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Abstract

Functional magnetic resonance imaging (fMRI) has been increasingly used for understanding
cognitive processes in both healthy and clinical populations. In this work, we employed various
computational approaches in stutlyibrain alterations in U.S. Arnspoldierswith posttraumatic
stress disorder (PTSD) and mitidumatic brain injury (mTBI). PTSD and mTBI share largely
similar symptoms, and have high comorbidity in military populations, with 7% of war veterans
acquiringboth disorders. Despite such high prevalence, the neural underpinnings of PTSD as well
as comorbid PTSD and mTBI remain poorly understood. We employ multiple approaches,
including functional connectivity (FC) modeling, effective connectivity (EC) modeéind
complex network analysis, to investigate brain disruptions in these disorders. Notably, we used
dynamic connectivity in all our analyses for characterizing variability of connectivity over time,
in addition to traditionally used static connectivity rs@as.

Using restingstate fMRI, we first employed static and thwarying FC to identify significantly
alteredceacti vati on patterns whi c hcommected pbofild in thee mp o r «
disorders. Using wholbrain connectivity in a datdriven manner without the imposition of any
priors or assumptions, we identified only the hippocanrgtuatum path to be significantly altered
in the disorders, which likely represents hdibie response associated with traumatic memories.
This path also hatdigh behavioral relevance. Using machine learning classification, we showed

that this path is a potential imaging biomarker of PTSD and mTBI.



Next, we performed EC analysis using Granger causality for identifying sources of network
disturbances in PTSDnd mTBI. Causality, or directional connectivity quantified using EC, is
characteristically different from eactivation or FC. While EC gives connections between regions,
the source of disruption should be a region, not connection. We thus employed l@ligtuba
framework to identify the source region(s) of disruption using a novel framework. We found that
the middle frontal gyrus is the source of disruptions, whose dysregulation causes overdrive in
subcortical regions, leading to heightened emotiongborese to traumatic memories. The
identified paths also had high behavioral relevance and diagnostic ability.

Though the results obtained from EC analyses were informative, we recognized that
connectivity modeling of individual paths does not capture alters in network architecture
which are critical for producing complex behaviors. We thus employed complex network analysis
to study networKevel alterations in the disorders using EC networks. We studied specialized
processing (segregation) and effidi@jmmunication (integration), as well as their variability
using timevarying network dynamics technique developed by us. We identified netexsk
markers which help in distinguishing between PTSD and comorbid conditions, a vexed problem
whose solutiorinas been elusive in current literature. We found alterations of network architecture
in two subnetworks, frontevisual and frontesubcortical, with disruption primarily originating in
prefrontal areas of cognitive control. Taken together, FC and ECsasgyovided novel insights
into the underlying network structure, the flow of information and the foci of disruption in these
disorders, which might help in developing objective diagnosis and treatments for these disorders.

Next, using fMRI during an ention regulation task, we studied the network of cognitive
emotion regulation in healthy adults and its dysregulation in comorbid PTSD and mTBI. This was
important since emotion dysregulation is seen as the major cause of symptoms observed in



disorders likethese. We identified activated regions using GLM analysis. We performed EC
analysis using the timeseries obtained from the identified regions, which provided the network of
emotion regulation and dysregulation while actively engaged in an emotion regukk as
opposed to restingtate.

With all the aforementioned analyses, one aspect which needs mentioning is that fMRI is not a
direct measure of neural activity. It measures blood oxygenation which is an indirect measure,
hence susceptible to souragsvariability which are nomeural in origin. The transfer function
between neural activity and fMRI, called the hemodynamic response function (HRF), is known to
vary across the brain in the same subject, and across subjects. We obtained the HRF@tedvery
using blind deconvolution. We hypothesized that there are gusgdifferences in HRF and that
they may drive connectivity differences if HRF variability is not removed from the data. We found
significant HRF differences between the groups mainlypasterior cingulate, precuneus and
secondary visual areas. We performed desbed connectivity using them, and found that ignoring
HRF variability during connectivity analysis leads to possible false positive and false negative
connectivities.

In summay, we propose and test a comprehensive mechanistic model of brain alterations in
soldierswith PTSD and mTBI, and illustrate the precautions to be followed during fMRI analysis
to reliably characterize brain functioning in these disorders. We hope thatdhi contributes
towards the development of effective diagnoses and treatments for PTSD and mTBI. Finally, the
tenets of the proposed analyses framework is agnostic and generally applicable for characterizing

brain alterations underlying various mentelaiders and cognitive domains using neuroimaging.
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CHAPTER 1

Introduction

1.1.Motivation

Military service members put their livesragk to protect their countryJnfortunately, a large
percentage of those who return from wars develop wedated complications, since they are
constantly exposed to IH#reatening circumstances and explosions. Thégn develop
posttraumatic stress dister (PTSD) a consequence of psychological trauma, and-tralsimatic
brain injury (mTBI), a consequence of physical trauma to the. lhiedade U.S. alone, more than
2.7 million soldiersserved in Iraqg and Afghanistan, with about 20% acquiring PTSD, 19%
acquiring mTBI and 7% acquiring boff]. As of today, a thorough mechanistic understanding of
their underlying brain mechanisms has not emerged, amid considerable efforts in that direction
over the years. We attempt to advance human knowledge in this direction.

PTSD is characterized by high aeti, reexperiencing traumatic memories, hypervigilance
and hyperarousal. In combat veterans, PTSD has highocbidity with mTBI[2, 3] due to the
risk of being exposed to improvisedplosivedevices (IEDs) and neblast events. Significant
percentage of those who sustain mTBI suffer chronic symptoms cc@osiission syndrome
(PCS)[4]. With current diagnostic procedures and treatments centering on subjective assessments,
a thorough undstanding of the mechanistic basis for PTSD and PCS is essential for accurate
diagnosis, targeted treatment and for making retioratuty decisions. Due to largely overlapping

symptomatology between PTSD and P[G§ it is necesary to identify and validate objective



markers of the respective neurologic and neuropsychiatric conditions to improve clinical
evaluation and, ultimately, treatment outcomes. In this work, we take a step in that direction.

There are several possible chlesicof modalitiesin studying brain functioningPositron
emission tomography (PET), functional magnetic resonance imaging (fMRI), functional near
infrared spectroscopy (FNIRS), electroencephalogram (EEG) and magnetoencephalogram (MEG)
are the most predomant modalities used to obtain brain signals. Among them, we use fMRI
which provides the optimal tradeoff between spatial and temporal resolution with minimal risk to
the subjects.

There are several ways in which fMRI can be used to infer brain functidnittie design of
the experiments itself, data camabedobwhlhémneidn
asked to keep their eyes open, let their thoughts wander and lie still in the scarmanwt
establishedhat the resting state ohe brain acts as a baselise@ate which influences the
performance and outcome when the individual engages in[@iskiEhe pattern of brain activity
during rest largely resembles the pattern of activity when the individwadrms tasks. For this
reason, restingtate fMRI (RSfMRI) has gained enormous momentum in the past decade. RS
fMRI is not task dependent, hence free of variability in task performance across subjects.
Additionally, RSfMRI findings are not stereotypictd any particular task, hence they have better
generalizability. An alternate approach is to have the subjects perform certain tasks inside the MRI
scanner, which are carefully designed controlled experiments aimed at capturing certain specific
mental praesses. Task fMRI fIMRI) thus provides information on brain functioning when the
particular task of interest is being performed, and hence is highly informative as well as highly

stereotypical to the task under consideration. In this work, we emplefMRS&to discover



baseline alterations isoldierswith PTSD and mTBI, as well as-fMRI to discover specific
alterations during an emotion regulation task.

Two approaches are popular fMRI data processing: activation analysis and connectivity
analysisActi vation analysis aims at identifying
while a particular task is performed, as compared to a baseline condition. It provides information
on specific brain regions required for specific processes assoacitbdthe task under
consideration. However, brainds functioning
isolated activation of the regions themselves. Its power lies in its interconnectedness. Connectivity
analysis aims to model interrelationsbetween brain regions. In this work, we employed various
connectivity techniques in understanding brain networks associated with PTSD and mTBI.

Interrelationship between brain regions is thought to be of two typeacts@tion and
causality. Ceactivaion refers to simultaneous activity of two brain regions, which indicates that
both the regions under consideration are acting together to enable certain cognitive Gimcess.

activation is modeled using functional connectivity (F€]) Causality, on the other hand, refers

~

r

to nebtiseet o relationship between two regions,

other being the destination/effect. It indicates that brain activity changes in one regions is, in effect,
causing altered activity in another region. It is modeled using effective connectivity(EEL
and EC provide fundamentally different information on interrelationships in the brain. In this work
we employ both FC and EC toderstand brain network alterations in PTSD and mTBI.

While connectivity provides valuable information not available through activation analysis,
connectivity findings are harder to interpret since understanding of brain functioning is based
on brain egions, and not connections. Hence it would be useful to identify altered regions in the
disorders using connectivity data. Moreover, we recognize that most abnormalities in natural

3
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systems are characterized by certain source(s), and that identifyingcaifgdng such source(s)
could automatically rectify rest of the abnormal effects. Hence we sought to identify the source(s)
of the disorders from EC networks. We employed a novel probabilistic framework to identify such
disease foci.

As noted earlier, FGnd EC model the interrelationship between two brain regions. This
formulation is in itself imperfect, because brain operates through simultaneous interrelationship
between all the regions, not just pairs of them.fl@djng pairwise connectivityas donan FC
and EC, leads to an inadequate and incomplete representation of the-tgutlynagherein the
importance of a particular connection in relation to the rest of the connections is ighisrétis
imperative to study the brain as an ensemble oheciions, instead of bivariate connections
assessed separate§imilarly it is important to study an ensemble of nodes/regions, instead of
studying aggregate connectivity profile of each node/region in isoldtmthis effect, we employ
complex networlanalysis using graptheoretic technique$8] to study networlevel directional
connectivity alterations in PTSD and mTBI. At the netwlakel (meaning ensemble of
connections), functional segregation is a property whichtgiesthe ability for specialized local
processing to occur in densely connectedrsetivorks, while functional integration quantifies the
ability for efficient communication between such segregateehstusorks. It is now established
that an optimal batece between segregation and integration is a characteristic of the healthy brain
[8]. We study alterations in network segregation and integration in PTSD and mTBI.

Traditionally, FC and EC analysis implicitly refers to statieasures of connectivity, wherein
one single connectivity value is computed for the entire lengths of the timeseries. However, such
a formulation seems intuitively incomplete, because the state of the brain is changing every
moment, the subjects are charggievery momentand soare the mental processes. It seems

4



impossible that the brain remains in the same state for the entire duration of the scan, which
typically lastsfor several minutesDynamic connectivity (DC) captures the timarying nature

of conrectivity. In DC, connectivity is continuously evaluated over time, thus giving a series of
connectivity values over time. Temporal variability of connectivity can be derived from DC.
Surprisingly, DC is yet to be extensively used in fMRI. There have beeworks on PTSD or

mTBI which have employed DC. In this work, we employed both static and dynamic FC and EC
in novel frameworks, which provides unique characterizations not seen before in literature.

Having identified baseline alterations in PTSD and mTBing FC and EC, it would be
beneficial to model brain network alterations while a specific task is being performed. Given that
emotion dysregulation is seen as one of the prime causes of several symptoms in PTSD and mTBI
[9], we studied the brain network of altered emotion regulatiorhealthy adultsand its
dysregulation ircomorbidPTSD and mTBI using effective connectivity.

A key aspect which cannot be ignored in all these analyses is that fMRI is not a direct measure
of neural activity.When there is neural activity in a particular locality, the increased metabolism
causes demand for oxygen, which results in increased local blood flow in the capillaries, which is
captured by fMRI. Hence, all processes which happen betweerirtng neurons and the
hemoglobin in the blood could cause changes in the fMRI signal which do not correspond to neural
activity. This transfer function is called the hemodynamic response function (HRF). The HRF is
known to vary across different braiagions in the same subject, and also vary across subjects
[10]. Thus, HRF variability could cause connectivity differences between subjects, as well as
between groupne way to overcome the issue, at least in part, is to perform deconvolution on
fMRI data to obtain latent neural signals. Deconvolution typically involves estimating the
underlying HRF and then performing using it to obtain the neural signal. In this werk
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performed deconvolution to remove HRF variability, thus minimizisgimpact on the data.
Lastly, we sought to identify brain regions which showed HRF differences between the disorder
groups and healthy controls. The motivation was to identify th@me showing altered HRF in
the disorders, so that fMRI studiesuld exercise caution while interpreting their results if HRF
variability is not removed. Additionally weundthat such HRF alterations leadgossiblefalse
positives and false negativesconnectivity findings if HRF variability is not removed from the
data.

In summary, we study alterations in-activation and causality networks in the brains of
soldierswith PTSD and mTBI, which might provide novel characterizations that could enhance
clinical diagnosis and treatment. Ultimately, it could improve the lives of those who give their

lives for ther country.

1.2.This Work in Relation to Prior Literature

There has been considerable progress towards understanding the brain mechanisms of PTSD
and mTBI. Several activation studies and subsequent 1anesdyses have identifidcey cortical
and subcortical areas as being involved in these disdiderd2, 13] which largely ovdapped
with the regions identified in this work. Several connectivity studies have also inconsistently
identified certain connections to be affected in the disordéds 15, 16] However, a
comprehenive understanding of the underlying network structure, their causal relationships and
information flow has not emerged from the studies. The findings have been inconsistent to some
extent, and a mechanistic understanding of the underlying disruptionddadhe symptoms has

not emerged. We attempt to fill that gap in this work.



Additionally none of the prior studies have utilized dynamic connectivity information in
characterizinghese disorders. Dynamic connectivity has been shown to carry behaviooadly
relevant information than static connectivity, and is also shown to have better predictive ability
than static connectivitjl7]. That being the case, we feel that our analysis has a distinct novelty
over priorworks.

It is also surprising that there have not been any studies which have utilized effective
connectivity (EC) modeling to understand PTSD or mTBI. Given that these disorders are primarily
seen as frontal dysregulation disorders, EC is ideally suitedaacterize the underlying causal
relationships arising in the prefrontal cortex and targeted towards subcortical and parietal regions,
causing dysregulation. With the combination of EC and dynamic connectivity in novel
frameworks, we believe that our vikgprovides unique insights into the brain alterations in PTSD
and mTBI not available till n@ in literature.

While the brain regions involved in cognitive emotion regulation have been sfa8iedhe
interrelationship betweethem and their network structure has not been identified. Emotion
regulation is key to several cognitive control processessm@adion dysregulatiois thus common
to several important disorders. Prior works have speculated on the network of ematiatioreg
and proposed hypothetical netwoiks8], but none of them have been proved with evidence. We
intend to identify the network of cognitive emotion regulato dysregulatiorand contribute
to the field in that directio.

While progress has been made towards understanding HRF variability in fMRI and its impact
on data analysid.0], there have been no prior works which have studied group differences in HRF
variability and its impact on conn@aty modeling. Additionally, HRF variability in PTSD or
mTBI have not been studied. We attempt to contribute in this direction. In summary, we contribute
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along multiple dimensions towards both computational modeling approaches and in the

understanding d?TSD and mTBI in this work.

1.3.Organization of the Dissertation

Thedissertations organized as follows. Chap®@describes certain general methods which are
common to the rest of the chapters, including data acquisition aimiquessing. Chapters 370
present work on each of the distinct topics. Each chapter begins with an introduction which
described the motivation for that work and the hypotheses, followed by methods specific to that
chapter results and discussio@hapter3 presentdunctional canectivity analysisChapter4
presents the identification of disease foci from effective connect@itgipters presents complex
network analysis using effective connectivity netwoaksl Chapter6 presents HRF variability
and its impact on connectivitgodeling Chapters & deal with connectivity modeling of resting
state data. We found that networks involved in emotion regulation were impaired. Therefore, in
Chapter7, we specifically investigate effective connectivity changes in the emotion regulation
network when it is engaged in an emotion regulation @bkkpte provides concluding remarks

on this work andChapter9 lists peerreviewed publications emerging from this work.



CHAPTER 2

General Methods

This chapter describes certain general methoduding data acquisition and gveocessing,

which are common to the rest of the chapters.

2.1.The PTSD Dataset
Recruitment

Active-duty soldiersbetween the ages of 18 and 50 years were recruited from Fort Rucker, AL
USA and Fort Benning, GAUSA to voluntarily participate in the current study. Recruitment
utilized posters and flyers distributed and posted at local facilities including the TBI Clinic and
Behavioral Health ClinicsSoldiers being treated for PCS and were referred to the study by
clinicians if believed to meet eligibility criteri&oldiers that were interested in participating called
the provided phone number whereupon they weresg@reened and sent the consent form via post
or email to be signed and returnddpon receipt of theeturned consent, potentially eligible
participants were called to schedule their
Center.

The studywascarriedout in accordancsvith the latestversionof the Declarationof Helsinki
and theprotocoland proceduresvere approvedoy Auburn University Institutional Review Board
(IRB) andthe Headquarterd).S. Army Medical Researchand Materiel Command,IRB (HQ

USAMRMC IRB).



Participants

RestingstatefMRI data Eighty-severmale, activeduty soldiers 17 with PTSD, 42 with both
PCS and PTSD (PCS+PTSD), and 28 contraith(all three groups matched age, race and
education), all having combat experience in Iraq (Operation Iraqi Freedom, OIF) and/or
Afghanistan (Operation Enduring Freedom, OEF), vearelled inthe study.

Task fMRI data:Fifty-nine male, activeluty soldiers 36 with both PCS and PTSD
(PCS+PTSD) and 23 combat controls (both groups matched in age, race and education), all having
combat experience in Iraq (Operation Iraqi Freedom [O#fidl/or Afghanistan (Operation

Enduring Freedom [OEF]), were enrolled in the study.

With both restingstate and task fMRI dataylgjects were grouped based on PTSD symptom
severity using the PTSD Checkist(PCL5) scoreglinician referral, postoncussive symptoms
using theNeurobehavioral Symptom Inventory (N&ihd medical history.) iSubjects with no
history of mTBI in the last five years, a total sc@@8 on the PCL5 were groupedmssttraumatic
stress group (PTSQroup) ii) Subjects with a history of medically documented mTj@dst
concussive symptoms, asdoresO38 onthe PCL5were grouped athe comorbidPCS+PTSD
group iii) Subjects with a score < 38 on the PCL5, no DISMIR or DSMV diagnosis of a
psychoticdisorder (e.g. schizophrenia)p mrBl within the last 5 years, ando history of a
moderateto-severe TBI were grouped asmbatcontrols. All subjects were screened for MRI
contraindications. All participants reported having deployed to a combat em&nbriVith
restingstate fMRI data,lte PCL5 scores were significantly differeR{(X, 172) = 20.6443) =
3.64 x 10*) between the control group and the PTSD and PCS+PTSD groups conasogd
postconcussive symptonNSI) scores were significantly differerf(l, 172) = 32.687& = 1.32

x 10%% between the PCS+PTSD group and the PTSD and control groups combitiedask
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fMRI data,PCL5 scores were significantly different (F(1, 57) = 9.28, p = 4.31-24)etween

thetwo groups, as also the NSI scores (F(1, 57) = 14.37, p = 7.92%)10

Measures

PTSD Checklisb (PCL5,[19]). The PCL5 is a 2@tem selfreport measure that assesses DSM
5 symptoms of PTSD. The PCL5 has a variety of purposekiding screening individuals for
PTSD, making PTSD diagnoses, and monitoring symptom change during and after treatment
Items are rated using agint Likert scale;1 = "Not at all" to5 = "Extremely." A total symptom
severity score (rargg 20-100 can be obtained by summing the scores for each of the 20 items

with a cut scoref 38for aprecursorydiagnosis of PTSR20].

Neurobehavioral Symptom InventoS], [21]). This 22item selfreport questionnairés
designed to assess pasincussive symptoms in individualsho have sustained a TBI.
Participants rate the severity of each symptom within the past month -@oiat3_ikert scale
ranging from 0 (none) to 4 (weiseverg. A total symptom severity score (ra@-88) can be

obtained by summing the scores of the 22 items.

CNSVital Sign® (CNSVS, [22]). CNSVS is a computerizedneurocognitiveassessment
battery. The presentstudy usedfive CNSVS subtests(verbal memory,symbol digit coding,
Strooptest, continuousperformanceest, and shiftingattention test). The following CNSVS
domainscoresverecalculatedverbalmemory(VM), complexattention (CA), reactiortime (RT),
processingpeedPS),cognitiveflexibility (CF),andexecutive functioning(EF). Domainscores
have ameanof 100 and standarddeviationof 15. Domain scores were averaged to form a single

score or neurocognitive composite index (N2B].
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Procedures

When participants arrived at Auburn Universi
testing appointment, they were-sereened for eligibility, thoroughly screened for MRI
contraindications, and yfeonseh ed t o ensur e foul | comprshensi o
benefits, and their right3he participants underwent restiatate fMRI, emotion regulation task

fMRI and DTI scans along with a standard anatomical scan.

RestingstatefMRI: Participants werecanned in a 3T MAGNETOM Verio scanner (Siemens
Healthcare, Erlangen, Germany) using T2* weighted multiband -plelmar imaging (EPI)
sequence in resting stdtbe participants were asked to keep their eyes open and fixated on a white
cross displayed witldark background on the screen usingfaotec projection system and not
think of anything specific) wi t h TR=600ms, TE=30ms, FA=55¢, n
3x3x5 mni and 1000 volumesBrain coverage was limited to the cerebral cortex, subcortical
structures, midbrain and pons (the cerebellum was exclug@dg¢ach subject, two separate scans
were performed, thus providing us 174 sessions of resting state fMRI data for the 87 subjects.
Mathematically, this boosted the statistical power for ouryaisabeyond that would have been

available from single scans from 87 subjects.

Task MRI: FMRI data was acquired in a 3T MAGNETOM Verio scanner (Siemens Healthcare,
Erlangen, Germany) using T2* weighted multiband EPI sequence, with TR=600ms, TE=30ms,
FA=55¢, -acdr#2,ivixa sizk= 3.5%x3.5x5 mm3, 680 volumes per run and 4 runs per

subject. A 32channel head coil was used.
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DTI: Participants were scanned the same3T MAGNETOM Verio scanner (Siemens
Healthcare, Erlangen, Germany) usidgfusion weighted muiband EPI sequence, with
TR=3600ms, TE®5ms, FA=90e , vV 0 X @.8x1.883inmmg b=0, 1000,25 slices acquired
parallel to the AGPC plane matrix=128x128, field of view (FOV) = 230 mand number of
diffusion directions20. Participants withpartial brain coverage or excessive motion were

excluded fromanalyses

Emotion regulation taskWVe adopted the task design employed by Urry g28].(please see
Fig.21), which uses a block design. After a 1s fixatwnss, the subjects were shown either a
negative image or a neutr al Il mage (jittered
negative images were supposed to arouse a negative emotion in the subjects while the neutral
images were supposed to noealfthe emotional state of the subject. Unlike prior studies which
used the international affective picture system (IAPS), we used the military affective picture
system (MAPS) developed by our grof@4], which represents imagésr military populations
relevant to experiences of operations in Iraq and Afghanistan. Next, the subjects were asked to
either AfAenhanceo, or fAmaintaind or AsSUppress
Aenhanced condi t i eguired td ihceeases thebintemsityt f negatve emotion
towards the image by either imagining that they or their loved one was experiencing the situation,
or imagining a more extreme outcome than the
subjects wee required to reduce the intensity of negative emotion towards the picture by either
viewing the situation as fake or unreal, or by imagining that the situation has a better outcome than
the one being depicted. Thi $sveénwiopregulatesnssbwea ct r «
al so choose to call it the o6regulationdé condi

just maintain attention on the picture without changing their negative feelings. The subjects would

13



then report the success refgulation using a button press (within 5 seconds) from the following
options: no emotion, not successful, somewhat successful, very successful. Each such trial lasted
about 17 seconds. A total of 96 trials were performed in 4 blocks of 24 trials each. Fou
counterbalanced instruction conditions were employed: (i) neutral image, maintain emotion, (ii)
negative image, maintain emotion, (iii) negative image, enhance emotion, and (iv) negative image,

suppress emotion.

1 s Fixation

3-7 s View

Maintain
5-8 s emotion

Haintain

2 Report
1 . . F) 5 5
s Fixation D Success
(7>
&
_ “y, e
3'? s View i 4. Very successful
Regulation

(Suppress
5-8 s emotion)

Suppress

Report
5 Success

. No Emoticn
. Not succassful
Somawhat auccesaful
Vary successful

Fig.2.1. The emotion regulationtaskh owi ng t he sections relevant f
the subjects would see an image arousing nega'f

emotion (no change of emotional state), or 0:c¢

emotia, that is, perform cognitive emotion regulation)
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2.2.FMRI Data Pre-processing
Restingstate fMRI Data Preprocessing

Standard prgrocessing of resting state fMRI data was performed including realignment,
normalizationto MNI space detrending and regressing autisancecovariatessuch sixhead
motion parameters, white mat{®/M) signal,andcerebrospinal fluiqCSF)signal An additional
pre-processing pipeline was executed which was identical to the one described above, thet with
added step aflobal mean signakgression (GSRn order to examine its effects given conflicting
reports about its utility25, 26] Preprocessing was performed using Data Processing Assistant
for RestingStae fMRI (DPARSFVv1.7) [27], which is based on Statistical Parametric Mapping

(SPM8)[28] and Restingstate fMRI Data Analysis Toolk|jR9].

The datavere normalied rendering each timeseries wittro mean and unit variance. These
were then input to a blind deconvolution algorit[88] in order toremove nomeural variability
of the hemodynamic response function (HR&)d estimate latent neuronal timeserid$e
deconvolution is blindinceboth theHRFand the underlyintatent neuralimeseriesareestimated
only from the observed fMRI dataSpecifically, we used the method demonstrated by Wu et al.
[30], which has gained wide acceptance and usability owing to its interpretability, robustness,
simplicity, validity and an increasing awareness in the community on the necessity for
deconvolution. Many recent papers have employed it (sesxtonple[31, 32, 33]. Briefly, the
approach relies on modeling resting state fMRI data as-egktéed data with randomly occurring
events using point processes and then estimating -gpeeific HRFs usingWeiner

deconvolution.

Prior works show that physiologically meaningful information is contained in higher

frequencies (above 0.25 Hz) in BOLD fMRI data, and that the defsade network, for example,
15



can be reliably obtained using high frequencies aJ84g It is notable that bangass filtering
was not performed during pprocessing, since deconvolution makes use of this information
carrying higher frequency components, in addition to standard lower frequencies, fde reliab

estimation of HRF, while discarding higrequency nois€30].

Deconvolution was performed becausmfoundsemergingdue to inter-subject and spatial
variability of the HRH210] could give ris¢o a scenario wherein two fMRI timeseries have high
directional connectivitywhile the underlying neural variable® not and we versa (refer to
Fig.22 for an illustration).Further, causal connections could readily switch directioribaf
underlying HRFs have different time-peak. To this effect, it has been shown thettashvolution

producesmproved estimation of effective connectiv|B8b, 36}

Given the high dimensionality of wheleain fMRI data, nean decovolved fMRI timeseries
were obtained from 125 functionally homogenedwain regions determinedusing spectral
clustering (known as the cc200 templ§85]). Further connectivity analysis (performed on

Matlab® platform) utilized these 12fimeseriesrom eachsubject
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(a)  GC:Granger Causality from blue to red signal
Fig.2.2. lllustration of the importance of performing hemodynamic deconvolution, using two
timeseries from real fMRI data. The latent neural sigaaé convolved with HRF to give BOLD
fMRI timeseries. HRariability could potentially give rise to a scenario whereint{@ undying
neuralvariables haverue high directional connectivitymeasuredising Granger causality [GC]
from blue to red signalandtrue low correlation (R)while the BOLD fMRI timseriesshow low
GC and high Rand (b) thdatent neural signal®iavetrue lowGC and high Rwhile the BOLD
fMRI timeseriesshow highGC and low RGC and R need not necessarily have a negative

relationshp, though it is true in this example.

Emotion Regulation Task fMRI Data Prgrocessing

All MRI data analysis was performed on Matlab® platform. Standargyeessing of fMRI
data was carried out including-8piking, realignment, normalization to MNI space and smoothing
using an 8mm Gaussian kernel. The data was resliced to 2mm isotoapis.Preprocessing

was performed using Statistical Parametric Mapping (SHR8)
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CHAPTER 3

Functional Connectivity Analysis

3.1.Introduction

About 20% of military service members develapsttraumatic stress disord@TSD) [38].

PTSD is characterized by high anxietyepgeriencing traumatic memories, hypervigilance and
hyperarousal. In combat veterans, PTSD tigh comorbidity with mild-traumatic brain injury

(mTBI) [2, 3] due to the risk of being exposeditoprovisedexplosivedevices (IEDs) and nen

blast eventsSignificant percentage ahosewho sustain mTBI suffer chronic symptoms or post
concussion syndrome (PCH). With current diagnostic procedures and treatments centering on
subjective assessments, a thorough understanding of the mechanistic basis for PTSD and PCS is
essential for accuratiagnosistargetedreatmentand for making returto-duty decisionsDue

to largely overlapping symptomatology between PTSD and[BIC# is necessary to identify and
validate objective biomarkers of the respective neurologic and neuropsychiatric conditions to
improve clinicalevaluation and, ultimately, treatment outcomes.

We employed restingtate functional MRI (MMRI), which avoidstask dependencyand
subsequent performance differences. We performed connectnalysis on r$MRI data,
without a priori assumptions conoeing regions of interest (ROIdjunctional connectivity (FC)
refers to measures of instantaneous correl@gtweerfMRI signalks obtained from different brain
regions.There have beereseralrecent fMRI FCstudieswith PTSD[38, 39, 40]and PCY2, 5,

41]. However, very little work has been done on comorbid PTSD and PCS, even though
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comorbidity is the norm rather than the exceptiomiltary populationg40]. Their findings have
been mixed39].

Hyperconnectivityis seen as a response to neurological disrugd@handis observedn
individuals wih PTSD[38, 39, 43] Most studies employ only statieC (SFC) and ignore dynamic
variation of connectivity over time or dynai€C (DFC). Several studies show that DFC
signatures in subjects with mentigorders are different from that in healthy subj¢t4s 45, 46,

47]. DFC isalsorelated to realorld cognitive behaviorgl8], which may make it a good tool for
studying disorders like PTSD and PCS where cognitive functioning is compromised. SFC and
DFC providedifferenttype of information regarding connectivity between two brain redi@js

Reduced temporal variancen DFC is associated withpsychiatric disorders as well as
compromised behavioral performance in healthy individiEs51] This reduction is associated

with compromised abilityto dynamically adjust(e.g. behavior, thoughtstc.) to changing
conditions.This phenomenon isell recognized in other biological systems suctedsicecheart
ratevariability being a risk factoof cardiovascular diseagb2]. Sinceexternal influences and

internal body states acentinuallychangingahealthybiologicalsystem varies its activity in real

time to accommodatinesec hange s . Il n t hese t eftectsscompridvrhised z e n 0
brain healthThe currenttdy uses these principles to identify functional connections in the brains

of soldiers with PTSD an dcof€ctd stateicarnpared to eealthyn a f
soldiers.

Active-duty, U.S. Army soldiersscreened positive folPTSD, both PCS and A'SD
(PCS+PTSD, andhealthycombatcontrolswere recruitedWe tesed an overarchindnypothesis
that PTSD with and without PCS is associated with higher conneesivéggth (SFC) but lower

connectivityvariance (variance of DF{¥DFC] calculated ovetime, Fig3.2) as compared to
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healthy controlgFig.3.1a) Further, we hypothesized that connectivitiesild be more extreme
(i.e. higher SFC and loweDFC) in PCS+PTSBsubjects comparead PTSDsubjectsindicative
of greatersymptom severityWe notaby tested the hypothesis on whddeain connectivity data
withoutimpositionof any priors or assumptions.

In addition to the primary hypothesis, there were multiple corollary hypotheses addressed in
this study. First, if theonnectivitiesvereindeedmoreextreme(i.e. higher SFC anldwer VDFC)
in PCS+PTSBsubjects compared tBTSDsubjects it raises the question as to whether the
PCS+PTSD groupb6s condition is being driven by
state unique, potentially duettte addition of mTBI sequelae? We attempt to address this question
by investigating structural alterations of whitetter tracts in all three groups with the hypothesis
that changes in axonal integrity must be exclusive to the PCS+QT@&Ip, likely attrbuted to
the mTBI suffered by these subjedRI diffusion-tensorimaging (DTI) tractography provides
meaningful information concerning diffusion of water moleculeshite-matteras a measure of
tract trajectoryjntegrity and directionality. Whitanater neuropathology can result in increased
diffusivity, for example,with inflammation from demyelinatiof53, 54] In a recent study
involving veterans from Irag and Afghanistan wars who were diagnosed with[$8L,SDTI
showed differences iwhite-matterdiffusivity associated with regions that also had abnormal
functional connectivityln line with this finding we predictedhatthere would be congruently
greater diffusivity in theractsconnecting regionwith altered functional connectivityherefore,
supporting thergument that PCS+PTS@oup is etiologically different from PTSBroup

Second, if we are successful in finding functional connections in the brain which satisfy ou
overarching hypothesis, it will be important to determine their relevance to behavior and clinical
diagnostics. Our subjects are traditionally assigned diagnostic groups based on clinical observation
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and symptom reporting. While sekport symptom scose provide quantifiable subjective
assessments of severity of the disorders (i.e. psychopathology), neuroimaging data petiades
characterization of underlying pathophysiology. Hence, we postulated that grouping of subjects
based on significant connedty values would be superior (in terms of how the groups map to
behavioral clusters) than the traditional diagnostic grouping. Specifically, connectivities from
significant paths which fit our overarching hypothesis were used to regroup the subjéuts, giv
two distinct groups (pureontrol and purd>CS+PTSD) and an intermediate group. Indeed, this
approach has been actively promoted by the National Institute of Mental Health (NIMH) in the
Uni ted States by publ i cat i o mtpowivw.niinRneh.godrasdarenh D 0 me
priorities/rdoc/nimhkresearcrdomaincriteriardoc.shtm). RDOC is agnostic about current disorder
categoriesand the intent is to generate classifications shagdrivenw a y . The fAcore |
anal ysiso adv amsc etdbaslrgment® @fo @articular circuits as studied by
neuroimagingtechniqués. I n | i ne with this i deodatadjiven a r ec
definition of groups in psychiatric spectrum disorders can identify new groups which map better
onto behavioral cluste®6]. Our regrouping strategy is inspired by these recent developments.

In order to address this secondary hypothesis, behavioral measures obtained from a
neurocognitive batterwere separately grouped using botimventional and proposed grouping
and their statistical separation between groups were compared for bothT¢tasesomparison
was done to test the hypothesis that the new grouping based on underlying neurobiology (as
inferred from connectivity) will map better onto neurobehavior than conventional grouping based
on symptoraseverity scores.

Third, both our primary hypothesis and corollary hypotheses are based on an analysis
framework which relies ostatisticalseparatio between groups. Howevetassticalseparation
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of betweengroup connectivites doesnot necessarily imply that they hapeedictivediagnostic
ability [57]; that is, they may not be able to predict group membership at i@rdiral level with
reasonable accuracgonsequently, those connectivities which are statistically significant as well
as possess the discriminative power to classify subjects with high accurangrar@owerful
Several studieseportthat machindearnng classifiers can be successfully used on fMRI fiata
diagnosic prediction including but not limited to majordepressivalisorder[58], Parkinson's
diseas¢59], PTSD[60], dementig61], autism62] and prenatatocaineexposure syndronié7].
However to the best of our knowledge, there are no studies which havearsedtivity markers
in the classification oboth PTSD andPCS subjects. Fareuropsychiatriclisorderslike PTSD
and PCS, which are currently diagnosed solely thraligical observation, classification using
neuromaging signatures could be applied to abtaiore accurate diagnes in these highly
comorbid conditionsTherefore, using wholbrain connectivity data we identified, in a data driven
way, those features which predict the diagnostic membership of a novel subject with high
accuracy. We specificallyvestigated whether there was an overlap between connectivity paths
satisfying the overarching hypothesis and those identified as haighgredictive ability. We
hypothesize that these paths (i) will better predict the diagnostic membership of suimeet
than nonAimaging measures, and (ii) will predict the group membership of a novel subject with
significantly better accuracy for the proposed connectlvityed grouping (as elucidated in
previous paragraph), as compared to conventional grouping.

Fig.3.1b illustrates the complete analysis pipeline with a hierarchical flowchart (outcomes are

discussed in results section).
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illustrating the analysis pipeline employed in this work
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3.2.Methods
3.2.1.Static and Dynamic Functional Connectivity

Most studies investigate functional connectivity (FC), a metric of synchronicity of activity in
disparate brain regions, assuming connectivity to be temporally stati@hargmic fluctuations
of connectivity arenot captured when using static connectivity. It has been shown that dynamic
changes in FC are relevant to neuropatho[68Y as well asbehavioral performance in different
domains (alertness, cognition, emotion, and persgriadiits) in healthy individuald17]. For a
comprehensive overview &fFC of resting state fMRdeeHutchisonet al. [64].

PreviousPTSD and mTBktudies have not enumerated the tytibf dynamic information in
connectivity fluctuationsover and above the information obtained from conventional static
connectivity in clinical applications. In this study, we have used static as well as dynamic
functional connectivity measures. SFC dpiEC values were obtained between all pairs of 125
brain regions. For SFC, Pearsonds correlation
DFC, we employed sl iding wivardbtewieddw léhgttavhichon s ¢
wasdetermined daptively byassessingime series stationarity throughe augmented Dickey
Fuller test (ADF test)as in our recent stud¥7]. This procedure searches for the optimal window
length within a specified range using stationarity of the signal as the criteria for optimization. We
have used a liberal range of 20 to 140 data points. The justification for using this range for resting
stae fMRI data is provided in Jia at. [17]. Fig. 3.2 illustrates the concept underlying SFC and

DFC.
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Fig. 3.2 lllustration of the evaluation of static and dynamic functional connectivities

SFC and DFC were obtainbeétween all pairs of 125 regions, thus obtaining ax125 SFC
matrix and a 1281251000 DFC matrix per subject1000 being the number of time points)
Variance of DFC(vDFC) values over time was evaluated to obtain ax125 DFC variance
matrix per subject. Significant group differences in SFC (d¥eC) were obtained for all pairs of
connectivity paths (p<0.01 FDR correctedjultivariate Nway ANOVA (MANCOVAN)
statistical test was usedig8ificant group differences wereontrolled for age, gender, race,
education and head motion (using mean fravise displacemendbtained across all brain voxels
for each subjects defined by Power ell. [65]). As mentioned before, we investigated the
exisence of significant connectivity paths which had higher SFC but IeW&C in disease
compared to controls, with connectivities being more extreme in PCS+PTSD compared to PTSD.
For the paths which fit our hypothesis, their connectivity values were alselated with
neurocognitivescores CI and subtesjsand symptom severity in PTSD (PCL5 score) and in PCS

(NSI score).
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3.2.2.Regrouping subjects based on connectast

In line with our hypothesis, & postulatedhe following: (i) new diagnostic groupsreated
based on theeparation of significant connectivity values would better map onto behasior
compared to commonly used symptom severity scores (PCL5 andai&()i) PTSD and PCS
are spectrum disorders wherein individuals are likely to lie am#ruiumrangingfrom healthy
controls to comorbid PCS+PTSD, rather than form distinct clydtersce forming pure healthy
and cemorbid groups (with diagnostic confidence being very high in the pure groups) and an
intermediate group (low diagnostionfidence) may be clinically usefudll the control subjects
also hadcombat experienceand hencea percentagemight possess borderline neurahd
behavioralalterations associated with PTSDd PCS or both.Furthermore, subjects that fall
within the PCS+PTSDgroup might exhibit anywhere from mileo-moderateneurocognitive
decrementsmaking it indistinguishable from the PTSD groWith all these factors in place, it
may be desirable tdevelop objective clinicatlassificationausing imaging rathehtin symptom
reporting Hence we propose a practical approach wherein the subjects are griotpddo
extreme pure groups ana atermediategroup based on imaging measures such as SFC and
vDFC. This paradigm is still compatible with the fact that teugs may have significantly
different means, but a large standard deviation so that they overlap. Therefore, we devised a
method wherein the subjects are regrouped into the following three gdjypsie control,2)
intermediate grou@nd3) pure PCS+P3D. A hypothdtal example is shown in Fi§3. Plotting
the connectivity values in thevo-dimensionakpace of SFC gaxis) and vDFC (3axis), we can
expect to find connectivities of control subjeeisd PCS+PTSD subjects atpposite ends
Furthermore, wexpect to seerdntermediateegion between these two extremes where there will

be a combination of subjects that aberderline healthy, those with PTSD symptomsnd
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comorbid postoncussive and PTSD symptonis contrast pure controls and pure PCSE$D
groups can be defined as subsétsubjects whdall outside thisntermediategroup on either side,
respectively. The objective of regrouping is to maximize the heterogeneity ofténmediate

group while simultaneously minimizing the hetgeneityof the pure groups.

Due to computational feasibility,gaid searclwas usedo achievesubject groupingAssuming
thatN paths satisfyur overarching hypothesis.e. significantly stronger SFC with lower vDFC
in disease compared to healthf)e connectivity values of all the subjects were embedded in the
2N-dimensional connectivity space (each path is associated with SFC and vDFC values, hence
2N). In order to explain this procedure intuitively, we consider tihe-dimensionalexample
shownin Fig.3.3. Subjects in the control group wer e
PCS+PTSD group as 0636. We wused the wvariance
heterogeneity. For exampleurecontrol group would ideally have ontpntrol subjectqtag=1),
hencethe variance of the tags for the group would be zero.ifitkemediategroup would have a

mixture of all three groups (1, 2 aB) hencat would have higher nemero variance.
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Hypothetical example for the regrouping procedure
Separation
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Fig.3.3. Hypothetical example illustrating the proposegrouping procedure using simulated data

Two separatiomyperplanesof dimension2N-1 (lines in thetwo-dimensionalexample being
considered) which were parallel to each othiere arbitrarily initiatedAs regards to our specific
2D examplethe equatin of a line in two dimensions is given ymx+c, wherey andx are the
variables on the-pxis and xaxis, respectivelym is the slope and is the intercept. For a given
range ofx andy values, the position of the line is determined by its ang)extd shift €). Within
the given range of SFC and vDFC values, we generated all possible pairs of parallel lines using all
possible values dadnde, shift, and separation between the lines. Témturespace between the
two separation lines was identified thg intermediategroup and thefeaturespace outside them
as the two pure groups. We evaluated the heterogeneity of each of the three groups (using variance
as explained above) for all possible separation lines generated. We then searched for that pair o
nearest separation hypelanes (or lines in our 2D exampl&hich resulted in highest variance

in theintermediategroup and least variance (ideally, zero) in the two pure grdinese twavere
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chosen as the final separation hypmnes (or lines i”2D case), which were used to create the

new groups based on connectivity: pure contiotermediateand pure PCS+PTSD.

In order to find the diversity of thentermediategroup, percentage of controls in the
intermediateggroup (saypc) along with the percentage of PCS+PTSD subjectspsagnd PTSD
subjects (sapp) were obtainedIf Nc is the number of control subjectsthre intermediatgroup,
Np is the number of PTSD subjectsthre intermediategroup, Npp is the number oPCS+PTSD
subjects irtheintermediategroup,Tc is the total number of control subjects,is the total number

of PTSD subjectsandTyp is the total number of PCS+PTSD subjects, then,

nooj'ynn  ojynn 0 jTY o

For example, if there were 14 contrabsthe intermediate groufout of 56control subjects
overall then 25% of controls (&) would be in thentermediategroup (remaining 75% would be
in the pure controls group). It was important that we took the percentage mixture to calculate
diversity rather than absolute numbers sitimenumberof subjects in each group was different.
We then generated a vector of ones, twos and threes in the same proportion in which we obtained
the group percentages (SXyata), and obtained its variance (S&yats). Likewise, maximum
possible variance was obtad with ones, twos and threes being present in equal numbers (say

Xmax, With variancéVmay).

& b8 6 6 Qi aditB o 0 Qi adioB o Qi A GOl OWE GO
(3.2)
& pipFB 0 0 Q1 adkB G 6 Q1 adoM 6 6 Qi D oI Qs HQ
(33)
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WhereNn is the average number of subjects, whicthestotal number of subjects divided by
3 (=29 in the current study The percentage of the ratio of variance obtained from group
percentages to the maximum varianc¥d¢tw/Vmay Was used to compute the percentage diversity
of theintermediategroup. Obviously with this definition, the two pure groups would have 0%

diversity.
5 1 T e N 3\ et e ’ (12 \ 2
0 Qi (A)QSO)QIDMIE)Q&OODT[H o8

If the new grouping magbetter onto behavior than tbenventionagrouping vhich washased
onsymptom screening and clinician refejralcan begpostulatedhat the new grouping cgmedict
PTSD and PCSequeladetter tharconventional methodsn order totest this we statistically
compared subjects grouped using both dbeventionalgroupingas well as thaew grouping
obtained by the propode procedure on neurobehavioral measures (i.e., neurocognitive
functioning) Corresponding mean asstandard deviatiorSD) values of individual groups were

obtained along with the statistical significance ofdifeerences between the groups.

3.2.3.Classification using support vector machine

Statisticalseparation between neural signatures (etgst) does not necessarily guarantee
generalizability or predictive capacity of those signatureslitignosis A statistically significant
connectivity path eed not havehigh predictive ability and vice versa. Consequently those
connectivity paths which are both statistically significant (according to our hypothesis) and top
classifiers (high predictive ability) assume more power, #reteforerelevanceHerce we have
used machine learning methods to identify those connectivity paths (or features) which can

accurately classify individuals between PTSD, PCS+PT&81d controls. A Recursive Cluster
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Elimination based Support Vector Machine (R6¥M) classifier[66] was used to classify the
subjects based on significant SFC and vDFC values. First, significant group differences were found
for all the three comparisons (contres. PTSD control vs. PCS+PTSD and PTSDvs.
PCS+PTSD), using a threshold of p<0.05 (controlled for age, race, education and head motion),
for both SFC and vDFC. We used an uncorrected p<0.05 threshold since we wanted to be liberal
about which features are input to the classifier and let the atssioose the most predictive
features. Next, we found overlapping paths between the three comparisons. The overlapping paths
for SFC and vDFC were combined to provide the input features to the classifier. This initial
filtering enhances the quality ofadsification[67], and ensures thaon-discriminatoryfeatures

are not fed into the classifier.

Our choice of support vector machine (SVJd3] for classification was motivated byitvide
acceptance and applicabilitgr classification in several fieldsncluding neuroimaging69].
Previous studies have shown that using discriminatory features enhances classification
performance oSVMs [66, 67] Therefore, we employed recursive cluster elimina{REGE) a
wrapper method which iteratively eliminates features to minimize the prediction error, where
feature selection and classification steps ambexlded together. The main steps involve the
clustering step, the SVM scoring step and the RCE step. The features that were initially input into
the classifier were divided into training and testilagasets The classifier was trained using the
trainingdataset,while the testing data set is totally kept blinded to the classifier. Once training is
complete, the testing data is inpuito the classifierand classification accuracy is obtained. This

ensures @neralizability of the results.

In the clusterig step, kmeans al gorithm was usednbdlusterc| ust e

The number of clusters wasitially set to the number of features, athen was iteratively
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decreased by one until no empty clusteesel e f t nd Tohbet ad n eation beyvedtasithes i t e
i ni néi aflo ro -$ViMdoopRICtike SVMscoring step, each cluster was scored baseits

capacityto differentiatebetween the two groups by using linear SVM. In order to assess the
performance of the clusters, the training dates randomly partitioned into 6 naverlapping

subsets of equal sizes (6 folds). Using 5 subsets, the SVMawasdand performance (accuracy)

was computed using the remaining subset. All possible partitions were generated by repeating the
clustering ad crossvalidation procedures 100 times. For each of these 100 repetitions, the

classification accuracy wadmined using the testing data.

Using the outcome of 100 repetitions and 6 folds for each repetitieraverage value of the
accuracieswasagshed as the clustero6s scocleterswelee bot
eliminated in the RCE stepeRaining features were merged and the valla®@f was r educed
20%. This ensures that only certain top classifying features qualify for the nexbitefdte
clusterngstep, the SVMscoringstepand the RCE stepere repeated again iteratively. After each
iteration, performanceof the classifier was obtained using the reduced number of features
compared to the earlier iterations. Once the numberusteris reached two, the procedure was
stopped Fig.34 illustrates the RCISVM procedure using a flowcha@omplete separation of
testing and training data sets in this procedure eliminates bias in the computation of classification
accuracy[70]. Further, the features in the final two clusters are those with highest discriminative
ability and hence carry predictive value for diagnosis. Complete details about th&\RCE

algorithm can be obtained from previous rep{8& 71}
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Fig.34 Flowchart illustrating the RCESVM classification procedure

Classification was performed separately for all the three comparisons @ortlientional as
well as the proposedew groupingsi(e. control vs PTSD, control vs PCS+PTSD and PTSD vs
PCS+PTSD in theonventionalgrouping andpure control vsntermediate pure control vs pure
PCS+PTSD andntermediatevs pure PCS+PTSD in the new grouping). For both groupings,
outcome measures such accuracy and final set of discriminative features were obtained by
intersecting the results obtained by each of three individual classifiers. In order to be conservative,

we obtained the worsiase classification accuracy by considering the minimum acgwalue
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obtained from the test data set among all 600 iterations (100 repexttftdds). The statistical
significance of accuracies was obtained by estimating thalyes usinga binomial null
di st r i but bemgthe Brobahility pf,accuratclassificatiorandd beingthe number of
participants, as in previous stud[@g]. Only those accuracies whose@gues were less than 0.05

(Bonferroni corrected) were considered as statistically significant for fystbeessing.

We repeated the above procedure and performed classificatiorB@singimaging measures
as input features instead of SFC and vDFC connectivities3Zngeasures weréi) behavioral
measuresall CNSVS measuresncluding theNCI score; (i) psychological health measures:
PerceivedStressScale, PittsburglisleepQuality Index, EpworttSleepinessScale,Zung Anxiety
Scale, and Zung DepressionScale (iii) exposure/injury descriptives<Combat ExposureScale,
lifetime concussionsand Life Events Checklist. Worstcase classification accuracies and top
classifying features were obtained, as before, and these results were compared with the results

obtained using connectivity values.

3.2.4.DTI Data Processing

One of the ways to find owthetherincreased severity in tHeCS+PTSDgroup is due to an
mTBI (structural damage) or due to the compounding effect of two disofd&€&D(and PCS)
combined,is to look at structural changesing DTI. Probabilistic diffusion tractography was
carriedatusingFr SLO6s Di f f usi ¢78, 74] Regibnk of mterésE(RAT))which were
connected by functional paths satisfying our overarching hypothesis (i.e. significantly stronger
SFC and lower vDFC in disease comgzhto healthy) were identified as seed and target regions.
Briefly, a probability density function was created at each voxeherprincipal fiber direction.

Connectivity probabilities were estimated between the sewbtarget ROIs by repeatedly
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sampling connected pathways through the probability distribution function. Samples were drawn
from the connectivity distributigrand the proportion of those samples that passed through both
ROIs was defined as the probability of the connection betweesetiteand the target. For each
analysis we thresholded and binarized individual subfesesults to include onlyhose voxels

with a connectiorprobability >10%.These images were then combined to create group, maps
which would help us find out whethehndre is any structural basis for increased severity in
PCS+PTSD subject®Vhite matter tracts were subsequently identified using the JHU ICBM DTI
81 White Matter Label Atlas hftp://www.loni.usc.edu/ICBM/Downloads/Downloads_DTI

81.shtm).

3.3.Demographics am Phenotypic I nformation
Demographics

The demographics for the tlerggroups are presented in Tablg.3here were no significant
differences between the groups in age, p = .699, or education, p = .152. The results indicated that
there was a differenceinhe frequency of reported psychotro
p =.011, with the comorbid group having the highest percentage of medicated subjects. There was
a significant difference between the groups in the number of reported lifetime ik (Bls, 5.81,
p = .004, specifically between control group and the PCS+PTSD group, but not the PTSD and

PCS+PTSD groups or control and PTSD groups, p > .05.
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Table.3.1. Basic Demographics

Variable Controls PTSD PCS+PTSD
Mean 32.6 32.2 33.7
Age, Median 31 32 33
years SD 6.7 7.6 6.8
Range 24 24 30
Mean 15.1 14.5 14.1
Education, | Median 16 14 14
years SD 1.9 2.2 1.9
Range 8 9 8
White 18(66.7%) | 11(64.7%)| 26(66.7%)
Black 2(7.4%) | 3(17.6%) | 9(22.0%)
Race Hispanic | 3(11.1%) | 3(17.6%) 2(4.9%)
Asian 2(7.4%) 0 1(2.4%)
Other 0 0 1(2.4%)
Medication 2(7.4%) | 4(23.5%) | 13(31.7%)*
Lrﬁﬁtér?se (y;n%”e) 0.3(2) 1.1(6) | 2.5(15)*

Psychological Health and Neurocognitive Function

36

The results revealed significant differences between the threeps in posttraumatic
symptoms (PCL5), F(2, 81) = 101.65, p < .001, jmostcussive symptoms (NSI), F(2, 78) = 49.79,
p <.001, and combat exposure (CES), F(2, 79) = 40.69, p < .001vallips remained significant
after corrections for multiple copaisons. As observed in Table23the PCS+PTSD group had
the highest scores out of the three groups on these respective measures.

The results indicated that after corrections for multiple comparisons, the control group had
significantly higher scores thahe PCS+PTSD group on all neurocognitive measures, p < .05,
with the exception of Reaction Time and Verbal Memory, p > .05. The PCS+PTSD group also had

significantly lower scores in Cognitive Flexibility, Executive Functioning, and the NCI compared




to thePTSD group, p <.05. The findings suggest that both the PTSD and PCS+PTSD groups have
lower scores than controls, but also, the comorbid group has greater impattmaaritse PTSD

group (see Table.3).

Table.32 Mean, median, and standard deviation ddL, NSI, CES, and CN&S

neurocognitive measures for each of the groups

Controls PTSD | PCS+PTSD

PSYCHOLOGICAL
Mean 23.5 56.6 70.9
Traumatic Stress | Median 21.5 48.5 70.5
SD 4.2 17.8 15.2
_ Mean 6.6 25.9 43.4
Poss;%opr;g‘rf;"’e Median 5 175 415
SD 4.8 19.2 16.1
Mean 7.2 16.7 28.6
Combat Exposufe | Median 2.5 15 29
SD 9.8 11.2 8.6

NEUROCOGNITIVE

N Mean 101.2 94.3 81.7
CI(\)Ir?]L;)rgsci?eng]r:t(Ijve; Median|  100.7 94.6 82.2
SD 12.9 12.5 20.7

Mean 97.4 95.3 84

Reaction Time Median 101 92 91
SD 23 11.9 32.8

Mean 94.2 78.1 70

Complex Attentioh | Median 99.5 92 80
SD 23.3 30.9 31.3

N Mean 103.6 97.1 80.5
F(I:e?(?tr)]illti![\;/sz Median 103 93 86
SD 16.3 15.2 26.7

Mean 104.8 100.1 89.9

Processing Spekd | Median 104 98 92
SD 20.9 11 20.1
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. Mean 106 101 84.1

Executive - dian 1045 104 90
Functioning

SD 13.3 13.2 24.8

Mean 99.6 92.1 83.6

Verbal Memory | Median 106.5 103 83

SD 12.5 9.5 13.9

@ denote9<.05, all three groups
t denote9<.05,Controls vs. PCS+PTSD
z denote$<.05, PTSD vs. PCS+PTSD

Note: Traumatic Stress = PCL5; Postconcussive Symptoms = NSI; Combat Exposure = CES.

3.4.Connectivity Results
3.4.1.RSfMRI Functional ConnectivityResults

In accordance with our hypothesis, tbennectivity path between left striatum and right
hippocampaformation (Fig3.58) showed higher connectivity strength and lower connectivity
variance in PCS+PTSD and PT§upscompared to controlg.his was the only patim whole-
brain connectivity data to conform to our hypothesis. Striatum region mainly contained caudate
head (MNtcentroid: -11.3,12.2,3.5) and hippocamgalmation contained entorhinal and
perirhinal corticesand anteriohippocampusnd parahippocampalygus (MNI-centroid: 19.4,
12.4:25.5).

This result was obtained with deconvolved data-goezessed with globaheansignat
regression (GSR). No paths were obtained in data without deconvolution, and excludinglGSR di
not change the current resufigs 3.5b and 3.5¢c show thehippocampusstriatum pathweights
being significantly different betweehe threegroups, with decreasingFC and increasing SFC

as we move from control to PTSD to PCS+PTSD.
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Fig.3.5 (a) Sagittal view of brain showing thleippocamps-striatum path, (b) Variance of
dynami¢-C and (c) stati€C values for the three group&l) Whitematter connectivity between
striatum and hippocampdbrmation: fibers connecting the two ROIs are more diffuse in

PCS+PTSDBgroup compared to PTSD cpntrols

The aforementionedesultwas obtained usindeconvolved data used a threshold of p<0.01
(FDR corrected) for testing statistical significance. Testing our hypothesis with a liberal threshold
of p<0.05 (FDR corrected), we found two paths to gaiBcant. In addition to the left striatuin
right hippocampal formation path mentioned before, the path between left striatum and left

hippocampal formation was the additional path to be found significant.

It is notable that we have used deconvolved ohatar analysis. Deconvolutid80] removes
HRF variability[75] in the BOLD fMRI signal and provides the latent neuronal time series. Results
obtained using nodeconvolved data could paotgally be influenced by HRF variability.
However, we tested our hypothesis on temporally hzass filtered (0.00.1Hz), preprocessed
fMRI data without hemodynamic deconvolution as used in conventional resting state connectivity
analyses. Notably, we diabt find any significant path supporting our hypothesis, indicating the
value of removing HRF variability and smoothing from fMRI time series even for functional

connectivity analyses.

Though lower connectivity variance (DFC) is most likely associatediliibhealth, both lower
and higher connectivity strength (SFC) has been previously associated-inhlit. Specifically,
previous literature has shown both stronger and weaker connectivity (SFC) in PTSD as compared
to controlg[76, 13, 77] Hence, we also investigated whether paths which had significantly lower

connectivity strength (SFC) and lower connectivity variance (VDFC) existed in PTSD and
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PCS+PTSD groups compared to contrélswever, none of the paths could fit this hypothesis

using either deconvolved data or conventionaldeoconvolved data.

Results were obtained with data which had undergone global mean signal regression while
preprocessing the data. There has been dab#te scientific community about whether or not
global mean signal should be remoy28,26] I n fact, Power et al note
to global signal regression are mainly based on results frordilmensional simulationf25], and
that further work that determines the applicability of these arguments to empirical data would
usefully inform decisions about using global signal regression as part of denoising strategies. In
order to account for this, we also performed the same analysis on preprocessed data without global
mean signal regression. We replicated the results showing that the left strieghtiippocampal
formation path was the only significant path in accordawt® our hypothesis, but with reduced
statistical significance (p < 0.05, FDR corrected). This suggests that performing global mean signal
regression can improve the statistical significance of the results by removing unwanted variance
from the data. Impdantly, the hippocampustriatum path remained significant despite concerns
about confounds that global mean signal (or its regression) may introduce. Additionally without
GSR, none of the paths fit our hypothesis with conventionaldeaonnvolved data. Ab, no paths
were found when we searched for lower SFC and lower vDFC values in PTSD and PCS+PTSD
groups compared to controls, with either deconvolved data or conventiord¢oonvolved data.

All these results unequivocally support that the left striatunght hippocampus path fits our
hypothesis irrespective of several qpm@cessing choices debated lately in the scientific

community.
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3.4.2.DTl results

DTI resultsrevealed greater diversity istructuralconnectivity between hippocampus and
striatum,with white-matterfibers connecting these two RQdgsingmore diffuse (implying less
integrity) in PCS+PTSEgroup compared to PTSD and control gro(gee Fig3.5d). The profile
wassimilar in controls and PTSBrom this we infethatcompromisedtructual integrity, greater
symptomseverity and neurobehavioral impairmemsindividuals with PCS+PTSD could be
associated with their documented mTBI, and that they are less likely just an extreme subset of
PTSD.

All three groups demonstrated structural aectivity between these two regions via the
following tracts: genu of the corpus callosum, bilateral cerebral peduncles, corticospinal tracts and
anterior limbs of the internal capsules. It should be noted that even though these tracts were shared
between goups, the comorbid group demonstrated significantly more breadth (perhaps implying
less efficiency, and more diffusivity). Additionally, the PCS+PTSD group demonstrated structural
connection via the pontine crossing tract (part of the middle cerebraige}iuhe right superior
and anterior corona radiata, and the right superior froattpital fasciculus. Both the control and
comorbid group demonstrated shared structural connectivity in the fornix, the left posterior limb

of the internal capsule, anklet left external capsule.

3.4.3.Correlation between fMRI connectivig#sand non-imaging measures

Connectivity valueof hippocampusstriatum pathcorrelated significantlyfsee Fig3.6) with
neurocognitivefunctioning (neurocognitivecompositeindex [NCI] and subtesjsand PTSD
symptoms(PCL5-score) and PCSeverity (NSI-score), thus highlighting their relevance to
underlying neuropathologyt wasnotable that correlations foll@dthe expected trendhcrease

in severity and decrease in behavioral penimnce correspord to higher SFC and lower vDEC
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Fig.3.6 Correlation between SFC values and (a) vertmory, (c) neurocognitive composite

index (NCI), (e) PTSD symptom severity (PCL5) and (g) PCS symptom severitgdElation
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between variance dDFC values and (b) verbahemory, (d) NCI, (f) PCL5 and (h) NS\l

correlations were statistically significant (numerical statisticSk8.3)

Here we present the correlation coefficient (R) between connectivity values and these measures,
along with te pvalue of correlation. We also present the mean (M), standard deviation (SD) and
effect size ( Coh evisdcompdrisoo of th€sd neadures, alogg vathu their p
values of separatioBehaviorally, the PCS+PTSD group (M =47.26, SD = 788} significantly
lower scores in verbal memory compared to the PTSD group (M = 52.00, SD = 5.39; Cd = 0.65;
p = 1.76 x 10); and the PTSD group (M = 52.00, SD = 5.39) had significantly lower scores in
verbal memory compared to controls (M = 56.25, SDG67Cd = 0.66; p = 3.17 x £ The
PCS+PTSD group (M = 81.71, SD = 19.82) also had significantly lower scores in NCI score
compared to PTSD (M = 94.33, SD = 11.50; Cd = 0.71; p = 7.16% 46d the PTSD group (M
= 94.33, SD = 11.499) had significantbwer scores in NCI score compared to controls (M =

100.80, SD = 12.42; Cd = 0.54; p = .016).

These behavioral differencasnongthe three groups are in accord with the pattern of neural
differences in connectivity. This has significant implications thaggest a strong relationship
between the clinical presentation and neurological functicsingnggroups (controls < PTSD <

PCS+PTSD).

The PTSD and PCS+PTSD groups, when combined, showed significantly higher PCL5 scores
(M =66.31, SD = 17.10) compareal ¢ontrols (M = 23.39, SD =4.2; Cd = 3.09; p = 3.64 x 10
4%, The PCS+PTSD group showed significantly higher scores in the NSI score (M = 43.41, SD =
15.24) compared to the PTSD and control groups combined (M = 13.11, SD = 13.7; Cd = 2.09; p

= 1.32 x10%9).
44



As mentioned before, the NCI score is an averagsiofbehavioral measures. Tabl&.3.
summarizes the correlation of each of its six components with the connectivity values. We can see
that the connectivities are significantly correlated with all ofrthe

The SFC values of hippocampsitsiatum path across all subjects had significantly high
negative correlations with several neurocognitive phenotypic measures, most notably with verbal
memory score and NCI score. Additionally they had significantly hagitipe correlations with
PCL5 and NSI scores. Similarly, the vDFC values had significantly high positive correlations with
verbal memory and NCI scores, as well as significantly high negative correlations with PCL5 and
NSI scores. Tabl84 shows the coefation values and correspondingvgdues of correlation

between behavioral scores/symptom severity and connectivity values.

Table.3.3 Correlation value (R) and correspondingvplue for the correlation adéach of the six

components of NCI scormdth SFCand variance of DFC

SFC Variance of DFC
Behavioral Measure
R p-value R p-value
Reaction time -0.2462 1.11 x 10 0.1527 4.43 x 102
Verbal memory -0.4239 5.57 x 1° 0.5482 4.89 x 100
Complex attention -0.4415 1.07 x 10 0.4017 3.93 x 108

Cognitive flexibility -0.5067 9.74 x 10" 0.4356 1.89 x 16"

Executive functioning | -0.5185 2.34 x 103 0.4486 5.35 x 109

Processing speed -0.4801 2.04 x 10 0.4252 4.97 x 10™
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Table.34 Correlation value (R) and correspondingvplue for the correlatiorof behavioral

measures and symptom severity with SFC and variance of DFC

Behavioral SFC Variance of DFC
Measure R p-value R p-value
Verbal memory | -0.4239 5.57 x 16° 0.5482 4.89 x 101
NCI score -0.5588 1.11 x 10° 0.4713 5.25 x 101

Symptom

Severity
PCLS5 score 0.5884 1.37 x 10~ -0.5112 5.71 x 10
NSI score 0.5671 3.43 x 10'6 -0.4909 6.15 x 10

3.4.4.Regrouping subjects based on connectast

In line with ourhypothesis, w postulatedhe following: (i) new diagnostic groups created
based orseparation ohippocampusstriatum pathweightswould map better onto behavifre.
neurocognitive performancas compared toriginal groups based on conventional diagnostic
grouping and (iilPTSD and PCS are spectrum disorders whesgimptom severity ikely to lie
on a continuum, rather than foimg distinct clustershence forming high diagnostic confidence
groups (pure @althy and comorbid groups) and a low diagnostic confidence group (called
intermediate group) has potential to be clinically uséfieince we devised a practical approach
to regroup subjects into new diagnostic groups withotijective ofmaximizingheteogeneity of
theintermediategroup while simultaneously minimizing hedgeneity of pureontrols and pure
PCS+PTSD groupsThis novel approach deviatdsom traditional wag of grouping subjects

based orsymptom reporting and clinical judgment

The SFC ad vDFC values of the hippocampsiatum path showed strong statistically

significant differenceeamongthe groups. In order to visualize the connectivity feature space, we
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fitted a Gaussian be#lhaped surface for each group (9€g.3.7). Connectivity values of
individual subjects are embedded on the surface. It can be seen that there is a large overlap between
the groups, albeit with a statistically significant mean difference between the groups. Therefore,
the 2D example of the generic embedding pdoce described in the methods section is directly

relevant to this context, making the case for our proposed negebuping procedure.

Controls . ~PTSD.._PCS+PTSD

¥k

Fig.3.7 Visualization of connectivity differences between the groups: Each group was fitted with
a Gaussian belshaped surface using group mean and standard deviation of SFC and variance of
DFC for the hippocampustriatum path. Connectivity values of individual subjects are embedded

on the surface.

We regrouped the subjects using SFC and vDFC values ofdaipypusstriatum path (see
Fig.3.8a) Clearly there is a relatively narrowmtermediateband where all PTSIBubjects are

sandwiched along with borderliko®ntrols and milePCS+PTSD subjects. Outside this band
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find regions othe twopuregroups We observe aontinuum with pureontrols merging with the

narrowintermediatéband which laterleadsto the space of purCS+PTSD.

In order to verify whether thenagingtools used for new grouping (viz. SFC and vDFC values)
are a betteclassifierof PTSD and PCShansymptomscoresand to assess the quality of new
grouping,we comparedstatistical differences in the neurocognitimeasures usingew grouping
againststatisti@al differencesobtainedwith conventional grouping (see F3g8). We observe
that the pvalues for all behavioral measures for glbupwise comparisonsvere consistently
smaller with thenew grouping. Additionally, controls (and PCS+PTSD) showed significant
differences between pure group and transition group in several behavioral meesictesjrther
supports our resultdt is notable that th@ew grouping is based on underlying biology while
conventionafrouping is based atreening instrument¥hese findingslemonstrat¢éhat the new
grouping map better ontoneurobehaviothan conventional grouping indicaing that SFC and
vDFC values of hippocampkstriatum path may be @inically significantmarker of PTSD and
PCS.

Upon regrouping the subjects based on connectivity values, we obtained a diversity of 70.1%
in the intermediate grougnd 0% in the other two groups. PTSD subjects formed the majority in
the intermediate group at 53%. Tabl&3jives the distribution of subjects in the conventional
grouping based on symptom severity scores, and the new grouping based on conneatigity, alo

with percentage diversity for the new groups.
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Table.35 Distribution of subjects in the conventional grouping based on symptom severity scores
and the new grouping based on connectivity: Colum#és@rrespond to new grouping and rows

2-4 correspondo the conventional grouping. Rebvgives the percentage diversity in the new

groups.
Pure Intermediate Pure
Controls PCS+PTSD
Controls 18 10 0
PTSD 0 17 0
PCS+PTSD 0 23 19
% diversity 0% 701 % 0%
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2 = PTSD vs PCS+PTSD (old grouping) / Intermediate vs Pure PCS+PTSD (new grouping)
3 = Control vs PCS+PTSD (old grouping) / Pure Control vs Pure PCS+PTSD (new grouping)

(b)

Fig.3.8(a) SFC and vDFC values of hippocamgidgatum path with new regrouping. The three
new groups are shown igray bands. Based on old groug: red circles are controls, blue

diamondsare PTSD and greestarsare PCS+PTSD subjects, (B)atistical significancép-value)
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of behavioral measures with bottonventional old-grouping and proposed newgrouping.
Logarithmic scale is used for the-agxis of pvalues. We observe that all behavioral measures

consistently exhibit smalleryalue for all comparisons with theeew grouping.

Mathematically defined regions for the new groups are as follows:
Pure Controls: vDFC > 0.3122 x SFC + 0.0268
Intermediate: 0.3122 x SFC + 0.0268 > vDFC > 0.3122 x SB0223

Pure PCS+PTSD: vDFC < 0.3122 x S+0.0223

Fig.39 shows the mean and SD values of the NCI score and its components for both the
conventional and the proposed groupings. This figure reiterates the findings3aFagqd shows
that the new grouping resulted in important behavioral measures being skpartter apart
between the groups with lesser variance.

It is also notable that control subjects in pure control and transition groups showed significant
differences in severdlehavioral measures (see Table.3/6similar trend was observed between
PCSHPTSD subjects in pitBCS+PT® and transition groups (Table.3.&his shows that certain
control subjects have behavioral and neurocognitive impairments, which puts them into the
transition group, but the PCL5 symptom severity score does not diagnoseitheATSD. It is
possible that the PCL5 score is not capturing those impairments in these subjects, or it is also
possible that these subjects develop some other compensatory mechanism which renders them
healthy, thus failing to get diagnosed with PTSEtlyh the PCL5 score (similar logic goes with

PCS+PTSD subjects).
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Fig.39 Depiction of statistical separation of CN& subtests and NCI scores for both old

(conventional) grouping and new (proposed) grouping using mean and SD values
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Table.3.6 Compari®n of behavioral measures between subjects of pure group and transition

group (for controls and PCS+PTSD subjects). Table provides-trayes (p<0.05) of statistical

separation.

Comparison | Non-imaging measure p-value Mean #1 Mean #2

Verbal memory 1.08 x 17 101.67 85.70

Pure Complex attention 4.96 x 10 98.06 86.00

Controls (#1) | Cognitive flexibility | 2.93 x 16 106.28 96.60

Tra\éz}tion Epworth sleepiness scal 1.84 x 1¢° 7.06 10.10

Controls (#2) | zung anxiety scale | 3.27 x 1 27.89 31.10

Combat exposure scal¢ 3.32 x 1 10.50 4.30

NSI score 7.15 x 10 39.39 48.26

NCI score 3.07 x 10 89.56 72.21

PCEEIE’ETSD Reaction time 5.23 x 10 94.57 71.37

(#1) Verbal memory 3.68 x 10 92.02 73.08

Tra\ézition Complexattention 1.51 x 10 77.13 61.32

PC?;;;TSD Cognitive flexibility | 1.07 x 16% 88.61 70.74

Executive functioning | 6.93 x 1 93.13 73.21

Processing speed | 1.42 x 1( 94.57 84.32

3.4.5.Classification using support vector machine

Statisticaly significant neuralsignaturesneed not necessarilyhave generalizability or
predictiveability, implying thatstatisticallysignificant fitting our hypothesisgum toppredictive
connectivitesassumdigherimportanceWe thus used recursive cluster ehiation based support

vecbr machine (RCESVM) classifier]57] to identify the toppredictors.

Classification was performed for fodifferent paradigmsclassification usin@2 non-imaging

measuregNIMs) with i) conventionalgrouping, and iiproposedgrouping; classification using
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whole-brain connectivites with iii) conventionafgrouping ard iv) proposed grouping. Table.3.7
summarizes worstase classification accuracigl®ng with toppredictive featuresSeeFig.3.10

for worstcase accuracign every iteration The corresponding results obtained by using average
(instead of worstase) classification accuracy are showikig3.11 which are obviously much
better than the worstase. However, in order to be conservative have emphasized woisise

results in this work.

Table.3.7 Worstcase classification accuracies along with 4o@dictivefeatures

Conventional Grouping Proposed Grouping p’;’ﬁ;‘ée?ofr?fpgcﬁ:g&n
. - O 0
Non-imaging e 74.03% 5.42 x10
Measures Sleepiness and depressic  NCI and verbamemory
Connectivity 1L 83.59% 1.11 x 103
Values SFC and vDFC values of hippocamgigatum path
p-values for row- 712 x 10 2.68 x 108
wise comparison : '

We observed that classificatiarsing connectivies provided significantly higher accuracy
(about 9% morep<0.05 Bonferrontorrectedl than classification usingNIMs. This finding
indicateshat SFC and vDFC have better predictity in identifying subjects witiPTSDand
PCS compeed toNIMs. With bothNIMs and connectivies classification with connectivity
based grouping provided higher accuracy (about 4% ,nmt@.05 Bonferroncorrected than
classification usingconventional grouping. This implies thathew groups derivedusing

hippocampusstriatum pathweightsnot only map onto behavior better than PGIBINSI scores
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(as shownn Fig 3.8), but alschaveincreasd predictive power to determine diagimosf subjects

irrespective of whether the features aregdasn connectivitypr neurocognitive function.

Along with classification accuracies, the fppedictorswhich resulted in highest classification
accuracy are also of considerable interése topNIMs with new grouping werghe NCI-score
and verbaimemoryscore, which alseesulted in 4% more accuracy. THigther supports the
notion that the connectivithased grouping maps better ongurdehavior and also attributes the
two most importanheurdehavioral nreasures (NCI and verbalemory)with highest predictive
ability. For classificatiorusing connectivites SFC and vDFC values of hippocamymigatum
path were théop-predictive featuresPrior to these findingshis path was attributed ontyith
statistical significancebetween groupsStatistical significance doeasot necessarily guarantee
predictiveability of connectivity featuref/8]. Theseresults show thain addition to statistical
separation, this path also htashighestpredictive ability all obtained in @latadrivenway from
whole-brain connectivity data. For pictorial description of the entire pipeline and corresponding

results, see Fig.1b.
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Fig.3.10 Worstcase classification accuracies obtained using recursively reduaumgber of
discriminative features, with both old grouping (green) and new connedtia#tyd grouping

(blue) using (a) noimmaging measures and (b) connectivity values
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Fig.3.11 Average classification accuraciesbtained using recursively reducing number of

discriminative features, with both old grouping (green) and new connedtia#tyd grouping

(blue) using (a) noimaging measures and (b) connectivity values

We also performed classification by combining fioyaging measures and connectivities and

using all of them as input features in the classifier. However results showed that they did not

perform significantly better than classification using connectivities alone, and also the final

accuracy was unchangechse the connectivities of hippocamgatsiatum path remained the top

classifying features (sd€g.312).
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Fig.3.12 Worstcase classification accuracies obtained using recursively reducing number of
discriminative feattes using nosimaging measures and connectivity values combined (blue),
compared with that using connectivity values alone (green), with both (a) old grouping and (b)

new connectivitpased grouping

3.5.Discussion
3.5.1.Evidence in favor of our hypotheses

Our findings indicate perturbations in functional connectivity of hippocasipaltal neural
network associated with PTSD with/without PG@&icative of an increased, yet lessriable
drive between the regionshich supports ouoverarchinghypothesigFig.3.1a) SFC and/DFC
values also correlatel significantly with neurocognitive measures argymptom severity.
Furthermore, our results revealed directional concurrence in the differences in symptom severity,
cognitive disruption, compromised conneciyyiaind diffusivity of related whitenatter tracts
between the groups, with PCS+PTSD being the most compromised, followed by PTSD then

combat controls.
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We also found support for three corollary hypotheses stated in the introduction. First,
complementary taonnectivity findings, DTI results confirmed greater diversity (hence, less
integrity) of whitematter tracts between hippocamtigatum in PCS+PTSQroup compared to
both control and PTSD groups, suggesting a structural basis for PCS. Prior work #hotes a
white-matter integrity withleft-striatum in subjects sustaining an mTBB]. This structural
specificity implies that it is unlikely that the PCS+PT-8®up is an extremsubsetof PTSD.
Second, w regrouped the subjscbased on SFC and vDFClappocampusstriatumpath. We
found thatthe pvalues of separatiomamongthe threenewgroupswere smaller foall behavioral
measure$or all groupwise comparisons compared to conventignalping.Third, classification
using new grouping provided significantly higher accuracy (~4% more) than conventional
grouping. Further, the accuracies obtained by imaging measures were significantly higher (~9%
more) than nofimaging measures for both conventibaad new groupingsSFC and vDFC of
hippocampusstriatumpathwere also the topredictive features, in addition to being statistically

significant.

3.5.2.Implications for advancing our mechanistic understanding of PTSD and PCS

Our results areinteresting given that individuals with PTSBnd PCS have cognitive
impairments[38, 5] that reflect labit learningor proceduralmemory,which when impaired, is
associated with perseverative thinking'hile striatum isinvolved in this, the hippocampus is
implicated indeclarative memoryBoth activation and connectivity studies have previously dealt
with this aspect. Goodmaat.al. [80] showed that traumatic memories relatively increase
activation of striatumwhile decreasmg activation of hippocampus, leading to a shift from

declarative to habit formation. Moreover, Packer@l.[81] showed that this impairing effect of
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hippocampuslependent memory effectively produces enhanced habit learning by reducing
competitive interference between cognitive and habit memory systems; and this predominant use
of habit memory is induced by stressful emoticstates. In line with thifinding, perseverative
thoughts are also elicited by emotional states associated with stress in individuals with PTSD.
Schwabeet.al.[82] showed that striatushased procedurahemory is strespromoted, meaning

that stress indtes shift from hippocampal to striatal memoiyaken togetherthese studies
suggest thaPTSDsubjects perseverate on traumatic memories, more frequently and intensely than
memories obtherevents, which leads tolebitlike responselndeed,Spielberget.al. [40] have

shown that striatum is involved in-experiencing issues seen in traumatized subjdtisse
observations could explain the involvemandinterplaybetweenstriatum and hippocampus in
PTSDsubjectsBoth hipppcampus and striatum have been implicated in mTBI and PTSD across
several studies (see reviel@8, 5, 39, 83]. We postulate that theexiss a fine balance between
hippocampal and striatalctivation implicated in the retrieval of memqgryhich determines
relative emphasiplaced on thesenemories. An imbalance in this mechanismght likely

increase perseveration of intrusive memories associatestnegsrelatedconditions[84].

Next, both structural and functional connectivity studies have investigated the memory network
in PTSDand PCSMemories of stressful negative life events, necessary for PaEds the
structural connectivity between striatum and hippocanipbf which reiterates thestructural
basis for our findingsn support of our findingsCisleret.al.[43] showed that there is increased
SFC between hippocampus and striatum in P-E8Bjectsduring a ‘repeatedxposureo-
traumatiememory' task However, one of our critical contributions is in showing that the
hippocampusstriatum path hasignificantly low variabilityof connectivity over time in PTSD

and PCS+PTSD group$his indicates thatheremay be alack of adaptability and regulation
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between these regions, suggesting that PTSD is associated with acdwypectivity state
therefore, making idifficult to disengagdrom unwanted thoughts and feelingsphenomenon
which isoften obsered with habit formationThis mechanistic insiglthay be a valid explanation

for clinicalbehavioral manifestations in-@xcurring PTSD and PCS.

In this study, we foundorrelations betweeconnectivities antheurocognitive scores, as well
as significant group differences in neurocognitfuactioning Looking with more statistical
granularity, the greatest differences were found in Exectuvestioning (EF) and Cognitive
Flexibility (CF) indices. The EF meass performance in rapid decision management, recognizing
rulesand categoriesand CF measures performance in adaptation to rapidly changing rules and
informationmanipulation. As such, our results appear to be in accord with findings from Mattfeld
and Sark [86, 87]which suggest functional contributions and interactions between hippocampus

and striatum on tasks requiring learning of new arbitrary associations.

We have used this mechanistic understanding of altereglnatcuitry to inform us about
subject groupings which seem neurobiologically valid. Our regrouping strategy using
connectivities has interesting implications ¢bnical setting whereirone couldotentiallyobtain
fMRI connectivityvaluesfrom a newsubject andassign a diagnostic membership to the subject
based on position of the subj) eidarntedfeaturespate ct i v i
(NIFS) (see SB.4 for exact boundary equationsgj the connectivities (SFC andDFC of
hippocampusstriatum path)re within the bounds gdurecontrol groupin the NIFS,then the
subject can be diagnosed as a control with bagifidence gimilarlogic for pure PCS+PTSI. If
the connectivitiesare, however, within the intermediageoup then the sulgicH s sy mpt oms a
likely due to PTSD Yet further investigationis needed to validate this metho8uch a

classificationcould improve diagnosic accuracyabove and beyontraditional classification.
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Future studieshouldfocus on generalizing these resuiysreplicating itin a large sampleso that

they could beused clinically as biomarkers.

Interestingly,SFC and vDFC of hippocampg$riatum pathresulted in highest classification
accuracy. They were also identifiesthe topdiagnostic features, which was determined in a-data
driven way from wholébrain connectivity dataThis demonstrates that theguld be a better
marker of neural and behavioral characteristics of PTSD and PCiughBECL5andNSI scores
andhave potentialasimaging biomarkes for these disorder©ur "potential biomarker" satisfies
three of the four conditions described by Wetaal. [88] to be satisfied by a good biomarker
(diagnosticity, interpretability and deployability) As regards the fourth condition
(generalizability) based on suggestion in Wetal, we issue an open call for researchers having

similar data to share with us dmt the classifier can be tested on them

3.5.3. Limitations and Future Work

We note a number of limitations and caveats which must be kept in mind while interpreting the
results presented here, and simultaneously suggest how future studies may adskedssubs:
(1) In accordance with our hypothesis, we observed that connectivity values were more extreme
in the case of PCS+PTSD compared to PTSD alone, and that they also correlated significantly
with all the behavioral/symptom severity scores. This shtvat subjects who had the added
burden of PCS along with PTSD had higher symptom severity than subjects with only PTSD, and
also showed higher SFC and lower DFC values as compared to PTSD. Additionally, our DTI
results clearly show that mTBI may leadore severe symptomatology due to structural changes,

which might explain why the PCS+PTSD group is more extreme than the PTSD group. Although
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there is limited literature on comorbid imaging studies of PCS and PTSD, we speculate that: (i)
the burden of anor mTBI exacerbates PTSi2lated brain alterations which were potentially
already prevalent in these subjects before developing PCS or, (ii) subjects who sustain mTBI and
concomitantly or subsequently had a traumatic experience will end up with graatgorial

neural alterations which correspond to higher symptom severity than subjects who experienced
psychological trauma alone. Future experimental designs must aim to untangle the underlying
causal mechanisms in comorbid PTSD and PCS in order to rooeiiner of the two scenarios.

(2) The structural specificity for PCS in subjects who had sustained an mTBI implies that the
comorbid group being an extreme subset of PTSD is unlikely. However, future studies must verify
this finding in subjects with mTBRCS, but without PTSD. (3) Our findings were based on results
obtained from military subjects with combat exposure. Having a control population with combat
exposure is a unique contribution since it provides a more representative control group. Indeed, a
recent study revealed differences in resting state fMRI connectivity patterns between civilian and
combat control$89]i pot enti ally due to military training(
Therefore, further work needs b done to verify whether these results are applicable to non
combatrelated (or civilian) PTSD and PCS. (4) Only male veterans were studied, thus our findings
cannot be generalized to female soldiers. In order to ascertain diagnostic utility of thetiedypne
values of hippocampestriatum path and apply these methods in clinical settings in the future, the
results need to be replicated on a much larger sample size, which is more representative of the
target population in terms of gender, ethnicity, €& Future studies with the targeted populations
could specifically address the habit systems and declarative systems separately, with behavioral
measures involving probabilistic classification (e.g., the weather prediction task) which are
sensitive to sch shifts[90, 91] (6) Time since concussion for PCS subjects was not available. It
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is possible that it might correlate with SFC and vDFC values. Also, the data was acquired from
the subjects only on one instance.nfdudinal studies could focus on the behavior of the
connectivities of hippocamptsdriatum path over the advancement, recovery and rehabilitation
phases of subjects with PTSD with and without PCS. This will be an appropriate test for validating
striatumhippocampus SFC and vDFC as a candidate imaging biomarker for PTSD and

PCS+PTSD.
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CHAPTER 4

Identifying Disease Foci from Effective Connectivity

4.1.Introduction

Brain imaging provides insight into théunctional neuroarchitecturessociated with
neurological conditions such as mild traumatic brain injury (mTBI) and posttraumatic stress
disorder (PTSD)[12], both prevalent in military service memberklowever, much of our
understanding of the brain is organizeumd properties oheural regions whereas our
knowledge of the complesonnections betweehe various regions is not as matu@ven that
connectivity containgmechanistically pertineninformation not available throughurctional
Magnetic Resonancdmaging (fMRI) activation studies, attaining regispecific information
from connectivity data coulddvanceour understanding of the neural circuitry and associated
brain processe#dditionally, large effects imaturalsystens are often caused kg/few isolated
sourcesidentifying thesesource(s)of disruptioncould greatly mitigatethe distributechetwork
abnormalitiesHence, wéhavedeveloped a novel framework to identify affected pathological foci
from directional brain networkswvhich likely represnt the source(s) of dysfunction in a given
disorder. We illustrate the approach with data obtained fsoidierswith PTSD andpost
concussion syndrome (PCS, a chronic outconmaTBl).

Exposure to blasts and subsequent concussions result in mTBI, vaisialmigh comorbidity
with PTSD[15, 92] As of Septmber2014,over2.7 million Americans have served in Iragd
Afghanistan, of whom about 208evelopedTSD, 19% acquickTBI, and 7% acquired boih].

With current diagnostic procedures and treatments centering on subjective assessments, a thorough
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understanding of the mechanistic basisdoth PTSD and PCSymptom presentatias essential

for accurate diagnosis, targeted treatragamd returrto-duty decision makingDue to largely
overlapping symptomatology between P@8d PTSD [11], it is imperative thatobjective
connectivitymarkers ofthe respective neuropsychiataad neurologic conditiongre identified

and validated in ordelo improve clinical evaluation and treatment outconheghis work, we

study grougevel differences between PTSD, PCS+PTSD (comorbid group having both PCS and
PTSD) and healthy combat controls.

Several studies have identifigdB] certain key frontal and subcortical areas, among others, and
associated connections which are impaired in both PTSD and mTBI. However, a mechanistic
explanation of the affected network architecture in PTSD with and without mTBI is still under
developmentSpecifically, given thahetwork disruptionoften arises from alterations in faw
focal area®, segregation of such sources of network disruption from the connectivity changes which
happen as a consequence of them, has been el@sno= suchfoci are pat of the affected
network, the disruption is propagated to other regions connedtbdhe foci Therefore,we
investigatethe fociof network disruptionin addition to characterizingonnectivity alterations
associated with them.

While functional connetivity (FC) is popularly used to study brain networks, there is a need to
identify networks with causal relationships rather thamacivation. Underlying network
interactions could be causal in nature in addition to (or rather than) being synchramchsane
shown to exist even in fMRI timescalggl]. As such, it is important to discover causal networks
in addition to ceactivation networks for a more complete characterization. PTSD and mTBI are

generally seen as frontdysregulation disordel83], in which directional (or causal) influences
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originating from frontal areas are impairethis further motivated us to employ directional
connectivity based on causality.

Effective connectivity (EC) refers to directionafluences among brain regiof@4]. Granger
causality (GC) is an exploratory technique useduantify EC between brain regiorf85]. It is
the most widelysed approach to quantify causal influences in natural sy§démacluding, but
not limited to, epidemiology, molecular biology, econometrics, evolutionary biology, climate
science, computer networks, linguistics and braiaree[97]. GC has the advantage that it is a
data driven approach and theae= no requiremerstfor specifying connectivity priors like in
dynamic causal modeling (DCM94, 98, 99, 100]It would be practically impossible to build a
DCM model with priors for wholdrain connectivity as it would be computationally not feasible
[101]. Both recent simulationd02, 103Jand experimental resulf$04, 35, 105]ndicate thatGC
applied after deconvolving the HRF from fMRI data (as we have danedliable for making
inferences aboutirectional influencesbetween brain regions. This method has also been
employed in several recent fMRI stud[@§6, 107, 108, 109, 110, 111, 112, 113, 114]

Most studiesinvestigateEC or directional brain connectivity bgssuming connectivity to be
temporally stationary. Dynamic fluctuations of connectivity are not captured when using static
connectivity. Given that mental processes happen within a few millisecondscto sed s 6 t i me
while an fMRI scan lasts for several minutes, it is natural that connectivity fluctuates over time,
and that such variations carry biologically relevant informaftidrb], which is distinct from that
represented bgtatic connectivity116]. Previous studiesy PTSD and mTBhave notutilized
dynamic connectivity information in a manner that extends our understanding based on the
information obtained from conventional static cocthaty. In this study, we used stattC (SEC)
as well as dynamieC (DEC) measure$§l106].

66



Upon obtaininghiese wholérain connectivitiesweused a probabilistic framework to identify
affected focj i.e. regions which coulgossibly be the primary sources of disruption which is then
transmitted to other areas via the underlying directional netwaid adopted a technique
developed recently for FC d&thl7], and made specific modifications to tmedel formulation
to make it suitable for both EC and dynamic connectivity data. The modifications were necessary
because the probability distributions of EC and FC metrics are different, in addition to the fact
that, unlike FC, EC is directional in natuiiéhe method is based on the concept that affected foci
are associated with a large number of affected connections. It identifies dysfunctional foci and also
provides associated dysfunctional connections.

We constructedeparatdrain networksising strenth (SEQ and temporal variabilityariance
of DEC [vDEC]) of directional connectivity, and then used them to identify diseased foci
separately. The obtained foci for SEC and vDEC were then overlapped (intersection) to obtain
final foci which had both alted SEC and vDEC. The dysfunctional connections associated with
the foci were obtained and overlapped in a similar manner, but with certain restrictions as described
next.

It has been shown that lower temporal variability of connectivity is associatedbatith
neurologic and psychiatric conditiofsl6, 118, 119, 120jften presenting as a lack of cognitive
flexibility. Reduced temporal variance in DFC is associated with psychiatric disosdees| s
compromised behavioral performance in healthy individ@as116] This reduction is associated
with compromised abilityto dynamically adjust(e.g. behavior, thoughts, etc.) to changing
conditions.This phenomenon is well recognized in other biological systems such as reduced heart
rate variability being anarkerof cardiovascular diseagé21]. Since external influences and
internal body states are continually ngang, a healthy biological system varies its activity in-real
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time to accommodate these changes. I n these
brain healthSuch connectivity characterization has been employed in recent work$ighitr
comectomic flexibilitybeingassociated with favoralileettertask performance in healthy adults
[116] and psychiatric disordefd22]. In this work, we identified connections with altered SEC

and lower vDEC in the disorders compared to controls.

Additionally, PCS+PTSD was a more severe group compared to the PTSD group, owing to the
added burden of mTBI. It is noteworthy that mTBI is a result of pressure waves arising from a
blast and PCS is laehavioral syndrome which is a consequence of that. Therefore, unlike TBI
wherein the spatial location of injury can be different in different subjects, the common behavioral
manifestations among subjects with PCS and mTBI suggests that it is likelyaacdi@mwnmon
sources of neural network disruption in their brains. Also, evidence showsTiB&aincreases the
severity of PTSQ123]. Hence we looked for paths associated with the affected foci, which had
reducing vDEC and altede(either monotonically reducing or monotonically increasing) 8EC
we moved from Control to PTSD to PCS+PTSD. Mypothesized that PTSD with and without
mTBI is characterized by certain affectedgional foci, and those fociare associated with
connectims having altered strength and lower variability of directional brain connectsety
Fig4.1 for an illustration of our hypothesisyhe foci were identified using wholerain
connectivity data, while the affected paths conforming to our hypothesisegtneted to those
connections which were associated with the foci. Notalytested the hypothesisa datadriven

manner using restingtate fMRI which is not task dependent.
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Control >PTSD ———— PCS+PTSD

Under-modulation —> Static EC Static EC Static EC
Overdrive —3 Static EC Static EC Static EC
Lower flexibility —» Dyna mic EC Dynamic EC Dynamic EC

Fig.4.1. lllustration of our hypothesis showing monotonicatygucing variability of vDEC, and
either increasing or decreasing SEC as we move from Control to PTSD to PCS+PTSD. Font sizes

are symbolic of the increasing/decreasing trend.

For the paths which fit our hypothesige sought to assess their behavioratvahce, hence
their connectivity values were correlated with neurocognitive scores and symptom severity in
PTSD andPCS

Our hypothesis is based on an analysis framework, which reliegatistical separation
between groups. Howevertasistical separatia of betweengroup connetomics doesnot
necessarily imply that they hapeedictivediagnosticability [57]; that is, they may not be able to
predict group membership at an individual level with reasonable acc@angequently, those
connedbnswhich arebothstatistically significantiad possess the discriminative power to classify
subjects with high accuracy amsore powerful Several studieseportthat machindearning
classifiers can be successfully used orRiMiatafor diagnosic prediction including but not
limited to, majordepressivalisorder[58], Parkinson's disea$g9], PTSD [60], dementig[61],
autism[62] and prenatatocaineexposure syndroni&7]. Howeverto the best of our knowledge,
there are no studies which have usednectivity markers in the classificationtwdthPTSD and
mTBI subjects. Foneurologicadisorderdike PTSD and PCS, classification usimguromaging
signatures could be applied to obtanore accurate diagnes by assisting the clinician with

additional information Therefore, using wholbrain connetivity data we identified, in a data
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driven way, those features which predict the diagnostic membership of a novel subject with high
accuracy. We specifically investigated whether there was an overlap between connectivity paths
satisfying the primary hygbesis (Figd.1) and those identified as havihggh predictive ability.

We hypothesized that (secondary hypothesis) these paths will better predict the diagnostic
membership of a novel subject than Aoraging measures (behavioral, neurocognitive and self
report measures), thus highlighting their relevance to the neuropathology of PTSD and mTBI. We
lay emphasis on dysfunctional foci and their associated connections which have high statistical

separation as well as high predictive ability in addition tarfgalsehavioral relevance.

4.2.Effective Connectivity Analysis
4.2.1. Granger Causality
Whole-brain SECwas obtained using Granger causal@C) [95]. GC is an exploratory
technique used tquantify directional influences between brain regions. The underigamgept
is that, i f past v ainamahenaficadenset prediat theefutureevaluedi T 1 0
of another timeseries AT20, then aT2cafersed!l i nf
[124]. GC employs a multivariate vector autoregressive (MVAR) model to quantitatively predict
one timeseries using the other, which is briefly described next.
Given a system defined Wydifferent timeserieX(t) = [xu(t), X( t ) K(t)], évithk being 125
ROIs in this study, the MVAR model of orders given by:

OO0 O0pWO p O0qgWO ¢ E O0nwo n 0O %
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WhereE(t)is the model errorandl ( 1 )  are tAg nodel coefficients. The coefficiewere
estimated through multivariate least squares estimation, which calculates the optimal set of
coefficients that minimizes the model error in the least squares ddndgel orderp must be
chosen either bgmployinga mathematical principle such as B&yesian Information Criterion
(BIC) [100] or based on the requirements of the application under considehati@uroimaging,
the interest ign causatelationshipswithin neural delaysf a TR[107], thus we chose a first order
model . Since fMRIOGs tempor al resolution is 1|o
relevant causal informatid®4].

Coefficiert A(p)indicates the degree to which the pédtp) can predict the preseX(t). Then,
the sum of coefficientsf all delayswvould represent the degree to which all the past values together
can predict the present. This formulation is used to evaluateyG@@=dicting the present value of
timeseries2 (T2) using the past values of timeserlefl'l). If, for example, the sum of resulting
model coefficientsislargée hen it 1 mplies that T1 can predict
T206s p rnarmatenpliesatcdusal relationship from T1 to T2. As in previous studis],

GC was derived formally, based on the model coefficients, as:

"00 W £ 8

WhereGC; is the SEC value froROl i to ROI j anda; are the elements of matrix It is
notable that a single coefficient matrix is obtained for the entire duration of data, and the
coefficients do not vary over tim&his traditional formulation of GC was slightly modified, as in
earlier studie§95], to remove the effect of zeflag crosscorrelation between timeseries. For this,

we included the zertag term in Eq.1 as shown below.
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The diagonal elements A{0) areset tozero, sub that only the instantaneous cross correlation,
and not auto correlation, between the timeseries are modeled. The model coefficients obtained
from Eqg.3 would not be equal to those obtained from Eqg.1, since the inclusion tdgd¢eom
affects other coétients by removing crossorrelation effects from them. The zdeg term is
thus not used in the evaluation of GC. GC thus obtained would be free frofagearrelation
effects and is defined as correlatiparged GC (CPGC), which has been widelyduserecent
times (for example, s€d26, 127). A 125x125 SEC matrix was obtained for every subject by
employing CPGC.

Next, DEC was obtained using timaryingdynamicGranger causalitDGC), evaluaed in a
Kalmanfilter framework.We employed aynamic multivariate vector autoregressive (dMVAR)
model for estimatin@EC[106,109] The model i s unbkd @GE faimalaionp e c a u s
its model coefficients vary as a function of timelere, DEC is the timearying physiological
process, which is quantified through the DGC measure, which employs the dMVAR model solved
in the Kalman filter framework. In DGC, coefficiendqp) are allowed to varyeer time, thus

giving coefficientsA'(p,t) in the dMVAR model as:

~

Mo OaaddO Oapddd p E danddO /| 00 18

The dynamic model coefficients are estimated in a Kalman filter framework using variable

parameer regressioifil28]. DGC is then computed as:

0006 0 ® ¢h 1%
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WhereDGC;(t) is theDEC value fromROIl i to ROI j at a given timepoint, anda’j are the
elements of matriA'. We compensated for zetag crosscorrelation effects here also, like in
CPGC. Given that our data had 1000 timepoints, we obtaii@®e12534000DEC matix for
every subject by employingGC.

Recent simulation§l02, 103]as well aexperimental resultgl04, 35, 105suggesthatGC
applied after deconvolving the HRF from fMRI data (as we have danegliable for making
inferences aboudirectional influences between brain regions. This method for obtaining SEC and
DEC has also been employed in several recent fMRI st{itl€s 107, 108, 109, 110, 111, 112,
113, 114] Variance of DEC (vDEC) was taken as the measure of variabilit§irgctional
connectivityover time (125125matrix per subject), which, along with SEC, was used further in
identifying disease foci. To comprehend the idea of SEC and DEC from a neuroimaging
standpoint, we provide an illustration using a simple example of a pair of real fMRI timeseries

(pleaseseeFig4.2).

T (b)\

SEC=0.02, R=0.86

7 Time series' A A
1] [ d
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R = Correlation
vDEC = Variance of Dynamic Effective Connectivity
SEC and vDEC: from blue to red signal
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Fig.4.2 lllustration of SEC and DEC from a neuroimaging standpoint using two real fMRI
timeseries. In (a), the red timeseries consistently seems to follow after the blue timeseries,
indicating that redods asseaicaiedtlesadi asresgioaon
activates (and deactivates), hence a causal influence and a high SEC value (note that correlation

is low). DEC provides further insight, which shows that steady causality is maintained mainly in

the middle phase antat causality is lost on three brief instances (where it dips due to observable

|l oss of causality between the timeseriesd of
variability is quantified in vDEC. In (b), the two timeseries are nearly oven@ppence highly
correlated. But the variations in red timeseries do not occur after (or before) the variations in blue
timeseries (and vice versa). This lack of causal relationship gives low SEC value.
Correspondingly, DEC values linger around the zerark since causal relationship does not

seem to emerge at any point in time.

4.2.2.1dentifying Disease Foci
As noted earlier, connectivity modeling identifies interrelationships through connections, while
our insights on the brain center on functions oiaegt Hence we sought to identify disrupted

regional foci in PTSD and mTBI using EC data.

We used a Bayesian probabilistic model to identify disorder foci from connectivityldaia
which assumes thalisruptedregions are associated with large number of abnormal connections.
The efficacy of this metholdas been demonstrated eanigth simulations as well as real fMRI
data, in particular usingtatic functional connectivity (FQL17]. However,their model made
certain assumptionsn the priorswhich were suited for Fd at adés pr obabHedei ty di

we extendthis methodo identify disease foci using bathaticanddynamic EC, albeit with certain

74



modifications in the moddbrmulation given that EC matrices are not symmetric, unlike FC, and
that the distributions of FC and EC dat& dissimilar, and static and dynamic connectivity data
have dissimilar distribution®Ve explain the method briefly before addressing these issues. For a

detailed account of the method, please refer to Venkataramarpldtzgl.

The model was developed for FC. FC is seen as a latent phenomenon with thretesthstis:
positive connection (+1), negative connectidk) @nd no connection (0). FC obtained from fMRI
is seen as a noisy measurement of the unknown latent FC. The model makes the following three
assumptions: (i) a connection between two disease $oabmormal with probability 1, (i) a
connection between two naifected regions is normal with probability 1, and (iii) a connection
between a disease focus and a-afiacted region is abnormal with probabilgyUpon initiating
the model with standarngfiors, variational expectation maximization (EM) algorithm is employed
to solve for the model parameters. The model produces posterior probabilities for every region and

every connection, using which diseased foci and connections can be identified.

S E C@rabability distribution resembled a Gaussian, similar to correlation. While correlation
usually has a distribution with meanNSD of OK
which is acceptable. But it is not a bounded measure, unlike correbtich is bounded by-[

1,1]. The model assumes adtate distribution, with default states setb,Q,1]. In our entire

data, we found a very small number of SEC values which were greater than 1 or smalgr than
(0.0026%). We wanted to avoid its neagatimpact on model evaluation, as well as ensure reliable
results. Hence, we replaced each such value (which corresponds to one connectivity path in one
subject) by the groupverage SEC value for that connectivity path. Similarly, in vDEC, we
replaced ay values not within range by the corresponding group average (0.0053% of values).

With both SEC and vDEC, the connectivity matrix is asymmetric, unlike FC which is directionless.
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Hence the entire matrix was fed into the model, unlike with FC where onlpwlez or upper
triangular part would be used. Put together, these modifications allowed the model to be applied

to effective connectivity as well as dynamic connectivity data.

The model was evaluated fon® thousanduns and statistical significance obdi were
determinedased on a neparametric permutation test. We taible entire dataset and randomly
assigred groups. We then fit the model using th&tandard approacind extractd the posterior
probabilities of each region being diseasdth random goup assignmenfThis wasrepeagd
(randomly assigning labels, fitting model, extracting postefmr)0000iterations to obtain the
posterior null distribution for each regiofhe p-value for each regiowas thenthe proportion of
the thousanduns forwhich the null posterior (i.e. random assignmevas greater than whébci
posterior wehad observel when we fit the model with the true labeldVe thus obtained

significantly affected disease foci in the disorders (p<0.05, Bonferroni corrected).

The nmethod alsgrovidedaffected connectivities associated with dmeeasdoci, which would
help in interpreting affected networks from the point of view of the dysfunctionalAaubng
such connectivities, we retained only those connections which crassethtstical significance
threshold for effective connectivity values outside of the foci method, in accordance with our
primary hypothesisp<0.05,whole-brain FDR-correctedl. Differences were controlled for age,
race, education and heawbtion (usingmean framewise displacement obtained across all brain
voxels for each sybct as defined by Power et f85]). This was done to ensure that, irrespective
of the model used by us, the significant connections which emergs watk would have crossed
whole-brain multiple comparisons corrected statistical threshold like in most studies, in addition

to the fact that the model quantitatively selected these paths using the posteriors. This ensured that
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our results conformed to rtiple layers of verification and statistical standards, in addition to

providing novel insights through the foci method.

This model is applicable only for comparison between two groups. Since we were comparing
three groups, we overlapped the foci and eations obtained in the three pairwise comparisons
to extract only the common foci and connections (intersection). In statistical sense, this was the
most conservative approach possible. In accordance with our hypothesis, we identified those paths
associadd with the dysfunctional foci which exhibited altered SEC (either reducing only or
increasing only) and lower vDEC as we moved from Controls to PTSD to PCS+PTSD. Such a
network would disentangle the effects of PTSD as well as comorbid PTSD and mTBdjmyovi

novel insights through directional and dynamic connectivity.

4.2.3.Behavioral Relevance of Connectivity Values

In order to assess the behavioral relevance of connectivity values, we first correlated SEC and
VvDEC values of each of the identified patith symptom severity in PTSD (PCL5 score) and
PCS (NSI score), and neurocognitive functioning (NCI score and subtests). Neurocognitive
functioning (e.g. cognitive flexibility, executive functioning) is affected in psychiatric disorders
such as PTSD andCS, hence identifying behaviorally relevant connections carries importance.
We report significant correlations, thus associating such connections with altered behaviors.

We observed that majority of the identified connections correlated well with behavioder
to get further insight into how the ensemble of identified connections mapped onto the ensemble
of behaviors, we performed partial least squares regression (PLSR) afi#t9$idJsing PLSR,
we tried to predict sympt severity (PCL5, NSI) and neurocognitive functioning (NCI and

subtests) from SEC and vDEC connectivity values of the connections identified from prior
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analysis. We report the percentage of variance in behaviors explained by the conneEiyiies

sunmarizeghe processing pipeline of all methods used.

{ Preprocessed Resting State fMRI Data |
I
Spectral Clustering

Jb

\\ Time series from 125 Homogenous ROIs
JL

HRF Deconvolution

JL

[ SECand vDEC Networks |

—

g Test Hvpothesis Based on (" Bayesian Probabilistic (" Test Behavioral Relevance: | 7 Test Predictive Ability: |
{ Statistiz:I Separation (Fig.1) J ’ Model to Identify Disease Connectivity-Behavior ’ SVM Classification (Fig.4),
P & ) |_ Fociand Associated Paths ] | Correlation & PLS Regression / | Worst-case Accuracy

Intersection *———*

(Fig10 ||

| Fig.9 ‘

Fig.4.3. Schematic othe entire processing pipeline

4.3.Results
4.3.1.FMRI Connectivity Results

We evaluated SEC and vDEC and used that in a novel framework to identify disrupted regional
foci andtheir associated connections in the disorders in accordance with our hypothesis. We
identified three foci: (i) left middle frontal gyrus [MFG], which mainly included parts of BA9 and

BA10, (ii) left anterior insula, and (iii) right hippocampal formationc{uded anterior parts of
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hippocampus, parahippocampal gyrus, entorhinal and perirhinal cortices). These affected foci were
connected to/from other brain regions which were part of the disrupted network (ge¢ fbig.

affected ROIs and Tab# 1 for affected connections with MNI coordinates).

L 7 j 2 m Focus 7
= / I -y m Non-focus
\ / £ .

Fig.4.4. Brain regions (with exact region boundaries) involved in the affected network. Regions in
red are the affected foci and those in blue are the regions connected to/from the affected foci.
MFG= middle frontal gyrus, OFC= orbitefrontal cortex, TPtemporeparietal junction,

DLPFC=dorsolateral prefrontal cortex.
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Table4.1 The 12 paths whose effective connectivity values were significantly different between
the three groups: table provides the MNI caoedes for these paths. MFG=middle frontal gyrus,

OFC-=orbito-frontal cortex, TPJ=temporparietal junction, DLPFC=dorsolateral prefrontal

cortex.

Path bath MNI coordinates of centroid (X, y, z)
Lok Source Destination
1 L_ MFG Y L_Ilnsu -31.4, 39.128.3 -32.9, 20.5, 1.9
2 L_Insula Y L_A -32.9,20.5,1.9 -23.1,-2.6,-20.5
3 L_Amyg Y R_Hip| -231-26,-205 19.4,-12.4,-25.5
4 L_MFG Y L_OFC -31.4, 39.1, 28.3 -8.1, 40.3:-28.9
5 L_OFC Y L_Insu -8.1, 40.3;28.9 -32.9,20.5,1.9
6 L_ MFG Y R_AnNnt _ -31.4, 39.1, 28.3 10.3, 44.2, 6.5
7 R _Ant Cingul at 10.3, 44.2, 6.5 -32.9, 20.5,1.9
8 R_Hi ppocampus 19.4,-12.4,-25.5 -32.9, 20.5, 1.9
9 R_Hi ppocampus 19.4,-12.4,-25.5 1.23,-57.1, 44.6
10 R _Hi ppocampus 19.4,-12.4,-25.5 -11.3,12.2, 3.5
11 L MFG Y R_TPJ -31.4, 39.1, 28.3 46.3,-53.4, 16.9
12 L MFG Y R_DLPF -31.4, 39.1, 28.3 47.1, 26.6, 37.1

Fig.4.5 shows the networks associated with each focus. It shows widespread dysregulation
originating from MFG, followed by information integration from frontal and hippocampal regions
relayed to the amygdala by the insula, followed by overdrive of memory rétrggyans caused
by hippocampus. Further clarity was obtained by reorganizing them into three functionally
separable networks (F&6): (i) frontal topdown dysregulation network steered by MFG, causing
direct and indirect (through OFC and ACC) dysregaitabf insula as well as parietal memory

retrieval region, (iijnsulaf amygdalad hippocampal loopvhich appears to go into a positive
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feedback loop representing unrestrained subcortical overdrive, caused due to frontal disinhibition
mediated by the insa, and (iii) hippocampal memoinetrieval network which likely translates

and mediates subcortical overdrive into heightened memetmgval through overdrive of
association areas involving memory processing/retrieval. This likely leads to trauma re

expeiencing, hyperarousal, flashbacks and other symptoms observed in PTSD and mTBI.

Striatum

Insula

Amygdala

Hippocampus

(a) {b)
Fig.4.5. Networks associated with the following three foci (in red): (a) left middle frontal gyrus
(MFG), showing widespread dysregulation originating from this regionlefb)anterior insula,
which integrates information from frontal and hippocampal regions, and relays it to the amygdala,
and (c) right hippocampal formation, which relays subcortical overdrive to regions of the memory
network. Gray lines correspond to caations with lower SEC (dysregulation); brown lines
correspond to connections with higher SEC (overdrive). All paths followed this trend with vDEC:

PCS+PTSD<PTSD<Controls.
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Striatum

Insula

Amygdala

Hippocampus

Frecuneus

(a) {b)
Fig.4.6. Networks associated with different functions: (a) frontatdogvn dysrgulation network,
steered by MFG, causing direct and indirect influence on insula and parietal regions, (b) insula

F amygdala7Z hippocampal loop, which is likely a positif@edback lop representing

unrestrained subcortical overdrive, and (c) hippocampamoryretrieval network, which likely
mediates and translates subcortical overdrive into memory retrieval, leading to trauma re
experiencing, hyperarousal, flashbacks and other symptoms associated with PTSD. Gray lines
correspond to connections with loweSEC (dysregulation); brown lines correspond to

connections with higher SEC (overdrive). Foci are in red-fomnare in blue.

Taken collectively, we identified the MFG to be the pivotal source of disruptsosldierswith
PTSD ad comorbid PTSD and niBIl (Fig.4.7), which was further affecting other emotion and
memory related processes, potentially exacerbating symptoms. This network provides a
mechanistic explanation of emotion dysregulation and subsequent reoccurrence of traumatic

memories associatedth PTSD.
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L MFG/@

R_Anterior
Cingulate

R_Hippocampal

Fig.4.7. The disrupted foci and their connections as a possible mechanistic model of neural
alterations in PTSD and mTBI: The pit@ntal regions anchored by the left MFG are unable to
regulate the left insula which disinhibits the subcolitremions into an overdrive. This overdrive
results in heightened emotional and memory processing, culminating in overdriven parietal
memoryretrieval, which causes the heightened behaviors often obsensaddierswith PTSD

and mTBI. Gray lines correspd to connections with lower SEC (dysregulation); brown lines
correspond to connections with higher SEC (overdrive); and all paths had lower vDEC (lower
flexibility) in the disorders compared to controls (with the trend PCS+PTSD<PTSD<Controls).

Foci are inred, nonfoci are in blue.
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4.3.2.Behavioral Relevance of Connectivity Values

Connectivity values of three paths (pathsS In Table4.1) correlated significantly with
neurocognitive functioning (neurocognitreempositeindex [NCI] and subtests) and PDS
symptoms (PCL&core) and PCS severity (NStore) (see Tablé.2), thus highlighting their
relevance to underlying neuropathology. Other paths also correlated with these behaviors but not
as well as paths-3, hence not crossing thevalue threshold 010-20 (Bonferroni corrected). It
was notable that correlations followed the expgdtend: increase in severity and decrease in

behavioral performance corresponded to higher SEC in overdrive paths (L fInkulamygdala
and L_Amygfé R_Hippocampus), loweSEC in dysregulation paths (L_MHAG L _Insula), and

lower vDEC in all paths.

Table.4.2. Correlation (Rvalue) of SEC and vDEC values of three pivotal connectivity paths with
the NCI score and symptom severity in PTSD (PCL5 score) and PCS (NSI Jdwse.

correlations were significant with Bonferrenorrected pvalues smaller than 1%.

Symptom Severity Score| Behavioral Measure
Path PCL5 score| NSI score Neurocognitive
(PTSD) (PCS) Composite Index (NCI)

SEC

L MFGTIbL_Insula -0.6852 -0.6780 0.6229

L_InsulalbL_Amygdala 0.6650 0.6816 -0.5945

L_Amyg HR_Hippocampus| 0.7203 0.7022 -0.6642
vDEC

L_MFG ML_Insula -0.6462 -0.6544 0.6507

L_InsulalhL_Amygdala -0.6728 -0.6805 0.6462

L_Amyg HR_Hippocampus| -0.6896 -0.6981 0.6534
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A majority of the 12 connections correlated significantly with a majority of behaviors (75.5%
of the correlations were significant with p<0.05 Bonferroni corrected). Thereby we performed
partial least squares regression (PLSR) to find the combined ability of tbari€otions to predict
the set of 9 behaviors (PCL5 and NSI scores, NCI and its 6 subtests). We found that SEC values
could explain 47.25% variance in the behaviors, while vDEC could explain 48.29% variance.
When combined SEC and vDEC values were takely, ¢bald explain 57.08% variance in the
behaviors. A high correlation between connectivities and behavior (R=0.75, p=33xWas
found in the latent space (see Bigfor linear fit). This reiterates the fact that the 12 connectivity

paths identified inthis work are behaviorally relevant.

«10%

*  Behavior vs Connectivity in latent space -
m— Linear fit

5 -
R =0.7505 . e,

EBehavicral measures in latent space

0.1 -0.05 0 0.05 0.1
SEC and vDEC values in latent space

Fig.4.8 Linear fit between SEC as well as vVDEC connectivity values with behaviors in the latent
space(obtained through partial least squares regression)
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4.3.3. Machine LearningClassificationResults

Machinelearning classification was performed as described in section 3.2.3 of this document.
Statisticallysignificant neural signatures need not necessarily have generalizability or predictive
ability, implying thatconnections which argtatisticallysignificart, fitting our hypothesisand at
the same time are alsop predicbrs of diagnostic labghssume higher importance. We thus used
recursive cluster elimination based support vector machine-&RO¥) classifier[57] to identify
the toppredictors.

Classification was performed fawo different paradigms(i) classification using 32 nen
imaging measurgdNIMs), and (ii)classification using connectivitiéom the entire brain (whole
data, nothing left behindyVe found that classification using connectivities provided significantly
higher accuracy (abo@% more, p<0.05 Bonferromorrected) than classification using NIMs
(see Fig.4.9) This finding indicates that B and vEC have better predictive ability in

identifying subjects witiPTSD and PCS compared to NIMs.
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Fig.4.9. Worstcase classification accuracies obtained using recursively reducing number of
discriminative features, with both whebeain effective connectivities and nonaging measures
(NIMs). We obarve that connectivities consistently outperform NIMs, with 8% better performance

using toppredictive connectivity features.

Table 4.3summarizes worstase classification accuracies along with-popdictive features
(see Figd.10for average accuracy). Along with classification accuracies, thpregictors which
resulted in highest classification accwrace also of considerable interest. For classification using
connectivities, SEC and vDEC values of four paths were therefictive features (L_MF6G
L Insula, L Insuld L_Amygdala, L_Amygdald R_Hippocampus and R_Ant_Cingulate
R_Inferior_Frontal). The fgt three paths were among the twelve paths to have emertgd in
study (paths B in Table.4.), and they also correlated sificantly with symptom severity and
neurocognitive functioning. Prior to these findings, these paths were attributed only with statistical
significance between groups and behavioral relevance. Statistical significance does not necessarily
guarantee prediwe ability of connectivity features [74]. These results show that, in addition to
statistical separation and behavioral relevance, these paths also have the highest predictive ability,
all obtained in a datdriven way from wholérain connectivity dataFig.4.3 summarizes the

processing pipeline of our entire work, along with corresponding results.
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Table.4.3 Worstcase classification accuracies along withjo@dictive features

Worst-case accuracy

Top-predictive features

comparison

Non-imaging 20.79% Epworth sleepiness scale and
measures ' Zung depression scale
. SEC and vDEC of paths3 (see Tablet.1)
0
SO e (R and R_Ant_Cingulate> R_Inf_Frontal
p-value for row-wise 4.48 x 16

o
©
)

o
o
o

Average Classification accuracy

0.65

0.60

Fig.4.10. Average classification accuracies obtained using recursively reducing number of

RCE-SVM classification

—— Effective connectivity: average accuracy
Non-imaging measures: average accuracy
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322 256 201 162 133 103 80 64 47 38 23 8
Number of features

discriminative features, with both whebeain effective connectivities and nonaging measures

(NIMs). We observe that connectivities consistently outperform NIMs, with 8% beftenmaace

using toppredictive connectivity featureShe trend is highly similar to what was observed with

worstcase accuracies.
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4.4.Discussion

In the current study, we sought to identify sources of abnormality from effective connectivity
networks insoldierswith PTSD and mTBI. We hypothesized that these disorders are associated
with dysfunctional foci which are in turn associated with affected connections that have altered
SEC and lower vDEC in the disorders. We found evidence in favor of our hgmothée
identified three dysfunctional foci (L_MFG, L_Insula and R_Hippocampus) which were
significantly different between all three groups. We also identified a network of altered
connections in accordance with our hypothesis. Our results showed widkesyszagulation
originating from MFG. We found thaté¢ prefrontal regions steered by MF&ad reduced
influence on the insula which was mediated by OFC and ACC. This resulted in insular
disinhibition ofamygdala and hippocampus causingoaardrive of these sukcortical regions
This overdrive manifestd throughdisinhibited parietal (TPJ, precuneusand other subcortical
(striatum)regions, whiclcould be the cause ftine heightened behaviors often observethése
disorders The network was obtainedofn restingstate data, hence represents the differences in
baseline state between the groups. Based on prior knowj@dgee propose that this network
represents prefrontal dysregulation of emotion leading to inadequatelcover emotionally
intensive traumatic memories, which gives rise to traumaxperiencing, hyperarousal,
flashbacks and other symptomsswidierswith PTSDwith and without mTBI.

The MFG is known to play a key role in cognitive con{f0], of which emotion regulation
is a part. Although the amygdala is key to emotion generation and medial prefrontal regions are
key to mediating subconscious emotion regulation such as fear conditi@hitageral prefrontal
regions such as MFG are responsible for the initiation of conscious and cognitive emotion
regulation9]. Several studies have guessed that the MFG might be the likely source of dysfunction
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in PTSD [131, 89] including a recent mefanalysis[93], although direct evidence for this
hypothesis has not been provided. We provide, what we believe, to be one of the first such
evidences for theirypotheses in this work. In fact, a recent rratalysis discussed evidences
from several papers that repetitive transcranial magnetic stimulation (rTMS) applied to MFG could
be used as a treatment for PTRDB2]. While they danot explain the underlying mechanism, we
provide the network of disturbance caused by MFG dysfunction, with MFG as the source of the
di sruptions. Put together, MFGOs role is I|Iikel
regulation, whose digption could thus lead to a chain reaction of impaired cognitive control.

We observed prefntal topdowndysregulatiorof the insulaby MFG (both direct and indirect
via OFC and ACC). OFC is considered important for social emotional processing as well as
emotion regulation executid®]. ACC plays the key role of executive functioning in cognitive
control [9]. Together, OFC and ACC could be seen as the executive arm of cognitive control,
which, when insufficiently driven by MFG, could dysregulate other regions such as insula.

Anterior insula is largely involved in mediating between phefrontal cortex and subcortical
regions, and is shown to be involved in emotion dysregul§ioh33] It is heavily connected to
the amygdala through whimatter tract§134], and plag a major role in subjective emotional
experience (feelings). It integrates emotionally relevant information from multiple sources and
likely represents them as of one of the several complex emotions. Dysregulation of insula from
prefrontal regions likelyleads to elevated amygdala activity, which then causes increased
hippocampal activity. Overdrive in hippocampus, a key region for declarative memories, could
indicate elevated retrieval of explicit traumatic memories. The critical role of amygdala and

hippocampus in PTSD and mTBI have been well documef@8d 12] The uniqueness of
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traumatic memories is the intensity of certain negative emotions associated with them, hence
emotion and memory are deeptyarconnected in PTSD.

The striatumds r dike B2sponseo tgaanmcmantories ig PT&SD lmsadeent
well documented77], and increased, but less variable drive from the hippocampus may underlie
the hait-like response. The precuneus is largely responsible for generating the experience of
visual memories, while the TPJ is largely responsible for higwedl audievisual information
processing and verbalizatif®]. Both regons had reduced strength and variance of influence from
MFG. Thus thehippocampal memoryetrieval networkinvolving precuneus, TPJ and striatum
likely translatesthe subcortical overdrive into heightened memaoejrieval for traumatic
memories This likely leadsto trauma reexperiencing, hyperarousal, flashbacks and other
symptoms observed soldierswith PTSD and mTBI.

Taken collectively, we identiéid the MFG to be the pivotal source of disruptiosdldierswith
PTSD and mTBI (as all the connections could be traced back to this saunce) was further
affecting other emotion and memory processes, potentially exacerbating symptoms. The other two
foci also play a key role in mediating disruption with theuila involved in subjective cognitive
emotional processing, and hippocampus involved in declarative memories. In concert, this network
provides a mechanistic explanationimpaired cognitive control witemotion dysregulation and
subsequent lack of controver traumatic memories, contributinggeveralsymptomsobserved

in soldiers with PTSD and mTBI. Fig.4.11 summarizes the findings with a flowchart.
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R_DLPFC

L_Insula

E__Amygdalag )E_Hippoca mpeﬂ

E_Precu neuﬂ

Fig.4.11 Flowchart illustrating the effective connectivity network and affected foci obtained in

this work. Paths with thin gray lines correspond to lower strength of connectivity (SEC) and lower
variation in connectivity (vDEC) in patients compared to healthy controls, indicative of breakdown
in top-down modulation. Paths with thick brown lines corragpto higher SEC and lower vDEC,
indicative of overdrive in subcortical limbic and parietal memmatrieval regions. Foci are in

red, nonfoci are in blue.

Although progress in PTSD research seems to have arrived at some consensus on the pivotal
role of MFG, our understanding of PTSD with comorbid mTBI do not seem to have progressed so
far. It remains largely unclear as to what are the markers which distinguish between the two
disorderg93], and what are the subtle féifences which characterize the similar disorders that

have dissimilar origins. But it is known that the added burden of mTBI in comorbid PCS+PTSD

92



causes increased symptom sevei®3]. We provide a mechanistic basis for #adsehavioral
observations, and explain network disturbance that distinguishes PTSD from comorbid
PCS+PTSD.

Earlier studies have repeatedly identified these and other rgg®ns6, 11jto be involved in
both PTSD and mTBI, but a precise understanding of the sources of disrtipioisubsequent
causal relationshipsnd the underlying network structuras not emerged from them. Employing
a novel framework involving foci identificaticaandstatic/dynami&C networks, we identified the
regional foci associated with the disorders and eltettlaheir causal relationship©ur
characterization fits well with behavioral manifestations of PTSD BQ@BTSD, thus
illustrating the utility andidelity of our approach.

Additionally, three of the paths correlated significantly with symptom severity and
neurocognitive performance (MRGnsula, insul¥ amygdala, amygda¥ahippocampus), thus
highlighting the behavioral relevance of these paths. Thendre of connectivities could also
explain about 57% variance in the behaviors in the PLS regression model. Upon performing
machine learning classification, we found ttie¢ accuracies obtainesing connectivitiesvere
significantly higher (8% more) tha nonimaging measurefnterestingly, we found th&EC and
VvDEC of these three paths (along with another path not part of the network) resulted in highest
classification accuracy. They were also identifiethagop predictive features of diagnostidissa
in addition tobeing statistically significant, which was determined in a-datsen way from
whole-brain connectivity datalhis demonstrates that theguld be a bettenarker of neural and
behavioral characteristics of PTSD and PCS jasiPCL5andNSI scoresandhavepotentialas
imaging biomarkes for these disordersOur connectivity featuresatisy three of the four
conditions described by Woet.al. [88] to be satisfied by a good biomarker (diagnosticity,
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interpretability and deployability)n regardto the fourth conditiongeneralizability),based on
suggestion in Woet.al, we issue an open call for researchers having similar data to share with us
so that the classifier can be tested on them

Our novel framework used in this work is applicable to the study of any psychiatric illness or
cognitive domain. We urge researchersake advantage of this approach in identifying sources

of disruption/alteration in various psychiatric illnesses and civgniomains.
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CHAPTER 5

Complex Network Analyss using Effective Connectivity

5.1.Introduction

Thehumanbraims abi | i t i etsitstaghlginteacornnectedvchiteciubeFuactional
Magnetic Resonance Imaging (fMRIprmnectivity modeling ispopulaty employed to study
interrelationshipsetween brain regionat the systemkevel. However fMRI connectivity is
limited in that itcan characterize only paivise relationshipg.e. it is bivariateOur understanding
of brain functioning suggesthat mental processes are encoded through a carefully orchestrated
timed pattern of connection ensembles. Hence, to characterize connection ensembles, not just
connection pairs, strategies beyond traditional connectivity modeling are deemed necessary.
Conplex network modelindg8], using grapktheoretic measuresyhich can inform us on the
properties ofensemble of connections, is a step in that directidhmakes use of individual
connectivity weights as well as the pattemmwhich these connections coexist to make various
inferences on the network structure.

Graphtheoretic measures are widely used in studying computer networks and internet, social
networks, linguistics, biochemistry, condensedtter physics, brain netwakamong others
[135]. It has been used even for fmargical planning136]. Complex network modeling arises
from theoretical concepts in graph theory developed originally by mathematicians gmateom
scientist135]. A graph comprises of a set of nodes which are interconnected by edges. In brain
networks, individual brain regions are the nodes and the connectivity weights between them

represents the edges.
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Rubinov aml Sporns[8] illustrate the applicability and interpretation of several network
measures in brain imagingmong such network properties, functional segregation informs about
denseconnectedness within separate subnetwdtrksovides a measure of how well a given node
is connected to its neighbors. It essentially quantifies whether the regions connected to a given
node are connected among themselves, thus formingetulmrks wherein majority of the nodes
are connected to ewerother node. High segregation is necessary for optimal specialized
processing within denselyonnected subnetworks. For example, during altered consciousness,
segregation is reduced especially in the thalajb88], given thatcertain specialized processing
necessary for consciousness are impaired. In this work we used transitivity (globabvenele
level measure), clustering coefficient and local efficiency (both local-tev@$ measures) to
guantify segregatiof8].

On the other hand, functional integraticaptures the ease wmiteraction between segregated
regiong[8]. It is often seen as a measure of connectedness of differenesumbrks, necessary for
amalgamabn of multiple specialized information into generalized information. For example,
there is higher segregation in frontal and cerebellar subnetworks in attdetioih hyperactivity
disorder (ADHD), but lower integration between these subnetwj@8&), indicative of typical
timing deficits seen in ADHD. In this work we used global efficiency (global measure), shortest
path length and edge betweenness (both local measures at conlesetipto quantify integration
[8]. While traditional connectivity identifies standalone important connections altered between
groups, these measures of integration identify those connections which are not only important by
themselves but are also important for thet of the connections in the network. The measures of

segregation and integration used by us have high interpretg®jlity
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In general, ithas beemxtensively demonstrateédat segregation and integration are altered in
psychatric disordergfor example, sef@39, 140). Most such works report a fine balance between
segregation and integration in the healthy population (called as metastddity) which is
altered in disorderdJsing restingstate fMR| we investigatednetworklevel alterations in the
brains of soldiers diagnosed withposttraumatic stress disorder (PTSD) and postussion
syndrome (PCSwhich isan outcome ofpersistent symptoms aftemnild-traumatic brain injury
[MTBI]). While we illustrate our techniques to advance our understanding of PTSD and mTBI,
they are equally applicable for the study of any other cognitive domain or psychiatric disorder.

PTSD, an outcome of psychologicadlauma, ismarkedby hyperanxiety, hyperarousand
hypervigilance. Exposure ttetonating explosivesftenresulsin mTBI, which hasonsiderable
comorbidity with PTSO[15, 92] Of the2.7 million Americanswho served in Afghanistaand
| rag unt i|20%dswelppedTSD, 19%developed TBI and 7% developed bfth With
prevailingclinical approachocusingon subjectivgudgments a thorouglcomprehensionf the
mechanistic basis for PTSD and PCSniperativefor improveddiagnosisandtreatmentand for
making returnto-duty decisionsOwing to substantiallpverlappingsymptomsbetween PTSD
and PCS[5], it is importantto identify objectivenetworklevel markers toenhanceclinical
evaluation and treatment outcomelree groups were compared in this work: PTSD, PCS+PTSD

(comorbid group sustaining both PTSD and PCS) and healthy combat controls.

For the sake of disambigst i on, we cal | compl ex-l eeeivér k wmo
connectivity modeling-lwwel @ ke dc alclte & add ommn eant
oregievrel 6. While several studies havaktareasdgent i f

among others, along with their related connections to be altered in mTBI and BYS2

thorough understanding of the alterations of directional influences and associated changes in

97



network structure have not emergedm them. We address these gaps by identifying network
level alterations associated PTSD only, as well as comorbid PTSD and mTBI with the hope of
developing a mechanistic explanation for underlying neural alterations as well as behavioral
impairments.

Brain networks are constructed using peise connectivities. While functional connectivity
(FC) is the popular choice, we sought directional networks with causal relationships instead of co
activation (a nosdirectional entity). This is because the undedycausal influence of one region
over the other has not been adequately explored even though it is an equally important mechanism
for network level interactions in addition to synchronization which is captured via FC. Causal
influences between brain regis have been discovered even in fMRI timesda#s126, 100, 35,

105, 142] signifying that identifying causal networks besidesactivation networks is important

for more exhausse characterization. Moreover, PTSD and mTBI are typically seen as prefrontal
dysregulation disorde89], meaning that causal influences emanating from prefrontal areas are
defective, which motivated us further to investegdirectional connectivity.

Effective connectivity (EC)Yeals withdirectional relationships among brain regiof@4].
Granger causality (GCan exploratory techniguevas employedo quantify EC between brain
regiong[95]. It is the most prevalent technique for deriving causal relationships in natural systems
[96] including, but not restricted to, molecular biology, epidemiology, econometrics, climate
science, evolutiaary biology, computer networks, linguistics and brain sci¢®iceBeinga data
driven approachGC haso requirementor the specifcation ofconnectivity priorsasin dynamic
causal modeling (DCM[Q4, 98, 99, 10Q]For wholebrain connectivity, it would be practically
impossible to build a DCM model with priors since it would result in computational intractability.
Recent simulationfLl02, 103]as well asexperimental resulfd 04, 35, 105gdemonstrat¢that GC
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used after deconvolving the hemodynamic response function (HRF) from fMRI data (as done by
us),is rdiable for drawinginferencesegardingdirectional relationships between brain regions.
Several recent fMRI works have also employed this mefho@, 107, 108, 109, 110, 111, 112,

113, 114]

Most studies investigatg EC assume connectivity to be stationarpver time Static
connectivitydoes not capture dynamic variations of connectiVitiile an fMRI scan endures for
sever al mi nut es, ment al processes occur withi
thus natural to note that connectivity varies over the timescales of fMRI scans, and that those
variations contain biologicallselevant information115], which are different from that contained
in static connectivity116]. Therefore, wdave used statiEC (SEC)as well as dynamieC (DEC)
in this work

Brain netwaks were constructed from strength (SE@nd temporal variability (DEC) of
directional connectivitySEC network was then used to obtain static segregation and integration
measures. With DEC, we constructed a network at each timepoint and then evalyaigation
and integration measures at each timepoint to obtain timeseries of neteaskire values. We
then took the variance of those values, which indicated the variability of network properties over
time. Such a characterization of dynamic network erogs is one of the important novel
contributions of this work.

A recent study reported complex network characterization in PTSD and [id|BHowever,
they neither considered directed networks nor dynamic variations imrkeproperties, meaning
that our work is looking at a fundamentally different characterization, providing novel insights
which cannot be obtained through static and-dioectional connectivity. Consequently, their

work also did not present a coherent aathprehensive network structure that explains PTSD and
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mTBI symptoms, possibly because they used only global measures of integration which do not
give connectiorlevel characterization, and they did not use directional connectivity. Rather they
identified certain nodes with reduced static rirectional segregation, which correlated with

certain behaviors, whose usefulness and applications are different from that aimed in this work.

Lower variability of connectivitypver timeis associated with both psyelic andneurologic
conditions [116, 120, 119, 118]often corresponding toa lack of cognitive flexibility.
Compromised behavioral performancesychiatric disorders as well ashealthyadults is linked
to reduced temporal variance of DIF&3, 116] Suchreduction islinked toimpairedability in
dynamically adjushg to changing conditionge.g. thoughts, behavior, etcQther biological
systemsexhibit such a phenomenon, for example, wigldluced heart rate variability being
indicativeof cardiovascular disea$&21]. A healthy biological systemmodifiesits actionin real
time becausenternal and external conditions with respect to the body are changing continuously
Inthoset e r ms , A f r ozandlad compmer mewvork measuresysuch as segregation and
integrationpoints tocompromised brain healt&uch a characterization hasbedone in recent
works[116] wherein the authors showed that greater connectomic flexibility was associated with
better/favorable task performance in healthy aduritghis work, we extend these concepts to the
reducedtemporal variability or rigidity in network properties instead of individual connection
strengthsWe hypothesized that PTSD and mTBI are characterized by altered strength and lower
temporalvariability of segregation and integration directional braimetworks. We sought to
identify such networks properties which were (i) affected by PTSD but not mTBI (we call this
hypothesisl, see Fig.5.1a), and (ii) affected by PTSD as well as comorbid PTSD and mTBI (we
call this hypothesi®, see Fig.5.1b). Such tictomy would enable us to identify both common

and distinguishing network features between PTSD and mTBI, given the high comorbidity and
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overlapping symptomatology between thehhis would enhance our understanding of PTSD
alone, as well as comorbid PT3Dd mTBI. Notably, w tested the hypothesis on wholein
datain a datadriven mannewithout imposition of any priorausing restingstate fMRI which is

not task dependent.

Control
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Fig.5.1. lllustration of our hypothesis showing reducing temporafiability (i.e. rigidity) of
segregation/integration, and either increasing or decreasing segregation/integration as we move
from Control to PTSD to PCS+PTSD. Font and circle sizes are symbolic of the
increasing/decreasing trend. (a) Some network progertvould be altered only in PTSD
(significant for Control vs PTSD and Control vs PCS+PTSD comparisons, but not PTSD vs
PCS+PTSD comparison) (hypothedis (b) Some network properties would be altered between

all three groups (hypothes®). Note that irlation and deflation generally corresponds to
elevation or suppression of network properties, respectively, and not just connection strengths of
individual paths. However in the special case when local network properties of paths are
considered, inflatiorand deflation referred to network properties as well as connection strengths

of the paths under consideration
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Statistical separation between the groups is the analysis framework on which our hypothesis
rests. However, statistical separation in networlpertes does not automatically attribute them
with diagnosticpredictive ability[57]; which means, they may not possess acceptable ability to
predict group affiliation at the individualubject level. As a result, thosetwork properties are
more powerful which possess statistical significance as well as discriminative ability to classify
the subjects with high accuracy. Machiearning classifiers have been successfully utilized on
fMRI data for such diagnostic predm in disorders like majedepressivalisorder[58], PTSD
[60], Parkinson's disea$&9], dementig61], ADHD [143], prenataicocaineexposure syndrome
[57], autism[62] and many others. However, there have been no works which, to the best of our
knowledge, have utilized complex network properties endlassification of PTSD and/or mTBI
subjects. Given the unique higwvel information contained in network properties, we expected
them to possess predictive abilities. Neuropsychiatric conditions such as PCS and PTSD are
currently diagnosed entirely thrgh clinical observation, hence classification using
neuroimagingbased network signatures can be useful in obtaimoge accurate diagnoses in
these highly comorbid conditions. Hence, by utilizing network measures derived from entire brain
effectiveconect i vity dat a, we found those features
membership with high accuracy. Specifically we sought to find an overlap between connections
with network properties satisfying our primary hypotheses%HRigand conneabins with network
properties possessirggh predictive ability. We hypothesized that (secondary hypothesis) such
network properties would predict the diagnostic membership of a new subject better than non
imaging measures (neurocognitive, behavioral aifdreport measures), thus underscoring their
relevance to the underlying neuropathology of mTBI and PTSD. We place special emphasis on
network properties having all the desirable qualities: high statistical separation, behavioral
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relevance (assessed thrbumprrelation between network properties and behavioral variables) and

high predictive ability.

5.2.Methods
5.2.1 Complex Network Analysis

Effective connectivity analysis using Granger causality was first performed, as described in
detail in section 4.2.0f this document. Static (SEC) and dynamic (DEC) effective connectivity

matrices were then used in further complex network analysis.

We first describe the network measures of segregation and integration, and then explain how
they were used in the context this work. As noted earlier, we dealt with weighted directed
networks in this work. Weighted because we did not binarize our connectivity matrices, since
binarizing requires choosing an arbitrary threshold value that might bias the results in faulty ways
There are approaches to binarize relidBly which essentially involves using a range of arbitrary
thresholds and choosing one of them based on a mathematical criteria. But given the complexity

of our hypothesis, we chose tise weighted networks instead, which is equally acced&ble

Functional segregation was obtained using transitivity (global measure, one value for whole
brain per subject), clustering coefficient and local efficiency (bmthl measures, one value per
node/region per subject). Functional integration was obtained using global efficiency (global
measure), shortest path and edge betweenness (both local measures, one value per connection per
subject). We obtained source cottasthese measures from the Brain Connectivity Toolbox (April
2014 releas€p], and implemented the entire pipeline in Matlab® platform through custom code.

We explain each of these measures in brief here (for weighted direeti@orks only), while a

detailed account can be found&it
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Fig.5.2 Simplified example network used to numerically explain several complex network
measures. The node numbers are marked within the node. The connedighy fer each
direction are marked next to the path. This network contains twoetnorks or modules (nodes
1,2,3 and nodes 4,5,6,7) which are connected through pivotal connections betwe&namode

node4.

We first define certain basic netwoektities. All measures are numerically explained using a
simplified example (see Fig2). Degree of a node is the sum of all connectivity weights associated
with a node. Given the set of all nodes (regiddgind connectivity weights (EC value) for

path(i,j), degree of a node is defined as,

5 60Q QR0 0 N0 QIR Q 0 uP

N N

In the example (Fig.5)2the degrees for nodeare’Q  ¢&h™Q p®, while that for node
2 areQ  ThQ p8t This shows that noe is a strong node which is predominantly

driven by other nodes while no@es a weak node which predominantly drives other nodes. The
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weight of a $taken as zem.nfeecntimber ofdriangles around a node is the basis
for measuring segregation, which informs about how well the neighbors of a node are neighbors
themselves. This characterizes how veelhnected a subetwork is. It is defined as the geame

mean of the triangles around nadss,

In the example (subscripts indicate node number), T8ho  p@&. If the connetion
between nodes 4 and 5 is removed and inserted as the connection between nodes 4 and 1, we get

0 pohod 1. We see a reversal in this case.

The shortest path length (SPL) is a basis for measuring integration, which indicates the smallest
sum of hverse patiweights from nodetoj. It is a measure of how easy it is to reach rjdoam
nodei. The shortestpafy, i s usually determined using Dijks

length is then determined as,

Q Py 35

In the example (Fig.5)2Qo v&h Qo @®, indicating that it is shorter (easier) to
communicate from node 1 to 7 than from node 7 to 1. The SPL is very important, and is analogous
to metaconnectivity, because it represents indirect connections between regions which are

originally not connectedqor weakly connected). For example nodes 1 and 7 are not directly
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connected, but SPL makes it possible to quantify indirect influences between them through other

regions.

Measures of segregation

Transitivity is a global measure indicating the average p&age of triangles (clusters) in the
nodes compared to the total strength of all connections. It is a global measure of overall efficiency

of local processing in the brain, which is defined as,

"Y T T T T 4 4 U8

In the example, simple computation yields T=0.22. If nodes 4 to 7 were to be removed, we get
T=0.39 since nodes-3 form neat triangles. If nodes 1 to 3 were to be removedjev&=0.28;
lower since nodes 5 and 7 are not connected. The entire network has a smaller value since the
connection from nodes 3 to 4 is not part of any triangle/cluster.

Clustering coefficient@C, a local measure) gives a transitivigype characterizain for every
node. It is the ratio of all triangles around a node to the total sum of all paths associated with the

node.

bb 7 7 7 7 . . UEB)
Q Q Q Q p ¢B. 0O U

Inthe exampled 6 T 616 6 18 ybecause 33% ofnokds connections do
triangle at all, while allofnod8 6s connections form triangl es &

nodeb5 is associated with specialized processing.
107



Local dficiency (EffLog a local measure) is closely relatedX@. Essentially, if a given node
has powerful neighbors which are involved in several shortest paths then the node B degh

indicating that the node is important in the sgiwork for specilized processing.

0"QQ) ¢ w = = = o — L&

WhereQ 0 is the shortest path length betwg@amdh which contains only the neighbors of

nodei. In the exampléD"QQD ¢ wp B'0'QQD ¢ a8 v While CC andEffLoc usually give
similar (but not same) results, their interpretations are different. In this work, along with transitivity
as theglobal measure, we employed b@iC and EffLoc as local measures, which are the two
popularly used local measures of segregation. We took an overlap (intersection) of the final
significant group differences for the two measures, so that affected nodeiférhces in both

measures, thus providing conservative results.

Measures of integration

Global efficiency EffGlob) is a global measure indicating the aggregate ease of communication
in the entire network. It is defined as the average inverse shoatbstgngth of the complete
network. That means, if the shortest paths in the network are shorter (easier to communicate) on

average then we get larger global efficiency.

. B.: Q
0004 £ & i
3 p

N
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Wheren is the total number of nodes in the netwoln the example shown in Fig.5.2
EffGlob=0.32. Now if we removed the connections between nodesl 2.ave geEffGlob=0.32
(unchanged), because it is a local connection that does not have much role in information
integration. However if we remove the connections between nodes 3 and 4, which is the key link

between the two subetworks, we geEffGlob=0.18.

Edge betweenneskB) is a local measure obtained for each path. For a given path, it measures
the fraction of all shortest paths in the entire network that contain the given path. That means, if
the path is an important link in the network, theargé portion of shortest paths would go through
it, giving a high value oEB. I't is evaluated through a varie
example 060 ThO6o ThO60 @¢hOb6o p ¢ These values are intuitive since
pat h 1Y2 olbiatest6f the netivark, while the paths between nodes 4 and 6 have a role
restricted withinthesubh et wor k (with 6Y4 being stronger th
3 and 4, however, is pivotal to the efficient communication between tha&etworksand
integration of information, which is why we get highE&for that path.

Like shortest path lengthEB is a very important measure because it characterizes the
importance of a connectivity path not only through its connectivity value but also thileeigh
significance of the path for other connectivity paths present in the network. If a path matters a lot
for other paths, i.e. for communication between various other nodes, then the given path would
have high integration ability (i.6SPL and EB). Such acharacterization can be obtained only
through complex network modeling since traditional connectivity informs us about the strength of
interaction only between two regions.

In this work we employed botffGlobas the global measure aBBLandEBas lochAmeasures

of integration. As with segregation, we took an overlap (intersection) of the final significant group
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differences in the two local measures, so that affected paths had differences in both measures, thus
providing conservative, but potentially neoreliable, results.

Next, we describe how these six network measures were used in the context of this work. SEC
and DEC connectivities were used separately to construct static andatiymeg networks with
brain regions as nodes and connectivity sttengetween them as the weighted directed edges of
the network graphs. With SEC, a single network was constructed for the entire duration of data,
giving a Aconnectivity strengtho network, whi
network measurefor every run of every subject. With DEC, we considered every timepoint as a
network snapshot, and computed network measures by treating each timepoint like a SEC matrix.
Accordingly, we obtained network measures at each timepoint, which, when compateaya
timepoint successively, resulted in a timeseries of network properties that captures network
dynamics. Then, for each network measure, we computed the variance of the network measure
timeseries to obtain a single value for entire duration oftheeex i ment , t hus gi vi ng
variationodo network for every measure for ever

Statistically significant differences in these strength and variation networks were obtained, in
accordance with our hypothesis (p8®, FDR corrected). Differences were controlled for age,
race, education and heawbtion (using mean framwise displacement obtained across all brain
voxels for each sybct as defined by Power et §5]). That is, we found significant group
differences with both SEC and DEC network measures separately for these three pairwise
comparisons (thus giving a total of six comparisons per network measure): Control vs PTSD,
Control vs PCS+PTSD, PTSD vs PCS+PTS[2 then identified the common network measures
among four of these comparisons (hypothé$iswhich excluded PTSD vs PCS+PTSD
comparison, and we also identified common network measures among all the six comparisons

110



(intersection, hypothesi®), all of which also fit our hypothesis, that is, conformed to the

increasing/decreasing trend as we moved from Control to PTSD to PCS+PTSD.

It is notable that we have taken a conservative approach in this work. We opted to look for
common differences in pawise statiical comparisons, rather than performing a singleay
statistical comparison which is less conservative. We obtained common differences in static as
well as dynamic network measures, and we also constrained the differences to conform to a trend
as per ar hypothesis. Additionally, we computed two local measures in segregation as well as
integration, and considered only common differences in them, which added another level of
constraints to our results. In addition to these, we notably discarded anwpath&ad significant
networklevel differences in local measures of integration (i.e. SPL and EB), but not significant
pair-wise connectivity differences themselves. That is, we included only those paths which had
significantly different SEC and varianacé DEC in accordance with the trend set out in our
hypothesis (p<0.05, FDR corrected, controlled for age, race, education anrcthdieag), in
addition to having significantly different local measures of integration (i.e. SPL and EB). This was
done to ensre that, irrespective of netwel&vel disturbance, the significant connections which
emerged in this work would have cleared wHolain multiplecomparisonsorrected statistical
threshold like in most other studies. This reassured that our resultsroedfto multiple layers
of validation, verification and statistical standards, and that evidence of network disruption were
obtained via multiple analysis approaches, in addition to providing novel insights through network

characterization.
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5.2.2 Behavoral Relevance of Network Properties

In an effort to assess the behavioral relevance of complex network measures, we first correlated
the strength and variability of complex network measures (only those which fit our hypothesis)
with symptom severity in €S (NSI score) and PTSD (PCL5 score), as well as neurocognitive
functioning (NCI score and subtests). Neurocognitive functioning (e.g. executive functioning,
cognitive flexibility) is impaired in psychiatric disorders such as PTSD and PCS, hence idgntifyin
such behaviorally relevant network properties is important. We report significant correlations, and
associate corresponding complex network properties with altered behaviors.

We observed that several complex network properties had considerable coselgitio
behavior. In an effort to obtain better insight into how network properties of the ensemble of
identified connections mapped on to the ensemble of behaviors, we performed partial least squares
regression (PLSR) analygis29], which we employed to predict neurocognitive functioning (NCI
and subtests) and symptom severity (PCL5, NSI) from strength and variability of network
measures obtained from our prior analysis. We present the percentage variance in behaviors
explainel by the complex network measures. Figdufimarizes the processing pipeline of all the

methods.
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Preprocessed Spectral Time series from HRF Deconvolution
Resting State Clrfs terin 125 Homogenous of 125 ROI time
fMRI Data g ROIs series
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Strength and Variability of
Complex Network Measures

Test Behavioral Relevance:
Network Measures - Behavior
Correlation & PLS Regression

Measures for Statistical
Separation (Fig.1)

SVM Classification (Fig.5),

Test Hypothesis on EC for
5 Worst-case Accuracy

Test Hypothesis on Network
tatistical Separation (Fig.1)

Test Predictive Ability: }

Intersection

Fig.5.3. Schematic of the complgteocessing pipeline

5.3.Results
5.3.1.Complex Network AnalysiResults

We used SEC and DEC connectivities to computeasirplex network measures (two global
and four local measures). With global measures (see bal)leve found significantly reduced
strength and variability of both segregation and integration in PTSD and PCS+PTSD compared to
controls. Our finding indicas that both specialized processing and efficient communication are
affected in the disorders at the whole brain level. However, no significant differences were found
between PTSD and PCS+PTSD groups, indicating that PTSD might contribute to global

alteratons whereas the effect of mTBI might be more localized.

113



Table 5.1 Significance of group differences for the two global measures obtained from both SEC

and vDEC. We observe that whdilein differences are driven by PTSD while mTBI likely causes

local changes
. p-value of comparison
M Connectivity

easure metric Controls vs. | Controls vs. PTSD vs.
PTSD PCSPTSD PCSPTSD

Transitivity SEC 0.0088 0.0154 0.4974

(segregation) VDEC 0.0076 0.0041 0.5891

Global Efficiency SEC 0.0104 0.0236 0.4291

(integration) vDEC 0.0081 0.0047 0.5827

Further granularity was obtained with local measures. Altered segregation was mainly observed
in frontal and occipital regions (Figs 5.4 and)5All occipital regions were not different between
PTSD and PCS+PTSD, while mostthe remaining regions were different. While these results
were obtained using a strict statistical threshold, we noticed that when a liberal threshold (not
shown here) was used, more frontal nodes were affected compared to parietal/occipital, and they
were all characterized by lower segregation. This might explain why we observed lower

transitivity (global segregation) in PTSD and PCS+PTSD compared to controls.
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m Regions significantly altered between all 3 groups

& Regions significantly altered only for Control vs PTSD
and Control vs PCS+PTSD comparisons

Fig.5.4. ROls associated with significantly altered functional segregation
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Fig.55. Nodeswhich had altered functional segregation and lower variation of segregation over
time in the disorders compared to controls. Red nodes were statistically significant only for control
vs PTSD and Control vs PCS+PTSD comparisons (but not PTSD vs PCS+PT§gérison).

Yellow nodes were significantly different between all three groups. Additionally, all occipital
regions plus insula and hippocampus showed higher segregation, while all frontal regions showed

lower segregation (this observation is not cetmded.

We wish to clarifyt h e me a ni mmigationdbanddedlation®s whi ch we have us
hypotheses (Fi§.1) as well as in the description of results and discussions in the following

sections. Generally they correspotad elevation(increased vale) or suppressior{decreased
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value) of staticnetwork properties, respectively, and not just connection strengths of individual
pathsSi mi |l arly, &érigidityd generally corresponds
propertiesHowever in the special case when local network properties of fahstegration)

were consideredhese termseferred to network properties as well as connection strengths of the

paths under consideration

Next, altered local measures of integratigere found along two distinct pathwagee Figh.6
for the affected ROIs)which we present as two subnetworks for clarity: (i) frentwal
subnetwork (Fig.7), and (ii) parietainflation subnetwork (Fig.5.8. The frontevisual
subnetwork showed fréal deflation of secondary visual areas and lingual gyrus. lower
strength/variance afetwork properties (SPL and EB) of paths connecting frontal areas to visual
areas This subnetwork was, however, not different between PTSD and PCS+PTSD, indicating
that it might not be affected by mTBI (since one difference between these groups is history of
significant prior mTBI(s) in the PG TSDgroup). Notably, all paths here had lower SEC/VDEC

connectivity valuegn addition tolower strength and variability afitegration.
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m Regions significantly altered between all 3 groups

& Regions significantly altered only for Control vs PTSD
and Control vs PCS+PTSD comparisons

Fig.5.6. ROIs associated with significantly altered functiomaegration
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L_Medizal Frontal

-

" R_Lingual

" L Visual

Fig.5.7. The frontevisual subnetwork which had lower functional integration and lower temporal
variation of integration, which was significant for control R$SD and control vs PCS+PTSD
comparisons (but not PTSD vs PCS+PTSD comparison). The yellow node had altered segregation
between all three groups, while the red nodes were altered except for the PTSD vs PCS+PTSD
comparison. This subetwork likely represeatreduced frontal inhibition of visual memory

processing and retrieval.

The parietainflation subnetwork (see Fig.5.8howed that the visual areas affected in the
fronto-visual subnetwork were driving two key parietal regions (precuneus, terppasia-

junction [TPJ]). Additionally there was frontubcortical disinhibition resulting in inflation
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(increased strength but lower variance of network properties SPL and EB) of key subcortical areas
(amygdala, hippocampus) and anterior insula, which thertedsin inflation of the same key
parietal regions. Interestingly, this froréabcorticalparietal subnetwork was significantly altered
between all groups, indicating that both PTSD and mTBI affect this subnetwork, while the

occipital part was not alterdgbtween PTSD and PCS+PTSD (see Fig)5.9

L_Precuneus
*
" ]

¢

%G W L Visual

R TP

L_Amygdala W ‘l{{ R_Lingual

RUHippocampal

Fig.5.8 Parietal inflation subnetwork which had altered integration and lower temporal
variation of integration. Yellow paths were significantly different for all grauige comparisons.

Green paths weraltered except for the PTSD vs PCS+PTSD comparison. The yellow nodes had
altered segregation between all three groups, while the red nodes were altered except for the PTSD
vs PCS+PTSD comparison. This suttwork showed parietahflation caused by subcacal and

visual network disruptions, which wereturn caused by left MFG
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Fig.5.9. The entire network showing nodes/paths in gray which were on a deflated regime (lower
strength and temporal variability of integration, as well as lower SEC and viaB@odes/paths

in brown, which were on an inflation regime (higher strength of integration and lower variation
of integration over time, as well as higher SEC and lower vDEC). All prefrontal nodes and
originating paths exhibit a deflated regime, while tast exhibit an inflated regime. It is clearly
observable that the deflation originates in the-frantal cortex, which further results in inflation

of parietal regions through two routes, subcortical and visual.

Schemadt of the entire network (Fig.50) shows that the left middle frontal gyrus (MFG), also
known as dorsolateral prefrontal cortex (DLPFC), is the likely source of the nevatk
disruption, whose deflation (suppressed network properties) results in inflation (elevated network

propertie} of downstream subcortical and visual pathways, culminating in a parietal inflation.
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L Visual

L Amygdala ® R_Lingual
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Fig.5.10 Schematic of the entire network: Yellow nodes/paths were significantly altered for all
three comparisons. Green paths (and red nodes) were altered exc&X3@&r vs PCS+PTSD
comparison. Thick lines correspond to connections between majgoreswiorks while thin lines
correspond to connections within sobtworks. The frontal suetwork consisted of MFG and
medial frontal, the parietal subetwork consistedfda’PJ and Precuneus, the visual sudtwork
consisted of lingual and primary visual areas while the ematiemory suimetwork consisted of
sub-cortical regions such as Amygdala and hippocampus and cortical regions such as Insula.
Disrupted LeHMFG causedeflation of emotioomemory regions and visual memagtrieval

regions, culminating in parietahflation causing heightened symptoms.
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5.3.2.Behavioral Relevance of Network Properties

Strength and temporal variability of functional integrati@iues é four paths which were
alteredamonagall three groups (the yellow connections in Fig.5.10), as well as the strength and
temporal variability of functional seggation of MFG and Insula (Fig.5.6orrelated significantly
(p<0.05 Bonferroni correctedyith neurocognitive functioning (neurocognitre@mpositeindex
[NCI]) and symptonseverity in PTSPCL5-score) and PCS (NSlcore), thus highlighting their
relevance to underlying neuropatholo@ge Table 5.2)Notably thecorrelations followed the
expectedtrend: increasein severity and decrease in behavioral performance corresponded to
higher static functional integration in inflated paths and lower in deflated paitids,lower
variability (i.e. rigidity) in dynamic functional integration in all paths (¢amty with segregation)
However those connections which were not different between PTSD and PCS+PTSD (green paths
in Fig.5.10),as well as other nodes in Fig.5abd global complex network measures had no

significant correlations with behavior.

Table 5.2.Correlation (Rvalue) ofstrength and variability of complex network measuvih the
NCI score and symptom severity in PTSD (PCL5 score) and PCS (NSI 3dwsg correlations

were significant with p<0.05 Bonferroni corrected.

Symptom Severity

Complex Path (Integration) S Behavioral Measure
Network or N
Measure Node (Segregation) PCLS5 score| NSI score Neurocognitive

(PTSD) (PCS) Composite Index (NCI)

Static Functional Integration Measures

L_MFG I'bL_Insula 0.6902 | -0.6756 0.6589
SUel L_InsularbL_Amygdala 0.6822 | 0.6759 -0.6298

Path Length — — i ' i
L_Amyg MR_Hippocampus 0.6535 0.6930 -0.6389
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R_Hippocampu$§hL Precuneus 0.6990 0.6580 -0.3545

L MFGTIHL_Insula -0.6704 -0.6853 0.5871

Edge L_InsularbL_Amygdala 0.7370 | 0.6868 -0.5303
Betweennes! | AmygHR_Hippocampus 0.7080 0.6372 -0.3956
R_Hippocampu$bL_Precuneug 0.7156 0.6669 -0.4193

Variance of Dynamic Functional Integration

L MFGIbL_Insula -0.7532 -0.7327 0.6704
Shortest L_InsulalbL_Amygdala -0.7579 -0.7382 0.6748
Path Length | AmygrbR_Hippocampus | -0.7541 -0.7358 0.6709
R_Hippocampu$§hL Precuneus -0.8520 -0.7737 0.4579
L MFGIbL_Insula -0.7330 -0.7287 0.6672
Edge L InsulalhL_Amygdala -0.7358 -0.7260 0.6586
Betweennes: | AmygrbR_Hippocampus | -0.7326 | -0.7264 0.6590
R_Hippocampu$hL_Precuneug -0.8513 -0.7776 0.4619

Static Functional Segregation Measures

Clustering

Coefficient L MFG -0.6859 -0.6685 0.6245
Local L MFG -0.7013 -0.6990 0.6826
Efficiency L _Insula 0.6527 0.6550 -0.6290

Dynamic Functional Segregation Measures

Sl L_MFG -0.7478 | -0.7271 0.6538

Coefficient L_Insula -0.7412 | -0.7204 0.6533
Local

Efficioncy L MFG -0.7524 | -0.7324 0.6692

Since multitude of network paths and nodes had relevant correlations with multitude of
behaviors, it would be interesting to see how much variance in behaviors could be collectively
explained by those network measures. We thus performed partial least squares regression (PLSR)

[129] to find the combined ability ahe strength and variability of functional integration of the 4
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connections and functional segregation of 2 nodes to predict the set of 9 behaviors (PCL5 and NSI
scores, NCI and its 6 subtests). We found that the strength of network measuresxptaitd

48.9%% variancein the behaviors, while the temporal variability of network measures could
explain 57.1% variance When both were combined, they could expkiln74£% variance in the
behaviors. A high correlation between these network measuréehadior (R0.746, p=3.5x10

32) was found in the latent space (see Fig.5.11 for linear fit). This reiterates that the strength and
variability of functional integration of the four paths and that of segregation of the two nodes

identified in this work aréehaviorally relevant.

«10%
T

T T T
*  Behavior versus functional integration in latent space . .
Linear fit

6
R =0.7460 o ]

Behavioral measures in latent space

0.15 0.1 -0.05 0 0.05 0.1

Values of complex network measures in latent space
Fig.5.11 Linear fit betweerstrength andemporalvariability of functional integration of the 4
connections ( MFEGYI nsul a, l nsul aYAmygdal a,
Hi ppocampus Yardrfunaianal segreghtion of 2 noddsFG, Insula),andbehaviors

in latent space
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5.3.3.Machine Learning Classification Results
Machine learning classification was performed as described in section 3.2.3 of this document.
Statisticaly significart differences between groups for a specific neural signature may not
necessarily imply that it igeneralizale to a larger population and/or caredictthe clinical
diagnosis of an unseen subject. That mestasisticallysignificant(conformingto our hypothesis)
cum toppredictivefeaturesassumehigher importanceThus to identify the topgpredictors we
used recursive cluster elimination based support vector machine $ROE classifier[57].
Classification waglone with two different paradigms(i) classification usinghe 32 non
imaging measuregNIMs), and (ii) classification usingstrength and temporal variability of
network measures taken from the enbrrain (all data, nothing left out)Results showedhat
classifcation usingnetwork measurgsrovided significantlybetteraccuracy gpproximatelyl 0%
more, p<0.05 Bonferrorsorrected) than classification using NIM§&ig.5.12). This result
indicates thanhetwork measuresavesuperiorpredictive ability in identifyirg individuals with

PCS and PTSD as compared to NIMs.
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Non-imaging measures: worst-case accuracy
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Fig.5.12. Worstcase classification accuracies obtained using recursively reducing number of
discriminative features, with both complex network measures obtained from the entire brain and
norrimaging measures (NIMs). We observe that network measures outperforms NIMs, with

approximately 10% superior performance usingpopdictive features of network measures.

Table5.3 shows the worstase accuracies and top predictive features (for average accuracy,
please see Fig.13. Also of considerable interest atee toppredictors that resulted in highest
classification accuracy. For classification using network measuresigttreand temporal
variability of functional integration of the following four paths were the top predictive features:

L MFGYL _ Insul a, L Insula¥YL_Amygdal a, L Am)
R _Hi ppocampusYL _ _Precuneus). Coi n oveddstatsticaly | v al
significant differences in network properties (the yellow paths in5H§ which were
significantly different between all three groups). Also coincidentally, these were the same four

paths whose network measures had significant caoesatvith neurocognitive functioning and
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symptom severity. Statistical significance does not necessarily guarantee predictive ability of
network measuref/8]. Our findings elucidate that, in addition to behavioral r@ee and
statistical separation, these paths also possess the highest predictive ability, all obtained in a data
driven fashion from wholérain complexnetwork data. Fi%.3 summarizes the processing

pipeline of our entire work, along with correspondieguits.

Table 5.3. Worstcase classification accuracies along with{o@dictive features

Worst-case accuracy Top-predictive features
Non-imaging 70.79% Epworth sleeplness scale and
measures Zung depression scale
Complex network 81.37% Strength and variability of functional integrati
measures of integratio ' of the 4 yellow paths in Fig.12
p-value for row-wise 8
comparison 7.81x10

RCE-SVM ificati
1.00 classification |

—o— Network measures: average accuracy 96.01%
Non-imaging measures: average accuracy | :

o
[fa)
v

o o
co [N}
(9] (=]
T T
i i

Average Classification accuracy
o
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o
i

718 572 459 373 311 251 203 159 110 83 48 16
Number of features
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Fig.5.13. Average classification accuracies obtained using recursively reducing number of
discriminative features, with both whebeain network measures amdnimaging measures. The

trend is highly similar to what was observed with wara$e accuracies.

5.4.Discussion

We employed complex network modeling in this work, in an effannierstand networlevel
characteristics of directional brain networks associated impaired network architectuies
PTSD with and without mTBI. With the evidencethat the healthy brain is characterized by a
balancebetweenfunctional segregation and integration, we sought to identify alterations in
segregation and integratian these disordersWe hypothesized that PTSD and mTBI are
characterized by altered strengthither inflated or deflated network propertiem)d lower
temporalvariability (i.e. rigidity) of segregation and integration in directional brain networks. We
sought to identify such networks which were affected by PTSD but not mTBI (hypefl)eas
well asthoseaffected bybothPTSDand PCS+PTSIhypothesis?). We found evidence for our
hypotheses, in that we identified certain nodes/paths which had aegpesjation/integrations as
discussed below.

First with global measures, we found that segregation and integration were significantly altered
for control vs PTSD and control vs PCS+PTSD comparisons only, implying that the disorder
groups have whoterainlevel alterations compared to controls but the PTSD and comorbid
groups do not exhibit any wholeainlevel differences between themselves, suggesting rather
more localized differences in them. To get further insight, we studied local measures of segregati

and integration
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With local segregation measures, we observed a clear dichotomy between prefrontal and
occipital regions, with all identified prefrontal nodes having lower segregation and all identified
occipital and subcortical nodes having higher sgafien. This indicates disrupted local
processing in the prefrontal cortex, especially in the MFG and medial prefrontal regions. This
disruption seems to have a negative relationship with the occipital and subcortical nodes which
showed increased local messing. Also, all alterations in occipital nodes were not different
between PTSD and PCS+PTSD implying that those regions might not have a role to play in
differentiating between PTSD and PCS+PTSD

With local integration measures, we found a clear dighgtalong two distinct pathways. The
fronto-visuatparietal pathway (Fig.10) was not altered between PTSD and PCS+PTSD groups,
indicating that an mTBI likely does not have an impact on this part of the network. Since none of
these paths or the associatedipital regions (either connectivities or network measures) had any
significant correlation with symptom severity (PCL5, NSI), we inferred that this part of the
network does not play a significant role in symptom generation, but might act as a supportive
backend for other processes generating the symptoms. The other pathways{itwuadical
parietal, Figs.7) was significantly altered between all three groups, and network properties of the
paths also correlated significantly with symptom severity ancbeegnitive functioning. We thus
inferred that this part of the network plays a considerable role in symptom generation, and thus
highly important for PTSD and mTBI pathology. This dichotomy provides novel insights into our
understanding of both common adistinguishing network characteristics in PTSD and mTBlI,
which has largely plagued the fielgiven the high comorbidity and overlappisgmptomatology

between thenfil3].
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Another clear dichotomy arises in the strengthnetwork properties across groups. All
prefrontal nodes and the paths associated with them had lower segregation/integration in PTSD
and PCS+PTSD compared to controls, vividly indicative of the strong effect of disruption arising
from the prefrontal corte All the subcortical, parietal and occipital nodes had higher segregation,
and all paths associated with them not involving prefrontal regions had higher integration in PTSD
and PCS+PTSD compared to controls, clearly indicative of inflation in thesensediotably
these trends exhibited by network measures were also exactly replicated in the raw effective
connectivity values. Such unambiguous dichotomy clearly delineates the distinct functionality
between the prefrontal cortex and the rest of the baaih jts relevance to PTSD and mTBI.

However such a dichotomy did not exist in variance of network properties, with all nodes/paths
having | ower variance, indicative of a pathc
hypothesis). That is, paths wiibwer strength of network properties (deflation) tended to remain
in that state over the duration of the scan, indicating that they could not get out of the deflated state
most of the time. Similarly paths with higher strength of network properties @mjgended to
remain inflated, indicating that they were stuck in that state most of the time. In total, we identified
15 nodes (segregation) and 16 paths (integration) which were altered in the Control vs PTSD and
Control vs PCS+PTSD comparisons, whitdyo4 nodes and 5 paths were altered across all three
groups. It is noteworthy that, except amygdala and parietal regions, all other nodes involved in
affected connections with functional integration also had altered segregation, implying that such
regionsexhibited a clear segregatiamegration imbalance.

The networkwereobtainedwith restingstate data, hensggnifiesthe baseline state difference
between groupsVe proposgbased on prior knowledd8], that this networkorresponds ttack
of prefrontalcontrol overthe emotiongeneration systentkeading toan insufficientcontrol over
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emotionallyintensive traumatic memorieshich leadsto trauma reexperiencing, flashbacks
hyperarousal and other symptomsaidierswith PTSD and PCS+PTSD.

Functions of the individual nodes/regions identified with alterations of complex network
properties provides interesting insights into the neuropathology underlying PTSD and mTBI. The
MFG is a known key player in cognitive cont{&B0], which includes emotion regulation. It has
a pivotal role in the initiation of conscious cognitive emotion reguld®pnOn the other hand,
amygdala is necessary for emotion generationpaedial prefrontal regions mediate subconscious
emotion regulation like fear conditionirjg]. All of the networklevel alterations in our results
could be traced back to the MFG, leading us to conclude that MFG is the orayisfonction in
these disorders. Many earlier works have speculated about MFG to be the likely origin of
dysfunction in PTS[)131, 89] including in a recent metnalysig93], while direct evidence for
such a hypothesis has not been found. We provide one of the first evidence in that direction. In
fact, a recent ALE metanalysis work presented evidences from numerous findings that repetitive
transcranial magnetic stimulation (rTM&)plied to the MFG could potentially be employed for
the treatment of PTSIP132], though they do not elucidate the underlying mechanisms. We
discovered the network of disturbance possibly caused by dysfunctionality of MF@jmi&IG
is the source of disruptions. Taken together, MFG likely plays a key role in the initiation of
cognitive control which includes emotion regulation, whose disruption likely leads to a chain
reaction of impaired cognitive control.

We noticed prebntal top-downdeflationof functional integration drivebhy MFG, resulting in
the inflation of functional integration in subortical structures via insula as well as parietal
memoryretrieval and sensory association regions. Anterior insula plays a mlajar reediating
prefrontal control over subcortical areas, and is thus found to be involved in emotion regulation
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and dysregulatiof®, 133] It is structurally well connected with amygdala through whtgter
tracts[134], and also plays a key role in subjective emotional experiences (feelings), integrating
emotionally relevant information through multiple sources, and possibly representing them as one
of the many complex emotions. We fauthat prefrontal deflation of insula causes inflated
functional integration in amygdala, which then results in inflated local functional integration in
hippocampus. Inflation of hippocampus, a prime region involved in declarative memories, might
imply elevated explicit traumatic memory retrieval. It is well documented that hippocampus and
amygdala play a vital role in mTBI and PT$88, 12] Traumatic memories are unique in the
intensity of associated gative emotions, so emotion and memory share deep interconnection in
PTSD.

Precuneus plays a key role in the generation of the experience of visual memories, whereas TPJ
is critical for higheflevel audievisual verbalization and information procesdi@g The path from
MFG leading to these regions was characterized by reduced strength and variance of functional
integration. Thus thememoryretrievaland sensory associatiaetworkcomprising the precuneus
and TPJ seems twarslate the subcorticalinflation and lack of frontal controinto elevated
retrieval of traumatic memoriesThis likely leads to trauma reexperiencing, flashbacks
hyperarousal ansuchsymptoms observed soldierswith mTBI and PTSD

There is a large presence of occipital regions in our results. While majority of nodes and paths
were associated with it, none of them were different between PTSD and PCS+PTSD groups, and
none of them had behavioral relevance (through correlations witlptsgmseverity and
neurocognitive performance). Hence we inferred that this part of the network does not play a
significant role in symptom generation, but might act as a supportive backend for the other fronto
subcorticalparietal processes which generdtie symptoms. This inference is justifiable since
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visual imagery aspect of traumatic memories dominates the experience of flashbacks, re
experiencing and other symptoms in these disorders. It is known that secondary visual areas
including lingual gyrus lagely enable visual imagef$44]. Also the degree of activation in visual

areas during imagery is directly proportional to the visual intensity of the object being imagined
[145]. Hence, it is poskle that the visual intensity of the traumatic memories (vividness or
strength of the visual content) is not different between PTSD and PCS+PTSD groups, but is
different in these disorder groups compared to controls (because PTSD and PCS+PTSD groups
suffered posttraumatic stress due to trauma, while controls did not). This could provide
substantiation for our inference that the occipital part of the network might be a backend process
providing O60i mageryd support . Thlypropodienal toithe y o f
inflation in subcortical regions and their origins in MFG, which is substantiated by the fact that
their network properties correlated significantly with neurocognitive performance and symptom
severity.

Our understanding of comorbRITSD and mTBI does not appear to have progressed far in the
past. However it remains to be known that the additional burden of an mTBI in comorbid
PCS+PTSD results in increased symptom sevglR@]. We provide a mechanistexplanation
for these behavioral observations, and also explain the network of disturbance that distinguishes

between PTSD and comorbid PTSD/mTBI.

Collectively takenwe identifed the MFG to be pivotab disruptionin soldierswith mTBI and
PTSD (since lhnetwork-level disturbances could be traced back to this regiwhjch further
affectedother emotion and memory processes, potentially exacerbating symptasaetwork

provides a mechanistic explanationmpaired cognitive control witemotion dysegulation and
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subsequennability to control traumatic memories, contributingrtaanysymptomsobserved in

soldiers with mTBI and PTSD. Fig.5.14 summarizes our findings with a flowchart.

R_Lingual

Fig.5.14. Flowchart illustrating an integrated model cbnnectivity and network level alterations

in PTSD and mTBI. Paths with thin gray lines correspond to lower strength of network properties
and connectivity (SEC) and lower temporal variability of network properties (i.e. rigidity) and
connectivity (vVDEC)n patients compared to healthy controls, indicative of breakdown in frontal
top-down modulation. Paths with thick brown lines correspond to higher strength and lower
temporal variability (i.e. rigidity) of network properties and connectivity, indicativeftation in
subcortical limbic and parietal memengtrieval regions. Yellow paths were significantly different
between all three groups, while the green paths were different for all comparisons except the PTSD

vs PCS+PTSD comparison.
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Our resultsaresignificant given that regions affected here have been implicateah@rstently)
in earlier studie§93, 76, 11}to be involved in both PTSD and mTBI, but a precise understanding
of theunderlying mechanismsetwork structurand their subsequent causal relationships has not
emerged from themdith the help ofa novel framework involvingomplex network modeling
with static and dynamiEC networks, we identified theodes and network pathssociated with
the disordersanddetailed their directional relationships. We also highlighted the commonalities
and differences in PTSD and PCS+PTSD netwofgr characterizatiorcorroborateswith
behavioral manifestations of PTSD ar@S+PTSDthussubstantiatinghe utility and fidelity of
our approach.

Additionally, functional integration of four paths had significant correlations with
neurocognitive performance and symptom severity (MR@Gula, insulY amygdala,
amygdal¥ hippocampus, hippocamptigprecuneus), as also did functional segregation of two
nodes (MFG and insula), highlighting their behavioral relevance. These paths and nodes were also
those which were significantly altered between all three groups. In the PLS regression model, the
aforemeationed network measures taken together could also explain about 62% variance in the
behaviors.

Upon performing machine learning classification, it was foundabetiracies obtainagsing
network measuresvere significantly higher (0% more) than nofmaging measures.
Interestingly, we found that were the network measures of the same four aforementioned paths
that resulted in the highest classification accuracy. They were thus identified the hep
predictive features of diagnostic ability, alonghnbeing statistically significant and behaviorally
relevant, which were all determined in a ddtaven fashion from network properties of the entire

brain. This demonstrates thaélhese networktevel markerscould be highquality indicators of
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neural andehavioral characteristics of PTSD and P@8&lhavepotentialasimaging biomarkes
for these disorder©ur networklevel featuresatisly three out of four conditions enumerated by
Woo et.al. [88] to be fulfilled by a good ibmarker (diagnosticity, deployability and
interpretability) With regard tothe fourth conditior(generalizability),based on suggestions by
Woo et.al, we issue an open call for researchmyssessingimilar data to shargnemwith us in

orderfor our classifier be tested on them

Our novel framework is relevant to the study of any psychiatric condition or cognitive domain.
We urge researchers to employ this framework for better understanding other disorders and

cognitive domains.
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CHAPTER 6

Hemodynamic Variability and its Impact on Connectivity

Modeling

6.1.Introduction

Functional MRI (fMRI) is used extensively for studying neural correlates of brain functioning.
FMRI is an indirect measure of neural activity as it measures changes in blagshatign level.
Blood oxygenation is impacted by neural activity, the neurochemical signals which neupdé
activity with blood flow, the properties of
oxygen demand from the neurons. The-neard components of the hemodynamic response vary
across brain regions, which are in turn variable across indivifil@|446] With neural activity
being the subject of interest in fMRI studies, interpretation of reardteften less reliable due to
the aforementioned nemeural sources of variability in fMRI.

The mathematical transfer function between local neural activity and corresponding blood
oxygenation level dependent (BOLD) fMRI signal is calledhbenodynamigesponse function
(HRF). Most fMRI studies assume a standard canortitiRF (usually made up of two gamma
functions) during analysis. Howeveprior works show variability in HRF for different brain
regions across subjedt$0, 146] This challenges the interpretation of fMRI results since it is
unclear if observed changes are due to neural activity or HRF varialbhiéye are three main
dimensions of variability in HRF: (i) intraubject spatial variability (the HRFelmg different in
different brain regions of the same individual), (ii) ins&bject intragroup variability (for a given

location in the brain, the HRF being different across different healthy individuals), and (iH) inter
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group variability (for a givertocation in the brain, the HRF being different between a healthy
group and a pathological group, arising in part from neurochemical disturbances due to pathology).
Each of these dimensions can lead to misleading results during fMRI data analysis.

Intra-subject variability, for example, could lead to detection of false activations or mistaken
strong connectivities, as well as missed true activations or mistaken weak connectivities. Inter
subject variability can lead to noisy variations in variables ofastethus reducing the statistical
significance of true effects, while attributing higher significance to false effects-giaep
variability causes detection of wrong group differences in activations or connectivities, as well as
missed detection of ue effects. The effect of HRF variability on activation analysis can be
alleviated, in part, by using time and dispersion derivatives in the general lineaf tdadeiuch
attention has also been received on the effect of ¥RBbility on lagbased connectivity models
[148]. However, its effectsonzefoag connecti vity models based
not been explored. In this work, we address this issue by investigatingebeagfintergroup
HRF variability on zerdag functional connectivity differences between the groups. In order to do
so, we considered the case @sbldierswith posttraumatic stress disorder (PTSD) and -post
concussion syndrome (PLBl], a chronic outcome associated with mild traumatic brain injury
[mTBI]).

PTSD and mTBI arising from combat exposure are highly relevant to the society, with large
percentage o$oldiersacquiring them during warfare. In the U.S. alomare than2.7 million
soldiersserved in Iracand Afghanistanwith about 20% acquing PTSD, 19%acquiringmTBlI
and 7% acquing both[1]. PTSD has high comorbidity with mTH2], added to the fact that they
have similar symptomatologjb]. Recent evidences using Doppler ultrasound and infrared
spectroscopy suggested alterations in cerebrovascular reactivity in [1A9B] Neurochemical
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alterations in PSD are well establishgd50], thoughit is important to explore if these changes
affect cerebrovascular reactivity. We hypothesized that the HRF, which depends on
cerebrovascular reactivity and neurovascular coupling, maftéeed in PTSD and mTBI. We
thentestedthis primaryhypothesisby obtaining significant group differences in vosplecific

HRF parameters which were estimated fg®rforming blind hemodynamic deconvolution of
restingstate fMRI data obtained from thesepplations As a corollary, we also tested the
hypothesis (=secondary hypothesis) that functional connectivity differences between groups are at

least partially driven by HRF differences, if HRF variability is not removed through deconvolution.

The HRF ischaracterized by three main parameftfs 146](see Fig6.1): (i) response height
(RH), (ii) time-to-peak (TTP), and (iii) fulwidth at halfmax (FWHM). Recent works have shown
that reduced TTP and FWHM as well asreased RH are attributable to disruption in metabolism
and microvasculature associated with brain pathold§¥]. Additionally aging causes reduction
in TTP/FWHM and increase in RA52]. Takentogether, this profile of HRF alterations could be
indicative of degraded neurochemical metabolism in the brain. With our primary hypothesis, we
predicted that the HRF in PTSD and mTBI would be taller (RH), quicker (TTP) and narrower

(FWHM) as compared thealthy combat controls in certain affected regions.
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Fig.6.1. Typical HRF with its three characteristic parameters. FWHM =fullith at half max.

Upon identifyingHRF differencedetween the groups, it would be necessary to elucidate its
impact on fMRI data analysis and subsequent inferences. This would impact fMRI analysis at
large, as well as studies on PTSD and mTBI. In this work, we consider the impact of HRF
variability on functional connectivity (FC) analysis. Specifically, we investigate the negative
effects of HRF variability on grouwise connectivity differences.

We elucidatewo possible negative effects using example time series from experimental resting
state fMRI daa (please refer t&ig.2.2 in Chapter 2 (i) there exists no correlation between latent
neural signals, but BOLD fMRI time series show high correlation, and (ii) there is true high
correlation between latent neural signals, but BOLD fMRI time series sbovorrelation. The
former leads to possible false positives while the latter leads to possible false negatives in
traditional fMRI FC analysis that does not remove HRF variability. Since the gtouwthdHRF is
not known, and the HRF is being estimateairfra blind deconvolution approach, we do not take
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the leap of calling them false positives or negatives. Instead they are likely false positives and false
negatives, or what we term as psepagitives and pseudwegatives respectively.

In this work, we iéntified the cluster(s) which showed significant differences in HRF between
the groups (our primary hypothesis), and performed-basdd connectivity using the cluster(s)
as seed(s). Similar to the example, we hoped to identify pgmsitves and pseudregatives
arising from traditional connectivity analysis, which ignores HRF variability, given the fact that
those seeds have different HRF profiles across the groups. Significant group differences in
connectivity were obtained. This procedure was peréorfor two separate pipelines: (i) data-pre
processed without hemodynamic deconvolution, (ii) datappveessed with hemodynamic
deconvolution. Deconvolution minimizes HRF variability from BOLD fMRI, giving latent neural
variables. We then compared theup differences in connectivity for the two pipelines. We
hypothesized that (=secondary hypothesis), owing to HRF variability, data without deconvolution
would show misleading connectivity differences (both pseumkitives and pseudwegatives) as

compare to the data with deconvolution.

6.2.Methods
6.2.1. HRF Analysis

HRF analysis began with the preprocessed (and deconvolved) +sstiagMRI data, along
with the HRF parameters obtained as gobyduct of deconvolution. Deconvolution provided the
estimated HRFat each voxel in each subjeethich was characterized biyhree parameters
response height (RH), tirte-peak (TTP), and fullvidth at halfwax (FWHM), as illustrated
earlier Tests for statistical significaneeere performed separately each otthe three parameters
to obtain groupwise voxeispecific differemces in HRF parameters (p<0.05, cludésel
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thresholded, controlled for age, race, education and-imedidn). This was done separately for
the three pairwise comparisons between grainas,is, Control vs PTSD, Control vs PCS+PTSD
and PTSD vs PCS+PTSWe thus obtained nine maps: three comparisons with three parameters

each.

These maps were then used to obtain the following final overlapped (intersection) maps of
interest. (i) @1: Overlap between Control vs PTSD and Control vs PCS+PTSD maps (wescall t
control vs disease comparison), for each of the three HRF parameters separately. This would
elucidate HRF differences in disease compared to healthy controls, which would directly validate
or invalidate our primary hypothesis. (ii)2 Overlap betweea | | the three HRF
maps obtained from both Control vs PTSD and Control vs PCS+PTSD comparisons (i.e. control
vs disease). These differences would obviously be a subset of the first case, but would identify
those regions with alteration of alRfF parameters in PTSD and mTBI. (iii}3 Overlap between
all three groupwise comparisons for each of the three HRF parameters separately. This would
illustrate those HRF differences which were altered in all the groups. These differences would
naturallybe a subset of the first case. These differences represent important information regarding
PTSD and mTBI since identifying commonalities and differences between them are of deep
interest, given that the two disorders have high comorbidity and similarteyramlogy[5]. In
all cases, theverlappedmaps were obtained by finding the common regions in the maps being
considered (i.e. intersectionyhich had alustersize of at leassOmn? in the overlapped mafto

eliminate falg positives).
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6.2.2.SeedBased Functional Connectivity Analysis

The overlapped maps obtained from the second and third cases mentioned above were used in
further seeébased functional connectivity (FC) analysis, with the identified cluster(s) being
chosen as the regions of interest (ROIs). The time series from all the voxels in each ROI were
averaged to obtain a single time series per ROIl. -8asdd connectivity was performed by
evaluating Pearsonods corr el atronotme seedROl dndrest e n t
of the voxels in the brain. Significant group differences in FC were obtained between all groups
(p<0.05, FDR corrected, controlled for age, race, education and meambgad). This pipeline
was implemented separately for twases: (i) NDC: data prerocessed without deconvolution,
and (ii) DC: data prgrocessed with deconvolution. The NDC case, which is the traditional
approach in most studies, contains data contaminated by HRF variability. As hypothesized by us
(secondary hgothesis), we expected to see psepdsitives and pseueregatives in the
connectivity map obtained from NDC data as compared to the DC data. The-pssiites were
obtained from final NDC and DCGCnegativessveracitzed NDC >

as ANDC < DCoO. We tested our secondary hypoth

6.3.Results
6.3.1 Inter-Group HRF Differences

As mentioned earlier, pawise group differences in voxelise values of each of the three HRF
parameters were obtained, and thoatgories of overlapped maps were derived from them. In all
the regions with altered HRF, we found that RH increased in the disorders compared to controls,
while TTP and FWHM decreased in the disorders. We first elucidate the differences for Control
vs Disease comparison, which refers to an overlap of Control vs PTSD and Control vs PCS+PTSD
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comparisons (overlap @ mentioned earlier). Differences in RH were found in (see6l2g.
thalamus, midbrain, precuneus, posterior cingulate cortex (PCC), secorsimtyaveas and parts
of insula (anterior and posterior). Further, alterations in TTPgRpand FWHM (Fig.6.Awere
largely similar, with key defaultnode network (DMN) regions being disrupted (PCC and

precuneus) along with secondary visual areas.

L

_ Response Height
Disease > Control

Thalamus Thalamus

Fig.6.2. Regions with significantly altered response height (RH) in hemodynamic response

function, HRF. They were significant for PTSD > Control and PCS+PTSD > Control
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comparisons. Thalamus, midbrain, insula, visual and defaoliie network regions were akel.

PCC = posteriofcingulate cortex. Please refer Appendix ATableAl for further details.

Time-to-peak
Control > Disease y

-
o

Fig.6.3. Regions with significantly altered tinte-peak in HRF. They were significant for Control
> PTSD and Control 3PCS+PTSD comparisons. Visual and defamtide network regions were
altered. PCC = Posteriocingulate cortex. Please refer #gppendix A, Table A2 for further

details.
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» Full-width half-max (FWHM)
Control > Disease

Fig.6.4. Regions with significantly altered FWHM in HRF. They were significant for Control >
PTSD and Control > PCS+PTSD comparisons. Visual and defaatte network regions were
altered. PCC = Posteriocingulate cortex; IPL = inferior parietal lobule (angular gys). Please

refer toAppendix ATableA3 for further details.

Next, we present the results for overlap between RH, TTP and FWHM for Control vs Disease
(overlap G2 mentioned earlier). We found the common regions to be left PCC and right precuneus
(see Fg.6.5). Then, identifying those differences which were significantly different between all
three groups (overlap-3), we found FWHM to be significantly different between all three groups

in left PCC andight precuneus again (see Fig,G6te: RH and TTHid not show differences).
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” Overlap between Response Height, Time-to-peak and FWHM
Control vs Disease

Fig.6.5. Regions which had significant alterations in all three HRF parameters. They were
significant for Control > PTSD and Control PCS+PTSD comparisons. Postercngulate
cortex (PCC) and precuneus were identified. Please refépimendix A ,Table A4 for further

details.

. Full-width half-max (FWHM)
Control > PTSD > PCS+PTSD

Fig.6.6. Regions which were significantly different between all three groups, implying that both

PTSD and mBIl caused alterations in them. This difference was observed only with FWHM.
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Posteriorcingulate cortex (PCC) and precuneus were identified. Please refappendix A,

TableA5 for further details.

6.3.2 SeedBased Functional Connectivity Analysis

In acordance with our secondary hypothesis, we performedisasetl FC analysis using left
PCC (as well as right precuneus, independently) as the seeds, thus obtaining two separate set of
connectivity maps, one for each seed. Group differences in FC werehita@med for each seed.
We performed this procedure for two separate pipelines: (i) NDC: dajargressed without
deconvolution, and (ii) DC: data ppeocessed with deconvolution. Results from the two pipelines
were then compared, with the hope of idigiig pseudepositives (connectivities which are not
significantly different [or considerably less statistically significant] after removal of HRF
variability, but are significantly different in NDC case), and psenelgatives (connectivities
significantlydifferent in DC case but not (or less) in NDC case). Psgoddives were obtained
as: NDC map > DC map, and psetmgatives as: NDC map < DC map. Here we present the
results for the PCC ROI, while results for the precuneus ROI can be found in Appesthxe
the latter also leads to the same conclusion as the former (Figs Al through A4 and Tables A10
through A13).

Group differences for the ND(Fig.6.7) and DC (Fig.6)8pipelines clearly show that the
identified significant alterations in PTSD anmd Bl differ appreciably between the two pipelines.
This translates to providing us the evidence that HRF variability drives a sizeable portion of group
differences reported in fMRI studies ignoring such HRF variability. We also notice that there are

more rumber of pseudgositives (Fig.6.9) than pseuaegatives (Fig.6.1)0which is especially
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undesirable since false activations are more detrimental than missed detections. These

observations are formally presented in Tahle

Significant group differences in seed-based correlation for the L_PCC ROI

Fig.6.7. Brain regions whose functional connectivity with the left posterior cingulate (L_PCC)
seed ROI (marked blue region) was significantly different between the groups favithatat

hemodynamic deconvolution. Please refeAppendix ATableA6 for furtherdetails.
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Significant group differences in seed-based correlation for the L_PCC ROI

Fig.6.8. Brain regions whose functional connectivity with the left posterior cingulate (L_PCC)
seed ROI (marked blue region) was significantly different between the groups fowittata

hemodynamic deconvolution.. Please refeAppendixA, TableA7 for further details.
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L_PCC ROI T-Statistic Map: Without Deconvolution > With Deconvolution

Fig.6.9. Pseudepositives, that is, functional connectivity group differences which were greater
(higher T-value) in data without deconvolution as compared to that with deconvolution performed
(for the left posterior cingulate [L_PCC] seed ROI). Please refeApendix A, Table A8 for

further details.
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L_PCC ROI T-Statistic Map: With Deconvolution > Without Deconvolution

Fig.6.10 Pseudenegatives, that is, functional connectivity group differences which were smaller
(lower T-value) in data without deconvolution as compared to that with deconvolution performed
(for the left postaor cingulate [L_PCC] seed ROI). Please referAppendix A Table A9 for

further details.
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Table 6.1 Number of nofzero voxels in the thresholdeenTaps and its derivatives (please refer

to Figs 6.7 through6.10for L_PCC ROI and Fig&\l throughA4 for R_Prec ROI). There are
notable differences in the significance maps (as seen in figures) as well as corresponding notable
differences in the number of voxels betweendewonvolved and deconvolved data, and their

comparisons. Further details are availatteAppendix ATablesA6 throughAl3.

No. of significant voxels No. of voxels
Seed
ROI Data Without Data With Without Deconv > With Deconv >
Deconvolution| Deconvolution|  With Deconv Without Deconv
L _PCC 11599 5141 9968 2526
R_Prec 6407 5828 4753 3814

6.4.Discussion

In this work, we tested two hypotheses. Firs,lwpothesized that the HRF, which depends on
cerebrovascular reactivity and neurovascular coupling, may be altered in PTSD and mTBI. We
thentestedthis primaryhypothesishy obtaining significant group differences in vosglecific
HRF parameters which were estimated gmrforming blind hemodynamic deconvolution of
restingstate fMRI data obtainefiom these populations. Second, we also tested the hypothesis
that function& connectivity differences between groups are at least partially driven by HRF
differences, if HRF variability is not removed through deconvolution.

We found substantial evidence to support our hypotheses. First, we found altered HRF
parameters in diseageoupscombinedcompared to controls in subcortical and DMN regions. We
also found a subset of these alterations to be significantly different between all three groups, which
characterized HRF differences between PTSD and mTEll the regions with alted HRF, ve

found that RH increased in the disorders compared to controls, while TTP and FWHM decreased
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in the disordersThroughout, control vs disordeefers to an overlap afontrol vs PTSD and

control vs PCS+PTSD comparisonghis finding conforms t@ur prediction made earlier that

HRF in PTSD and mTBI would be taller, quicker and narrower compared to controls. This profile
of HRF alteration has been attributed to disrupted metabolism and microvasculature associated
with brain disorders, for example mTBI[151]. Additionally, Thompson et gl153] showed that

there is a negative relationship between RH and TTP/FWHM, that is, whenever the height of HRF
increases, it is highly likely that thecasit and descent are quicker. We observed the same in our
results also.

For Control vs Disease comparison, we found RH differences maitihalamus, midbrain,
defaultmode regions (PCQprecuneus and secondary visual arealterations in TTP and
FWHM, which werelargely similar, were found in defaulinode regionsRCC precuneusand
secondary visual areas.riét work shovwed abnormal GABAergic and glutamatergic
neurotransmittelsystems relateto anxietydisorders such as PTS[254]. Neuromodulators
released by glutamatergic and GABAergic interneurons are known to directly modulate local
cerebral blood flow[155], and thus the HRIFL56]. Glutamate acts on dhethytD-agartate
(NMDA) receptors, which causes dilation of blood vessels associated with activated brain regions
[157], thus impacting the HRFImportantly, lower gammaAmino butyric acid (GABA)
concentrations shown to result italler, quicker and narrower HRIFE58], as observed by us in
PTSD and mTBI. Thus, at least part of the HRF alterations observed by us could be attributed to
lower GABA concentration (as also suggested [ib8]). GABA being an inhibitory
neurotransmitter, lower GABA levels indicate lack of inhibition in affected brain regions found to
have HRF alterations. This provides a potential neurochemical basis for HRF alterations observed
by us.
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Thethalamusidentified with altered RHis necessary for the production of anxiety, in addition
to the fact that it imnatomically well situatednediating prdrontal activity with subcortical and
midbrain structuresto produce the experience of anxigtb9]. Additionally, serotonin(5-
hydroxytryptamine)in the midbrainis known to playa key role in anxiety disordefd60].
Serotonin is a vasoconstrictor, providing bldm@in barrier permeability, whicimodulates
neurovascularcoupling, and thus the HRFyia the neuronaastrocyticvascular tripartite
functional unit{161].

Earlier studies have reported neurochemical alterations in keyardessDMN and in insula
in PTSD Using PET imaging, Ramage et §l62] found heightened glucose metabolism in
precuneus in PTSD compared to combat controls, which correlated with PTSD symptom severity
(PCL-S score). Using magnetic resonance spectroscopgproal[163] found decreased GABA
in the insula in PTSD, which correlated with anxiety levels. Taken together, these findings provide
substantiation for neurochemical and vascular alterations, and thus HRF differencesn in br
regions found to be significantly different between healthy controls and disease groups in this
work.

Interestingly, findings of higher brain activatifs] as well as hypeconnectivity[13, 77, 122]
in PTSD and mTBI, owing to reduced inhibition, also corroborates with the regions identified with
altered HRF in this work. We thus noticed from prior literature discussed above that reduced
GABA likely causes botlreduced neural inhibition and altered HRF; and the HRF alterations
identified in this work largely overlapped with neural alterations identified in prior works (PCC,
precuneus, secondary visual and thalamus). This observation conforms to prior studies that
attribute part of HRF variability to neural activity differend@®], which might be an indirect
relationship mediated by neurotransmitters like GABBS8], as noted earlier. These findings raise
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important considerations. If groupfferences in HRF parameters and neural activity are indeed
largely similar, owing to underlying neurochemistry, then interpretation of findings from fMRI
studies which ignore HRF variability would not be straightforward

Next, for the overlap betweeRH, TTP and FWHMfor Control vs Disease (overlap-D
mentioned earlier), & identified the commonregions to beleft PCC and right precuneus.
Additionally, significant differences betweaiti the three group&verlap G3) were also found
in left PCC and right precune&ith FWHM). This shows that the hemodynamic response in
PCC and precuneugere possiblyaffected by both PTSD and mTHIhese regions were naturally
a subset of the regions identified in overlafl CPrevios studies have reported neurochemical
alterations in these key areassoldiersaffected by traum§l62, 163] These regions have also
been largely implicated in PTS3] and mTBI[5] studiesThis is a substantifihding given that
neural underpinnings of comorbid PTSD and mTBI are poorly underdtt#jd PCC and
precuneus showed altered HRF between all three gwitipsll the three HRF parameters.

We also found strong evidence in support of our secondary hypothesish&eelfunctional
connectivity analysis with the PCC and precuneus ROIs revealed perceptible distinction in group
differences obtained from datatkout deconvolution as compared to data with deconvolution.
This implies that part of the functional connectivity group differences reported in fMRI studies
(which do not perform deconvolution) could potentially be attributable toneomnal HRF
variability. Several previous works have speculated on this afp@cfi46, 148] since BOLD
fMRI is not a direct measure of neural activity. We provide quantitative formal evidence for the
impact of hemodynaroivariability on group differences in fMRlerived measures like functional
connectivity. In view of this, we urge the community to employ deconvolution in their pre
processing pipeline to remove/reduce HRF variability. Researchers must exercise caution in
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interpreting their results when the effect of HRF variability has not been accounted for in their
resting state functional connectivity analysis, more so when dealing with PTSD and mTBI
populations. Future studies could also investigate the effect of \HiREbility on functional
connectivity measures in other clinical populations.

In summary, we showed that PTSD and mTBI cause overlapping and distinct HRF alterations in
subcortical structures and the DMN. Our findings also corroborate with prior finchragdition

to providing new insights and directioriGiven these findings, future studies on PTSD and mTBI,
and fMRI studies in generahustpracticeprudencen reporting andnterpreting resultsbtained

from restingstate functional connectivity arysis of nondeconvolved BOLD fMRI data,
especially if they assume a fixed canonical HRIfough only a handful to regions showed HRF
alterations in this work, it does not imply that HRF variability between groups does not exist
elsewhere, because we usembaservative statistical threshold which might have ignored smaller
effects. We encourage researchers to employ hemodynamic deconvolution duringreata

processing to mitigate the issue.
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CHAPTER 7

Brain Network of Emotion Regulation andDysregulation

7.1.Introduction

Emotions play an important role in the overall functioning of the human organism. Emotions
arise when the brain judges a situation from the point of view of its goals. Obviously several
situations are not favorable to the goals, which léadsegative emotions. The brain has natural
mechanisms for manipulating such emotions, which is termed as emotion regulation.

Emotion Regulation can be achieved through several strategies. [Qtosisistrates the
AProcess Model 0 wherein emotion regulation cal
modification, attention deployment, cognitive-appraisal or response suppression. Like most
studies, we concentrate here on antecefiensed conscious cognitive emotion regulation, which
is achieved through cognitive -eppraisal of the imminent situation. That is, the subject
consciously reinterprets the meaning of the situation, leading to a modified emotional response
and thus emotion gailation.

Several functional Magnetic Resonance Imaging (fMRI) works have studied brain activation
during emotion regulatiofil8], which primarily identify the following regions activated during
cognitive emotion regulation: mhdle frontal gyrus (MFG) also referred to as dorsolateral
prefrontal cortex (DLPFC), insula, anterior cingulate cortex (ACC), supplementary motor area
(SMA), angular gyrus (AG), superior temporal gyrus (STG) and amygdala. However, activation
studies cannaxplain the interrelationship between brain regions involved in emotion regulation.

Connectivity modeling is thus popularly used to assessctivation and causality between brain
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regions, which can provide a mechanistic insight into the underlyinglmaiveorks. Such a brain
network of emotion regulation has been elusive. In this work, we obtained the network of emotion
regulation in healthy adults from fMRI data obtained during an emotion regulation task, all
obtained in a datdriven fashion.

Kohn etal. [18], in their metaanalysis on emotion regulation, identify several brain regions to
be involved in emotion regulation, as mentioned earlier. They suggest a heuristically hypothesized
network of emotion regulation involg these regions. We compared our emotion regulation

network with their hypothetical network (see Fig.7.1).

Fig.7.1. Reproduced from Kohn et §1.8] (With permission)the figure shows their heuristically
hypothesizegmotion regulation model. We test their hypothesis in this Witiik. model relates
to the modal model of emotif8]. Here, DLPFC performs emotion regulation, and its feedforward
signal to angular gyrus, STG, SMA, basal gamgihd amygdala result in a regulated emotional

state.
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Emotion regulation is the successful modification of the generated emotion. However several
psychiatric disorders are characterized by symptoms which reflect an inability to effectively
manage @tvedntions.dngsuch cases, emotion dysregulation is said to have occurred.
Posttaumaticstressdisorder(PTSD) and miletraumatic brain injury (mTBI) are such disorders
with high comorbidity{164], characterized byymptoms like flashbacks, hyperarousal and trauma
re-experiencing, which are a consequence of emotion dysregulation. In this work, we identify the
underlying brain networks responsible for impaired emotion regulatisalderswith comorbid
PTSD and postoncussion syndrome (PCS, a chronic aftermath of mTBI).

U.S. Armysoldierswith comorbid PCS and PTSD (PCS+PTSD) and matched healthy combat
controls performed an emotion regulation task. We first performed activation analigsatify
significantly activated regions during the emotion regulation condition compared to a control
condition. These activations were almost identical to the findings from theamatisis by Kohn
et al.[18]. Given thatthe emotion regulation model proposed by Kohn et al. is comprised of
causal/directional relationships between brain regions, and that emotion regulation is itself a top
down process, we employed effective connectivity (EC) modeling to assess directissal ca
relationships between identified regions. We employed the widely used Granger causality (GC)
[95] to quantify EC. Recent G@vestigationswith experimental applicationd04] as well as
simulaions [102] have shown its advantages and validily assessing=C, especially after
performing hemodynamic deconvolutifi65, 105] Several recent works have also employed this
approach[106, 107, 108, 109, 110, 111, 112, 113, 1Mk performed EC analysis to obtain
subjectwise directional connectivities between the regiomisich were then used to obtain the

network of emotion regulation in healthy brains and its impairment in PCS+PTSD. For the first
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time, we provide evidence for the brain networks of cognitive emotion regulation and

dysregulation.

7.2.Methods
7.2.1.GLM Analysis

Preprocessed data was used to perform activation analysis in SPM8 in the general linear model
(GLM) framework[28]. S P M6 s ¢ a ngammatiRAwagused o inaeel the BOLD fMRI
timeseries. Two contrasts were usedrst-level modeling: (i) negative image, suppress emaotion,
and (i) negative image, maintain emotion, both against fixatbnhead motion paraseters,
white matter (WM) signabnd cerebrospinal fluid (CSF) signakre used as regressors of no
interest.The second level maps were obtained fotweeconditions by collapsing all the subjects
of both groups into one group and comparing the following conditions against fiXgtioggative
maintain,(ii) negative suppresége, race and education weresdsas regressors of no interest.
Thefinal secondevel contrast which captudeemotion regulation was derived as thus: negative
suppress > negativaaintain (assuming that emotion suppression requires cognitive emotion
regulation). Between group activaticontrasts were not performed because we did not want to
bias the selected ROIs with betwegnoup differences.

We thresholded this emotion regulation map &.p5 (FDR corrected). For extracting fMRI
timeseries representing each ROI for connectivity modeling, we wanted to ensure that the selected
voxels were within the ROIs obtained from a raatalysis of emotion regulation as reported by
Kohn et al.[18], were significantly activated at the group level using GLM analysis on our
experimental data, as well as activated in each of the individual subjects at an uncorrected threshold
of p<0.05 (please see Fig.7.2). Upon obtaining vosalisfying these criteria, we determined the

162



centroid of every cluster and drew spheres
encompasses only activated voxels satisfying our criteria. We chose this strategy as opposed to the
alternative stitegy of averaging the timeseries from the entire clusters since this would have
resulted in spheres of varying radii, which would have resulted in different-$ggnalse ratios

in the resulting timeseries across different clusters. This might havtedesufalse connectivity
differences driven by SNR differences. Hence we chose the final sphere radius as the smallest
radius among all clusters, thus having the same sphere volume for every cluster. Averaged
timeseries were then extracted from eachhefdistinct regions of interest (ROIs), which were

then used in effective connectivity analysis.

GLM Individual Subjects Meta-Analysis Result
2" Level Map 1%t Level Maps From Prior Work

Overlp Final OI
Fig.7.2 Schematic explaining the ROI extraction procedure employed in this work. The second
level map representing activations during emotion regulafsuppress>maintain in all subjects
taken together, p<0.05 FDR corrected) was overlapped with (i.e. intersection) first level maps of
each of the subjects (6suppressd condition,

the activation likelihood stimate (ALE) map obtained from an earlier matalysis work18].
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These overlapped voxels have the property that they were activated in each individual subject as
well as at the group level, as also corroborated with raetaysis findings. Spheres were drawn
around the centroids of each of the identified ROIs. The smallest sphere among all ROI spheres

was taken as the final ROI size for all the ROls.

7.2.2.Effective GnnectivityAnalysis

The averaged ROI timeseries obtaifredn GLM analysis were normalized separately for each
of the four runs and each participant by making it have zero mean and unit variance. These were
then deconvolved to obtain latent neuronal variables using a popular njgé&dThis blind
deconvolution algorithm based on the Cubature Kalman filter and SmootherSTK6E8, 106]
jointly estimates latent neuronal timeseries as well as-$p@tific hemodynamic response
function (HRF). Sah hemodynamic deconvolution minimizes the smoothing effect of HRF, as
also its interegional and intesubject variability [10], resulting in improved effective
connectivity estimatiofil65, 36] and avoiding potential confounds arising from HRF variability
across the brain within and between individuals (whether pathologic or normal). Further, the CKF
S algorithm has been shown to recover underlying latent neural variables wifidkigy. Since
the model is formulated in continuous time, the latent neural time series can be evaluated at time
steps of TR/10, thereby improving the temporal fidelity of the estimated latent neural time series.
Recently, it was also shown that the [E& deconvolution model does not overfit, even though it
is highly parameterizefl67]. The estimated latent neural time series from each ROI tere
used for the evaluation &fynamic Effective Connectivity (DEC)

DEC was oltained for all pairs of connections between the ROIs for all the subjects, as

described in section 4.2.1 of Chapter 4. From the DEC timeseries of each conrleetiimge
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points associated with those tri aWweaeidemified he o6r
and the EC values corresponding to those periods were extracted from the DEC timeseries (for
each path) and pooled into O6regulated connect
length of DEC is same as the number oftmepot s i n the f MRI data. EC
condition (no regulation) were similarly extracted for all subjects.

The network of emotion regulation in healthy adults was obtained by comparing EC between
regul ate (i .e. 6s u figs iethesconjrol grooupd Weddnes similariiés and ¢ o n
differences of this network with the hypothetical network proposed by Kohn&8RISimilarity
bet ween our network and Kohn et asdheratiosooftdiay pot he

number of overlapping connections to the total number of connections. Formally,
oy 7o N T [ oy e L LR T ’r!!cl:Y
Y'Q4a Qo@D N0 @OHE € Qud @019@@3—9—10—, X®

WhereSis the number of connections common between the two connectivity maltices]
N2 are the total number of connections in each of the networks respectively. We present similarity
values in percentage by multiplying this number by 100. When there is complete overlap between
the networks, similarity is equal to 100% and it is 0% in cas® @verlapping paths between the
two networks. The network of emotion dysregulation in PCS+PTSD was obtained by comparing
EC between PCS+PTSD and control groups for t|
would possibly highlight parts of the etran regulation network whose dysfunction causes the
dysregulation. Like before, similarity between the regulation and dysregulation networks was
guantified. For both cases, significant differences in EC values were obtained (p<0.001,
Bonferroni correctedwith differences being controlled for age, race, education andrheaodn

(mean framawise displacemer65]). Fig.7.3 illustrates our methodology
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Fig.7.3. Schematic illustrating the effective connectivity analysis peddrm obtain the networks

of emotion regulation and dysregulation using our emotion regulation task. EC matrices were
obtained for every time point in the fMRI data. For a given connection, EC values corresponding
to a task of interest were extracted frtime respective TRs, and subsequent statistical tests were

done for appropriate comparisons to obtain the networks of emotion regulation and dysregulation
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