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Target audience: There is currently great interest in the fMRI field to investigate functional differences between mild traumatic brain injury (mTBI) and healthy
subjects; useful statistical techniques need to be create to distinguish mTBI patients who fail to recover from those mTBI patients with good outcome and healthy
subjects. In addition, clinicians are in need of analytical tools to aid in the prediction of long term outcome of mTBI patients.

Purpose: mTBI is one of the most common neurological disorders. A subset of these patients develops persistent cognitive deficits and emotional symptoms.
Traditional resting state analysis assumes that the functional connectivity is static in time. Recent developments suggest that the dynamics of functional connectivity can
reveal more insightful information about anomalies in brain activities. ' A recent publication reported that no reliable associations were found between mTBI and
abnormalities in static or dynamic functional connectivity within the DMN or sub-cortical structures. > However, we would like to view this research problem from a
different perspective. Our work focuses on the entire brain functional network and leads to novel findings regarding the constantly changing neural connectivity. Our
approach is data-driven and makes no prior assumptions about the pathology of mTBI. By analyzing the network properties measured after the dynamic sliding window
analysis in addition to further differentiation of mTBI subjects based on their long term recovery status, the aim of this study is to determine if differences in dynamic
functional connectivity are able to differentiate between mTBI subjects who make a full recovery and those who suffer from persistent post concussive symptoms.
Methods:

In this research, resting-state fMRI data was collected on 20 mTBI patients at an acute and sub-acute stage of injury and 20 healthy controls (HC). The mTBI group

Table 1: Participants divides further into mTBI-A: subjects with Post Concussive Syndrome after six months, and those
Subject Number GCS Age (ENLETARN TP mTBI-B: subjects without Post Concussive Syndrome after six months based on self-reported
Type symptoms on the Rivermead Post Concussion Questionnaire (Table 1). Imaging was performed on a
mTBl-A 8 14.125 50.8 +-  4AM:4F 14.3 +/- Siemens Tim-Trio 3T MRI scanner using a 12-channel receive-only head coil. A high resolution T1-

192 3 weighted-MPRAGE was acquired for anatomic reference. For the resting state fMRI scan, T2%-
mTBI-B 9 15 46.1+-  8M:F 14.6 +/- weighted images were acquired using a single-shot EPI sequence (TE = 30 ms, TR =2000 ms, FOV

16.0 33 =220 mm, resolution = 64 x 64) with 36 axial slices (sl. thick. =4 mm) over 5 min 42 s that yielded
HC 20 NA ?31 - 13MTF ;5:;3 i 171 volumes. Standard pre-processing steps were applied to the resting state fMRI data using AFNI’

and included slice time correction, realignment, co-registration to structural image, spatial smoothing
(6mm Gaussian Kernel) and regression of the mean white matter and cSF signals and 6 motion
parameters. Then fMRI data was normalized per individual before any statistical analysis to avoid
bias introduced by the original magnitude. Group model for stable multi-subject independent
component analysis (ICA, IC=40) was applied to parcellate intrinsic connectivity networks (ICN)*,
followed by Ridge regression that auto-tune to optimal parameters for each subject to obtain time
courses per-subject. Dynamic connectivity was explored using the sliding window approach over 32

Time courses
for subject i

Dynamic temporal epochs, with a step length of STR. Fully connected weighted networks were built for each
n(::ttrai:(f:::r sliding window distance matrix (L1 norm). Various graph theoretical measures were applied to
subject i investigate the dynamics of efficiency and robustness of the functional network on a per-individual

basis (Figure 1). These network algorithms include the average shortest path (SP), average clustering
Dynamic coefficient and average weights of minimum spanning tree (MST). To study the dynamism of the

networks = * .o functional network, the main measure is the pairwise absolute difference between network properties
for subject i v y~. -\ of adjacent window slices. Statistical tests, such as t-test and Mann-Whitney U test, were performed

Figure 1: Dynamic Analysis to detect group difference among the three types. The tests were performed 100 rounds, with
randomly sampled subjects from each type Table 2: Results t-test pvalues

pool for each round. Mear

t Patl

Results: Group differences between those mTBI-A and HC were found (p < 0.05) for the dynamisms of TSR A — TSR ORI
multiple network measures. No significant differences were found between mTBI-B and HC. More ,1gia 12.43/0.037 031/0.077  12.07/0.052
interestingly, mTBI-A demonstrates reduced changes in the following: average shortest path, average MST  mtBI-B 17.03/0.338  0.42/0.484  16.83/0.422
weight, and average edge weights, compared to the HC and mTBI-B groups. Furthermore, the mTBI-B scores are in between that of HC and mTBI-A, on all the three
measures presented in Table 2.

Discussion: Alterations in the dynamic graph theoretic metrics in mTBI-A group compared to HC, may potentially lend some explanation to their post concussive
symptoms. For example, for the measure “change in average shortest path”, mTBI-A scores 12.43, that is the average change in average all-pair SP between two
adjacent windows, and it is lower than that of HC, suggesting a slowed dynamism. On the other hand, the large pvalue of mTBI-B type against HC suggests that they
are recovering more quickly and if measured with those network properties, the dynamic changes in the interaction between brain networks is no different than those of
the HC group.

Conclusion: To the best of our knowledge, this study is the first to apply a combination of dynamic functional analysis and graph theoretic algorithms to distinguish
mTBI and HC subjects. These data-driven results suggest that mTBI subjects who later suffer from persistent symptoms have slower dynamic changes in between
functional networks, when compared to HC subjects. Our research supports that dynamic functional analysis is a powerful tool and can reveal important time variant
characteristics that is impossible to gather from traditional static functional connectivity analysis. Future research exploring more advanced network properties is
needed to find the exact causes of the group difference reported in this study as well as aid in the neurological interpretation of these findings. This research can lead to
promising methods to study mTBI and other brain disorders with the ultimate goal of helping clinicians make more accurate predictions on the recovery process of
mTBI patients.
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