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components using group independent component analysis. In Step2, we estimate the dFNC
using a sliding window. In Step3, we concatenate all dFNCs across all participants. Then,
based on elbow cgtia, we estimate the cluster order. In step4, we use a standard kmeans
clustering approach and calculate the dFNC state for the group and state vector for
LY LST Y 0] OSSP 20

Figure 2-2: Extracted independent components 53 independent components estimated

by NeuroMark pipeline. W@ut them in seven domains, including subcortical network

(SCN), auditory network (AND), sensorimotor network (SMN), visual sensory network
(VSN), cognitive control network (CCN), default mode network (DMN), and cerebellar
L LET ATV 0 T G (@ =] 1N ) U 22

Figure 2-3: The overview of iSparse Kmeans clustering approach for dFNC state
estimation. In Step 1, we setd a subsample of dFNC tensor and then used kmeans
clustering with k values from 2 to L and put them inbod p ¢ p . Withr iteration,

we would haveé 0 O p ¢ p clusters centroids in total. In Step 2, we concatenated

all cluster centroids, and wesed elbow criteria to find the best k values, callegt K
hereafter. In Step3, using another kmeans clustering approach, we estimated the final dAFNC
states. In Step 4, we used these final states and found the state vector for eachZibject.
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Figure 2-5: The clustering evaluation time with conventional and iSparse kmeans
method. Reducing the percentage of the data used in each iteration of the first step reduces
the evaluation time. The iSparse kmeans method is 27 times faster than the conventional
method. The estimated states and their similarity with states estimated froendalenl

are shown for each percentage of data..........cccoeeeiiiiiiceeiiiii e, 30

Figure 2-6: Both standard kmeans and iSparse kmeans generated similar dFNC
features replicated across four datasets. Agstimated number of transitions from both
standard kmeans and iSparse kmeans for all HCP dat&bketsimilarity between the
estimated number of transitions from both methods is more than, B98Sstimated
occupancy rate (OCR) from both standard kmeans and iSparse kmeans for all HCP
datasets. The similarity between the OCR from both methods isthaor®.989........ 31

Figure 2-7: The comparison of the cluster quality between standard (blue) and
iISparse kmeans (red) approachEach column represents the result for different k (cluster
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Figure 3-1: The new proposed dFNC features. AThe dFNC travled distance for each
participant in each statB) The total movement traveled by each subject in each &tate

The distance between each dFNC and the state cB)t&he size of the state for each
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Figure 3-2: Dynamic functional connectivity states result.The three identified dFNC

states using the iSparsereans clustering method. We found strong connectivity within
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Figure3-4The correl ation between dFNC features

We estimated the partial correlation betwe
controlling age and sex.orTflkeéatobor imap weep
feature and cognitive score. Those | inks tl
The new dFNC f eat.ur.es...ar.e..s.haown..i.n..d8d.

Figure 4-1: The proposed dFNC pipeline. A)conceptual figure shows that a highly
influential feature dves the clustering into the wrong clusteB®) The proposed pipeline
contains four steps. Stepl: We used group independent component analysis (ICA) to
extract seven components from the default mode network (DMN). Step2: a sliding window
approach was used to estimate dFNCs of each subject. Then vetecated all dFNCs
across all subjects. Step3: A clustering approach was used to put dFNCs into clusters, while
a feature learning approach finds the most important feature contributing to the clustering.
Step4: We removed the selected features, andwexan another clustering. We repeated

this process until we covered all features..............uueiiiiiiiccciiiiiiccee e, 54

Figure 4-2: Identified states across iterationsA) State 1 across all iteratigr®) State 1
across all iterations. Thea«is indicates the contribution of connectivity pairs & dnder

of their removal from left to right. The-gxis indicates the iteration, starting with iteration

1 at the top. The blackemlut connectivity pairs are those excluded from the clustering at a
PANTICUIAT TEEIATION.- ... .uitiiiiiieiiiee e es e 57

Figure 4-3: Distance changes across iteration®) State 1 across all iteratigr) State
1 across all itextions. The »axis indicates the contribution of connectivity pair in the order
of their removal from left to right. The-gxis indicates the distance changes.......... 58

Figure 4-4: dFNC feature changes across iterations. Atate 1 Occupancy Rate (OCR)

for both healthy camol (HC) and schizophrenia (SZ). Note that the OCR for state 2 is 1
minus the OCR for state B)The number of betweestate transition (NOT). Data for HCs

and SZs are shown in red and blue, respectively. Taees show from left to right the

node remove at each iteration, and theaxis shows the occupancy rates. Asterisks
indicate that there is a difference between values for SZs and HCs at a particular iteration.

Figure 4-5: The link between dFNC features and symptom severity changes across
iterations. The features susunded by the box showed a significant correlation with
symptom severity (COrreCtgmBr0.05).......cuuuuiiiiiiiiiiie e ceeee e e ereer e e e eaaes 60

Figure 5-1: Schematic of the proposed frameworkin the first step, fMRI data of all
subjects have been proposed. Then, using Neuromark, we found the independent
components Next, we calculated FNC of each subject. FNC features are fed to the
classifier to differentiate between middle adult and old subjects. Then, the model and the
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classifier output are fed to the SHAP explanator to find the most important features which
cortribute to the classification between the two classes..........ccccevvvviicciieeieeeenns 66

Figure 5-2: Functional network connectivty (FNC) shows the correlation between
any pair of independent components. AYhe average FNC across all middle subjects
(<63) and across all old subjects (>63) in UK BioharX) The average FNC across
schizophrenia and healthy control in the FBIRN detaSCN: subcortical network, ADN:
Auditory network, SMN: Sensorimotor network, VSN: Visual sensory network, CCN:
Cognitive control network, DMN: Default mode network, CBN: Cerebellar netwosi8.

Figure 5-3: Functional network connectivity (FNC) in the synthetic dadset. A)The

average FNC across all samples of Class1 and Class2. The color bar shows the intensity of
the correlation. The size of the connectivity matrix is 53x53, then in total, we have 1378
connectivity features for each sample. We first randomly rgémd 378 features for each
sample of both classes. In total, we generated 151 samples (to mimic HC) and 160 samples
to mimic HC and SZ groups in FBIRN dataset, respectively. Then, we increased the value
of some features for one class and decreased tldsesvor another clasB) A zoomed

version of the difference between two classes. The number is assigned to each feature is

Figure 5-4: The receiver operating charateristic or ROC curve. A) The ROC of all
classifiers trained in this study to differentiate between SZ and HC subjects in FBIRN
datasetB) The ROC of all classifiers trained in this study to differentiate between middle
adult (MA) and old adult (OA) dijects in the UK Biobank dataset........................ 73

Figure 5-5: SHAP feature selection results in FBIRN dataset: ATop 20 connectivity
features (out of 1378 connectivity features) of RF model selected by SHAP mé&hod

Top 20 connectivity features of XGB selected by SHAP met@dd op 20 connectivity
features selected by SHAP method in CCN classifier. Those connectivity features had an
overlap in the feature learning results are shown in a different color. Alsoapligthe

light blue shows decreasing the connectivity feature, and the red shows increasing the
CONNECHIVILY TEALUIMES......uiii i 75

Figure 5-6: Visualization of top 20 features selected by SHAP in three models used in

the FBIRN dataset. A)Features selected by SHAP in the RFdeloB) Features selected

by SHAP in the XGB modelC) Feature selected by SHAP in CAT. Each line represents
the connectivity between a pair of components. The blue line shows the higher connectivity
in HC, and the red shows the higher connectivity in the SZ. All networks contribute to the
top 20 features setted by the SHAP method. Also, in all three models, CCN and SCN
have the higher contribution. Also, we observed both an increase and decrease in the
difference between SZ and HC, which proved a disrupted pattern in brain connectivity in
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Figure 5-7: SHAP feature selection results in the classification between MA and OA

in UK Biobank dataset. A) Top 20 connectivity features (out of 1378 connectivity
features) of the RF model selected by the SHAP metBdd op 20 connectivity features

of XGB selected by SHAP ntedd, C) Top 20 connectivity features selected by SHAP
method in CAT classifier. Also, in all graphs light, blue shows decreasing the connectivity
feature and red shows increasing the connectivity features of RF classifier........ 79

Figure 5-8: Visualization of top 20 features selected by SHAP in three models used in

UK Biobank. A) Featurs selected by SHAP in the RF modB) Features selected by
SHAP in XGB modelC) Feature selected by SHAP in CATBoost. Each line represents
the connectivity between a pair of components. The blue line shows the higher connectivity
in young subjects anddeshows the higher connectivity in the old subjects. All networks
contribute to the top 20 features selected by SHAP method. Also, in all three models, CCN
and SCN have the higher contribution. Also, we observed both increase and decrease in
the differencédetween middle adults and old subjects, which proved a disrupted pattern in
brain connectivity by progression from middle adults to old subjects................... 80

Figure 5-9 SHAP feature selection results in synthetic datasef) Top 20 connectivity
features (out of 1378onnectivity features) of RF model selected by SHAP metli)d

Top 20 connectivity features of XGB selected by SHAP metBdd op 20 connectivity
features selected by SHAP method in CCN classifier. Also, in all graphs, the light blue
shows decreasing theonnectivity feature and red shows increasing the connectivity
features. For example, the first connectivity features selected by SHAP method in Random
Forest is feature #1225 in which increasing (red) this connectivity features would increase
the likelihnood of Class1 at the output of RF and decreasing (light blue) this connectivity
would increase the likelihood of Class2 at the output of RF classifier.................. 82

Figure 6-1. Analytic pipeline. Stepl: The timeourse signal of 53 ICNs has been
identified using grou)CA in the Neuromak template. Step2: After identifying 53 ICNs,

a taper sliding window was used to segment the-timgse signals and then calculated
the functional network conneeity (FNC). Each subject has 139 FNCs with a size of
53x53. Also, we calculated static FNC for the entire time of recording. Step3: After
vectorizing the FNC matrixes, we concatenated them, and theneaiks clustering with
correlation as distance mesiwas used to group FNCs into three distinct clusters. Step4:
Then, based on the state vector, we calculated betstat transition probability or
hidden Markov model (HMM) features and occupancy rate (OCR) for each subject. In
total, nine HMM featuresral three OCR were estimated from the state vector of each
subject. Step5To find a link between FN@eatures, including sFNC and dFNC feature
with clinical dementia rating scale sum of boxes (GB®8B), we used partial correlation

by accounting for age amBNder............ooi i 90

Figure 6-2: Dynamic functional connectivity states resultsThe three identified dFNC
states using the-kneans clustering method. We found strong connectivity wAIiN,
within-SMN, and withirRVSN in all states. We found strong connectivity between SMN
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and VSN in state3. Also, this state showed negative conitgcbhetween sensory
networks, including ADN, SMN, and VSN, with the rest of the brain. We found that all
subjects spend 23.78 %, 52.17 %, and 24.05 % in state 1, state 2, and state 3, respectively.
The color bar shows the strength of the connectivityN:S8ubcortical network, ADN:
auditory network, SMN: sensorimotor network, VSN: visual network, CCN: cognitive
control network, DMN: defaulinode network, and CBN: cerebellar network......... 96

Figure 6-3: Correlation between FNC of each state and clinical scoreA significant
negative correlation between withBCN, withinSMN, withinnVSN, and withiRCBN
connectivity and the clinical dementia rating scale sum of boxes {8DB) scores. A
disrupted pattern (i.e., both positive and negative) correlation was found betwe@n with
CCN and within DMN with CDRSOB. A similar disrupted pattern was observed between
CDR-SOB and betweenetworks connectivity. However, we consistently observed
negative connectivity between CESOB and the connectivity among sensory networks.
The color lar shows the strength of the connectivity. SCN: Subcortical network, ADN:
auditory network, SMN: sensorimotor network, VSN: visual network, CCN: cognitive
control network, DMN: defaulinode network, and CBN: cerebellar network......... 97

Figure 6-4: Dynamic functional network connectivity in healthy control and patients.

A) The three identified dFNC states using thaé&ans clustering method in healthy control
(HC), B) Occupancy rate (OCR) of HC in each state. HCs have the highest OCR in state 2
(comrectedp<0.001). OCR of state 3 is higher than the OCR of state 1 in HC subjects
(correctedp<0.01) C) The three identified dFNC states using then&ans clustering
method in patients (vmADJP) Occupancy rate (OCR) of HC in each state. vmAD subjects
havethe highest OCR in state 2 (correcie.001). OCR of state 1 is higher than OCR

of state 2 in patients (correctg®0.01). SCN: Subcortical network, ADN: auditory
network, SMN: sensorimotor network, VSN: visual network, CCN: cognitive control
network, DMN: defaultmode network, and CBN: cerebellar netwark.................... Q9

Figure 6-5: Evaluating the k value effect on the results.A) The dFNC states identified
using the kmeans lustering method witlk=5, B) The dFNC states identified using the k
means clustering method wikh7. The colorbar represents the intensity of connectivity in
each stateSCN: Subcortical network, ADN: auditory network, SMN: sensorimotor
network, VSN: visial network, CCN: cognitive control network, DMN: defamibde
network, and CBN: cerebellar NEIWOIK............uiveeiiiiiiieee e 100

Figure 6-6: Evaluating the k value effect on the resultsThe dFNC states were identified
using the kmeansclustering method with k=1The colorbar represents the intensity of
connectivity in each stat&SCN: Subcortical network, ADN: auditory network, SMN:
sensorimotor network, VSN: visual network, CCN: cognitive control network, DMN:
defaultmode network, ash CBN: cerebellar network............cccooeiiiiiiieen e 101
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Figure 8-1: Analytic pipeline. Stepl: The timecourse signal of seven regions in the
default mode network (DMN) has been identified using gr@id. Step2: After
identifying seven regions in DMN, a taper sliding window was used to segment the time
course signals and then calculated the FN@imd&ach FNC matrix contains twengne
connectivity features. Each feature represents the connectivity between any pair of DMN
subnodes. Step3: After vectorizing the FNC matrixes, we concatenated them, and then a k
means clustering was used to group BNit@o five distinct clusters. Then, hidden Markov
model (HMM) features, in total of 25 features, were calculated from the state vector of
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each subject. We investigated the association between HMM features and symptom
severity in schizophrenia SUDJECES...........coooiiii e 131

Figure 8-2: Feature selection.The connectivity features of seven default mode network
(DMN) subnodes were used as input to fit logistic regression as a classifier to discriminate
SZ from HC. With seven subnodes of DMN, we had twemtg connectivity features.
Elastic net regularization (ENR), as a feature selection, used the model generated by the
classifier and the input features to find the feature that was the most predictive in
discriminating between the two classes. ACC: Anterior cingulate cortex, PCC:igoster
cingulate corteX, PCU: PrECUNEBUS..........uuuuuiiieie et eeenens e e e 134

Figure 8-3: Dynamic connectivity states results. A)The five identified dFNC states

using the kmeans clusteng method in COBRE dat&) The five identified dFNC states

using the kmeans clustering method in FBIRN data. The similar states between the two
datasets are aligned vertically. The similarity between states was measured by Pearson
correlation of the cister centroid matrix of two datasets. There is not a similar pattern
between COBRE and FBIRN in state 5. The colorbar shows the strength of the
(070 0 011 1Y/ PRSP 135

Figure 8-4: Feature selection results in COBRE dataset he left panel shows the ROC

of the classification é&ween SZ and HC in each state. The area under ROC or AUC of the
SZ vs. HC classification was significantly higher than the change in all states. The right
panel shows the most important features based on elastic net regularization that had equal
and sigificant contributions to the classification. The colorful features are selected by
multiple comparison ANOVA tests. AUC: Area under the curve............ccccce...... 137

Figure 8-5: Feature selection results in FBIRN datasetThe left panel shows the ROC

of the classification between SZAHIC in each state. The area under ROC or AUC of the
SZ vs. HC classification was significantly higher than the change in all states. The right
panel shows the most important features based on elastic net regularization that had an
equal and significantantribution to the classification. The colorful features are selected
by multiple comparison ANOVA tests. AUC: Area under the curve................... 138

Figure 8-6: Group difference between SZ and HC connectivity in each state. Group
differences in dFNC of thesconnectivity feature selected by the elastic net regularization
method in each state (corrected 0.05). The wider line means a larger group difference.
Red lines represent increased connectivity, while blue lines represent decreased
connectivity in HCsubjects (right panelsp) The group difference of twentyne DMN
connectivity features in the COBRE data&jtThe group difference of twentgne DMN
connectivity features in the FBIRN dataset. ACC: Anterior cingulate cortex, PCC: posterior
cingulate ortex, PCU: PreCUNEBUS..........coiiiiiiii et eeeee et sveene s 140

XiX


file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995422
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995422
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995423
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995423
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995423
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995423
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995423
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995423
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995423
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995424
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995424
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995424
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995424
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995424
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995424
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995424
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995425
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995425
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995425
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995425
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995425
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995425
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995426
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995426
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995426
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995426
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995426
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995426
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995427
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995427
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995427
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995427
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995427
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995427
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995427
file:///C:/Users/Elaheh/Box/TReNDS/thesis/final%20thesis/Sendi_2022_ECE_Thesis_05062022_ready_for_pdf.docx%23_Toc102995427

Figure 8-7: Potential clinical benefit of the result.Our results suggest a possible benefit
of changing the brain state with lower ACC connectivity and higher PCu/PCC connectivity
and changing that state to a state with higher ACC and lower PCu/PCC connettvity.

Figure 9-1: Analytic pipeline. Stepl: The timeours signal of nine regions in the visual
sensory network (VSN) has been identified using gii@#. Step2: After identifying nine
regions in VSN, a taper sliding window was used to segment thectioree signals and

then calculated the functional networ&nmectivity (FNC). For each subject 137, FNC
matrixes were estimated, and each FC matrix was a symmetric 9x9 matrix. Step3: After
vectorizing the FNC matrixes, we concatenated them, and theneaks clustering with

k=5 was used to group FNCs into figestinct clusters for the entire group and the subject
level state vector. The optimum number WaS based on elbow criteria. Then, occupancy
rate (OCR) features, in total 5 features, were calculated from the state vector of each
0] o] [T ot ST TRTTPP 151

Figure 9-2: Dynamic functional network connectivity states.Five identified dFNC
states using the-kneans alstering method. MTG: Middle temporal gyrus, 10G: Inferior
occipital gyrus, MOG: Middle occipital gyrus, FG: Fusiform gyrus, LinG: Lingual gyrus,
CalG: Calcarine gyrus. State 1 and 2 showed negative connectivity between MTG and
other regions of VSN. Sta# showed the most positive correlation between MTG and
other regions of VSN. In addition, this state had the maximum wiHiG connectivity.

In state 5, FG showed negative connectivity between FG and other regions.....154

Figure 9-3: dFNC comparison between HC and S4n each state.The visual sensory
network dFNC difference between HC and SZ subjects$4Tin each state. Significant
group differences passing the multiple comparison threshold are marked by asterisks (false
discovery rate (FDR) corrected,= 0.05). MI'G: Middle temporal gyrus, I0G: Inferior
occipital gyrus, MOG: Middle occipital gyrus, FG: Fusiform gyrus, LinG: Lingual gyrus,

(08 1[CI =1 [or: 1] 0[N0 1Y/ (U TP PP PP PP P PP 155

Figure 9-4: Occupancy rate difference between HC and SZ and link with visual
learning. A) The difference hiveen SZ and HC occupancy rate in different states. The
occupancy rate of SZ subjects is significantly higher than that of HC subjects in state 1
(FDR correcte@=0.001). In this graph, the mean value is shown by the black horizontal
line in each violinB) the correlation between visual learning score and OCR of state 4 in
SZ subjectsrE0.24, correcte@=0.04.N=119). In this correlation, we accounted for age,
gender, Antipsychotic medication, illness duration, and scanning.site............... 156

Figure 10-1: Dynamic connectivty states results.The five identified dFNC states using
the kmeans clustering Method..............iiiiiee e 171

Figure 10-2: Difference between MDD andHC connectivity in each state.The
distribution of biomarkers were identified by elastic net regularization (ENR). Features that
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were retained significantly more than the overall mean are shown in color (left panels). The
group differences visualizatiorf dFNC in each state is shown in the right panel. In this
graph, a wider line means a larger group difference. Red lines represent increased
connectivity, while blue lines represent decreased connectivity in HC patients compared
with MDD patients (right pnels).A) Feature selection and group difference results in
state1B) Feature selection and group difference results in st@)dzature selection and
group difference results in stat€®, Feature selection and group difference results in state

4, E) Feature selection and group difference results in stateS...............cceeeeeeeee. 172

Figure 10-3: Behavioral correlation with hidden Markov model (HMM) features. A)

The partial correlation between HDRS and twelitig betweerstate transition probability

or HMM features while controlling age, gender, and scanning site (FDR corpe€i€xb).
Color bar represents the correctedgiue (FDR correcte@<0.05). Only the transition
from state 4 to state 3, i.eg4, Showed a significant correlation with symptom severity
after FDR correctionB) The correlation between HDRS aagl (r=0.19, FDR corrected
p=0.04, N=234). Thetransition from state 4 to state 3 increases by the severity of
5}V 1] 10 1 T PPN 174

Figure 10-4: Potential clinical benefit of the result.Our results suggest a possible benefit
of changing the brain state with higher ACC connectivity and lower PCu/PCC connectivity
and changing that state to a state with lower ACC and higher PCu/PCC connet8@ity.

Figure 11-1: Dynamic functional connectivity in three identified states using
clustering method. Each state has consisted of a 24x24 matrix where the positive
connectivity is shown by hot color, and negative connectivity is shown with cold colors.
The values in parentheses show the overall percentagaeephrticipants spent in each
specific stateA) States resulted from clustering analysis onp@¥ dFNC B) States
resulted from clustering analysis on pEET dFNC........cccoooeiiiiiiiiiiiiiiie e, 191

Figure 11-2: A) The OCR comparison between DEP and HC in three distinct states of pre
ECT. A significant difference is observed in state2 (correpte@l015) B) The OCR
comparison between DEP and HC in three distinct states eE@Te postECT. A
significant difference 9 observed in state 2 (correctpd0.03). In state2, ECT had
significantly changed the OCR value of HC and DEP before applying ECT (HC>DEP)
compared to after applying ECT (HC<DEER) shows the traveled distance between DEP
and the HC group in pfECT andpostECT. In preECT, the traveled distance of the HC
group is significantly higher than the DEP grops@.04). After applying ECT, the HC
group has higher traveled distance than the DEP group, but this difference is not significant.

Figure 11-3: Correlation between OCR values and reported HDRS change (P#feost)
in three states.Blue dotsare referred to 119 DEP individuals. The bold black line is the
fitted curve.Rindicates the fitted line slope in each state. As it is shown, state 1 (the state
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SUMMARY

The objective of this project is to develop new approaches for analyzing dynamic
functional network connectivity (dFNC) and investigate the link between dFNC with
cognitive score and symptom severity in different neurological disorders, including
schizophenia, major depressive disordandA | z hei mer 6 s di sease. Kno
is highly dynamic during the restirgjate fMRI,evenin the absence of external inputs,

dFNC got much attention in recent years. Howethaate are still some gaps in theldie

These gaps include the lack of an analytic pipedinalyzing big dFNC data pipeline

uncovering hidden dynamiesasked by the highly influential networks, a comprehensive
toolbox extracting dFNC features, andiaak of understandingf the clinicalbenefit of

dFNC resubs. In this Ph.D. proposal, we aim to address these potential gaps.

This PhD. dissertation contributed to the field by developing new framesvork
(methodological contributions) and identifying new biomarkers in brain disorders (clinical
contributions).We proposed multiple frameworks to analyze both static (sFNC) and
dynamic functional network connectivity (dFNC) for the former contributiong
developed a framework called iSparseneans to analyze big dFNC data. We showatl th

this framework analyzes dFNC data 27 times faster than the conventional framework, but
it does not needhuge computational powekVe also develogd an analytic pipeline

(tool box), called ADyConXo0o, to estimate tran:
dFNC. Also, we introduaksome additional summary metrics to characterize dFWe.
validated these new featunegh the new toolbox in the largest dFNC arsdever Also,

we introduce a new pipeline to uncover hidden dynamics of the brain network masked
with highly active networks. Next, we propos# integrating our pipeline with an

XXIX



interpretable machine learning method to investigate the use of dynamic featbees to

useful as predictors (or biomarkers).

We identified new dFNC biomarkers for the latter contribigian Alzhemers disease,
schizophrenia, and major depressive disorder. Additionally, we interphet@dtiFNC
informationis linked with symptom severity in these neurological and neuropsychiatric

disorders.

XXX



CHAPTER 1. INTRODUCTION AND BACKGROUND

Neurological disorders comprise more than 600 conditibasimpact an estimated 50
million Americans every year. This type difease causes impairmémthe functionality

of the central nervous system or theripheral nervous systems and chronic physical,
cognitive, and emotional disabilityUnderstanding the underlying mechanism of
neurological disorders guides doctors in diagnosing them and provides new insight into
possible treatmenilo understand the neal process behind differebtain diseasg we

first need to measure brain activities.

Among all modalitieghatmeasuréorain activity, finctional magnetic resonance imaging
(fMRI), which revolutionized neurosciencelated research over the past decade, provides
unique information about brain alterationtire brain of healthyindividualsand patierg

[1], [2]. It is a noninvasive imaging method that detects regional, ti@e/ing brain
metabolic changes, including blood flow and deoxyged hemoglobin leve[8]. These

metabolic changes can be induced by a cognitive tasklftesstd fMRI) oan unregulated

brain process in the resting due to neurological disorders (restiteyfMRI).

Figure 1-1: Static Functional network connectivity (FNC). Pearson correlatic
between any pair of nodes would be used to measure the combination betwe
nodes. We can represent all connectivity with an FNC matrix. With N nodes, we
have arNxN FNC matrix.



Figure 1-2: Static (SFNC) and d/namic Functional network connectivity (dFNC).
We useasliding window to estimate dynamic FNC. Within each wingas calculat
FNC across all brain regions. While sFNC is estimated from the entire signal.

The fMRI indirectly measuresbrain electrical activity based on thredundamental
principles: 1)variations in the relative concentration of oxygen in the local blood supply
are regularly linked to changes in brain actiyRy in comparison to deoxygenated blood,
oxygenated blood has a distimaaignetic susceptibilit 3) by assessing BOLD response,
fMRI may infer changes in the ratio of oxygenated/deoxygenated blood (hemodynamic
response function).

Functional connectivity (FC) or its network analog functional network connectivity (FNC)
as showrin Figure 1-1, studies the correlation betwetire BOLD signak from different

brain regions. FC/FNC, which measures the communication between brain networks, has
been shown to play a key role in complexgiaitive processes. It can provide insight into
how largescale neuronal communication in the human brain relates to human behavior
and how this relationship may be altereche@urodegenerative diseasehas revealed a

great deal of knowledge about theaibfs macrescale spatiotemporal organization in



healthy subjects and patients with various neurological disnfdany of these analyses

have ignored the dynamics by assuming that FNC is static overltideed, functional
connectivity is highlydynamic, even in the absence of external inputs. In fact, dFC/dFNC
research suggests that cognitive deficits and clinical symptoms associated with many
neurological disorders depend not only on the strength of the connectivity between any pair
of brain regons but also on the variation of those regions' connectivity strength over time.
1.1 dFNC methodological framework

1.1.1 Sliding window approach

In this approach, we use a temporal window with the si2&/ ahd move that from the
beginning to the endf the timecourse signalFigure 1-2). Using the Pearson correlation
coefficient, as showhelow, we measure the connectivity between any signal pair within

each window.

Y 11

wherew andw are timecourse signals andd andw are the mean ofo andw,
respectively.] t t akes v al ug %] andmeasurbsahe strerigth of thalineaf 1
relationship betweew andw. It is worth noting that the dFC/dFNC pipeline's input is
not the raw data, andigusually preprocessed data. Wildifferent nodes, this procedure
constructs a symmetrldxN connetivity matrix with Nx(N-1)/2 connectivity features in

each window. Alsoa tapered window has been suggested to alleviate the effect of sudden
changes in using a rectangular windpij). A tapered window is a convolution of two
rectangular windows

There are some drawbacks to the sliding window approach. The choice of window size is

an implicit assumption about the dynamic behavior in that a short window captures more
3



rapid fluctuations, whreas a longer window does more smoothing than a shorter one. Also,
having a reliable correlation value is challenging in a shorter window with a few samples.
Therefore, a tradeff for having good specificities witha long window size to detect
reliable dEZ/dFNC changes and good sensitivity wétlshort window size is needed

avoid missingany desired dFC/dFNC variatiariSven though there is no clear answer on
choosing the best window size, the lower limit for avoiding undesired artifacts is setting
the window size to the largest wavelength of the fMRI ticwmurses. A window size
between 30 to 60 seconds has been widely used in restitegdFC/dFNC analysis.

A changepoint detection approach has been proposed to eliminate the window size
challenge Thisapproach finds the change in the FC/FNC state due to the change in signs
of the image intensities at the adjacent time p&htAnother study hypothesized that the
sliding window method, which uses a fixed window size, cannot capture the connectivity
pattern if there is a difference in the connectivity across fregeentddressg this
problem, the mentioned study subdivided the brain-tmese signals into a set of 78
frequency bins spanning the restistgte range, i.e., between 0.01 Hz to B4, and
estimated a connectivity matrix for ea@raph analysifound a difference in withinand
betweennetwork connectivity across frequenc|és

Although Pearson correlation was widely used in dFC/dFNC research, a recent paper
explored other possible options, including Pearson, SpeandnKendall correlation,
Pearson and Spearmgpartial correlation, Mutual Information (Ml), Variation of
Information (VI), Kullback Leibler divergence, and Multiplication of Temporal
Derivatives and Inverse Covariance for measuring the connectivity between different

regions of the brain. This studyhowed that Ml and VI yielded the most consistent results



by achieving high reliability concerning dFC/dFNC estimates for different window sizes
[71.

1.1.2 Extracting dFC/dFNC states

After calculating the FC/FNC by applying the sliding window approach, we need to extract
states to have an abstract representation of dFC/dFNC matrixes. Clustering analysis,
particularly the kmeans clustering method, is widely used for categorizing dFCZdF
matrixes into a set of statf®. In this method, we partition the connectivitgimx intok
clusters ¢alledstatesherg in which each sample falls into the nearest cluster based on its
distance from the cluster centroid. Althoutlpe k- means clustering method is relatively
simple to implement, scalable to a large dataset, andamfe®s convergence, it has
drawbacks. For example, it needs a-geéined number of clusters aimglvulnerable to

initial values that may yield different results. Also, the cluster centroid can be dragged by
outliers.

Hierarchical clusteringreategreesof clusters of samples, called a dendrogram, in which
any two clusters are disjoint, or one includes the other. The cluster of all samples is the root
of the tree. It does not require us to-ppecify the number of clusters to be generated as is
neededdr the kmeans approadB]. However, it also involves the definition of a specific
threshold for cluster separation. Bothmleans andHierarchical clusteringare not
assumptioffree and needa prioriknowledge for categorizing the states of brain activity
thatmay bias or affect the states' interpretation.

Recent studies replaced clustering with temporal independent component analysis (ICA)
and principal component analysis (PCA) tion&hate the prior knowledge requirement. In

the PCAbased approach, FCs/FNCs are linearly decomposed into a finite set of mutually



spatially orthogonal connectivity patterf$§. In the ICAbased method, FCs/FNCs are
decomposed into a finite set of connectivity patterns that are mutually temporally
independent andave a linear contribution to the observed FCs/FNID§. The main
limitation of PCA is the linearity assumption. diy PCA would falil if the variable in the
dataset is not linearly correlated.

1.1.3 Temporal properties of dFC/dFNC

There are a few metrics by which we can model the temporal variation of dFC/dFNC. The
simplest version of this model is FC's standard deviataynsa windows (time)11].

Dwell time, the average amount of time that a subject spends in each state is a metric for
modeling the temporal variation of dFC/dFNC in a staieed (or metstate) approach
[12]. The transition matrix contains the number of times a subject ®sfrcm one state

to another is another metric that can be used to model the temporal change&BNG-C

in a metastate methoiL3]. Also, the largest distance betweemetastate occupied by a
subject and the total distance traveled by a stibjdrain durings-fMRI scanning is
another possible metric for modeling the temporal pattern of dFC/JEMICThe Hub

state is another metric proposed in the rstdéde method, where the metiate that a
subject returns to four or more tigis the hub state for that subj¢tb].

1.2 Clinical application of dFC/dFNC

1.2.1 Schizophrenia

Schizophrenia affects around 1% of the adult populatiothe world and around 2.4
million adults in the United Statg&igure 1-3) [16]. Subjects with this disorder show
abnormal dysconnectivity in functional and structural brain pat§drfis The temporal

feature of dFC/dFNC has been reported as a plausible biomarker in finding the fundamental



Schizophrenia Major Depressive Disorder Alzheimer’s Disease
(82) (MDD) (AD)

Approximately ‘
2.4 million | 5.8 Million
Hﬁi‘s&hlﬁ'-phr_i—rﬂa

Figure 1-3: Epidemiology of schizophrenia, major depressive disomet, and
Al z h e idipensed s

mechanism of the difference between healthy individuals and schizophrenia $u8jects
[21]. A previous wholebrain dynamic connectivity analysis showed that schizophrenia
subjects spend less time in a higbhnneted statg12], [22]. Another study from our
group showed an abnormal pattern in the dFN@efiefault mode network (DMN) by
comparing statdased connectivity strength, dwell time, anetweenstate transition
number of healthy control (HC) and schizophrenia (SZ) sulj@t}sThis study identified
SZ-associated pattesiin the temporal dynamics of DMN in SZ subjects by showing that
they spend more time in a state with sparsely connected nodes.stidis also
demonstrated a stagpecific spatial disruption within DMN by showing that the central
hubs of the posterior cingulate cortex and anterior medial prefrontal cortex are significantly
impaired in SZ subjects. However, this study did not show bBgmptom severity is
associated with this abnormal pattern. Also, another study showed the betateen
transition number is significantly smaller for SZ subjects compared with that of HC
subjects. Similarly, another study found that the wibwben FNC @attern in markedly less
dynamically active in SZ subject compared with that of HC subject. In more detail, it found

that SZ subjects werund to exhibit diminished dynamic fluidity, visiting less meta



states, shifting less often across them. This pattern is more pronounced in patients with
high levels of hallucinatory behavifit5].

1.2.2 Major depressive disorder

Major depressive disorder (MDD) is a severe mood disorder characterized by feelings of
sadness, anger, loss, diminished interests, and social withde8jdgRk4]. MDD affects

more than 16 million(Figure 1-3), or 6.7 percent, adults in the United States and 350
million, or 4.4 percent, adults worldwide each ygHs]. Despite significant progress in
treating MDD, 20% to 30%f patients are treatmengsistan{26]. To improve treatments,

we need a better understanding of the undeglyirechanisms of MDD. A study with a
relatively large sample size of subjects (182 MDD patients and 218 HC subjects) analyzed
the dynamis of the wholebrain FNC and found the MDD subjects spend more time in the
state with lower FC in DMN, cognitive control network (CCN), and frontal network (FN).
This study also found that HC subjects spend more time in the state with higher FN in the
visud sensory network (VSN[27]. Another study found that MDD patients showed a
decreased dynamic between medial prefrontal corticdFC) and parahippocampal gyrus
within DMN, while they showed more dynamiit the connectivity betweemPFCand
insula[28]. Another study investigated the alteration of FC in DMN (betwmmsterior
cingulate cortex oPCC and mPFCbhy looking at the standard deviation (connectivity
variability) of dENC thought was within a relatively small datag€]. This study found
greater connectivity variability in MDD between mPFC and PCC. In contrast, another
study found a lower connectivity variability in MDD in the connections between the DMN
and thefrontoparietal network30]. Again, similar to SZ, the association between MDD

symptom severity and dFNC features has not been explored yet.



1.2.3 Alzheimer's disease

Alzheimer's disease (AD) is the most commonaated dementia, affecting individuals
5.8 million aduls over 65 years of age the United Stated=(gure 1-3) [31]. It usually
causes several deficiim memory, thinking, behavior, and social skills. AD usually
progresses slowly in 3 stages, including mild cognitive impairment {statye), mild
dementia (middlestage) andsevere dementia (latdage)[32]. There is no way to treat
AD, but some medations can decelerate its progress, particulabgn it is detected in

an early stage of AD33]. Therefore, predicting AD progression and differentiating
different stages of this disease is an essential step in early medical intervention in this
mental disordef34]i [39]. One study with 29 AD patients and 31 HC subjects found that
AD patients spend more time than the HC subjeca state with sparse connectivity
patternsan which the motor network is isolated from the rest of the brain. Also, the same
study found an inabilityo switchout fromastate with low inteinetwork connectivity into
more highly connected network configurations in AD patients

1.3 Limitation sin dFNC analysis

Researchers have applied dynamic functional connectivity for a decade; there is still no
comprehensive and unified toolbox to estimate dFNC featiites.currently available
dFNC pipelingsiill -suited for the large dFNC dataset. Developing a mefibraghal/zing

a massive dFNC dataset iseded. Most dFNC research was done on the wiboken
network[19], [40]. In a larger brain network, a group of brain networks such as yisual
sensorimotor, and auditory networkshich are strongly correlateanay mask less
correlated networks and limit spatiotemporal resoluddh. That potentially can delineate

why these studies' main result was focused on these dominant networks and less reported



aboutthe dominated network such as DMN. Although we can study dFNC of any brain
network based on prior knowledge, method that can mechanistically remove the
irrelevant networkds needed[41]i [43]. Finally, while dFNC has been used in many
neurologcal and psychiatric disorders, its clinical implications and benefits have not been
well studied. The study of this thesis is trying to address all of the issues mentioned above.
1.4 Outline of the dissertation

This dissertation contains two parts. The first part includes four chaptepscpuesiew
methods to analyze FNC informatidn. contrast, he second part includesix chapters
discussing the clinical implications of analyzing dFNC information in negrchl and
neuropsychiatric disorder§he following paragraphs summarize the main contribudion
each chapter.

Part 1: The first part talks about the methodological contribution of this dissertation

and contains four chapters.

Chapter 2: iSparse k-means A two-step clustering approach for big dynamic
functional network connectivity data. The conventional dFNC pipeline is-8lited for

the big dFNC dataset. This chapter introduaenew dFNC pipeline thatnalyzes large
dFNC information. We validcate the proposed pipeline on four datasets from the same
population ofHuman Connectome Project Young Adult or HZR participants We
prove that our approaadk 27 times faster than the conventional method in finding the
clustering order.

Chapter 3: DyConx: A toolbox for extracting dynamic functional network
connectivity features.Despite the extensive research of dFNC in finding neuroimaging

biomarkers of different neuropsychiatric and neurological disorders, there is not yet an
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opensource toolbox tostimate dFNC features. This chapter introduces a few new features
that have not been explored before in dFNC. Additionally, this chapter introduces an open
sourceMATLAB toolboxcalled DyConx,that can help other researchers to extract dFNC

featuresLastbut not least, in this chapter, we run the largest dFNC analysis using the UK

Biobank dataseb validate the new dFNC features and DyConx

Chapter 4: Recursive high influential connectivity removing for uncovering hidden
dynamics.dFNC data extracted from-f8IRI recordings have played a significant role in
characterizing brain network interactions in various brain disorders and cognitive
functions. dFNC analyses frequently use clustering methods to identify states of network
activity. However, it is possible that these states are dominated by a few highly influential
networks or nodes, which could obscure conditelated insights that mightte gained

from networks or nodes less influential to the clustering. This chapter presents an automatic
dFNC pipeline based on feature learning to uncover network dynamics less influential to
the initial clustering. We demonstrate the viability of ourrapph within the context of
schizophrenia (SZ), applying our approach to a dataset consisting of 151 participants with
SZ and 160 controls (HCs). Weundthat removing some connectivity pairs significantly
affects the underlying states and magnifies fifferénces between participants with SZ

and HCs in each state. Given our findings, we hope our approach will contribute to the
characterization and improved diagnosisafiousneurological conditions and functions.
Chapter 5: Visualizing functional network connectivity difference between healthy
control and patient usingthe explainable machine learning method.

In recent decades, analyzing the FNC, obtaineidIRl techniques has revealed new
information about the underlying neurophysiological mechawoisdifferent neurological
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and neuropsychiatric disorders. Many pieces of research focus on increasing classification
accuracy between healthy and patient groups based on FNC information. However,
developing a pipeline exploring the difference betweertimgahnd patient groups FNC is

less explored. This chapter devedap new pipeline based on an explainable machine
learning approach calleshapley Additive explanation or SHA#Rat can find a subset of

FNC features that contribute more than the other featin classification between healthy

and patient groups. We validate the pipeline on a synthetic dataset. Next, we use the
pipeline to find the underlying mechanism of schizophrenia and aging based on the FNC
information.

Part 2. The secondpart talks about the clinical contribution of this dissertation and
contains six chapters.

Chapter 6: Al zheimerdés disease projection
dynamic functional network connectivity. In this chapter, we explotee dFNC pattern

in the AD progression. We use longitudinafk4RI1 from 1385 scans (from 910 subjects)

at different stages of AD (from normal to very mild AD or vmAD). We found that all brain
states showed significant disruption durihgprogressiotrirom thenormal brain to vmAD

one. Specifically, we found that subcortical network, auditory networkalisetwork,
sensorimotor network, and cerebellar network connectivity decrease in vmAD compared
with those of a healthy brain. We also found reorganized patterns (i.e., both increases and
decreases) in the cognitive control network and default mode neteamkectivity
progression from normal to mild dementia.

Similarly, we found a reorganized pattern of betwaetwork connectivity when the brain

transits from normal to mild dementia. However, the connectivity between visual and
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sensorimotor networks deases in vmAD compared with a healthy brain. Finally, we
foundthata normal brain spends more time in a state with higher connectivity between
visual and sensorimotor network®verall, this chapter provides new insights into the

dFNC pattern changes ihe progression of AD.

Chapter7: The link between static and dynamic brain functional network
connectivity and genetics risk of Alzhemer 6 s DApaligoprateen. E (APOE)
polymorphic alleles are genetic factors associatedAitlmisk. Although previous studies

have explored the link between AD genetic risk @&f@NC no previous studies have
evaluated the association between dFNC and AD genetic risk. This chapterestamin

link between sFNC, dFNC, and AD genetic risk with a reproducible;diatan approach.

We use rdMRI, demographic, and APOE data from cognitively normal individuals
(N=894) between 42 to 95 years of age (mean = 70 years). We divided individuals into
low, moderate, and higiisk groups. Using Pearson correlation, we calculate sFNC across
seven brain networks. We also calculate dFNC with a sliding window and Pearson
correlation.Next, we putdFNGs into three distinct states withrkeans clusteringlhen

we calculate the amount of time each subject spent in each state, called occupancy rate or
OCR. We compare both sFNC and OCR, estimated from dFNC, across individuals with
different genetic risks and found that both sSFNC and dFNC are related to AD gisiketic

We found that higher AD risk reduces withirsual sensory network (VSN) sFNC and that
individuals with higher AD risk spend more time in a state with lower witfsiN dFNC.
Additionally, we found that AD genetic risk affects whalein sFNC and dFN in
women but not in men. In conclusion, we presented novel insights into the links between
SFNC, dFNC, and AD genetic risk.
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Chapter 8. Aberrant dynamic functional network connectivity of default mode
network in schizophrenia and links to symptom severity Some studies have shown
abnormal functional network connectivity in the default mode network (DMN) of
individuals with schizophrenisand more recent studies have demonstrated abnormal
dFNC in individuals with schizophrenia. However, DMN dFNC and the link between
abnormal DMN dFNC and symptom severity have not been-cheltacterizedThis
chapter analyzes rs fMRI data from subjects withizophrenia (SZ) and healthy controls
(HC) across two datasatedependently. Thiss the first study to investigate DMN dFNC

and its link to schizophrenia symptom severity. We identified reproducible neural states
datadriven and demonstrated that tb@nnectivity strengthwithin those states differed
between SZs and HCs.

Additionally, we identified a relationship between SZ symptom severity and the dynamics
of DMN functional connectivity. We validated our results across two datasets. These
results supprt the potential of dFNC for use as a biomarker of schizophrenia and shed new
light on the relationship between schizophrenia and DMN dynamics.

Chapter 9: Multiple overlapping dynamic patterns of the visual sensory network in
schizophrenia. Although visu& processing impairments have been explored in SZ, the
underlying neurobiology of the visual processing impairments has not been widely studied.
Also, while some research has hinted at differences in information transfer and flow in SZ,
few investigation®f functional connectivity dynamics within visual networks exigtis
chapter analyzrs-fMRI data of the visual sensory network (VSN) in 160 HC and 151 SZ.
We estimated 9 independent components within the VSN. Then, we calculate the dFNC

using the Peaos correlation. Next, usingieans clustering, we partition the dFNCs into
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five distinct states, and then V\@CR.We compare HC with SZ subjects and investigate
the link between OCR and visual learning in SZ using OCR. Besides, we compare the VSN
functional connectivity of SZ and HC in each state. We found that this network is indeed
highly dynamic. Each state repeess a unique connectivity pattern of fluctuations in VSN
FNC, and all states showed significant disruption in SZ. Overall, HC showed stronger
connectivity within the VSN in states. Subjects with SZ spent morethiareHCin a state
where the connectivithetween the middle temporal gyrus and other regions of VNS is
highly negative. Besides, OCR in a state with strong positive connectivity between the
middle temporal gyrus and other regions correlated significantly with visual learning scores
in SZ.

Chapter 10: Aberrant dynamic functional network connectivity of default mode
network predicts symptom severity in major depressive disorderMDD is a severe
mental illness marked by a continuous sense of sadness and a loss of interest. The DMN is
a group of brai areas that are more active during rest and deactivate when engaged in task
oriented activities. The DMN of MDD has been found to have aberrant SFNC in recent
studies. This chapter extends previous findings by evaluating dFNC within the DMN
subnodes in MD. We analyzed rMRI data of 262 patients with MDD and 2HCs

We estimate dFNCs for seven subnodes of the DMN, including the anterior cingulate
cortex (ACC), posterior cingulate cortex (PCC), and precuneus (PCu), using a sliding
window approach, and ¢ cluster the dFNCs into five brain states. Classification of MDD
and HC subjects based on stgpecific FCis performed using a logistic regression
classifier. Transition probabilities between dFNC states were used to identify relationships

between symgom severity and dFNC data in MDD patients. A disrupted connectivity
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pattern was observed by comparing stgiecific FNC between HC and MDD within the
DMN. In more detail, we found that the connectivity of ACC is stronger, and the
connectivity between PCand PCC is weaker in individuals with MDD than in those HC
subjects. In addition, MDD showed a higher probability of transitioning from a state with
weaker ACC connectivity to a state with stronger ACC connectivity, and this abnormality
is associated witsymptom severity. This is the first research to look at ti¢QIBf the

DMN in MDD with alarge sample size. It provides novel evidence of abnormat time
varying DMN configuration in MDD and links to symptom severity in MDD subjects.
Chapter 11: Dynamic functional network connectivity links with treatment response

of electroconvulsive therapy in major depressive disorderd€lectroconvulsive therapy
(ECT) is one of the most effective treatments for major depressive disorder. Recently, there
has been increasy attention to evaluating the effect of ECTrefiMRI. This chapter aims

to compare MRI of patients with depression (DER)th HCs investigate whether pre
ECT dFNC estimated from patiehtsfMRI is associated with an eventual ECT outcome,
and expbre the effect of ECT on brain network states.

RsfMRI dataarecollected from 119 patients with depression or depressive disorder (DEP)
(76 females), and 61 healthy (HC) participants (34 females) agigmean of 52.25N =

180) years old. The pf#eCT and posECT Hamiltondepressiomatingscale (HDRS) were
25.59+ 6.14 and 11.48 £ 9.07, respectively. Twefuyr independent components from
DMN and CCNareextracted using grodipdependent component analysis from-B(ET

and postECT rsfMRI. Then, the sliding window approachused to estimate the pamd
postECT dFNC of each subject. Nextrkeans clusterinig separately applied to piEeCT

dFNC and poseCT dFNC to assedbe three distinct statesf the whole group. We
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calculatethe OCR of each participantNext, we compare OCR values between HC and
DEP. We #s0 calculate the partial correlation betweenp€&l OCRs and HDRS change
while controlling for age, gender, and site. Finally, we evaluate the effectiveness of ECT
by comparing pr&and postteCT OCR of DEP and HC patrticipants. Our finding suggests
that dMNC features, estimated from CCN and DMN, show promise as a predictive
biomarker of the ECT outcome phtients with depressior\lso, this study identifies a
possible underlying mechanism associated with the ECT effect on DEP patients.
Chapter 12: Conclusions and future work.This chapter discusses the main contribution

of this PhD. dissertation and listall publications from this thesiAlso, this chapter takk

about the potential future direction based on the result of thix. Bissertation.
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PART 1.
METHODOLOGICAL
CONTRIBUTIONS
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CHAPTER 2. ISPARSE K-MEANS: A TWO-STEP
CLUSTERING APPROACH FOR BIG DYNAMIC

FUNCTIONAL NETWORK CONNECTIVITY DATA

2.1 Introduction

In recent decades, bloakygenationleveldependent (BOLD) functional magnetic
resonance imaging (fMRI) has provided unique information about brain changes associated
with various brain disordef8], [44], [45]. fMRI is a norinvasive imaging technique that
identifies localized, time&arying alterations in brain metabolism, such as blood flow and
deoxygenated hemoglobin ldgg46]. These metabolic changes can be induced by a
cognitive task (i.e., taskased fMRI)47] or via unregulated brain fluctuations during rest
(i.e., restingstate fMRI). Functional connectivity (FC) or its network analog functional
network connectivity ENC) studies the temporal dependence (typically assessed with
correlation) between the BOLD fMRI signal from different brain regi@@®. The FNC
approach uses temporal depence to infer how various brain networks communicate and
may play a significant role in understanding how lasgale neuronal communication in

the human brain relates to human behaMat, [49] and how neurodegenerative diseases
alter this relationshif5], [50]i [53].

Most previous studies assume FNC is static over time and ignore (average out) brain
dynamicq54]. Indeed, functional connectivity is highly dynamic, even durasging[55].

In recent years, a new line of research called dynamic functional network connectivity

(dFNC) ha moved beyond studying the strength of connectivity among begions and
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Figure 2-1: The conventional dFNC pipeline In Stepl, we estimate the indepen
components using group independent component analysis. In Step2, we estimate !
usingasliding window. In Step3, we concatenate all dFNCs across all participants
based on elbow criteria, we estimate tuster order. In step4, we use a standard kr
clustering approach and calculate the dFNC statehfergroup and state vector -
everyone.

studied the temporal properties of the FME dFNC has shown promise as a biomarker
for schizophrenigs6], [57], Al z h e i m[@5], hgjor depressve s e

disorder[58], and autism spectrum disord&8]. It has been shown that dFNC improves
theclassificaton between disordered and healthy conditii@®g, [61] and provides more
information about the pathology of neurological and neuropsychiatric disorders than its
static counterpaf62].

Figure 2-1 shows the analytic pipeline that is used for analyzing dFNC informgiign

[58], [60]. This pipeline contains four main steps. In the first step, we estimate the intrinsic
components for theesired brain regions. Second, we calculate the dFNC using a sliding
window. In the third step, we concatenate all dFNCs of all subjects and go through an
optimization process to find the clustering order based on the elbow criterion. In the fourth
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step, weestimate the final dFNC for the whole group and state vector for each individual
and calculate the dFNC features for statistical analysis.

Even though any clustering approach can be used for clustering dFNC information, mainly
k-means clustering has beesed due to its simplicity in implementation ability to scale to

a large datas¢63]. Additionally, it has been shown thiaimeans clustering is faster than

the other methods such as spectral clustering, demessyd spéal clustering of
applications with noise or DBSCAN, and mesnift clusterind64]. But it is still slow and

needs substantial computational power when we work on a sizeable dFNC dataset. On the
other hand, recently, the availability of extremely largernimaging datasets has made

the computational burden of clustering dFNC measurements a significant practical
challenge. For example, the UK Biobank dataset released neuroimaging data from more
than 40,000 participan{€5] and has targeted acquiring data from 100,000 individuals
[66]. Also, it has been discussed that many neuroimaging analytic pipelines are not scalable
for massive data sets, including possitglys, if not hundreds of thousands of participants
[67]. Therefore, developing a framework that can analyze a large dFNC dataset within a
reasonable timeframe in a typical cluster computing environment is needed.

In this chapter, we introduce a new iterative clustering algorithm, iterative gparsans
(iSparsek-mean$, that efficiently scales to millions of higfimensional observations,
making it a valuable addition to the pipeline for large scale dFNC asaMée evaluated

the reproducibility of the results with both standard and proposed dFNC pipelines across
four rsfMRI sessions of HCP young adults. Additionally, we compared the time needed
to find the optimal cluster number with iSpatseneansversus stadardk-means and

showedhatour approach is faster than the standard method in finding the cluster order.
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Figure 2-2: Extracted independent components 53 independent components estimate
NeuroMark pipeline. We put them in seven domaimscluding subcortical network (SCt
auditory network (AND), sensorimotor network (SMN), visual sensory network (VSN), cog
control network (CCN), default mode network (DMIdhd cerebellar network (CBN).

2.2 Material sand methods

Our analytic pipeline includes-fMRI preprocessing, extracting independent components,
calculating dFNCand estimating the cluster order and dFNC states using the proposed
clustering method. The following subsection describes si@ghin more detail.

2.2.1 Preprocessing and independent components extraction

We used the statistical parametric mapping (SPMitps://www.fil.ion.ucl.ac.uk/spny/

running in MATLAB2019 topreprocess the fMRI data. The first five dummy soaare
removed before preprocessing. Rigid body motion correction was used to account for
participant's head movement. Then, we used spatial normalization bplecao imaging

(EPI) template in the staad Montreal Neurological Institute (MNI) space. Finally, a
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Table 2-1 Compoenet labels

Component name

Peak coordinate (mm)

1 Caudate (69) 6.5 10.5 5.5

2 Subthalamus/hypothalamus (53) -2.5 -135 -1.5
3 § Putamen (98) 265 15 -0.5
4 Caudate (99) 215 105 -35
S Thalamus (45) -125  -185 11.5
6 > | Superior temporal gyrus ([STG], 21) 62.5 -22.5 7.5

7 g Middle temporal gyrus ([MTG], 56) 425 65 10.5
8 Postcentral gyrus ([PoCG], 3) 565  -4.5 28.5
9 Left postcentral gyrus ([L PoCG], 9) -385 -225 56.5
10 Paracentral lobule ([ParaCL], 2) 05 -225 65.5
11 1 v | Right postcentral gyrus ([R PoCG], 11) 385 -19.5 55.5
12 % Superior parietal lobule ([SPL], 27) 185  -435 65.5
13 Paracentral lobule ([ParaCL], 54) -185  -95 56.5
14 Precentral gyrus ([PreCG], 66) -42.5 -7.5 46.5
15 Superior parietal lobule ([SPL], 80) 205 -635 58.5
16 Postcentral gyrus ([PoCG], 72) 475 275 435
17 Calcarine gyrus ([CalcarineG], 16) -125  -66.5 8.5

18 Middle occipital gyrus (IMOG], 5) 235 -935 0.5
19 Middle temporal gyrus ([MTG], 62) 485  -60.5 10.5
20 1 _ | cuneus (15) 155 -91.5 225
21| £ E?ht middle occipital gyrus ([R MOG], 385 735 65

22 Fusiform gyrus (93) 295  -425 -12.5
23 Inferior occipital gyrus ([IOG], 20) -36.5 -76.5 -4.5
24 Lingual gyrus ([LingualG], 8) -8.5 -81.5 -4.5
25 Middle temporal gyrus ([MTG], 77) -445 575 -7.5
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Table 2-1 Continued

Component name

Peak coordinate (mm)

26 Inferior parietal lobule ([IPL], 68) 45.5 -61.5 43.5
27 Insula (33) 305 225 -35
28 Asféj)perior medial frontal gyrus ([SMFG], 05 505 29.5
29 Inferior frontal gyrus ([IFG], 70) -48.5 34.5 -0.5
30 Right inferior frontal gyrus ([R IFG], 61) 535 225 135
31 Middle frontal gyrus ([MiFG], 55) 415 195 26.5
32 Inferior parietal lobule ([IPL], 63) -535  -49.5 435
33 o Left inferior parietal lobue ([R IPL], 79) 445  -345 46.5
34 2 Supplementary motor area ([SMA], 84) -6.5 135 64.5
35 Superior frontal gyrus ([SFG], 96) -24.5 26.5 49.5
36 Middle frontal gyrus ([MiFG], 88) 305 415 28.5
37 Hippocampus ([HiPP], 48) 235 95 -16.5
38 Left inferior parietal lobue ([L IPL], 81) 455  -61.5 435
39 Middle cingulate cortex ((MCC], 37) -155 205 375
40 Inferior frontal gyrus ([IFG], 67) 395 445 -0.5
41 Middle frontal gyrus ([MiFG], 38) 265 475 5.5

42 Hippocampus ([HiPP], 83) 245  -36.5 15

43 Precuneus (32) -85  -66.5 355
44 Precuneus (40) -125  -545 14.5
45 Anterior cingulate cortex (JACC], 23) 25 355 25

46 g Posterior cingulate cortex ([PCC], 71) -5.5 -28.5 26.5
e Anterior cingulate cortex ([ACC], 17) 95 465 -10.5
48 Precuneus (51) -05  -485 49.5
49 Posterior cingulate cortex ([PCC], 94) -2.5 54.5 31.5
50 Cerebellum ([CB], 13) -30.5 -545 -42.5
1 8 Cerebellum ([CB], 18) -325 -795 -37.5
52 | Z | cerebellum ([CB], 4) 205  -485 -40.5
53 Cerebellum ([CB], 7) 305 -63.5 -40.5
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Gaussian kernel was used to smooth the fMRI images using a full width at half maximum
(FWHM) of 6mm.
Next, we adaptetheNeuromark pipeline to extract intrinsic connectivity networks (ICNs)
for each subjed68]. Using this pipeline, we estimat&8 ICNs for each subject and
categorized them into seven network domains, including subcortical network (SCN),
auditory network (ADN), sensorimotor network (SMN), visual network (VSN), cognitive
control network  (CCN), the  defautbode network  (DMN), and
cerebellar network (CBN) ashown inFigure 2-2. The details of the extracted ICNs are
provided inTable 2-1.
2.2.2 Dynamicfunctional network connectivity estimation
We used a tapered sliding window and estimated the functional connectivity within each
window using the Pearson correlation as showlbqguation (2.1).

B o o o o

Y P

B w w B w o

wherew andw are timecourse signals and andw are the mean ab andw,

respectively.] t t akes val ug %]and measulegtheistrehgéhrofithe | [T
linear relatioship betweemy andw.

With 53 ICN, the size of each dFNC is 53 x 53, which equals 1378 distinct connectivity
features. Next, we concatenated dFNC estimates of each window for each subject to form
a matrix, called dFNC tensor hereafter, with the siZzEx F, whereT denotes the number

of windows and- donates the number of connectivity featuiagiire 2-3).

2.2.3 iSparsek-meansclustering
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K-means clustering with k=2:L

Combining all iterations states
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Figure 2-3: The overview of iSparse Kmeans clustering approach for dFNC ste
estimation. In Step 1, we select a subsample oN@Fensor and then used kmeans clust

with k values from 2 to L and put them inte—— p . With r iteration, we would hay

i —— p clusters centroids in total. In Stepwe concatenated all cluster centrqidsic

we usel elbow criteria to find the best k values, calleghihereafter. In Step3, using anof
kmeans clustering approach, we estimated the final dFNC states. In Step 4, wessatht
states and found the state vector for each subject.

Figure 2-3 shows the proposed iSpaiseneansclustering method for estimating dFNC
states. This method includes a few st&tepl:We subsample subjects dFNC tensomns (
subjects fromm subjects per iteration). Thewge run a standarkkmeansclustering on the
subsampled dataith different values ofQ clofg). The kmeans algorithm divides
& “YsamplesX of each iteration intdQdisjoint clustersd i 8 5 . The cluster
centroids® of 6 minimize the withincluster surrof-squares criterion as shown in

Equation (2.2).
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We exhaust alkubjects byepeating this processimes over disjoint sets @f subjects

wherer is equal to— . In each iteration, we save all cluster centroids for all valu&of
chb . Therefore, we would have— p representative cluster centroids in each

iteration. By repeating this pcess times, we would have

p cluster centroids,

a reduction of the data from the whole dFN&ep 2: We concatenate all centroids

estimated from all iterations Next, we use the elbow criteria to find the optimum number

of clusters using all

p observationsStep 3:After finding the optimum number
of clusters, calleKopt hereafter, we use another standanhéans clustering to put all
i —— p states into Ky cluster, called final stateStep 4:Using the finaKop: states,

we assign the dFNC of each subject to one of the estimated states and extract the state
vector of each participant.

2.2.4 dFNC temporal features estimation

We estimated the oapancy rate (OCR) and the number of transitions between states as

the representative dFNC temporal features from the state vector. The OCR represents the
proportional amount of time each individual spends in a given state for all HCP datasets
through bothstandard and isparkemeangamethods.

2.2.5 Clustering quality assessment

To assess the clustering quality for each dFNC data, we calculated the distance between

the dFNC data and its associated cluster centroid. Then we calculated the distance
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between each dFNC sample with the other cluster centroids and then summed them up.
Then, we calculated the ratio of the latter to the former one for each dFNC instance, called

thedistance ratio here. Finally, we averaged all distance ratios out for adicipant.
Y -B —— 2.3

Q is the distance between each sample to the cluster centroid of the state the sample
belongs. Also,Q s the distance between each sample to other cluster cehitfoids

the averaged distance ratio for each particigaig. worth mentioning that a higher ratio

means better quality in clustering.

2.2.6 Dataset

To test the proposed method, we used tH&RI and demographic information collected
from the 833 young healthy adults (average age: 28.65; rang}¥: Y@ars; female/male:
443/390) from the Human Connectome Project (HEP) This dataset is available on the

HCP website Ittps://www.humanconnectome.grg he institutional review board from

both Washington University artle University of Minnesota approved the study. The rs
fMRI data were collected on a Siemens Skyra 3T with-al#hnel RF receiver head coil.
High resolution T2*weighted functional images were acquired using a graeem EPI
sequence with TE = 33.1 ms, ¥R.72 s, flip angle = 52°, slice thickness = 2 mmgs72
slices and 2 mm isotropic voxel, the field of view: 208x180 mm (ROxPE), and duration:
14:33 (min: sec). For each participant, four separatédlliRd sessions (two sessions per
day) were acquired thare called HCP1 (sessionl, dayl), HCP2 (session2, dayl), HCP3

(session 1, day2), and HCP4 (session2, dayiE2gafter. We used all four
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HCP1 HCP2 HCP3 HCP4

Similarity

K-means

iSparse K-means

Figure 2-4: The estimated dFNC states withSparse and conventional kmeans for ¢
HCP datasets A) We swept theé. value in the first kmeans clustering and calculate
similarity between the estimated states with iSparse and conventional kmeans.
L>5, we did not find aignificant improvement in the similarity betwetdetwo clusterin
methods B) both iSparse and conventional kmeans generated similar dFNC statt

four HCP datasets.
sessions to evaluate the reproducibility of the result using the proposed d&NE st

estimation method. The dFNC size of HCP1, HCP2, HCP3, and HCP4 is 848827x1378
(8542 MB), 732207%1378 (7403 MB), 747201x1378 (7555 MB), and 769692x1378 (7742
MB), respectively.

2.3 Results

2.3.1 Standardk-meansand iSpars&-meansclustering produce similar bra states.

The first question we were interested in answering is whether both st&aoha@nsand
iISparsek-meanswvould generate similar dFNC states or not. To test this, we clustered the
dFNC data with differenL values in iSpars&-means(as shown irFigure 2-3). In the

29



iSparse kmeans Conventional kmeans

oo, (o
=275 ()

«
r/

Clustering Evaluation time (min)

1 L1 1 L L 55 1
Percentage of data (%)

Figure 2-5: The clustering evaluation time with conventional and iSparse kmea
method. Reducing the percentage of the data used in each iteration of the first step
the evaluation time. The iSparse kmeans method is 27 timestfasténe conventioni
method. The estimated states and their similarity with states estimated froendal
are shown for each percentage of data.

iISparsek-meanswe used 3% of the entire dataset in each iteration. Using elbow criteria,
we found that the optimal number of clusters is 2 through both standard and proposed
mean<clustering approa@s Then, to evaluate the similarity of dFNC states estimated by
iISparsek-meangwith differentL) with the states estimated by conventidaaheans

we used the correlation across the matched states as a similarity metric. The similarity
between matched $&s with varying values df is shown inFigure 2-4A for all four

HCP datasets. We found that the similarity between the matched states generated by both
approaches is more than 99%, with any vdlue more than five, and the results were
reproduced across four HCP datasets. The estimated states with convéntieaisand
iISparsek-meangL=6) are shown ifrigure 2-4B for all HCP datasets.
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Figure 2-6: Both standard kmeans and iSparse kmeans generated similar dF!
features replicated across four datasets. Agstimated number of transitions from k
standard kmeans and iSparse kmeans for all HCP datasets. The similarity bet
estimated number of transitions from both methsdmore than 0.989B) Estimate:
occupancy rate (OCR) from both standard kmeamd iSparse kmeans for all H
datasets. The similarity between the OCR from both metisadore than 0.989.

2.3.2 iSparsek-meandinds the optimum cluster number faster than the conventienal
means
After finding the minimum reliable value of L, we assessed the speed of our method in
finding the optimum number of clusters and compared it with the conventional method
when it uses the whole dataset. We evaluated the speed of our process with different
percentages of data. The results are showigare 2-5 for HCP1.
We found that iSparde-meands faster when we use a lower percentage of datacim ea
iteration, while the similarity between the matched states estimated with both standard
meansand iSparse is still more than 98%. Additionally, our proposed method is 27 times
faster in funding the cluster order than the traditional method when we use only 0.12% of
data (one subject) in each iteration.

2.3.3 iSparsek-meansand conventionak-meangyenerate similar dFNC features.
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Figure 2-7. The comparison of the cluster quality between statard (blue) and
iISparse kmeans (red) approach. Each column represents the result for differe
(cluster order). Each raw represethisresult of each session. In all comparisons, iS|
kmeans had higher cluster quality.

The next question is whether both clustering approaches generate similar dFNC features or

=
w

=
[

Distance Ratio
Lo
N

not. We estimated occupan@te orOCR, the proportional amount of time each participant
spends in a specific state, and the numbdretiveenstate transition numbers for each
participant in both standard and iSpdtsaeeansBoth features are estimated fréme state
vector, which shows the state of the bratra given time Figure 2-3 step4). Then, to
assess the similarity betwetretwo methods in estimated dFNC features, we calculated
the correlation between the result of the two methods. The results are shBigara
2-6A andFigure 2-6B for OCR and the number of transitions, respectively, for all four
HCP datasets. ABigure 2-6A shows, the correlation between the estimated OCR- by
meansand iSpars&-meansis more than 0.98 (pZ8). The result was replicated for all
four HCP datasets. Additionally, the number of betwstae transitions is significantly
similar for both methods, and the result was repeated in all HCP datasets. This piece of
evidence shows that our new clusteringtinod produced similar dFNC features as well as
the standardk-meanswhile our method is faster in finding the clustering order and does
not require prohibitive levels of computational power.

2.3.4 iSparsek-meandhas better cluster quality than the stand&rcheans
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Figure 2-7 shows the distance ratio of both standard and iSpamseanswith differentk
values in all four HCP sessions. We used asample {est to compare the distanedio
of standark-meansys. iSparse one. We found iSpaksmeansvould have better cluster
guality than the standard one in all comparisons by having a higher distéince

2.4 Discussion

In this study, we developed an analytic pipeline to analyze largelEB@ information

even without having a sophisticated computational resoliteere are a few benefits of
using this novel framework. 1) in the standentheansappro&h, we need to load the entire
dataset, which can be computationally demanding and slow when using alfNGe
datasetOurproposed method does not require loading the entire dafagetramatically
reduces the required computational resources, Zhawed our method is 27 times faster
than the standard method in finding the cluster order, 3) we validated the reproducibility
of the result across four sessions ofM&RI data within a population group; and 4) we
demonstrated that our approach generatgsoved clustering quality compared to the

standard approach.

Unlike standark-meansin which we need to load the entire dataset, our approach loads
a portion of the data in each iteratidmerefore, we reduce both the required memory as
well as the computational time this respect, our proposed algorithm is similar to mini
batchk-meanswhich partially loads the data and does not need expensive computational
resourcesBut as[70] shows, the clusr quality for minibatch k-meansis reduced
compared to standakdmeanstlustering, especially when the number of clusters increases.
Unlike the mintbatchk-meansapproach, $parsek-meansreduces the entire clustering

process time Kigure 2-5) and increases the clustering qualifyigure 2-7). recent
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approaches fok-meansclustering of big data have focused on identifying the most
informative features for the dataset and then runnikgreeanson the reduced sefor
example, a recent study reduced the dimension of the data sep florm (p>m) by
applying a principal component analysis on the entire dataset followed-lneans
clustering on the projected datafét]. This method still needs the whole dataset to be
loaded, which requires massive computational podditionally, since th&-meands

applied to the project space, we do not have an estimation of the cluster centroid in the
original spaceHowever, we can transfer the cluster centroid to the original space, but this

estimate is inaccurate and yield loverster quality than the standdeaneansapproach.

Our dFNC pipeline is based on thdeuromark pipeline, a fully automated independent
component analysi§iICA) framework that uses spatially constrain€@h to estimate
components that are flexible to eatlbject's data and comparable across individaals

Using theNeuromark pipeline, we calculated the replicated indepérmenponents for

four hcp sessionsAdditionally, we showed that 1) both standard afghrsek-means
generated similadFNC states in each session of hcp data, 2) the brain states were
replicated across all four sessions using both standard and thegatopoean<lustering
approachThe reproducibility of the result across four sessions assessed the robustness of

the proposedFNC pipeline.

2.4.1 Limitationsand futurework

There are a few limitations to this study. First, our clustering method is not limited to
mean<lustering. We can adapt other fast clustering approaches to this pipeline and further

improve the computational speed. Second, we did not compare our reethragutational
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speed and clustering quality with other existing fast clustering approaches. However,
unlike these fast methods, we showealtour approach generatedetterquality cluster

than the standark-meansclustering methodA future study is eeded to compare the
results across multiple clustering approaches. Third, we did not propose an algorithmic
approach to set the maximunvalue Figure 2-3). Finding the optimum L values is done
empirically by running the method multiple times to evaluate replicability at different

values ofL.

2.4.2 Conclusion

Previous dFNC analytics pipelines use stan#tamkeansclustering, which is ilsuited for

big dFNC data. Here, we developed a new method called iSpansansclustering that
reduced the evaluation time for finding the cluster order while we only loaded a portion of
the dataset through several iteratiortserefore, in our new method, we do not need access

to a strong computational power, as we need in the standard way for an extensive dataset.
We validated that our method produces similar brain states and dFNC features as the
standard method. Additionallwe evaluated the reproducibility of results across four HCP

young adult datasets, which shovtbd high robustness of the proposed method.
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CHAPTER 3. DYCONX: A TOOLBOX FOR EXTRACTING
DYNAMIC FUNCTIONAL NETWORK CONNECTIVITY

FEATURES

3.1 Introduction

Despite thextensive research in dynamic functional network connectivity (dFNC) usage
in finding neuroimaging biomarkers of different neuropsychiatric and neurological
disorders, there is not yet an opmurce toolbox to estimate dFNC features. Therefore, a

toolbox to calculate dFNC features is necessary.

This chapter aims at two goals. 1) It introduces new dFNC features, 2) develops-an open
source toolbox iIMMATLAB to help other researchers to estimate dFNC features. We

validated the new features and toolboingsheUK Biobank dataset.

3.2 Materials and methods
3.2.1 dFNC features estimation in DyConx

Here we introduce different functionsDdyConxwhile introduéng the new dFNC
features.

3.2.1.1 The occupancy rate (OCR)

The occupancy rate or OCR is the proportional time eadicgpant spends in any given
state. It is the ratio of the number of windows in stdiee., "Y) to the total amount of

windows (i.e.,T).
58y Y
U o ,,Ycr&b

in which Y is the number of windows of subjectn statej, T is the total number of

windows and) 0 'Yis the occupancy rate in stgtior each participant In DyConx the
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MATLAB function called "ocr_estimation.m" will calculate the OCR for each subject. The
inputs of this function include "state vec", "num_of state", "T", and "num_of sub".
"state_vec", is a column vector, "T" is column vector that contains the total number of the
window for each subject. The output of this function includes "ocr" a matrix with the size

of num_of subxnum_of _state, containing each subject's estimated OCR.

3.2.1.2 Maximum OCR in each state

This new feature estimates the maximum proportional amount of taheedich subject
spends in each state. The functionsteal | ed

maximum OCR of each subject at any state.

3.2.1.3 Maximum OCR in all states

This feature is the maximum amount of time each subject spends among all states. In

DyConximax _ocr _est i ma tesemewfeatuves.c al cul at es th

3.2.1.4 Number of transitions to a specific state

Another timingbased feature that we can estimate from the statenis the number to

transition to a specific state. The function calfechum_t rans _t o_a _ st at e _
will estimate this feature. The input of t
The out put i s Anum_trans t the asizet aft e 0,
num_of subxnum_of state. This matrix contains the estimated number of transitions to

each state for each subject.

3.2.1.5 Total number of betweestate transition
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This feature estimates the total number of transitions among all states. The function called
Anum_trans_estimation. mo esti mattesameasi s f e

"ocr _estimation. mo and the oumpoisubxii.,s a col

3.2.1.6 The total dFNC traveled distance

The dFNC traveled distance during the entirMRI recording can be caltated using the

eqguation below:

0O B  Os 3.2

where® and® represent the FNC vector at the tit@ndt+1. The size of X is——,

whereN is the number of independent components. This feature can be estimated from the
function call ed Atraveled_dist_estimati on_
Anum_of subo, and Adist_typeo. Here, data i
distance that calculates the distance between any subsequent dFNC window. The distance

type includes Euclidian, correlation, cosine, and Manhattan distance.

The Euclidian distance betweeh GORIMRY anddl GOROYM KD can be

calculated by:

'Q Lhll B & O 3.3

The correlation distance betwe¥érandyY is:

LRl p 5 34

The cosine distance is
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Q LRl B 35

The Manhattan distandetweenX andY is

LRl B @ ds 3.6

The output of this function is Atravel ed_

traveled distance by each participanis kvorth notingthat this feature is estimated from

the state vector.

3.2.1.7 The total dFNC traveled distance in each state

A newdFNC feature we proposed here is the traveled distance by each participant in each
state Figure 3-1A). This new feature estimatd®e distance between consecutive dFNC

data in each state basedtba ejuationbelow.

O B ® 3.7

whereO is the estimated traveled distance of subjecstatg.

3.2.1.8 Speed in each state

Another new feature we can estimate from both dFNC data and state vector is the subject
speed in each stat€he total traveled distance calculatesach state by the amount of

time each subject spends in that state.
YO — od)

whereO is the traveled distance by subjeot state, Y is the amount of time subjeict

spends in statie and"YD is the speed of subjecin statej.
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Traveled distance of the subject in each state
State 1 State N-1 State N

Total movement of the subject in each state
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Figure 3-1: The new proposed dFNC featuresA) The dFNC travled distance
each participant in each staB) The total movement traveled by each subjeeaat
state C) The distance between each dFNC and the state cBhfEne size of the ste
for each subject calcualted by the distance between any dFNC of each subjec
state. In this graph, each dFNC data are represented by each circle.

40



3.2.1.9 The total dFNC movement

We estimate the total dFNC movement by calculating the distance between the first
dFNC and last dFNC datas shown irFigure 3-1B. The total dFNC movement is the
distance betweesach subject's first and last dFNC

0 W ®S 3.9

whereX is the first dFNC anir is the last dFNC of each subject.DgConx
At otal movement estimation_wo_stateo wil/l

The output of this function is a column vector containing

3.2.1.10The total dFNC movement in each state

The total dFNC movement in each state is the distance between eadt'sfibgt and last
dFNC in any stateas shown inFigure 3-1B. At otal movement i n_si
calculates the total movement of each subject in each state. The output of this function is a

matrix containing the total dFNC movement of each subject at each state.

3.2.1.11Distance to the cluster centroid

To estimate the state's size for each subject, we first calculate the distance between and
dFNC belongng to a participant to the cluster centroid in each staigufe 3-1C), and
then we add them up. The function called @

feature.

3.2.1.12Distance to the cluster centroid
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Table 3-1 List of the functions in DyConx

Categor Function name Inputs Outputs
y
state_vec,num_of_state, ocr, orc_mean_percentage
ocr_estimation T, num_of sub
0
g state_vec,num_of_state,
§ max_ocr_in_state_estimation T, num_of_sub max_ocr_in_state
§ max_ocr_estimation state_vec,num_of_state, max_ocr
g T, num_of sub
> state_vec,num_of_state,
g num_trans_to_state_estimation T, num_of_sub num_trans_to_state
=
state_vec,num_of_state, num_of_trans
num_trans_estimation T, num_of_sub
traveled_dist_estimation_wo_stat| data,T, num_of_sub, dist_type traveled_dist
total_movement_estimation_wo_s{| data,T, num_of_sub, dist_type total_movement
e
0 — — —
o traveled_dist_in_state_estimatior data,state_vec, num_of_state, traveled_dist_in_state
% num_of_sub, dist_type
D total_movement_in_state_estimati{ data,state_vec, num_of state, total movement_in_state
@ num_of_sub, dist_type
o]
@
% speed_estimation_wo_state data,T,num_of_sub, dist_typg speed
@
(@] speed_in_state_estimation data,state_vec, num_of_state, spead_in_state
num_of_sub, dist_type
movement_speed_estimation_wo| data,T,num_of sub, dist typg movement _speed_in_state
ate
dist_from_mean_wo_state data,T,num_of _sub, dist_typg dist_from_mean
()]
(]
% state_dist_to_center_estimation data,state, state_vec, dist_to_center
Ko} num_of_state, T, num_of sub
b dist_type
Q
S state_size_estimation data,state, state_vec, state_size
.(l/:l) num_of state, T, num_of sub

dist_type

Another way to estimate the state size is by calculating the distance between any pair of

dFNCs belonging to a subject in each st&igyre 3-1D), and then we add all distances
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up.InDyConx t he function called fAstateTaldei ze es

3-1 shows the input and output of each funciioDyConx

3.2.2 Dataset

UK Biobank datasewasused in this study to evaluate the proposed dFNC features and the
toolbox. We used the restingfate fMRI (duration: 5min) data of 37,784 (20,157 females)
adul t s dembgrapghic mfermation (age:64.06x 7.51), and cognitive scores from the
UK Biobankin which thecognitive scores include fluid intelligence (Fl), reaction time

(RT), and pairs matching (Pairs).

In fiFl0 test, which assess verbal and numerical reasoning, the participasterequired

to answe 3 multiplechoice questions assessingwver| (e. g. , ftBeackdld i s t o
(S to?0 Possibl e answer s: Grow/ Devel op/ |
A150é6137€125¢é114€6104¢é What comes next?0 Pc
abilities. Each question was shown at the top of the comateen, with B5 alternative

responses beneath it (described here:

https://biobank.ctsu.ox.ac.uk/crystal/field.cgi?id=2001®articipants were asked to

choose whichresponses they believed weaecurate, "Do not know" or "Prefer not to
answer." The score is determined by the number of questions properly answered in two

minutes.

For ARTO test, participants completed a timed test of symbol matching, like the common

car d g a rdescribel mexbttd//biobank.ctsu.ox.ac.uk/crystal/field.cqi?id=20D23

The mean response time in milliseconds across trials with matching pairings was used to

calculate the score for this test.
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Il n A Pai r arbicipdnts were,instrudteld ® remember the placements of six card pairs
and then match them from memory witre tfewest possible mistakédescribed here

https://biobank.ctsu.ox.ac.uk/crystal/field.cgi?id=}00he pairanatching test results are

based on the number of mistakes made by each participant; hence, higher scores indicate
lower cognitive performance. Theewere two versions of thmir matching task:-pair and

6-pair. Because there was more room for score variance in -ffar &ersion, we
concentrated our investigation on Tthe detail of cognitive testn the UK Biobankis

comprehensivelgescribedn [72].

Using Neuromark we adapted group independent component analysis to extract 53 data
driven components for the whole brgseeFigure 2-2 andTable 2-1). Next, we used the
sliding window and Pearson correlationestimate the dFNC among 53 componeWite
usediSparsek-meanspipeline to estimate the clustering ordéve found the optimum
number of clusteyis three. Then, we put all dFNCs into three states and estimated the state
vector of each participanthen, we estimated 8 dFNC features based on three estimated
states and state vectofEinally, we trained a twefold crossvalidation support vector

regressior{SVR)to predict the cognitive scores

3.3 Results

3.3.1 Dynamic functional connectivity states

Figure 3-2 shows the reoccurring connectivity states identified byi$iparsek-means
clustering methodin all states, we observed stropgsitive connectivity within ADN,
SMN, VSN, and CBNStatel showed the strongest connectivity within SMN and within
VSN among all states. In addition, this state had the highest connectivity between SMN

and VSN. Also, this state was separated from otfa¢es by showing the lowest negative
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connectivity between SMN and VSN with the rest of the brain. tak®wed the lowest
connectivity between SMN and VSMilso, state 3 shows higher within sensory network
connectivity than state 2 and lower one thaesi.Results showed that subjects spent an

average 0f.3.66%, 57.59%, and28.75% in state 1, state 2, and state 3, respectively.

3.3.2 dFNC features predict cognitive scores in UK Biobank

We trained SVR with linear kernel function to predict UK Biobank dognscore with
estimated dFNC featureéfter predictng cognitive scores with the trained model, we
calaulated the correlation between the measured scorehégfiredicted oneFigure 3-3A
shows the correlation betwedme measured Fl score versus the predicted one. As this

figure shows, wdound that dFNC featuresiccessfullypredict the FI score

(R=0.043,p=6.6€'"). Figure 3-3B shows the correlation between measliRT mean time

with predicted RT mean time, which shows dFNC features predict the RT mean time

State 1 (13.66%) State 2 (57.59%) State 3 (28.75%)
| L ] P (:Tj | -~ e . | A (':: o .1 ] 1
1 AL E B D)
ES : TELd
A e il ) ik
= "5 g Tg 5 -3 L - n_s
- S FEARER
e o o AT | e et | 10
e Tl ool R N & i i P 5
B S P s L el :*Lr_‘_!a':'*:'!"';';r
H-_I- lﬂ.lh!gll i?.!!e: : " Ju-.rﬂ,r._-l:l %E:.'-r!!_-
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B ST E SR A e 2 3,
22 2 2 2 222 2 2 2
28853 %2 8§ 38Xz 2 8§ 28

Figure 3-2: Dynamic functional connectivity states result.The three identified dFN
states using the iSparsenteans clustering method. We found strong connectivity w
ADN, within-SMN, and withinVSN in all gates. We found strong connectivity betw
SMN and VSN in statel and state3. Also, these two states showed negative cor
between sensory networks, including ADN, SMN, and VSN, with the rest of the bra
found all subjects spend 13.66 %, 57%9 and 28.75 % in state 1, state 2, and st
respectively. The color bar shows the strength of the connectivity. SCN: Subcortical r
ADN: auditory network, SMN: sensorimotor network, VSN: visual network, CCN: cog
control network, DMN: defalt-mode network, and CBN: cerebellar network.
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Fl score RT mean time Pairs completion time
R=0.049, p=1.3e-20
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Figure 3-3: d FNC f eat ut o gmrietdiiAxcd he®c croe.r el at
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(R=0.065,p=1.9¢3. Finally, we found dFNC feature prediche completion time in the

pair matching testis shown irFigure 3-3C (R=0.049,p=6.6€%).

3.3.3 Partial correlation analysis results

Next, we calculated the partial correlation between 30 dFNC features and the cognitive
score while controlling for agegendey and site The heatmapghat represents the links
between dFNC features and cognitive scores is shoviAigure 3-4. In this figure the
colormap representthe link between the dFNC features and cognitive scores. Any
correlationthat survivedfalse discoery rate FDR) correctionis shown with a box[73].

Also, the new dFNC features introduced in this chaptestaren in redThis figure shows

that both old and new features significarlthk with the FI score.However,more new
features than the old ones show significant resditse following lines list the significant

correlation between dFNC features and¢dre.
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OCR of state2 shows a positive link with FI score. Those participamispend

more time in state 2 show higher FI ssihe main characteristic of this states

having relatively higher connectivity between sensory networks and the rest of the
brain when we compared it with other states.

OCR of state3 shows a negative link with FI score. That means those participants
who spend more time in this state shawerF| scores.

Max_ocr_in_state of state 2 has a positive link with FI score. Max_ocr_in_state
represents the maximum amount of time each subject continuously spends in each
state. Our results show that those participants who stay in state 2 for moteatime t
others show better performance in the Fl test.

Traveled_dist of state 2 has a positive link with FI score. This means those
participantsvho traveled more or have more FNC change in this stateerifbrm
betterin theFl test.

Traveled_dist of stat8 shows a negative link with FI scone@hich means that
participants witHess FNC change in this state have less Fl score.

Speed_in_state and movement_speed_in_state of3stiatle negatively with Fl

score. This means thparticipants who change fastitran those in state 3 have
lower FI scores

Dist_to_center of state 3 shows a negative link with FI score. That means that those
closeto the cluster centroid of state 3 haeetter FI score.

Dist_to_center of dFNC of those participants is bigger tilaers have less Fl score.
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Figure 3-4: The correl ation between dFNC f

scoMes .estimated the partial correl a
scoresnbyolling age and sex. The col
dFNC feature and cognitive score. Tt
sqguare box. The new dFNC features ar

9- Total_movement andraveled_dist have a negative link with FI score. Those
participans who get more change in dFNC in the ent@an timehavelower Fl

SCOre.

In general, it seems state 2 stsonore role than other statestire FI test. Additionally,
only max_ocr_in_state of state 1 shows a significant link with Pair completion time for
Pair. This means that those participamiso spend more time continuously in this state
need more time to complete the pair matching Adsb, we did not observe any

significant link between all dFNC features and RT mean time.

3.4 Discussion
Although significant research has been donedFNC in recent years, a comprehensive
toolbox that extracts dFNC features is still needed. Also, there are many ways to look at the

dFNC proprieties which are less explored. This chapter contributes to the field in three
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aspects: 1) it introduces a fevew dFNC features that have not been explored bedfpre,
introduces an opesource toolbox calleDyConxthat can extract dFNC featuresd 3) it
validated the new features and toolbox in the UK Biobank dataset cont&njri§4
participants. To the Is¢ of our knowledge, this is the largest dFNC study that has ever been

done.

We trained an SVR model only on 30 dFNC features extracted from three states and
showed that the dFNC features could successfully predict the behavioral outcome in UK
Biobank. FHowever, we ran a partial correlation analysis by controlling age, sex, and site.
We found that dFNC features only show a significant link with FI score, and only one
dFNC feature significantly correlates with RT scota.other words, while a machine
leaming model trained on dFNC features predicts RT mean time and Pair matching
completion time, the conventional statistical learning does not show a significant between
dFNC features with RT mean time and Pair matching completion Time.reasons

might exphin this discrepancy. First, in statistical learning, we added age as a covariate.
It seems age has a significant contribution to the result. When we remove that from the
partial correlation analysis, we can easily see a few significant links between dFNC
feature with RT and Pairs scores. Moregséatistical learning may become less precise

as the number of input variables increases. On the other hand, machine learning methods
focus on identifying generalizable patterns in dimensional data that card®usake

out-of-sample predictiong’4].

3.4.1 Limitationsand futurework
There are a few limitations associated with the work discussed in this chapter. Our toolbox

is functionbased INMATLAB . Using this toolbox might be challenging for researchers
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with limited experience wittMATLAB . Future work is needexh a graphic user interface
or GUl-based toolbox. Also, a GtilasedDyConxcan be adapted better to GIFT. Also,
making the toolbox in other programming languages such as Python would be beneficial.

Also, we intend to add the grajplased estimation functions to the toolbox in the future.

3.4.2 Conclusion

Here, we introduced an opsiurce toolbox while introducing new dFNC features. We
validated the toolbox and new features in the largest dFNC studytbsidé Biobank
neuroimaging datasai/e showed the new dFNC features estimated by the new toolbox

successfully estimated the UKBialkacognition.
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CHAPTER 4. RECURSIVE HIGH INFLUENTIAL
CONNECTIVITY REMOVING FOR UNCOVERING

HIDDEN DYNAMICS

4.1 Introduction

In recent years, dynamic functional network connectivity (dFNC) extracted from resting
state functional magnetic resonance imagingNiRI) data has provided novel insights

into many neurological conditions like schizophrenia (8B}, [75], Al zhei mer 0s
[55], [76], and major depressive disordér]. While multiple dFNC analysis methods have
been developed, many studies have used clustering to identify neurologica[/A8htes
After clustering, stdies typically characterize the states and examine the relationship
between the dynamics of the states and scores associated with various neurological
disorders or cognitive functions. These studies have provided many novel insights.
However, when multidiransional data is used, it is natural that some dimensions would
have a greater influence upon the resulting clusters than others or that some networks

would have more influence than otheffggre 4-1A).

Additionally, the influence of those dimensions or networks may obscure relevant activity
in other less influential networks or dimensions. We have found evidence of this in our
previous research. For&axple, in[57], we found SZelated activity in the default mode
network (DMN) when aly analyzing DMN activity, whereas we had not previously found
SZ-related activity in the DMN when analyzing whdleain dFNC[75]. Examining less
influential networks or dimensions may provide insights that previous analyses have

overlooled.
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This chaptepresented an automatic pipeline based on feature learning to unetwerk
dynamis less influential to the initial clustering. We demonstrate the viability of our
approach within the context of schizophrenia (SZ), applying our apptoaahdataset
consisting of 151 participants with SZ and 160 controls (HCs). We findaiimatvingsome
connectivity pairs significantly affects the underlying states and magnifies the differences
between participants with SZ and HCs in each state. Gwefiralings, we hope that our
approach will contribute to the characterization and improved diagnosiar@fus
neurological conditions and functions.

4.2 Materials and methods

4.2.1 Dataset

We used thd~unctional Imaging Biomedical Informatics Research Network (FBIRN)
dataset of ¥MRI recordings from 151 SZs and 160 H@sthout any age and sex
difference The data was collected from 7 sites: the University of California at Irvine, the
University of Caifornia at Los Angeles, the University of California at San Francisco,
Duke University/the University of North Carolina at Chapel Hill, the University of New
Mexico, the University of lowa, and the University of Minnesota. Across all sites,
participants povided written informed consent via processes approved by local

institutional review boards.
4.2.2 Preprocessing and intrinsic component extraction
We used the same preprocessing as used in Chapter2. After preprocessing, we extracted

independent components ngi the Neuromark pipeline in the GIFT toolbox

http://trendscenter.org/software/¢iftWe identified 7 DMN subnodes: 3 Precuneus (PCu)
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subnodes, 2 anterior cingulate cortex (ACC) subnodes 2gposterior cingulate cortex

(PCC) subnodedrable 2-1 andStepl inFigure 4-1B).

4.2.3 dFNC estimation

We used a sliding tapered window (window size = 20 TRs = 40 s) to estimate dFNC of
seven subnodes in DMN for each individual. The resulting size of the FNC matric@s is 7x

due to the seven DMN subnodes (StepBigure 4-1B).

4.2.4 clustering

Then, we concatenated all dFNC values across all individuals and appiens
clustering withk=2, Euclidian distance metrics, and 1000 iterations. Additionally, we
estimated the state vector, a vector that represents the state of DMN at any given time

(Step3 inFigure 4-1B).

4.2.5 Featurelearningapproach

After clustering in each iteration, we used a feature learning approach to find the important
feature that drives the clustering more than otfflebal permutation percent change
(G2PQ integrated with kmeans clustering. G2PC is a form of the permutation feature
learning method79] that quantifies the sensitivity of clusters to feature perturbation by
estimaing the percentage of all samples that change from their origingdreneutation
clusters to different pogiermutation clusters. The percentage of samples that switch
cluster following the permutation of a particular feature reflects the importancatof th
feature to the clusterin@he features that result in the most significant number of samples

to switch clusters following permutation are considered the most
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Figure 4-1: The proposed dFNC pipeline. A)conceptual figure shows that a hic
influential feature drives the clustering into the wrarigsters B) The proposed pipelil
contains four steps. Stepl: We used group independent component analysis (ICA) 1
sevan components from the default mode network (DMN). Step2: a sliding window ap
was used to estimate dFNCs of each subject. Then we concatenated all dFNCs
subjects. Step3: A clustering approach was used to put dFNCs into clusters, whilee
learning approach finds the most important feature contributing to the clustering. Ste
removed the selected features, and next, we ran another clustering. We repeated th
until we covered all features.

important, and likwise, those features that do not cause samples to change clusters are

deemed unimportant to the clustering.

In summary, our approach has multiple stages. 1) We assigned the dFNC samples to one
of two clusters using the-kneans algorithm. We arbitrarilyedided upon the use of 2
clusters for ease of implementatj@) We applied G2PC to the resulting clusters to identify

the relative importance of each feature to the clusteriBp After identifying feature
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importance, we removed the most important fegtand 4) we iteratively repeated steps 2

through 4 until only one feature remained (StepBigure 4-1B).

4.2.6 Statechangeacrossiterations

After applying our feature learning approach, we examined the change in the 2 states across
iterations. First, we visually aligned the clusters from each iteration. We then calculated
the mean value along each dimension for the samples belonging to eachiswdgebtof

the two states. After calculating the mean valokesachsubject foreach iterationwe
computed the change in cluster center for each subject between each iteration. Because of
the iterative reduction in the number of features, we computedidtence between the
remaining features at each iteration (e.g., if iteration INhBesatures and iteration 2 has

Ni 1 feature, we calculated the difference between &bich features). In this study, we

used a weighted Euclidean distance to accounttferdecrease in the distance that
accompanied the decrease in the dimensionality of the feature space. Specifically, we
divided the Euclidean distance by the number of features at the iteration. Additionally, we

used other distance metrics, including nesand correlation.

4.2.7 dFNC features estimation

After identifying the dFNC states in each iteration, we estimated the proportional amount
of time each participant spends in each statéed occupancy rate or OC&hd the number

of betweenrstate transitiomor NOT.

4.2.8 Statistical analysis

We then performed statistical tests to identify differences between SZs and HCs similar to

the tests described in the previous section. 1) We performed multiple comparisens, one
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way ANOVA tests to determine whether thereravsignificant differences between the
cluster centers, OCR, and NOT values at each iteration and the previous iteration when
we combined SZs and HCs, 2) We performed-sample {tests to determine whether
there were statistically significant differescbetween HCs and SZs on cluster centers,
OCR, and NOT in each iteration, and 3) We ran a partial correlation between the OCR and

NOT of SZs and symptom severity at each iteration while accounting for age, sex, and site.

4.3 Results

4.3.1 Statechangesacrossiterations

Figure 4-2 shows the cluster centroids of the two dFNC states across iterations, where
obscured cells indicate connectivity pairs removed at a particular itergtgure 4-2A

shows the change in distarbased on weighted Euclidian distanbejween centroids for

each subject in state 1 across iteratigad for HC and blue for SZ)nterestingly, while

two PCu/PCu nodes were the first to be removed with our feature learning method, the
ACC/PCC node in iteration 3 was the first to resultigignificant change in distance
between subject centroids across iterations. However, there was not an accompanying

difference in the change between SZs and HCs.

Iterations 8 through 10, in which two PCC/PCu nodes and one PCu/PCu node were
removed, werehte first iterations in which there were differences in the subject centroids
between classes. As the number of iterations increased, sensitivity to perturbation

seemingly increased, as 14 (PCC/ACC), 15 (PCC/PCu), 17 (PCC/PCu), 19 (PCC/PCu),
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Figure 4-2: Identified statesacrossiterations. A) State 1 across all iteratigr3) State .
across all iterations. Thea«is indicates the contribution of connectivity gair the orde
of their removal from left to right. The-gxis indicates the iteration, starting with itera
1 at the top. The blackealit connectivity pairs are those excluded from the clusterin
particular iteration.

and 20 (EC/ACC) had increasing changes relative to the previous two iterdfiguse

4-2B shows the change in distance between centroids for each sulbgtei@. State 2

had similar behavior tetate 1 regarding when intisubject centroid distances changed.

However,states land 2 had different iterations with significant differences between SZs

and HCs. Instate 2, differences in SZ and HC centroids occurred earlier in iteration 2

(PCu/PCu) and 3 (ACC/PCC) and less at later iterations. This indicates that mare inter

class differences occurred #mate 2 in earlier iterations following the removal of more

influential modalities. However, more intelass differences occurredstate 1 when less

influential instances were removed.

4.3.2 Changes inemporalproperties
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Figure 4-4: dFNC feature changes across iterationg\) State 1 Occupancy Rate (O(
for both healthy control (HC) and schizophrenia (SZ). Note that the OCR for stat
minus the OCR for state, B) The number of betweestate transition (NOT). Data f
HCs and SZs are shown in red and blue, respectively. ‘Bxexshow from left to rig
the node removed at each iteration, and Haig shows the occupancy rates. Aste
indicate that there is a firence between values for SZs and HCs at a particular ite

Figure 4-4A shows the OCR of SZs and HCs for State 1. The removal of PCC/PCu,
PCC/PCC, PCu/PCu, PCC/ACC, and PCC/ACC nodes at iterations 5, 7, 9, 11, and 20,

respectively, corresponded to significant differences in occupancy rates for participants
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Figure 4-5: The link between dFNC features and symptom severity changes acr
iterations. The features surrounded by the box showed a significant correlatio
symptom severity (correctga0.05)

with SZ and HCs. In these cases, SZs spent significantly less time in State 1 and more time
in State 2 relative to HCs. For the most part, these changes do not correspond to changes
in the state across iterations, except in the case of iter&iddowever, classelated
differences did not occur until more influential nodes were removed, which supports the
overall utility of the methodFigure 4-4B shows the NOT of HCs and SZs in different
iteratiors. As this figure shows, we do not observe a significant difteremthe between

state transition in aliterations except iteration 13in which we remove a feature

representing connectivity between PCC and PCu.

4.3.3 Change in correlation with symptom severity

Figure 4-5 showsthe link between OCR and NOT with symptom severity (both PANSS_P
and PANSS_N) while controlling for age and sex in which iteratidhis figure shows

that we did not observe a signifiddink between dFNC features asgmptom severity
before removing any connectivity features. The first significant link between OCR and
PANSS_P was observed in iteration 11, when we removed a PCu/PCC connectivity. Also,

the first significant link betwee®CR and PANSS_N was observed in iteariomBich
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removed an AAC/PCu connectivity feature. In none OfitRratiors we observd a

significant link between NOT and symptom severity.

4.4 Discussion

We hypostatize thahe conventional dFNC framewopotentially misses some dynamics

in the FNC while some highly active regions mask the less active adesproved this

idea in FBIRN dataset. We showed OCR and NOT estimated from DMN can not
differentiate SZ from HC before removing highly influential oentivity features.
However, after removing some connectivity features, we unedgeme hidden dynamics
than can differentiate two groups based on OCR and N®@iE. showsthat our initial

hypothesis was correct.

While here we introducel a problem othe conventionaimethod inanalyzingthe dFNC
dataand proposed a framework to solve this problem. It also can be used as aasathod
biomarker of brain disorderFor example, in our study, we shdke role of PCu/PCu
connectivity feature (iteratiab ard 11) in differentiating between HC and SZ. To be
precise, after we removed these connectivity features in itesabicand 11, we can
differentiatethetwo groups. In other words, if PCC/PCu exits in our network, we cannot

discriminate between HC and SZ.

4.4.1 Limitations andfuturework

In this study, we used G2PC as a feature importance metric. G2PC has some difficulty
providing feature importance estimates for data in iighensional spaces. However, it
should theoretically work well for the relatively low number of 21 DMN features we

analyzed in this study. Future applications of our approach might examine other clustering
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algorithms or interpretable clustering methods. Wed a weighted L2 distance approach

for quantifying the amount of change within states across iterations. We weighted the L2
metric to account for the natural decrease in distance between any two points within the
feature space that would result fromwedd dimensionality, and it is feasible that other
weighting approaches or distance metrics could provide useful alternatives. Also, for the
sake of simplicity in the initial application of our novel approach, we arbitrarily drdge

to generate 2 clusts with kmeansOptimizing the number of clusters in the first iteration
might be worthwhile in future work_astly, while we applied our approach to dFNC data
from SZs and HCs, our approach is broadly applicable to dFNC and static FNC regardless
of undelying conditions. In the future, we would like to apply our apprdadérger, richer

datasets containing information from participants with disorders beyond SZ.

4.4.2 Conclusion

This study presenta noveldFNC pipeline based oan unsupervised feature leangi
approach that provides unigue insights into networks ¢hadgting dFNC analysis
approaches may overloolexisting dFNC analysis approaches often use clustering
algorithms to identify substates of network activifjiose algorithms may be influenced
more bythestatistical qualities of the networks (e.g., variance) or by the presence of many
dimensions than by conditienelated activity. We apply our approach to a dataset
consisting of 151 SZs and 160 HCs and finatthe removal of some connectivityipa
significantly affects the underlying states and magnifies the differences between
participants with SZ and HCs in each state. Our approach has the potential to contribute to
the characterization of many neurological disorders and cognitive functadreotiid lead

to the improved diagnosis and treatment of those disorders.
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CHAPTER 5. VISUALIZING FUNCTIONAL NETWORK
CONNECTIVITY DIFFERENCE BETWEEN HEALTHY
CONTROL AND PATIENTS USING AN EXPLAINABLE

MACHINE LEARNING METHOD

5.1 Introduction

In recent years, functional netvk connectivity (FNC) obtained from restistate
functional magnetic resonance imaging (fMRI) time series has revealed a great deal of
knowledge about brain dysconnectivity in neurological and neuropsychiatric disorders and
discriminating these patierftom healthy subjectd 7], [80]. A limited number of samples

with highly dimensional FNC features makes the diagnosis process challenging. To
overcome this problem, several machine leaniaged classifid¢eons are used to classify
patientsfrom healthy control KIC) subjects based on FNC d§84.]i [88]. However, none

of them did give any information about the underlying mechanism of brain FNC affected

by bran disorders.

Simple models, including linear models and logistic regression, can explain the underlying
decision mechanism taken by the model in a prediction or classification problem. However,
we need to sacrifice the model performance regarding clzgsifn accuracy. We usually

get the best classification accuracy by ugimgre complex models like random forests,
decision trees, gradient boosted treggldeep learning models. However, because of the
nonlinear structure of the model, it is challenging to interpret the model. Therefore, there
is always a tradeff between model interpretability and model accuracy in the

classification task.
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Recent developnm in explainable machine learning opens a new avenue to excavate the
difference between the FNC of the healthy brain from the disease [@@u[©2]. In this
chapter, by leveraging a machine leaghapproach and using whebeain functional
connectivity, we quantified the difference between patient and healthy subjects using an
explainable 8apley Additive exPlanations (SHAP) approgd@®], [91]. Through this
feature learning method, we would be able to explain the model and find a subset of the
most important features thabntribute to the classification between patients and healthy

participants.

5.2 Materials and methods

The proposed framework is shownRigure 5-1. In this framework, wdirst preprocess
rs-fMRI dataandextract independent componefuas the whole brainNext, we estimate

the wholebrain FNC for each participant. Next, we classify between two classes of
participans (e.g., patient vsontrol). Finally, we use the SHAP method to extract a subset

of featureghat contribute the mosb the classification between two groups.

5.2.1 Dataset

This study used three datasets to validate the method.

5.2.1.1 Schizophrenia

The first dataset isom the Fuwtional Imaging Biomedical Informatics Research Network
(FBIRN) [93] projects. The FBIRN dataset includes seven sites containing 151 SZ subjects
and 160 HC. The SZ group contains 115 males and 36 females, and the agantiean
standard deviatioare36.76 and 11.63, respectively. In the HC group,have 115 males

and 35 females; the mean and the standard deviation of the age is 37.03 and 10.86,
respectively. A twesample KolmogorosEmirnov test was used to show that the age and
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sexdifference between HC and SZ groups is not significant. Themaging data were
collected from seven sites, including the University of California, Irvine; the University of
California, Los Angeles; the University of California, San Francisco; Duke University/the
University of North Carolina at Chapel Hill; the Unrggy of New Mexico; the University

of lowa; and the University of Minnesota. In this study, written informed consent was
obtained from all participants. Institutional review boards approved the consent process of

each study sitf94].

Imaging data wrecollected at six of the seven sites using a 3T Siemens Tim Trio System
and at one site using a 3T General Electric Discovery MR750 scaRestingstate

fMRI scans were acquired using a standard gragiemd echeplanar imaging paradigm:
FOV of 220x 220mm (64x 64 matrceg, TR=2s, TE=30ms, FA= 770, 162 volumes,

32 ®quential ascending axial slices afrdn thickness and hm skip. Subjects had their

eyes closed during the resting state §6dh

5.2.1.2 Synthetic data

To test the reliability of the SHA method, we generatsynthetic data with the same

number of features and samples as FBIRN. We first randomly gashelra¥@ features

for eachinstane of both classes. In total, we generated 151 samples (to @#nand

160 samples temulateHC groups Then, we increased the value of some features for

one class and decreased those values for another class. Therefore, two blocks of features

are signifcantly different betweethe two classeteeFigure 5-3).
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Figure 5-1: Schematic of theproposed framework In the first step, fMRI data of
subjects have been proposed. Then, using Neuromanke found the independe
components. Next, we calculated FNC of each subject. FNC featefed to the classifit
to differentate between middle adult and old subjects. Then, the model and the ¢
outputarefed tothe SHAP explanator to find the most important features which cont
to the classification betwedhetwo classes.

5.2.1.3 UK Biobank dataset

The data is from healthy adult individuals with European ancestry available in the UK
Biobank[95]i [97], which includes 9394 subjects (average age: 63; rang®l 4&ars;
4783/4611: female/male). We used a median split to put all subjects into two old or OA
(>63)and middle adult or MA (<63) groups. The middle adult group includes 4428 subjects
(2406/2022: female/male), and the old group includes 4966 subjects (2377/2589:
female/male). The mean agetbé MA and OA grougis 55.96+ 4.23 and 68.45+ 3.66,
respectiely. Standard Siemens Skyra 3T with a standard Siemeadsa3thel RF receiver
head coil is used for neuroimaging data acquisition. High resolutionw&Rthted
functional images were acquired using a gradesfio EPIl sequence with TE =39 ms, TR

= 0.735 sflip angle = 52°, slice thickness = 3.5 mm, slice gap = 1.05 mm, field of view:
88x88x64 matrix s, voxel size = 2.4 mm 2.4 mm 2.4 mm, and 6:00 min.

5.2.2 Preprocessing and intrinsic component extraction
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The same preprocessing as describéthapter 2 was usédtkre.In the next step, to extract
reliable independent components (ICs), we used the Neuromark automatic ICA pipeline as
introduced irf98]. We first identified the replicable components in the pipédynenatching
grouplevel spatial maps from two larg@ample healthy control datasets. Then, a subset of
matched components was identified as meaningful if theipged peak activations ithe

gray matter; ha low spatial overlap with known vascular, ventricular, motion, and
susceptibility artifacts; and Halominant lowfrequency fluctuations on their tireurses.
Then, we categorized ICNs into seven domainsluding subcortical network (SCN),
auditory network (ADN), sensorimotor network (SMN), visual network (VSN), cognitive
control network (CCN), defauthode network (DMN), and cerebellar network (CBN)
based on anatomy and prior knowledigetotal, we extrated 53 ICs for the whole brain.

Figure 2-2 andTable 2-1 showed all seven networks identified by Neuromark.

5.2.3 Functional network connectivity
To estimate the communication strength or FNC in the brain, we calculated the Pearson

correlation between any pair of ICNs in each subject, as shelow

. B & ® &
Y L

B w w B o o

wherew andw are timecourse signals amd and w are the mean ofb andw,
respectively.It takes values in the n t e rlylhadnd njeasures the strength of the linear
relationship betwee® andw. Each FNC is a 53x53 matrix, and with 53 ICs, we
calculated 1378 connectivity features. The average FNCs across all MA and OA in UK

Biobank and HC and SZ subjectskBRIN are shown ifrigure 5-2A andFigure 5-2B,
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Figure 5-2: Functional network connectivity (FNC) shows the correlation between ar
pair of independent components.A) The average FNC across all middle subjects (
and across all old subjects (>63) in Bkbbank B) The average FN across schizophrel
and healthy control inhe FBIRN dataset. SCN: subcortical network, ADN: Audi
network, SMN: Sensorimotor network, VSN: Visual sensory network, CCN: Coc
control network, DMN: Default mode network, CBN: Cerebellar network.

respectively. In this figure, the hot and cold colors represent positive and negative

connectivity, respectively. Alsdigure 5-3 shows the FNC of the synthetic dataset.

5.2.4 Classification

5.2.4.1 FBIRN dataset (SZ vs. HC)
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Figure 5-3: Functional network connectivity (FNC) in the synthetic datase
A) The average FNC across all samples of Class1 and Class2. The color b.
the intensity othecorrelation. The size dheconnectivity matrix is 53x53her
in total, we have 1378 connectivity features for each sample. We first ran
generate 1378 features for each sample of both classes. In total, we gene
samples (to mimic HC) and 160 samples to mimic HC and SZ ginlgBIRN
dataset, respectively. Thame increased the value of some features for one
and decreased those values for another ,cBssA zoomed version othe

difference between two classes. The number is assigned to each featureni
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To classify SZ and HC subjects, we trained a convolutional neural network (CNN) and two
decision treebased classifiers, including random forest (RF) and XGhig@SB), based

on the FNC features. RF is one of the most popular ensemblbased learning
algorithms that randomly select a subset of the training data. Then, it collects the vote from
a different decision tree to assign a class to the test data. In RF, we trained a model with
200 trees. Inthis model, three hyperparameters were optimized Miarnal cross
validation, including the maximum depth level of 90, the minimum sample split of 5, and
the minimum sample points of 2 at each node. For the other hyperparameters, we used the
default values in scikitearn. XGB is another popular ensemble decision tree learning
algorithm that builds the trees sequentially by minimizing the error of the previous tree. In
otherwords each tree updatéise residual errors by learning from its predecessors in this
method. In tis study, the learning rate, the number of trees, gamma, the maximum depth
level, subsample ratio were set to be 0.07, 2800, 16, 3, and 0.8, respectively. We used the

default values in scikitearn for the other hyperparameters.

The CNN contains two 200ornvolution layers with ReLU activation functions followed by

a maxpooling layer, dropout, a fully connected layer withh@malization, and another

fully connected layer with a softmax activation function. The number of hidden layers,
dropout rate, regulamation parameter, and learning rate were optimized through a grid
search. The dropout rate was optimized to be 0.4, and the weight decay val2e for
normalization was set to be 0.001. Adam, with a learning rate of 0.001, was used for
optimization. In adidion to dropout and regularization, early stopping was utilized for

CNN to prevent overfitting by monitoring validation loss
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5.2.4.2 UK Biobank datasetMA vs OA)

We trained three different trdeased classifiers to classify middle adults from old,
including random forest (RF), XGB, and CATB0OO&EAT). For RF, we trained a model

with 1800 trees, the maximum depth level of 34, the minimum sample split of 2, and the
minimum sample points of 4 at each node. For XGB as a tree booster, learning rate, the
number oftrees gammathe maximum depth leveindsubsample ratio was set to be 0.01,
1800, 10, 8, and 1, respectively. The CAT has the learning depth and learning rates of 4

and 9, respectively. We iterated this process 300 times.

5.2.4.3 Synthetic dataset (Classl ¥ass?2)

Like FBIRN dataset, we trained an RF, XGB, and CCN to classify Class1 from Class2 of

the synthetic dataset.

5.2.4.4 Classifier evaluation

In all classifiers, we used a-f0ld classifier. We calculated the area under ROC (AUC),
accuracy, sensitivity, spiicity, and F1 score to assess the classifier's performance, as

shown in the equations below.

D VRO Ger— 5.2
"YQE i Q0 R-Q0 ® 5.3
YH QO 'QQRRO 5.4

0 — 5.5

where TP, FN, TN, and FP denoted true positive, false negatieend&gative, and false

positive respectively
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5.2.5 SHapley Additive exPlanations (SHAP)

To explain the difference between two classes in the trained models, we leviéraged
SHAP method, which ranks the contribution of each feature based on its Shapley value
from coalitional game theory. In the game theory, two or more players (or features) are
working together but with an unequal contribution to achieving the desired outtome
Shapely value reasonably estimates the contribution of both gains and costs of several
players working in a coalition. The Shapley vadstimates the magnitude of each feature
contribution as the feature importance astimates the direction (drd sign) of a feature

[99]. The positive sign shows the activity, whereas the negative sign shows the inactivity
of a specific feature in the model. In this approach, for a given modelf(xjg.we
computed the Shapley values using a wieidlsum that characterizes the impact of each
feature being added to the modekraged over all possible orders of features being

introduced:

noy Bpﬁw—ss.%ﬁ“Y 5.6

7Y QY @BQ QY Q QY Q QY 57

where S denotes all possible feature coalitidhslenotes the number of all features used

in the model. The contribution or Shapley value {of)of each set of features, i.eand

| here, is determined by averaging their contribution across all possible permutations of a

feature sef90], [91].
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Figure 5-4: The rec(é?\)/er operating characteristic or ROC éE?veA) The ROC of all
classifiers trained in this study to differentiate betw8£randHC subjectsn FBIRN
datasetB) The ROC of all classifiers trained in this study to differentiate between
middle adult (MA) and old adult (OA) subjedtsthe UK Biobank daaset.

5.3 Results

5.3.1 Classification results betwe&¥/HC and MA/OA

Figure 5-4A shows the classifier ROCs for RF (green), XGB (blue), adtl Qed) in the
classification between SZ and HC in the FBIRN dataset. In additadie 51 shows the
mean accuracy, mean F1, mean sensitigiiglmean specificity of these classifiers. CNN
significantly outperforms the other two decision thased clasfier based on their old
classification results (correct@eg0.05).Also, Figure 5-4B shows the classifier ROCs for
RF (green), XGB (blue), and CAT (red) in the classification between MA and OA in UK

Biobank dataset.
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Table 5-1 Performance of different classifiers in SZ/HC classification witHLO-fold
crossvalidation

Mean Mean Mean F1 Mean Mean

Accuracy AUC Sensitivity | Specificity
RF 0.76 0.82 0.76 0.77 0.77
XGB 0.76 0.81 0.76 0.78 0.78
CNN 0.88 0.88 0.88 0.90 0.84

Table 5-2 Performance of different classifiers in MA/OA classification with 16fold
crossvalidation

Mean Mean Mean F1 Mean Mean

Accuracy AUC Sensitivity | Specificity
RF 0.65 0.71 0.70 0.65 0.67
XGB 0.68 0.75 0.71 0.68 0.68
CAT 0.68 0.75 0.70 0.69 0.67

Additionally, Table 5-2 shows the mean accuracy, mean F1, mean sensiavitynean
specificity of MA/OA classification Overall, we did not observe a significant difference
in the classifier's performance. Howev&XB showed higher AUC values among all

classifiers.

5.3.2 SHAP result in the classification between SZ and HC

The main focus of the current study is finding the underlying machine of the difference
between SZ and HC subjects using an explainable machinenigapproachwe found

a subset of connectivity features that contribute most to RF, XGB, and CNN models using
the SHAP methodrigure 5-5 shows the top 20 connectivity features, which contributed
more than the others in classifying SZ and HC subjects for all three modes in descending
order. In these graphs, the red color showsarease in the connectivity feature, and the
blue color shows a decrease in the connectivity. The positive and negative Shapley value
corresponds to SZ and HC groups, respectively. In these three graphs, those connectivity

features are selected only BfF, and X@ is shown in red. Those connectivity features
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Figure 5-5: SHAP feature selection results in FBIRN datasetA) Top 20 connectivity features («
of 1378 connectivity features) of RF modelected by SHAP methp@) Top 20 connectivity featur
of XGB selected by SHAP methp@) Top 20 connectivity features selected by SHAP method in
classifier. Those connectivity features had an overlap in the feature learning results are sé
different color. Also, all graphthe light blue shows decreasing the connectivity featane the rec
shows increasing the connectivity features.

overlapped between RF and CNN are shown in orange, andctimssrin both XGBand
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CNN are shown in blue. Finally, those connectivity featureselected fronSHAP and

overlapped across all three modgt®wn in purple.

Figure 5-5A shows that the subcortical network contributed to 14 out of the top 20 features
in the RF model. The next brain network that has the noogtibutionto the classification
between SZ and HC in the RRodel is the/SN. Also, we observed that all brain networks
contributed to the top 20 features selected by the SHAP in this model. A disrupted pattern
was observed in the connectivity between the subcortical and other brain networks. In 9
connectivity features related tbe SCN, increasing the connectivity would increase the

likelihood of the HC group in thelassifier's outpuivhile increasing connectivity strength

in the other 5 connectivity features related to $I&N, put the classifier output at the SZ
group.

Interestingly, in all connectivity features related WSN, increasing the connectivity
strength increases the likelihood of the HC group at the output of the RF classifier. In
addition, we found that the connectivity betweenWsN and theSCNis higher for HC
subjects. Overall, we observed a disrupted pattern in the top 20 connectivity features

selected by SHAP in the RF model.

Figure 5-5B shows the top 20 connectivity features selected by SHAP in XGBoost in the
classification between HC and SZ subjects. Like RF, we observed that the subcortical
network contributes to the tdp0 features selected by SHAP. The second network that
contributes most to this model is the cognitive control network. Also, we found a disrupted
(i.e., both increase and decrease) pattern in subcortical network connectivity in HC vs. SZ

subjects. Also, imilar to the RF model, the connectivity between subcortical and visual
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Figure 5-6: Visualization of top 20 features selected by SHAP in three mode
used inthe FBIRN dataset A) Features selected by SHAP time RF mode] B)
Features selected by SHAPtie XGB mode| C) Feature selected by SHAP in C
Each line represents the connectivity between a pair of compofniéetdue line
shows the higher connectivity in Handthered shows the higher connectivity in
SZ. All networks contribute to the top 20 features selecteddfyHAP method. Als:
in all three moded, CCN and SCN have the higher contribution. Also, we obs:
bothanincrease and decrease in the differendevéen SZ and HC, which prove
disrupted pattern in brain connectivity in SZ.
networks is more for the HC subjects. Similar to RF, we observed a disrupted pattern in

the connectivity of the top 20 features in this model.

Figure 5-5C shows the top 20 connectivity selected by SHAP in the CNN model. Again,
similar to the other two models, we found that the subcortical network contributed more
than the other networks in ctafying HC and SZ subjects. The cognitive control network

is the secondhighest network in this model regarding the contribution. We found similar
patterns in this model as we observed in RF and XGB. For example, increasing the
connectivity between subcaral and visual networks increases the likelihood of the HC
group at the classifier's output. We also observed a disrupted pattern in the connectivity
related to subcortical networks similar to RF and XGbdegure 5-6A, Figure 5-6B, and

Figure 5-6C visualize the connectivity difference between HC and SZ subjects selected by
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SHAP in RF, XGB, and CCN, respectively. Each line represhatsdnnectivity between

a pair of components. Blue lines show higher connectivity in HC, and red lines show higher
connectivity in the SZ. All networksontribute to the top 20 features selected by the SHAP
method. Also, CCN and SCN have a highbentribution in all three models. Also, we
observed both an increase and decrease in the difference between SZ and HC, which proved

a disrupted pattern in brain connectivity in SZ.

5.3.3 SHAP result in the classification between MA and OA

Figure 5-7A shows the top 20 connectivity features which contributed most to the
classification betweerMA and OA in the RF model. As this figure shows, CCN
connectivity with the rest of the brain contributed to 13 connectivity features out of the top
20 features selected by SHAP in the classification bet@#eandMA subjects. SCN is

the second network that contributed secorabt in the top 20 features selected by the

SHAP.

Figure 5-7B andFigure 5-7C showedthatthe top 20 connectivity features were selected

by the SHAP method in the XGB and CAT models, respectively. In both models, SCN and
CCN had the most contribution in classifying aldd middle adult subjects. In addition,

those connectivity features selected by the SHAP method in all three models are shown in
purple. Those features only in RF and XGB are shown in green. Also, those connectivity
features that are only selected in & CAT, in XGB and CAT, are shown dark blue

and orange, respectively. We see in these three graphs that we found 5 overlaps out of the
top 20 features selected by SHAP in RF, XGB, and CAT. Also, we found that 9 features

out of the top 20 features ovapped in the model of RF and XGB. We found 6 overlaps
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Figure 5-7: SHAP feature selection resuﬁts in the classification between MA and OA in L
Biobank dataset A) Top 20 connectivity features (out of 1378 connectivity featuresheRF
model selected bthe SHAP method B) Top 20 connectivity features of XGB selected by SI
method.C) Top 20 connectivity features selected by SHAP method in CAT classifier. iAlat
graphs light blue shows decreasing the connectivity feature and red shows increas
connectivity features of RF classifier.
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Figure 5-8: Visualization of top 20 features selected by SHAP in three models used
UK Biobank. A) Features selected by SHAP tile RF mode| B) Features selected
SHAP in XGBmodel| C) Feature selected by SHAP in CATBoost. Each line repre
the connectivity between a pair of componenitseblue line shows the higher connecti
in young subjects and red shows the higher connectivity in the old subjects. All ni
contribute to the top 20 features selected by SHAP method. Also, in all threesyagcie
and SCN have the higher contributidxiso, we observed both increase and decrease
difference between middle aduind old subjest which proved a disrupted patterr
brain connectivity by progression from middle adults to old subjects.

features selected by SHAP in XGB and CAT.

5.3.4 SHAP results on the synthetic data
We trained three classifiers, including RF, XGB, and CNN, based on the connectivity

features from the synthetic dataset and then applied the SHAP method to the model.

Figure 5-9 shows the top 20 features selected by the SHAP mathbd synthetic dataset

In these graphs, higher SHAP values represent Class 1, andIbMé@r values represent
Class 2. For example, in increasing feature 1225, put the RF classifier output at Class 1,
and decreasing this featuneut the RF classifier output at Class2. The increase and
decrease patterns are completely matched with what ev $@gure 5-3. These results

verify that the SHAP method catompletely capture the difference between the two
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Figure 5-9 SHAP feature selection results inht(acs)ynthetic dataset:A) Top 20 connectivity featur
(out of 1378 connectivity features) of RF model selected by SHAP me®pdiop 20 connectivit
features of XGB selected by SHAP methG§i Top 20 connectity features selected by SHAP met
in CCN classifier. Also, in all graphs, the light blue shows decreasing the connectivity,featlre
shows increasing the connectivity features. For example, the first connectivity feature seldt
SHAP mehod in Random Forest is feature #12@6which increasing (red) this connectivity feal
would increase the likelihood of Cl&sat the output oRFanddecreasing (light blue) this connectiy
would increase the likelihood of Clé&sat the output of RF classifier.

classes. We found that two out of the top 20 features overlap among all three models, as
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shown by purple ifrigure 5-9.

5.4 Discussion

In the current study, we developed a pipeline based on the SHAP method to identify the
functional network connectivity, estimated frorafkéR1, biomarkersto differentiate two
groups of subjects. We validated this framework on a synthetic dataset and two publicly
available datasets, including FBIRN and UK Biobank dataset. Using the synthetic dataset,
we validated the proposed framework on three modehsl models, the framework only
selected those features that are different between two classes of the synthetic data.

5.4.1 Schizophrenia biomarker

The current study explored the functional connectivity among severalddats
networks, including SCN, ADN, VSNSMN, CCN, DMN, and CBN, to differentiate
individuals with schizophrenia from control. We trained three models, including RF, XGB,
and CCN. We found that all three models can succesgfiffgrentiate these two groups

in which CCN showed the highest cldisstion accuracy.

Next, we estimated the top 20 features out of 1378 that showed the most contribution in
classifying SZ and HC. We fourttiat three features out of the top 20 selected features
overlap across all three models, while 9 features ovedapden RF and XGB, 5 features
overlap between RF and CCN, and 5 features overlap between XGB and CCN. This
amount of overlap on the top 20 features selected by SHAP in three different models might

prove the robustness of the proposed framework.

We found bat all seven networks significantly contributed to discrimination between
individuals with schizophrenia from healthy people. In oppose to the main body of previous

research, which only focused on the functional connectivity of DMN in schizopiit€&6ija
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we found that functional connectivity of other connectivity, in particular CCN and SCN,

contributes to the discrimination between SZs and HC.

5.4.2 The aging biomarker

The current study explored the functional connectivity among severaiddets
networks, incluchg SCN, ADN, VSN, SMN, CCN, DMN, and CBN. Then the differences
inconnectivity network feature among these
and middle adult (<63) or MA subject usingfk8RI1 of the UKBiobank dataset. We trained

and tested threede-based models, including RF, XGBoost, and CAT. Using three models,
we could successfully differentiate OA from MA subjects vatmean accuracy of more

than %65, while XGB showed the highest accuracy, around %68. This result highlighted
the role of théorain FNC in the classificatioof old and middle adult subjects.

In the next step, we found a subset of features that have the highest conttibthien
classification between OA and MA subjects in each model. We discovered that %25 of the
top 20 features were shared among all three models. We also found that all seven networks,
including SCN, ADN, SMN, VSN, CCN, DMN, and CBN, contributed to all top 20
connectivity features selected by the SHAP method in all three models. This is consistent
with previous studies, which showed the effect of age on the betva@ork connectivity

in the adult subjectgl01], [102] In contrast to the study mentioned above, in which the
statistical learning method was used to find the differemtee FNC between the OA and

MA subjects, in the current study, we used a novel feature learning method to model this
difference. In opposition to statistical learning, which typically evaluates each feature one

by one and does not consider the interadbemveen input features, the machine learning
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based feature learning approach provides a generalized model of the difference between
the older adult and middle adult featuf&83].

By comparing e connectivity between OA and MA subijects in the connectivity of the top

20 connectivity features, we found a pattern of both increases and decreases in this
connectivity. That possibly showed a disrupted pattern in the vidnale FNC, consistent

with the previous literatur§l04]. We finally found that CCN and SCN contribute more
than the other network in this classificatiand the result of consistent among all models.
This is consistent with previous literature, where the role of CCN and SCN was highlighted

[105], [106}

5.4.3 ComparingSHAP with other feature selection method

There are a few advantages of using SH#&Erthe other interpretabl@pproaches. Since
SHAP values describe importance and contributions as the shmfeature contributions

to an outcome, it produces a modghostic way to explain the modei. other words, it

can be applied to any machine learning and deep learning mddieé same timesome

other methodlike LASSO(L1 norm)or elastic nefL1 and L2 normsgre restricted ta
specific model Additionally, LASSO forn<<p (n is the number of sam@andp is the
number of featur®), LASSO selects at mostfeatureg107]. Additionally, LASSO will

use random selection of only one feature from a group of highly correlated features. While
SHAP will find top features across the whole feature set and does not focus on the small
regions in the feature space. Also, SHAP values show the feature's importance and indicate

whether the feature has a positive or negative impact on the classifier output.

5.4.4 Limitations and futurevork
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There are a few limitations associated with this study. First, we only used the SHAP method
as an interpretable approach to different two groups of samples based on theraimole

FNC. Therefore, future work is needed to explore rogxplainable methods and compare

their result with SHAP. Second, the performance of other linear and nonlinear machine
learning models should be evaluated in the classification between two groups based on the

FNC.

5.4.5 Conclusion

This chapter proposed a framework to identify the FNC biomarkers through the SHAP
method that differentiates two groups of samples. We validate the framework's robustness
in three datasets, including a synthetic dataset, FBRIN, and UK Biobank. Whilewee pro

that the framework finds only those FNC features different from two classes of the

synthetic dataset, we found the FNC biomarker associated with schizophrenia and aging.
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CHAPTER 6. ALZHEI MERGS DI SEASE PROJEC
FROM NORMAL TO MILD DEMENTIA REFLECTED IN

DYNAMIC FUNCTIONAL NETWORK CONNECTIVITY

6.1 Introduction

Al zhei mer 6s di sease ( felteddenentig, typicalipaffeatingc o mmo
individuals over 65 years of agd1]. AD usually progresses slowly in sevesshges,

including mild (earlystage), moderate (middétage) andsevere (latstage)32]. To date,

there is no way to cure AD, but some medications can decelerate its pridg@pss

Therefore, predicting the progression from a normal stage to mild cognitive impairment

and further to AD itself is an important step toward early medical intervention

Restingstate functional maggtic resonance imaging {f§IRI) that indirectly measures
neural processing in the brain based on the blood oxygenation can be used to identify
spatially distributed networks in the brain. In recent years, functional connectivity or its
network analog furtional network connectivity (FNC), including dynamic FNC and static
FNC, achieved from rfMRI time series has uncovered a great deal of knowledge about
the brain dysconnectivity in various neurological disorder including schizopHi&sjia

[109], major depression disord@7], autisnj110]i [112], ADHD [113], and AD[114]. In
particular for AD, previas studies reported a reduction in the defendtle network RC

in AD compared with mild cognitive impairment (MCI) patients and healthy subjects
[115]. Another study reported a difference in tHe@of sensorimotor network, visual

network, and default mode network of healthy control (HC) subjects and AD p#tie@fs
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By assuming that FNC is invariant or static over time, many of thaeéded studies
mentioned above have focused on sFNC and ignored dFNC. Indeed, unlike conventional
SFNC, which is obtained from the corretatiwithin an entire time series, dFNC refers to

the connectivity between any pair of brain networks within-istdrvals of time series

[117]. In fact, dFNC research suggests that cognitive deficits and atlisjgnptoms
associated with many neurological disorders do not only depend on the strength of the
connectivity between any pair of brain regions but also on the variation of connectivity
strength of those regions over tifd®], [27], [117] In recent years, a few papers studied
dFNC in AD. For instance, we investigated whbtain dFNC in AD and subcortical
ischenic vascular disease (SIV[LL8]. Another study explored the temporal properties of
dFNC associated with deIme Howewr, thenlogiftdinalk i n s o n
dFNC changes from cognitilyenormal to mildly then severely cognitively impaired/ba

not been extensively explored.

In this chapterwe explored the temporal dynamics of the wHwigin FNC from 1385 s

fMRI scans of HC and very mild AD (vmAD We used a sliding window approach
followed by the kmeans clustering method to identify a set of connectivity sfafes.

Next, we calculated betweetate transition probability vitghe hidden Markov moell

(HMM) and the amount of time each subject spends in a state, called occupancy rate or
OCR, to model the temporal properties of dFNC. We investigated the correlation between
HMM and OCR features with the clinical dementia rating scale sum of boxes 8CBIR

scores. In addition, we explored the link between stpéeific connectivity features with

CDR-
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Table 6-1 Demographic and clinical information of the OASIS3 dataset

N 1028

Gender (M/F) 415/613
HC  age 69.83+8.64

CDR-SOB 0+0

N 357

Gender (M/F) 215/142
vmAD Age 75.10+7.85

CDR-SOB 2.68+2.10

Note: HC: Healthy control; vmAD: very mild Alzheimer Disease; M:male; F:female; ¢30FB:

clinical dementia rating scale sum of boxes

SOB. Finally, we trained a support vector machine (SVM) to predict from HC to vmAD

based on the SFNC connectivity features and dFNC features, including HMM and OCR.

6.2 Materials and methods

6.2.1 Participants

In this study, the data we used are from the longialdDpen Access Series of Imaging

Studies (OASISB cohort, which was collected from several ongoing studies in the

Washington University Knight Alzheimer Disease Research Center over 15 1&3}s

This data contains 1385-f8IRI imaging and related clinical and demographic data at the

time of scanning (from 910 subjects) with aganging from 42 to 95 years. For each

subject, the imaging data, demographic, and clinical dementia rating (CDR) scale were

used in any stage of cognitive functionality. All particigantu s t

have CDRO1 at

of the clinical core assessmeand one the participant reached CDR=2 or GISRB>9,

they were no longer eligible for the stufyi3]. We evaluated the cognitive stage of the

participants at the time of the scanning based onlithieal dementia rating scale sum of

boxes (CDRSOB) scores and organized thertoi@ groups, including healthy control or

HC (CDRSOB=0), very

1028
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Figure 6-1: Analytic pipeline. Stepl: The timoJ}gg signal of 53 ICNs has b
identified using groudCA in the Neuromak template. Step2: After identifyinc
ICNs, a taper sliding window was used to segment the-¢ooese signals and th
calculated the functional network conngitti (FNC). Each subject has 139 FNCs \
a size of 53x53. Also, we calculated static FNC for the entire time of recording.
After vectorizing the FNC matrixes, we concatenated them, and themeak
clustering with correlation as distance metreas used to group FN@dgo three distinc
clusters. Step4: Then, based on the state vector, we calculated bstatearansitio
probability or hidden Markov model (HMM) features and occupancy rate (OC
each subiject. In total, nine HMM featurexlaghree OCR were estimated from the :
vector of each subject. Stepko find a link between FNC features, including SFNC
dFNC feature with clinical dementia rating scale sum of boxes (SDRB), we use
partial correlation by accounting for age agahder.

scan of HC, 357 scans of vmAD patients. The demographic information is provided in

Table 6-1.

6.2.2 Imaging data acquisition
Two Trio 3T with a 26channel head coil &re used to collect imaging data (Siemens
Medical Solutions USA, Inc). High resolution T®#eighted functional images were

obtained by an echoplanar imaging EP sequence with TE =27 ms, TR = 2.5 s, flip angle
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= 90e¢e, slice thickness = 4mm, slice gap =

x 1 mm x 1.25 mm.. The duration of the scanning was 6 minutes.

6.2.3 Preprocessing
We used the same ppeocessing and independent components (ICs) extraction introduced

in Chapter2 to extract 53 ICs for the whole br@tepl ofFigure 6-1).

6.2.4 Functional network connectivity

The static functional network connectivity (SFNC) of each subject was calculated by
computing the Pearson correlation between any pair of ICNs time d¥ith<3 ICNs, it

resulted in 1378 wholbrain correlation values for each subject. In addition, for each
subjeci = Jltheéyndnic FNC (dFNC) of the whole brain was estimated via a sliding
window approach. A tapered windomas obtained by convolving a rectangle (window
size = 20 TRs = 50 s) with a Gaussian (0 =
point. It is worth mentioning that previous studies suggested that a window size between
30-60s is a reasonable choice tapturing the dFNC fluctuatiqd21]. Based on this past

work, we used the 50s as the window size. A covariance ma@sed on Pearson
correlation, was calculated to measure the dFNC between ICs. The dFNC estimates of each
window for each subject were concatenated to forr@ & C x T) array (whereC=53

denotes the number of ICNs af&139), which represented the changesbrain

connectivity between ICNs as a function of tirfsep2 ofFigure 6-1) [117].

6.2.5 Clustering and dFNC latent features
We used kmeans clustering to partition dFNC window into a set of separated clusters
(states). Based on the elbow criterion (the ratio of within to between cluster distance), we

found that the optimal number of clusters (ilg.,is 3. We used correlation based on
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Pearson correlation as a distance metric in the clustering algorithm in 1000 itgedftions
[117] (Step3 ofFigure 6-1). The output of this step is 3 states for all subjectsaautbject
specific state vector. The state vector shows the state of the-lragleFNC of each
subject at a specific time. In the next step, we calculated the bestaentransition
probability based on HMM. The transition probabilidy, is the probattity of the system

to transition from statgat timet to state at timet+1.

~

w niop @o 0Q 6.1

In addition, we computed the OCR of dFNCs in eatdie (Step4 oFigure 6-1). In
addition, for each subject, we averaged all dFNC bahgntp a state as her/his state
specific FNC. In more detail, each subject has multiple dFNC in each state. Then, in each
state, waised the average of dFNC (i.e., the average of 1378 connectivity features) of each

subject as her/his stagpecific FNC.

6.2.6 Statisticalanalysis

To assess the link between dFNC features, including speigfic FNC, OCR, and HMM
with CDR-SOB, we used pa#di correlation by accounting for agend gender. We
performed statistical analysis on all 1378 whbtain connectivity features, 9 HMM
features, and 3 OCR features, separatste5 ofFigure 6-1). All p values have been
adjusted by the Benjamihiochbergcorrection method for multiple comparis¢rnd]. The
number otthenull hypothesis in statepecific FNC, OCR, and HMM were 1378, 3, and 9,

respectively.

6.2.7 Dementia progression is associated with functional network connectivity
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In the next step, we exploradhether functional network connectivity, including sFNC
and dFNC features, can predict the progression of AD. We put subjects into two different
groups. The first group contains those subjects who remained in HC, whom we call the
unconverted HC or WEIC stage within the next five years of the first scan, and the second
group contains those subjectsagkcognitive functionality changed from HC to vmAD
(0. 5E0XMERO9) , a nHC. Wefirstgroud contains 85 subjects (48 females
and 37 males) witla mean ageof 74.6478 anda range between 65 and 85. The second
group contains 40 subjects (18 females and 22 maleghich the mean age is 74.6878,

and the range of the age is between 64 and 85. Usingsaitwple ttest, we did not observe

a significant dference between the age and gender of these two groups (123)=
0.90,p=0.36). We trained a support vector machine (SVM) based on sFNC, OCR, and
HMM features from the baseline-i¥IRI (around five years prior to the conversion) to

differentiate these twgroups.

One major problem in this classification is imbalanced datasets. To deal with this problem,
we have used a data augmentation method c#lecdaptive synthetic (ADASYN)
sampling approach. In this method, we adaptively generated syntheticrdhtarfonatory

class based on the distribution of both classes. ADASYN generates synthetic data for the
part ofthe minority class that is harder to learn than those minority samples, which are
easier to learn. In this study, we have a dataset with 85lssnmpmajor class and 40
samples in minor class. Using ADASYN, we generated 45 samples of synthetic data for
the minor class to make the dataset balafit22]. We trained an SVM witha polynomial

kernel function, as shown Bquation6.2) to classify two classg423].

~ ~

Qo p oo 6.3
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where p is a positive integer value.

There are a few advantages of using SVM. 1) SVM works well fortigiensional data.

2) SVMis effective when the number of sangilesmaller than the number of dimensions,
which is a common problem for neuroimaging data. 3) SVM can handle nonlinearity in
the data using a kernel trick. This provides an advantage over linear classifiergisitie lo
regression. However, choosing the appropriate kernel function is not easy. In addition, due
to the limited number of samples, it is not advisable to use a neural network classifier. It is
worth mentioning that an imbalanced dataset is a challengmoplem in SVM
classification[124]. Our study used ADASYN to generate synthetic data of the minatory
class to elevate this problem. In more detail, we used the ADAREed sample and a
subset of the major class (i.e.-HE, N=45, the ADASYN sample size) and trained a
mode| and then we tésd that model on real unseen data from botiHGcand eHC
groups. We iterate this 10 times. This number was chosen ahpitriiris worth
mentioning that changing the number of iterations would not change the classification
result. In each iterationye usedhe5-fold crossvalidation method in which we used 80%

of the training data to train a model and 20% of the data to validate that. The

hyperparameters of the SVM classifier were seled¢teiggh an optimization process.

We calculated the classifiion accuracy, sensitivity, specificity, and area under the
receiver operating characteristic curve (AUC) to assess the classification performance.

Accuracy, sensitivity, and specificity were quantified by:

b OO0 e— 6.4

YQe i Q0 "@Q0 w 6.5
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where TP, FN, TN, and FP denoted the number d¢fl@csubjects correctlgredicted, the
number of eHC subjects classified as 4HC subjecs, the number of u¢iC correctly

predicted, and the number of-ttC subjects classified asHC subjecs, respectively.

6.3 Results

6.3.1 Dynamic functional connectivity states

Figure 6-2 shows the reoccurring connectivity states identified by theelns clustering
method. In all states, we observed strong positive conrngotwthin SMN and VSN, ad

CBN. State 3 showed the strongest connectivity within SMN and within VSN among all
states. In addition, this state had the highest connectivity between SMN and VSN. Also,
this state was separated from other states by showingwrestl negative connectivity
between SMN and VSN with the rest of the brain. State 1 showed the lowest connectivity
between SMN and VSN. Finally, we measured the OCR of each subject in statel, state2,
and state 3. OCR represents the amount of time eaakcsgpends in each state. Results
showed that subjects spent an average of 23.78 %, 52.17 %, and 24.05 % in state 1, state

2, and state 3, respectively.

6.3.2 The correlation between stagpecific FNC and CDSOB

Figure 6-3 showed the partial correlation between stgtecific FNC and CDFESOB while

we controlled for age and gender. The significant correlations (uncornecPe@bs) are
shown in red (positivearelation) and blue (negative correlation). Also, a significant

correlation that passes the multiple comparisons is marked by asterisks.
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Figure 6-2: Dynamic functional connectivity statesresults. The three identified dFN
states using the-kneans clustering method. We found strong connectivity wAN,
within-SMN, and withirVSN in all states. We found strong connectivity between :
and VSN in state3. Also, this state showed negatieenectivity between senst
networks, including ADN, SMN, and VSN, with the rest of the brain. We fdbhathll
subjects spend 23.78 %, 52.17 %, and 24.05 % in state 1, state 2, and state 3, re
The color bar shows the strength of the conmigti SCN: Subcortical network, ADI
auditory network, SMN: sensorimotor network, VSN: visual network, CCN: cog
control network, DMN: defaulimode network, and CBN: cerebellar network.

In state 1, we observed a significant and negative correlagioveen withifSCN, withir

SMN, withinrrVSN connectivity, and CDFSOB. This means that this connectivity
decreases by progression from normal to mild dementia states. In this state, we found a
reorganized(i.e., both positive and negative) pattern in the correlation between within
DMN connectivity and within CCMonnectivity with CDRSOB. A similar reorganized
correlation pattern was observed between the betwesvork connection and CDROB.
Specifically a more reorganizepattern was observed in the correlation between SCN

connectivity with the rest of the brain.

In state 2, similar to state 1, we observed a negative correlation betweenSGIKin
within-SMN, withinrVSN, and within-CBN connectivity wih CDRSOB. We also
observed both positive and negative correlations between the connectivity of CCN and
DMN, and CDRSOB. Compared with the other states, this state showed a more significant
correlationbetweerwithin-CCN connectivity and CDFSOB, in whidy many of them were
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Figure 6-3: Correlation between FNC of each state and clinical scoréA significan
negative correlation between withR8CN, withinSMN, withinrVSN, and withirRCBN
connectivity and the clinical dementia rating scale sum of boxes {80DB) scores.
disrupted pattern (i.e., both positive and negative) correlation was found betweer
CCN and within DMN with CDRSOB. A similar disrupted pattern was obse!
betweenCDR-SOB and betweenetworks connectivity. However, we consiste
observed negative connectivity between CS8B and the connectivity among sen:
networks. The color bar shows the strength of the connectivity. SCN: Sub
network, ADN: auditory atwork, SMN: sensorimotor network, VSN: visual netw
CCN: cognitive control network, DMN: defawuitode network, and CBN: cerebe
network.

positive. Also, withinDMN connectivity showed more negative connectivity compared
with that of other states. This state also showed a positive correlation between connectivity
between SMN and CBNand CDRSOB. Also, we observed both positive and negative

correlations between CDBOB and betweenetwork connectivity in state 2.

State 3 showed a significant and negative correlation between the-@ithi within-

VSN, withirrDMN, within-CCN, and withinRCBN connectivity and CDRSOB. The
amount of significantorrelation between witht8MN, within-VSN, and between SMN

and VSN connectivity with CDFSOB was more than those of the other states. Also, this
state showed a significant positive correlation between VSN and CBN connection and
CDR-SOB. Overall, we obseed a reorganizefattern in the correlation between CDR

SOB and betweenetwork connection in this state.
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6.3.3 The correlation between temporal properties of dFNC and SO

We calculated the partial correlation between and temporal features of dFNC
(i.e., OCR and HMM) by controlling the age and gender. We found a positive correlation
between OCR of state 1 and CE¥®B (=0.07, correcte¢p=0.009) and a negative
correlation between OCR of state 3 and CB8B (=-0.14, correcte¢=2e-7). Also, we
obseved a negative correlation between GBRB andayy, i.e., the transition from state

1 to state 1rE0.07, correcte@=0.02), and a positive correlation between CS&B and

azs, i.e., the transition within state 80.11, correcte¢=0.0001).

6.3.4 Bothhealthy and patient bragfollow similar state pattern

Since the number of HC scais more than the number of patient ones, we applied the
clustering method to their dFNC of HC and patients separately. The results are shown in
Figure 6-4. This figure shows that our approach captured a similar brain state in both
groups. We wused the Pearson correlation b
between them. The correlatioetiveen state 1 of HC with state 1 of the patient group,
between state2 of HC with state2 of the patient group, and between state3 of HC with
state3 of the patient group were 0.9903(378,p<0.001), 0.9825N=1378,p<0.001), and
0.9921(N=1378,p<0.001), espectivelyFigure 6-4A andFigure 6-4B). In addition, the

OCR followed a similar patterto the results when we concatenated all subjects. State2
shows the highest OCR among all three states in both groups. HC subjects have higher
OCR in state 1 than patients<(.01), while patients have highOCR in state 3 than that

HC subjects§<0.01) Figure 6-4C andFigure 6-4D). These results proved that the HC
subjectbés dFNC did not dominate the state |

in thisstudy, we put a name on each state. Since both healthy subjects and patients spend
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Figure 6-4: Dynamic functional network connectivity in healthy control and patients
A) The three identified dFNC states using thmé&ans clustering method in healthy cor
(HC), B) Occupancy rate (OCR) of HC in each state. HCs have the highest OCR in
(correctep<0.001). OCR of state 3 is higher than the OCR of state 1 in HEcsIligorrecte
p<0.01), C) The three identified dFNC states using thm&ans clustering method in patie
(vmAD). D) Occupancy rate (OCR) of HC in each state. vmAD subjects have the highe
in state 2 (correcte@<0.001). OCR of state 1 is higherath OCR of state 2 in patie
(correctedp<0.01). SCN: Subcortical network, ADN: auditory network, SMN: sensorir
network, VSN: visual network, CCN: cognitive control network, DMN: defaudide
network, and CBN: cerebellar network.

more than 50% of their scanning time in state 2, we called this state a baseline. Since vmAD
patients spend more time in statel, we called this state the welAfed state, and finally,
we call state 3in which healthy subjects spend more in this sth#a tstate 2, an HC

related state.

6.3.5 Changing the number of states does not change the results
To test whether the number of clusters (or states) would change the results or not, we

applied the same clustering methodkeb, k=7, anck=10.Figure 6-5A and Figure 6-5B
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Figure 6-5: Evaluating the k value effect on the results. A) The dFNC state
identified using the fmeans clustering method with5, B) The dFNC states identifi

using the kmeans clustering method witk7. The colorbar represents the intensit
connectivity in each stat&CN: Subcortical network, ADN: audipnetwork, SMN
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Figure 6-6. Evaluating the k value effect on the results. The dFNC statewvere
identified using the #means clustering method wikis10.The colorbar represents
intensity of connectivity in each stat8CN: Subcortical network, ADN: auditc
network, SMN: sensorimotor network, VSMsual network, CCN: cognitive cont
network, DMN: defauimode network, and CBN: cerebellar network.

, andFigure 6-6 show the results fde=5,k=7, andk=10, respectivelyWe observed similar
state patterns with different k values. Stat&-=13] is similar to state k€5), state X=7)
and state %10). State 2k=3) is similar to state RES), state 1K=7), and stat8 (k=10).
State3 k=3) is similar to state RE5), state 5K=7), and state7£10). Increasing k above

the optimized value df=3 yields states whose similarity to those in the optimized value

weakens ak grows. However, the two states (states 1 and #)e optimized clustering
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whose OCR is significantly linked to CB8OB are highly replicable up k&7 and whose
occupancy has a replicable significant relationship to €30MB. Table 6-2 shows the

correlation between CDBOB with OCR of clustering with differektvalues.

6.3.6 Dementia progression associated with functional network connectivity

Using baseline FNC features, inclodisFNC, HMM, and OCR, from whalarain FNC,

we successfully predicted the conversion from the normal state to vmAD by classifying
those subjects converted to the mildly impaired stage (if¢C)c from thosewvho stayed
unchanged within five years, i.eic-HC. The average accuracy, sensitivity, specificity,

and AUC in this classification eve75%, 72%, 78%, and 81%, respectively.

6.4 Discussion

In this study, we explored the dynamic of whblain FNC of HC (CDRSOB=0) and
vmAD ( 0 -S5QBOOPR s u lhe brmitudinalfrdMBIMASIS-3 [113]. Using

a datadriven approach, we extracted 53 ICs for the whole brain and used a sliding window
approach followed by a clustering method to study dFNC of this dataset. We found that the
connectivity betveen VSN and SMN is dynamic by a transition from positive connectivity

in state 3 to moderate positive connectivity in state 2 and negative connectivity in state 1.
In addition, the connectivity between SMN and VSN with the rest of the brain changes
from negative connectivity in state 3 taother state with more positive connectivity.
Besides SMN and VSN, we found a dynamical pattern in CCN connectivity. Overall, we
found thatthe wholebrain FNC is highly dynamic. This result argues the previous AD
relatediterature that mainly ignored the dynamic behavior of brain connectivity. Although

a few studies explored the dFNC receftl25], [126] the current study uses Neuromark
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Table 6-2 The link betweenthe occupancy rate of each state and CDISOB

Statel State2 State3 State4 State5 State6 State7 State8 State9 StatelO

k=3 [ 0.07 0.02  -0.14 NA NA NA NA NA NA NA
(0.013) (0.09) (6e7)

k=5 [ 0.088 -0.014 -0.083 0.033 -0.017 NA NA NA NA NA
(0.001) (0.580) (0.001) (0.026) 0.513

k=7 [ -3e4  0.100 -0.013 -0.036 -0.075 0.043 -0.053 NA NA NA

(0.991) (0.001) (0.722) (0.241) (0.017) (0.188) (0.106)

k=10 | -7.8e4 -0.030 -0.073 0.060 0.090 -0.009 -0.057 -0.010 -0.040 0.054
(0.771) (0.368) (0.030) (0.080) (0.008) (0.771) (0.082) (0.771) (0.219) (0.087)

as a replicable platform to extract dat@en ICs from relatively large longitudinal data.
Thisreplicable platform can generate independent components and replicate that across the
different datasets. This would help reproduce similar brain state®Nforaleross different

datasets, which is very important when studying dynaftZg].

We foundthatwithin-SMN FNC decreased by the transition fromHC to a vmAD. This
pattern was observed in #fireestates. Previous studies showed a decrease in SWIN F

is shown in AD patients compared with that of HC subjg28]i [131]. In more detalil,

we foundthatthe ANC within the postcentral gyrus decrecdige vmAD thanin the HC

brain. The postcentral gyrus has a key role in somatic sensation, including pain and
temperaturgl32]. Also, a previous study showed an impairment of pain and temperature
sensationn mild dementig133]. Therefore, dysconnectivity ithe postcentral gyrus can
potentially explain the impairment of somatic sensation in the early stage of dementia and

suggest a prospective study.

In addition, we observed that the VSMNIE, in the particular fusiform gyrus, decreases
when the brain progress fraamealthy state to mild dementia. As previous studies showed,

the fusiform gyrus is involved in face recogniticemd alteration in the connectivity
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between this brain region and other subregions of VSN causes impairment in face
recognition[134], [135] Functional dysconnectivity between fusiform and the rest of the
VSN potentially can explain the impairmesftface recognition in the early stage of AD
progression136]. Also, results indicated reducetl€ among the brain sensory netwark

i.e., ADN, SMN, and VSN, by progression from HC state to vmAD. Information
processing integration of multisensory signals is a hallmark eés&lfeness. For instance,
[137] showed that the matching between visual perception and proprioceptive signals is
necessary for preserving selfinsciousness. Disconnection among sensory networks in
mild dementia patients than that of healthy subjects can potgrtkglain the underlying
mechanism of seldwareness discrepancy in AD patients. The current findings suggest
future studies for exploring a causal link between dysconnectivity in the sensory network

and lack of selwareness in AD patients.

We also obswed a disrupted temporal and spatial pattern in the connectivity between CBN
and other brain networks. In all states, we found a decrease in the connectivity between
CBN and SCN by advancement from the HC brain to vmAD. However, the connectivity
between BN and SMN and between CBN and VSN are higher in vmAD ihaine HC
subjects. This finding is consistent with a previous study that showed a reorganized pattern
in the connectivity between cerebellar subregions and DMN, \&MN,SMN [116].
However, we did not detect a significant pattern in the correlation between the clinical rate

and the connectivity between CBN and DMN.

In addition, we found a disrupted pattern in DMN connectivity by having reduced
connectivity in state 3, and both increased and reduced connectivity in state 1 and state 2

for vmAD than the normal brain. Based orN€F; previous studies reported both increase
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[138] and decreasg 39] in whole DMN connectivity of the AD subject. Another study
repoted no significant difference in DMN connectivity between AD patients with HC
[140]. Although a small sample size might affect the statistical power, as previously shown
in a study of major depressigh41], this inconsistent result partially could be due to
focusing on static IRC, which is obtaned from the correlation within an entire time series.
Similarly, we observed a disrupted spatial and temporal pattern in CCN connectivity. In
addition, we found aeorganizedpatternin the connectivity between CCN and other
networks such as SCN, ADN, SMN, VSN, DMN, and CBN. A recent study showed a
reorganized pattern in the connectivity between inferior parietal lobule, as a part of CCN,
with default mode, salience, executive cohtand sensorimotor networks42]. Our new
finding provides new knowledge about the reorganjzatern between CNN and the rest

of the brain. The decrease in the CONd-might explain the loss in the functional integrity

of the CCN network, and the increased@showed that vmAD patients potentially utilize
additional brain subregions to compensate for the impairment of cognitive function. We
also found that theNC within SCN, including caudate, thalamus, and putamenedsed

in vmAD patients compared with that of normal subjects. This result is consistent with a
previous study that showed subjects with the risk of AD showed less connectithity in

caudate and thalam{43].

Next, we calculated the correlation between clinical rate and OCR and HMM. We found
HC subjects spehmore time in state 3, which showed the highest positive connectivity
among sensory networks, i.e., VSN, SMN, and ADN, is less in vmAD patients than the
normal subjects. Also, we fourtdat the dwell time of statel, which showed the least

connectivity anong sensory networks, is higher for the patients with mild dementia. This
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finding provides further evidence of the effect of disease on the dysregulating temporal
properties of FNC. A recent study showed that AD subjects spend more time in a sparsely
conneted state in which the motor netwaskisolated from the rest of the braifi25].

Our result is consistent with the study mentioned above by showing that the subjects with
mild severity in the early stage of AD spend more time in state 1, which shows sparse
connectivity among brain networks. However, another part of our result that shows normal
brain spendmore time in state 3, in which SMN is isolated from most parts of thae brai
except VSN, contradicts the result of the aforementioned study. In addition, spending more
time in a state with lower connectivity between SMN and VSN and less time in a state with
stronger connectivity between SMN and VSN by subjéctthe early stagef AD
emphasizes more on the role of this connectivithe transition from the normal stage to

the early stage of AD. Also, our result is consistent with another study from our group on
a different dataset that showed that AD patients spend mordrtimstate with lower

connectivity and spend less time in a state with higher connedfdty

Prior work has demonstrated the regional patterns of AD pathology and their overlap with
DMN regions [144]. Therefore, we expected DMN to be impacted, as demonstrated in
prior studies. However, we found that associations between primary sensory/motor
networks were most correlative to symptom severity. Sensory and motor networks are
consdered relatively spared from AD pathology, at least uthtd later stages of the
disease. These exciting findings suggest that although relatively preserved and potentially
due to high signals in these regions, regions involved in -cnosk&l sensory/mot
integration are damaged. This information provides a sensitive measure of neural damage

in AD (potentially more sensitive than primary degeneration regions). Our result might
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suggest that DMN is the last brain network that is affected by AD. Our remglit also
explain the previous study's finding that motor function changes might predate cognitive
impairments and dementia on§g45], [146] However, a prospective study is needed t
find which specific sensory or motor function changes sign early AD. Also, our new result
about dysconnectivity in the somatosensory network might explain why physical exercise

would prevent AQ147] by increasig FNC among sensory networfd18].

Neumnfeedback is a form of reéime biofeedback regulating brain activity and promoting
brain function and behavioral performafic&]. In this technique, the neural signals are
recorded from the brain. A feedback mechanism is then used to control the neural signal
features through a feedback loop in the form of audio, video, or a combinatioaem.

This closedoop therapy has been widely used floe major depressive disord€r50],
attention deficit hyperactivity disordg¥51], and autisnjl52] andhas gottemttention for
treating AD in recent years. A recent study used the amount of delta, theta, alpha, and beta
activity from EEG signa as a control signal in neurofeedback to improve cognitive
function in AD153]. We introduced the sensory network's connectivity as a potential
control marker in the neurofeedback in the current study. Maeeifecally, our result
suggests a possible benefit of administering the neurofeedback during the refafdol

state and switching the brain state from vmpdated to H@related state. Although many
technical limitations of reaime implanting neurofeedizk system integrated with dFNC
exist[154], [155] Our results suggest a future benefit of dFNC states in neurofeedback in

AD treatment.

Finally, we show that both dFNC and sFNC can be used to predicotiversion from

healthy to vmAD based on their baseline recording. Previous literature proposed a few
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models to predict conversion from MCI to AD56]i [158]. For example, one study used
75 state MCl, i.e., who did not convert to AD, and 51 progvedsiCl, i.e., who changed

to AD within 3 years, modeleché&8VM and could classify them with 79.37 % accuracy
based on the brain connectivity featuf£s9]. Another study used structural and genetic
data for prediction from converted normal subjects to mild cognitive impairment from the
unconverted normal subject within 5 years andld predict the conversion from normal

to mild cognitive impairment witlan AUC of 85%][160]. However, the model for the
conversion from the normal brain gomild impairment statdbased on their baseline
recording has ndieenextensively reported. The current study shows a potential for FNC

in predicting from healthy aging to mild impairment stage.

6.4.1 Limitations anduturework

There are some limitations to this work. The choicewwridow size is an implicit
assumption about the dynamic behavior in that a short window captures more rapid
fluctuations, whereas a longer window does more smoothing. Future work can be
accomplished to evaluate the range of dynamics more comprehef$6AHlyin addition,

we used SVM to compute the classification between individuals who converted to vmAD,
and thosevho did not convert. Other more advanced methodsHiaral networkbased
classification can potentially increase the prediction accuracy. However, applying neural
networkbased classification is almost impossible due to the limited number of samples in

the longitudinal data used in this classification.

6.4.2 Corclusion
In the work reported here, we extend this existing body of knowledge into the dynamic

realm, investigating how timearying properties of wholbrain FNC change by the
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transition from healthy aging to vmAD. We found a sigpecific reorganizegattern in

the whde-brain FNC of vmAD patients. We observed a decreased connectivity among
sensory networks, including SMN, VSN, and ADNaimild dementia state. This provides

a piece of new knowledge about the sensory network dysconnectivity in the early stage of
AD with mild symptom severity. This potentially marked tthetsensory network is one

of the brain networks that got affected more than the other brain network in the early stage
of AD. In addition, we found a reorganizedttern, i.e., both increase and deseein

DMN and CCN connectivity. A similar changed pattern was observed in betvedeorks
connectivity. We also found that mild dementia is linked to the temporal pattern on FNC
by increasing the amount of time staying in a sparsely connected statweitifiunctional
connectivity among sensory networks. These results emphasized that not only the transition
from the normal state to mild dementia changes the connectivity strength, but also it

dysregulates the temporal properties of FNC



CHAPTER 7. THE LINK B ETWEEN STATIC AND
DYNAMIC BRAIN FUNCTIONAL NETWORK
CONNECTIVITYANDGENETI C RI SK OF ALZHEI I

DISEASE

7.1 Introduction

Al zhei mer 6s di sease (-flbteddenmentiaihiadividualsdbovep r e v a
65 yearsof age[31]. While global biomedical research efforts for AD prevention have
expanded, the number of individuals affected by AD is still growing significantly every

year. Even though the is no effective AD therapy to date, some medications can slow

down disease progressiph08]. It has been hypothesized that AD gmession affects

brain functional connectivity beginning many years prior to disease [A16&81 [163] As

such, knowing how AD risk alters brain connectivity in cognitively normal individuals

might shed light on the mechanisms associated with AD development later in life.

While previous studieshowed that environmental factors such as diet, living in rural

versus urban areas, smoking, not exercising, and infections are risk facfids genetic

factors are believed to contribute 70% to AD ridl64], [165] Apolipoprotein E

pol ymorphic alleles are genetic factors | i1
common allelesincluding 02, U3, and4, that can produce six genotypes suchizs2,

02/03, U2/04, U3/03, U3/U4, andi4/K4 in which one gene is inherited from the father and the

other is from the mothdf66]. Individuals carrying thé4 allele have the highest risk of

AD and younge mean age at dementia onset compared to those carrying tred (2

alleles, whereas individuals with tl2 allele have the lowest risk and older mean age of

dementia onsdiL67].
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Previous studies explored the link between AD's genetic risk atizfstactional network
connectivity or sFN(168]i [171]. For xample, a recent study found that individuals
carrying 04 have lower temporal default mode network (DMN) functional connectivity
than those withoui4 [170]. Another study showed an increase in functional connectivity
between lie hippocampus and prefrontal/parietal/temporal cortex in healthy individuals
carryingw4 [172]. Despite extensive research on the effeadobn rsfMRI sFNC, the
effects of other alleles (i.el2 and(3) on sFNC have not been explored. Additionally,
previous literature that studied thé®@E effect on FNC assumed that FNC is static over
time and ignored its dynamics. However, recent studies have shown that FNC is highly
dynamic during both task and resting conditigd$, [173], [174] Therefore, we
hypothesized here that studying the dynamics of whdén FNC might give insight into

how the APOE could disrupt FNC in AD.

This chapter aimed to explore how dFNC and sFNC differ among individuals with different
genetic risk for AD using a relatively large dataséi¥850). To model the dFNC of each
participant, we utilized a sliding window approach followed bgndéans clustering to
estimate a set of connectivity stafd$. Next, we modeled the temporal changes by
calculating the occupancy rate (OCR) of each state from the dFNC. Next, we explored the
difference between cognitively normal participants with different AD risk levels via
statistical analysisfothe estimated OCRe&tures and the number of the betwstate
transitions. In addition, we compared sFNC -wgle differences between cognitively

normal individuals differing in genetic risk of AD.

7.2 Materials and methods

7.2.1 Participants and dataset
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Neuroimaging data of 894 cognitively normal brains (362 females) and their associated
demographic information from thengitudinal Open Access Series of Imaging Studies
(OASIS)3 cohortwas used in this stud§75]. The participants’ cognitive functionality at

the time of scanning was evaluated bydleical dementia rating scale (CDR) scores, and

the CDR scores were equal to 0. The participants' age at scanning time ranged from 42.46
years to 95.39 years, with a mean of 70.13 years. We divided the data into three groups,
including the low genetic risk of ABr LGR_AD (N=135, 63 females), consisting of all
individualswith 02 allele (i.e.p2/02 andU2/03), moderate genetic risk of AD or MGR_AD
(N=558, 219 females), containing all individuals wiiB allele (i.e.,u3/03), and high
genetic risk of AD or HGR_AD (N=201, 80 females) consisting oinalividualswith v4

allele (i.e.,03/04 and4/04). No signiicant agesex and minimental state examination

differences were observed between any pair of grqus@5).

7.2.2 Imaging acquisition protocol

The imaging protocol is described6.2

7.2.3 Preprocessing

This section is described §12.3

7.2.4 Dynamic and static functional netwotknnectivity estimation

This section is described 2.4

7.2.5 Dynamic functional network connectivity clustering
We separated the windowed FNCs into a set of aligbe states) with-kneans clustering.
The optimal number of clusters or k was set to three based upon the elbow criterion, e.g.,

it he r at -clusterdofbetween clustendistance. Pearson correlation was used as a
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distance metric, and 1000 iterais were used. The output efteans clustering was three
states for each group and a state vector for estilidual. The state vector represents
changes in wholerain FNC over time. Next, we calculated the proportion of each
participant's time in each state, called occupancy rate (OCR) hereafter. Having three states,

we estimated three OCRs for eacdividual.

7.2.6 Statstical analysis

A two-sample ttest was used to compare the OCR (number of null hypothebES3pof
each pair of groups. Similarly, a tveample itest was used to compare the sFNC
(N=1387) of each pair of groups. We adjusted all p values with Benoichbergfalse

discovery rate (FDR) correction in both OCR and sFNC andl¥3]s

7.3 Results

7.3.1 Genetics risk associated with SFNC

The average sFNC of each group is showigure 7-1A. Also,Figure 7-1B shows the
cell-wise FNC differences between each pair of groups. We used-satwple {test to

find the differences between groups. Significant group differences that passed the multiple
comparison tests are shown with an asterisk (FDR corregst®@@5). In this figure, the

red and blue colors show the positive and negative diffeserespectivelyFigure 7-1B

(left panel) shows the celise difference between LGR_AD and MGR_AD (MGR_AD

LGR_AD). We did not observe a significant SFNC difference between LGR_AD and
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MGR_AD groups after FDR correction. While the difference between LGR_AD and
HDR_AD (or HGR_ADLGR_AD) was significant in some networks, as showRigure

7-1B (middle panel). However, the pattern was widespread across the whole brain.

In contrast, the cellvise FNC difference between MGR_AD and HDR_AD (or HGR-AD
MGR_AD) was more focused on VSN, stsown inFigure 7-1B (right panel). As shown
in this figure, we found that individuals with a higher risk of AD have less VSN

connectivity than those with an intermediate risk of AD. In comparison, the contyectivi
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between VSN and CCN and between VNS and DMN was highendaviduals with

higher AD risk.

7.3.2 Dynamic functional network connectivity states

Figure 7-2 shows three distinct dFNC states estimated-byelans clustering. Statel and
state 2 show more positive connectivity within CCN, within CBMhin SMN, and within

VSN compared with state3. State 2 offers the most positive connectivity among sensory
domains (i.e., ADN, SMN, and VSN). Meanwhile, the connectivity between these three
domains with the rest of the brain is negative in this stAtitionally, the connectivity

between SMN and the rest of the brain is relatively high in statel.

7.3.3 Genetics risk associated with dFNC features.
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We compared the OCR of each state across three groupdivofluals. The results are
shown inFigure 7-3A. As this figure shows, we found that the OCR of statel was
significantly less for HGR_AD than that of LGR_AD. In contrast, HGR_AD had higher

OCR than LGR_AD in state 3. Additionally, we didtnfind any significant OCR
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