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Abstract 

American football has the highest rates of mild traumatic brain injury 

(mTBI) among youth athletes (age 8-13 years) in the United States. It is well 

established that concussions can lead to disruption of white matter (WM) 

microstructural integrity and lead to neurocognitive impairment. Little is known, 

however, about the effects of cumulative repetitive head impacts, or so-called 

subconcussive head impact exposure. Neuroimaging analyses of youth athletes 

may allow characterization of potential dose-response changes in white matter 

due to sports-related cumulative subconcussive head impact exposure, 

particularly during this time of extraordinary brain development.  

This dissertation study consists of four parts focused on advanced diffusion MRI 

analyses and comparison to biomechanical and neurocognitive metrics among 

youth football players.  

 The first part of this study involved processing and analysis of diffusion 

MRI data from youth players. Whole brain DTI and NODDI-derived 

metrics were calculated and compared to biomechanical measures of 

cumulative head impact exposure.  

 The second part of this study investigated the association between DTI 

changes in specific white matter tracts and biomechanical measures of 

cumulative head impact exposure. 
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 The third part of this study investigated the relationship between brain 

structural connectivity network properties and biomechanical metrics of 

cumulative head impact exposure.   

 The final part of this study investigated the relationships between delta 

neurocognitive scores and changes in DTI and network metrics in 

these youth football players in absence of any concussion and 

neurological disease.  

The techniques used and presented in this research demonstrate the importance 

of advanced neuroimaging and incorporating head impact biomechanics to gain 

a better understanding of the effects of cumulative subconcussive head impact 

exposure in the youth population. This study may inform future neuroimaging 

studies with respect to specific protocols and processing methods. The findings 

of this study may be useful to guide future efforts to determine head impact 

exposure limits and other changes to youth football in order to improve the safety 

of this sports activity for millions of children.  
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Chapter 1: Introduction 

Accidents and sports-related injuries are a major cause of death and 

disability among children in the United States.1 Approximately, 12 million children 

visit the emergency department (ED) for accident-related injuries each year.2 In 

2009, it was estimated that 2.6 million ED visits for children younger than 19 

were due to sports, and football was the cause of almost 400,000 of these visits.3 

American football has the highest rate of traumatic brain injury (TBI) among team 

sports in the United States.3–5 More than 6 million athletes play football in the 

United States, with the vast majority participating at the youth level. With nearly 3 

million players aged 8-12 participating in football programs across the United 

States in 2013,6 TBI poses a significant public health issue.  

Concussion among youth athletes is a serious concern, particularly for those 

who participate in contact and collision sports. From 2001 to 2005, children (age 

8-19) had an estimated 502,000 emergency department visits for concussion, 

and 35% of these visits were in thd youth age group (age 8-13).7 Emergency 

department visits almost doubled among youth between 2001-2009.7 TBI is a 

heterogeneous disorder that exists along a continuum of severity ranging from 

mild to severe, and the terms concussion and mild traumatic brain injury (mTBI) 

are often used interchangeably.8–10 Concussions can result from a broad range 

of impact magnitudes, and there is little correlation between impact magnitude, 

severity of patient reported symptoms, and clinical outcome.11–13 Most people 

who sustain a concussion experience transient symptoms, but a small subset are 

left with residual neurocognitive dysfunction and may develop chronic traumatic 
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encephalopathy.14–16 A generally accepted hypothesis proposes that the 

neurologic dysfunction associated with TBI is caused by microstructural white 

matter (WM) damage and axonal injury.19–22 While concussion can cause serious 

and acute neurocognitive impairment, the effects of repeated subconcussive 

impacts on youth football players are poorly understood. Subconcussive impact 

is defined as a hit to the head that does not result in the signs and symptoms of 

concussion.23 A growing body of evidence suggests that repetitive subconcussive 

head trauma can result in neurocognitive deficits, even in the absence of 

concussion.17,18 We are starting to understand and determine the functional and 

structural effects of subconcussive head impacts on the brain, particularly in the 

youth age range (<13). Most recently, Davenport et al. 2016 demonstrated 

changes in white matter diffusion was associated with cumulative head impact 

exposure in high school football players.24 In another study, Abbas et al. 2015 

revealed differences in the resting state functional magnetic resonance imaging 

(fMRI) characterizing the default mode network (DMN) among adolescent football 

players (age 14-18)  compared to a non-contact sport control group.25 

This dissertation work builds upon these previous studies. The first part of this 

study considers both whole brain DTI and neurite orientation dispersion and 

density imaging (NODDI) detectable changes (Chapter 2) in the analysis of 

cumulative effects of head impacts from a season of youth football in the 

absence of clinically diagnosed concussion or any neurological disease. The 

second part includes investigation of white matter specific fiber tract diffusion 

tensor imaging (DTI) changes (Chapter 3). The third part investigates the 
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association between brain structural network connectivity and cumulative head 

impact exposure (Chapter 4). The fourth part investigates the association 

between DTI changes in specific tracts and structural network properties with 

changes in cognitive testing scores among youth football players exposed to 

subconcussive impacts (Chapter 5). Taken together, this overall body of work 

combines neuroimaging, biomechanics, neuroscience, and neurocognitive 

analyses to better understand the effects of subconcussive impacts on youth 

athletes playing football. This research may lead to medical neuroimage 

processing developments that can help in mTBI, sports-related, and concussion 

research. 

Brain anatomy and physiology 

The human brain is the major functional and structural organ of the 

human central nervous system. It is protected by the skull and has similar 

structure compared to the brains of other mammals, but with a more developed 

cerebral cortex. The brain is composed of three major parts; white matter (WM), 

gray matter (GM), and cerebrospinal fluid (CSF). Figure 1 shows different 

compartments of the brain. CSF is a clear body fluid found in the brain and spine. 

GM consists of neuronal cell bodies, dendrites, glial cells , and synapses. White 

matter is made of bundles of myelinated axons, which connect different 

gray matter areas of the brain to each other, and carry nerve impulses between 

neurons. Myelin increases the speed of transmission of all nerve signals. 

https://en.wikipedia.org/wiki/Central_nervous_system
https://en.wikipedia.org/wiki/Human_skull
https://en.wikipedia.org/wiki/Mammal
https://en.wikipedia.org/wiki/Cerebral_cortex
https://en.wikipedia.org/wiki/Body_fluid
https://en.wikipedia.org/wiki/Human_brain
https://en.wikipedia.org/wiki/Human_vertebral_column
https://en.wikipedia.org/wiki/Neuron
https://en.wikipedia.org/wiki/Soma_(biology)
https://en.wikipedia.org/wiki/Dendrites
https://en.wikipedia.org/wiki/Glial_cell
https://en.wikipedia.org/wiki/Synapse
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Figure 1-1. Three views of a structural T1 weighted MRI with brain tissues 

labeled 

Diffusion Tensor Imaging (DTI) acquisition and DTI metrics  

A generally accepted hypothesis proposes that microstructural WM 

damage and axonal injury are responsible for the neurologic dysfunction that is 

associated with mTBI.19–22 CT and conventional anatomic MR imaging of the 

brain are unremarkable in most cases of mTBI due to the inability of these 

techniques to evaluate for the microstructural alterations that occur in the setting 

of axonal injury.26–28  However, advanced MRI techniques exist that allow 

detailed evaluation of the microstructural composition and architecture of 

tissues.29–32 Diffusion tensor imaging can exploit minute differences in the 

diffusion of water molecules in the brain to assess axonal integrity and generate 

maps of the fiber tracts.33 Diffusion is known as the movement of free particles in 

a liquid as a result of the particles’ kinetic energy. This random motion is 



5 
 

identified as Brownian motion. Albert Einstein and Smoluchowski, described the 

diffusion equation where there is a relationship between diffusion coefficient (D), 

time (t), and root mean squared displacement (r): 

𝑟 =  √2𝐷𝑡                 Equation1 

MRI will detect this random motion throughout DTI sequence. To prepare MR 

images to diffusion the homogeneity is varied in a linear fashion using a pulsed 

field gradient. Since precession is commensurate with the magnet strength, the 

protons start to precess at different rates, resulting in dispersion of the phase and 

signal. In the same magnitude but in the opposite direction, another gradient 

pulse will be applied in order to refocus the spins. This refocusing is not perfect 

for the moving protons during the time interval between the pulses, and the MRI 

machine measures less signal. Equation 2 and 3 show the reduction in signal 

due to the pulse gradient application which is related to the amount of diffusion: 

𝑆 =  𝑆0𝑒−𝑏𝐷                         Equation 2   

𝑏 =  𝛾2𝛿2 (𝛥 − 
ᵟ

3
 ) |𝑔|2         Equation 3 

Where 𝑆0 is the signal intensity without the diffusion weighting, 𝑆 is the signal with 

the gradient, 𝛾 is the gyromagnetic ratio, g is the strength of the gradient 

pulse,  𝛿 is the duration of the pulse, Δ is the time between the two pulses, and 

finally, D is the diffusion-coefficient. 

DTI is sensitive for detecting, localizing, and quantifying the microstructural 

changes in WM that are associated with axonal injury.27,34 DTI techniques can 
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allow the detection and quantification of longitudinal changes in axonal integrity 

that occur in individual subjects over the course of a season of football.35  

The two most common parameters utilized in DTI are fractional anisotropy 

(FA) (figure 2) and mean diffusivity (MD) of the diffusion tensor.  MD, also known 

as the apparent diffusion coefficient (ADC), denotes the average diffusion of 

water molecules in the tissues.20 In the highly ordered WM tracts of the brain, the 

movement of water is greater in directions that are parallel to the fiber tracts than 

in the directions orthogonal to them, a phenomenon known as anisotropic 

diffusion.32 FA is a scalar value that describes the degree of anisotropy of 

a diffusion process and reflects the microstructural organization of WM, including 

axonal morphology and degree of myelination.19,21 An FA value of zero 

represents equal movement of molecules in all directions; whereas an FA value 

of one represents movement entirely in one direction. The movement of water 

molecules in tissues is constrained by the organization of the tissue components. 

In general, water diffuses in a more anisotropic manner in normal WM and less 

so in injured WM. Axonal injury is associated with decreases in FA and increases 

in MD, which are thought to occur as a result of demyelination and/or axonal 

disruption.36 However, there is some variability in the literature regarding the 

changes in FA and MD of the WM that occur with respect to the timing of the 

injury. 
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Figure 1-2. Three views of a fractional anisotropy (FA) map of white matter in 

brain.  

Neurite orientation dispersion and density imaging (NODDI) 

Neurite orientation dispersion and density imaging (NODDI) is a 

useful diffusion MRI technique that estimates the microstructural complexity of 

dendrites and axons in vivo and provides advantageous information regarding 

brain morphology and anatomy.37,38 Orientation dispersion index (ODI) and 

neurite density (ND) are two parameters that can be obtained from the NODDI 

fitting procedure (figure 3).  

http://www.sciencedirect.com/science/article/pii/S1053811912003539#200024352
http://www.sciencedirect.com/science/article/pii/S1053811912003539#200024352
http://www.sciencedirect.com/science/article/pii/S1053811912003539#200008650
http://www.sciencedirect.com/science/article/pii/S1053811912003539#200024312
http://www.sciencedirect.com/science/article/pii/S1053811912003539#200024434
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Figure 1-3. Neurite density (ND) and orientation dispersion index (ODI) extracted 

from the NODDI fitting model.  

The amount of neurite, specifically axonal WM fibers, that has an incoherent 

orientation distribution in a particular voxel is identified as ODI. The fraction of the 

intracellular tissue compartment is commensurate with neurite density (ND) and 

is sensitive to myelination.39 As shown in figure 4, different shapes of fibers will 

cause different shapes of tensors with different polarities. Changes in ODI are 

thought to provide additional information about the development of white matter 

complexity in this age range, as oppose to FA which has limited ability to 

characterize bending, fanning, and crossing axons in developing white matter. 
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Figure 1-4. Different types of fibers in a voxel with different tensors and polarities. 

Tract-Based Spatial Statistics (TBSS) analysis 

FA is independent of the orientation of WM tracts and is a convenient 

quantity to compare across subjects. Voxel-wise and region-of-interest (ROI) 

based analyses have been successfully utilized to detect and characterize 

changes in the FA and MD of WM across time and subjects40,41. A central 

assumption of these methods is that there is precise spatial co-localization of the 

WM tracts being evaluated. Thus, any misalignment serves to decrease the 

sensitivity of the technique for the detection of small structural lesions within a 

multi-subject cohort42. 
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Tract-Based Spatial Statistics (TBSS) is an automated whole-brain analysis 

technique that diminishes cross-subject registration and alignment issues 

encountered with ROI and traditional voxel-wise analyses and obviates the need 

for data smoothing during image processing that can lead to a loss of image 

resolution43,44. TBSS extracts data from the center of the tracts that are 

conserved across the subjects and projects it into a common space known as a 

mean FA skeleton43 (figure 5). Voxel-wise statistics are then performed on the 

alignment-invariant skeletonized WM to locate areas which correlate to the 

chosen covariate45. With this technique, it is possible to perform accurate cross-

subject and longitudinal statistical analyses.  

 

Figure 1-5. Skeletonized fractional anisotropy (FA) overlaid on the white matter 

FA mask.  

Fiber tract extraction  

The morphology of the axons in parallel bundles and their myelin sheaths 

directs the diffusion of the water molecules along their main direction. In fiber 

propagation tracking from diffusion tensor imaging, the whole length of WM 

structures of interest and the target fiber tract can be reconstructed in 3-D 

noninvasively. Thereafter, associated fiber measurements and diffusion 
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characteristics can be obtained. Traumatic axonal injury (TAI) resulting from the 

stretching and shearing of white matter fibers as a result of forces on the brain 

has been shown in TBI46.  

Several related studies in mTBI and sports related head injury have 

demonstrated changes in specific tracts, such as the IFOF, SLF, and ILF47–49. 

Kraus et el. 2007 has shown reduced in WM integrity in specific tracts including 

the inferior fronto-occipital fasciculus (IFOF), superior longitudinal fasciculus 

(SLF), ILF, and corpus callosum (CC) in chronic TBI50. Bendlin et al. 2008 

demonstrated decreased FA and increased MD in several major fiber bundles 

including the SLF, IFOF, and CC.47 Chamard et al. 2013 studied sports-related 

concussion in female athletes and detected a large change in IFOF, SLF, ILF, 

uncinate fasciculus, and CC of concussed athletes.48 Gajawelli et al. 2013 found 

significant DTI metric changes in the brain of contact sports athletes when 

compared to non-contact sports athletes.  These changes involved specific tracts 

including the IFOF and CC.49 Studying specific fiber tracts within the brain, 

especially tracts of interest in mTBI, will help detect the location of TAI with 

implications on the whole structural WM network and neurocognitive functioning.  

The automated fiber quantification (AFQ) method extracts the fiber tracts in 

white matter brain via three steps;51 1) Whole brain tractography is performed 

using the deterministic streamlines tracking algorithm. 2) Fiber tract 

segmentation is carried out using the two-way point region of interest (ROI) 

procedure; each fiber which passes through both ROIs is a candidate for a 

specific fiber group. 3) Fiber tract refinement is performed via comparison of 
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each fiber to a fiber tract probability map. AFQ can produce 28 tracts in the brain 

(20 tracts outside of CC (figure 6) and 8 tracts making up the CC (figure 7). 

 

Figure 1-6. 20 different white matter fiber tracts extracted using automated fiber 

quantification (AFQ). 
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Figure 1-7. Eight internal tracts that represent the corpus callosum (CC) using 

automated fiber quantification (AFQ).  

Structural network analysis 

WM within the brain can be modeled as an integrated and connected 

network, where nodes represent anatomical regions and edges represent the 

connectivity measure between those nodes. Structural network connectivity can 

be generated from DTI in order to quantify and organize the brain tractography 

52,53 and identify different communication pathways between nodes. Extraction of 

connectivity measures can be performed using DTI, which provides metrics that 

can be analyzed by different approaches. Graph theory, , provides information 

about the strength, efficiency, and properties of the network following brain injury. 

In previous studies, different approaches have been developed for structural 
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network generation and interpretation in mTBI54–57. Bullmore et al 2009. 

suggested that the white matter structural network can be characterized 

quantitatively with a graph theoretical analysis54. Caeyenberghs et al 2012. 

analyzed the structural brain network connectivity in young TBI patients through 

diffusion MRI and a graph theoretical approach and found reduced network 

strength and efficiency following brain injury.58 

As illustrated in figure 8, the automated anatomical labeling (AAL) template59 

can be used to parcellate the entire brain cortical area. Cortical regions from the 

whole cerebral cortex represent cortical network nodes. These nodes may be 

constructed in the DTI native space. Co-registration and warping the labels to 

native space and back using T1 and diffusion B0 images is performed in FDT-

FMRIB diffusion toolbox in FSL.60 
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Figure 1-8. Flowchart of post-image processing in order to extract the 

probabilistic connectivity matrix; (i. masking the brain, ii. preprocessing and 

diffusion tensor generation, iii. white matter probabilistic fiber tracking, iv. warping 

the AAL atlas nodes to native DTI space, v. probabilistic network connectivity 

matrix creation). 

Neuro Cognitive and balance error scoring system (BESS)  

Neuropsychological testing was completed using version 2.1 of the 

Pediatric ImPACT (currently referred to as the MACS) computer administered 

test battery pre- and post-season for all subjects.  The MACS test consists of 

multiple modules that assess different measures of cognitive function reported as 

composite scores, including Learning and Memory Accuracy, Response Speed, 

and Accuracy Speed Efficiency. These scores are based upon performance on 

sub-tests of each cognitive category.62 The Balance Error Scoring System 

(BESS) provides a portable and unbiased technique of static postural stability 

assessment.63 There are 6 trials including three poses of double leg stance, 

single leg stance, and tandem stance on two conditions of firm surface and foam 

surface standing.  Each of the trials is 20 seconds. The number of errors 

(deviations) from the proper stance is counted by the trained test examiner 

(figure 963). 
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Figure 1-9. Six different positions of standing in order to conducting the balance 

test.63 

HITS data collection 

All players were fitted with Riddell Revolution or Riddell Revolution Speed 
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football helmets containing MxEncoders that fit into the spaces between padding 

in the helmet10,64.  Data were wirelessly recorded and transmitted during all 

practices and games to a sideline laptop connected to a radio receiver where 

kinematic linear and rotational accelerations are computed.  All games and 

practices were videotaped to remove any false impacts, such as a dropped 

helmet (figure 10).  Acceleration threshold was set at 10g. Once this threshold 

was achieved, information from all six accelerometers was collected at 1 kHz for 

a period of 40 ms; 8 ms before the trigger and 32 ms after the trigger. All games 

and practices were videotaped to remove any false impacts, such as a dropped 

helmet.  The HIT system is well validated65 and data were processed in 

concordance with methods previously described in literature10,35.  The HITS data 

for this study were used to calculate players’ the Risk Weighted cumulative 

Exposure (RWE)10. This metric is defined as the collected risk of concussion over 

the course of a season.  This risk function includes logistic regression equations 

and regression coefficients for (1) linear acceleration(RWELINEAR)66, (2) rotational 

acceleration (RWEROT)67, and (3) the combined probability (RWECP) from linear 

and rotational acceleration. The risk for each respective head acceleration 

specific to the given risk function for a single player was summed to generate the 

risk weighted exposure (RWE) for the season67.  
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Figure 1-10. Riddell HIT System, helmet, and six accelerometers array 
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Abstract 

The purpose of this study was to determine the effects of cumulative subconcussive 

head impact exposure associated with youth football (age<13 years old) on white matter 

(WM) microstructural complexity and dispersion using neurite orientation dispersion and 

density imaging (NODDI). Thirty eight male football players (age: 8-13) without a history 

of concussion prior to or during the football season participated in this study. Head 

impacts were measured and evaluated via the Head Impact Telemetry System (HITS), 

which recorded kinematic data during all practices and games. The biomechanical 

metric used in this study was the risk weighted cumulative exposure (RWECP).  All 

subjects received pre and post-season MRI, including NODDI.  Orientation dispersion 

index (ODI) and neurite density (ND) were obtained using the NODDI fitting procedure. 

Diffusion image pre-processing and TBSS analysis was performed on NDI and ODI 

using programs from the FMRIB Software Library (FSL). TBSS linear regression 

analysis was conducted using age and time between delta-season MRI scans (post-

season minus pre-season) as covariates to determine the association between RWECP 

and change in WM diffusion parameters (ODI and NDI). Results were corrected for 

multiple comparisons using threshold free cluster enhancement at P < 0.025. TBSS 

linear regression analyses revealed statistically significant areas of increased ODI (post–

pre season) (Inferior fronto-occipital fasciculus, Inferior longitudinal fasciculus, and 

Uncinate fasciculus) and decreased ODI associate with RWECP.  There were no 

statistically significant associations between cumulative head impact exposure and 

change in ND over the season of football. Our findings suggest that cumulative 

subconcussive head impact exposure is associated with configuration changes in WM 

after a single season of youth football.   

http://www.sciencedirect.com/science/article/pii/S1053811912003539#200024352
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Introduction 

American football is the most popular sport in the United States, with 

almost five million athletes at different levels of play across youth, high school, 

collegiate, and professional leagues.1–4 Nearly, 70% of these players participate 

in youth football leagues (age 8-13).5 There is increasing awareness and concern 

about the short- and long-term health consequences of cumulative head impact 

exposure in youth football, even in the absence of clinically diagnosed 

concussion. Although youth football typically has a shorter playing season 

compared to high school and collegiate football, these young athletes are 

exposed to similar numbers of repetitive head impacts, and show similar 

incidence rates of concussion.5 There is currently limited data and study in the 

area of cumulative repeated subconcussive head impact exposure among youth 

athletes during a time of extraordinary brain development and ongoing 

myelination .6  

Diffusion tensor imaging (DTI) provides a sensitive method to identify white 

matter changes following sports related concussion.7–10 DTI is a popular 

technique that fits a single tensor to the diffusion profile of voxels and has three 

major limitations.  First, the tensor’s parameters, such as fractional anisotropy 

(FA), provides only an indirect evaluation of white matter microstructure, and it 

can be challenging to relate changes in these parameters to changes in the 

underlying topology, configuration, and properties of neurons. Second, there are 

highly correlated relationships between DTI parameters, such as FA and MD, 

thus limiting the amount of unique information about diffusion characteristics 
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derived from the tensor. Third, DTI performs based on the assumption that there 

is only one fiber population in a voxel, which is not accurate for all voxels in 

whole brain white matter. Although DTI has dominated the literature, particularly 

in the TBI research domain, there are more advanced and physiologically 

relevant biophysical models of white matter microstructure that can be elucidated 

by acquiring diffusion data using multi-shell techniques, such as 

neurite orientation dispersion and density imaging (NODDI).  Unlike DTI derived 

directional diffusivities, NODDI allows modeling of parameters, such as 

orientation dispersion index (ODI) and neurite density (ND) that are more 

biologically interpretable, as they correspond to known axonal characteristics.11–

14  

The NODDI fitting procedure defines three major microstructural 

environments: extracellular, intracellular, and isotropic volume fraction. Three 

parameters can be acquired from the NODDI fitting model: ODI, ND, and CSF. 

Isotropic volume fraction is the portion of the voxel that has isotropic diffusion, 

which is thought to represent CSF.  ODI is a degree of the orientation dispersion 

or the measure of axonal fibers in white matter that have an incoherent 

orientation distribution in a voxel, 11 and thought to reflect the bending and 

fanning of axons. ND is believed to be proportional to the intracellular fraction of 

the tissue, as opposed to extracellular. ODI and ND are therefore thought to 

reflect the configuration of the white matter axonal fibers. 

NODDI is a relatively new technique and there are very few studies 

investigating ODI and ND changes in children who are undergoing rapid 

http://www.sciencedirect.com/science/article/pii/S1053811912003539#200024352
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developmental changes in white matter. However, in one previous study of young 

children who suffered TBI, Genc et al. 2015 demonstrated the importance of 

calculating ODI as a separate parameter of white matter microstructure.15 NODDI 

provided additional information about the development of white matter 

microstructure and configuration in late childhood and adolescence by 

characterizing bending, fanning and crossing fibers in developing white matter, 

which is not possible using DTI.15–18  

In this study, we use the NODDI modeling method to study the white matter 

microstructure in youth football players over the course of a single season. The 

primary aim of this study was to determine the effects of cumulative 

subconcussive head impact exposure associated with youth football (age<13 

years old) on white matter (WM) microstructural complexity and dispersion, in 

absence of clinically diagnosed concussion.  

Methods and Materials 

Subjects 

All research processes were approved by the Wake Forest School of Medicine 

Institutional Review Board Committee. Data included sixty two pair of completed 

imaging sections (pre and post seasons) from a local youth football league 

participating in either the 2012, 2013 or 2014 season. Fifteen of these players 

played in multiple seasons and we included just one season per each player. 

Exclusion criteria included history of previous concussion, clinically-diagnosed 

concussion during the playing season, attention deficit hyperactivity disorder 
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(ADHD), or any other neurological/psychiatric illness. During the 2012 football 

season, athlete concussions were reported based upon player, parent, and 

coach reports of a suspected concussion.  Over the 2013 and 2014 football 

season, a certified athletic trainer was present during all games and practices 

and assessed subjects for signs and symptoms of concussion.19  This resulted in 

38 male subjects (age 8-13, average age: 11.80 years; SD: 1.04) from the 3 

seasons with complete biomechanical data as well as pre and post-season 

diffusion data.  

HITS data collection 

All football players were fitted with a Riddell Revolution Speed helmets 

that was instrumented with the Head Impact Telemetry (HIT) System during all 

practices and games.20 Head impact exposure and biomechanical data were 

wirelessly recorded and transmitted real-time to a sideline laptop connected to a 

radio receiver where kinematic linear and rotational accelerations are computed.  

All games and practices were videotaped in order to exclude any false impacts, 

such as a dropped helmet.  The HIT system has been previously validated20 and 

data was processed in agreement with methods previously defined in 

literature.7,21 The kinematic data collected from the HIT system were used to 

calculate each players’ Risk Weighted cumulative Exposure (RWE).22 This metric 

identified the collected risk of concussion over the course of a sport related 

season.  The risk was calculated from the respective risk function for  the 

combined probability (RWECP) from linear and rotational acceleration.23 The risk 

for each individual head acceleration specific to the given risk function for a 
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single player was computed and summed to create the risk weighted exposure 

(RWE) for the entire season.22  

Data Acquisition and Imaging Parameters 

MRI data were acquired on a 3 Tesla Siemens Skyra MRI scanner using a 

high resolution 32 channel head/neck coil (Siemens Healthcare; Erlangen, 

Germany). T1-weighted images were obtained using a 3D volumetric MPRAGE 

sequence with isotropic resolution of 1 mm3 (TR = 2300 msec; TE = 2.98 msec; 

TI = 900 msec; FA = 9 degrees; slices = 192). DTI sequences were acquired 

using a 2D single-shot EPI sequence (TR = 10500 ms; TE = 99 ms; FA = 90 

degrees; spatial resolution = 2.2 x 2.2 mm; slice thickness = 3 mm; slices = 54; 

10 b = 0 volumes; 15 diffusion directions with b = 1000/2000 each). 

Tract-base Spatial Statistic Analysis (TBSS) 

To investigate local changes in the NODDI metrics, voxel-wise analysis of 

the data was carried out using TBSS in FSL.24,25 Nonlinear registration aligned all 

ODI, ND, and FA images to a 1x1x1mm standard space template. The target 

image used in the registrations was the FMRIB58_FA standard-space image. 

The FA of all subjects was used to construct a mean WM tract skeleton. A 

threshold for inclusion was set at FA ≥ 0.2 in order to suppress areas with 

extremely low mean FA and exclude regions with substantial inter-individual 

variability. NODDI parameter maps were then aligned to the most representative 

subject using the registrations computed for the FA maps. 
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Statistical analysis  

Two contrasts, pre > post and post > pre, were used to assess group 

differences for each NODDI parameter. Thereafter, linear regression analyses 

were conducted to determine the association between cumulative head impact 

exposure and delta-season (post minus pre-season) ODI and ND. For statistical 

inferences on NODDI parameters, we used the “randomize” function from FSL, 

which is a nonparametric permutation test. The resulting maps were corrected for 

multiple voxel-wise comparison with threshold-free cluster enhancement (TFCE) 

approach26 using a significant threshold of p = 0.025. We used age of the 

participants and time between scans as covariates. The anatomic locations of 

WM regions with statistically significant clusters were defined using the Johns 

Hopkins University (JHU) atlas.27 

Results 

Using NODDI, we extracted the  ODI and ND for each subject. Example 

parameter maps of ODI and ND from NODDI are shown in Figure 1, with 

comparison to an FA map from DTI. Statistically significant results from TBSS 

analysis of the ODI are shown in Figure 2 and 3.  
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Figure 2-1. Example of an axial slice of the parameter maps: ODI, ND, and FA.  

Figure 2 shows statistically significant areas of increased ODI (post–pre 

season) associated with cumulative head impact exposure. These areas included 

the inferior fronto-occipital fasciculus, inferior longitudinal fasciculus, and 

uncinate fasciculus. 

  

Figure 2-2. White matter tracts with significantly increased ODI over a single 

season of football are shown in red (p < 0.025). 
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Figure 3 demonstrates statistically significant areas of decreased ODI (post-

pre season) associate with cumulative head impact exposure including superior 

longitudinal fasciculus and corona radiata. There were no statistically significant 

associations between cumulative head impact exposure and changes in ND. 

White matter tracts with significantly decreased ODI over a single season of football are 

shown in blue (p < 0.025). 

 

Figure 2-3. White matter tracts with significantly decreased ODI over a single 

season of football are shown in red (p < 0.025). 

Discussion 

Our findings suggest that cumulative subconcussive head impact 

exposure is associated with changes in WM after a single season of youth 

football in the absence of clinically diagnosed concussion. 

ODI is thought to reflect the bending and fanning of axons, which is useful for 

mapping brain structural connectivity.28 For example, ODI may help to determine 

if voxels thought to contain crossing fibers29  are in fact created by orientation-

dispersed fibers, with only one single major orientation.11  Compared to NODDI, 
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DTI has limited utility for characterizing complex fiber orientation within a voxel,11 

and therefore, may fail to detect important changes in white matter associated 

with repetitive subconcussive head impact exposure.  In this study, 

multicompartmental biophysical modeling showed significantly decreased and 

increased ODI in some of the WM tracts that had a statistically significant 

association with cumulative head impact exposure. No significant association 

was found between changes in white matter ND and cumulative head impact 

exposure, indicating that axonal density was not affected. In the setting of 

subconcussive head impact exposure, an increase in white matter ODI may 

indicate exposure-associated deformation of fiber directionality, however, with no 

change in ND to indicate fiber loss due to traumatic mechanical strain.  One 

possible mechanism to explain a decrease in white matter ODI over the season 

of football is reduced axonal fanning (i.e., convergence/divergence) and crossing, 

though future studies comparing imaging parameters to pathologic specimens 

would be required for confirmation.  

In previous studies from our group, we investigated the relationship between 

changes in FA and cumulative head impact exposure in youth football among 

specific white matter tracks. We demonstrated decreased FA in the inferior 

fronto-occipital fasciculus and superior longitudinal fasciculus that was 

associated with cumulative head impact exposure. Decreased FA and increased 

ODI in inferior fronto-occipital fasciculus may reflect exposure-associated 

deformation and dislocation of fiber directionality due to repetitive head impacts. 

Also, the relationship between cumulative head impact exposure and decreased 
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FA and ODI in the superior longitudinal fasciculus could reflect demyelination of 

the fibers and reduction in crossing and fanning fibers in this tract.  

We are not aware of any published studies investigating the association 

between sports-related subconcussive head impact exposure and NODDI 

parameters of white matter microstructural integrity. However, in a previous 

pediatric traumatic brain injury study, Genc et al. 2015 revealed a negative 

association between ODI and TBI severity in children (mean age = 9.6 years 

old).15 Changes in ODI are thought to provide additional information about the 

development of white matter complexity in this age range, as opposed to FA 

which has limited ability to characterize bending, fanning, and crossing axons in 

developing white matter. In another preclinical study, Ginet et al. 2016 showed 

lipopolysaccharide cerebral exposure in TBI group lead to increased ODI in white 

matter microstructure of corpus callosum.30   

Limitation 

Findings of this study are interpreted based on a cross sectional single 

season of youth football, which limits the ability to make inferences about the 

effects of accumulating subconcussive-induced deficits on long-term outcomes. 

Our imaging protocol used 30 b-values of 1000 and 2000 for conducting this 

multicompartmental biophysical modeling, however, multi-shell diffusion images 

with larger number of b-values could affect the computed diffusion metrics. 

Because all of our participants are male youth football players, generalizing these 

findings to girls is not possible. 
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Conclusion  

This study adds to the growing body of evidence that a single season of 

contact sports can result in WM microstructural changes, even in the absence of 

concussion. We demonstrate a significant relationship between head impact 

exposure accumulated over a single season of youth football and change in 

white matter ODI in the absence of clinically diagnosed concussions.  
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Abstract 

It is well established that concussive impacts play a role White matter (WM) tract 

diffusion impairment; however, growing evidence is also starting to establish a 

relationship between subconcussive impacts and WM changes.  The purpose of this 

study was to examine the effects of subconcussive impacts resulting from a single 

season of youth (age 8-13 years) football on changes in specific WM tracts as detected 

by diffusion tensor imaging (DTI) in the absence of clinically diagnosed concussions. 

Head impact data was recorded using the HIT system and quantified as the risk 

weighted cumulative exposure (RWECP). Twenty five male subjects were evaluated for 

seasonal fractional anisotropy (FA) changes in specific white matter tracts: the Inferior 

fronto-occipital fasciculus (IFOF), Inferior longitudinal fasciculus (ILF), and Superior 

longitudinal fasciculus (SLF).  Fiber tracts were segmented into a central core and two 

fiber terminals. The relationship between seasonal FA change in the whole fiber, central 

core, and the fiber terminals with RWECP was also investigated.  There were statistically 

significant linear relationships between RWEcp and decreased FA in the whole, core, and 

terminals of left IFOF.  A trend toward statistical significance in right SLF was observed. 

A statistically significant correlation between decrease in FA of the right SLF’s terminal 

and RWECP was also observed. In conclusion, this study found a significant relationship 

between head impact exposure and change in FA value of whole, core, and terminals of 

left IFOF and right SLF’s terminals where WM and gray matter (GM) intersect, in the 

absence of a clinically diagnosed concussion.  

Key words: Subconcussive Impacts, Football, Head Impact Telemetry System, 

Risk weighted cumulative exposure, Diffusion tensor imaging, Fiber tracking 
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Introduction 

American football has a high rate of traumatic brain injury (TBI) among 

contact team sports in the United States1–3.  It is estimated that there are more 

than 6 million athletes playing football in the United States.  The vast majority of 

these players participate at the youth and high school level. In fact, nearly 3 

million youth school players participate in tackle football programs across the 

United States4.  

TBI is a heterogeneous disorder that exists along a continuum of severity 

ranging from mild to severe, and the terms concussion and mild traumatic brain 

injury (mTBI) are often used interchangeably5–7. Concussions can result from a 

broad range of impact magnitudes and there is little correlation between impact 

magnitude, severity of patient reported symptoms, and clinical outcome8–10. 

There is a growing body of evidence that suggests repetitive subconcussive head 

trauma can also result in neurocognitive deficits11,12. A generally accepted 

hypothesis is that microstructural white matter (WM) damage and axonal injury is 

responsible for the neurologic dysfunction that is associated with TBI13–16.  

In order to measure the underlying biomechanical response and head impact 

exposure for each player during the football season, an effective technique is 

required. The number and magnitude of head impacts that football players 

experience is highly individualized and some players experience higher exposure 

during a season than others17. The Head Impact Telemetry (HIT) system has 

been developed to assist understanding of the relationship between mTBI and 

head kinematics. This system is placed at the sidelines and collects data in real 



43 
 

time from helmet-embedded sensors.  Data gathered includes the number, 

magnitude and direction of impacts in both linear and rotational acceleration 

which can be investigated as biomechanical risk factors18,19. 

The construction of the axons in parallel bundles encased in myelin sheaths 

support the diffusion of water molecules along their primary direction. In fiber 

propagation tracking from diffusion tensor imaging (DTI), the whole length of 

selected WM structures and the targeted fiber tract can be noninvasively 

reconstructed in 3-D and associated fiber measurements and diffusion 

characteristics can then be obtained. Traumatic axonal injury (TAI) and diffuse 

axonal injury (DAI), resulting from stretching and shearing of white matter fibers 

due to the forces imparted to the brain, are variations of TBI20. It has been 

previously suggested that the mechanisms of DAI may be similar to the 

mechanism by which subconcussive impacts affect regions of white matter within 

the brain21. 

Computed tomography (CT) and conventional anatomic magnetic resonance 

imaging (MRI) of the brain are unremarkable in most cases of mTBI due to the 

inability of these techniques to evaluate for the microstructural alterations that 

occur at the axonal level22–24.  However, advanced MRI techniques exist which 

allow for detailed evaluation of the microstructural composition and architecture 

of tissues25–28. DTI can exploit minute differences in the diffusion of water 

molecules in the brain to assess axonal integrity and generate maps of fiber 

tracts29. DTI techniques have been utilized in the detection and quantification of 
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longitudinal changes in axonal integrity, resulting from a single season of 

football30.  

The brain is composed of an outer layer of gray matter (GM) including 

dendrites, and an inner core of WM, containing mostly myelinated axons. 

Responses of WM and GM to head impacts is different because of higher level of 

WM stiffness with respect to GM31,32. Thus, changes in WM integrity associated 

with mTBI along the fiber bundle are different from the changes in the terminals 

of the fiber where WM and GM link together. In addition, cerebral microbleeds 

occur as a result of TBI, and these microbleeds often occur at the cortical GM 

and WM interface33,34. Different mechanical properties along the WM fiber 

bundles and their terminals likely have some clinical implications for how the 

terminal fiber tracts respond to TBI compared to the core part of the fiber tracts. 

Holl et al. 2011 compared the results of fiber tractography of the temporal lobe 

with histological data and found variability between individuals towards the ends 

of the WM bundles in both histology and DTI, while the middle parts of the tracts 

(tract core) were much more similar between individuals35.   

Specific WM tract analyses provide information with high sensitivity to 

abnormal white matter microstructural properties and is increasingly being used 

to identify the effects of head impacts at both the concussive and subconcussive 

level36–38. Specific fiber tracing demonstrates the pathways passing through brain 

regions of interest (ROIs) which are affected by head impact exposure. This 

technique can reconstruct intra-hemispheric white matter bundles that are 

sensitive to mTBI 38. Several mTBI studies have demonstrated changes in 
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specific tracts mostly in the forceps minor/major of the corpus callosum (CC), 

inferior fronto-occipital fasciculus (IFOF), superior longitudinal fasciculus (SLF), 

and inferior longitudinal fasciculus (ILF)39–41. Kraus et el. 2007 has demonstrated 

reduced WM integrity in specific tracts in the IFOF, SLF, ILF, and CC in chronic 

TBI patients42. Bendlin et al. 2008 presented changes in FA in several major fiber 

bundles, including the SLF, IFOF, and CC39. Chamard et al. 2013 studied sports-

related concussion in female athletes and detected a large change in the IFOF, 

SLF, and ILF40. Gajawelli et al. 2013 found significant change in FA in the brain 

of contact sports athletes when compared to non-contact sports athletes.  These 

changes involved specific tracts including the IFOF and CC41.   

Youth age and adolescence is an important time of development which is 

identified by both immature and mature brain processes43 with myelination 

continuing to progress through adolescence43,44. Several DTI studies have 

investigated WM tract development in adolescence 45–50. Schmithorst et al. 2002, 

BarneaGoraly et al. 2004, and Ashtari et al. 2007  illustrated continued 

maturation in association and projection tracts during adolescence45–47. Asato et 

al. 2010 showed the tracts which are related to complex behavior determine 

continued development through adolescence48. These tracts are mostly 

association tracts and fibers that support integration of frontal regions to other 

parts of the brain48. Maturation by adolescence has been previously reported in 

the corticospinal tract, frontal portions of the corona radiate and in several key 

long association tracts, including the IFOF/ILF and the SLF.  
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Studying specific fiber tracts within the brain, especially those of interest in 

mTBI, will assist in detecting the location of TAI as it relates to subconcussive 

head impact exposure.  The aim of this study is to determine if cumulative 

exposure to head impacts acquired over a season of youth football can result in 

changes in specific white matter tracts and tract terminals as detected by DTI in 

the absence of clinically diagnosed concussion. This is one of just a few studies 

that has investigated the changes in terminal regions of tracts where the gray-

white junction is located due to mTBI. Our hypothesis is that increased head 

impact exposure over the course of a single football season is associated with 

decreased FA values of specific cerebral white matter tracts including ILF, SLF, 

and IFOF.    

Methods and Materials 

Subjects 

 Subjects were recruited from a local youth football league participating in 

the 2012 or 2013 season.  Subjects were excluded if they had a previous 

concussion, acquired a clinically-diagnosed concussion during the season, or 

had a history of any neurological/psychiatric illness. During the 2012 football 

season, athlete concussions were reported based on player, parent, and coach 

reporting of a suspected concussion.  During the 2013 football season, a certified 

athletic trainer (AT) was present during all games and practices and evaluated 

players for suspected concussions 51.  Players identified with symptoms of a 

concussion were then evaluated by a sports-medicine physician experienced in 
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the clinical diagnosis and treatment of concussions. This resulted in 25 non-

repeated male subjects (age 8-13, average age: 11.72 years; SD: 1.05) from the 

2 seasons with complete biomechanical data as well as pre and post-season 

DTI. All research procedures were approved by the Wake Forest School of 

Medicine Institutional Review Board Committee. 

HITS data collection 

Riddell Revolution Speed football helmets containing MxEncoders that fit 

into the existing gap between padding in the helmet were used for all players. All 

head impact data was verified by video to ensure that the head impacts were the 

result of the helmet being worn by the athlete. The HIT system is well established 

and data was processed in concordance with previous methods7,30. The 

biomechanical data acquired from the HIT system was aggregated to generate a 

risk weighted cumulative exposure (RWE) for each participant. RWE represents 

the cumulative exposure to subconcussive head impacts over the course of a 

season and is based on the computed risk associated with each head impact 

measured in terms of linear and rotational acceleration.   In this study, the 

combined probability metric (RWEcp) was computed for each athlete which is 

based on the risk associated with the linear and rotational components of each 

impact.  The risk for each respective head impact for a single player, was 

computed and summed to generate the RWEcp for the season. 
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MRI acquisition 

MRI data were acquired in accordance with the NINDS Common Data 

Elements (CDE) advanced protocol recommendations. The scans were acquired 

on a 3 Tesla Siemens Skyra MRI scanner using a high resolution 20 channel 

head/neck coil (Siemens Healthcare; Erlangen, Germany). T1-weighted images 

were obtained for anatomic correlation using a 3D volumetric MPRAGE 

sequence with isotropic resolution of 0.9 mm3 (TR = 1900 msec; TE = 2.93 msec; 

TI = 900 msec; FA = 9 degrees; slices = 176). DTI sequences were acquired 

using a 2D single-shot EPI sequence (TR = 10500 ms; TE = 99 ms; FA = 90 

degrees; spatial resolution = 2.2 x 2.2 mm; slice thickness = 3 mm; slices = 54; 

10 b = 0 volumes; 15 diffusion directions with b = 1000 and2000 each).  MRI data 

for all players were obtained before the beginning of the season (pre-season) 

and after the end of the season (post-season).  

Fiber tracking and fiber parcellation   

Fiber tracking was conducted using the automated fiber quantification 

(AFQ) software package via three steps52; 1) Whole brain tractography was done 

using the deterministic streamlines tracking algorithm. 2) Fiber tract 

segmentation was carried out using the two-way point ROI procedure; each fiber 

which passes through both ROIs is a candidate for a specific fiber group. 3) Fiber 

tract refinement was performed via comparison of each fiber to a fiber tract 

probability map. Inferior/superior longitudinal fasciculus (ILF/SLF), forceps 

minors/majors of CC, and the IFOF are among the most affected white matter 

tracts in mild TBI39–41,53. We extracted and quantified intra-hemispheric 
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association fibers of the ILF/SLF, forceps minors/majors of CC, and the IFOF. FA 

measurements across 100 equidistant nodes of the fiber were used to calculate 

the mean FA within the fiber52.  

In order to investigate the changes in different parts of fibers, each fiber was 

partitioned into three parts following fiber extraction. Because it is challenging to 

determine the exact location of WM tract linkages in the gray matter region54,55,   

the volumes containing the first and the last 10 percentile of equidistant nodes 

along the fiber as WM fiber terminals were designated. The volume containing 

the centric 40 nodes along the fiber were designated as the fiber core. The 

terminals located in the WM and GM intersections may vary between 

subjects35,54, however the core of the fiber has less inter-subject variability and 

their spatial locations remains stationary35,54.   

Statistical analysis  

Percent change in FA was computed as (100 ∗
𝑝𝑜𝑠𝑡−𝑝𝑟𝑒

𝑝𝑟𝑒
) per tract for each 

subject during the season. Linear regression analysis was conducted using age 

and time between the scans as covariates to determine the association between 

RWECP and change in FA in the fiber tracts during the season. The Mahalanobis 

distance method was used to remove outliers from each regression56. All 

statistical calculations were performed using JMP (JMP Pro, Version 11.2.0. SAS 

Institute Inc., Cary, NC, 1989-2007)57. 
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Results 

Whole Fiber Analysis 

There was a statistically significant linear relationship between RWEcp and 

change in FA (decreased) in the left IFOF (p = 0.0031, R2 = 0.4334, F ratio = 

4.5902).  Figure 1a demonstrates the association between changes in FA of the 

left IFOF with respect to RWECP. Figure 1b shows the left IFOF tract, overlaid on 

the structural T1 weighted image, at pre and post season. There was a statistical 

significant linear relationship between RWEcp and decreased FA in the right SLF 

(p = 0.0423, R2 = 0.2996, F ratio = 2.4249). No statistically significant association 

between total RWEcp and FA changes in the forceps minor/major of the CC or ILF 

were observed. 
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Figure 3-1. a) Linear regression plot depicting the relationship between percent 

change in FA of the left IFOF and cumulative exposure b) (Top to bottom) Left 

IFOF at pre (top) and post (middle) season and the overlay (bottom, red = post 

season, blue = pre season).  

Fiber Core Analysis 
 

A statistically significant association between change in FA in left IFOF’s 

core and RWECP was demonstrated (p = 0.0071, R2 = 0.3649, F ratio = 3.4481). 

Figure 2 illustrates the association between changes in FA in core part of left 

IFOF with respect to RWECP. No statistically significant associations between 
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total RWECP and FA changes in the forceps minor/major of the CC, ILF or SLF 

cores were observed. 

 

Figure 3-2. Linear regression plot depicting the relationship between percent 

change in FA of the core part of left IFOF and cumulative exposure.  

 

Fiber Terminal Analysis 

A strong statistically significant relationship between decrease in FA of the 

left IFOF’s terminal and RWECP was also observed (p = 0.0015, R2 = 0.5666, F 

ratio = 7.4085). Decrease in FA of the right SLF’s terminal demonstrated a 

statistical significant with RWECP (p = 0.0283, R2 = 0.2893, F ratio = 2.5784). 
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Figure 3 and Figure 4 demonstrate the association between changes of FA in 

terminal parts of the left IFOF and right SLF with respect to RWECP, respectively. 

No statistically significant association between total RWECP and FA changes in 

the forceps minor/major of the CC, and ILF was observed.  

 

Figure 3-3. Linear regression plot depicting the relationship between percent 

change in FA of the terminal part of left IFOF and cumulative exposure.    
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Figure 3-4. Linear regression plot depicting the relationship between percent 

change in FA of the terminal part of right SLF and cumulative exposure.  

Discussion 

We examined the relationship between a single season of youth football-

induced head impact exposure and FA change in the left IFOF, IL/SL fasciculus, 

and forceps minors/majors of CC in the absence of a clinically diagnosed 

concussion.  Percent change in FA of whole left IFOF and terminals of left IFOF 

and right SLF were significantly related to head impact exposure, however no 

significant relationship was observed in the forceps minors/majors of the CC. The 

results of this study suggest that subconcussive impacts can result in changes in 

the white matter microstructure of the IFOF and SLF fiber bundles.   

The significant relationship between RWECP and change in FA in the left IFOF 

suggests that increase in head impact exposure affects white matter 

microstructure in the frontal, occipital, and left temporal lobes in youth athletes, 
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even in the absence of a clinically diagnosed concussion. Similarly, several 

studies of mTBI and sports related head injury have demonstrated changes in 

these same specific tracts including the IFOF, SLF, and ILF39–41. Kraus et el. 

2007 has shown reduced WM integrity in the IFOF, SLF, ILF, and CC in chronic 

TBI patients42. Bendlin et al. 2008 demonstrated decreased FA and increased 

MD in several major fiber bundles, including the SLF, IFOF, and CC39. Chamard 

et al. 2013 studied sport related concussion in female athletes and detected a 

large change in the IFOF, SLF, ILF, uncinate fasciculus, and CC of concussed 

athletes40. Gajawelli et al. 2013 found significant change in FA in the brain of 

contact sports athletes when compared to non-contact sports athletes.  These 

changes involved specific tracts including the IFOF and CC41.  

In previous studies, changes in white matter integrity of the whole IFOF have 

been observed following concussive and subconcussive exposure 36,40,58,59 which 

is in agreement with our findings. Specifically, abnormalities of the left IFOF have 

been observed in two studies of athletes exhibiting prolonged symptoms 

following concussion40,58. Abnormalities of the IFOF have also been 

demonstrated in contact sports related athletes without a history of concussion 

when compared to healthy controls59. This study shows changes in WM specific 

tracts that are significantly associated with RWECP in the absence of a clinical 

diagnosis of concussion. These changes and abnormalities in the whole left 

IFOF, terminals, and core part of IFOF suggests that subconcussive impacts can 

also contribute to alterations of varied segments of long range white matter 

tracts. Preliminary hypotheses suggest that IFOF and SLF may be preferentially 
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susceptible to concussive and subconcussive forces due to the high degree of 

crossing and merging of white matter fibers in these regions58,60.  

Mechanical properties of tissue vary throughout the brain. Studies have 

illustrated differences in mechanical properties between WM and GM, although 

the exact property differences have not yet to be fully established 31,61,62.  It is 

also challenging to determine the exact location of WM tract links to in the gray 

matter region54,55. Budday et al. 2015 concluded that WM is stiffer, more viscous 

than GM, and thus responds slower to impact31. They also demonstrated that 

there were more regional variations within WM in response to indentation force 

tests, and thus supported the idea that WM microstructural architecture is 

heterogeneous31. Moreover, Cerebral microbleeds from TBI often occur at the 

cortical GM and WM interface33,34.  We can reasonably speculate that WM 

mechanical properties would not be entirely uniform throughout the WM fiber 

tracts. This has some clinical implications for how the terminal fiber tracts 

respond to TBI compared to the core part of the fiber tracts. In this study, the 

alterations in the SLF observed are in agreement with current head impact 

literature demonstrating changes in the FA in I/S longitudinal fasiculus39,58,60.  

Bendlin et al. 2008 illustrated significantly decreased FA in the SLF of patients 

with TBI when compared to healthy controls39. Changes in the SLF’s terminals 

are in the gray–white matter junction. The structure of GM differs from WM both 

in density and rigidity63. This dichotomy of structure results in different responses 

to rotation and acceleration, therefore, forces acting at the borders of these 

tissues can contribute to the mechanism of subconcussive-induced injuries and 
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subsequently explain changes in the IFOF and SLF terminals. 

Limitations 

Our findings related to the changes in WM fiber terminals can be related 

to the intersubject variability at the terminal projections of the tract adjacent to 

cerebral cortex35,54. The parcellation of fiber tracks has been done based on the 

spatial location of nodes along the fibers and makes it difficult to identify the 

exact boundary of the core and terminals of the fibers. Also the inclusion of only 

male participants makes it challenging to make inferences about the 

generalizability of this study. We do not know what the functional associations of 

these findings are and whether there is any long term implication. Finally, this 

study’s findings and interpretations are based upon a single season of youth 

football which causes difficulty in making inferences about the effects of 

accumulating subconcussive-induced deficits and the long-term outcomes of 

these deficits. Future studies should seek to include both male and female 

participants and larger sample sizes with longitudinal study designs. 

Conclusion  

The relationship between TAI and alterations of the whole structural WM 

network was investigated.  We demonstrate a significant relationship between 

head impact exposure in a single season of youth football and change in FA 

value of the left IFOF in the absence of clinically diagnosed concussions. 

Additionally, we found a significant relationship between head impact and change 

in FA value of the right SLF terminals where WM and GM intersect. This 
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suggests there are regional variations within WM in response to head impact 

exposure and especially near the terminals where WM and GM link. This study 

adds to the growing body of evidence that a season of play in a contact sport can 

result in brain MRI changes, even in the absence of concussion. 
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Abstract 

American football has one of the highest rates of mild traumatic brain injury (mTBI) 

among youth athletes (age 8-13 years) in the United States. Microstructural white matter 

(WM) damage and structural brain connectivity and cognitive impairment after mTBI 

have been demonstrated in previous studies. While mTBI may cause serious 

neurocognitive and WM damage, the effects of subconcussive impacts are largely 

unknown. The purpose of this study was to examine the effects of subconcussive 

impacts on changes in brain structural network properties following a single season of 

youth football in the absence of clinically diagnosed concussion. Thirty eight male 

subjects without a history of concussion were evaluated for seasonal brain structural DTI 

network changes including global efficiency, local efficiency, node degree, transitivity, 

and betweenness centrality. Head impact data was recorded using the Head Impact 

Telemetry (HIT) system and quantified as the risk weighted cumulative exposure 

(RWECP). There were statistically significant linear relationships between the cumulative 

head impact exposure and decreases in global efficiency as well as increases in 

transitivity. There was a trend toward a statistically significant association with 

decreased betweenness centrality. We show that a single season of youth football can 

result in brain MRI changes even in the absence of clinical concussion. 
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Introduction  

There are approximately five million athletes playing football in the United 

States, mostly participating at the youth and high school levels.1–4 Almost three 

million youth school athletes aged 8-12 participate in organized football teams 

across the United States.5 Football has one of the highest concussion rate 

among competitive contact sports in youth athletes.4–6 Subconcussive impacts is 

defined as a hit to the head that does not result in the signs and symptoms of 

concussion.7 While concussion can cause serious and acute neurocognitive 

impairment, the effects of repeated subconcussive impacts on youth football 

players are largely unknown.     

Diffusion tensor imaging (DTI) provides a sensitive method to identify white 

matter changes following sports related concussion.8–11 The relationship between 

WM damage, connectivity between brain’s nodes, and cognitive impairment after 

concussion has been demonstrated in previous studies.12–15 Caeyenberghs et al. 

2012 reported decreased structural connectivity degree associated with poorer 

balance in young patients with TBI.14
 Subconcussive head impacts in youth 

football may similarly cause disrupted organization of WM networks. The 

association of subconcussive head impact exposure in youth football players 

using WM structural network-based connectivity has yet to be investigated. 

Structural network-based connectivity measures consider each region’s 

integration into the global unit rather than treating each region as an independent 

unit.13,16–18 Therefore, these network-based connectivity measures may be more 

sensitive to changes that are less obvious in gross structural WM integrity. mTBI 
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can cause disruption to the axons, which may lead to swelling and tearing of 

those axons. When the disruption becomes widespread it is referred to as diffuse 

axonal injury (DAI).  Reconstructing the characteristics of the brain structural 

network in mTBI patients provides unique information about neural 

communication pathways. Additionally, structural network connectivity may 

provide novel biomarkers that are predictive of mTBI outcome  .13,16 Global 

efficiency is an example of a biomarker derived from structural network 

connectivity which represents the global network organization and integration 

whereas transitivity and local efficiency represent network segregation. Global 

efficiency is equal to the average of the inverse shortest path length between 

every two nodes in the network.19 A greater global efficiency indicates a more 

highly integrated network in the brain and greater local efficiency or transitivity 

indicates increased segregated connections in the brain. Changes in structural 

connectivity properties in groups of healthy adolescents and adults have been 

defined in previous studies.20–22 Additionally, Caeyenberghs et al. 2014 

demonstrated that global efficiency significantly decreased in TBI patients 

compared to the controls.20 This study suggests that these decreases in global 

efficiency may be related to a disrupted topological organization of WM structural 

networks in patients with TBI.20 The association between youth football related 

subconcussive head impacts in youth and alteration of brain integration and 

segregation has not been studied. 

There is very little information about the abnormalities in topological 

organization of structural brain networks related to subconcussive head impacts. 



68 
 

Recent methods of topologic DTI network characterization have been described. 

Ingalhalikar et al. 2014 quantified the structural connectivity between the nodes 

of women vs men using probabilistic tracking in ages 8-22 years old.23 Bullmore 

et al. 2009 suggested a powerful method to characterize the topological 

organization of complex networks using graph theoretical analysis.24 In this 

study, we use DTI probabilistic-based tractography combined with graph 

theoretical methods to study the organization of WM networks in youth football 

players over the course of a single season.   The primary aim of this study is to 

determine whether head impact exposure over a single season of youth football 

has a relationship to changes in the brain structural network properties in the 

absence of clinically diagnosed concussion. 

Methods and Materials 

Subjects and Protocol Overview  

Subjects were recruited from a local youth football league participating in 

the 2012, 2013, and 2014 season.  Subjects were excluded if they had a 

previous concussion, acquired a clinically-diagnosed concussion during the 

season, or had a history of any neurological/psychiatric illness. During the 2012 

football season, athlete concussions were reported based on player, parent, and 

coach reporting of a suspected concussion.  During the 2013 and 2014 football 

season, a certified athletic trainer was present during all games and practices 

and evaluated players for signs and symptoms of concussion.25  If an athlete was 

suspected to have a concussion, they were evaluated by a sports-medicine 
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physician experienced in the clinical diagnosis and treatment of concussions. 

This resulted in 38 non-repeated male subjects (age 8-13, average age: 11.80 

years; SD: 1.04) from the 3 seasons with complete biomechanical data as well as 

pre and post-season DTI data. All research procedures were approved by the 

Wake Forest School of Medicine Institutional Review Board Committee. 

HITS data collection 

All participating athletes wore a Riddell Revolution Speed helmet that was 

instrumented with the Head Impact Telemetry (HIT) System during all practices 

and games.4,8,26–28 Data were wirelessly recorded and transmitted during all 

practices and games to a sideline laptop connected to a radio receiver where 

kinematic linear and rotational accelerations are computed.  All games and 

practices were videotaped to remove any false impacts, such as a dropped 

helmet.  The HIT system has been previously validated29 and data was 

processed in accordance with methods previously described in literature.8,28The 

kinematic data collected from the HIT system was used to calculate each players’ 

Risk Weighted cumulative Exposure (RWE).26 This metric is defined as the 

collected risk of concussion over the course of a season.  The risk was computed 

from the respective risk function for (1) linear acceleration(RWELIN)30, (2) 

rotational acceleration (RWEROT)31, and (3) the combined probability (RWECP) 

from linear and rotational acceleration.30,31 The risk for each respective head 

acceleration specific to the given risk function for a single player was computed 

and summed to generate the risk weighted exposure (RWE) for the season.31 
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Data Acquisition and Imaging Parameters 

MRI data were acquired on a 3 Tesla Siemens Skyra MRI scanner using a 

high resolution 32 channel head/neck coil (Siemens Healthcare; Erlangen, 

Germany). T1-weighted images were obtained using a 3D volumetric MPRAGE 

sequence with isotropic resolution of 1 mm3 (TR = 2300 msec; TE = 2.98 msec; 

TI = 900 msec; FA = 9 degrees; slices = 192). DTI sequences were acquired 

using a 2D single-shot EPI sequence (TR = 10500 ms; TE = 99 ms; FA = 90 

degrees; spatial resolution = 2.2 x 2.2 mm; slice thickness = 3 mm; slices = 54; 

10 b = 0 volumes; 15 diffusion directions with b = 1000/2000 each). 

Data Analysis and Network Construction 

Diffusion image pre-processing was performed using programs from the 

FMRIB Software Library (FSL) (The Oxford Centre for Functional Magnetic 

Resonance Imaging of the Brain Software Library: 

http://www.fmrib.ox.ac.uk/fsl/fdt).32–34 Eddy current correction of the diffusion 

tensor data was performed using FSL eddy, which normalizes each image to the 

baseline (B0) image with a mutual information registration algorithm. For each 

subject a 116×116 symmetric–weighted network (graph) of the structural 

connectivity in the whole brain was constructed. Each value in this matrix 

represents the probability connection between nodes. Nodes were defined using 

the automated anatomical labeling (AAL) template35 to parcellate the entire brain 

cortical area. Cortical regions were created from the whole cerebral cortex, each 

representing one cortical network node. Co-registration and warping the labels to 

the native space and back using T1 and diffusion B0 images were performed 

http://www.fmrib.ox.ac.uk/fsl/fdt
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using FDT-FMRIB diffusion toolbox in FSL.36Probabilistic tractography was 

performed to compute the connectivity probability matrix. We sampled 5000×n (n 

is number of voxels in each seed or node) streamline fibers per seed. The 

number of passing fibers through node j divided by the total number of fibers 

which were sampled from node i describe the connectivity probability from the 

seed node i to another node j.37  

Thereafter, the connectivity probability of each node to all other regions was 

computed. The connectivity probability matrix was asymmetric because of the 

probability of i to j was not essentially equal to j to i. We averaged the probability 

values of i to j and j to i.38 Figure 1 shows that diagonal elements of this 

symmetric matrix are zero and the rest are unidirectional with connectivity 

probability (Pij). We considered two nodes as unconnected if the probability of 

their connectivity was less than [mean(Pij) - 2×SD(Pij)].
39

 

 

Figure 4-1. Connectivity matrix (116x116) shows the 

probabilistic connectivity of 116 nodes in a single subject 
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Network Properties  

Network Efficiency.  Global and local efficiencies are properties that 

presenting the network efficiency in the brain. In order to create the network 

efficiency properties, we measured the shortest path length (dij) between each 

pair nodes in the network and computed the inverse value of this length. The 

inverse value of mean dij is the network global efficiency as follows:19,39 

𝑬𝒈𝒍𝒐𝒃𝒂𝒍(𝑮) =  
𝟏

𝑵(𝑵 − 𝟏)
∑

𝟏

𝑑𝑖𝑗
𝒊≠𝒋∈𝑮

 

Moreover, the node’s local efficiency was calculated using the global 

efficiency from the adjacent sub graph of the node. We averaged the local 

efficiencies across all nodes in order to estimate the total network local efficiency 

as describes bellow:38 

𝑬𝒍𝒐𝒄𝒂𝒍(𝑮) =  
𝟏

𝑵
∑ 𝑬𝒈𝒍𝒐𝒃𝒂𝒍(𝑮𝒊)

𝒊∈𝑮

 

Betweenness centrality. Betweenness centrality shows a node's centrality in 

a network and is defined as the ratio of the number of shortest paths that pass 

through that node from all vertices.39
  

Node degree. The sum of the degrees across all nodes (the number of 

connections that a node has to all other nodes) is node degree.40-41 

 Transitivity. Transitivity is quantified based on the fraction of triangles over 

triplets of nodes.42,43 A triplet involves three nodes that are connected by either 

two or three undirected ties. A triangle involves the three closed triplets in which 

https://en.wikipedia.org/wiki/Centrality
https://en.wikipedia.org/wiki/Graph_(mathematics)
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one of them is in the middle of the other nodes. Transitivity is the number of 

maximum triplets (3 x triangles) over the total number of triplets44,45 as shown 

below: 

𝑻𝒓𝒂𝒏𝒔𝒊𝒕𝒊𝒗𝒊𝒕𝒚 = 𝟑𝒕/𝑻 

Where t is number of triangles and T is number of triplets in the whole 

network. Low degree or disconnected nodes contribute to the number of zero 

triangles and transitivity.46,47 Subjects with zero triangles in the whole brain are 

considered to have random network and 46,48 and transitivity goes to infinite.   

Statistical Analysis  

Percent changes in network properties were computed (100 ∗
post−pre

pre
) for 

each subject during the season. Linear regression analysis was conducted to 

determine the association between RWE metrics and percent change in 

structural network properties. Age of the players and time between scans were 

used as covariates. The Mahalanobis distance method was used to remove 

outliers from each regression.49 All statistical calculations were performed using 

JMP (JMP Pro, Version 11.2.0. SAS Institute Inc., Cary, NC, 1989-2007).50 

Results  

There were statistically significant relationships between the cumulative 

exposure metrics and decreased global efficiency and increased transitivity as 

seen in table 1. Covariate adjustment for age and time between scans increased 

the association between the cumulative exposure metrics and changes in global 

efficiency, whereas the association between cumulative exposure metrics and 
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changes in transitivity decreased after covariate adjustment for age and time 

between scans. The most effect size, however, was between RWECP and 

decreased global efficiency (figure 2), explaining 24.7% of the variance (p<0.05). 

RWELIN did not demonstrate a statistically significant association with changes 

global efficiency, without or with covariate adjustment. 

Table 4-1. Associations between cumulative exposure metrics and changes in 

structural network properties measures, without and with adjustment for age and 

time between scans. 

 Without covariate 

adjustment 

With covariate 

adjustment 

 R2 P value R2 P value 

Global Efficiency vs 

RWECP 

0.108 0.028* 0.247 0.018* 

Global Efficiency vs RWELIN 0.023 0.182 0.177 0.140 

Global Efficiency vs RWEROT 0.052 0.099 0.173 0.098 

Transitivity vs RWECP 0.219 0.007** 0.178 0.009** 

Transitivity vs RWELIN 0.174 0.015* 0.108 0.029* 

Transitivity vs RWEROT 0.212 0.010* 0.153 0.016* 

*p < 0.05, **p<0.01.  
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Figure 4-2. RWECP versus global efficiency change. A strong linear relationship is 

demonstrated between combined risk-weighted exposure and percent decrease 

of global efficiency. 

There was no statistically significant association between cumulative 

exposure metrics with changes in local efficiency and node degree. There was 

also no significant association between RWELIN with changes in betweenness 

centrality. However, there was a trend toward a statistically significant 

association with decreased betweenness centrality and RWECP (R
2 = 0.126, F-

ratio = 2.68, P-value = 0.057). 

Discussion 

We investigated the changes of structural connectivity properties of WM 

networks in youth football players over a course of a football season using DTI 

probabilistic tractography and graph theoretical analysis. In this study, we found 
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changes in properties related to network integration and segregation were 

associated with cumulative subconcussive head impact exposure.  

Network Integration  

Decreased global efficiency was significantly related to head impact 

exposure. Reductions in global efficiency might stem from either generally 

weaker connections, longer paths between nodes, or both. Topological measures 

show shorter characteristic path length meaning that communication between 

pairs of nodes is more direct. An overcharged network indicates a graph with 

more nodes than it needs to connect the edges and may cause an increase of 

path lengths and increase in glucose consumption in damaged nodes and 

edges.51 It is more likely that the network selects the less efficient pathways and 

longer edges in order to travel between nodes. Since the degree to which a node 

is a neighbor of another is determined by the strength of the direct connection 

between them, the neighbors of a node may be spatially distant. Those nodes in 

the brain structural networks which are connected by long white matter tracts, 

may be damaged in traumatic brain injury as a result of diffuse axonal injury, 

which has been proposed as a mechanism of mTBI.  Moreover, RWECP does not 

strongly associate with the brain network’s local connectivity which indicates that 

decreased global efficiency is related to organizational effects rather than just 

decreased local connectivity.20 One limitation of tractography, particularly for long 

distance fiber bundles, is incorrect tracking  because of noise and resolution 

limitations.52 Decreased global efficiency in youth football players with higher 
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head impact exposure likely indicates that the structural brain network’s 

integration is significantly altered.53 

Network Segregation 

Transitivity and local efficiency are the major parameters that illustrate 

network segregation.53 In this study, we did not find any significant association 

between cumulative head impact exposure and changes in the local efficiency. 

However, we did find a significant association between cumulative head impact 

exposure and increased transitivity. Transitivity measures the connectivity of 

various brain regions to their neighbors.54 Higher transitivity indicates a greater 

tendency for nodes to be locally connected, as opposed to globally connected. 

This suggests that the network is more segregated and may indicate a slight 

change to the highly connected hub nodes which have a weakened connection to 

the rest of the network resulting from increased subconcussive head impact 

exposure.  

RWECP explained slightly more variance in properties related to network 

segregation than RWELIN and RWEROT. In previous studies,  rotational 

acceleration has been suggested as a major source of brain injury and 

concussion.27 Rotational and linear accelerations are related to different types of 

injury. Rotational accelerations are related to a brain deformation or a strain 

response, whereas linear accelerations are more related to intracranial pressure 

gradients.55,56 Although there were statistically significant associations between 

RWE metrics and changes in transitivity, RWECP showed a stronger, statistically 
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significant, relationship with increased transitivity. This suggests that 

biomechanical metrics which encompass the linear and rotational components of 

head impact exposure are important when considering the relationship between 

subconcussive impact exposure and brain network segregation.  Further studies 

are needed which involve biomechanical data collection and pre- and post-

season imaging in order to better understand the mechanistic causes of these 

changes. 

Centrality 

Node betweenness centrality is the fraction of all shortest paths in the 

network that include a given node. In this study we showed RWECP has a direct 

relationship with decreases in average betweenness centrality of all nodes. 

Nodes with low values of betweenness centrality participate in a low number of 

shortest paths. A brain network with lower betweenness centrality suggests that 

the shortest paths need to pass through less nodes. In a constant number of 

nodes connections, when the number of shortest paths decreases the average 

short paths length will increase and global efficiency decreases. A few studies 

have investigated the effect of TBI on betweenness centrality using 

electroencephalography (EEG).57,58 Virji-Babul et al. 2014 investigated the effect 

of sport-related mTBI following concussion on EEG network properties in the 

different locations of adolescents’ brain. Our finding suggests that cumulative 

head impact exposure in youth football players may cause in increase in the 

shortest paths in the brain structural network. Therefore, brain’s subnets are 

connected to each other in a less efficient paradigm.  
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Limitations 

Findings and interpretations of this study are based upon a single season 

of youth football which makes it difficult to make inferences about the effects of 

accumulating subconcussive-induced deficits and the long-term outcomes of 

these deficits over multiple seasons.  Also all of our participants are male youth 

football players. Future studies should seek to include both male and female 

participants with larger sample sizes. 

Conclusion  

Our findings indicate changes in structural network properties are 

associated with head impact exposure in nonconcussed youth athletes following 

a single season of football. These findings demonstrate that sport-related 

cumulative subconcussive head impacts may have a deleterious effect on the 

brain. Increased head impact exposure over the course of a football season may 

cause increased disruption on the WM fiber tracts and decreased global 

efficiency in structural brain network connectivity. These findings demonstrate 

that cumulative subconcussive impacts may have an effect on the brain of youth 

football players and this study adds to the growing body of evidence that a single 

season of play in a contact sport can result in brain MRI changes, even in the 

absence of concussion. 
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Abstract 

It is well established that the various regions and structures within the brain have 

specialized functions and damage to these structures results in specific cognitive 

abnormalities. At the grossest level, many functions can be localized to anatomical 

areas. The purpose of this study is to investigate the association between changes in 

specific tracts’ fractional anisotropy and structural network properties with changes in 

cognitive testing scores among youth football players exposed to subconcussive 

impacts. Balance testing and Neuropsychological testing was carried out using MACS 

computer administered test battery pre- and post-season for 38 participants. We 

calculated structural network connectivity properties and the FA for specific tracts 

(Inferior longitudinal fasciculus (ILF), Superior longitudinal fasciculus (SLF), Inferior 

fronto-occipital fasciculus (IFOF), and Corpus Callosum (CC)) across all subjects for pre 

and post season. There were statistically significant associations between the number of 

abnormal voxels in whole brain DTI metrics with delta decision speed (DS). There was 

also a statistically significant association between increased FA in right ILF with 

increased learning memory and speed (LMS). Linear regression analysis revealed a 

statistically significant association between the single leg foam (SLF) balance test error 

increase (post-pre) and decreased percent change of node degrees (R2(14) =  0.721; F 

ratio = 5.815; p = 0.001) with covariate adjustment for age, height, and weight. We found 

statistically significant associations between neurocognitive impairment and changes in 

MRI findings over a single season of youth football. This study adds to the growing body 

of evidence that cumulative head impact exposure associated with a single season of 

football can result in brain MRI and neurocognitive changes, even in the absence of 

concussion. 
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Introduction 

Approximately 5 million high school and youth athletes play football in the 

US.1–3 Three and half million of those participants play at the youth level.4  

Subconcussive impacts are an inherent consequence of this sport with estimates 

suggesting players may experience between 400-2500 head impacts in each 

season.5,6  In previous studies, primary evidence suggests that subconcussive 

impacts may result in neurocognitive changes.7–9  Given the high number of 

subconcussive forces participants experience each season, the fact that many 

players participate in multiple seasons, and that youth players (age 8-13 years 

old) may be especially vulnerable to subconcussive impacts due to their ongoing 

physical and cognitive development,10 increasing attention has been given to 

investigating the potential consequences of this subconcussive exposure. 

Growing evidence is linking sports-related neurocognitive deficits to changes 

in activity and connectivity within the brain.5,11,12 A functional Magnetic 

Resonance Imaging (fMRI) study of football players found post-season 

neurophysiological changes in the absence of a clinically diagnosable 

concussion.  This study also showed deficits on the Immediate Post-Concussive 

Assessment and Cognitive Test (ImPACT), a common means on monitoring 

post-concussive recovery.13 Additional support of the presence of physiological 

alterations resulting from subconcussive exposure comes from other MR imaging 

methods. Alterations of white matter integrity, as measured by post-season 

Diffusion Tensor Imaging (DTI), were found to be 3 times greater than those 

seen in controls.5  
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It is well established that the various regions and structures within the brain have 

specialized functions and damage to these structures results in specific cognitive 

abnormalities. At the grossest level, many functions can be localized to 

anatomical lobes.  The frontal lobe is crucial for executive functions such as 

attention, inhibitory control and motor actions14.  The parietal lobe is known to 

process sensory information and be crucial for spatial awareness15.  The 

temporal lobe is responsible for the consolidation of memories16, and the occipital 

lobe is home to visual processing17.  Additional research has shown that these 

areas do not function in isolation but rather cooperate via short and long-range 

connections14.  These connections are comprised of white matter tracts and, like 

the anatomical lobes, are believed to be related to specific cognitive functions.  

The IFOF and ILF have been shown to be crucial for visual processing, scanning 

and spatial awareness17–21 The IFOF has also been implicated in semantic 

processing14,22. The SLF has shown to be related to subject reaction time23 and 

to be crucial in language tasks, such as naming14.  Given these functional-

anatomical relationships, damage to these white matter tracts should result in 

measurable and predictable cognitive deficits.  In order to confirm this, the 

change in FA of these white matter bundles will be compared to the change in 

ImPACT composite scores.  Direct comparison of these tracts to ImPACT 

composites should help to further illuminate the relationship of the changes in the 

brain caused by subconcussive impact and changes in cognitive performance.  

Changes in ILF and IFOF integrity should be related to changes in visual memory 
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and visuo-motor composite.  Changes in SLF should be related to changes in 

reaction time composite and/or verbal memory composite performance. 

 Previous studies demonstrated that TBI patients with decreased efficiency in 

white matter networks displayed lower neurocognitive performance24–26. 

Caeyenberghs et al. 2014 found a significant negative relationship between 

executive functioning (switch cost and reaction time) and the global efficiency of 

the networks in the TBI group25. The relationship between global efficiency and 

changes in neurocognitive scores over a season of youth football provides 

valuable information regarding to the brain activity response to the brain 

structural network connectivity in these adolescents.   

The purpose of this study is to investigate the association between changes 

in specific tracts’ fractional anisotropy and structural network properties with 

changes in cognitive testing scores among youth football players exposed to 

subconcussive impacts. This is one of the first studies to look at the relationship 

between imaging findings and neurocognitive measures at the youth football 

level. 

Methods and Materials 

Subjects 

Subjects were recruited from a local youth football league participating in 

either the 2012, 2013 or 2014 season.  Subjects were excluded if they had a 

previous concussion, acquired a clinically-diagnosed concussion in season, had 

Attention Deficit Hyperactivity Disorder (ADHD) or any other 
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neurological/psychiatric illness. Over 2012 football season, athlete concussions 

were reported based on player, parent, and coach reporting of a suspected 

concussion.  During the 2013 and 2014 football season, a certified athletic trainer 

was present during all games and practices and evaluated players for signs and 

symptoms of concussion.27  This resulted in 38 male subjects (age 8-13, average 

age: 11.80 years; SD: 1.04) from the 3 seasons with complete biomechanical 

data as well as pre and post-season DTI data. All research processes were 

approved by the Wake Forest School of Medicine Institutional Review Board 

Committee. 

Neuro Cognitive scores  

Neuropsychological testing was carried out using version 2.1 of the 

Pediatric ImPACT (currently referred to as the MACS) computer administered 

test battery pre- and post-season for all participants.  The MACS test includes 

multiple modules that evaluate different measures of cognitive function reported 

as composite scores, including Learning and Memory Accuracy, Response 

Speed, and Accuracy Speed Efficiency. Each composite score can be separated 

into two more specific sub-composite scores. These include Learning Acquisition, 

Memory Storage, Learning and Memory Speed, Decision Speed, Learning 

Efficiency, and Memory Efficiency. The above scores are based on the 

performance on sub-tests of each cognitive category.29 

Balance Error Scoring System (BESS) 

The Balance Error Scoring System (BESS) provides a portable and 

unbiased technique of static postural stability assessment.30 There are 6 trials 
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including three poses of double leg stance, single leg stance, and tandem stance 

on two conditions of firm surface and foam surface standing.  Each of the trials is 

20 seconds. The number of errors (deviations) from the proper stance is counted 

by the trained test examiner. 

Data Acquisition and Imaging Parameters 

MRI data were acquired on a 3 Tesla Siemens Skyra MRI scanner using a 

high resolution 32 channel head/neck coil (Siemens Healthcare; Erlangen, 

Germany). T1-weighted images were obtained using a 3D volumetric MPRAGE 

sequence with isotropic resolution of 1 mm3 (TR = 2300 msec; TE = 2.98 msec; 

TI = 900 msec; FA = 9 degrees; slices = 192). DTI sequences were acquired 

using a 2D single-shot EPI sequence (TR = 10500 ms; TE = 99 ms; FA = 90 

degrees; spatial resolution = 2.2 x 2.2 mm; slice thickness = 3 mm; slices = 54; 

10 b = 0 volumes; 15 diffusion directions with b = 1000/2000 each). 

Imaging metrics and properties 

We calculated the FA for specific tracts (Inferior longitudinal fasciculus 

(ILF), Superior longitudinal fasciculus (SLF), Inferior fronto-occipital fasciculus 

(IFOF), and Corpus Callosum (CC)) across all subjects for pre and post season. 

Fiber tracking was conducted using the automated fiber quantification (AFQ) 

software package.31 Also, changes in structural network properties were 

measured for all players. In order to compute the network properties, DTI 

probabilistic network processing was performed using FDT-FMRIB diffusion 

toolbox in FSL.32 For each subject, 116 nodes were determined based on 116 

regions of interest (ROI) from the AAL atlas. For each seed region, 5000×n (n = 

number of voxels within the region) fibers were measured. The connectivity 
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probability from the seed region to each target region was defined as the number 

of fibers passing through the target region divided by 5000×n. We created a 

116×116 matrix representing the connectivity probability of all ROIs for each 

subject.  

Statistical analysis  

Seasonal change (Delta) in MACS composite and sub-composite scores 

and balance test were represented as [(post-season score) – (pre-season 

score)]. All parameters were investigated for outliers using Mahalanobis distance 

method. Percent changes in network properties and FA changes in specific tracts 

were computed (100 ∗
post−pre

pre
) for each subject during the season.  Relationships 

between percentage change in imaging finding and Delta scores were 

investigated through linear regression analysis.  Age at pre-season and time 

between scans were used as a covariate.  All statistical calculations were 

performed using JMP (JMP Pro, Version 11.2.0. SAS Institute Inc., Cary, NC, 

1989-2007).33 

Results 

Diffusion Tensor Imaging 

There were statistically significant associations between number of abnormal 

voxels in whole brain DTI metrics with delta decision speed (DS), (CL vs DS: P = 

0.02, R2 = 0.186; FA vs DS: P = 0.02, R2 = 0.191; CS vs DS: P = 0.03, R2 = 
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0.163; CP vs DS: P = 0.054, R2 = 0.114). Figure 1 shows the relationship 

between change FA and delta DS.  

 

Figure 5-1. Scatterplot of relationship between number of FA abnormal voxels 

(whole brain) and delta DS. The blue shaded area illustrated the %95 confidence 

intervals and the solid blue line shows the fitted line. 

There was a statistically significant association between increased FA in right 

ILF with increased learning memory and speed (LMS) (P-value = 0.012, R2 = 

0.261). There were also a trend toward statistical significant (p = 0.08) between 
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change FA in CC and delta learning accuracy (LA). Figure 2 demonstrates the 

association between change FA in right ILF and delta LMS.    

 

 

Figure 5-2. Scatterplot of relationship between change FA in right ILF and delta 

LMS. The blue shaded area illustrated the %95 confidence intervals and the solid 

blue line shows the fitted line. 

Balance and node degrees 

Linear regression analysis revealed a statistically significant association 

between the single leg foam (SLF) balance test error increase (post-pre) and 

decreased percent change of node degrees (R2(14) =  0.721; F ratio = 5.815; p = 
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0.001) with covariate adjustment for age, height, and weight. Figure 3 

demonstrates the association between decreased node degrees with increased 

SLF balance error.  

 

Figure 5-3. Scatterplot of relationship between decreased node degrees and 

increase single leg foam (SLF) errors. The blue shaded area illustrated the %95 

confidence intervals and the solid blue line shows the fitted line. 

Structural network properties 

There were statistically significant relationship between decreased 

transitivity and delta learning and memory accuracy (LMAC) (p = 0.10, R2 = 
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0.051), delta memory efficiency (ME) (p = 0.01, R2 = 0.24), and delta memory 

accuracy (MA) (p = 0.01, R2 = 0.22).  

There were trends toward statistical significant association between changes 

in betweenness centrality and delta accuracy/speed efficiency composite (ASEC) 

(p = 0.06, R2 = 0.27) and delta learning efficiency (LE) (p= 0.9, R2 = 0.28).  

Discussion 

This study examined the relationship between a single season of youth 

football MR imaging changes and neurocognitive functioning on a concussive 

screening tool in the absence of clinically diagnosable concussions.   

DS (decision speed) is a measure of reaction time.  Reaction time is consider 

a subcortical process that does not necessarily localize to specific regions of the 

brain, thus the whole brain white matter integrity is associated with reaction 

speed. The heterogeneous nature of subconcussive impacts diffusely affects 

white matter integrity.  Reduced white matter integrity is associated with reaction 

speed over the single season of youth football. In a similar concussion study, 

Niogi et al. 2008 demonstrated a significant correlation between mean reaction 

time and the number of damaged white matter structures as quantified by DTI on 

a simple cognitive task.34  

LMAC is a memory test that uses pictures to test memory.  Disruption of the 

ILF is associated with memory deficits.  Affecting both the accuracy with which 

subjects recall (LA) and the speed at which they recall and use information 

(LMS). ILF have been shown to be associated with semantic processing 
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performance in healthy subjects and subjects with Semantic Dementia.22,35 IFOF 

and ILF integrity have also been shown to related to episodic memory in both 

healthy controls and subjects with mild white matter lesions.36  Involvement of the 

ILF and IFOF in both pathways, the majority of the evidence suggests a stronger 

role in object recognition tasks.17,37–41  

We found a marginally statistical association between changes in CC and 

delta LA. The CC mediates cross connection between the different hemispheres 

of the brain. The accuracy at which an object can be remembered requires 

encoding and retrieval. This requires the corporation between different 

hemispheres. In previous studies, CC was identified as the major connecting 

pathway between two hemisphere specially on the hippocampal level.42,43 Huang 

et el. 2015 demonstrated cognitive impairments associated with CC infarction.44 

They showed the scores in the patient group were significantly lower in compare 

to the control group in the auditory word learning test.44 Any damage to the CC 

may cause cognitive impairment including learning accuracy. 

In this study, we demonstrated that alterations in network properties were 

associated with balance deficits following a season of head impact exposure. We 

found that the players with higher level of decreased structural connectivity node 

degrees had increased balance deficit based on single leg foam test. The other 

balance tests did not demonstrate any statistically significant association with the 

changes in node degrees. However, our findings are in agreement with a 

previous TBI study45. Caeyenberghs et al. 2012 reported an association between 

the structural network degree and the balance performance of young participants 
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(age 8-20) with TBI when compared to the healthy controls45. Changes in node 

degree values in the network indicate the presence of weaker long range tracts 

and fewer hob nodes that may have influence on the balance performance. 

Hummel et al. 2014 demonstrated the relationship between reduction in fractional 

anisotropy (FA) of mostly long range tracts and balance deficit46.  A study of 

nonconcussed football players found that the players with the greatest risk for 

subconcussive exposure, linebackers, had the poorest balance performance9. 

These results suggest that assessment of whole brain node degrees using DTI 

probabilistic tractography joint with a graph theoretical approach could be helpful 

in improving the imaging biomarkers for diagnostics and/or prognosis in youth 

football players with balance deficits following subconcussive head impact. 

Betweenness centrality describes the hubs position in the brain. Nodes with 

high values of betweenness centrality participate in a large number of shortest 

paths. While, ASEC represents the speed accuracy trade off and LE illustrates 

the speed and accuracy with which a subject responds.  A low LE score indicates 

either slow response or inaccurate response in the initial learning period, as 

opposed to delayed memory. Increased betweenness centrality results in better 

balancing of speed and accuracy.  Better connections facilitates better short term 

learning (encoding). Transitivity is a representative measure of brain segregation 

and we found inverse relationship between changes in transitivity and memory 

tasks. Memory tasks require activation of key regions of brain while suppression 

of unnecessary regions.47 More segregation of the brain structural network may 
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cause memory impairment in youth football players over a single season of 

football.   

Limitation 

The relatively small sample size of football players with balance test 

makes it difficult to make inferences about the generalizability of the association 

between change in node degree and balance deficit. Also all of our participants 

are male youth football players. Findings and interpretations of this study are 

based upon a single season of youth football which makes it difficult to make 

inferences about the effects of accumulating subconcussive-induced deficits and 

the long-term outcomes of said deficits.  Future studies should seek to include 

both male and female participants with larger sample sizes. 

Conclusion  

In this study, we found statistically significant associations between 

neurocognitive impartment and changes in MRI findings over a single season of 

youth football. Additionally, increased structural network node degrees was 

related to poorer balance performance, suggesting that using DTI probabilistic 

tractography joint with a graph theoretical approach may be beneficial in 

identifying players who have accrued subconcussive changes. 
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Summary of research  

The study presented in this dissertation has assisted in the understanding 

and clarification of neuroimaging and subconcussive head impacts in football. 

The following objectives have been met:  

 The first component of this research revealed a significant association 

between whole brain DTI and NODDI-derived metrics and biomechanical 

metrics in youth football players (aged 8-13 years old). 

 The second part of this research investigated the relationship between 

change in specific tracts’ DTI metrics and cumulative head impact 

exposure in youth football. 

 The third component of this research showed significant relationship 

between brain structural connectivity network properties and 

biomechanical metrics over a single season of football.   

 The final part of this research found significant relationships between delta 

neurocognitive scores and changes in DTI and network metrics.  

Applications of the research presented in chapter two contain an efficient pre-

and post-processing method for analysis of neuroimaging in sports related head 

injury, and finding a relationship between whole brain changes in white matter 

and head impact exposure. Research presented in chapter three can be used for 

the future clinical purposes in concussion and sports related head injury to 

extract specific fiber tracts. Properties extracted from chapter four can be 
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potentially used as biomarker of subconcussive head impact and concussion. 

Finally, the work presented in chapter five correlates delta cognitive scores with 

changes of those MRI parameters that are susceptible to the head impact 

exposure.  
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