

were dilated with an isotropic box kernel of size 5×5×5 voxels.

The matrix transforming the mean b0 image to the T1-weighted volume was applied to each 

of the 64 gradient directions to properly re-orient the orientation distribution functions 

(ODFs). At each dMRI voxel, ODFs were computed using the normalized and 

dimensionless ODF estimator, derived for q-ball imaging (QBI). We performed HARDI 

tractography on the linearly aligned sets of DWI volumes using these ODFs, using the 

Hough transform method (13). Elastic deformations obtained from the EPI distortion 

correction, mapping the average b0 image to the T1-weighted image, were then applied to 

the tracts’ 3D coordinates to accurately align the anatomy. Each subject’s dataset contained 

35,000–50,000 useable fibers (3D curves). For each subject, a full 68×68 connectivity 

matrix was created. Each element described the proportion of the total number of detected 

fibers connecting each of the labels; diagonal elements describe the total number of fibers 

passing through a certain cortical region of interest. Values were calculated as a proportion - 

normalized by the total number of fibers traced for each individual participant and by the 

volume of the two terminal ROIs. This was done so that results were not skewed by raw 

fiber count or by a tracking bias favoring large ROIs.

2.3 Graph Theory Analyses

On the count- and volume-normalized 68×68 fiber density matrices, we used the Brain 

Connectivity Toolbox ((14); https://sites.google.com/site/bctnet/) to compute the following 

network metrics: CPL (characteristic path length – average path length in network), MCC 

(mean clustering coefficient – degree of clustering in network), EGLOB (global efficiency – 
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approximately inverse of CPL), SW (small-worldness – ratio of local clustering to path 

length), and MOD (modularity – degree to which network can be subdivided into modules). 

We generated 50 simulated random networks, with the same degree distribution and number 

of nodes. The ratio of clustering coefficient in our network to the mean value obtained for a 

simulated random network was denoted by lambda (λ). The ratio of CPL in our network to 

the mean CPL in simulated random networks was denoted by gamma (γ). All measures 

were calculated for the network as a whole, based on (14).

For post hoc analyses, we also calculated nodal topology measures, including degree (DG), 

clustering coefficient (CC) and regional efficiency (EREG).

2.4 Statistics

All statistics were run within the TBI patient group only, comparing those who suffered 

from EPTS to those who did not. We examined group differences in global BCT metrics. To 

run these analyses, we ran regressions using these models:

Here Y is any of the BCT network measures, A is a constant for each regression model, the 

βs are the covariate regression coefficients, and ε is an error term. We also ran a model 

including GCS (Glasgow Coma Scale) as a covariate. All tests were corrected for multiple 

comparisons (15).

3. RESULTS

3.1 EPTS

Of the 34 TBI patients in the post-acute phase, 10 suffered from EPTS and 24 did not, which 

is consistent with reported rates (16). Not all of these patients continued the study. Of the 25 

patients who participated in the follow-up, 9 suffered from EPTS and 16 did not. Comparing 

TBI patients who suffered EPTS to those who did not in the chronic phase, we found 

significant differences in MCC (p=0.012) and MOD (p=0.014). TBI patients with EPTS had 

greater MCC and lower MOD. These associations were borderline in the post-acute phase 

(p=0.044 and p=0.0098, respectively). These were FDR corrected across all 7 measures 

tested, separately within each time-point.

When covarying for GCS, the significant differences in chronic MCC remained (p=0.0091), 

but the differences in MOD were only borderline (p=0.024). TBI patients with EPTS now 

also registered lower γ (p=0.011). The post-acute differences in MCC remained borderline 

(p=0.0078).

3.2 GCS

As GCS affected our results above, we also examined whether GCS was associated with 

global graph theory metrics, across all TBI patients, after adjusting for covariates. We found 

a nominal association between GCS and post-acute MOD (p=0.020), but no associations in 

the chronic phase.
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We also separated GCS into its component scores – eyes, motor, and verbal, and examined 

associations with these scores. We found a significant association between GCS-eyes and 

post-acute MOD (p=0.0019), when correcting across all 7 global measures. Patients with a 

higher GCS-eyes score had higher MOD. Neither GCS-motor nor GCS-verbal registered any 

associations with global graph theory metrics. None of the sub-scores was associated with 

chronic global metrics at p<0.05.

We also examined nodal measures post hoc with each of these sub-scores. GCS-eyes had no 

significant associations with nodal measures. In the chronic phase, GCS-motor showed 

borderline associations with degree in the right lateral orbitofrontal gyrus (p=0.0012) and 

right rostral anterior cingulate (p=0.00044). Patients with higher GCS-motor had lower 

degree in these nodes. These were significant correcting across all nodes tested (68), but not 

across all measures (3). In the post-acute phase, GCS-verbal showed borderline associations 

with clustering coefficient in the left peri-calcarine node (p=0.00041). In the chronic phase, 

GCS-verbal showed borderline associations with clustering coefficient in the left pars 
opercularis (p=0.00091), and clustering coefficient and regional efficiency of the right banks 

of the superior temporal sulcus (p=0.0015). Patients with higher GCS-verbal had lower 

clustering and higher regional efficiency for these nodes.

Lastly, we examined the underlying 68×68 fiber density matrices. Here we found 

associations between GCS-motor and the fiber density of the connections between the left 

lateral orbitofrontal gyrus and the left rostral anterior cingulate (p= 0.00033), the left lateral 

orbitofrontal gyrus and the right rostral anterior cingulate (p=0.00046), and between the 

right lateral orbitofrontal gyrus and the right rostral anterior cingulate (p=0.00013). For all 

of these, patients with a lower GCS-motor had a higher fiber density. These results are 

shown in Figure 1.

4. DISCUSSION

We examined injury variables in pediatric TBI, specifically early post-traumatic seizure 

activity, and components of the Glasgow Coma Scale (GCS). We found greater network 

clustering and shorter normalized path length in patients who had suffered from early post-

traumatic seizures (EPTS) 13–19 months prior. This may suggest a more efficient network, 

but global efficiency was not significantly different. With small groups (16 vs. 9), outliers 

can significantly impact results as well. Risk factors for EPTS in children include injury 

severity and age (3, 4) but neither of these variables were significantly different between the 

groups (p=0.16 and p=0.74 respectively), and both were included as covariates in the 

regression. EPTS is associated with worse outcome, including severe disability and death, 

but we found further long-term alterations even among patients healthy enough to complete 

our study protocol.

The association between GCS and post-acute MOD appears to be driven by the GCS-eyes 

component, as neither GCS-verbal nor GCS-motor registered any association with this 

measure. Modularity is a measure of network separation. Patients with high GCS-eyes score 

had higher MOD post-acutely, perhaps indicating that having a network characterized by 

well-established modules supports this distributed function. The GCS-eyes scale depends 
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upon a set of intact functions – opening eyes in response to pain, in response to verbal 

commands, or spontaneously. These are not purely eye functions but also include processing 

external stimuli, which may explain its dependence on intact global function. For this 

association, our N was higher (33) and we performed a linear regression, not a group t-test, 

so we have more confidence in these results.

GCS-verbal showed trend-level associations with clustering in two regions associated with 

verbal processing in the chronic phase – the left pars opercularis (also known as Broca’s 

area, key for language processing (17)) and the right banks of the superior temporal sulcus, 

which plays a role in processing auditory input (18).

GCS-motor showed trend-level associations with degree in the right lateral orbitofrontal 

gyrus and right rostral anterior cingulate gyrus. These nodes also showed lower fiber density 

in patients with higher GCS-motor scores. The OFC is densely connected with the motor 

cortex, and is thus thought to play a role in the executive control of motor function (19). The 

directions of these results are unexpected, and perhaps point to compensatory processes at 

play in patients with poorer motor function immediately post-injury.

Our analyses with nodal measures were only significant at a trend-level, passing correction 

for the number of nodes tested but not for the number of measures. For this reason, we 

consider these results as preliminary and in need of a bigger sample size. However, they do 

suggest that the global GCS score has little relation to brain measures, and that researchers 

and clinicians might be better served by considering the individual scores that make up the 

GCS. Predicting outcome post-TBI is still difficult, and any information that may improve 

this prediction for the clinician is beneficial. With better outcome prediction, clinicians can 

identify patients who might benefit from more aggressive treatment and help families have 

accurate expectations.

5. CONCLUSION

In this paper, we examined graph theory measures of structural connectivity in pediatric TBI 

patients, focusing on acute injury variables that may be associated with alterations in 

network topology months later. We found that patients who had experienced seizures in the 

first week post-injury (EPTS) show network alterations months post-injury. We also found 

that the common scale of severity, GCS, has little relation with brain measures, but found 

more utility in the sub-scores. These are preliminary results that need to be examined in a 

larger dataset, but could improve outcome prediction.
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Figure 1. 
Nodal results of GCS analyses. Magenta indicates nodes whose measures were assoc. with 

GCS-verbal, black nodes are those whose measures were assoc. with GCS-motor. Blue 

connections were assoc. with GCS-motor. STS=superior temporal sulcus, ACC=anterior 

cingulate cortex, OFC=orbitofrontal cortex. Left in image is right in brain.
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