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Abstract Over the past decade, fMRI studies of cognitive
change following traumatic brain injury (TBI) have investi-
gated blood oxygen level dependent (BOLD) activity during
working memory (WM) performance in individuals in early
and chronic phases of recovery. Recently, BOLD fMRI work
has largely shifted to focus on WM and resting functional
connectivity following TBI. However, fundamental questions
in WM remain. Specifically, the effects of injury on the basic
relationships between local and interregional functional neu-
roimaging signals during WM processing early following
moderate to severe TBI have not been examined. This study
employs a mixed effects model to examine prefrontal cortex
and parietal lobe signal change during a WM task, the n-back,
and whether there is covariance between regions of high
amplitude signal change, (synchrony of elicited activity
(SEA) very early following TBI. We also examined whether
signal change and SEA differentially predict performance
during WM. Overall, percent signal change in the right pre-
frontal cortex (rPFC) was and important predictor of both
reaction time (RT) and SEA in early TBI and matched con-
trols. Right prefrontal cortex (rPFC) percent signal change
positively predicted SEAwithin and between persons regard-
less of injury status, suggesting that the link between these
neurodynamic processes in WM-activated regions remains
unaffected even very early after TBI. Additionally, rPFC

activity was positively related to RT within and between
persons in both groups. Right parietal (rPAR) activity was
negatively related to RTwithin subjects in both groups. Thus,
the local signal intensity of the rPFC in TBI appears to be a
critical property of network functioning and performance in
WM processing and may be a precursor to recruitment ob-
served in chronic samples. The present results suggest that as
much research moves toward large scale functional connec-
tivity modeling, it will be essential to develop integrated
models of how local and distant neurodynamics promote
WM performance after TBI.
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Abbreviations

(TBI) Traumatic brain injury
(BOLD) Blood oxygen level dependent
(fMRI) Functional magnetic resonance imaging
(rPFC) Right prefrontal cortex
(lPFC) Left prefrontal cortex
(rPAR) Right parietal lobe
(lPAR) Left parietal lobe

Introduction

There has been a recent shift in blood-oxygen-level dependent
(BOLD) functional magnetic resonance imaging (fMRI) stud-
ies with focus moving from voxel-wise analyses of signal
amplitude change to analysis of “functional connectivity,” or
covariance between brain regions. As much of the field shifts
toward functional connectivity analyses, it is reasonable to
take pause to examine some fundamental questions regarding
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fMRI neurodynamics in neurological injury and disease.
Functional connectivity is generally used to describe covari-
ance structures in fMRI time series data across voxels (Friston
1994). As much of clinical neuroimaging has placed a recent
emphasis on resting state analyses of fMRI time series data,
we avoid the general use of “functional connectivity” and
replace it with the following more specific terms and their
accompanying definitions for our current purposes:

1. Intrinsic Functional Connectivity (IFC): approaches to
examining covariance in fMRI time series during “rest-
ing” conditions, or those where study participants are
asked to do no task in particular during scanning. We
avoid the use of “resting state” due to issues discussed
by Seeley and colleagues (2007).

2. Synchrony of Elicited Activation (SEA): approaches to
examining covariance in fMRI time series during “task”
conditions, or those where study participants are asked to
engage in an active cognitive process, often administered
in a block or continuous design for connectivity analyses.

During this transition to IFC approaches, it is important to
consider the relationship between local signaling and inter-
regional covariance relationships that support cognitive func-
tion as in SEA or “readiness” as one state thought to be
represented in IFC contexts. This paper concerns the relation-
ship between local signaling and SEA. Conceptually, local
signal amplitude changes are thought to represent the timing
and intensity of neural firing (Logothetis 2008; Logothetis
et al. 2001, 2010; Rauch et al. 2008) whereas synchronous
neural activity between regions during cognitive tasks consti-
tutes SEA (c.f., Rogers et al. 2007). Simulations have sug-
gested that local spiking output during neural firing relates to
increased phase locking across neural nodes, which results in
greater observed coherence (Chawla et al. 1999, 2000). In the
case of the former, the blood oxygen level dependent (BOLD)
fMRI signal would increase in amplitude with increased spik-
ing. In the latter case, increases in observed coherence are the
result of the recruitment of locally mediated mechanisms that
support functional/computational processes. It remains to be
determined whether this fundamental relationship between
local signal change and interregional SEA is affected in clin-
ical disorders. Importantly, such a perturbation may imply a
disturbance in core neural mechanisms that bind computation-
al processes across spatially distant brain regions rather than
more generalized signaling disruptions due to focally dam-
aged computational resources or shearing damage to transmit-
ting axons. Additionally, these two markers of neural function
have not been examined as dissociable predictors of perfor-
mance during sustained cognition. Given the current prolifer-
ation of connectivity studies in clinical imaging, clarifying the
conceptual differences between local and distributed brain
signaling and how these measures differentially relate to

behavior is a timely concern with implications for integrating
various findings in neuroimaging in clinical samples. To ex-
amine this general issue, we will discuss it in the context of
recent research using fMRI to examine cognitive processes in
moderate to severe traumatic brain injury (TBI) within the first
few months after injury.

A brief history of functional neuroimaging in TBI

Early functional imaging studies of chronic moderate to se-
vere TBI focused on mean signal change (henceforth referred
to as “activation” studies) during cognitively demanding tasks
to examine common deficits following TBI. These studies
have examined predominantly tasks that are thought to depend
heavily on working memory (WM) and processing speed. A
nearly universal finding is increased involvement of frontal
and parietal resources during WM task performance (Hillary
2008) and these effects have been more commonly observed
in the right hemisphere (Hillary et al. 2006). The proposed
mechanisms for this “neural recruitment” have varied with
some investigators assigning this effect to “brain reorganiza-
tion” (Sanchez-Carrion et al. 2008a; 2008b) and others to a
transient “latent support” effect in prefrontal cortex (PFC) (see
Hillary et al. 2010; Medaglia et al. 2012). Determining the
nature of neural recruitment after TBI will likely require
increasingly specific models of the links between the brain
responses and behavior/clinical outcome; however, establish-
ing this relationship has proven difficult.

The fundamental shift in the cognitive neurosciences
over the past half-decade toward IFC and SEA analyses
(cf. Buckner et al. 2008; Van Den Heuvel and Hulshoff
Pol 2010) is now readily observed in recent studies in
clinical neuroimaging. This new emphasis is now
reflected in growing work in TBI examining IFC
(Hillary et al. 2011; Sharp et al. 2011), and SEA during
challenge (e.g., WM or processing speed tasks) (Hillary
et al. 2011; Hillary et al. 2012; Kasahara et al. 2011;
Turner et al. 2011). None of these studies have directly
examined the extent to which regional WM task-related
activation is linked to inter-regional SEA and whether
this relationship may be disrupted following diffuse
neurological trauma. It remains a crucial issue to deter-
mine whether fundamental disruptions between local
and inter-regional neurodynamics are observed clinical
samples, and especially what these measures may
dissociably indicate about performance. Focused exami-
nation of this issue may progressively move the field
toward integrated models of local and distributed neural
dynamics. A consequence of this type of research could
clarify how the interdependencies of network dynamics
support cognition and mediate recovery and resilience
following neurological injury.
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Percent signal change and connectivity

While there is great emphasis on IFC modeling of brain
networks, there is significantly less work linking indices of
IFC or SEA with indices of functional signal amplitude.
Importantly, studies that have addressed this topic have used
highly variable behavioral and statistical approaches. While
there is currently no generalizable formal model for how IFC/
SEA and signal change interrelate in fMRI data, findings from
studies that have partially investigated this issue are reviewed
to provide context for the current study.

Previous research suggests that functional connectivity is
more related to functional signal amplitude changes during a
task than to non-neural blood flow in healthy individuals
during rest (Biswal et al. 1997). In a study of motor learning,
local signal amplitude in M1 and SMA first increases during
training and later diminishes at follow-up, but IFC between
these same two regions generally increases over the same time
period. These data indicate that after learning, amplitude and
connectivity dissociate (Ma et al. 2010) and work in healthy
individuals demonstrated a positive general relationship be-
tween signal amplitude and covariance (Hillebrand et al.
2012),. One analysis in TBI found that intra-regional IFC in
the ventromedial prefrontal cortex negatively predicted brain
activation in the supplementary motor area during a choice
reaction task (Sharp et al. 2011); however, inter-regional SEA
and percent signal change during WM processing was not a
focus. One investigation implemented a psychophysiological
analysis in moderate to severe TBI and demonstrated de-
creased SEA between regions significantly correlated with
accuracy during WM and the bilateral inferior frontal gyrus
(Kasahara et al. 2011), but did not directly examine whether
the relationship between local WM region BOLD signal
change and SEAwith other core WM regions was disrupted.
Taken together, these findings suggest that the relationship
between percent signal change and SEA/IFC may depend on
the regions of the brain involved, practice, and the type of task
participants are engaged in. Thus, while there is a well-
described computational account of how local neural spiking
may lead to coherence between regions in general (Chawla
et al. 1999, 2000), the moderating influences of cognitive and
disease states remain an open area of investigation.

SEA during WM as a foundational step

For the purposes of the current paper, we examine percent
signal change and SEA as related but potentially dissociable
functional metrics during WM following TBI. This may help
to bridge two literatures in TBI where most early work fo-
cused on local signal change and the most recent efforts have
examined alterations in SEA/IFC after injury. We chooseWM
and SEA over “task free” signal amplitude and IFC due to
longstanding interpretive problems in WM examinations of

brain function and the frequent importance of this cognitive
construct in functional problems following TBI.

To quantify the potentially unique information afforded by
activation and functional connectivity measures in TBI, three
related factors require consideration. First, direct examination
of the relationships between functional signal amplitude
(activation) and SEA is a primary interest. SEA is transient
and depends upon momentary brain states including the var-
iable influences of goal states (e.g., task), learning, attention,
and fatigue (Evers et al. 2012; Gómez et al. 2013; Gordon
et al. 2012; Jolles et al. 2013; Voss et al. 2012). This transient
incorporation of available brain resources in a functional
neural network has been demonstrated to be variable even
over a single scanning session during WM and learning tasks
(Bassett et al. 2011; Hillary et al. 2011, 2012; Ischebeck et al.
2009; LaConte 2011).

We aim to examine whether the neurodynamic rela-
tionship to performance in local signal change remains
intact early after moderate to severe TBI relative to
healthy controls. Second, the association between brain
activation changes and behavioral performance in stud-
ies of TBI has been inconsistent and requires integration
with each of these potentially distinct functional mea-
surements. Because the majority of cognitive studies
using fMRI in TBI have examined WM or cognitive
control functions, we will focus analyses on the rela-
tionships between regions known to be heavily involved
in WM processing (right PFC, right parietal lobe) in our
examination of activation and SEA. We isolate these
regions to examine whether signal amplitude relation-
ships with functional connectivity and behavior are
disrupted early following injury, which would provide
important context for understanding topological findings
in SEA studies. Specifically, if fundamental breaks in
the links between local signaling and corresponding
inter-regional functional relationships in WM regions
are disturbed following TBI, the interpretation of large-
scale SEA (and perhaps IFC) maps would be problem-
atic because disturbances in connectivity could be sec-
ondary to local brain signaling failures. Finally, with
few exceptions in moderate and severe TBI (see
Nakamura et al. 2009; Hillary et al. 2011; Sanchez-
Carrion et al. 2008a; b) brain SEA/IFC has been exam-
ined years post injury leaving WM region function very
early following TBI unknown. The current study will
thus establish an early baseline for future investigations
of WM processing following TBI.

To achieve these aims, a mixed effects modeling approach
(Hox 2006) is applied to examine the relationship between
BOLD signal amplitude and SEA during a WM task. We also
leverage the advantages of mixed effects modeling to examine
predictors of behavioral output, including percent signal
change in the right PFC and right parietal lobe and SEA
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between these regions, as well as the within person effect of
task habituation, and between subjects effects of TBI, age, and
education. Our hypotheses are as follows:

1. Hypothesis one concerns the relationship between local
regional percent signal change and SEA. We hypothesize
that SEA between the right parietal lobe and right pre-
frontal cortex will be predicted by the percent signal
change in each region irrespective of habituation to task,
behavioral performance, group, age, and education,
representing a fundamental property of neural network
function (e.g., Chawla et al. 1999, 2000). We will first
estimate multilevel regression models including only the
within- and between-subjects main effects of percent sig-
nal change in the right parietal lobe (Model 1a) and right
PFC (Model 1b) on SEA. Then, we will retain the main
effects from Model 1a and b, and add the main effects of
group and block order, with age, education and accuracy
as covariates (Model 2). Finally, we will retain all effects
from Model 2 and examine whether interactions between
group and the effects of percent signal change in the right
parietal lobe and right PFC predict SEA (Model 3). As a
whole, this approach allows us to examine the possible
predictive power of local signal change on SEA, whether
it varies in TBI relative to controls, controlling for practice
and demographic parameters.

2. Hypothesis two examines whether the mean BOLD signal
is different from that in the right dorsolateral prefrontal
cortex very early following TBI. We hypothesize that
contrary to findings in chronic TBI (see Hillary et al.
2006; Hillary 2008), functional activation in the right
PFC among individuals early after TBI will be lower
during WM than in healthy controls as suggested by
Sanchez-Carrion et al. (2008a, b) (Model 4). We will
thereby examine the similarity of the current sample to a
finding from previous work, which is a rare analysis in
WM early following injury. We additionally will examine
parietal percent signal change for context.

3. Hypothesis three considers whether percent signal change
in the sampled regions and SEA between the regions
differentially predict performance. We hypothesize that
task performance (reaction time, RT) in both groups will
be predicted by: 1) percent signal change in the right
prefrontal cortex and parietal lobe; and 2) SEA between
right PFC and the right parietal lobe. We will test this
hypothesis with a model including the main effects of
within- and between-subject right PFC and right parietal
activation, within- and between-subjects SEA between
these regions, block order, and group on RT with age,
education and accuracy as covariates (Model 5). Then, we
will retain all effects from Model 5 and examine the
interaction effects between group and each within- and
between-subjects neurodynamic measure of interest on

RT (Model 6). This modeling approach is structurally
similar to that in Hypothesis 1, but importantly extends
the approach to model which neurodynamic parameters
are most strongly predictive of WM performance early
following TBI.

Finally, to examine whether the effects of interest are
unique to the right hemisphere, we will replicate the models
in the left prefrontal cortex and left parietal lobe.

Methods and materials

Participants

Sixteen (16) individuals with TBI and 16 age and
education matched controls were solicited via posted
flyers at Hershey Medical Center and University Park,
PA. Individuals with TBI were required to have a closed
head injury and Glasgow Coma Scale (GCS) score of
<13 at the time of hospital admission or a positive CT
finding. To remain consistent with previous studies that
have investigated WM functioning following TBI, we
permitted heterogeneous injury presentations (cf. Hillary
et al. 2010 for a discussion of this approach). This
approach is consistent with a TBI literature over the
past decade revealing several important and reliable
functional neuroimaging results in samples with varying
range of injury severities and injury mechanism. Exclu-
sionary criteria included a history of a previous neuro-
logical disorder such as seizure disorder, or significant
neurodevelopmental psychiatric history (such as
premorbid learning disability, schizophrenia or bipolar
disorder). Participants were also excluded if prescribed
psychoactive medication for treatment of significant
neurological or psychiatric disturbance (e.g., anticonvul-
sants or antipsychotics). Participants were excluded if
they had any significant past or current substance abuse
with the exception of alcohol or tobacco given its
prominence in the population of individuals that have
suffered TBI (Bombadier et al. 2003). These exclusions
were covered in the IRB approved consent form and
were discussed with the family members of each study
participant. Post-traumatic amnesia resolution was deter-
mined based on review of medical records and consid-
ered resolved once the patient was consistently oriented
to person, place and time for greater than 48 h. Indi-
viduals with TBI were scanned at approximately
3 months after resolution of posttraumatic amnesia
(PTA) (mean days since injury at date of scan=106;
SD=25.0). Sample characteristics at the time of data
acquisition can be seen in Table 1.
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fMRI protocol

Preprocessing

Preprocessing of the fMRI data was performed using SPM8
software (http://www.fil.ion.ucl.ac.uk/spm8). Preprocessing
steps included realignment of functional data of each task
period to the first functional image of that period using
affine transformation (Ashburner and Friston 1997; Friston
et al. 1994). Functional images were then coregistered to the
individual’s T1MPRAGE, and all data were normalized using
a standardized template from the Montreal Neurological In-
stitute, MNI, using a 12-parameter affine approach and bilin-
ear interpolation. Normalized time series data were smoothed
with a Gaussian kernel of 8 × 8 × 10 mm3 to minimize
anatomical differences and increase signal to noise ratio.
Motion control represents an ongoing challenge to fMRI data
processing that has recently received renewed attention in IFC
contexts (Hallquist et al. 2013; Hayasaka 2013; Power et al.
2012, 2014; Christodoulou et al. 2013). The interaction be-
tween movement and task conditions, however, remains a
challenging issue (Johnstone et al. 2006). Given increased
concerns about movement in functional neuroimaging, and
dangers in taking no approach to movement control, we opted
to use procedures similar to recent neuroimaging studies of
WM in TBI (Medaglia et al. 2012; Sanchez-Carrion et al.
2008a; b). In this case, use of movement regressors in a
blocked design may reduce sensitivity to detect task-related
voxels. In light of this, we opted to use an intensive person-
specific ROI selection to select those peaks most related to
task (please see section 2.2.3.). We additionally conducted a
post-hoc regression analysis of movement parameters with the
EPI data and found no significant contribution of movement
to signal within the regions sampled here in either sample. We
comment further on the issue of movement regression in the
Discussion section. Regression of nuisance covariates includ-
ing a bandpass filter (.08-.008 Hz) to exclude frequencies

most likely to be related to physiological and machine noise
effects of non-interest, 6 movement parameters, and cerebro-
spinal fluid (CSF) and white matter signal were removed from
the fMRI time series via multiple regression using the Conn
toolbox (Whitfield-Gabrieli and Nieto-Castanon 2012). MRI
data were acquired using a Siemens 3 T Magnetom Trio
(Siemens, New York City, USA). For all subjects, first, 3-D
high resolution T1-weighted MPRAGE images (2,300 ms/2.
98 ms/8° repetition time/echo time/flip angle (TR/TE/FA),
240 × 204 × 150 mm3 field of view (FOV), 256 × 205 ×150
acquisition matrix, two averages) were acquired to provide
high resolution underlays for functional brain activation. Echo
planar imaging (EPI) was used for functional imaging. Imag-
ing parameters for EPI consisted of: 2,000 ms/30 ms/90°, TR/
TE/FA, 240 × 240 mm2 FOV, 80 × 80 acquisition matrix,
thirty-four 4-mm-thick axial slices with no gap between slices.

Task in scanner

Awell-established sequential letter task, the n-back, was used
to assess working memory (Chang et al., Kirchner 1958;
Speck et al. 2000). The n-back requires online rehearsal and
updating of information being kept “in mind” and has distinct
task load periods. All current analyses are focused on data
collected during the 1-back. While studies months later fol-
lowing moderate to severe TBI (e.g., Sanchez-Carrion et al.
2008a, b) and chronically following TBI (e.g., Medaglia et al.
2012) have used higher load versions of the n-back, initial
piloting of the 2-back task in this early post-injury sample
resulted in performance approaching chance in the TBI par-
ticipants. We additionally piloted a spatial WM task using
computerized faces as stimuli that also resulted in unreliable
results. Given the difficulty of making meaningful interpreta-
tions from this kind of performance and scanning time con-
straints, we focus analyses on the 1-back, where this group of
individuals shortly removed from injury could tolerate the
task. The currently analyzed paradigm was a block design

Table 1 Sample Characteristics

Age mean (SD) Education mean (SD) Gender

Healthy controls 25.9 (11.4) 13.2 (1.6) 11 Male, 5
Female

TBI 27.3 (7.6) 14.3 (2.9) 12 Male, 4
Female

Motor vehicle collision (driver, passenger) Bicycling (hit by motor vehicle, accident) Falls

Mechanisms of injury 7, 2 1, 1 5

Mean (SD) Minimum Maximum

GCS at hospital admission 6.7 (4.7) 3 14

Mean (SD) Minimum Maximum

Acute duration stay (days; available for 11
patients)

14.3 (10.1) 4 33
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and started with a resting period of 14-s and 7 more resting
periods separating eight blocks of 20 s apiece, totaling 136
functional volumes. During each block, alphabetical letters
were presented randomly at a rate of one every 2 s, totaling ten
letters per block. Participants were instructed to press a re-
sponse button as quickly as possible to the target stimuli,
where target stimuli were defined as whenever the current
letter was the same as the letter immediately preceding it
(i.e., 1-back). During each 10-letter block, three or four target
stimuli were presented at random time points within the
blocks. During each rest period, subjects were instructed to
fixate on a small asterisk presented at the center of the display
screen.

Region of interest (ROI) definition

A primary goal was to examine the relationship between
signal amplitude – or regions with maximal signal change in
response to task – and SEA early after injury in TBI. To do so,
we obtained person-specific ROIs related to task processing;
fixed effects t-contrasts of the effects of task relative to fixa-
tion baseline were estimated using SPM8 for each individual
separately. To increase sensitivity to person-specific anatom-
ical localizations of task-relevant nodes in light of any signal
attenuation due to movement regression (cf., Johnstone et al.
2006), the most significant peak for each individual was
selected from within a spatially constraining mask from the
AAL atlas (Tzourio-Mazoyer et al. 2002) for the right dorso-
lateral prefrontal cortex (Brodmann’s area 46). ROIs were
visually inspected to ensure that they fell within the bound-
aries of the MNI-normalized EPI images for each individual.
This procedure was repeated for one peak in the right parietal
lobe (Brodmann’s area 39). ROI time series were defined as
the average signal in the peak voxel and all voxels in a
surrounding 3 mm radius sphere using the MarsBar ROI
analysis tool (Brett et al. 2002) to account for any remaining
effects of voxel-wise spatial translation during preprocessing.
By centering ROIs on peak voxels with a radius that did not
extend greater than 1.5 mm in any direction, we established
that the majority of the data in any sphere was extracted from
task-relevant peaks in the brain parenchyma. An additional
safeguard against signal contamination via non-parenchymal
influences was the use of CSF and white matter regressors in
our preprocessing routine. This established that any additional
signal contamination in spherical ROIs due to these sources
was removed from the voxels prior to time series averaging.
Finally, an implicit mask was used for data extraction from
spherical ROIs to exclude data probabilistically identified as
CSF. See Fig. 1 for the locations of ROIs in the right dorso-
lateral PFC and right parietal lobe. Mean data time series for
each of the ROIs were extracted using the MarsBar ROI
toolbox for each individual.

Time series calculations

To obtain percent signal change metrics, ROI time series were
corrected for linear drift and mean percent signal change
during the 1-back was calculated within each participant’s
time series assuming a 6-s BOLD signal latency from the
onset of task presentation. Pearson correlation coefficients
(henceforth synonymous with SEA) were obtained by corre-
lating each PFC ROI with each right parietal ROI within each
subject. The correlation coefficients were standardized to a
normal distribution using a Fisher’s R to Z conversion.

Statistical approach

Mixed effects models

For brevity, the right dorsolateral prefrontal cortex re-
gion is henceforth referred to as rPFC, and the right
parietal region is referred to as rPAR. The primary
method of analysis was mixed effects linear modeling
(MLM; Hox 2012). This method is robust to violations
of the assumption of independence of observations that
occur when multiple observations are made within par-
ticipants, and appropriate when differences both within
and between participants are of interest (Hox, 2010;
Snijders and Bosker 2012). These models, which are
conceptually similar to multiple regression, can be de-
scribed as dividing explainable variance in the depen-
dent variable into three parts in this study: between-
person variance (differences between persons, invariant
to times of observation), within-person variance (differ-
ences between observations for a given person), and
residual variance (randomly-distributed error variance).
In the present study, the only non-residual random effect
introduced in the models was a random intercept for
participants, which models the differences between per-
sons. The intraclass correlation coefficient (ICC) can be
calculated and interpreted as the percent of variance
attributable to differences between persons, as opposed
to variance due to differences within persons and resid-
ual variance. All model parameters were estimated with
maximum likelihood estimation in R (R Core Team
2013), using the lme4 library (Bates et al. 2013). Prior
to analysis, all fixed effects predictors were decomposed
into within- and between-level variables through group
mean centering. Group mean centering allows estimates
of relative differences within individuals as well as
differences in means between individuals (Hox 2012).

The analysis strategy in general consisted of three
model types (see below for a full description of all
models). First, when unconditional main effects were
of interest (i.e., for the raw effects of rPFC and rPAR
local percent signal change on SEA: model 1a, 1b; as
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well as the difference in percent signal change between
groups: model 4), simple MLM models were conducted
with one predictor entered as a fixed effect (at two
levels: within and between persons for Models 1a and
1b). The results of this model account for random
intercepts for persons, but do not control for other
parameters. Second, to examine unique relationships
between neurodynamic metrics and RT, multiple main
effects models were conducted (Model 2, Model 5). To
do so, we simultaneously entered all theoretically rele-
vant predictors (including covariates) into the model as fixed
effects to determine which variables predicted significant var-
iance, controlling for the effects of the others. Finally, we built
on the main-effects models by adding potential moderating
effect of group (TBI or HC) to all variables of interest (Model
3, Model 6). This tests whether group significantly alters
previously observed relationships (in Models 2 and 5). Where
main effects were statistically tested (i.e., in models 2 and 5)
andmodeled with a group interaction in a later model (model 3
and 6), additional significance tests were not conducted.

Estimated models were as follows:

Hypothesis 1): The relationship between regional percent
signal change and inter-regional SEA

Model 1) To obtain estimates of basic relationships be-
tween percent signal change and SEA:

a. Zero-order test of percent signal change in RPAR
on SEA

b. Zero-order test of percent signal change in RPFC
on SEA

Model 2) Main effect model of percent signal change in
RPFC and RPAR and their relationship with SEA, simul-
taneously controlling for age, education level, time spent
on task (effect of “block”), and accuracy along with the
other regional percent signal change.

Model 3) Replication of model 2, but with the moderating
effects of group.

Hypothesis 2): The effect of TBI on mean signal in the
right dorsolateral prefrontal cortex and parietal lobe

Model 4) Test of whether TBI group status predicts
percent signal change in the rPFC.

Hypothesis 3): The relationship between percent signal
change/SEA and RT

Model 5) Main effect model examining the relationship
of percent signal change in rPAR and rPFC and regional
SEAwith RT, along with the covariates.

Model 6) Replication of model 5, but with the moderating
effects of group.

See Table 1 for a summary of the parameters used in each
model.

Left hemisphere

To examine whether the hypothesized effects are unique to the
right hemisphere, we replicated all methods described above
within the left Brodmann’s areas 46 and 39.

Power analyses and multiple comparisons

Estimating power in mixed-effects models such as those de-
scribed here is a nontrivial issue (Snijders 2005). To date,
multiple simulation studies have reported that, for fixed effects
regression coefficients in two-level models, accurate and un-
biased estimates are common with as few as 10 clusters (in
this case, persons). Given that our data includes 16 persons per
group, and 256 observations total, this was sufficient.

We additionally sought to reduce type I errors by
attempting to limit the number of significance tests performed.
This primarily entailed designing a priori a sequence of
models that would be conducted, several of which are nested
within each other. Because of this, we intentionally excluded
from significance testing parameters that were not of interest
in a given model (because they had been tested by a previous

Fig. 1 Depiction of the location
of ROIs in the right dorsolateral
PFC (BA 46) and right parietal
lobe (BA 39) in MNI space (x-
dimensions 47, 52, and 57) for
TBI and HCs. Peaks from
different individuals are
represented by different ROI
colors
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model). So, for instance, though there are 19 fixed parameters
in Model 6 (see Table 4), we only conducted 11 significance
tests on this model, and only 7 represent independent tests
compared to what is present in Model 5. In each case we
elected to conduct and report all relevant significance tests.

Results

Behavioral results

The n-back has multiple load levels and we make use here of the
lowest load level in order to maintain comparable performance
between groups. This permitted group-wise analysis of the signal
amplitude and SEA relationships with performance in the absence
of significant behavioral decrements. There were no significant
differences in the samples in mean accuracy or RT. Behavioral
findings were as follows: TBI mean accuracy=95.7 % (SD=
13 %); TBI mean RT=599 ms (SD=132); HC mean accuracy=
98.7 % (SD=7 %); HC mean RT=611 ms (SD=175).

Mixed effects modeling

The first dependent variable of interest was SEA between
rPAR and rPFC (computed as Fischer z-transformed correla-
tion coefficients) during task. The computed ICC for this SEA
value was .31, indicating a substantial amount of variance due
to differences between persons. Models 1a and 1b were zero-
order tests of percent signal change in rPAR (1a) and rPFC
(1b) on SEA. Results of the fixed effects of these models are
presented in Table 2.

As can be seen in Table 2, percent signal change in
rPAR did not significantly predict SEA, while percent
signal change in rPFC was a significant positive predic-
tor both between persons and within persons. That is,
people with higher percent signal change in rPFC, but
not rPAR, showed higher SEA between the regions; and
for a given person, blocks of tasks that were higher in
rPFC percent signal change were also higher in inter-
regional SEA. Model 2 was a main effect model, testing
the relationship of percent signal change with SEA,
simultaneously controlling for age, education level, time
at task, and accuracy along with the other regional
percent signal change. Only between-person variance
in rPFC remained a significant predictor when control-
ling for all of these variables (though within-person
variance in rPFC showed a trend toward significance:
parameter=0.35, p<0.09; see Fig. 2 for a plot of the
relationship between rPFC signal change and rPFC-
rPAR SEA).

Interestingly, group was not directly related to regional
SEA in this model (groups did not differ significantly in
SEA between rPFC and rPAR, parameter=0.05, p=0.75).
Finally, Model 3 retained the effects from Model 2, but

introduced moderating variables for group. No group moder-
ating variables were significant. Thus, the overall conclusions
from these models are that rPFC percent signal change is more
clearly related to interregional SEA than rPAR percent signal
change, and TBI status does not directly moderate this effect
nor does it predict SEA between these regions, holding other
variables constant. Education is negatively related to function-
al SEA (parameter=−.11, p=<0.01), which may hold some
implications for the importance of formal learning in network
efficiency.

To extend findings in rPFC from previous research in
chronic (cf. Hillary 2008) and early TBI (Sanchez-Carrion
et al. 2008a; b), we conducted a model testing whether TBI
status significantly predicts rPFC task-related percent signal
change early following TBI. Model 4 is presented in Table 3.
The likelihood ratio test for this parameter was nonsignificant
(parameter=0.15, p=0.11). Thus we did not fully replicate the
findings of Sanchez-Carrion and colleagues at this time earlier
time point (2008a). Controlling for age, accuracy, education,
and time on task did not change the interpretation. However,
this null finding may be partially attributable to sampling and
time since injury.

Finally, we conducted two models to predict RT in the task
using neurodynamic measures. The two central questions
were a) Which neurodynamic measure(s) (percent signal
change, regional SEA) uniquely predict RT; and b) Does
TBI status moderate these effects on RT? Model 5 is a main
effects model (as inModel 2), including percent signal change
from both rPAR and rPFC as well as regional SEA, along with
the covariates (Fig. 3). Results are presented in Table 4.

Controlling for other effects in this model, SEA was not
significantly related to RT (within-person parameter=−1.023,
p=.69; between-person parameter −30.094, p=.56). Howev-
er, within-person variance in rPAR signal change was a sig-
nificant negative predictor of RT (that is, task blocks higher in
rPAR percent signal change than usual for a given personwere
associated with significantly shorter RT), t=−2.65, p=.008.
Also, within-person variance in rPFC signal change was a
significant positive predictor of RT (that is task blocks higher
in rPFC percent signal change than usual for a given person
were associated with significantly longer RT), t=2.61, p=.009
(Fig. 4, Table 5).

In Model 6, we retained the effects from Model 5 but
added the potential moderating effect of group on each
parameter of interest. In this model, no moderating
effects were observed, again showing a reliable pattern
across both samples (Table 5).

Left hemisphere findings

A complementary goal of the current paper was to
examine whether the effects in models 1–6 were
unique to the right hemisphere. Models 7–12 examine
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the same effects in the left hemisphere (left prefrontal
cortex = lPFC and left parietal lobe = lPAR).

As can be seen in Supplementary Table 1, within-person
percent signal change in lPAR nearly significantly predicted

Fig. 2 Graph of the relationship between percent signal change in the rPFC(a) and rPAR(b) and SEA between the rPFC and rPAR between persons.
Points are subject means. Regression lines are shown for the TBI and Control groups to aid interpretation

Table 2 Parameters in mixed effects models

Hypothesis 1 Hypothesis 2 Hypothesis 3

Model 1a Model 1b Model 2 Model 3 Model 4 Model 5 Model 6

Independent
variables

rPAR w/in rPFC w/in Group Group Group Group Group

rPAR b/w rPFC b/w Block order Block order Block order Block order

rPAR w/in rPAR w/in rPAR w/in rPAR w/in

rPAR b/w rPAR b/w rPAR b/w rPAR b/w

rPFC w/in rPFC w/in rPFC w/in rPFC w/in

rPFC b/w rPFC b/w rPFC b/w rPFC b/w

Group X block
order

SEA rPAR-rPFC
w/in

SEA rPAR-rPFC w/in

Group X rPAR
w/in

SEA rPAR-rPFC
b/w

SEA rPAR-rPFC b/w

Group X rPAR
b/w

Group X block order

Group X rPFC
w/in

Group X rPAR w/in

Group X rPFC
b/w

Group X rPAR b/w

Group X rPFC w/in

Group X rPFC b/w

Group X SEA rPAR-rPFC
w/in

Group X SEA rPAR-rPFC
b/w

Control variables

Age Age Age Age

Education Education Education Education

Accuracy Accuracy Accuracy Accuracy

Dependent
variable

SEA rPAR-rPFC SEA rPAR-
rPFC

SEA rPAR-
rPFC

SEA rPAR-rPFC Percent signal change in
rPFC

RT during the 1-
back

RT during the 1-back

Key: w/in = within subjects; b/w = between subjects; rPFC = right dorsolateral prefrontal cortex; rPAR = right inferior parietal lobe; RT = response time;
SEA = synchrony of elicited activation; X denotes an interaction parameter
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SEA (parameter=0.40, p=0.07), but not between per-
sons (parameter=−0.05, p=0.76). Percent signal change
in lPFC was a significant positive predictor of SEA
between persons. That is, people with higher percent
signal change in lPFC, but not lPAR, showed higher
SEA between the regions. Model 8 was a main effect

model, testing the relationship of percent signal change
with SEA, simultaneously controlling for age, education
level, time at task, and accuracy along with the other
regional percent signal change. Between-person variance
in lPFC percent signal change remained a significant
predictor when controlling for all of these variables

Table 3 Connectivity between rPAR and rPFC during task as predicted by activation measures: Models 1, 2, and 3

Fixed effect Parameter estimate Std. error Likelihood ratio test χ2 (1 df) value p

Model 1a

Intercept .50 .09 5.76 <0.01*

rPAR within-person .27 .15 3.01 0.08

rPAR between-person .27 .18 2.24 0.13

Model 1b

Intercept .50 .08 6.53 <0.01*

rPFC within-person .43 .19 5.42 0.02*

rPFC between-person .97 .28 2.43 <0.01*

Model 2

Intercept 2.29 0.65 3.50 0.06

Group (TBI as ref) 0.05 0.14 0.10 0.75

Block 0.02 0.02 0.82 0.37

Accuracy −0.07 0.39 1.21 0.27

Age −0.01 0.01 3.75 0.05

Education −0.11 0.04 38.49 <0.01*

rPAR within-person 0.17 0.16 1.08 0.30

rPAR between-person 0.12 0.14 0.79 0.38

rPFC within-person 0.35 0.21 2.87 0.09

rPFC between-person 0.92 0.25 11.34 <0.01*

Model 3

Intercept 2.20 0.71 3.11 0.08

Group (TBI as ref) 0.00 0.22 – Not Tested †

Block 0.01 0.03 – Not Tested †

Accuracy −0.10 0.41 1.23 0.27

Age −0.01 0.01 2.35 0.13

Education −0.10 0.04 36.92 <0.01*

rPAR within-person −0.05 0.22 – Not Tested †

rPAR between-person −0.00 0.22 – Not Tested †

rPFC within-person 0.70 0.42 – Not Tested †

rPFC between-person 1.39 0.57 – Not Tested †

Group as a moderator of:

Block 0.00 0.04 0.01 0.92

rPAR within-person 0.46 0.33 1.88 0.17

rPAR between-person 0.19 0.28 0.47 0.49

rPFC within-person −0.47 0.48 0.96 0.33

rPFC between-person −0.60 0.66 0.82 0.36

P-values of less than .05 are bolded with an asterisk (*). In all models the
dependent variable is Fisher z-transformed correlations between rPAR
and rPFC. All models included a random intercept to represent differ-
ences between individuals. The ICC (intra-class correlation) for the
between-person level was .31. P values are calculated using the likelihood
ratio test

A† indicates that the parameter was not tested because it also contributes
to an interaction and was previously tested in the main effects model (i.e.,
in Model 2)

A denotes the use of a Wald statistic for the intercept-only significance
test
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and within-person lPAR percent signal change became
significant (parameter=0.50, p=0.03).

As can be seen in Model 8, groups did not differ significantly
in SEA between lPFC and lPAR (parameter=0.06, p=0.62).
Percent signal change in the lPFC positively predicted SEA
between persons and percent signal change in the lPAR predicted
positively predicted SEA within persons. Finally, Model 9
retained the effects from Model 8 and introduced moderating
variables for group. No significantmoderating effectswere found
for the left hemisphere. To examine differences between groups
in lPFC percent signal changewe replicatedModel 4 in the lPFC.
No significant effect of group was found (see Supplementary
Table 2), and any effects left insignificant due to power issues
were small.

Finally,Model 11 andModel 12 (see SupplementaryTable 3)
replicated Model 5 and 6 in the left hemisphere. The
results indicated that lPAR percent signal change was signif-
icantly negatively related to reaction time between persons.

Discussion

The current study aimed to examine the relationship between
task-related signal amplitude and the connectivity between
these regions of maximum signal amplitude (SEA). We

examined these relationships in ROIs known to play a critical
role inWM and aimed to determine if these relationships were
disrupted after moderate and severe TBI. It was a primary
focus to determine whether local activation and inter-regional
functional SEA dissociably predict variance in behavioral
performance (specifically RT). Overall, we found that the
fundamental relationship between WM-related task activation
and SEA between the right prefrontal cortex and right parietal
lobe was not disrupted even in the first months following
moderate to severe TBI. Additionally, right prefrontal activa-
tion was an important predictor of both SEA and RT in both
groups recapitulating findings in chronic samples in TBI that
the right dorsolateral prefrontal cortex plays a role of primary
importance in response to the new challenges that moderate to
severe injuries place on the brain (see Hillary et al. 2006;
Hillary et al. 2011; Turner et al. 2011; Medaglia et al. 2012).

rPFC percent signal change predicted SEA within and
between persons irrespective of group, controlling for accura-
cy during the task, age and education. Subjects that more
greatly recruited rPFC activity demonstrated higher inter-
regional SEA, and during blocks of the 1-back where rPFC
activity was increased, greater SEA was also observed. The
latter effect was reduced to near-significance after the addition
of covariates, but these findings overall corroborate findings
from chronic moderate to severe brain injury that rPFC acti-
vation is critical to inter-regional activity during WM

Fig. 3 Within-person
relationship between percent
signal change in the rPFC, rPAR,
lPFC, lPAR and RT. See
Supplementary Table 3 for full
model parameters for the left
hemispheric regions. A *
indicates a difference between
groups at p<.05. Error bars are ±
1SE

Table 4 Signal amplitude change in rPFC during task as predicted by TBI status

Fixed effect Parameter estimate Std. error Likelihood ratio test χ2 (1 df) value p

Model 4

Intercept 0.17 0.07 2.59 0.11

Group (TBI as ref.) 0.15 0.09 2.58 0.11

P-values of less than .05 are bolded with an asterisk (*). The dependent variable is task-related percent signal change in rPFC. All models included a
random effect to represent differences between individuals. The ICC for the between-person level was .55. P values are calculated using the likelihood
ratio test

A denotes the use of a Wald statistic for the intercept-only significance test
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processing early after injury. The findings suggest that local
signal amplitude modulation in the rPFC is a core feature
guiding brain neurodynamics during WM processing. It also
suggests that the principal relationship between local spike
timing and SEA predicted by Chawla and colleagues (1999)
remains intact even in the early months following moderate to
severe TBI. This is an important finding given the
longstanding concerns about the influence of trauma on the
fundamental relationship between the BOLD signal and neu-
ral firing (see Hillary and Biswal 2007). The results of the
present study provide additional support for the notion that
increased amplitude repeatedly observed in TBI represents the
recruitment of cognitive control mechanisms that support
information processing during periods of cognitive inefficien-
cy. A second key implication of these findings is that while
interregional SEA is critical to distributed WM processes,
long distance SEA changes are an emergent property of local
regional computations that are recruited to perform basic WM
processes. This hypothesis should be explicitly explored in
other clinical investigations since it is straightforward that
local computations and inter-regional dynamics are intimately
connected. While the current study demonstrated no observ-
able disruption between local activation and inter-regional
SEA in rPFC and rPAR, this may not be the case for all
regions, cognitive processes, or clinical syndromes.

While the most common finding in the TBI literature
examining WM performance in chronic TBI is recruitment
of PFC, this was not observed in the very early sample here. In
fact, while non-significant, the data were more consistent with
some less common reports of reduced rPFC activity while
engaged in WM tasks (Sanchez-Carrion et al. 2008a; b). The
samples were small and matched for behavior, which may
partially explain the lack of significant between group differ-
ences in percent signal change since recruitment has been
commonly observed in cases of performance decrements in
the TBI sample during scanning sessions. While simulation
work in mixed effects modeling suggests we had sufficient

power to detect small effects, significance values are influ-
enced by sample size. Whether rPFC activity is generally
reduced early following injury and what implications this
may have for later outcomes is an open question.

The mixed model approach here was successful in identi-
fying important relationships between the neurodynamic mea-
sures and behavior. Critically, SEA was not significantly re-
lated to RT, rPFC was positively related to RTwithin subjects
during the course of the task, and rPAR was negatively related
to RTwithin subjects. The rPFC finding importantly replicates
findings using the n-back task (including the 1-back) in a
sample of chronic TBI (Medaglia et al. 2012), but with even
greater confidence due to the within-subject block-wise pa-
rameter used in the current model. Thus, the rPFC activation
in this recently injured sample likely suggests the same mod-
ulation of cognitive control resources observed in chronic TBI
and healthy individuals, but early following injury, functional
recruitment between samples was suppressed due to overall
matches in RT. Additionally, it is possible that after functional
and structural network changes become more consolidated in
chronic phases post-injury, the prominent role of rPFC in
responding to general network challenges becomes exagger-
ated and is more detectable as neural recruitment in chronic
TBI. Thus, the current findings may represent the precursor of
what eventually presents as neural recruitment in the rPFC as
the recovering brain continues to cope with novel challenges
and new learning.

A unique finding in the current study was that block-wise
changes in activation in the TBI sample were equivalently
related to RT as in controls. Thus, efficient local node signal-
ing in rPFC remains important to effective information pro-
cessing early following injury. Notably, previous work has
suggested that early coarse behavioral measures such as GCS
predict brain activation (Scheibel et al. 2009) whereas focal
lesion load does not (Scheibel et al. 2007), suggesting that
functional phenomena such as those described here are likely
representative of networks sensitive to functional challenge

Fig. 4 Between-person
relationship between percent
signal change in the rPFC, rPAR,
lPFC, lPAR and RT. See
Supplementary Table 3 for full
model parameters for the left
hemispheric regions. Error bars
are ± 1SE
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irrespective of obvious focal injury. Thus, outcomes during
recovery from TBI may depend on intact right dorsolateral
prefrontal cortex functioning as a necessary computational
contribution to new learning and the efficiency of the overall
network.

The novel finding that local rPAR activity was negatively
related to RT within persons suggests that the state space of
neurodynamic signaling during WM following TBI is

complex. Local increases in rPFC activity predict both in-
creasing RT and SEA with rPAR, but it is clear that rPAR
signal change is at least partially independent from rPFC
activation. Cognitive studies of spatial representation suggest
that the parietal lobe has an important role in stimulus repre-
sentation and mental manipulation of stimuli for cognition
(Alivisatos & Petrides 1997; Cohen et al. 1997; Harris et al.
2000; Podzebenko et al. 2002). Thus, the negative relationship

Table 5 RT during task predicted by neurodynamics: Models 5 and 6

Fixed effect Parameter estimate Std. error Likelihood ratio test χ2 (1 df) value p

Model 5

Intercept 1138.66 191.41 5.95 <0.01*

Group (TBI as ref) 12.30 40.44 0.09 0.76

Block −4.415 2.94 2.25 0.13

Accuracy 58.883 64.30 13.69 <0.01*

Age −1.84 2.03 0.81 0.37

Education −40.52 12.706 205.92 <0.01*

rPAR within-person −68.601 24.81 7.5 <0.01*

rPAR between-person −10.089 39.26 0.07 0.80

rPFC within-person 91.10 31.87 8.012 <0.01*

rPFC between-person 73.07 85.38 0.72 0.39

SEA rPAR-rPFC within-person −1.023 10.63 0.73 0.69

SEA rPAR-rPFC between-person −30.094 52.11 0.33 0.56

Model 6

Intercept 1147.53 208.08 5.52 0.02*

Group (TBI as ref) 38.60 47.97 – Not Tested †

Block −0.16 4.26 – Not Tested †

Accuracy 72.12 64.67 13.77 <0.01*

Age −2.00 2.12 0.88 0.35

Education −42.59 13.49 208.44 <0.01*

rPAR within-person −100.39 33.98 – Not Tested †

rPAR between-person 9.94 61.02 – Not Tested †

rPFC within-person 180.63 65.29 – Not Tested †

rPFC between-person 277.16 208.98 – Not Tested †

SEA rPAR-rPFC within-person −11.13 15.71 – Not Tested †

SEA rPAR-rPFC between-person −101.88 86.38 – Not Tested †

Group as a moderator of:

Block −7.86 5.82 1.81 0.18

rPAR within-person 54.85 51.09 1.15 0.28

rPAR between-person −40.24 79.12 0.26 0.61

rPFC within-person −115.52 74.48 2.39 0.12

rPFC between-person −237.81 225.19 1.10 0.30

SEA rPAR- rPFC within-person 15.88 21.22 0.56 0.45

SEA rPAR- rPFC between-person 99.62 100.33 0.97 0.32

P-values of less than .05 are bolded with an asterisk (*). In all models the dependent variable is reaction time in the 1-back task. All models included a
random intercept to represent differences between individuals. The ICC for the between-person level was .54.P values are calculated using the likelihood
ratio test

A† indicates that the parameter was not tested because it also contributes to an interaction and was previously tested in the main effects model (i.e., in
Model 5)

A denotes the use of a Wald statistic for the intercept-only significance test
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between rPAR signal change and RTmay imply that increased
fidelity of stimulus representation is required for better per-
formance in both controls and TBI, whereas reduced rPFC
activity represents decreased necessity of cognitive control
resources. Notably, the only left hemispheric findings using
the same mixed effects modeling approaches were that higher
percent signal change in lPFC between persons and lPAR
within persons were associated with increased interregional
SEA. The lPFCmay serve a control role in the left hemisphere
analogous to that in the right hemisphere during general
stimulus processing and decision making, but differently from
the rPFC in that it does not modulateWM performance during
the short time epochs in the current n-back design.

One strength of mixed effects modeling is that it
allows simultaneous estimation of a number of within
and between subject parameters of interest and covari-
ates. After completing our analyses we additionally ex-
plored achieved power (due to the emergence of several
null findings) using the software package PinT v. 2.1
(Snijders and Bosker 1993). These analyses confirmed
that adequate statistical power (1 – β= .80) was
achieved, for all parameters of interest, to detect small
to medium effects (Cohen’s d ranging from 0.1-0.4).

Extensions of this approach could include the addi-
tion of other regions known to be involved in WM
modulation, such as the cerebellum or other subcortical
regions. Further, modeling the relationship between
neurodynamic signaling during WM processing and time
may reveal important predictive relationships between
early brain region processing and behavioral efficiency.
Perhaps most critically, while much recent literature has
moved toward examining SEA during rest, analyses of
the relationship between local signal amplitude changes
and the use of cognitive manipulations will be critical to
a comprehensive understanding of inter-regional signal-
ing and its consequences for behavioral efficiency.

Another signal analysis issue is that of scaling. We
note two separate considerations. First, we sampled
regionally-bound ROIs consistent with regions known
to be involved in WM processing, but did not sample
exhaustively for all peaks in PFC and parietal regions.
Thus, it is possible that a number of group effects not
selected here would be evident for loci that are not
most intensively activated during WM. Second, all data
within the current study were derived from within-
person estimates of signal location and scaling (i.e.,
percent signal change and SEA were defined within
subjects). This is commensurate with common practices
in statistical packages (e.g., SPM), where effects are
first estimated at the subject (“first”) level and then
examined at the “group” level. Our mixed-effects ap-
proach identified several reliable within- and between-
person effects that conform well to previous studies and

theory of plasticity in WM networks following TBI
despite any scaling problems in the current method.
These findings were detected despite any main effect
of task-related signal attenuation due to movement re-
gression in our block design (Johnstone et al. 2006).
The use of motion regressors has varied in the WM
functional neuroimaging literature in TBI, though task
related signal detection in WM regions has been dem-
onstrated despite the presence (Medaglia et al. 2012;
Sanchez-Carrion et al. 2008a, 200b) and absence (See
McAllister et al. 1999; 2001; Christodoulou 2001;
Scheibel et al. 2007; Turner and Levine 2008) of mo-
tion regressors in signal detection during the 1-back. In
addition to signal estimation approaches, there are myr-
iad other theoretical questions left unanswered about
why particular individuals respond to injuries in variable
ways. One of these includes when unscaled data ap-
proaches may be theoretically desirable, which would
be an innovation over many conventional statistical
approaches.

Several limitations apply to the current study. First,
while a block design was used to obtain estimations for
both SEA and percent signal change during WM pro-
cessing, the ability to model specific trial activity was
reduced. Thus, it will be important to use techniques
that include event-related or mixed event and block
de s i gn s t o examine t empo ra l comp lex i t y i n
neurodynamic signaling. Relatedly, we examined only
one cognitive condition (the 1-back), whereas variance
in cognitive load is known to importantly modulate
brain activity and perhaps especially rPFC function in
healthy individuals and neurological populations
(Garavan et al. 2000; Jansma et al. 2001; Landau
et al. 2004; Ramsey et al. 2004; Hillary et al. 2010;
Medaglia et al. 2012; Turner et al. 2011). It is possible
that many of the modeled relationships between behav-
ior and neurodynamics here are only relevant to cogni-
tive conditions of low demand early after TBI. Exami-
nation of multiple cognitive conditions will be important
to continue examining how neurodynamics facilitate ef-
fective performance early and during recovery. Progress
in this area could move the field toward formal predic-
tive models of the relationship between network prop-
erties, cognitive efficiency, and eventually outcome tra-
jectories. Piloting of the 2-back, however, demonstrated
near-chance performance in the TBI sample this early
following injury, making the practical administration and
interpretation of the task difficult, and it was excluded
from the current analyses. Additionally, as the load level
of the n-back increases, so does the burden of its
temporal complexity, which makes its interpretation as
a WM task further difficult (see Kane et al., 2007). It
was the purpose of the current study to focus on core
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neurodynamic functions in a task simple enough to
elicit similar task performance between controls and
TBI. It thus remains an important and difficult problem
of how to model the necessary and sufficient bases of
disrupted higher-load n-back performance early follow-
ing moderate to severe TBI. Notably, since both execu-
tive and working memory demands increase with load
in this task, distinguishing between disruptions in these
processes should be a major focus in early recovery
from injury. While the regions examined here were
selected due to the prominence of analyses demonstrat-
ing a role of the right parietal and prefrontal cortices in
WM in healthy individuals and following injury, single
summary time series will not capture all aspects of
neurodynamic processing during task processing. Future
work should continue to examine the state space of
intra-regional processing during cognitive functioning
and rest, since nuances in local neural processing will
likely hold important implications for the production of
behavior and global network characteristics.

Conclusion

In sum, the current work represents an important step
toward understanding the fundamental relationship be-
tween two measures of neurodynamics in fMRI during
early recovery from TBI. The role of the rPFC signal
amplitude appears differentially important as a marker of
behavioral efficiency during WM processing in TBI dur-
ing acute recovery as WM demands transiently change
even under conditions of overall sample demographic and
behavioral matching. As much work has moved toward
investigations of SEA during resting states, the current
work demonstrates important primacy of local percent
signal change as a potential necessary antecedent of
SEA and behavioral performance in WM in acute recov-
ery. While much of the field moves toward default mode
functional connectivity analyses, cognitive manipulations
and local signal dynamics remain important in under-
standing distributed brain dynamics. Future work should
progressively aim toward an integrated neurodynamic
model that predicts behavior recovery following injury
as a function of both local node activity and inter-
regional functional relationships across time. Of note,
our early TBI sample was able to perform this simple
task comparably to HCs, whereas more a more cognitive-
ly demanding task may reveal disjunctions in local and
long-distance functional signaling. The fundamental link
between local signal activation and inter-regional SEA
should be investigated in many brain regions under vari-
ous clinical and behavioral states to understand topologi-
cal functional differences in clinical samples. The findings

in the current study suggest that as long as a local region
is robustly activated relative to the individual’s baseline
during WM, it will demonstrate preserved SEA with other
similarly active regions. Investigating more severe
disrupted regions and local signaling will be a necessary
next step to explain how the human functional
connectome copes with diffuse traumatic brain injuries.
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