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traumatic Brain injury Severity in 
a Network Perspective: A Diffusion 
MRi Based connectome Study
Reut Raizman1,2, Ido tavor2,3, Anat Biegon4, Sagi Harnof2,5, Chen Hoffmann1,2, 
Galia tsarfaty1,2, Eyal Fruchter6, Lucian Tatsa-Laur6, Mark Weiser2,7 & Abigail Livny1,2,8 ✉

Traumatic brain injury (TBI) is often characterized by alterations in brain connectivity. We explored 
connectivity alterations from a network perspective, using graph theory, and examined whether injury 
severity affected structural connectivity and modulated the association between brain connectivity and 
cognitive deficits post-TBI. We performed diffusion imaging network analysis on chronic TBI patients, 
with different injury severities and healthy subjects. From both global and local perspectives, we found 
an effect of injury severity on network strength. In addition, regions which were considered as hubs 
differed between groups. Further exploration of graph measures in the determined hub regions showed 
that efficiency of six regions differed between groups. An association between reduced efficiency in 
the precuneus and nonverbal abstract reasoning deficits (calculated using actual pre-injury scores) was 
found in the controls but was lost in TBI patients. Our results suggest that disconnection of network 
hubs led to a less efficient network, which in turn may have contributed to the cognitive impairments 
manifested in TBI patients. We conclude that injury severity modulates the disruption of network 
organization, reflecting a “dose response” relationship and emphasize the role of efficiency as an 
important diagnostic tool to detect subtle brain injury specifically in mild TBI patients.

Traumatic brain injury (TBI) produces disconnection in large-scale brain networks. One of the most common 
pathologies associated with TBI is diffuse axonal injury (DAI), which is defined as damage to white matter 
connections1. The impact of DAI is usually widespread throughout the brain2–4, disrupting the brain’s network 
integrity. It has been previously proposed that DAI may be a core pathology underlying persistent cognitive 
impairments after TBI5,6. Diffusion tensor imaging (DTI) is particularly sensitive to DAI. This widely used 
MRI technique maps the diffusion of water molecules and can be used to reconstruct white matter fiber tracts 
non-invasively7. Previous studies investigated the effects of TBI on white matter structures by reconstructing spe-
cific well-known tracts such as the corpus callosum and anterior corona radiata8,9. However, such a strategy does 
not address the impact of TBI on overall network integrity.

In recent years, studies have suggested the mathematical field of graph theory as a promising and powerful tool 
to characterize the organization of complex networks, which can be more sensitive to alterations in white matter. 
This method has recently been applied to the study of human brain connectivity networks10–12. In graph theory, 
the network consists of a set of “nodes” that represent cortical and sub-cortical anatomical regions, and “edges”, 
which represent connection properties between these nodes (e.g. white matter fibers), responsible for transferring 
information in the network. Structural architecture of the brain can be measured in three network organization 
aspects: integration, the ability to combine information from distant brain regions rapidly; segregation, the ability 
to carry out neuronal processing within groups of brain regions arranged in modules or clusters; and centrality, 
the importance of separate nodes within a network. Network organization can also be characterized by hub nodes 
which are nodes occupying a central position within the network13. Hub regions may be particularly vulnerable 
to the effects of TBI, as diffuse damage to white matter tracts has a differentially large effect on highly connected 
regions and thus may cause long lasting effects on network function14,15.
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Graph theory has been adopted as a method of studying network architecture, using both functional and 
structural connectivity in patients with TBI16–23. According to a recent review, only two studies have used strength 
(the sum of weights connected to a node) to compare between TBI patients and control subjects, none found a 
significant difference between groups24. Mitra et al. found that connectivity strength could differentiate mild 
TBI patients with DAI from healthy controls with an accuracy rate of 68.16%25. Higher clustering (the fraction 
of the node’s neighbors that are also neighbors of each other26) of structural networks and lower global efficiency 
(average inverse shortest path length), which reflects the efficiency of the network in transferring information, 
were reported20,21,24. Also, reduced centrality of hubs was found in regions such as the cingulate cortex, frontal and 
parietal regions17,22. Several studies have found a relationship between connectivity characteristics and cognitive 
function in healthy subjects27 and TBI patients28. Fargholm et al. showed that graph theory properties such as 
betweenness and eigenvector centralities were significantly associated with information processing speed, execu-
tive function and associative memory in TBI patients22. In addition, both Caeyenberghs et al. and Kim et al. found 
that reduced global network efficiency corresponded with reduced performance in executive functions in TBI 
patients20,23. Nonetheless, these previous studies examined only patients with moderate to severe TBI and did not 
include a group of patients with mild brain injury. To the best of our knowledge, only two studies examined net-
work structural connectivity with all injury severity levels, mild to severe TBI patients29,30. Both studies examined 
pediatric TBI patients and not adult TBI patients and did not assess the injury severity effect or the association 
between injury severity levels and network measures.

Our main aim is to examine the effect of traumatic brain injury severity level on white matter connectivity 
using graph theory on diffusion MRI based network analysis. We hypothesized that injury severity will modulate 
the alterations in structural network. In addition, we hypothesized that injury severity will affect the association 
between structural network topology and cognitive deficits, calculated as the difference between pre-injury and 
post-injury cognitive scores. The effects of injury severity on white matter connectivity and its association with 
cognition may further our understanding of TBI outcome.

Results
Forty-six male participants were included in this study, including 22 adult TBI patients who had an acquired 
closed head injury at least one year before their enrollment in the study. Of these, 12 had mild (mTBI) and 
10 had moderate or severe injury (msTBI). Twenty-four healthy control participants, matched for sex with the 
TBI survivors, were recruited from the general population. Two of the control subjects were excluded from 
the analysis due to poor quality of data. No differences were found in time since injury (years) between the 
mTBI and msTBI patients (mTBI, mean(SD) = 3.673(1.793), range: 23–44; msTBI, mean(SD) = 2.525(1.602), 
range: 24–36; t = 1.569, p = 0.132). All subjects’ age at assessment ranged from 21 to 35, with small though sta-
tistically significant differences between groups (main effect of age at assessment, (F(3,41) = 9.586, p = 0.000). 
Post-hoc analysis showed that the mTBI group subjects (mean(SD) = 34.916(6.999)) were older than both msTBI 
(mean(SD) = 28.300(3.773); p = 0.004) and control groups (mean(SD) = 27.09(4.308); p = 0.000). The assump-
tions for  one-way analysis of variance (ANOVA) were tested using Shapiro-Wilk test for normality and Levene's 
test for equality of variance.

Global network measures. The description and mathematical definitions of all measures are presented in 
Supplementary Table S1. Strength (F(2,43) = 5.169, p = 0.01), global efficiency (F(2,43) = 4.931, p = 0.012) and clus-
tering coefficient (F(2,43) = 5.905, p = 0.006) differed significantly between the injury severity groups (Fig. 1), using 
the false discovery rate (FDR) correction. The msTBI patients differed from mTBI patients and from healthy con-
trols in strength and efficiency. Also, msTBI patients differed from healthy controls in clustering coefficient. These 
results indicated a linear effect, in which the more severe the injury was, the more the global measure decreased. 
We found no correlation between cognitive-change scores and global network measures (change scores’ corre-
lation with global strength (r = −0.195, p = 0.384), global efficiency (r = −0.13, p = 0.564) and global clustering 
coefficient (r = −0.321, p = 0.145). An additional analysis regarding the global measures, controlled for age, is 
detailed in the supplementary Table S2a.

We examined the association between injury severity (measured as continuous GCS scores) and network 
measures in TBI patients. We have found significant correlations between GCS and strength (r = 0.502, p = 0.017) 
and a marginal effect was found between GCS and efficiency (r = 0.417, p = 0.054). No significant correlation was 
found between GCS and clustering coefficient (r = 0.340, p = 0.122).

Network hub regions. Hubs were defined as the regions at the top 10% of the ranked betweenness centrality 
scores (measure of centrality based on shortest paths), representing the brain regions with highest connectivity 
and centrality. A total of 12 regions were found as hubs overall across all study groups. A detailed table containing 
the different ranks and order of the top 10% betweenness centrality of each group can be found in supplementary 
Table S3. Seven network hub nodes were shared between all groups, including: right and left superior frontal 
gyrus, right and left putamen, right precuneus, left middle occipital gyrus, and left superior medial frontal gyrus. 
The rank order of five additional hub nodes differed between groups so that the right thalamus, remained a hub 
solely in the control group; the left precuneus was ranked as a hub only in the control and mTBI groups, but not 
in the msTBI group; the left superior parietal rank order remained as a hub only in the mTBI group, and the right 
middle temporal and right superior occipital gyri were hubs only in the msTBI group (Fig. 2).

The three network measures were compared between the groups in each of the 12 regions classified as hubs 
at least in one study group. Strength significantly differed between groups in bilateral superior frontal and left 
superior medial frontal cortices. Cluster coefficient significantly differed between groups in the left superior fron-
tal cortex. Control subjects’ strength and cluster coefficient were higher than mTBI and msTBI patients, and the 
msTBI patients had the lowest values. The efficiency of six regions differed between groups. Of these, bilateral 
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superior frontal, left superior occipital and left middle occipital cortices were more efficient in controls than in 
mTBI and msTBI patients. The right putamen and left superior parietal cortex presented inconsistent efficiency 
between groups (Table 1; for post-hoc statistics, please refer to supplementary Table S4).

We examined the correlation between the network measures and Raven’s Progressive Matrices (RPM) task 
(related to non-verbal abstract reasoning function)31 change scores in the five hubs that differed between groups 
(i.e. right thalamus, left precuneus, left superior parietal, right middle temporal and left superior occipital cor-
tices). A significant correlation was found between efficiency and RPM change scores in the left precuneus 
(r = 0.53, p = 0.003) (Fig. 3a). Examination of the correlations in the left precuneus in each study group separately 
revealed that this correlation was driven by the control group (n = 8, r = 0.712, p = 0.047), and was not significant 
in the mTBI (n = 12, r = 0.287, p = 0.367) and msTBI groups (n = 10, r = 0.457, p = 0.184) (Fig. 3b). A significant 

Figure 1. Effects of injury severity on global network measures. Comparison of global network measures 
among subjects with mTBI (n = 12), msTBI (n = 10) and healthy controls (n = 22) using ANOVA showed 
a significant difference between groups in strength (p = 0.01), global efficiency (p = 0.012) and clustering 
coefficient (p = 0.006), with more severe injury associated with a greater decline in network measures. Values 
are mean ± SD. CPL, Characteristic path length; mTBI, mild traumatic brain injury; msTBI, moderate-severe 
traumatic brain injury.

Figure 2. Network hubs across all study groups. R, right; L, left; Mid, middle; Sup, superior; mTBI, mild 
traumatic brain injury; msTBI, moderate-severe traumatic brain injury.
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correlation was also found between cluster coefficient and RPM change scores in the left superior occipital cortex 
(r = −0.445, p = 0.014), however this correlation did not survive FDR correction. No other correlations between 
network measures of the five hub regions and RPM change scores were found (Table 2).

Network 
Measures

Strength Efficiency
Cluster 
Coefficient

mean SD mean SD mean SD

Frontal sup L

Control 26243.86 6664.45 0.043 0.008 0.024 0.005

mTBI 24337.67 6797.60 0.033 0.006 0.021 0.005

msTBI 16928.50 6436.89 0.034 0.006 0.017 0.004

p 0.003** 0.000** 0.001**

Frontal sup R

Control 29299.55 5302.82 0.052 0.012 0.024 0.005

mTBI 27710.33 6163.02 0.027 0.009 0.023 0.005

msTBI 21453.80 5685.43 0.025 0.006 0.019 0.007

p 0.003** 0.000** 0.040*

Frontal sup 
medial L

Control 20871.64 4654.06 0.039 0.010 0.025 0.008

mTBI 19552.92 6189.66 0.033 0.009 0.022 0.005

msTBI 13153.00 5287.82 0.032 0.006 0.017 0.008

p 0.002** 0.066 0.022*

Occipital sup L

Control 16143.32 4365.34 0.027 0.008 0.025 0.007

mTBI 16563.33 2893.53 0.015 0.008 0.023 0.009

msTBI 15956.70 4191.42 0.018 0.004 0.026 0.007

p 0.932 0.000** 0.608

Occipital mid L

Control 18496.32 6467.73 0.042 0.007 0.021 0.005

mTBI 16038.92 4914.06 0.039 0.004 0.017 0.006

msTBI 16308.10 5152.09 0.035 0.004 0.018 0.006

p 0.416 0.000** 0.108

Parietal sup L

Control 14296.23 6023.34 0.021 0.009 0.019 0.006

mTBI 13607.17 4153.52 0.031 0.007 0.016 0.004

msTBI 12076.90 5132.47 0.028 0.005 0.016 0.005

p 0.562 0.003** 0.145

Precuneus L

Control 23719.91 8218.06 0.044 0.015 0.026 0.009

mTBI 23692.33 7914.93 0.033 0.010 0.022 0.008

msTBI 19523.70 8711.02 0.035 0.004 0.021 0.006

p 0.378 0.044 0.235

Precuneus R

Control 26970.68 7471.84 0.043 0.014 0.028 0.009

mTBI 24887.42 8190.68 0.037 0.008 0.027 0.011

msTBI 23395.30 7205.23 0.038 0.009 0.025 0.007

p 0.444 0.24 0.727

Putamen L

Control 32325.14 7668.55 0.047 0.006 0.023 0.005

mTBI 31230.25 8074.44 0.049 0.006 0.021 0.005

msTBI 26900.90 6459.47 0.051 0.005 0.018 0.007

p 0.177 0.213 0.048*

Putamen R

Control 28512.32 6951.38 0.041 0.006 0.018 0.004

mTBI 28347.50 8210.44 0.046 0.004 0.019 0.005

msTBI 23589.30 5439.57 0.047 0.005 0.016 0.004

p 0.169 0.003** 0.342

Thalamus R

Control 16018.23 4830.37 0.027 0.007 0.017 0.005

mTBI 17182.17 6444.93 0.024 0.003 0.017 0.004

msTBI 13045.70 2766.95 0.028 0.010 0.018 0.009

p 0.149 0.466 0.98

Temporal mid L

Control 13183.50 2502.74 0.026 0.007 0.019 0.005

mTBI 13487.50 3263.81 0.020 0.004 0.019 0.008

msTBI 11656.10 2847.73 0.024 0.007 0.015 0.005

p 0.268 0.059 0.209

Table 1. Network measures in hub regions. ANOVA tests showed significant differences between groups in 
some network measures within the hub regions that were tested (corrected for multiple comparisons, n = 44). 
SD, standard deviation; R, right; L, left; Mid, middle; Sup, superior; mTBI, mild traumatic brain injury; msTBI, 
moderate-severe traumatic brain injury.
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Local network measures. The strength and efficiency measures differed between groups in several regions, 
after FDR correction for multiple comparisons. The strength of 10 regions was significantly different between the 
groups, including the right and left superior frontal gyri, left superior medial frontal gyri, left and right anterior 
cingulum, left and right medial orbital frontal gyri, left caudate, left supplementary motor area and right olfactory 
cortex. In all regions, the strength value was higher for the control group compared to both TBI groups (Fig. 4). 
Post-hoc comparisons using LSD (Least Significant Difference) test revealed a significant injury severity effect, 
whereby msTBI participants exhibited lower strength than control participants and mTBI patients, in all of these 
regions (for post-hoc statistics, please refer to supplementary Table S5). An additional analysis regarding the local 
strength, controlled for age is detailed in the supplementary Table (S2b). In addition, local efficiency differed 
between the groups in 70 regions. However, in this case the results were inconsistent, so that while some regions 
showed an increase in efficiency, others showed a decrease, with no apparent and coherent relation to the severity 
of the injury. No injury severity effect was found for local cluster coefficient.

Discussion
Injury severity was previously associated with changes in white matter integrity32–34, as well as gray matter vol-
ume decrease35,36 and cellular damage37. Our study examined the injury severity effect on structural networks 
connectivity post-TBI, and the association between structural connectivity and cognitive deficits in chronic TBI 
patients across all TBI severities. To the best of our knowledge, only few structural connectivity studies examined 
this relationship, and reported no significant association20,38, possibly due to lack of pre-injury data. Our findings 
provide initial evidence that injury severity actually modulates the network organization, which in turn could be 
responsible for the observed cognitive changes in non-verbal abstract reasoning.

In this study, we have explored the brain network topology post-TBI from a global and local perspective. This 
wide and comprehensive overview shed light on a “dose-response” effect anchored in all perspectives, by which 
the network measure value was highest among the control group subjects, intermediate in mTBI and the lowest in 
the msTBI group. First, using a global perspective, we found significant differences between our study groups, in 
all three graph theory measures: strength, efficiency and cluster coefficient, suggesting that TBI causes an exten-
sive disruption of integration, segregation and centrality within the brain network. Such disruption suggests that 
TBI patients’ network connections are relatively less dense than in controls, they have a weaker globally integrated 
structural brain network and disrupted local neighboring connectivity. This network alteration may result in a 
limited capacity to combine information across brain regions and lead to a tendency toward a random network 
and disrupted overall organization. In contrast to our results, some previous studies reported an increase in 
clustering coefficient17,21,39, which implies that brain regions are more connected at a local level across the entire 
network. However, a recent meta-analysis reported that in adult TBI patients at the chronic phase, normalized 
clustering coefficient was not significantly higher24. In our study, the injury severity was examined using both a 
categorical measure of severity as well as a continuous one, however we believe that the results of the continuous 
measure should be taken with caution since results may be influenced by a ceiling effect due to the small distri-
bution of the GCS scores in the mild TBI group, by which, all patients except one presented a GCS score of 15.

Second, looking upon the hub regions, we demonstrate evidence of alterations in certain frontal, occipital, 
parietal as well as in subcortical hubs. All alterations in the strength and cluster coefficient presented again a 
dose-response effect. Thus, these network measures are lower in mTBI relative to controls and even lower in the 

Figure 3. Correlation between efficiency values and cognitive change scores in left precuneus. a: correlation 
between efficiency values and cognitive change scores in left precuneus in all groups together. Pearson 
correlation test revealed a significant correlation between the RPM change scores and efficiency in the left 
precuneus (r = 0.53, p = 0.0028, corrected for multiple comparisons), as higher score indicates a more efficient 
network (n = 30). b: Correlation between efficiency values and cognitive change scores in left precuneus in each 
group separately. Pearson correlation in each study group revealed that the control group maintained a high 
correlation between efficiency and RPM change scores (r = 0.712, p = 0.047, n = 8), while this correlation was 
lost in both mTBI (r = 0.287, p = 0.367, n = 12) and msTBI groups (r = 0.457, p = 0.184, n = 10). RPM, Raven 
progressive matrices; mTBI, mild traumatic brain injury; msTBI, moderate-severe traumatic brain injury.

https://doi.org/10.1038/s41598-020-65948-4


6Scientific RepoRtS |         (2020) 10:9121  | https://doi.org/10.1038/s41598-020-65948-4

www.nature.com/scientificreportswww.nature.com/scientificreports/

msTBI patients. Finally, using a local perspective, all regions that presented a significant severity effect in the 
strength graph measure, presented the same consistent dose-response. Therefore, our results consider strength as 
an essential network measure that can provide notable demonstration of the effect of injury severity.

Network hubs refer to nodes that are highly influential over global brain communication. Damage to their 
connections has the effect of reducing the robustness and efficiency in transmitting information of the entire net-
work40. In the present study, we identified seven hubs shared by all groups, consistent with previous graph-theory 
studies in healthy control subjects12,40. This may indicate that these regions were less affected by brain injury and 
thus still occupy a central position in the network. Moreover, we identified five hubs which differed between the 
three groups. The thalamus, which served as a hub only in the control group, is known as a centrally located relay 
station for transmitting information throughout the brain, and was found previously as a hub region in healthy 
subjects40. Although studies reported the effect of TBI on the thalamus41–43, we are the first to describe a decrease 
in the hub’s rank-order in msTBI patients as well as in mTBI patients, implying vulnerability of the right thala-
mus’s centrality to the effect of brain injury. The precuneus, which served as a hub in both the control and mTBI 
groups, has been previously described as a region with the greatest effect on network organization and global 
network efficiency44. In our study, the centrality of the precuneus was lower in the msTBI group. The left superior 
parietal gyrus was identified as hub only in the mTBI group. This region presented significant changes in cortical 

Regions/Network 
Measure Strength Efficiency

Cluster 
Coefficient

Thalamus R
r −0.123 0.263 0.079

p 0.517 0.160 0.677

Precuneus L
r −0.248 0.526 −0.113

p 0.186 0.003** 0.552

Parietal sup L
r 0.092 −0.117 −0.055

p 0.629 0.539 0.773

Temporal mid L
r −0.028 −0.085 0.051

p 0.884 0.656 0.787

Occipital superior L
r 0.004 0.152 −0.445

p 0.985 0.424 0.014*

Table 2. Correlation between all network measures and cognitive change scores. Pearson correlation test 
revealed a significant correlation between the RPM change scores and efficiency in the left precuneus. No other 
correlations between the RPM change scores and strength, efficiency and cluster coefficient values of the five 
hub regions were found significant after correction for multiple comparisons. R, right; L, left; Mid, middle; Sup, 
superior. *p<0.05; **FDR corrected.

Figure 4. Group differences in local strength in all brain regions. Comparison between mTBI group (n = 12), 
msTBI group (n = 10) and control group (n = 22) in all brain regions (n = 90) using ANOVA (corrected for 
multiple comparisons) revealed significant differences between healthy controls and msTBI within 10 regions, 
with more severe injury associated with a greater decline in network strength. R, right; L, left; mTBI, mild 
traumatic brain injury; msTBI, moderate-severe traumatic brain injury.
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thickness in patients with TBI45. In contrast to our result, Caeyenberghs and colleagues20 identified the superior 
parietal gyrus as hub for controls and msTBI groups, but no mTBI patients participated in their study. Finally, the 
right middle temporal and right superior occipital gyri, were identified as hubs only in the msTBI group. To the 
best of our knowledge, no study has so far reported structural or functional alterations in these regions in TBI 
patients. Although the network measures in these regions were not associated with cognition (probably due to the 
small number of control participants with cognitive scores), we postulate that the higher hubs’ rank order of the 
right middle temporal and right superior occipital gyri may indicate reorganization in msTBI patients.

The examination of the network measures of brain hubs revealed two valuable findings. First, a coherent 
dose-response effect was displayed in bilateral superior frontal cortices among all three graph network measures, 
emphasizing the vulnerability of the frontal lobes to the deleterious effects of brain injury46. Second, the hubs’ effi-
ciency significantly differed between not only the msTBI and controls, but also between the mTBI and controls, 
in particular in frontal and occipital regions. The reduced efficiency in these regions may relate to the nature of 
the coup counter-coup mechanism of injury. Finally, this result underlies the specific importance of the efficiency 
measure as a sensitive marker for identifying brain injury even in mild severities.

Examination of local strength measure revealed difference between groups in 10 regions. The most affected 
regions were the cingulum and frontal regions, which are considered as some of the most commonly affected 
regions by TBI to be identified with DTI studies. Examination of local efficiency revealed conflicting results: 
70 regions were significantly different between groups, lacking a consistent pattern of injury severity. The local 
efficiency measure was discussed in recent studies, presenting the same inconsistency: while some studies found 
reduced local efficiency17,23, others found an increase in this measure41,47. This disagreement is likely to be related 
to the variation in re-organizational effects, in an attempt to compensate for brain injury.

The notion that TBI patients often present cognitive decline is well established36,45,48,49. In recent years, it was 
suggested that graph matrices describing structural brain connectivity could yield a useful description of the 
underlying cause for cognitive impairments produced by TBI, highlighting the potential of network analysis for 
better understanding TBI’s outcome. For example, studies have reported that lower global efficiency and central-
ity values were associated with worse cognitive performance20,22,23. Previous studies had suggested that cognitive 
impairment is particularly produced after TBI when highly connected hub regions are disconnected as a result 
of axonal injury16, and this may be an important mechanism underlying long term cognitive impairment22. Our 
study design had the advantage of having unique access to pre-injury scores of TBI and control subjects from the 
IDF’s database, enabling us to address the actual size of cognitive deficits following TBI based on actual pre-injury 
and post-injury cognitive scores rather than estimates. In our study, healthy controls presented a significant asso-
ciation between cognitive change scores over time and the precuneus’ efficiency, but this association was lost in 
the TBI group. Efficiency in the precuneus could no longer indicate task performance change, suggesting that this 
disconnection may affect cognition. TBI is regarded as a “disconnection syndrome“50, thus one possible explana-
tion for this loss in TBI patients is disconnection of fibers connected to the precuneus, resulting in a longer path 
to this region thus leading to a less efficient network. The lack of association between the efficiency and cognitive 
performance may indicate disorganization in the patients’ network, notable even for mild TBI patients. This 
pattern of disrupted network topology post-TBI can be expressed by several of the re-established connections 
being more efficient, and others less efficient, which in turn can lead to changes in the association to cognitive 
performance. This disorganization was also reflected in our local efficiency results, in which we found 70 regions 
that differed in their efficiency between groups, however no consistent pattern of efficiency was observed.

It is well established in the literature that the precuneus is one of the brain’s most globally connected area51 and 
is regarded as a hub node in the human brain, playing an integrative functional role52. Studies have shown that the 
precuneus is a core part not only in the Default Mode Network (DMN), but also in a variety of high-level cogni-
tive functions53, supporting complex cognition and behavior. The precuneus has been also reported to be associ-
ated with TBI outcome based on structural and functional neuroimaging findings54. Reduced cortical thickness of 
the precuneus was associated with executive function deficits in TBI patients compared to healthy subjects55. The 
findings derived from our study suggest that the precuneus may play an essential role in the association between 
efficiency and cognitive deficits in TBI patients.

The current study design has a few limitations. We used a relatively small sample size due to the complexity 
of recruiting TBI patients who had existing pre-injury cognitive scores. However, we used a statistical procedure 
to ascertain control for false-discovery rate and minimize the chance for type 1 errors. Despite the relatively low 
number of subjects, the majority of our findings were statistically significant and supportive of our hypotheses, 
highlighting the strength of this study. An additional limitation is the relatively heterogeneous sample of patients 
with respect to localization of impact and mechanism of injury, which could affect our results in respect to the 
contribution to the complex pattern of network dysfunction. Nonetheless, all patients suffered from a diffuse 
closed-head injury. In addition, as expected, the three graph theory measures examined in this study, i.e. strength, 
efficiency and cluster coefficient, are highly cross-correlated with each other and thus the reported global effects 
of injury severity dose-response on these measures may actually represent the same underlying factor of tract 
integrity. Nonetheless, the graph theory measures did not present the same effect pattern in the local based anal-
yses. Furthermore, our interpretation of changes in hub regions between the different groups should be taken 
cautiously since no clear threshold for “hub or not hub” has ever been identified, thus our betweenness-centrality 
results were based on rank order in the group level of top 10%. Finally, the positive correlation between the RPM 
change-score and precuneus’ efficiency finding is somewhat surprising considering the small number of subjects 
in this specific correlation analysis and that the RPM change-score may possibly reflect a noise measurement, this 
interpretation should be treated cautiously until larger studies will replicate this result.

In conclusion, this is the first study to discover an effect of injury severity on the structural connectome 
of adults with chronic TBI, using graph theory analysis. Furthermore, a “dose response” effect was reflected in 
both global and local perspectives. The reduced network efficiency in the precuneus, which was also associated 

https://doi.org/10.1038/s41598-020-65948-4


8Scientific RepoRtS |         (2020) 10:9121  | https://doi.org/10.1038/s41598-020-65948-4

www.nature.com/scientificreportswww.nature.com/scientificreports/

with cognitive deficits, supports the notion that lower connectivity may interfere with successful performance in 
the abstract reasoning task. This interference may be particularly important in disconnection of network hubs. 
Hub regions may be more susceptible to brain injury and therefore, damage to them may lead to a less efficient 
network. In particular, efficiency in hub regions may serve as an important diagnostic tool to detect subtle brain 
injury in mild TBI victims who do not present overt clinical symptoms.

Our study suggests that graph theoretical analysis of structural connectivity based on DTI may be a sensitive 
tool for both detecting brain injury and allowing a better understanding of TBI outcome. Future studies should 
address the relative contribution of specific primary parameters such as FA, neuroinflammation, or levels of 
neurotransmitters like glutamate and γ-aminobutyric acid to the identifiable changes in network connectivity 
properties reported in our study. Further investigation should also examine alterations in network topology in the 
acute phase. Such exploration, together with our results, could lead to advances in current evaluation, diagnosis 
and prognosis of TBI, and perhaps guide development of new rehabilitative treatments.

Materials and Methods
Participants. A total of 46 subjects were enrolled in the study. Twenty-two patients with diffuse closed head 
injury, including 12 mTBI and 10 msTBI, were recruited from the Neurosurgery Department, Sheba Medical 
Center. Twenty-four healthy controls with no history of other neurological or psychiatric disorders were recruited 
from the community. Injury severity was defined using the Glasgow Coma Scale (GCS) within the first 24 hours of 
hospital admission after injury, and was divided into categories of mild, moderate, and severe injury. GCS scores 
14–15 were considered “mild”, while GCS 3–13 were considered “moderate-severe”. Patients were chronic TBI, 
recruited at least one-year post-injury. The Institutional Ethics Committee of the Chaim Sheba Medical Center, 
Tel Hashomer approved the study and all patients signed an informed consent. The studies were carried out in 
accordance with the relevant guidelines and regulations of the ethics committee. The following inclusion criteria 
were used for TBI participants: 1. Male participants, age 18–45 years old. 2. TBI patients who had suffered a dif-
fuse close head injury at least one year prior to their enrollment to the study (chronic phase). 3. Patients who are 
fully conscious, able to complete an informed consent and capable of performing cognitive tests. 4. Subjects from 
all injury severities (GCS scores-3–15), who had received a score equivalent to moderate disability or good recov-
ery on the Glasgow Outcome scale (GOS). 5. Subjects who had undergone pre-military cognitive assessment. 6. 
No prior TBI requiring hospitalization. Exclusion criteria for both TBI and control groups were: 1. History of 
other major neurological or psychiatric illness. 2. Use of medication that is likely to substantially affect cogni-
tive performance. 3. Brain surgery post-TBI. 4. Subjects with large lesions on MRI in the time of the study were 
excluded. 5. Exclusion criteria of MRI: claustrophobia and presence of metal in the body.

Neuropsychological assessment. All participants underwent a first baseline assessment of cognitive per-
formance as part of the aptitude tests, mandated by the IDF’s pre-military screening draft board, and post-TBI 
cognitive assessment with analogous version of the same cognitive tests. The IDF’s institutional review board 
approved the study.

In this study, our cognitive measure was based on non-verbal abstract reasoning function, assessed with the 
RPM test31. The RPM consists of a series of matrices with a missing element that completes a pattern of shapes. 
The subject’s task is to determine the rule by which the shapes are organized and choose the correct missing 
shape. In a previous study conducted by our group, we computed a change score between post and pre-injury 
cognitive scores (post minus pre-injury) for each individual, which represent the differences in performance 
between the pre-injury and the post-injury scores. This study had shown that the non-verbal abstract reasoning 
function had declined in both moderate-severe and mild TBI groups (for further details regarding the cognitive 
change scores, please refer to Livny et al. 2016)36.

MRI acquisition. Both TBI patients and healthy control subjects underwent standard T1 and diffusion 
weighted imaging scans at the Division of Diagnostic Imaging, Sheba Medical Center, acquired on a 3.0 Tesla 
whole body MRI system (GE, Signa HDxt, version 16 VO2) with an 8-channels head coil.

Spin-echo diffusion weighted echo-planar imaging (EPI) sequences were performed with the follow-
ing parameters: 40 axial slices with in-plane resolution of 1mm2 and slice thickness = 4 mm; TR = 10,000 ms, 
TE = 91 ms, matrix 128*128 (reconstructed to 256*256) and field of view (FOV) of 256 mm2. We acquired 25 
diffusion weighted images in isotropically distributed directions, with b = 1000 s/mm2 (∆/δ = 33/26 ms) and an 
additional non-DWI image (b0).

Other structural sequences (T1-weighted and T2 FLAIR) were scanned for clinical diagnosis and lesion 
evaluation. High-resolution images of the entire brain were acquired for each subject using a standard 
three-dimensional inversion recovery fast spoiled gradient echo (FSPGR) T1 weighted sequence with the fol-
lowing parameters: repetition time (TR) = 10,000 ms, echo time (TE) = 2.9 ms, flip angle=20°, Inversion time 
(TI) = 450 ms, field of view (FOV) = 256 mm, voxel size = 1 mm3, and matrix size = 256*256. T2-weighted 
fluid-attenuated inversion recovery (FLAIR) sequence was acquired with the following parameters: TR = 9500 ms, 
TE = 123 ms, flip angle = 90°, axial slices with FOV = 220 mm, voxel size = 3 mm3 with gap of 0.4 mm and matrix 
size = 64*64.

Image processing. We constructed a DTI-based network following a data processing pipeline described in 
Fig. 5, Using ExploreDTI v4.8.656, including: 1. Regularization: images were regularized and resampled (regulari-
zation factor of 0.5). 2. Brain extraction: automatic skull stripping and additional manual cleaning to remove areas 
of remaining skull. 3. Motion correction: diffusion data were corrected for motion and eddy currents distortions 
using rigid-body transformations to further minimize motion artifacts. 4. DTI calculation: the diffusion tensors 
were calculated using a non-linear regression procedure57.
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Connectivity analyses. For each subject’s dataset, whole brain tractography was performed based on 
a deterministic streamline fiber tractography approach58. Trajectory propagation was terminated if the angle 
between consecutive steps exceeded 45◦ or if the fractional anisotropy (FA) values were lower than 0.2. The step 
size was set at 0.75 mm.

Using the Network Analysis Tool embedded in ExploreDTI, nodes and edges were defined. The nodes were 
characterized using the automated anatomical labeling atlas (AAL)59 template, to obtain 90 cortical and subcorti-
cal regions (the cerebellar and ventricle regions of interest (ROIs) were excluded). To include information about 
the magnitude of the connections, which potentially offers greater sensitivity to network alterations caused by 
injury, weighted connectivity matrices were created. Edges were defined by the number of streamlines connect-
ing each pair of nodes. Since DTI tractography does not differentiate between efferent and afferent fibers, the 
reconstructed graphs were all undirected. The resulting number of streamlines was converted to square, sym-
metrical matrices with 90 rows and 90 columns corresponding to all AAL ROIs. Connections with fewer than 
10 streamlines were treated as noise and were given a value of zero. The main diagonal was set to zero, excluding 
self-connections within the region. These symmetrical connectivity matrices were normalized by correcting for 
the total number of fibers, and then used for further connectivity analyses (Fig. 5C).

Graph theoretical analysis was performed using Brain Connectivity Toolbox (BCT)60 in combination with 
in-house developed MATLAB (v2016b) scripts. The network measures were selected based on previous graph 
theory studies on TBI populations, and were subdivided into three aspects of network organization, in accord-
ance with the division presented in Van Der Horn 2016: centrality (equivalent to influence), integration and 
segregation61.

All measures used in the current study were based on the work of Rubinov and Sporns60 (for a description 
and mathematical definitions of all measures, refer to Supplementary Table S1). For integration, we computed a 
measure of global efficiency, defined as the average inverse shortest path length, reflecting the network efficiency 
in transferring information62. The efficiency measure excludes infinitely long paths (i.e. paths between discon-
nected nodes) from the computations63. The measure of network segregation was cluster coefficient, the fraction 
of the node’s neighbors that are also neighbors of each other26. For centrality, we computed a measure of strength, 
defined as the sum of weights connected to a node. All measures were normalized in order to be examined on the 
same scale.

Hub regions were defined using ranking of betweenness centrality, expressing the number of all shortest paths 
(the number of minimal ‘steps’ required for connecting a pair of nodes) in the network that contains a given 
node. Each node was first ranked separately with a score between 1 and 90; a score of 90 reflecting the highest 
betweenness centrality. The nodes in the top 10% of the ranked betweenness centrality values scores (9 out of 90 
total nodes) were classified as hub nodes, representing the brain regions with highest connectivity and central-
ity22. Accordingly, for each of the participants’ groups we defined hub regions and further performed statistical 
analyses on these regions.

Statistical analysis. To investigate the injury severity effect, ANOVA was conducted. Post-hoc analyses were 
then performed to evaluate pairwise differences among adjusted means. An additional analysis controlled for age 

Figure 5. Data processing pipeline of constructing a DTI-based network. (A) First, for each subject, a DTI scan 
was obtained. (B) Whole brain tractography was performed using ExploreDTI (see “Materials and methods”). 
(C) The automated anatomical labeling (AAL) template, consisting of 90 brain regions, was then used to 
create the white matter connectivity matrix, which was filled with number of fibers’ values for the connections 
between each of the brain regions for every subject, resulting in a 90 × 90 connectivity matrix, which can also 
be presented as a graph. (D) Overall organizational graph theory measures were computed from the resulting 
brain network. DTI, diffuse tensor imaging.
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was conducted and detailed in the supplementary Table S2. To examine the effect of injury severity on cognition, 
Pearson’s correlation coefficients were computed between network properties and change scores in the RPM task. 
To correct for multiple comparisons of different brain regions and connectivity measures, we controlled the FDR 
using the Benjamini-Hochberg procedure64 in all analyses, both global and local, at significance level of 0.05. All 
analyses were conducted using statistical package for social sciences (SPSS; version 23.0; Armonk, NY: IBM Corp) 
and in-house developed MATLAB scripts.

Data availability
The datasets generated and analyzed during the current study will be not publicly available due to confidentiality 
of the IDF data involved in this study. Any specific request for data could be discussed with the corresponding 
author who will submit the particular request to the IDF.

Received: 19 August 2019; Accepted: 11 May 2020;
Published: xx xx xxxx

References
 1. Johnson, V. E., Stewart, W. & Smith, D. H. Axonal pathology in traumatic brain injury. Exp. Neurol. 246, 35–43, https://doi.

org/10.1016/j.expneurol.2012.01.013 (2013).
 2. Kinnunen, K. M. et al. White matter damage and cognitive impairment after traumatic brain injury. Brain 134, 449–463, https://doi.

org/10.1093/brain/awq347 (2011).
 3. Sidaros, A. et al. Diffusion tensor imaging during recovery from severe traumatic brain injury and relation to clinical outcome: A 

longitudinal study. Brain 131, 559–572, https://doi.org/10.1093/brain/awm294 (2008).
 4. Hellyer, P. J., Leech, R., Ham, T. E., Bonnelle, V. & Sharp, D. J. Individual prediction of white matter injury following traumatic brain 

injury. Ann. Neurol. 73, 489–499, https://doi.org/10.1002/ana.23824 (2013).
 5. Povlishock, J. T. & Katz, D. I. Update of neuropathology and neurological recovery after traumatic brain injury. J. Head Trauma 

Rehabil. 20, 76–94, https://doi.org/10.1097/00001199-200501000-00008 (2005).
 6. Sharp, D. J., Scott, G. & Leech, R. Network dysfunction after traumatic brain injury. Nat. Rev. Neurol. 10, 156–166, https://doi.

org/10.1038/nrneurol.2014.15 (2014).
 7. Jones, D. K. et al. Spatial normalization and averaging of diffusion tensor MRI data sets. Neuroimage 17, 592–617, https://doi.

org/10.1016/S1053-8119(02)91148-1 (2002).
 8. Rutgers, D. R. et al. White Matter Abnormalities in Mild Traumatic. Brain Injury: A Diffusion Tensor Imaging Study. Am. J. 

Neuroradiol. 29, 514–519, https://doi.org/10.3174/ajnr.A0856 (2008).
 9. Niogi, S. N. & Mukherjee, P. Diffusion tensor imaging of mild TBI. J. Head Trauma Rehabil. 25, 241–255, https://doi.org/10.1097/

HTR.0b013e3181e52c2a (2010).
 10. Griffa, A., Baumann, P. S., Thiran, J. P. & Hagmann, P. Structural connectomics in brain diseases. Neuroimage 80, 515–526, https://

doi.org/10.1016/j.neuroimage.2013.04.056 (2013).
 11. Fornito, A., Zalesky, A. & Breakspear, M. The connectomics of brain disorders. Nat. Rev. Neurosci. 16, 159–172, https://doi.

org/10.1038/nrn3901 (2015).
 12. Bullmore, E. & Sporns, O. Complex brain networks: graph theoretical analysis of structural and functional systems. Nat. Rev. 

Neurosci. 10(3), 186 10, 186–198, https://doi.org/10.1038/nrn2575 (2009).
 13. Heuvel, M. P. V. D. & Sporns, O. Network hubs in the human brain. Trends Cogn. Sci. 17, 683–696, https://doi.org/10.1016/j.

tics.2013.09.012 (2013).
 14. Pandit, A. S., Expert, P. & Lambiotte, R. Traumatic brain injury impairs small-world topology. 80, 1–8, https://doi.org/10.1212/

WNL.0b013e3182929f38 (2013).
 15. Crossley, N. A. et al. The hubs of the human connectome are generally implicated in the anatomy of brain disorders. Brain 137, 

2382–2395, https://doi.org/10.1093/brain/awu132 (2014).
 16. Pandit, A. S. et al. Traumatic brain injury impairs small-world topology. Neurology 80, 1826–1833, https://doi.org/10.1212/

WNL.0b013e3182929f38 (2013).
 17. Caeyenberghs, K. et al. Brain connectivity and postural control in young traumatic brain injury patients: A diffusion MRI based 

network analysis. NeuroImage Clin. 1, 106–115, https://doi.org/10.1016/j.nicl.2012.09.011 (2012).
 18. Messé, A. et al. Specific and Evolving Resting-State Network Alterations in Post-Concussion Syndrome Following Mild Traumatic 

Brain Injury. PLoS One 8, 1–10, https://doi.org/10.1371/journal.pone.0065470 (2013).
 19. Nakamura, T., Hillary, F. G. & Biswal, B. B. Resting Network Plasticity Following Brain Injury. PLoS One 4, e8220, https://doi.

org/10.1371/journal.pone.0008220 (2009).
 20. Caeyenberghs, K. et al. Altered structural networks and executive deficits in traumatic brain injury patients. Brain Struct. Funct. 219, 

193–209, https://doi.org/10.1007/s00429-012-0494-2 (2014).
 21. Yuan, W., Wade, S. L. & Babcock, L. Structural connectivity abnormality in children with acute mild traumatic brain injury using 

graph theoretical analysis. Hum. Brain Mapp. 36, 779–792, https://doi.org/10.1002/hbm.22664 (2015).
 22. Fagerholm, E. D., Hellyer, P. J., Scott, G., Leech, R. & Sharp, D. J. Disconnection of network hubs and cognitive impairment after 

traumatic brain injury. Brain 138, 1696–1709, https://doi.org/10.1093/brain/awv075 (2015).
 23. Kim, J. et al. Disrupted structural connectome is associated with both psychometric and real-world neuropsychological impairment 

in diffuse traumatic brain injury. J. Int. Neuropsychol. Soc. 20, 887–96, https://doi.org/10.1017/S1355617714000812 (2014).
 24. Imms, P. et al. The structural connectome in traumatic brain injury: A meta-analysis of graph metrics. Neurosci. Biobehav. Rev. 99, 

128–137, https://doi.org/10.1016/j.neubiorev.2019.01.002 (2019).
 25. Mitra, J. et al. Statistical machine learning to identify traumatic brain injury (TBI) from structural disconnections of white matter 

networks. Neuroimage https://doi.org/10.1016/j.neuroimage.2016.01.056 (2016).
 26. Watts, D. J. & Strogatz, S. H. Collective dynamics of ’small-world’ networks. Nature 393, 440–442, https://doi.org/10.1038/30918 

(1998).
 27. Park, H. J. & Friston, K. J. Structural and functional brain networks: from connections to cognition. Science 342, 1238411, https://

doi.org/10.1126/science.1238411 (2013).
 28. Eierud, C. et al. Neuroimaging after mild traumatic brain injury: Review and meta-analysis. NeuroImage Clin. 4, 283–294, https://

doi.org/10.1016/j.nicl.2013.12.009 (2014).
 29. Yuan, W., Treble-Barna, A., Sohlberg, M. M., Harn, B. & Wade, S. L. Changes in Structural Connectivity Following a Cognitive 

Intervention in Children With Traumatic Brain Injury. Neurorehabil. Neural Repair 31, 190–201, https://doi.
org/10.1177/1545968316675430 (2017).

 30. Königs, M. et al. The structural connectome of children with traumatic brain injury. Hum. Brain Mapp. 38, 3603–3614, https://doi.
org/10.1002/hbm.23614 (2017).

 31. Raven, J. C. Guide to using the Mill Hill Vocabulary Scale with the Progressive Matrices Scales.1958).

https://doi.org/10.1038/s41598-020-65948-4
https://doi.org/10.1016/j.expneurol.2012.01.013
https://doi.org/10.1016/j.expneurol.2012.01.013
https://doi.org/10.1093/brain/awq347
https://doi.org/10.1093/brain/awq347
https://doi.org/10.1093/brain/awm294
https://doi.org/10.1002/ana.23824
https://doi.org/10.1097/00001199-200501000-00008
https://doi.org/10.1038/nrneurol.2014.15
https://doi.org/10.1038/nrneurol.2014.15
https://doi.org/10.1016/S1053-8119(02)91148-1
https://doi.org/10.1016/S1053-8119(02)91148-1
https://doi.org/10.3174/ajnr.A0856
https://doi.org/10.1097/HTR.0b013e3181e52c2a
https://doi.org/10.1097/HTR.0b013e3181e52c2a
https://doi.org/10.1016/j.neuroimage.2013.04.056
https://doi.org/10.1016/j.neuroimage.2013.04.056
https://doi.org/10.1038/nrn3901
https://doi.org/10.1038/nrn3901
https://doi.org/10.1038/nrn2575
https://doi.org/10.1016/j.tics.2013.09.012
https://doi.org/10.1016/j.tics.2013.09.012
https://doi.org/10.1212/WNL.0b013e3182929f38
https://doi.org/10.1212/WNL.0b013e3182929f38
https://doi.org/10.1093/brain/awu132
https://doi.org/10.1212/WNL.0b013e3182929f38
https://doi.org/10.1212/WNL.0b013e3182929f38
https://doi.org/10.1016/j.nicl.2012.09.011
https://doi.org/10.1371/journal.pone.0065470
https://doi.org/10.1371/journal.pone.0008220
https://doi.org/10.1371/journal.pone.0008220
https://doi.org/10.1007/s00429-012-0494-2
https://doi.org/10.1002/hbm.22664
https://doi.org/10.1093/brain/awv075
https://doi.org/10.1017/S1355617714000812
https://doi.org/10.1016/j.neubiorev.2019.01.002
https://doi.org/10.1016/j.neuroimage.2016.01.056
https://doi.org/10.1038/30918
https://doi.org/10.1126/science.1238411
https://doi.org/10.1126/science.1238411
https://doi.org/10.1016/j.nicl.2013.12.009
https://doi.org/10.1016/j.nicl.2013.12.009
https://doi.org/10.1177/1545968316675430
https://doi.org/10.1177/1545968316675430
https://doi.org/10.1002/hbm.23614
https://doi.org/10.1002/hbm.23614


1 1Scientific RepoRtS |         (2020) 10:9121  | https://doi.org/10.1038/s41598-020-65948-4

www.nature.com/scientificreportswww.nature.com/scientificreports/

 32. Arfanakis, K. et al. Diffusion tensor MR imaging in diffuse axonal injury. AJNR. Am. J. Neuroradiol. 23, 794–802 (2002).
 33. Benson, R. R. et al. Global White Matter Analysis of Diffusion Tensor Images Is Predictive of Injury Severity in Traumatic Brain 

Injury. J. Neurotrauma 24, 446–459, https://doi.org/10.1089/neu.2006.0153 (2007).
 34. Levin, H. S., Wilde, E. & Petersen, N. Diffusion Tensor Imaging of Mild to Moderate Blast-Related Traumatic Brain Injury and Its 

Sequelae. 27, 683–694, https://doi.org/10.1089/neu.2009.1073 (2010).
 35. Gale, S. D. Traumatic brain injury and grey matter concentration: a preliminary voxel based morphometry study. J. Neurol. 

Neurosurg. Psychiatry 76, 984–988, https://doi.org/10.1136/jnnp.2004.036210 (2005).
 36. Livny, A. et al. Cognitive Deficits Post Traumatic Brain Injury and Their Association with Injury Severity and Gray Matter Volumes. 

J Neurotrauma 33, 1–7, https://doi.org/10.1089/neu.2016.4598 (2016).
 37. Garnett, M. R., Blamire, A. M., Rajagopalan, B., Styles, P. & Cadoux-Hudson, T. A. D. Evidence for cellular damage in normal-

appearing white matter correlates with injury severity in patients following traumatic brain injury A magnetic resonance 
spectroscopy study. Brain 123, 1403–1409, https://doi.org/10.1093/brain/123.7.1403 (2000).

 38. Dennis, E. L. et al. A network approach to examining injury severity in pediatric TBI. Proc. - Int. Symp. Biomed. Imaging 105–108, 
https://doi.org/10.1109/ISBI.2017.7950479 (2017).

 39. Yuan, W., Treble-Barna, A., Sohlberg, M. M., Harn, B. & Wade, S. L. Changes in Structural Connectivity Following a Cognitive 
Intervention in Children With Traumatic Brain Injury: A Pilot Study. Neurorehabil. Neural Repair 31, 190–201, https://doi.
org/10.1177/1545968316675430 (2017).

 40. van den Heuvel, M. P. & Sporns, O. Rich-Club Organization of the Human Connectome. J. Neurosci. 31, 15775–15786, https://doi.
org/10.1523/JNEUROSCI.3539-11.2011 (2011).

 41. Zhou, Y. Small world properties changes in mild traumatic brain injury. J. Magn. Reson. Imaging 45, 518–527, https://doi.
org/10.1002/jmri.25548 (2017).

 42. Kim, J. et al. Structural consequences of diffuse traumatic brain injury: A large deformation tensor-based morphometry study. 39, 
1014–1026, https://doi.org/10.1016/j.neuroimage.2007.10.005 (2008).

 43. Graham, D. I., Maxwell, W. L., Adams, J. H. & Jennett, B. Novel aspects of the neuropathology of the vegetative state after blunt head 
injury. Prog. Brain Res. 150, 445–455, https://doi.org/10.1016/S0079-6123(05)50031-1 (2005).

 44. Hart, M. G. et al. Graph theory analysis of complex brain networks: new concepts in brain mapping applied to neurosurgery 
Michael. 124, 1665–1678, https://doi.org/10.3171/2015.4.JNS142683 (2016).

 45. Wilde. Longitudinal Changes in Cortical Thickness in Children after Traumatic Brain Injury and their Relation to Behavioral 
Regulation and Emotional Control. 30, 267–276, https://doi.org/10.1016/j.ijdevneu.2012.01.003.Longitudinal (2012).

 46. Levin, H. S. et al. Cognition in relation to magnetic resonance imaging in head-injured children and adolescents. Arch. Neurol. 50, 
897–905, https://doi.org/10.1001/archneur.1993.00540090008004 (1993).

 47. Caeyenberghs, K. et al. Graph analysis of functional brain networks for cognitive control of action in traumatic brain injury. Brain 
135, 1293–1307, https://doi.org/10.1093/brain/aws048 (2012).

 48. Tlustos, S. J. et al. Neural correlates of interference control in adolescents with traumatic brain injury: functional magnetic resonance 
imaging study of the counting stroop task. J. Int. Neuropsychol. Soc. 17, 181–9, https://doi.org/10.1017/S1355617710001414 (2011).

 49. Levin, H. S. et al. Neuropsychological Outcome of mTBI: A Principal Component Analysis Approach. J. Neurotrauma 30, 625–632, 
https://doi.org/10.1089/neu.2012.2627 (2013).

 50. Catani, M. & Ffytche, D. H. The rises and falls of disconnection syndromes. Brain 128, 2224–2239, https://doi.org/10.1093/brain/
awh622 (2005).

 51. Cole, M. W., Pathak, S. & Schneider, W. Identifying the brain’s most globally connected regions. Neuroimage 49, 3132–3148, https://
doi.org/10.1016/j.neuroimage.2009.11.001 (2010).

 52. Margulies, D. S. et al. Precuneus shares intrinsic functional architecture in humans and monkeys. 106, https://doi.org/10.1073/
pnas.0905314106 (2009).

 53. Cavanna, A. E. & Trimble, M. R. The precuneus: A review of its functional anatomy and behavioural correlates. Brain 129, 564–583, 
https://doi.org/10.1093/brain/awl004 (2006).

 54. Iturria-medina, Y., Sotero, R. C., Canales-rodríguez, E. J., Alemán-gómez, Y. & Melie-garcía, L. Studying the human brain anatomical 
network via diffusion-weighted MRI and Graph Theory. 40, 1064–1076, https://doi.org/10.1016/j.neuroimage.2007.10.060 (2008).

 55. Cook, L. G. et al. Effects of Moderate to Severe Traumatic Brain Injury on Anticipating Consequences of Actions in Adolescents: A 
Preliminary Study. J. Int. Neuropsychol. Soc. 19, 508–517, https://doi.org/10.1017/S1355617712001452 (2013).

 56. Leemans, A., Jeurissen, B. & Sijbers, J. ExploreDTI: a graphical toolbox for processing, analyzing, and visualizing diffusion MR data. 
Proc Intl Soc Mag Reson Med 17, 3537, https://doi.org/10.1103/PhysRevLett.87.198701 (2009).

 57. Basser, P. J. & Pierpaoli, C. A simplified method to measure the diffusion tensor from seven MR images. Magn Reson Med 39, 
928–934, https://doi.org/10.1002/mrm.1910390610 (1998).

 58. Basser, P. J., Pajevic, S., Pierpaoli, C., Duda, J. & Aldroubi, A. In vivo fiber tractography using DT-MRI data. Magn. Reson. Med. 44, 
625–632 doi:10.1002/1522-2594(200010)44:4<625::AID-MRM17>3.0.CO;2-O (2000).

 59. Tzourio-Mazoyer, N. et al. Automated Anatomical Labeling of Activations in SPM Using a Macroscopic Anatomical Parcellation of 
the MNI MRI Single-Subject Brain. Neuroimage 15, 273–289, https://doi.org/10.1006/nimg.2001.0978 (2002).

 60. Rubinov, M. & Sporns, O. Complex network measures of brain connectivity: uses and interpretations. Neuroimage 52, 1059–69, 
https://doi.org/10.1016/j.neuroimage.2009.10.003 (2010).

 61. van der Horn, H. J. et al. Altered wiring of the human structural connectome in adults with mild traumatic brain injury. J. 
Neurotrauma 10, 1–10, https://doi.org/10.1089/neu.2016.4659 (2016).

 62. Latora, V. & Marchiori, M. Efficient Behavior of Small-World. Networks. https://doi.org/10.1103/PhysRevLett.87.198701 (2001).
 63. Opsahl, T., Agneessens, F. & Skvoretz, J. Node centrality in weighted networks: Generalizing degree and shortest paths. Soc. Networks 

32, 245–251, https://doi.org/10.1016/j.socnet.2010.03.006 (2010).
 64. Benjamini, Y. & Hochberg, Y. Controlling the false discovery rate: a practical and powerful approach to multiple testing. Journal of 

the Royal Statistical Society B 57, 289–300, https://doi.org/10.2307/2346101 (1995).

Acknowledgements
We would like to acknowledge the support of the head of the Division of Diagnostic Imaging, Prof. Eli Konen, for 
his initiation of neuroimaging research under his leadership and for his ongoing support.

Author contributions
R.R obtained analyzed the data and wrote the manuscript; I.T provided counseling, reviewed the manuscript 
and contributed to the discussion; A.B and M.W reviewed the manuscript and contributed to the discussion; S.H 
recruited patients and reviewed the manuscript, C.H and G.T reviewed MRI scans, E.F and L.T.L contributed 
pre-injury cognitive data and reviewed the manuscript, and A.L designed the study, reviewed the manuscript and 
guided the work on the study.

https://doi.org/10.1038/s41598-020-65948-4
https://doi.org/10.1089/neu.2006.0153
https://doi.org/10.1089/neu.2009.1073
https://doi.org/10.1136/jnnp.2004.036210
https://doi.org/10.1089/neu.2016.4598
https://doi.org/10.1093/brain/123.7.1403
https://doi.org/10.1109/ISBI.2017.7950479
https://doi.org/10.1177/1545968316675430
https://doi.org/10.1177/1545968316675430
https://doi.org/10.1523/JNEUROSCI.3539-11.2011
https://doi.org/10.1523/JNEUROSCI.3539-11.2011
https://doi.org/10.1002/jmri.25548
https://doi.org/10.1002/jmri.25548
https://doi.org/10.1016/j.neuroimage.2007.10.005
https://doi.org/10.1016/S0079-6123(05)50031-1
https://doi.org/10.3171/2015.4.JNS142683
https://doi.org/10.1016/j.ijdevneu.2012.01.003.Longitudinal
https://doi.org/10.1001/archneur.1993.00540090008004
https://doi.org/10.1093/brain/aws048
https://doi.org/10.1017/S1355617710001414
https://doi.org/10.1089/neu.2012.2627
https://doi.org/10.1093/brain/awh622
https://doi.org/10.1093/brain/awh622
https://doi.org/10.1016/j.neuroimage.2009.11.001
https://doi.org/10.1016/j.neuroimage.2009.11.001
https://doi.org/10.1073/pnas.0905314106
https://doi.org/10.1073/pnas.0905314106
https://doi.org/10.1093/brain/awl004
https://doi.org/10.1016/j.neuroimage.2007.10.060
https://doi.org/10.1017/S1355617712001452
https://doi.org/10.1103/PhysRevLett.87.198701
https://doi.org/10.1002/mrm.1910390610
https://doi.org/10.1006/nimg.2001.0978
https://doi.org/10.1016/j.neuroimage.2009.10.003
https://doi.org/10.1089/neu.2016.4659
https://doi.org/10.1103/PhysRevLett.87.198701
https://doi.org/10.1016/j.socnet.2010.03.006
https://doi.org/10.2307/2346101


1 2Scientific RepoRtS |         (2020) 10:9121  | https://doi.org/10.1038/s41598-020-65948-4

www.nature.com/scientificreportswww.nature.com/scientificreports/

competing interests
The authors declare no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-65948-4.
Correspondence and requests for materials should be addressed to A.L.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2020

https://doi.org/10.1038/s41598-020-65948-4
https://doi.org/10.1038/s41598-020-65948-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Traumatic Brain Injury Severity in a Network Perspective: A Diffusion MRI Based Connectome Study
	Results
	Global network measures. 
	Network hub regions. 
	Local network measures. 

	Discussion
	Materials and Methods
	Participants. 
	Neuropsychological assessment. 
	MRI acquisition. 
	Image processing. 
	Connectivity analyses. 
	Statistical analysis. 

	Acknowledgements
	Figure 1 Effects of injury severity on global network measures.
	Figure 2 Network hubs across all study groups.
	Figure 3 Correlation between efficiency values and cognitive change scores in left precuneus.
	Figure 4 Group differences in local strength in all brain regions.
	Figure 5 Data processing pipeline of constructing a DTI-based network.
	Table 1 Network measures in hub regions.
	Table 2 Correlation between all network measures and cognitive change scores.




