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Abstract

Mild traumatic brain injury (mTBI) is one of the most common neurological disorders world-

wide. Posttraumatic complaints are frequently reported, interfering with outcome. However,

a consistent neural substrate has not yet been found. We used graph analysis to further

unravel the complex interactions between functional brain networks, complaints, anxiety

and depression in the sub-acute stage after mTBI. This study included 54 patients with

uncomplicated mTBI and 20 matched healthy controls. Posttraumatic complaints, anxiety

and depression were measured at two weeks post-injury. Patients were selected based on

presence (n = 34) or absence (n = 20) of complaints. Resting-state fMRI scans were made

approximately four weeks post-injury. High order independent component analysis resulted

in 89 neural components that were included in subsequent graph analyses. No differences

in graph measures were found between patients with mTBI and healthy controls. Regarding

the two patient subgroups, degree, strength, local efficiency and eigenvector centrality of

the bilateral posterior cingulate/precuneus and bilateral parahippocampal gyrus were

higher, and eigenvector centrality of the frontal pole/ bilateral middle & superior frontal gyrus

was lower in patients with complaints compared to patients without complaints. In patients

with mTBI, higher degree, strength and eigenvector centrality of default mode network com-

ponents were related to higher depression scores, and higher degree and eigenvector cen-

trality of executive network components were related to lower depression scores. In patients

without complaints, one extra module was found compared to patients with complaints and

healthy controls, consisting of the cingulate areas. In conclusion, this research extends the

knowledge of functional network connectivity after mTBI. Specifically, our results suggest

that an imbalance in the function of the default mode- and executive network plays a central

role in the interaction between emotion regulation and the persistence of posttraumatic

complaints.
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Introduction

Cognitive and affective complaints reported by patients with mild traumatic brain injury

(mTBI) still puzzle clinicians and scientists worldwide [1–4]. In the majority of patients with

mTBI, these complaints are present without any impairments objectified with neuropsycho-

logical assessment [5–7] and/or abnormalities visible on computed tomography (CT) or con-

ventional structural magnetic resonance imaging (MRI) scans [8–11]. A growing number of

functional MRI (fMRI) studies suggest that (persistent) posttraumatic complaints after mTBI

are associated with alterations in functional brain networks, especially with regard to the inter-

action between frontal/parietal networks, such as the default mode network, executive network

and salience network [12–16]. This is not surprising, since these networks converge on pre-

frontal midline areas, which are vulnerable to traumatic brain injury [17–19], and because

these networks and regions are important for emotion regulation [20,21]. However, much

uncertainty still exists about the exact role of functional network dynamics in the pathophysio-

logical mechanisms underlying sequelae of mTBI.

To gain a comprehensive understanding of the specific features of network dysfunction

that are involved in cognitive and emotional consequences of mTBI, it might be useful to use

more sophisticated measures of network function [22]. A computational method that is

increasingly being used to study functional brain networks in various neurological conditions

is graph analysis, which is derived from graph theory [23–26]. The basis of graph analysis of

resting-state fMRI is functional connectivity, which is defined as the statistical correlation

between blood oxygen level dependent (BOLD) responses of separate regions (i.e. nodes (N))

throughout the brain [23]. An N x N functional connectivity matrix is constructed, and subse-

quently graph analysis is applied to this matrix in order to gain knowledge about the connec-

tions and hierarchy of nodes as well as about local and global architecture throughout the

network. There are several advantages of graph analysis over traditional within- and between-

network functional connectivity analysis techniques such as seed-based analysis, region of

interest (ROI) analysis, and (low order) independent component analysis (ICA) [24,27,28].

First, with graph analysis it is possible to calculate measures of global network function, such

as global efficiency or average path length. Second, graph analysis allows us to capture complex

local interactions, because it not only provides information about the bidirectional relationship

between two nodes or components, but also about neighboring nodes, neighborhoods of a

node and subnetworks. Third, the importance (‘hub status’) of individual nodes for the net-

work can be determined [28]. Thus, this analysis technique covers a wider range of network

aspects compared to traditional methods.

Until now, only a small number of studies have used graph analysis to study functional net-

works in patients with mTBI [29,30]. Among other things, these studies have shown an associ-

ation between lower local efficiency of the prefrontal cortex and basal ganglia, and a higher

severity of posttraumatic complaints and stress. In the present study, exploratory graph analy-

sis was performed in a relatively large sample of patients with uncomplicated mTBI. Especially,

differences between patients with and without complaints, and associations with anxiety and

depression were examined. It was hypothesized that local graph measures of prefrontal midline

areas would be affected because of their vulnerability to TBI and their role in network dynam-

ics involved in cognition and emotion regulation. High order ICA was used to define network

nodes [31]. This data-driven method does not require any a priori hypotheses about specific

features of brain networks, and has served well in the examination of network dysfunction in

a wide variety of neurological and psychiatric diseases, including TBI [14,32]. Furthermore,

ICA has proven useful in defining nodes for graph analysis studies of patients with more severe

TBI [33,34]. In the current analyses, a high order ICA model (i.e. with a high number of

Graph Theory in mTBI
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components) was applied, which may be more accurate in functional segmentation of the

brain [35,36], and may result in better delineation of disease related functional connectivity

alterations than lower order ICA [37].

Methods

Participants

This study elaborates on previously published work of our research group using the same

patient sample [13]. For information on recruitment of participants and behavioural data anal-

yses we refer the reader to the method section of that paper. Study approval was obtained from

the local Medical Ethics Committee of the University Medical Center Groningen, the Nether-

lands, and all participants provided written informed consent after the study and procedure

had been fully explained. All study procedures were carried out according to the declaration of

Helsinki.

Fifty-four patients (18–65 years of age) with mTBI (Glasgow coma scale 13–15 and/or loss

of consciousness� 30 minutes [38]) were enrolled. Patients were selected based on the num-

ber of self-reported complaints on a head injury symptoms checklist (HISC) [4] administered

at two weeks post-injury (pre-injury scores subtracted from post-injury scores): a group with

posttraumatic complaints (PTC-present; n = 34) defined as�3 complaints and a group with-

out complaints (PTC-absent; n = 20) defined as<3 complaints [39–42]. In addition, a healthy

control group (n = 20) was included that was age-, sex, education and handedness matched

with the total mTBI group. In addition to posttraumatic complaints, feelings of anxiety and

depression were measured at two weeks using the hospital anxiety and depression scale ques-

tionnaire [43].

Image acquisition and pre-processing

Structural (T1, T2�-gradient echo (T2�-GRE), susceptibility weighted imaging (SWI)) and

functional MRI scans were made at approximately four weeks post-injury. Details about image

acquisition parameters and fMRI pre-processing were described previously (van der Horn

et al., 2016). T2�-GRE and SWI sequences were examined for microbleeds (1-10mm) by an

experienced neuroradiologist. Microbleeds were absent in the healthy control group. A total of

158 microbleeds (mean, range: 3, 0–37) were observed in the group of mTBI patients, with

zero microbleeds in 72% of the patients. No significant differences in number of microbleeds

(U = 334, P = 0.88) and percentage of patients with�1 microbleeds (χ2 = 0.08, P = 0.78) were

found between the PTC-present and PTC-absent groups.

ICA

ICA was performed using the Group ICA of fMRI Toolbox (GIFT) version 3.0a implemented

in MATLAB [31]. Similar to Allen and colleagues, prior to ICA decomposition, voxel time

series were converted to z-scores to normalize variance across space [35]. A set of 100 compo-

nents was estimated. Spatial-temporal regression was used for back-reconstruction and

ICASSO was repeated 20 times to test component stability [44]. Components were visually

characterized as either part of a neural network or as an artefact, based on the expectation that

neural networks should exhibit peak activations in grey matter and low spatial overlap with

known vascular, ventricular, motion, or susceptibility artifacts. Moreover, power spectra were

inspected for dominant low-frequency signal. All components were evaluated by H.J.v.d.H.

and E.J.L. separately, and dissimilarities were discussed until consensus was reached.

Graph Theory in mTBI
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Post-processing

Prior to functional connectivity analysis, additional processing steps were applied to the time-

courses to remove variance in the data related to white matter (WM) and cerebrospinal fluid

(CSF) signal, participants’ motion and scanner drifts [45]. Principal component analysis was

applied to the WM and CSF signal and components that explained 95% of the variance were

filtered out. Subsequently, linear, quadratic and cubic detrending was performed. Residual

effects of motion were corrected by regression with the 6 realignment parameters and their

temporal derivatives. Next, temporal band-pass filtering was applied to retain frequencies

between 0.008–0.08Hz [45]. Finally, a procedure similar to the one Power and colleagues have

used, was carried out to calculate total displacement per scan (i.e. framewise displacement

(FD)), and volumes that had a displacement of> 0.5 mm compared to the previous scan

were interpolated [35,46]. FD parameters are provided in S1 Appendix. No differences in FD

parameters and number of interpolated volumes were found between subgroups.

Graph analysis

The ICA time courses were correlated using a Pearson’s correlation, and correlations were

transformed with a Fisher’s Z transformation. We investigated graph measures across a range

of thresholds (1–30% strongest connections in the weighted connectivity matrix in steps of

1%). Across this range of thresholds, graph measures were calculated using functions imple-

mented in the Brain Connectivity Toolbox ([24], www.brain-connectivity-toolbox.net). Selec-

tion of specific global (computed for the total network) and local (computed for individual

nodes) measures was based on previous TBI literature [29,34,47,48] and several comprehen-

sive reviews [22–25]. The following local measures were selected: degree (Ki), strength (Si),

local efficiency (Eloci), clustering coefficient (Ci), betweenness centrality (BCi) and eigenvector

centrality (ECi). Global network measures used in this study were: global efficiency (Eglob),

mean local efficiency (Eloc) and mean clustering coefficient (C). A detailed description of

these measures is provided by Rubinov and Sporns [24]. Graph measures for every subject at

every threshold are provided as S1 Data.

For group comparisons, graph measures were plotted against the threshold range and the

area under the curve (AUC) was calculated. These AUC values were compared between

patients with mTBI and healthy controls, and between PTC-present patients, PTC-absent

patients and healthy controls using permutation testing. Individuals were permuted (retaining

original group sizes) and results were recalculated. After 10,000 permutations, significant dif-

ferences between groups were defined as the outer 0.05 range of the histogram containing

these permuted measures. For local measures, multiple comparison correction was performed

by calculating the maxima across all nodes per permutation and combining these values in one

histogram. Magnitudes of effect were estimated using common language (CL) effect sizes [49].

To gain more insight in the inter-individual variability of complaints in the total patient

group, Spearman’s rank correlations were calculated between graph measures and number of

complaints. To examine the relationship between network function and emotion regulation,

Spearman’s rank correlations were computed between graph measures and anxiety/depression

scores in the total group of patients with mTBI. For local measures, false positive correlations

were controlled using the false discovery rate (FDR) procedure according to Benjamini and

Hochberg (α = 0.05; m = number of nodes = 89) [50].

To investigate the influence of structural injury on graph measures, comparisons were

made between patients with (n = 15) and without (n = 39) microbleeds on T2�-GRE and SWI.

For local measures, multiple comparison correction was performed by combining maxima

across all nodes per permutation in one histogram (α = 0.05).

Graph Theory in mTBI
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Module decomposition

Modularity is the extent to which a graph can be divided into modules with a large

number of within module connections and a minimal number of between module connec-

tions [51]. For fMRI data, such modules have been found to be similar to functional (large-

scale) networks [52]. In the current study, it was investigated whether in different groups

components belonged to different modules (i.e. large-scale networks). Furthermore, module

decomposition was used to aid in the explanation of group differences in local graph

measures.

First the optimal threshold for module decomposition had to be determined. Participants’

correlation matrices were binarized at every threshold (1–30%) and these binarized matrices

were averaged across all participants (HC and TBI together) [53]. Information theory was

applied to compute the entropy (i.e. the amount of distortion) over the averaged matrix for

every threshold [54]. The matrix giving the lowest entropy contains the least distortion and

therefore has the largest stability across participants. Because entropy depends on the number

of elements, a correction was applied by comparing the entropy in the actual matrix to the

entropy in randomized matrices. We created 50 randomized matrices per participant, per

threshold, preserving the number of nodes and the degree distribution [55]. These were used

to construct 500 new average matrices by randomly sampling one of the 50 randomized net-

works per participant. The entropy was computed and averaged for each of these average ran-

dom matrices. Subsequently, the optimal threshold was defined as the threshold at which the

difference between the entropy in the actual matrix and the entropy in the randomized matri-

ces was maximal.

As input of the partitioning algorithm, averages of the binary matrices were computed per

group. Similar to Rubinov and Sporns [56], an initial module partition was created using the

algorithm by Blondel et al. [57], which attempts to maximize within module connections and

minimize between module connections, and this procedure was repeated 500 times. Subse-

quently, all of these partitions were refined, using a modularity fine-tuning algorithm [58].

Changes that led to an increase in modularity were retained. The fine-tuning algorithm was

applied repeatedly until the modularity of the partitioning no longer increased, and the parti-

tioning with the highest modularity was used for further analyses.

To compare the overall module decompositions of HC vs. PTC-present and HC vs. PTC-

absent, normalized mutual information (NMI) was used [59], varying from 0 (no mutual

information) to 1 (identical node assignments). Statistical differences in module decomposi-

tion were analyzed using permutation testing. Participants were randomly divided in groups

(retaining original group sizes) and the optimal module decomposition and their NMI were

recalculated for each group (repetition: 1000 times). If the actual NMI between groups was

smaller than 0.05 of this distribution (i.e. less than 5% of the decomposition of one group

could explain the decomposition of the other group), the difference between groups was con-

sidered significant.

It was also tested whether specific modules statistically differed between the PTC-present

and PTC-absent group and which of them was deviant from HC. To this end, module assign-

ments of both patients groups were categorized using the module decomposition of HC as a

reference. Entropy was calculated for both patient groups, with the minimum entropy value

indicating that all nodes were in a similar module as the HC’, and the maximum value indi-

cating that they were included in completely different modules. Entropy values of both

groups were tested using permutation testing, by randomly changing the patients groups and

recalculating the entropy. A difference in entropy of < 0.05 of the distribution was consid-

ered significant.

Graph Theory in mTBI
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Results

Participant characteristics

Fifty-four patients (36 male; mean age 37 ± 15 years) were included in this study. There was a

significantly lower percentage of female subjects in the PTC-absent group compared to the

PTC-present group (10% and 47%, respectively; χ2 = 7.78, P = 0.005). No statistical differences

regarding injury severity (Glasgow Coma Scale score and number of patients with posttrau-

matic amnesia) and injury mechanism (number of patients with mTBI due to traffic-, falls-,

sports-, assault-related or other mechanisms) were found between patient subgroups. The

PTC-present group reported on average 10 (range: 5–16) complaints, with a mean severity of

13 (range: 5–25). Ninety per cent of the PTC-absent group reported zero complaints. PTC-

present patients had higher anxiety (median (interquartile range): 4 (3–7) vs. 2 (0–4.75)),

respectively; U = 160, P = 0.004) and depression (5 (3–7) vs. 0 (0–1); U = 70, P<0.001) scores

than PTC-absent patients.

Group comparisons of graph measures

After ICA, 89 components were identified as neural networks and included in network analy-

ses. Permutation testing did not show differences between HC and the total group of patients

with mTBI for any of the calculated graph measures. Regarding patient subgroups, PTC-pres-

ent patients had higher values compared to PTC-absent patients on the following local graph

measures: degree of the bilateral posterior cingulate cortex (PCC)/precuneus (P<0.0009;

CL = 0.76) and the bilateral parahippocampal gyrus (PHG) (P<0.0006; CL = 0.78), strength of

the bilateral PCC/precuneus (P<0.0009; CL = 0.77) and bilateral PHG (P<0.0009; CL = 0.78),

local efficiency of the bilateral PCC/precuneus (P<0.0004; CL = 0.77) and bilateral PHG

(P<0.0004; CL = 0.76), and eigenvector centrality of the bilateral PCC/precuneus (P<0.0001;

CL = 0.82), bilateral PHG (P<0.0003; CL = 0.8) and right peri-central gyri (PCG) (P <0.0001;

CL = 0.81) (Fig 1). In contrast, PTC-present patients had lower eigenvector centrality of the

frontal pole (FP)/bilateral middle & sup frontal gyrus (MSFG) (P<0.0003; CL = 0.21) com-

pared to the PTC-absent group. For global efficiency, mean local efficiency and mean cluster-

ing coefficient, no significant differences were found between patient subgroups.

No significant differences in graph measures were found between patients with and without

microbleeds on T2�-GRE and SWI.

Graph measures related to the number of complaints

Table 1 lists graph measures of the components that were significantly correlated with number

of complaints in the patient group. Regarding the components that were different between

PTC-present and PTC-absent patients, graph measures of the bilateral PCC/precuneus and

PHG were positively correlated with number of complaints, while graph measures of FP/

MSFG were negatively related to number of complaints.

Graph measures related to anxiety and depression

Table 2 lists graph measures of the components that were significantly correlated with depres-

sion scores in the total group of patients with mTBI. Whereas graph measures of posterior

midline areas were positively correlated with depression scores, graph measures of lateral fron-

toparietal areas were negatively correlated with depression scores. No significant correlations

were observed between local graph measures and anxiety scores. Global network measures

showed no significant correlations with either anxiety or depression scores.

Graph Theory in mTBI
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Module decomposition

The optimal threshold for connections to retain in the correlation matrix was 1.85%. Results of

module decomposition are shown in Fig 2. Several differences between groups can be noticed.

Most strikingly, while the HC and PTC-present groups both had six modules, estimation

resulted in seven modules for the PTC-absent group. In this group, there appeared to be a sep-

arate module consisting mainly of the cingulate areas. In the HC and PTC-absent group, most

of these areas were incorporated in the default mode module(s). Despite visual dissimilarities

and the fact that PTC-absent patients had an extra module, there were no statistically signifi-

cant group differences in module decomposition.

Fig 1. Components that were significantly different between subgroups. A) The bilateral posterior cingulate (PCC)/precuneus is

depicted in red; bilateral parahippocampal gyrus (PHG) in green; frontal pole/bilateral middle & sup frontal gyrus (FP/MSFG) in blue and

right peri-central gyri (rPCG) in purple; B) Average AUC values for degree (Ki), strength (Si), local efficiency (Eloci) and eigenvector centrality

(ECi) for patients with (PTC-present) and without (PTC-absent) complaints and healthy controls (HC). Asterisks indicate significance p<0.05

after correction for multiple comparisons.

doi:10.1371/journal.pone.0171031.g001
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To aid in the interpretation of our graph results, we assessed which modules contained the

components that showed significant correlations with posttraumatic complaints and/or

depression scores. Module assignment for these components is listed per subgroup in Table 3.

Noticeably, in the PTC-present and HC groups, the bilateral PCC/precuneus and PHG com-

ponents were both assigned to the default mode module, while in the PTC-absent group the

bilateral PCC/precuneus and PHG were assigned to the cingulate and limbic module, respec-

tively. The FP/ bilateral MSFG was included in the frontoparietal, salience and cingulate mod-

ule for the PTC-present, HC and PTC-absent group, respectively.

Discussion

In this study, graph analysis of functional brain networks was performed in patients with

uncomplicated mTBI in the sub-acute phase after injury, aimed to improve our understanding

of the presence of posttraumatic complaints related to anxiety and depression after mTBI. A

large patient sample was included, which provided us with sufficient power to detect possible

group differences. None of the network measures differed between patients with mTBI and

healthy controls, but in patient subgroups various differences were found in local network

measures of prefrontal and parietal midline and parahippocampal areas. In patients with

mTBI, associations were found between local network measures and depression scores, but

not between any of the network measures and anxiety. Module decomposition was similar for

all study groups, although patients without complaints showed one extra module compared to

patients with complaints and healthy controls, which was composed of the cingulate areas.

Table 1. Spearman’s rank correlations between graph measures and number of complaints in the

patient group (significant at FDR < 0.05).

component Ki Si ECi

Bilateral PCC/precuneus 0.43 0.52

(peak MNI: x = -27, y = -45, z = 24)

Bilateral parahippocampal gyrus 0.51 0.50 0.51

(peak MNI: x = -24, y = -42, z = -6)

Left inf/sup parietal lobe -0.41 -0.40

(peak MNI: x = -39, y = -39, z = 42)

Right inf/sup parietal lobe -0.43 -0.44

(peak MNI: x = 45, y = -36, z = 42)

Right peri-central gyri 0.46

(peak MNI: x = 27, y = -18, z = 36)

Frontal pole/ bilateral middle & sup frontal gyrus -0.41 -0.43

(peak MNI: x = 27, y = 36, z = 30)

ACC/middle & sup frontal gyrus 0.43

(peak MNI: x = 6, y = 33, z = 18)

Middle/posterior cingulate gyrus -0.38

(peak MNI: x = 0, y = -3, z = 36)

Bilateral frontal operculum/insula 0.42

(peak MNI: -24–3 18)

Right middle frontal/precentral gyrus -0.39

(peak MNI: x = 27, y = -6, z = 39)

Abbreviations: ACC = anterior cingulate cortex; ECi = node eigenvector centrality; FDR = false discovery

rate; inf = inferior; Ki = node degree; MNI = Montreal Neurological Institute; PCC = posterior cingulate cortex;

PTC = posttraumatic complaints; Si = node strength; sup = superior.

doi:10.1371/journal.pone.0171031.t001
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Global network measures did not differ between patients with and without complaints,

which may be consistent with the fact that cognitive functioning is unimpaired in most of the

cases of mTBI [5–7]. Regarding local measures, however, higher values of degree, strength,

local efficiency and eigenvector centrality of the bilateral PCC/precuneus and bilateral PHG

were found in patients with complaints compared to patients without complaints. Within the

group of patients with mTBI, higher degree, strength and eigenvector centrality of these com-

ponents were also associated with a higher number of complaints. In partial agreement with

our results, a study by Messe et al. demonstrated higher graph measures of the left PHG in

mTBI patients with complaints in the sub-acute phase compared to healthy controls [29]. Fur-

thermore, studies using non-graph analyses have reported higher functional connectivity

within the posterior midline and parahippocampal areas in patients with chronic mild to

severe TBI compared to healthy controls [60,61].

Over the past few years, evidence has accumulated that network dynamics play a crucial

role in the development of posttraumatic complaints after mTBI [12–14]. Network dynamics

strongly rely on hub nodes, and these nodes can be affected by TBI, especially moderate-to-

severe TBI [32]. The PCC/precuneus and PHG are regarded as hub nodes in the human brain

[62–64]. They are key areas of the DMN, but are also incorporated in executive networks dur-

ing externally focused cognition [62,63,65,66]. The PHG can be considered part of the medial

temporal lobe subsystem of the DMN that is involved in autobiographical memory [64,67].

We have shown that in patients with complaints the bilateral PCC/precuneus and PHG were

both included in the (posterior) default mode module. In patients without complaints, how-

ever, the bilateral PCC/precuneus was incorporated in the cingulate module and the bilateral

PHG was included in the limbic module. It could be hypothesized that stronger connectivity

of the PCC and PHG within the DMN in patients with complaints is associated with ongoing

Table 2. Spearman’s rank correlations between graph measures and depression scores in the patient

group (significant at FDR < 0.05).

component Ki Si ECi

Bilateral PCC/precuneus 0.40 0.47

(peak MNI: x = -27, y = -45, z = 24)

Bilateral parahippocampal gyrus 0.49 0.47 0.46

(peak MNI: x = -24, y = -42, z = -6)

Left inf/sup parietal lobe -0.45 -0.49

(peak MNI: x = -39, y = -39, z = 42)

Right inf/sup parietal lobe -0.54 -0.53

(peak MNI: x = 45, y = -36, z = 42)

Bilateral inf/sup parietal lobe -0.43

(peak MNI: x = -21, y = -30, z = 45)

Frontal pole/bilateral middle & sup frontal gyrus -0.44 -0.47

(peak MNI: x = 27, y = 36, z = 30)

Bilateral middle frontal gyrus -0.48

(peak MNI: x = -27, y = 63, z = 24)

Bilateral lingual gyrus -0.44

(peak MNI: x = 12, y = -90, z = -6)

Bilateral calcarine sulcus 0.41

(peak MNI: x = -18, y = -66, z = 6)

Abbreviations: ECi = node eigenvector centrality; FDR = false discovery rate; inf = inferior; Ki = node degree;

MNI = Montreal Neurological Institute; PCC = posterior cingulate cortex; Si = node strength; sup = superior.

doi:10.1371/journal.pone.0171031.t002
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Fig 2. Module decomposition per subgroup. Overlays were constructed per subgroup using one-sample t-tests

in SPM12, and T-thresholds were adjusted separately for every overlay to ensure optimal display.

doi:10.1371/journal.pone.0171031.g002

Table 3. Module assignment for each component that was significantly related to posttraumatic complaints and/or depression scores.

Component PTC-present PTC-absent HC

Bilateral PCC/precuneus Default mode Cingulate Default mode

Bilateral parahippocampal gyrus Default mode Limbic Default mode

Left inf/sup parietal lobe Frontoparietal Frontoparietal Frontoparietal

Right inf/sup parietal lobe Frontoparietal Frontoparietal Frontoparietal

Bilateral inf/sup parietal lobe Frontoparietal Cingulate Frontal/cerebellar

Right peri-central gyri Default mode Cingulate Default mode

Frontal pole/bilateral middle & sup frontal gyrus Frontoparietal Cingulate Salience

ACC/ bilateral middle & sup frontal gyrus Default mode Cingulate Default mode

Middle/posterior cingulate gyrus Frontoparietal Frontoparietal Salience

Bilateral frontal operculum/insula Default mode Cingulate Default mode

Right middle frontal/precentral gyrus Frontoparietal Frontoparietal Frontal/cerebellar

Bilateral middle frontal gyrus Frontoparietal Frontoparietal Frontal/cerebellar

Bilateral lingual gyrus Motor/visual/cerebellar Visual/cerebellar Motor/visual

Bilateral calcarine sulcus Default mode Limbic Motor/visual

Abbreviations: ACC = anterior cingulate cortex; HC = healthy controls; inf = inferior; PTC = posttraumatic complaints; PCC = posterior cingulate cortex;

sup = superior.

doi:10.1371/journal.pone.0171031.t003

Graph Theory in mTBI

PLOS ONE | DOI:10.1371/journal.pone.0171031 January 27, 2017 10 / 19



negative self-referential mental processes, such as worrying about subjective cognitive prob-

lems, mood problems, negative illness beliefs or expectations about future situations [15,68].

Furthermore, our findings might be related to posttraumatic stress, because posttraumatic

complaints strongly overlap with symptoms of the hyperarousal dimension of posttraumatic

stress disorder [69]. In veterans with mTBI, associations were found between re-experiencing

symptoms and weaker functional connectivity of a functional network including basal ganglia,

prefrontal cortex, insula and posterior cingulate cortex [30]. It could be possible that because

of stronger connectivity within the limbic and cingulate modules and weaker connectivity

within the default mode module, patients without complaints may be more resilient to stress

and less prone to developing complaints. As the default mode network, executive network and

salience network converge within the midline (cingulate areas), it could also be postulated that

the extra cingulate module in patients without complaints is associated with more balanced

switching between internally and externally focused mental processes leading to more optimal

cognitive and emotional processing and stress regulation compared to patients with com-

plaints [18,20,21,63,70]. Since this cannot be directly deduced form our data, future studies are

required to confirm our theories.

Eigenvector centrality of the FP/bilateral MSFG was lower in patients with complaints com-

pared to those without complaints, which is in contrast to the posterior regions. To put it

differently, nodes neighboring the FP/ bilateral MSFG were less likely to be hubs in these

patients, indicating weaker connections throughout the prefrontal cortex. These findings com-

plement previous non-graph studies on mTBI that have shown that lower functional connec-

tivity of prefrontal areas was associated with a higher number of complaints and higher

anxiety and depression scores [29,71,72]. The prefrontal cortex acts as a relay station in the

interaction between networks involved in cognitive and emotional functioning [15,18,19,70].

Therefore, our results may point towards an association between posttraumatic complaints

and disturbances in network dynamics that may (partly) arise from prefrontal dysfunction.

Regarding the presence or absence of posttraumatic complaints, it has to be noted that

based on the literature a relatively low percentage of patients with mTBI report to have no

complaints at all after (civilian) mTBI [41,42]. Moreover, even healthy controls have been

found to report on average more than one complaint [42]. To our knowledge, the group of

patients without any complaints has not received much attention so far, especially in func-

tional neuroimaging studies, but is very interesting with regard to studying mechanisms that

are related to successful recovery. It is therefore a unique feature of our study that we suc-

ceeded in including a relatively large group of patients without complaints, in addition to a

group with complaints.

Interestingly, graph measures of posterior components that are associated with the DMN

were positively correlated with depression scores, while measures of frontal and parietal

components that are generally associated with executive networks were negatively correlated

with depression scores in the total group of patients with mTBI. In concordance with our

results, increased functional connectivity of the default mode network has been consistently

observed in major depressive disorder [68,73]. Furthermore, the executive networks are

thought to form a key regulatory system for promoting and maintaining mental health [21].

Prefrontal areas, such as the middle and superior frontal gyrus and the anterior cingulate

cortex, are crucial area in this process, because of their role in emotion regulation [20]. Our

current findings extend on our previous work on the same patient sample that demonstrated

that prefrontal brain networks are important for emotion regulation after mTBI [13]. It has

to be realized that causal inference based on our observed correlations is not possible, since

higher values of graph measures might lead to lower depression scores, but the reverse is also

plausible. Nevertheless, our findings suggest that intervention therapies targeted at executive
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functioning and attention may also improve emotion regulation in patients with mTBI

[74,75].

Previous research has shown lower local and global graph measures of functional networks

in patients with mild-to-severe TBI compared to healthy controls, and these measures were

associated with traumatic axonal injury [34]. In our study, we found no differences in graph

measures between patients and healthy controls, although we investigated a patient group at

the milder end of the TBI spectrum. Furthermore, it might seem counterintuitive that patients

with complaints did not differ from healthy controls, because these patients are clinically most

affected. These findings cast doubts on the causative role of mTBI itself in functional network

connectivity differences between patients with and without complaints. These doubts are

strengthened by the fact that graph measures were similar for patients with and without

micro-hemorrhagic lesions. Interestingly, recent research demonstrated that high pre-injury

somatization scores predicted longer symptom duration after sports-related concussion [76].

Furthermore, variations in graph measures have been associated with personality characteris-

tics, such as neuroticism, in healthy subjects [77]. Therefore, it is tempting to hypothesize that

also graph analysis findings in mTBI are not injury-related, but associated with pre-injury per-

sonality characteristics that predispose to developing complaints after a stressful event, such as

a mTBI [15,78].

In the current study, high order ICA model was combined with graph analysis [33,35,37]

aimed at discerning subtle changes in large-scale network function that possibly remained hid-

den in previous analyses [13]. Group ICA was used to define network nodes because this data-

driven method has been shown to adequately capture inter-individual differences, and may

result in more accurate functional components for the dataset that is being investigated

[33,79]. However, the ‘best’ method for node definition is unknown, and various other effec-

tive parcellation methods are available [23,33,52,80]. Although volume of between-group dif-

ferences has shown to be optimal at a model order of 70 to 100, high order models have its

disadvantages as the exact number of selected components is rather arbitrary, and power is

possibly reduced considering the large number of tests that are performed and have to be sta-

tistically corrected, especially regarding local measures [37]. The selection of graph measures

of the current fMRI study was based on graph measures that were used in previous TBI studies

[29,34,47,48], and aimed to obtain an impression of network Integration, Segregation and

Influence [25]. However, it is still largely unclear which measures are most informatory for

investigating (m)TBI. Based on the results of our study, it may be worthwhile to use eigenvec-

tor centrality in future research on mTBI. Lastly, computing modules for different study sub-

groups provided an interesting perspective on large-scale network function after mTBI. Still,

caution is warranted in interpreting our module decomposition results, because no statistical

group differences were found.

A limitation of our study is the lack of data about complaints, anxiety and depression in the

healthy control group, because complaints are to some extent also reported by healthy controls

[42]. However, in the patient groups we corrected for pre-injury levels of functioning by sub-

tracting their pre-injury complaint scores from post-injury scores (i.e. scores reflect com-

plaints that developed post-injury). Furthermore, there was an interval of 1–2 weeks between

filling out the two weeks questionnaire and the appointment for an MRI scan. Therefore, it is

possible that at time of scanning, patients would have reported fewer complaints. However,

considering the short interval and the high average number and severity of complaints at two

weeks, we deem it unlikely that complaints would be greatly decreased at time of scanning.

Lastly, we did not administer neuropsychological tests at time of scanning. However, it is

known from previous studies that cognitive deficits are often absent in the sub-acute phase

after mTBI [5–7].
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Conclusions

In this study, a novel approach, consisting of high order ICA followed by graph analysis, was

used to investigate functional brain networks in relation to complaints, anxiety and depression

after mTBI. Interestingly, all network measures were similar for patients with mTBI and

healthy controls, which might suggest that the influence of the injury itself in network function

after mTBI is not that strong. Regarding patient subgroups, higher local graph measures were

found in patients with complaints compared to patients without complaints, especially in

default mode network related areas in the proximity of the posterior midline. In addition,

higher values of these components were related to mood disturbances in patients with mTBI,

while the opposite was true for components of the executive networks. It could be hypothe-

sized that targeting mood problems after mTBI, with therapies focused on executive function-

ing, may lead to a reduction of complaints. More studies are required to further elucidate the

complex alterations in functional networks after mTBI, with an emphasis on personality char-

acteristics and emotion regulation.

Supporting Information

S1 Appendix. Framewise Displacement parameters. For every subject minimum and maxi-

mum framewise displacement (FD), number of volumes with> 0.5 mm FD, and % volumes

that had a displacement of> 0.5 mm are listed.

(XLS)

S1 Data. Graph Measures. Graph measures for every subject at every threshold.

(ZIP)

Acknowledgments

The authors would like to thank Jan Cees de Groot, MD, PhD for his assistance in the assess-

ment of structural MRI scans.

Author Contributions

Conceptualization: HJvdH JvdN JMS EJL.

Formal analysis: HJvdH EJL.

Funding acquisition: JvdN.

Methodology: HJvdH EJL.

Software: HJvdH EJL.

Supervision: JvdN JMS.

Writing – original draft: HJvdH.

Writing – review & editing: HJvdH EJL MES MEdK JvdN JMS.

References
1. Dischinger PC, Ryb GE, Kufera JA, Auman KM. Early predictors of postconcussive syndrome in a

population of trauma patients with mild traumatic brain injury. J Trauma. National Study Center for

Trauma and EMS, The University of Maryland School of Medicine, Baltimore, Maryland, USA.

pdischin@som.umaryland.edu; 2009; 66: 287–289.

Graph Theory in mTBI

PLOS ONE | DOI:10.1371/journal.pone.0171031 January 27, 2017 13 / 19

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0171031.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0171031.s002


2. Ettenhofer ML, Barry DM. A comparison of long-term postconcussive symptoms between university stu-

dents with and without a history of mild traumatic brain injury or orthopedic injury. J Int Neuropsychol

Soc. Department of Medical and Clinical Psychology, Uniformed Services University of the Health Sci-

ences, Bethesda, Maryland 20814–4712, USA. mark.ettenhofer@usuhs.mil; 2012; 18: 451–460. doi:

10.1017/S1355617711001895 PMID: 22321647

3. Ponsford J, Cameron P, Fitzgerald M, Grant M, Mikocka-Walus A. Long-term outcomes after uncompli-

cated mild traumatic brain injury: a comparison with trauma controls. J Neurotrauma. School of Psychol-

ogy and Psychiatry, Monash University, Melbourne, Victoria, Australia. jennie.ponsford@monash.edu;

2011; 28: 937–946. doi: 10.1089/neu.2010.1516 PMID: 21410321

4. de Koning ME, Gareb B, el Moumni M, Scheenen ME, van der Horn HJ, Timmerman ME, et al. Sub-

acute posttraumatic complaints and psychological distress in trauma patients with or without mild trau-

matic brain injury. Injury. 2016; 47: 2041–2047. doi: 10.1016/j.injury.2016.04.036 PMID: 27297705

5. Cassidy JD, Cancelliere C, Carroll LJ, Cote P, Hincapie CA, Holm LW, et al. Systematic review of self-

reported prognosis in adults after mild traumatic brain injury: results of the International Collaboration on

Mild Traumatic Brain Injury Prognosis. Arch Phys Med Rehabil. Institute of Sports Science and Clinical

Biomechanics, Faculty of Health, University of Southern Denmark, Odense, Denmark; Division of

Health Care and Outcomes Research, Toronto Western Research Institute, University Health Network,

University of Toronto,: American Congress of Rehabilitation Medicine. Published by Elsevier Inc; 2014;

95: S132–51. doi: 10.1016/j.apmr.2013.08.299 PMID: 24581902

6. Carroll LJ, Cassidy JD, Peloso PM, Borg J, Von Holst H, Holm L, et al. Prognosis for mild traumatic

brain injury: Results of the WHO Collaborating Centre Task Force on mild traumatic brain injury. J Reha-

bil Med. 2004; 36: 84–105.

7. Rohling ML, Binder LM, Demakis GJ, Larrabee GJ, Ploetz DM, Langhinrichsen-Rohling J. A meta-anal-

ysis of neuropsychological outcome after mild traumatic brain injury: re-analyses and reconsiderations

of Binder et al. (1997), Frencham et al. (2005), and Pertab et al. (2009). Clin Neuropsychol. University

of South Alabama, Mobile, AL 36688–0002, USA. mrohling@usouthal.edu; 2011; 25: 608–623. doi: 10.

1080/13854046.2011.565076 PMID: 21512956

8. Bazarian JJ, Blyth B, Cimpello L. Bench to bedside: evidence for brain injury after concussion—

looking beyond the computed tomography scan. Acad Emerg Med. Department of Emergency

Medicine, Strong Memorial Hospital, University of Rochester, Rochester, NY 14642, USA.

jeff_bazarian@urmc.rochester.edu; 2006; 13: 199–214. doi: 10.1197/j.aem.2005.07.031 PMID:

16436787

9. Hughes DG, Jackson A, Mason DL, Berry E, Hollis S, Yates DW. Abnormalities on magnetic resonance

imaging seen acutely following mild traumatic brain injury: correlation with neuropsychological tests and

delayed recovery. Neuroradiology. Department of Neuroradiology, Hope Hospital, M6 8HD, Salford,

UK. david.hughes@srht.nhs.uk; 2004; 46: 550–558. doi: 10.1007/s00234-004-1227-x PMID: 15185054

10. Iverson GL, Lovell MR, Smith S, Franzen MD. Prevalence of abnormal CT-scans following mild head

injury. Brain Inj. University of British Columbia, Vancouver, Canada. giverson@interchange.ubc.ca;

2000; 14: 1057–1061. PMID: 11147578

11. Yuh EL, Mukherjee P, Lingsma HF, Yue JK, Ferguson AR, Gordon WA, et al. Magnetic resonance

imaging improves 3-month outcome prediction in mild traumatic brain injury. Ann Neurol. Brain and Spi-

nal Injury Center, San Francisco, CA, USA.: American Neurological Association; 2013; 73: 224–235.

doi: 10.1002/ana.23783 PMID: 23224915

12. Sours C, Zhuo J, Janowich J, Aarabi B, Shanmuganathan K, Gullapalli RP. Default mode network inter-

ference in mild traumatic brain injury—A pilot resting state study. Brain Res. Magnetic Resonance

Research Center, University of Maryland School of Medicine, Baltimore, MD 21201, USA; Department

of Diagnostic Radiology and Nuclear Medicine, University of Maryland School of Medicine, 22 South

Greene Street, Baltimore, MD 21201, USA;: Published by Elsevier B.V; 2013; 1537: 201–215. doi: 10.

1016/j.brainres.2013.08.034 PMID: 23994210

13. van der Horn HJ, Liemburg EJ, Scheenen ME, de Koning ME, Marsman JBC, Spikman JM, et al. Brain

network dysregulation, emotion, and complaints after mild traumatic brain injury. Hum Brain Mapp.

Department of Neurology, University of Groningen, University Medical Center Groningen, The Nether-

lands.; BCN NeuroImaging Center and Department of Neuroscience, University of Groningen, Univer-

sity Medical Center Groningen, The Netherlands.; Department of: Wiley Periodicals, Inc; 2016; 37:

1645–1654. doi: 10.1002/hbm.23126 PMID: 26846195

14. Mayer AR, Mannell M V, Ling J, Gasparovic C, Yeo RA. Functional connectivity in mild traumatic brain

injury. Hum Brain Mapp. The Mind Research Network, Albuquerque, New Mexico 87106, USA.

amayer@mrn.org.: Wiley-Liss, Inc; 2011; 32: 1825–1835. doi: 10.1002/hbm.21151 PMID: 21259381

15. van der Horn HJ, Liemburg EJ, Aleman A, Spikman JM, van der Naalt J. Brain Networks Subserving

Emotion Regulation and Adaptation after Mild Traumatic Brain Injury. J Neurotrauma. University Medi-

cal Centre Groningen, Neurology, Hanzeplein 1, Groningen, Groningen, Netherlands, 9700RB,

Graph Theory in mTBI

PLOS ONE | DOI:10.1371/journal.pone.0171031 January 27, 2017 14 / 19

http://dx.doi.org/10.1017/S1355617711001895
http://www.ncbi.nlm.nih.gov/pubmed/22321647
http://dx.doi.org/10.1089/neu.2010.1516
http://www.ncbi.nlm.nih.gov/pubmed/21410321
http://dx.doi.org/10.1016/j.injury.2016.04.036
http://www.ncbi.nlm.nih.gov/pubmed/27297705
http://dx.doi.org/10.1016/j.apmr.2013.08.299
http://www.ncbi.nlm.nih.gov/pubmed/24581902
http://dx.doi.org/10.1080/13854046.2011.565076
http://dx.doi.org/10.1080/13854046.2011.565076
http://www.ncbi.nlm.nih.gov/pubmed/21512956
http://dx.doi.org/10.1197/j.aem.2005.07.031
http://www.ncbi.nlm.nih.gov/pubmed/16436787
http://dx.doi.org/10.1007/s00234-004-1227-x
http://www.ncbi.nlm.nih.gov/pubmed/15185054
http://www.ncbi.nlm.nih.gov/pubmed/11147578
http://dx.doi.org/10.1002/ana.23783
http://www.ncbi.nlm.nih.gov/pubmed/23224915
http://dx.doi.org/10.1016/j.brainres.2013.08.034
http://dx.doi.org/10.1016/j.brainres.2013.08.034
http://www.ncbi.nlm.nih.gov/pubmed/23994210
http://dx.doi.org/10.1002/hbm.23126
http://www.ncbi.nlm.nih.gov/pubmed/26846195
http://dx.doi.org/10.1002/hbm.21151
http://www.ncbi.nlm.nih.gov/pubmed/21259381


0031503612886; h.j.van.der.horn@umcg.nl.; 2016; 33: 1–9. doi: 10.1089/neu.2015.3905 PMID:

25962860

16. Mayer AR, Bellgowan PS, Hanlon FM. Functional magnetic resonance imaging of mild traumatic brain

injury. Neurosci Biobehav Rev. The Mind Research Network/Lovelace Biomedical and Environmental

Research Institute, Albuquerque, NM 87106, USA; Department of Neurology, University of New Mexico

School of Medicine, Albuquerque, NM 87131, USA; Department of Psychology, University of New M:

Elsevier Ltd; 2015; 49C: 8–18.

17. McAllister TW. Neurobiological consequences of traumatic brain injury. Dialogues Clin Neurosci. 2011;

13: 287–300. PMID: 22033563

18. Sheline YI, Price JL, Yan Z, Mintun MA. Resting-state functional MRI in depression unmasks increased

connectivity between networks via the dorsal nexus. Proc Natl Acad Sci U S A. Department of Psychia-

try, Washington University School of Medicine, St Louis, MO 63110, USA. yvette@npg.wustl.edu;

2010; 107: 11020–11025. doi: 10.1073/pnas.1000446107 PMID: 20534464

19. Seeley WW, Menon V, Schatzberg AF, Keller J, Glover GH, Kenna H, et al. Dissociable intrinsic con-

nectivity networks for salience processing and executive control. J Neurosci. Department of Neurology,

School of Medicine, University of California, San Francisco, San Francisco, California 94143, USa.;

2007; 27: 2349–2356. doi: 10.1523/JNEUROSCI.5587-06.2007 PMID: 17329432

20. Frank DW, Dewitt M, Hudgens-Haney M, Schaeffer DJ, Ball BH, Schwarz NF, et al. Emotion regulation:

Quantitative meta-analysis of functional activation and deactivation. Neurosci Biobehav Rev. Depart-

ment of Neuroscience, University of Georgia, Athens, GA 30602, United States.; Department of Psy-

chology, University of Georgia, Athens, GA 30602, United States.; Department of Neuroscience,

University of Georgia, Athens, GA 30602, United States.; De: Elsevier Ltd; 2014; 45C: 202–211.

21. Cole MW, Repovs G, Anticevic A. The Frontoparietal Control System: A Central Role in Mental Health.

Neuroscientist. Center for Molecular & Behavioral Neuroscience, Rutgers University, Newark, NJ, USA

Psychology Department, Washington University, St. Louis, MO, USA michael.cole@rutgers.edu.;

Department of Psychology, University of Ljubljana, Ljubljana, Slovenia.; Depart; 2014; 20: 652–664.

doi: 10.1177/1073858414525995 PMID: 24622818

22. Barbey AK, Belli A, Logan A, Rubin R, Zamroziewicz M, Operskalski JT. Network topology and dynam-

ics in traumatic brain injury. Cogn Enhanc. 2015; 4: 92–102.

23. De Vico Fallani F, Richiardi J, Chavez M, Achard S. Graph analysis of functional brain networks: practi-

cal issues in translational neuroscience. Philos Trans R Soc LondonSeries B, Biol Sci. INRIA Paris-Roc-

quencourt, ARAMIS team, Paris, France CNRS, UMR-7225, Paris, France INSERM, U1227, Paris,

France Institut du Cerveau et de la Moelle epiniere, Paris, France Univ. Sorbonne UPMC, UMR S1127,

Paris, France fabrizio.devicofallani@gmail.com.; Fu: The Author(s) Published by the Royal Society;

2014; 369: 10.1098/rstb.2013.0521.

24. Rubinov M, Sporns O. Complex network measures of brain connectivity: uses and interpretations. Neu-

roimage. Black Dog Institute and School of Psychiatry, University of New South Wales, Sydney, Austra-

lia.: Elsevier Inc; 2010; 52: 1059–1069. doi: 10.1016/j.neuroimage.2009.10.003 PMID: 19819337

25. Sporns O. Structure and function of complex brain networks. Dialogues Clin Neurosci. Department of

Psychological and Brain Sciences, Indiana University, Bloomington, Indiana, USA.; 2013; 15: 247–262.

PMID: 24174898

26. Stam CJ. Modern network science of neurological disorders. Nat Rev. Department of Neurology and

Clinical Neurophysiology, MEG Center, VU University Medical Center, De Boelelaan 1118, 1081HV

Amsterdam, The Netherlands.; 2014; 15: 683–695.

27. Filippi M, van den Heuvel MP, Fornito A, He Y, Hulshoff Pol HE, Agosta F, et al. Assessment of system

dysfunction in the brain through MRI-based connectomics. The LancetNeurology. Neuroimaging

Research Unit, Institute of Experimental Neurology, Vita-Salute San Raffaele University, Milan, Italy;

Department of Neurology, Division of Neuroscience, San Raffaele Scientific Institute, Vita-Salute San

Raffaele University, Milan, Italy. El: Elsevier Ltd; 2013; 12: 1189–1199.

28. van den Heuvel MP, Sporns O. Network hubs in the human brain. Trends Cogn Sci. Brain Center Rudolf

Magnus, University Medical Center Utrecht, Heidelberglaan 100, PO 85500, 3508 GA, Utrecht, The

Netherlands.: Elsevier Ltd; 2013; 17: 683–696. doi: 10.1016/j.tics.2013.09.012 PMID: 24231140

29. Messe A, Caplain S, Pelegrini-Issac M, Blancho S, Levy R, Aghakhani N, et al. Specific and evolving

resting-state network alterations in post-concussion syndrome following mild traumatic brain injury.

PLoS One. Inserm, UPMC Univ Paris 06, UMRS 678, Laboratoire d’Imagerie Fonctionnelle, Paris,

France. Arnaud.Messe@imed.jussieu.fr; 2013; 8: e65470. doi: 10.1371/journal.pone.0065470 PMID:

23755237

30. Spielberg JM, McGlinchey RE, Milberg WP, Salat DH. Brain network disturbance related to posttrau-

matic stress and traumatic brain injury in veterans. Biol Psychiatry. Neuroimaging Research for Veter-

ans Center; Department of Psychiatry, Boston University School of Medicine. Electronic address:

jmsp@bu.edu.; Geriatric Research, Education and Clinical Center and Translational Research Center

Graph Theory in mTBI

PLOS ONE | DOI:10.1371/journal.pone.0171031 January 27, 2017 15 / 19

http://dx.doi.org/10.1089/neu.2015.3905
http://www.ncbi.nlm.nih.gov/pubmed/25962860
http://www.ncbi.nlm.nih.gov/pubmed/22033563
http://dx.doi.org/10.1073/pnas.1000446107
http://www.ncbi.nlm.nih.gov/pubmed/20534464
http://dx.doi.org/10.1523/JNEUROSCI.5587-06.2007
http://www.ncbi.nlm.nih.gov/pubmed/17329432
http://dx.doi.org/10.1177/1073858414525995
http://www.ncbi.nlm.nih.gov/pubmed/24622818
http://dx.doi.org/10.1016/j.neuroimage.2009.10.003
http://www.ncbi.nlm.nih.gov/pubmed/19819337
http://www.ncbi.nlm.nih.gov/pubmed/24174898
http://dx.doi.org/10.1016/j.tics.2013.09.012
http://www.ncbi.nlm.nih.gov/pubmed/24231140
http://dx.doi.org/10.1371/journal.pone.0065470
http://www.ncbi.nlm.nih.gov/pubmed/23755237


for TBI and Stress Disorders,; 2015; 78: 210–216. doi: 10.1016/j.biopsych.2015.02.013 PMID:

25818631

31. Calhoun VD, Adali T, Pearlson GD, Pekar JJ. A method for making group inferences from functional

MRI data using independent component analysis. Hum Brain Mapp. Division of Psychiatric Neuro-Imag-

ing, Johns Hopkins University, Baltimore, Maryland, USA. vcalhoun@jhu.edu: Wiley-Liss, Inc; 2001;

14: 140–151. PMID: 11559959

32. Sharp DJ, Scott G, Leech R. Network dysfunction after traumatic brain injury. Nat Rev Neurol. Compu-

tational, Cognitive and Clinical Neuroimaging Laboratory, Centre for Neuroscience, Division of Experi-

mental Medicine, Imperial College London, Hammersmith Hospital Campus, Du Cane Road, London

W12 0NN, UK.; Computational, Cognitive and Clinical Neuro; 2014; 10: 156–166. doi: 10.1038/

nrneurol.2014.15 PMID: 24514870

33. Hillary FG, Rajtmajer SM, Roman CA, Medaglia JD, Slocomb-Dluzen JE, Calhoun VD, et al. The rich

get richer: brain injury elicits hyperconnectivity in core subnetworks. PLoS One. The Pennsylvania

State University, Department of Psychology, University Park, Pennsylvania, United States of America.;

The Pennsylvania State University, Department of Mathematics, University Park, Pennsylvania, United

States of America.; The Pennsylvania; 2014; 9: e104021. doi: 10.1371/journal.pone.0104021 PMID:

25121760

34. Pandit AS, Expert P, Lambiotte R, Bonnelle V, Leech R, Turkheimer FE, et al. Traumatic brain injury

impairs small-world topology. Neurology. Computational, Cognitive and Clinical Neuroimaging Labora-

tory, The Division of Experimental Medicine, Imperial College London, Hammersmith Hospital Campus,

London, UK.; 2013; 80: 1826–1833. doi: 10.1212/WNL.0b013e3182929f38 PMID: 23596068

35. Allen EA, Damaraju E, Plis SM, Erhardt EB, Eichele T, Calhoun VD. Tracking whole-brain connectivity

dynamics in the resting state. Cereb cortex. The Mind Research Network, Albuquerque, New Mexico

87106, USA.; 2014; 24: 663–676. doi: 10.1093/cercor/bhs352 PMID: 23146964

36. Kiviniemi V, Starck T, Remes J, Long X, Nikkinen J, Haapea M, et al. Functional segmentation of the

brain cortex using high model order group PICA. Hum Brain Mapp. Department of Diagnostic Radiol-

ogy, Oulu University Hospital, Oulu, Finland. vesa.kiviniemi@oulu.fi: Wiley-Liss, Inc; 2009; 30: 3865–

3886. doi: 10.1002/hbm.20813 PMID: 19507160

37. Abou Elseoud A, Littow H, Remes J, Starck T, Nikkinen J, Nissila J, et al. Group-ICA Model Order High-

lights Patterns of Functional Brain Connectivity. Front Syst Neurosci. Department of Diagnostic Radiol-

ogy, Oulu University Hospital Oulu, Finland.; 2011; 5: 37. doi: 10.3389/fnsys.2011.00037 PMID:

21687724

38. Vos PE, Battistin L, Birbamer G, Gerstenbrand F, Potapov A, Prevec T, et al. EFNS guideline on mild

traumatic brain injury: report of an EFNS task force. Eur J Neurol. 2002; 9: 207–19. PMID: 11985628

39. Matuseviciene G, Borg J, Stalnacke BM, Ulfarsson T, de Boussard C. Early intervention for patients

at risk for persisting disability after mild traumatic brain injury: a randomized, controlled study. Brain

Inj. Department of Clinical Sciences, Karolinska Institutet, Danderyd Hospital, Stockholm, Sweden.

giedre.matuseviciene@ds.se; 2013; 27: 318–324. doi: 10.3109/02699052.2012.750740 PMID:

23438351

40. Matuseviciene G, Eriksson G, Nygen DeBoussard C. No effect of an early intervention after mild

traumatic brain injury on activity and participation: A randomized controlled trial. J Rehabil Med.

Department of Rehabilitation Medicine, Danderyd Hospital, SE-182 88 Stockholm, Sweden.

giedre.matuseviciene@ds.se.; 2015;

41. McMahon P, Hricik A, Yue JK, Puccio AM, Inoue T, Lingsma HF, et al. Symptomatology and functional

outcome in mild traumatic brain injury: results from the prospective TRACK-TBI study. J Neurotrauma.

1 Department of Neurological Surgery, University of Pittsburgh Medical Center, Pittsburgh, Pennsylva-

nia.; 2014; 31: 26–33. doi: 10.1089/neu.2013.2984 PMID: 23952719

42. Wäljas M, Iverson G, Lange R, Hakulinen U, Dastidar P, Huhtala H, et al. A Prospective Biopsychoso-

cial Study of the Persistent Post-Concussion Symptoms Following Mild Traumatic Brain Injury. J Neuro-

trauma. 1 Department of Neurosciences and Rehabilitation, Tampere University Hospital, Tampere,

Finland.; 2014; 547: 1–54.

43. Zigmond AS, Snaith RP. The hospital anxiety and depression scale. Acta Psychiatr Scand. DENMARK;

1983; 67: 361–370. PMID: 6880820

44. Himberg J, Hyvarinen A, Esposito F. Validating the independent components of neuroimaging time

series via clustering and visualization. Neuroimage. Neural Networks Research Centre, Helsinki Univer-

sity of Technology, Helsinki, Finland.: Elsevier Inc; 2004; 22: 1214–1222. doi: 10.1016/j.neuroimage.

2004.03.027 PMID: 15219593

45. Van Dijk KRA, Hedden T, Venkataraman A, Evans KC, Lazar SW, Buckner RL. Intrinsic Functional

Connectivity As a Tool For Human Connectomics: Theory, Properties, and Optimization. J Neurophy-

siol. 2010; 103: 297–321. doi: 10.1152/jn.00783.2009 PMID: 19889849

Graph Theory in mTBI

PLOS ONE | DOI:10.1371/journal.pone.0171031 January 27, 2017 16 / 19

http://dx.doi.org/10.1016/j.biopsych.2015.02.013
http://www.ncbi.nlm.nih.gov/pubmed/25818631
http://www.ncbi.nlm.nih.gov/pubmed/11559959
http://dx.doi.org/10.1038/nrneurol.2014.15
http://dx.doi.org/10.1038/nrneurol.2014.15
http://www.ncbi.nlm.nih.gov/pubmed/24514870
http://dx.doi.org/10.1371/journal.pone.0104021
http://www.ncbi.nlm.nih.gov/pubmed/25121760
http://dx.doi.org/10.1212/WNL.0b013e3182929f38
http://www.ncbi.nlm.nih.gov/pubmed/23596068
http://dx.doi.org/10.1093/cercor/bhs352
http://www.ncbi.nlm.nih.gov/pubmed/23146964
http://dx.doi.org/10.1002/hbm.20813
http://www.ncbi.nlm.nih.gov/pubmed/19507160
http://dx.doi.org/10.3389/fnsys.2011.00037
http://www.ncbi.nlm.nih.gov/pubmed/21687724
http://www.ncbi.nlm.nih.gov/pubmed/11985628
http://dx.doi.org/10.3109/02699052.2012.750740
http://www.ncbi.nlm.nih.gov/pubmed/23438351
http://dx.doi.org/10.1089/neu.2013.2984
http://www.ncbi.nlm.nih.gov/pubmed/23952719
http://www.ncbi.nlm.nih.gov/pubmed/6880820
http://dx.doi.org/10.1016/j.neuroimage.2004.03.027
http://dx.doi.org/10.1016/j.neuroimage.2004.03.027
http://www.ncbi.nlm.nih.gov/pubmed/15219593
http://dx.doi.org/10.1152/jn.00783.2009
http://www.ncbi.nlm.nih.gov/pubmed/19889849


46. Power JD, Barnes KA, Snyder AZ, Schlaggar BL, Petersen SE. Spurious but systematic correlations in

functional connectivity MRI networks arise from subject motion. Neuroimage. 2012; 59: 2142–2154.

doi: 10.1016/j.neuroimage.2011.10.018 PMID: 22019881

47. Fagerholm ED, Hellyer PJ, Scott G, Leech R, Sharp DJ. Disconnection of network hubs and cognitive

impairment after traumatic brain injury. Brain. Computational, Cognitive, and Clinical Neuroimaging

Laboratory, Division of Brain Sciences, Faculty of Medicine, Imperial College London, Hammersmith

Hospital Campus, London, UK.; Computational, Cognitive, and Clinical Neuroimaging Laboratory, Divi-

sion of:). Published by Oxford University Press on behalf of the Guarantors of Brain; 2015; 138: 1696–

1709. doi: 10.1093/brain/awv075 PMID: 25808370

48. Yuan W, Wade SL, Babcock L. Structural connectivity abnormality in children with acute mild traumatic

brain injury using graph theoretical analysis. Hum Brain Mapp. Pediatric Neuroimaging Research Con-

sortium, Division of Radiology, Cincinnati Children’s Hospital Medical Center, Cincinnati, Ohio; College

of Medicine University of Cincinnati, Cincinnati, Ohio.: Wiley Periodicals, Inc; 2015; 36: 779–792. doi:

10.1002/hbm.22664 PMID: 25363671

49. McGraw KO, Wong SP. A common language effect size statistic. Psychol Bull. 1992; 111: 361–365.

50. Benjamini Y, Hochberg Y. Controlling the False Discovery Rate: a Practical and Powerful Approach to

Multiple Testing. J R Stat Soc Ser B. 1995; 57: 289–300.

51. Girvan M, Newman MEK. Community structure in social and biological networks. Proct Natl Acad Sci

USA. 2002; 99: 7821–7826.

52. Power JD, Cohen AL, Nelson SM, Wig GS, Barnes KA, Church JA, et al. Functional Network Organiza-

tion of the Human Brain. Neuron. 2011; 72: 665–678. http://dx.doi.org/10.1016/j.neuron.2011.09.006

PMID: 22099467

53. Geerligs L, Renken RJ, Saliasi E, Maurits NM, Lorist MM. A Brain-Wide Study of Age-Related Changes

in Functional Connectivity. Cereb Cortex. 2015; 25: 1987–1999. doi: 10.1093/cercor/bhu012 PMID:

24532319

54. Shannon CE. A Mathematical Theory of Communication. Bell Syst Tech J. 1948; 27: 379.

55. Maslov S, Sneppen K. Specificity and Stability in Topology of Protein Networks. Science (80-). 2002;

296: 910–913.

56. Rubinov M, Sporns O. Weight-conserving characterization of complex functional brain networks. Neu-

roimage. 2011; 56: 2068–2079. http://dx.doi.org/10.1016/j.neuroimage.2011.03.069 PMID: 21459148

57. Blondel VD, Guillaume J-L, Lambiotte R, Lefebvre E. Fast unfolding of communities in large networks. J

Stat Mech Theory Exp. 2008; 10008: 6.

58. Sun Y, Danila B, Josic K, Bassler KE. Improved community structure detection using a modified fine-

tuning strategy. Europhys Lett. 2009; 86.

59. Strehl A, Ghosh J. Cluster Ensembles {A Knowledge Reuse Framework for Combining Multiple Parti-

tions. J Mach Learn Res. 2002; 3: 583–617.

60. Rigon A, Duff MC, McAuley E, Kramer A VM. Is traumatic brain injury associated with reduced inter-

hemispheric functional connectivity? A study of large-scale resting state networks following traumatic

brain injury. J Neurotrauma. University of Iowa, G9 Spence Laboratory 308 East Iowa Ave, Iowa City,

Iowa, United States, 52240; arianna-rigon@uiowa.edu.; 2015; 1: 1–71.

61. Sharp DJ, Beckmann CF, Greenwood R, Kinnunen KM, Bonnelle V, De Boissezon X, et al. Default

mode network functional and structural connectivity after traumatic brain injury. Brain. The Hammer-

smith Hospital, London, W12 0NN, UK. david.sharp@imperial.ac.uk; 2011; 134: 2233–2247. doi: 10.

1093/brain/awr175 PMID: 21841202

62. Cavanna AE, Trimble MR. The precuneus: a review of its functional anatomy and behavioural corre-

lates. Brain. Institute of Neurology, Queen Square, London WC1N3BG, UK.; 2006; 129: 564–583. doi:

10.1093/brain/awl004 PMID: 16399806

63. Leech R, Sharp DJ. The role of the posterior cingulate cortex in cognition and disease. Brain. The

Computational, Cognitive and Clinical Neuroimaging Laboratory, Division of Brain Sciences, Imperial

College London, London, W12 0NN, UK.; 2014; 137: 12–32. doi: 10.1093/brain/awt162 PMID:

23869106

64. Ward AM, Schultz AP, Huijbers W, Van Dijk KR, Hedden T, Sperling RA. The parahippocampal gyrus

links the default-mode cortical network with the medial temporal lobe memory system. Hum Brain

Mapp. Department of Neurology, Brigham and Women’s Hospital, Harvard Medical School, Boston,

Massachusetts; Department of Neurology, Massachusetts General Hospital, Harvard Medical School,

Boston, Massachusetts; Athinoula A. Martinos Center for Biomedical Imagi: Wiley Periodicals, Inc;

2014; 35: 1061–1073. doi: 10.1002/hbm.22234 PMID: 23404748

65. Leech R, Kamourieh S, Beckmann CF, Sharp DJ. Fractionating the default mode network: distinct

contributions of the ventral and dorsal posterior cingulate cortex to cognitive control. J Neurosci.

Graph Theory in mTBI

PLOS ONE | DOI:10.1371/journal.pone.0171031 January 27, 2017 17 / 19

http://dx.doi.org/10.1016/j.neuroimage.2011.10.018
http://www.ncbi.nlm.nih.gov/pubmed/22019881
http://dx.doi.org/10.1093/brain/awv075
http://www.ncbi.nlm.nih.gov/pubmed/25808370
http://dx.doi.org/10.1002/hbm.22664
http://www.ncbi.nlm.nih.gov/pubmed/25363671
http://dx.doi.org/10.1016/j.neuron.2011.09.006
http://www.ncbi.nlm.nih.gov/pubmed/22099467
http://dx.doi.org/10.1093/cercor/bhu012
http://www.ncbi.nlm.nih.gov/pubmed/24532319
http://dx.doi.org/10.1016/j.neuroimage.2011.03.069
http://www.ncbi.nlm.nih.gov/pubmed/21459148
http://dx.doi.org/10.1093/brain/awr175
http://dx.doi.org/10.1093/brain/awr175
http://www.ncbi.nlm.nih.gov/pubmed/21841202
http://dx.doi.org/10.1093/brain/awl004
http://www.ncbi.nlm.nih.gov/pubmed/16399806
http://dx.doi.org/10.1093/brain/awt162
http://www.ncbi.nlm.nih.gov/pubmed/23869106
http://dx.doi.org/10.1002/hbm.22234
http://www.ncbi.nlm.nih.gov/pubmed/23404748


Computational, Cognitive, and Clinical Neuroimaging Laboratory, Division of Experimental Medicine,

Imperial College London, Hammersmith Hospital Campus, London W12 0NN, United Kingdom.

r.leech@imperial.ac.uk; 2011; 31: 3217–3224. doi: 10.1523/JNEUROSCI.5626-10.2011 PMID:

21368033

66. Utevsky A V, Smith D V, Huettel SA. Precuneus is a functional core of the default-mode network. J Neu-

rosci. Center for Cognitive Neuroscience and Department of Psychology and Neuroscience, Duke Uni-

versity, Durham, North Carolina 27708, and Department of Psychology, Rutgers University, Newark,

New Jersey 07102.; 2014; 34: 932–940. doi: 10.1523/JNEUROSCI.4227-13.2014 PMID: 24431451

67. Buckner RL, Andrews-Hanna JR, Schacter DL. The brain’s default network: anatomy, function, and rel-

evance to disease. Ann N Y Acad Sci. Department of Psychology, Harvard University, William James

Hall, 33 Kirkland Drive, Cambridge, MA 02148, USA. rbuckner@wjh.harvard.edu; 2008; 1124: 1–38.

doi: 10.1196/annals.1440.011 PMID: 18400922

68. Mulders PC, van Eijndhoven PF, Schene AH, Beckmann CF, Tendolkar I. Resting-state functional con-

nectivity in major depressive disorder: A review. Neurosci Biobehav Rev. Department of Psychiatry,

Radboud University Medical Center, Huispost 961, Postbus 9101, 6500 HB Nijmegen, The Nether-

lands; Donders Institute for Brain, Cognition and Behavior, Centre for Neuroscience, PO Box 9010,

6500 GL Nijmegen, The Netherlands. Elect: Elsevier Ltd; 2015; 56: 330–344. doi: 10.1016/j.neubiorev.

2015.07.014 PMID: 26234819

69. Lagarde E, Salmi LR, Holm LW, Contrand B, Masson F, Ribereau-Gayon R, et al. Association of Symp-

toms Following Mild Traumatic Brain Injury With Posttraumatic Stress Disorder vs Postconcussion Syn-

drome. JAMA psychiatry. INSERM, ISPED, Centre INSERM U897-Epidemiologie-Biostatistique,

Equipe Prevention et Prise en Charge des Traumatismes F-33000, Bordeaux, France2Universite Bor-

deaux, ISPED, Centre INSERM U897-Epidemiologie-Biostatistique, F-33000, Bordeaux, France.;

INSERM; 2014; 71: 1032–1040. doi: 10.1001/jamapsychiatry.2014.666 PMID: 25029015

70. Menon V, Uddin LQ. Saliency, switching, attention and control: a network model of insula function.

Brain Struct Funct. Department of Psychiatry and Behavioral Sciences, Stanford University School of

Medicine, 780 Welch Road, Stanford, CA 94304, USA. menon@stanford.edu; 2010; 214: 655–667. doi:

10.1007/s00429-010-0262-0 PMID: 20512370

71. Stevens MC, Lovejoy D, Kim J, Oakes H, Kureshi I, Witt ST. Multiple resting state network functional

connectivity abnormalities in mild traumatic brain injury. Brain Imaging Behav. Olin Neuropsychiatry

Research Center, The Institute of Living/Hartford Hospital, CT, USA. msteven@harthosp.org; 2012; 6:

293–318. doi: 10.1007/s11682-012-9157-4 PMID: 22555821

72. Zhou Y, Milham MP, Lui YW, Miles L, Reaume J, Sodickson DK, et al. Default-mode network disruption

in mild traumatic brain injury. Radiology. Center for Biomedical Imaging, Department of Radiology, New

York University School of Medicine, 660 First Ave, 4th Floor, New York, NY 10016, USA.; 2012; 265:

882–892. doi: 10.1148/radiol.12120748 PMID: 23175546

73. Whitfield-Gabrieli S, Ford JM. Default mode network activity and connectivity in psychopathology. Annu

Rev Clin Psychol. Department of Brain and Cognitive Sciences, Massachusetts Institute of Technology,

Cambridge, Massachusetts 02139, USA. swg@mit.edu; 2012; 8: 49–76. doi: 10.1146/annurev-clinpsy-

032511-143049 PMID: 22224834

74. Quoidbach J, Mikolajczak M, Gross JJ. Positive interventions: An emotion regulation perspective. Psy-

chol Bull. Department of Economics and Business, Universitat Pompeu Fabra.; Department of Psychol-

ogy, Universite Catholique de Louvain.; Department of Psychology, Stanford University.: APA, all rights

reserved); 2015; 141: 655–693. doi: 10.1037/a0038648 PMID: 25621978

75. Sheppes G, Suri G, Gross JJ. Emotion regulation and psychopathology. Annu Rev Clin Psychol. School

of Psychological Sciences, Tel Aviv University, Tel Aviv 69978, Israel; email: sheppes@post.tau.ac.il.;

2015; 11: 379–405. doi: 10.1146/annurev-clinpsy-032814-112739 PMID: 25581242

76. Nelson LD, Tarima S, LaRoche AA, Hammeke TA, Barr WB, Guskiewicz K, et al. Preinjury somatization

symptoms contribute to clinical recovery after sport-related concussion. Neurology. From the Depart-

ments of Neurosurgery & Neurology (L.D.N., M.A.M.), Department of Neurosurgery (A.A.L.), Division of

Biostatistics, Institute for Health and Society (S.T.), Department of Psychiatry & Behavioral Medicine (T.

A.H.), Medical College of Wiscons: American Academy of Neurology; 2016; 86: 1856–1863. doi: 10.

1212/WNL.0000000000002679 PMID: 27164666

77. Servaas MN, Geerligs L, Renken RJ, Marsman JB, Ormel J, Riese H, et al. Connectomics and neuroti-

cism: an altered functional network organization. Neuropsychopharmacology. Department of Neurosci-

ence, Neuroimaging Center, University Medical Center Groningen, University of Groningen, Groningen,

The Netherlands.; 1] Department of Neuroscience, Neuroimaging Center, University Medical Center

Groningen, University of Groningen, G; 2015; 40: 296–304. doi: 10.1038/npp.2014.169 PMID:

25005250

78. Broshek DK, De Marco AP, Freeman JR. A review of post-concussion syndrome and psychological fac-

tors associated with concussion. Brain Inj. Department of Psychiatry and Neurobehavioral Sciences,

Graph Theory in mTBI

PLOS ONE | DOI:10.1371/journal.pone.0171031 January 27, 2017 18 / 19

http://dx.doi.org/10.1523/JNEUROSCI.5626-10.2011
http://www.ncbi.nlm.nih.gov/pubmed/21368033
http://dx.doi.org/10.1523/JNEUROSCI.4227-13.2014
http://www.ncbi.nlm.nih.gov/pubmed/24431451
http://dx.doi.org/10.1196/annals.1440.011
http://www.ncbi.nlm.nih.gov/pubmed/18400922
http://dx.doi.org/10.1016/j.neubiorev.2015.07.014
http://dx.doi.org/10.1016/j.neubiorev.2015.07.014
http://www.ncbi.nlm.nih.gov/pubmed/26234819
http://dx.doi.org/10.1001/jamapsychiatry.2014.666
http://www.ncbi.nlm.nih.gov/pubmed/25029015
http://dx.doi.org/10.1007/s00429-010-0262-0
http://www.ncbi.nlm.nih.gov/pubmed/20512370
http://dx.doi.org/10.1007/s11682-012-9157-4
http://www.ncbi.nlm.nih.gov/pubmed/22555821
http://dx.doi.org/10.1148/radiol.12120748
http://www.ncbi.nlm.nih.gov/pubmed/23175546
http://dx.doi.org/10.1146/annurev-clinpsy-032511-143049
http://dx.doi.org/10.1146/annurev-clinpsy-032511-143049
http://www.ncbi.nlm.nih.gov/pubmed/22224834
http://dx.doi.org/10.1037/a0038648
http://www.ncbi.nlm.nih.gov/pubmed/25621978
http://dx.doi.org/10.1146/annurev-clinpsy-032814-112739
http://www.ncbi.nlm.nih.gov/pubmed/25581242
http://dx.doi.org/10.1212/WNL.0000000000002679
http://dx.doi.org/10.1212/WNL.0000000000002679
http://www.ncbi.nlm.nih.gov/pubmed/27164666
http://dx.doi.org/10.1038/npp.2014.169
http://www.ncbi.nlm.nih.gov/pubmed/25005250


University of Virginia School of Medicine, Charlottesville, VA, USA.; 2015; 29: 228–237. doi: 10.3109/

02699052.2014.974674 PMID: 25383595

79. Allen E, Erhardt E, Wei Y, Eichele T. Capturing inter-subject variability with group independent compo-

nent analysis of fMRI data: A simulation study. Neuroimage. 2011; 59: 4141–4159. doi: 10.1016/j.

neuroimage.2011.10.010 PMID: 22019879

80. Stanley ML, Moussa MN, Paolini BM, Lyday RG, Burdette JH, Laurienti PJ. Defining nodes in complex

brain networks. Front Comput Neurosci. Laboratory for Complex Brain Networks, Department of Radiol-

ogy, Wake Forest University School of Medicine Winston-Salem, NC, USA.; 2013; 7: 169. doi: 10.3389/

fncom.2013.00169 PMID: 24319426

Graph Theory in mTBI

PLOS ONE | DOI:10.1371/journal.pone.0171031 January 27, 2017 19 / 19

http://dx.doi.org/10.3109/02699052.2014.974674
http://dx.doi.org/10.3109/02699052.2014.974674
http://www.ncbi.nlm.nih.gov/pubmed/25383595
http://dx.doi.org/10.1016/j.neuroimage.2011.10.010
http://dx.doi.org/10.1016/j.neuroimage.2011.10.010
http://www.ncbi.nlm.nih.gov/pubmed/22019879
http://dx.doi.org/10.3389/fncom.2013.00169
http://dx.doi.org/10.3389/fncom.2013.00169
http://www.ncbi.nlm.nih.gov/pubmed/24319426

