DYNAMIC FUNCTIONAL CONNECTIVITY NETWORKS:
NEW ANALYSIS AND INTERPRETATION STRATEGIES

BY

FATEMEH MOKHTARI

A Dissertation Submitted to the Graduate Faculty of
WAKE FOREST UNIVERSITY GRADUATE SCHOOL OF ARTS AND SCIENCES
in Partial Fulfillment of the Requirements
for the Degree of
DOCTOR OF PHILOSOPHY
Biomedical Engineering
July 2018
Winston – Salem, North Carolina

Approved By:
Paul J. Laurienti, Ph.D. / M.D., Advisor and Chair
W. Jack Rejeski, Ph.D.
Sean L. Simpson, Ph.D.
H. Donald Gage, Ph.D.
Youngkyoo Jung, Ph.D.
Guorong Wu, Ph.D.

ACKNOWLEDGMENTS
First and foremost, I would like to thank my mentor, Paul Laurienti, who made this
entire endeavor possible with his inspiring dedication and intuition. I would also like to
thank my committee members, Jack Rejeski, Sean Simpson, Don Gage, Youngkyoo Jung
and Guorong Wu for their support and advice over the last several years. I want to thank
all the members of the LCBN lab for their time, generosity and friendship. Finally, I would
like to thank my wonderful family and friends for always being supportive and
encouraging.

ii

TABLE OF CONTENTS
LIST OF ABBREVIATIONS ........................................................................................... vii
LIST OF FIGURES ........................................................................................................... ix
LIST OF TABLES ............................................................................................................. xi
ABSTRACT........................................................................................................................ 1
CHAPTER 1: INTRODUCTION ....................................................................................... 1
1.1

Dynamic brain connectivity ...........................................................................................................2

1.2

Dynamic brain connectivity tensor ................................................................................................4

1.3

Interpretation of multivariate connectivity patterns .......................................................................5

1.4

Prediction, classification and brain states decoding using dynamic functional connectivity data .7

1.5

Sliding window correlation analysis for dynamic brain connectivity estimation in resting state ..9

1.6

Thesis Outline .............................................................................................................................. 11

References ............................................................................................................................................... 13

CHAPTER 2: DYNAMIC FMRI CONNECTIVITY DECOMPOSITION: A NEW
APPROACH TO ANALYZE AND INTERPRET DYNAMIC BRAIN CONNECTIVITY
........................................................................................................................................... 18
Abstract.................................................................................................................................................... 19
2.1

Introduction.................................................................................................................................. 20

2.2

Materials and Methods................................................................................................................. 23
1.1.1
Datasets ............................................................................................................................... 23
2.2.1
Simulated data ..................................................................................................................... 23
2.2.2
fMRI data ............................................................................................................................ 26
2.2.3
Dynamic connectivity analyses ........................................................................................... 27
2.2.4
Analysis of connectivity tensors ......................................................................................... 29
2.2.5
Tensor decomposition methods ........................................................................................... 30

2.3

Results.......................................................................................................................................... 35
2.3.1
Intensity images .................................................................................................................. 35
2.3.2
Simulated dynamic network ................................................................................................ 36
2.3.3
Resting state fMRI data ....................................................................................................... 42
iii

2.4

Discussion .................................................................................................................................... 46

2.5

Conclusions.................................................................................................................................. 54

2.6

SUPPLEMENTARY TO CHAPTER 2 ....................................................................................... 55

Preprocessing fMRI data ......................................................................................................................... 55
Mathematical modeling of tensor decomposition .................................................................................... 56
References ............................................................................................................................................... 63

CHAPTER 3: THE IMPORTANCE OF DYNAMIC BRAIN CONNECTIVITY DATA
STRUCTURE IN MACHINE LEARNING ALGORITHMS .......................................... 68
Abstract.................................................................................................................................................... 69
3.1

Introduction.................................................................................................................................. 70

3.2

Materials and methods ................................................................................................................. 73
3.2.1
Datasets ............................................................................................................................... 73
3.2.2
Preprocessing ...................................................................................................................... 74
3.2.3
Dynamic connectivity network creation.............................................................................. 75
3.2.4
Dynamic connectivity rank reduction using SVD ............................................................... 76

3.3

Matrix-based SVD analysis ......................................................................................................... 79
3.3.1
4th-order tensor analysis ..................................................................................................... 80
3.3.2
3rd-order tensor analysis ..................................................................................................... 81
3.3.3
Data classification ............................................................................................................... 82

3.4

Results.......................................................................................................................................... 83

3.5

Discussion .................................................................................................................................... 87

3.6

Conclusions.................................................................................................................................. 89

References ............................................................................................................................................... 90

CHAPTER 4: DYNAMIC FMRI NETWORKS PREDICT SUCCESS IN A
BEHAVIORAL WEIGHT LOSS PROGRAM AMONG OLDER ADULTS ................. 92
Abstract.................................................................................................................................................... 93
4.1

Introduction.................................................................................................................................. 94

4.2

Material and methods................................................................................................................... 96
4.2.1
Participants .......................................................................................................................... 96
4.2.2
Lifestyle interventions ......................................................................................................... 98
4.2.3
MRI scanning protocol........................................................................................................ 98
4.2.4
Image processing................................................................................................................. 99
4.2.5
Functional network creation .............................................................................................. 100
iv

4.2.6
4.2.7

Connectivity tensor rank reduction using HOSVD ........................................................... 103
Assessing prediction performance .................................................................................... 108

4.3

Results........................................................................................................................................ 110
4.3.1
Weight loss and hunger ratings following the overnight fast in the study sample ............ 110
4.3.2
Prediction performance of the dynamic brain networks .................................................... 111
4.3.3
Connectivity principal components of the dynamic connectivity networks ...................... 115

4.4

Discussion .................................................................................................................................. 119

4.5

Conclusions................................................................................................................................ 126

4.6

SUPPLEMENTARY TO CHAPTER 4 ..................................................................................... 128

References ............................................................................................................................................. 133

CHAPTER 5: SLIDING WINDOW CORRELATION ANALYSIS: MODULATING
WINDOW SHAPE FOR DYNAMIC BRAIN CONNECTIVITY IN RESTING STATE
......................................................................................................................................... 144
Abstract.................................................................................................................................................. 145
5.1

Introduction................................................................................................................................ 146

5.2

Methods ..................................................................................................................................... 149
5.2.1
Window functions ............................................................................................................. 149
5.2.2
Simulated time series ........................................................................................................ 153
5.2.3
Sliding window correlation coefficient ............................................................................. 154
5.2.4
Simulated network state transitions ................................................................................... 155
5.2.5
Clustering network states .................................................................................................. 158

5.3

Results........................................................................................................................................ 159
5.3.1
Simulated time series ........................................................................................................ 159
5.3.2
Simulated fMRI data examples ......................................................................................... 164
5.3.3
Network states clustering .................................................................................................. 167

5.4

Discussion .................................................................................................................................. 170

5.5

Conclusions................................................................................................................................ 173

5.6

SUPPLEMENTARY TO CHAPTER 5 ..................................................................................... 175

Comparing windows using real fMRI data ............................................................................................ 178
Weight loss success prediction using different window functions ........................................................ 180
References ............................................................................................................................................. 182

Chapter 6: DISCUSSION ............................................................................................... 188
6.1

Summary of the results .............................................................................................................. 189
v

6.2

The implications of data structure in multivariate pattern analysis ............................................ 192

6.3

High classification/prediction accuracy using 4th-order dynamic connectivity tensor analysis . 194

6.4

Improving machine learning modelling performance through mRect window ......................... 196

6.5

Tailoring treatments for individual patients ............................................................................... 197

6.6

Whole brain multivariate connectivity patterns ......................................................................... 198

6.7

Future directions ........................................................................................................................ 201

References ............................................................................................................................................. 206

Curriculum vitae ............................................................................................................. 214

vi

LIST OF ABBREVIATIONS
2D:

2-dimensional

3D:

3-dimensional

4D:

4-dimensional

ACC:

Anterior cingulate cortex

AG:

Angular gyrus

ANOVA:

Analysis of variance

BOLD:

Blood oxygen level-dependent

CNN:

Convolutional neural network

CP:

Canonical polyadic

CVD:

Cardiovascular disease

DCC:

Dynamic conditional covariance

DLPFC:

Dorsal lateral prefrontal cortex

DMN:

Default mode network

fMRI:

Functional magnetic resonance imaging

HBN-A:

Hot state brain network of appetite

HOSVD:

Higher order singular value decomposition

HRF:

Hemodynamic response function

ICA:

Independent component analysis

IRB:

Institutional review board

LVLPFC:

Left ventrolateral prefrontal cortex

MetS:

Metabolic syndrome

MPFC:

Medial prefrontal cortex

vii

mRect:

Modulated rectangular

PCA:

Principal component analysis

PCC:

Posterior cingulate cortex

ROI:

Region of interest

RVLPF:

Right ventrolateral prefrontal

STP:

Superior temporal pole

SVD:

Singular value decomposition

SVM:

Support vector machine

SWC:

Sliding window correlation

viii

LIST OF FIGURES
Figure 2-1 The images with changing intensity over time ............................................................. 24
Figure 2-2 Dynamic connectivity tensor creation procedure using sliding window technique ..... 28
Figure 2-3 Tensor decomposition for a generic 3D tensor 𝓒𝓒 of size 𝑫𝑫𝟏𝟏 × 𝑫𝑫𝟐𝟐 × 𝑫𝑫𝟑𝟑 .................. 31
81T

Figure 2-4 The components resulting from CP and Tucker decomposition for the images with
changing intensity over time .......................................................................................................... 36
Figure 2-5 Dynamic connectivity time series estimated using sliding window correlation method
for a representative participant....................................................................................................... 37
Figure 2-6 The components resulting from CP and Tucker decomposition for the 3D simulated
data. ................................................................................................................................................ 39
Figure 2-7 The components resulting from CP and Tucker decomposition for the 4D simulated data
....................................................................................................................................................... 41
Figure 2-8 The resulting components from 3D analysis of real fMRI data. .................................. 44
Figure 2-9 The resulting components from 4D analysis of real fMRI data. .................................. 45
Figure 2-10 Schematic representation of tensor decomposition .................................................... 57
Figure 2-11 Simulated time series, and the components resulting from CP decomposition of 3D
data structure .................................................................................................................................. 59
Figure 2-12 scatter plot of the 3D and 4D data .............................................................................. 61
Figure 2-13 The components resulting from CP decomposition for the images with changing
intensity over time when the structure of the data is preserved as a 3D tensor. ............................ 62
Figure 3-1 Schematic representation of dynamic connectivity creation process using sliding
window correlation analysis .......................................................................................................... 76
Figure 3-2 Schematic representation of generating different dynamic functional connectivity data
structures ........................................................................................................................................ 77
Figure 3-3 Prediction performance scores including accuracy, sensitivity and specificity ........... 84
Figure 3-4 The 3 highest-ordered connectivity patterns created from different data structures .... 86
Figure 4-1 Dynamic connectivity tensor creation procedure using sliding window technique. .. 103
Figure 4-2 Prediction performance resulting from dynamic connectivity static connectivity and
randomized samples. .................................................................................................................... 112
Figure 4-3 Prediction performance measures [mean with error bars reflecting ±SD across 100
validation folds] of the SVM model estimated for different window sizes and different connectivity
density thresholds. ....................................................................................................................... 114
Figure 4-4 The connectivity principal components revealed by HOSVD. .................................. 117
Figure 4-5 Weight of the features in the SVM classification model............................................ 119
Figure 4-6 Determining rank of the dynamic fMRI Networks .................................................... 128

ix

Figure 4-7 Prediction performance of networks created using food cue fMRI ........................... 130
Figure 4-8 Comparison of window size and connectivity density threshold ............................... 131
Figure 4-9 HOSVD coefficient time series of the 9 highest-ranked principal components ........ 132
Figure 5-1 Different window functions ....................................................................................... 150
Figure 5-2 Simulated dynamic connectivity data ........................................................................ 157
Figure 5-3 Comparing of different window functions in retrieving temporal correlation between
two time series 𝒙𝒙 and 𝒚𝒚. ............................................................................................................... 161
Figure 5-4 The SWC time series and frequency spectrums obtained using different step sizes;. 163

Figure 5-5 Comparing different window functions in retrieving dynamic correlation between
simulated fMRI time series .......................................................................................................... 166
Figure 5-6 Different measures resulting from 𝒌𝒌-means clustering analysis ................................ 168

Figure 5-7 Real and predicted state vs. time in different window functions ............................... 169
Figure 5-8 The SWC measure computed using different window sizes for the two time series with
static correlation over time........................................................................................................... 175
Figure 5-9 Pointwise multiplication and SWC time series and frequency spectrums with setting
𝑳𝑳 = 𝟔𝟔𝟔𝟔. ........................................................................................................................................ 176

Figure 5-10 The SWC measure vs. shift size 𝒑𝒑 and time, and the corresponding frequency spectra
obtained vs. shift size 𝒑𝒑 and frequency ........................................................................................ 177
Figure 5-11 Comparing different window functions in retrieving dynamic correlation between real
fMRI time series .......................................................................................................................... 179

Figure 5-12 Prediction performance measures (mean ± SD) obtained using different window
functions....................................................................................................................................... 181

x

LIST OF TABLES
Table 2-1 The simulated data for 3D and 4D dynamic connectivity tensor decomposition analyses
....................................................................................................................................................... 26
Table 2-2 The second simulated data for 3D and 4D dynamic connectivity tensor decomposition
analyses. ......................................................................................................................................... 58
Table 4-1 Descriptive data, mean (SD) [range] on entire sample, and mean (SD) of weight loss
groups........................................................................................................................................... 129

xi

ABSTRACT
Traditional brain network studies have implicitly assumed that functional
connectivity between distinct brain regions is static over the recording period of resting
state scans. Brain network organization must dynamically recognize, integrate and respond
to internal and external stimuli across multiple time scales. Thus, investigating dynamic
brain network connectivity may provide greater insight into understanding fundamental
properties of brain networks. This project takes three approaches to studying dynamic brain
connectivity.
We introduced a window named modulated rectangular (mRect) to address the
suppressing effect associated with the conventional windows. We provided a frequency
domain analysis to investigate how sliding window analysis using the regular window
functions may lead to unwanted spectral modulations, and then we showed how this issue
can be alleviated through the mRect window. We examined both synthetic and real fMRI
time series to assess the proposed window. We showed that the mRect window
significantly improved the performance of supervised and unsupervised machine learning
models built using dynamic connectivity networks.
We proposed tensor decomposition methods to identify the significant factors
underlying dynamic brain connectivity data presented with a multi-way array known as
tensor. Unlike the regular matrix decomposition algorithms, tensor decomposition methods
preserve the structure of tensor-based data. This would allow having separate factors in
separate information modes, i.e. connectivity pattern maps, and the corresponding
fluctuation time series and the individual participant scores for each connectivity pattern.
We used simulated data to provide a framework for further interpreting and analyzing the
1

resulting factors. We compared how different ways of reshaping the structure of tensorial
data may alter the resulting factors and their interpretations.
We examined how dynamic connectivity data structure, involving matrix structure
and 3rd- and 4th-order tensor structures, might affect classification performance.
Interestingly, we observed that the connectivity components resulting from 4th-order
tensor-based analysis outstandingly outperformed in discriminating the study groups that
differed in a biological/behavioral characteristic. These findings emphasize on the
importance of preserving connectivity data structure throughout the analysis. Future
research will help to better understand the mechanism of association between maintaining
data structure and capturing biologically-relevant information.

2

CHAPTER 1:
INTRODUCTION

1

1.1

Dynamic brain connectivity
Functional connectivity represents a measure of interaction (co-activation) between

the distinct brain regions. Functional imaging techniques allow recording a time series of
brain activity, functional connectivity is then quantified as a measure of association
between the time series of brain regions of interest (ROIs). Numerous techniques have been
proposed to estimate brain connectivity, mainly revolving around pairwise correlation
analysis [1], seed-based ROI analysis [2, 3], independent component analysis [4, 5], and
coherence and frequency domain connectivity measures [6, 7]. Traditionally, the whole
length of time series has been exploited to estimate a connectivity network that has become
known as static connectivity. However, static connectivity only represents the average
behavior of brain networks over the entire recording period. Recently, different statistical
methodologies have been developed for evaluating dynamic functional connectivity that
allows studying alterations of the functional connectivity networks over time [8-10].
Dynamic changes in the organization of network connectivity has been
demonstrated in long-term scales, e.g. throughout development [11] and aging [12]. In
addition, previous studies have explored dynamic connectivity during cognitive processes
such as goal directed/attention [13, 14] and learning [15] tasks that occur on the scale of a
common brain imaging scan (several minutes). Moreover, as resting state is a condition of
mind wandering in which participants are free to shift thoughts, it is reasonable to
hypothesize that such shifts are associated with dynamic alterations in the functional brain
connectivity [16-18]. Not surprisingly, dynamic brain connectivity in the resting state has
recently attracted great attention in neuroimaging community, with the majority of studies
reporting slow dynamic connectivity alterations occurring during resting state [19-21].
2

Various statistical strategies have been used to quantify dynamic brain
connectivity. Among these approaches, some quantify fluctuations in the pairwise interregional synchrony, e.g. sliding window [22] and coherence techniques [19], while the
others aim at recognizing the altering patterns of synchrony at a multivariate level, e.g.
independent component analysis (ICA) [4, 23]. The most straightforward method is sliding
window in which a time window of fixed length is selected and time points within that
window will be used to calculate Pearson correlation coefficients. The window is then
moved across time and a new correlation coefficient is computed for each shift. Coherence
analysis measures time series correlation in frequency domain by computing normalized
cross spectral density between the time series. Cross spectral density is defined as the
Fourier transform of cross correlation series between the two time series. ICA, as a data
driven approach, is a technique which decomposes time series data (a matrix of size no.
time points × no. voxels) into a set of spatial maps with stationary temporally coordinated
activity and associated time series. To accommodate a degree of temporal variability to the
functional connectivity networks, [10, 24] performed ICA on a sliding window basis. More
recently, multivariate volatility models have proven successful in estimating dynamic
functional connectivity [9]. These techniques model dynamic connectivity using more
conventional time series analysis techniques such as autoregressive (AR) and
autoregressive moving-average (ARMA) models [25, 26].
Among the various statistical methodologies proposed to quantify dynamic
connectivity, sliding window correlation has remained as the most popular technique, due
to simplicity in implementation and interpretation. Furthermore, unlike the multivariate
pattern analyses such as ICA, sliding window technique actually performs pairwise

3

correlation (in a successive manner). This allows dealing with the resulting connectivity
networks as a graph encompassing pairwise connections/edges. Thus, in this project, we
took advantage of the sliding window correlation technique to create dynamic connectivity
networks represented with undirected weighted graphs. We then used various data
decomposition algorithms to extract the primary connectivity patterns underlying the
graphs. These results were then used to make neuroscientific interpretations of the dynamic
brain networks. The connectivity patterns were also used in different supervised and
unsupervised learning models to investigate dynamic connectivity as a phenotype of
different biological/behavioral phenomena.

1.2

Dynamic brain connectivity tensor
The brain is organized as a complex network with numerous nodes and complex

connectivity patterns between the nodes. Using graph theory analysis, this network is
represented with a 2-way array (known as matrix) 𝐶𝐶, with each entry, 𝑐𝑐𝑖𝑖𝑗𝑗 , representing the

edge strength between the nodes 𝑖𝑖 and 𝑗𝑗. In terms of multivariate statistical modeling, brain
networks are represented in a multi-dimensional space, where each dimension

(equivalently feature, variable or attribute) represents a region or connection in the
network. In dynamic connectivity, this complex network varies over time, in other words,
the dynamic connectivity network is a series of matrices over time. Thus, for dynamic
connectivity analysis, the feature space is formed by the set of nodes or edges changing
over time. Moreover, for analyses involving multiple study participants, we have a series
of individual participants’ dynamic connectivity networks. Thus, we have multiple modes
of features (spatial mode e.g. regions or connectivities, temporal mode e.g. different time
4

points, and participant mode) that is best represented with a multi-way array structure
known as tensor.
With complex network organization extended over time and individual participants,
analyzing whole brain dynamic connectivity networks could be potentially overly
challenging. Conventionally, tensor-based data have been flattened to the conventional
matrix format, and matrix-based data decomposition methods have been used to identify
the main multivariate patterns underlying the flattened data [23, 27]. However, with
flattening, the potentially independent information patterns underlying different feature
modes may be mixed. For example, with matricizing the dynamic connectivity data, we
may not be able to compute separate variation factors in temporal and participants modes
[27]. In the current work, we propose using tensor-based decomposition algorithms that
allows preserving the data structure and identifying the main connectivity patterns along
with the corresponding variation factors in the temporal and participant modes.

1.3

Interpretation of multivariate connectivity patterns
Data-driven multivariate pattern analyses have proven successful in reducing the

feature space size of high-dimensional data such as fMRI connectivity data. For example,
they provided a reduced feature space that still contains enough information to correctly
classify various study populations [28-30]. Moreover, they have been used to identify the
connectivity patterns that had significant relationships with biological/behavioral variables
[23, 31]. It is important to note that such relationships were not detectable using the original
high-dimensional pairwise connectivity data. However, there are new risks of
misinterpretation and oversimplification when trying to interpret the multivariate
5

connectivity patterns from a neuroscientific perspective. Connectivity patterns may be
represented as an adjacency matrix or as a network in brain space encompassing a set of
nodes (equivalently brain regions) and edges connecting the nodes. However, one cannot
simply view a multivariate connectivity pattern as a regular network encompassing a set of
univariate nodes and inter-regional pairwise edges. For example, an edge between any pair
of nodes in the connectivity patterns represent a multivariate relationship between the
neighboring nodes of that pair of the nodes. The comparable interpretations were suggested
for principal component analysis (PCA) [27, 32, 33]. Unfortunately, little attention has
been dedicated to the interpretation of multivariate pattern analysis methodologies in
neuroimaging studies, especially where tensor-based data has been exploited.
In chapter 2, we built an interpretation framework for the tensor-based
decomposition of dynamic brain connectivity data, although the main ideas are applicable
to matrix-based analyses as well. In addition to 4th-order tensor representation, the groupwise dynamic connectivity may be represented with a 3rd-order tensor, due to the
symmetry of connectivity matrices at each time point and for each participant. We provided
detailed interpretations for each representation separately. We showed that tensor
decomposition methods results in a set of components each of which involving a spatial
factor (representing a relationship between brain regions/connections), a temporal factor
and a participant factor. The spatial factor can be mapped back into the brain space to create
a connectivity pattern map. The time factor is a time series that represents temporal
fluctuations of the corresponding connectivity pattern as a whole circuit. The participant
factor (called loadings in machine learning terminology) is an array of the scores assigned
to participants, with each score representing the weight of a particular participant with
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respect to the corresponding connectivity map and time factor. We used a simulated dataset
to clarify the interpretation of each node or edge in the connectivity pattern across time and
participants. It is our hope that the detailed interpretations suggested in this study will help
prevent oversimplification or inaccurate interpretations.

1.4

Prediction, classification and brain states decoding using dynamic
functional connectivity data
In practice, data decomposition approaches have actually been used to reduce the

dimensionality (feature space size) of connectivity networks to a manageable number of
components prior to performing statistical or machine learning analyses [27, 28, 31, 34].
Here, we exploited tensor decomposition to reduce the dimensionality of dynamic
connectivity data in different prediction, classification and decoding case studies. Although
these terms were used interchangeably in neuroimaging literature, it is important to
distinguish between them. In general, we used the term ‘prediction’ for the cases where we
used baseline data to forecast a specific biological/behavioral phenomenon in future [34].
However, ‘classification’ refers to the applications where we used available data to build a
machine learning model that identifies the behavioral/biological phenomenon at the current
time [35, 36]. In addition, the term ‘brain states decoding’ has been used for the studies
that use neural signals in supervised machine learning models to detect the cognitive states
underlying the brain signals [29, 30, 37]. Thus, classification can be used for diagnosis
purposes, while prediction will be potentially useful in prognosis and treatment, and brain
states decoding is particularly interesting in mental state monitoring in brain computer
interface (BCI) applications.
7

For prediction, classification and brain state decoding, the participant-wise scores
of the main connectivity components were used as the new samples in the dimensionreduced feature space. The new samples were then used in a supervised machine learning
model to discriminate between the study groups. We examined matrix-based and 3rd- and
4th-order tensor-based decomposition algorithms to reduce the feature space
dimensionality. We demonstrated that the 4th-order tensor-based decomposition resulted in
the highest performance in different case studies. Moreover, the connectivity patterns
produced by the 4th-order data decomposition show substantial overlaps with the brain
circuits known to be associated with behavioral self-regulation and cognitive states. These
outcomes introduce dynamic connectivity patterns as a potential biomarker of different
biological/behavioral phenomena and brain states that should be subject of further
investigations in future studies.
In the current study, we used dynamic brain connectivity data for classifying low
and high walking speed groups, decoding resting and stress states and predicting weight
loss treatment success. However, our primary focus has been on the weight loss success
prediction case study, as obesity is a major health care challenge throughout the US
resulting in chronic diseases, physical disability, and diabetes as well as significant
economic costs (over 117 billion dollars per year). Moreover, obesity adversely affects
executive and cognitive performance, e.g. lower sustained attention ability and lower
mental flexibility [38, 39] that may lead to poor self-regulation with lifestyle behaviors
(e.g. eating and physical habits) [40]. In this study, we used dynamic functional
connectivity, as a measure of cognitive/behavioral performance, in machine learning
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models to identify brain functional phenotypes underlying the mechanism of treatment
responsiveness.

1.5

Sliding window correlation analysis for dynamic brain connectivity
estimation in resting state
We achieved accuracy over 90% in different case studies. Assuming that the models

are generalizable to real and big data applications (e.g. datasets involving over hundreds of
thousands samples), 10% error rate may still result in a high number of incorrect
classifications/predictions. A possible way to improve accuracy is to tweak the
characteristics/parameters of the dynamic connectivity estimation technique. Although
sliding window correlation technique has remained highly popular for quantifying dynamic
brain connectivity, it suffers from multiple shortcomings, e.g. no ground-truth is known for
effectively setting window length, step size and function. The issues raised by having a
fixed window size can be partially addressed by time-frequency coherence analysis using
a wavelet transformation that provides multi-resolution time-frequency scales [19, 41].
Using this approach, window size (time scale of wavelet) is accordingly changed as a
function of the intrinsic dynamic changes associated with the brain time series. For
instance, shorter time windows are exploited for higher frequency scales of the time series
and vice versa. However, as a complex time-frequency map is yielded for each pair of
ROIs, this approach introduces new challenges when dealing with high numbers of
participants or brain regions. As mentioned above, more recently, parametric multivariate
volatility models have been introduced as an alternative to estimate the dynamic
conditional covariance (DCC) between time series as dynamic brain connectivity [9]. The
9

level of computational cost and complexity associated with such analyses render them a
better fit for mechanistic studies focusing on a specific set of brain regions, rather than
studies aiming to exploit whole brain dynamic connectivity for more complicated analyses,
e.g. multivariate pattern analysis and classification. Thus, here, instead of using complex
statistical methods to compute dynamic brain connectivity, we focused on improving the
sliding window methodology.
Recently, great effort has been dedicated to investigating the sensitivity of sliding
window dynamic connectivity analyses to different parameters. For instance, using
frequency domain analysis, [42] proposed a lower bound limit for the window length in
order to retrieve real dynamic correlations and remove spurious fluctuations. Also tapered
window functions have been proposed to reduce the high noise sensitivity associated with
the rectangular window [20], although they showed lower sensitivity to network state
transitions [22].
The regular sliding window functions are all associated with a tapered-shape
frequency spectrum. Since slinging window functions operate as a low pass filter on the
time series cross correlation, regular windows thus tend to suppress dynamic correlations
especially those with faster alterations over time. This issue arises from the fact that in the
frequency domain sliding window operates as a non-uniform low-pass filter on the
dynamic correlation spectrum. While low-pass filter is supposed to possess a uniform
spectrum within the passband, the conventionally-used window functions all result in a
tapered shape spectrum with the maximum power located at the frequency of zero. To
alleviate this issue, we introduced a new window, combining a regular rectangular window
and a second rectangular window multiplied by a cosine function, with flattened frequency
10

spectrum within the passband. We compared the proposed window with the popular
windows in retrieving real dynamic correlations amplitude. In addition, to study how the
performance of the proposed window may differ from the regular windows in the network
scale, we created simulated networks with altering states over time, with each state
representing a unique spatial connectivity map. The proposed window significantly
outperformed the commonly-used windows in detecting state changes in the simulated
networks. The findings of this study suggest that the proposed mRect window can enhance
dynamic connectivity estimation in network level analysis and eventually modify the
outcomes and inferences made based on the dynamic functional connectivity network
analysis.

1.6

Thesis Outline
The Chapter 2 details different approaches of analyzing and interpreting dynamic

connectivity data. We examined different decomposition methods (e.g. Tucker and
canonical polyadic decomposition algorithms) as well as different structures of dynamic
functional connectivity data (e.g. 3rd and 4th-order connectivity tensors). Using simulated
data, we also provided a general framework that can be used to interpret the resulting
components, and clarified the borders within which the components might be interpreted
to caution about the risk of misinterpretations and oversimplifications. In Chapter 3, we
investigated how machine learning classification performance was affected when different
data structures were applied to the dynamic connectivity tensors involving matrix, and 3rdand 4th-order tensor representations. We examined different datasets (including resting
state and task fMRI) to identify the data structure that resulted in the highly informative
11

dimension-reduced feature space. In Chapter 4, we applied the 4th-order dynamic
connectivity tensor decomposition approach for prospectively predicting weight loss
success in the overweight/obese older adults that participated in an 18-month behavioral
weight loss program. In addition to investigate how different settings of the algorithm
parameters may affect the classification performance, we investigated how the
classification performance changed when static connectivity was exploited. We also
provided a detailed discussion over the main connectivity components that discriminated
between the weight loss groups. In Chapter 5, we studied how sliding window operation
can suppresses dynamic correlations and proposed a method to more effectively retain the
amplitude/power of dynamic correlations. Finally, a concluding chapter, Chapter 6,
discusses the findings presented in this project, and their implications for future research.
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Abstract
As brain network organization likely fluctuates over time to react to internal and
external stimuli, the validity of conventional static brain connectivity models is being
questioned. Thus, there is a growing interest in using so-called dynamic network analyses.
Brain network analyses yield complex network data that is difficult to analyze and
interpret. To deal with the complex structures, data reduction techniques that simplify the
data are often used. For dynamic network analyses, data reduction is of even greater
importance, as dynamic connectivity analyses result in a time series of complex networks.
Decomposition/factorization methods that identify the main components underlying the
data are gaining popularity for dynamic brain connectivity data reduction. A new challenge
that must be faced when using these techniques is how to interpret the resulting network
components. Thus, the primary goal of this paper is to specifically address this challenge
and discuss issues that must be considered when interpreting the network components.
Based on simulated and real connectivity data analyses, we argue that the network
components cannot be interpreted in the same manner as the original functional networks,
e.g. connections in the resultant network maps represent complex relationships between
nodes, not simple associations between the nodes time series. We also demonstrate that the
strength of each network varies across time and across participants in a study population.
The network maps should always be interpreted in conjunction with these weights that
denote how any one component contributes to overall brain network connectivity at a given
time or in a given participant.
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2.1

Introduction
The brain inherently possesses a complex network organization and brain network

analyses have become a major methodology in neuroimaging [1]. Most recently the idea
of static network representation of the brain is being questioned [2, 3] and researchers are
studying dynamic changes in brain networks. Although this is an issue of intensive
research, it is beyond the scope of this paper to resolve the debate over static versus
dynamic brain networks. Instead, we recognize the growing literature using dynamic
connectivity methods and our main focus will be to address the challenges for the analysis
and interpretation of dynamic complex brain networks [4]. Readers interested in static
versus dynamic connectivity issues are referred to prior work [3-6].
Various methodologies have been exploited to estimate dynamic connectivity such
as sliding window correlations [3, 7], time-frequency coherence analysis [2] and parametric
auto-regressive models [8]. Regardless of the technique, dynamic connectivity estimation
extends the brain network representation along the temporal domain. Thus, each study
participant will have many brain networks that represent the change in connectivity across
time. This can result in data sets that are exceedingly complex and difficult to further
analyze or interpret.
Multivariate data decomposition approaches have recently gained popularity [9-11]
to simplify dynamic brain network data. The primary objective of decomposition applied
to functional brain networks is to identify the main connectivity components underlying
the data such that all the components together could optimally reconstruct the original
complex network time series. As static brain networks are traditionally represented in
matrix format, the dynamic connectivity can be represented with a series of matrices that
20

forms a 3-dimensional (3D) array, also known as 3D tensor. Collecting identical data for
many subjects adds a 4th dimension and yields a 4D tensor. Among the existing approaches
for multi-dimensional data decomposition, we mainly focus on Tucker decomposition (also
known as higher-order singular value decomposition, (HOSVD) or multi-linear singular
value decomposition) [12] and canonical polyadic (CP) decomposition (also known as
parallel factorization) [13, 14].
There are two key benefits of such data reduction techniques. First they reduce the
large variable set (a time series of whole brain networks) to a much smaller set of
connectivity components. This simplifies any further analyses as much less data is needed
to represent the networks from a given participant or even population of participants.
Second, the resulting network components capture the interacting connectivity patterns
underlying the complexity of data that may not be simply observable in the original
network time series [9, 15]. However, interpreting connectivity components resulting from
these multivariate data-driven approaches remains an ongoing challenge. The main goal of
this paper is to provide guidance on how to interpret the brain network components that
result from these data decomposition approaches. It is our hope that this detailed discussion
of these methods will help prevent oversimplification or inaccurate interpretations.
Our main conclusions from this paper are as follows.

(1) Interpreting the

components of a CP decomposition is more straightforward than interpreting those of a
Tucker decomposition, but the Tucker model is often more effective in the context of
reduced-order analysis (like group differentiation). (2) A connectivity matrix of a
component of a decomposition should not be confused with a correlation matrix, even if it
can be visualized in a similar way. (3) Dynamic connectivity data across multiple subjects
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is naturally 4D, but the two modes corresponding to region connectivity can be flattened
to yield a 3D data tensor; decomposing the 4D tensor imposes more structure on the
connectivity matrix of each component, as compared to a decomposition of the 3D tensor.
Before detailing the results from the CP and Tucker methods for 3D and 4D
structures of the data, we briefly discuss the main idea of data decomposition methods. We
then describe the model structure for tensor decomposition methods. Technical aspects are
kept as brief as possible, as the primary goal is to clarify the implications of the resulting
connectivity components and the extent to which such data may be interpreted. Simulated
networks and real functional magnetic resonance imaging (fMRI) connectivity data were
used to clarify the appropriate interpretation of connectivity components. For group
analysis of dynamic brain networks, we showed that tensor decomposition methods
resulted in a set of components that included a spatial factor (representing brain
connections/regions), a time factor, and a participant factor. The spatial factor can be
mapped back into brain space to create a network map. The time factor is a time series that
presents the temporal fluctuations of the corresponding network map. The participant
factor is an array of scores assigned to each participant with the scores representing the
strength of each participant’s contribution to the corresponding network map and time
factor. The resulting participant scores may then be used in statistical analysis for between
group comparisons [9-11].
We conclude with a discussion about how each network map as a whole represents
a multivariate connectivity pattern and should not be segregated to separate nodes or edges.
We also raise the issue that deeper interpretations of the components requires careful
considerations. For example, we discuss that the weight of each edge in the network maps
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does not simply represent the corresponding connectivity value (correlation value) in the
original connectivity data, rather the edge weight represents a higher order association
between nodes/edges that should be interpreted together with the corresponding time and
participant factor. In addition, we investigated how one may interpret the negative and
positive edges in the network maps.

2.2
1.1.1

Materials and Methods
Datasets
In this study, we used both simulated networks and real fMRI connectivity data to

examine the implications of data decomposition approaches, each of which is briefly
explained in the following.

2.2.1 Simulated data
2.2.1.1 Intensity images changing over time
For this data, we had two images with a same size of 64 × 64 (pixels) as shown in

Figure 2-1. Intensity of the entire images changes over time periodically with a cosine
function with the length 𝑇𝑇 = 1000 time points. The first image intensity changes 2 times

faster than the second image. We represented each image by a single intensity vector and
then multiplied the resulting vector by the corresponding fluctuation time series to make a
matrix (equivalently 2-way tensor) of size 𝐼𝐼 × 𝑇𝑇, where 𝐼𝐼 represents total number of the

image pixels, i.e. 3600. Finally, we summed the two matrices to create a combined image.
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This relatively simple example data was used to visually depict the components that are
extracted from a time series of matrices using data decomposition methods.

Figure 2-1 The images with changing intensity over time

The two images (a), and their corresponding intensity fluctuation time series (b).

2.2.1.2 Simulated networks
In brain studies, the connectivity between two separate regions is commonly
quantified as the temporal correlation between the activity time series of those regions [1].
Thus, a simple way to interpret a connection between two nodes is to assume those nodes
fluctuate very similarly over time, equivalently, their fluctuation frequency should be very
similar. Using this idea, we simulated a network including 8 nodes with nodes {1, 2, 3},
{4, 5} and {6, 7, 8} showing similar temporal fluctuation patterns. This resulted in a
simulated network with 3 connected sets of nodes. The length of time series was 1000 time
points. The time series of nodes {1, 2, 3} and {4, 5} fluctuated with a cosine function in
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the first half of the time period, and then shifted to random noise in the second half of the
period. In contrast, the time series of nodes {6, 7, 8} was random noise and then a cosine
harmonic in the first and second halves of the time period, respectively. The oscillations in
this simulated data were in the low frequency range i.e. ~[0.01, 0.1 Hz] to be consistent
with the signals found in real resting-state fMRI data [16]. The nodal time series are
depicted in Table 2-1.
A “population” of networks was simulated with 𝑛𝑛 = 30, in order to generate a data

set that resembles a population of participants in a typical fMRI study. To be consistent
with the terms used for the real fMRI data, we refer to simulated data samples as
participants in the rest of the paper. The connectivity of nodes {1, 2, 3} and {4, 5} varied
linearly across the participants, and the connectivity between nodes {6, 7, 8} varied with a
rectangular function across participants. For the remaining connections, the correlation
varied according to a random normal noise (𝒩𝒩(0, 0.05)) across participants. The variation
pattern across the sample population is represented in Table 2-1.
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Table 2-1 The simulated data for 3D and 4D dynamic connectivity tensor decomposition analyses: the
set of connected nodes (first column), and nodal time series (second column); each node fluctuates with
a cosine harmonic in the half of the time series and a random normal noise (noted by 𝒏𝒏𝒊𝒊 ~𝓝𝓝(𝟎𝟎, 𝟎𝟎. 𝟎𝟎𝟎𝟎),
where 𝒊𝒊 ∈ {𝟏𝟏, 𝟐𝟐, … , 𝟖𝟖}) in the other half of the time series, 𝒕𝒕 is the index of time. Note that connected
nodes fluctuate with a similar frequency. The third column represents the variation patterns across
the participants for the connectivities within the corresponding set of nodes (noted in first column), 𝒏𝒏
is the index of participants.
Sets of connected nodes

Time series

Sample mode variations

{1, 2, 3}

cos(2𝜋𝜋 × 0.0100𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑆𝑆1 (𝑡𝑡) = �
𝑛𝑛1
501 < 𝑡𝑡 < 1000

𝑃𝑃1 (𝑛𝑛) = 1/30𝑛𝑛
1 ≤ 𝑛𝑛 ≤ 30

cos(2𝜋𝜋 × 0.01002𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑆𝑆2 (𝑡𝑡) = �
501 < 𝑡𝑡 < 1000
𝑛𝑛2

−cos(2𝜋𝜋 × 0.1001𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑆𝑆3 (𝑡𝑡) = �
𝑛𝑛3
501 < 𝑡𝑡 < 1000

{4, 5}

1 < 𝑡𝑡 < 500
− cos(2𝜋𝜋 × 0.03004𝑡𝑡)
𝑆𝑆4 (𝑡𝑡) = �
𝑛𝑛4
501 < 𝑡𝑡 < 1000

𝑃𝑃2 (𝑛𝑛) = 𝑃𝑃1 (𝑛𝑛)

{6, 7, 8}

𝑛𝑛6
1 < 𝑡𝑡 < 500
𝑆𝑆6 (𝑡𝑡) = �
cos(2𝜋𝜋 × 0.07001𝑡𝑡) 501 < 𝑡𝑡 < 1000

1/3
1 ≤ 𝑛𝑛 ≤ 10
𝑃𝑃3 (𝑛𝑛) = �2.5/3 11 ≤ 𝑛𝑛 ≤ 20
1/3 21 ≤ 𝑛𝑛 ≤ 30

cos(2𝜋𝜋 × 0.03005𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑆𝑆5 (𝑡𝑡) = �
𝑛𝑛5
501 < 𝑡𝑡 < 1000

𝑛𝑛7
1 < 𝑡𝑡 < 500
𝑆𝑆7 (𝑡𝑡) = �
cos(2𝜋𝜋 × 0.07003𝑡𝑡) 501 < 𝑡𝑡 < 1000

𝑛𝑛8
1 < 𝑡𝑡 < 500
𝑆𝑆8 (𝑡𝑡) = �
cos(2𝜋𝜋 × 0.07002𝑡𝑡) 501 < 𝑡𝑡 < 1000

2.2.2 fMRI data
We analyzed resting state fMRI (rs-fMRI) data collected as part of a randomized
weight loss intervention study [17]. The study protocol was approved by the institutional
review board, and all participants gave informed consent. There were 52 obese/overweight
older adults (mean age: 67.62, BMI ≥ 28 kg/m2 but < 42 kg/m2, female: 39, male: 13) that
gave informed consent and completed the study. As our analyses are for demonstration
purposes not hypothesis testing, we randomly chose 20 of those participants for analyses
in this paper. We performed standard fMRI preprocessing to transform a functional atlas
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of 268 brain regions [18] to each participant’s native space. We then used the resulting
images to extract the average fMRI time series for each brain region in each participant.
This resulted in a time series set with 268 regions and 147 time points for each participant.
For greater details regarding this data and preprocessing methodologies, refer to
supplementary materials.

2.2.3 Dynamic connectivity analyses
There are various approaches to estimate dynamic brain connectivity, mostly
resulting in a 3D array/tensor for each individual participant. Before further discussion
about these techniques as applied to our simulated and real data, we explain how a
connectivity tensor is represented. Traditionally, brain network connectivity is presented
in matrix format (or equivalently a 2D array). For example, for a brain network between 𝑁𝑁

regions, the connectivity matrix 𝐶𝐶, is of size 𝑁𝑁 × 𝑁𝑁, in which the entry 𝑐𝑐𝑖𝑖𝑖𝑖 represents the

strength of connections between regions 𝑖𝑖 and 𝑗𝑗. For the vast majority of functional
networks, this matrix is symmetric as 𝑐𝑐𝑖𝑖𝑖𝑖 = 𝑐𝑐𝑗𝑗𝑗𝑗 . For a dynamic connectivity analysis, there

are multiple connectivity matrices generated across time. Such matrices should be
concatenated over time, resulting in a data best represented with a 3D tensor.
In this work, we used sliding window correlation analyses [3, 19] to quantify
dynamic connectivity (Figure 2-2). For this technique, the fMRI time series are divided to
𝑇𝑇 overlapping windows, for each of which a pairwise correlation matrix is created. The

resulting matrices are stacked to create a 3D connectivity tensor of size 𝑁𝑁 × 𝑁𝑁 × 𝑇𝑇. For
performing group-wise data decomposition, the 3D connectivity tensors from all the
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participants are concatenated to create a 4D tensor of size 𝑁𝑁 × 𝑁𝑁 × 𝑇𝑇 × 𝑀𝑀, where 𝑀𝑀 is the
number of individual participants.

Figure 2-2 Dynamic connectivity tensor creation procedure using sliding window technique

A window of fixed length is used to divide the fMRI time series to 𝑇𝑇 overlapped splits. For each split, a
connectivity matrix is then constructed using pairwise Pearson correlation analysis, by concatenating the
resulting matrices along the time, a 3D connectivity tensor of size 𝑁𝑁 × 𝑁𝑁 × 𝑇𝑇 is created for each participant.

According to the paper published by [20], to exclude spurious fluctuations caused
by intrinsic statistical properties of individual nodes time series from sliding window
correlation measures, the length of window should be higher than 1/𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 , where 𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 is

the lowest fluctuation frequency present in the time series. Thus, for the simulated time

28

series, we set the window length to 𝐿𝐿 = 101 time points. This length also allowed
excluding spurious fluctuations in the correlation values yielded by the random noise, as

checked following the computations. The resulting connectivity tensor was of size 8 × 8 ×

901 × 30 (nodes × nodes × time windows × samples). For real fMRI data using a sliding
window of length 𝐿𝐿 = 57𝑇𝑇𝑇𝑇 (here 𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 = 0.009), a connectivity tensor was created for
each participant. As mentioned above, for group-wise data decomposition, the participant’s

connectivity tensors were concatenated to create a 4D tensor of size 268 × 268 × 91 × 20
(regions × regions × time windows × participants).

2.2.4 Analysis of connectivity tensors
The connectivity tensors were analyzed in two different ways: 1) they were
unfolded into 3D tensors, or 2) the whole 4D tensor structure was used in the decomposition
models. It is also possible to reshape the group dynamic connectivity tensor into a 2Dmatrix
[9] and use traditional PCA analyses on the resulting matrix. Here, as our primary focus
was on tensor methods, we investigated different ways of using dynamic connectivity data
in tensor decomposition models. For example, due to symmetry, the either upper triangular
of the matrices at each time window was unfolded into an individual vector. The resulting
vectors across time and participants were then stacked together to create a 3D tensor of size
𝑁𝑁(𝑁𝑁 − 1)/2 × 𝑇𝑇 × 𝑀𝑀 (connections × time windows × participants). Here, the first

dimension represented connectivity mode, the second dimension represented time mode,
and finally the third dimension represented participant mode. We also used the entire 4D
structure of group connectivity tensor in the decomposition algorithm. For the 4D tensor,
the first and second dimensions represented regions, the third dimension represented time,
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and the fourth dimension represented individual participants. Throughout the document we
use 3D and 4D tensor terminology to refer to these two approaches. The main difference
between these analyses was that for the 3D data, each connection between a pair of regions
(network edge) represented a variable in the first dimension, while for the 4D data each
region represented a variable in the first and second dimensions. We used the ground truth
supplied by the simulated network to investigate how these two approaches resulted in
different components and required different interpretations.

2.2.5 Tensor decomposition methods
The primary goal of data decomposition methods is to identify a simpler
representation of complex data in the form of main components that explain a major portion
of data variance (equivalently data content). The schematic of tensor decomposition for a
generic 3D tensor, 𝒞𝒞 of size 𝐷𝐷1 × 𝐷𝐷2 × 𝐷𝐷3 , is represented in Figure 2-3 (a). Tensor

decomposition models preserve the information embedded in the structured tensors by
computing the main factors of each dimension separately, and a core tensor that represents
the strength of interaction/association between the factors of different dimensions. For the
toy example shown in Figure 2-3, 𝑈𝑈 (1) , 𝑈𝑈 (2) and 𝑈𝑈 (3) are factor matrices, such that each

column on these matrices represents a factor of the corresponding dimension. The entry
𝑔𝑔𝑖𝑖𝑖𝑖𝑖𝑖 of the core tensor, 𝒢𝒢, that is on the intersection of the 𝑖𝑖-th horizontal plan, 𝑗𝑗-th vertical

plan and 𝑘𝑘-th frontal plan, represents the strength of correlation between the 𝑖𝑖-th factor of

the first dimension, 𝑗𝑗-th factor of the second dimension and 𝑘𝑘-th factor of the third
dimension.
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Figure 2-3 Tensor decomposition for a generic 3D tensor 𝓒𝓒 of size 𝑫𝑫𝟏𝟏 × 𝑫𝑫𝟐𝟐 × 𝑫𝑫𝟑𝟑

Tensor decomposition for a generic 3D tensor 𝒞𝒞 of size 𝐷𝐷1 × 𝐷𝐷2 × 𝐷𝐷3 that decomposes the tensor to a core
tensor 𝒢𝒢 of size 𝑅𝑅1 × 𝑅𝑅 × 𝑅𝑅3 and a factor matrix in each dimension, i.e. 𝑈𝑈 (𝑝𝑝) of size 𝐷𝐷𝑝𝑝 × 𝑅𝑅𝑝𝑝 , where 𝑝𝑝 ∈
{1, 2, 3} is the dimension index. Each column of a matrix represents a factor in the corresponding dimension.
Thus, the values of {𝑅𝑅1 , 𝑅𝑅2 , 𝑅𝑅3 } determines how well the decomposition components may approximate the
original tensor 𝒞𝒞, and may be increased to achieve the pre-defined approximation threshold level (a). The
decomposition method can be reformatted in the form of row (b), which shows that each component of the
decomposition emerges as the interaction (outer product) between the factors of different dimensions. The
same notions provided here can be generalized to 𝑛𝑛-dimensional tensors where 𝑛𝑛 > 3.

Tensor decomposition can be reformulated in the form of Figure 2-3 (b). As shown
in Figure 2-3 (b), the component weighted by 𝑔𝑔𝑟𝑟1 𝑟𝑟2 𝑟𝑟3 is the outer product of the factors
(1)

(2)

(3)

𝑈𝑈𝑟𝑟1 , 𝑈𝑈𝑟𝑟2 and 𝑈𝑈𝑟𝑟3 , in the dimensions 1, 2 and 3 respectively. Each component presents a
rank-one tensor with the same size as 𝒞𝒞, i.e. 𝐷𝐷1 × 𝐷𝐷2 × 𝐷𝐷3 , as it is produced by the outer

product of ‘one’ factor in each dimension. In other words, tensor decomposition breaks a
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tensor to a series of rank-one tensors. To be consistent throughout the paper, we refer to
each component as comprised of the individual factors with the corresponding core tensor.
For interested readers, a basic scheme of tensor-based decomposition mathematical
formulation is explained in the Supplementary Materials. However, to follow the remaining
sections of this paper, minimum knowledge of the model’s mathematical theory is
necessary.

2.2.5.1 Tucker decomposition
Tucker decomposition is a generalization of the regular matrix-based singular value
decomposition (SVD) that constrains the factor matrices to be orthogonal [12]. In other
words, each factor matrix represents a set of orthogonal, therefore linearly independent,
factors in a specific dimension. Unlike regular SVD, which constrains the core matrix to
be diagonal, the entries of the core tensor diagonal and off-diagonal, can be any real
positive or negative number. Note that for a diagonal matrix, only diagonal entries can be
non-zero. For most tensor decomposition methods, both orthogonality and diagonality
constraints may not be satisfied simultaneously [21].
As mentioned above, the core tensor entries determine the strength of interaction
between the factors of the different dimensions. Thus, for Tucker decomposition, any
combination of factors of different dimensions could potentially represent an interaction
with the possible number of combinations being 𝑅𝑅1 × 𝑅𝑅2 × 𝑅𝑅3 for the example shown in
Figure 2-3. Although decomposition is simpler when no constraints are applied to the core
tensor, such analyses are associated with significant challenges due to high number of
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factor interactions that must be analyzed and interpreted. See Results section for
clarification.

2.2.5.2 Canonical polyadic (CP) decomposition
CP constrains the entries of the core tensor to be zero, except the super-diagonal
entries, where 𝑟𝑟1 = 𝑟𝑟2 = 𝑟𝑟3 but the method does not include an orthogonality constraint.

Thus, for CP decomposition there are the same number of factors in each dimension (e.g.
𝑅𝑅1 = 𝑅𝑅2 = 𝑅𝑅3 = 𝑅𝑅 in the example shown in Figure 2-3. In the case of a connectivity
tensor, super-diagonality suggests that each factor in the connection/region dimension is

associated with only one factor in time dimension and one factor in participant dimension.
Thus, only 𝑅𝑅 interactions between the factors of different dimensions exist. The

components generated by the CP model are not orthogonal, and could be linearly
dependent.

2.2.5.3 Generating network maps in brain space
For 3D analyses, in order to visualize the network maps in brain space, each
resulting factor of the first dimension was symmetrically embedded in both upper and
lower triangular entries of a zero matrix of size 𝑁𝑁 × 𝑁𝑁. Each node and associated
connections were mapped back to its respective location in brain space. Comparable maps

were generated using 4D analysis. As mentioned earlier, the factors of the first and second
dimensions both represent the connectivity variation patterns across regions due to
symmetry. We exploited these factors to create network maps in brain space as 𝐼𝐼𝑟𝑟1 𝑟𝑟2 =
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(1)

(2)

𝑈𝑈𝑟𝑟1 ∘ 𝑈𝑈𝑟𝑟2 , where 𝐼𝐼𝑟𝑟1 𝑟𝑟2 ∈ ℝ𝑁𝑁×𝑁𝑁 represents the map made by factors 𝑟𝑟1 ∈ {1, … , 𝑅𝑅1 } and

𝑟𝑟2 ∈ {1, … , 𝑅𝑅2 } from the dimensions 1 and 2, respectively, and ‘∘’ is the symbol of ‘outer

product’ operation. The resulting network map was a matrix of size 𝑁𝑁 × 𝑁𝑁, and the entry
(1)

(2)

𝐼𝐼𝑟𝑟1 𝑟𝑟2 (𝑖𝑖, 𝑗𝑗) was computed as 𝐼𝐼𝑟𝑟1 𝑟𝑟2 (𝑖𝑖, 𝑗𝑗) = 𝑈𝑈𝑟𝑟1 (𝑖𝑖)𝑈𝑈𝑟𝑟2 (𝑗𝑗).

2.2.5.4 Implementation
Both Tucker and CP decomposition approaches were used to identify the
components underlying different modes of data. Furthermore, these approaches were run
on both 3D and 4D tensors. Thus, overall, we performed 4 different analyses on the
simulated and real fMRI data. The N-way Toolbox for MATLAB was used to perform
these analyses [22]. Different strategies have been proposed in literature to determine the
number of components that best represent the data, such as checking model fitness (or
residual) and core consistency diagnostic measures [23], or using cross validation to assure
that comparable components are identified across different permutations of the available
sample [14]. Here, for the simulated data, we chose the number of components based on
knowledge of data ground truth. For the real fMRI data, where there is lack of prior
knowledge about the dynamic connectivity components, we tested model fitness to
estimate the number of components. Model fitness was quantified as the norm of the
difference between the data reconstructed by the components and the original data [22]. In
this work, we used a threshold of 80% for model fitness to determine the number of
components. As mentioned earlier, CP structure requires the same number of factors in all
dimensions. Here, for Tucker decomposition, we also chose the same number of factors,
as it could potentially result in smaller off-diagonal core tensor entries [24]; thus,
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potentially lower number of significant interactions between the factors of different
dimensions would exist, leading to decreased efforts required for computations and
interpretations.

2.3

Results

2.3.1 Intensity images
Figure 2-4 shows decomposition results for the intensity modulated images using
the CP model in two separate runs. The number of components was set to 2 for both runs,
as two different images fluctuating with 2 different temporal patterns were fused to make
this data. In the first run the general CP model yielded 100% fitness, but failed to identify
the original images with their temporal fluctuations; rather, a combination of intensity
images as the spatial factors and time series as the temporal factors were identified. For the
second run, based on the available domain knowledge of intensity images (that are nonnegative), we constrained the factor matrices to be non-negative. The non-negative tensor
decomposition identified the original images, with 100% fitness. This demonstrates that
knowledge of the data is an essential factor in interpreting decomposition outputs.
Unfortunately, our understanding of brain connectivity is rudimentary meaning that
interpretation of dynamic brain connectivity analyses faces major challenges [4].
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Figure 2-4 The components resulting from CP and Tucker decomposition for the images with changing
intensity over time

The original images (size: 64 × 64 pixels) together with their intensity fluctuation time series (length: 𝑇𝑇 =
1000) (a). The intensity of these images were summed over time yielding a tensor of size 64 × 64 × 1000,
the components resulted from CP decomposition (b), and the components resulted from CP decomposition
constrained to have non-negative factor matrices (c).

2.3.2 Simulated dynamic network
Figure 2-5 represents dynamic connectivity (correlation value) time series
estimated using a window of length 100 time points. This data actually represents a 3D
tensor of size 8×8×901. As evident by the figures, there were three sets of connected nodes
that exhibit varying connectivity over time, i.e. the pairwise connections between nodes in
3 different sets {1, 2, 3}, {4, 5} and {6, 7, 8}. Nodes 1 and 2 were initially highly positively
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correlated with each other and were both negatively correlated with node 3. The dynamic
change in the latter half of the time series (shift from cosine signals to random noise)
resulted in a loss of these relationships. Nodes 4 and 5 were negatively correlated to each
other in the first half of the time series and uncorrelated in the last part of the time series.
Nodes 6, 7, and 8 were initially not correlated and then all became positively correlated in
the latter part of the time series. There were only weak (random) associations between
nodes belonging to different clusters.

Figure 2-5 Dynamic connectivity time series estimated using sliding window correlation method for a
representative participant.

Each cell in the figure shows the time course of the correlation (r-value) between the time series for the given
node pair whose labels are noted on the top and right rows. For each cell, time is on the 𝑥𝑥-axis and Pearson’s
correlation is on the 𝑦𝑦-axis. Note that, for example, node 1 and node 2 (cell [1, 2] and cell [2, 1]) were strongly
positively correlated for the first portion of the time series. This correlation dropped toward zero (0) in the
latter half of the time series. The cells with grey shading have time series changes that were due to random
noise rather than meaningful node correlations. The correlation of each node with itself was set to zero for
the whole time series and is not depicted in this figure.
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For the 3D analysis, only the lower triangular part of correlation data was used.
Figure 2-5 indicates that there were two sets of nodes with consistent dynamic connectivity
patterns ({1, 2,…,5} and {6, 7, 8}), each showed similar fluctuations over time and
participant. This is evident by the similar correlation time courses in Figure 2-5. It should
be noted that the similarity in the correlation dynamics does not indicate that the nodes’
time courses all correlated. For example, edges between nodes {2, 3} and nodes {4, 5} had
similar correlation dynamics. However, node 3 was connected (correlated with) node 2 but
not nodes 4 or 5. Based on this a priori knowledge, the number of components, 𝑅𝑅, for the
CP decomposition was set to 2. We observed that two components explained over 99% of
data variance. Similarly, for Tucker decomposition, using [𝑅𝑅1 , 𝑅𝑅2 , 𝑅𝑅3 ] = [2, 2, 2], a similar

level of data variance was captured. The network maps, and their corresponding time and
participant factors are shown in Figure 2-6. To facilitate comparison between different
component strengths, the core tensor entry corresponding to each component is noted on
the top, while the factors’ norm in all dimensions was set to 1. Note that for the CP method,
there were only 2 interactions between the factors of different dimensions, due to the superdiagonality constraint. The first component contained the first factors in each of the
network, time series, and participant weight dimensions, and the second component
contained the second factors.
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Figure 2-6 The components resulting from CP and Tucker decomposition for the 3D simulated data.

Components that resulted from CP decomposition of the 3D data, including the network, time series, and
participant weighting factors (a). The comparable components that resulted from 3D data using Tucker
decomposition. Each panel represents a component (b). The matrix representation shows the edge weights
for each network, the top graph (red line) shows the time factor, and the bottom graph (green line) shows the
participant weight factor. The 𝑦𝑦-axis for the line plots represents the magnitude of each factor. The 𝑥𝑥-axis is
time and participant number for the top and bottom panels, respectively. The components are ordered
according to the value of the corresponding core tensor entry. Component are labeled with the core tensor
entries (𝑔𝑔) such that each entry represents the factor number for network, time series, and participant weight.

Due to applying no constraint to the core tensor in Tucker decomposition, setting
[𝑅𝑅1 , 𝑅𝑅2 , 𝑅𝑅3 ] = [2, 2, 2] yielded 8 potential interactions between the different dimensions.

Note that core tensor entries (𝑔𝑔) are various combinations of factors such that, for example,
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components 1 and 4 share network and time factors, but not participant factors, while
components 1 and 2 share a same participant factor but not network maps or time factor.
For this simulated data, the entries {𝑔𝑔111 , 𝑔𝑔221 , 𝑔𝑔222 , 𝑔𝑔112 } of the core tensor captured the

majority of the variance (~95%), suggesting that the current data could be efficiently
reduced to the corresponding components.
Recall that for the 4D analysis, each region (more specifically the set of each
region’s connections, while the order of connections was preserved as shown in Figure 2-5,
we called this ordered set ‘connectivity profile’ of the region) represented a variable.
Considering Figure 2-5, we see that each region by itself may represent a different
fluctuation pattern. When the number of components, 𝑅𝑅, was set to 8 in CP model over
99% of data variance was captured, while it was ~90% with 7 components, implying that
8 was the proper choice for this data. For the Tucker decomposition, as we had 8 different
fluctuation patterns across regions, 2 across time, and 2 across participants,
[𝑅𝑅1 , 𝑅𝑅2 , 𝑅𝑅3 , 𝑅𝑅4 ] = [8, 8, 2, 2] was used. This setting explained a similar level of data

variance as 𝑅𝑅 = 8 in the CP model. The resulting components from the 4D tensors are
presented in Figure 2-7. For the Tucker decomposition, there were numerous potential
interactions between the factors of different dimensions (i.e. 256). We sorted the core
tensor entries to identify the strongest interactions. The 9 highest-ranked components of
Tucker decomposition are shown in Figure 2-7.
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Figure 2-7 The components resulting from CP and Tucker decomposition for the 4D simulated data

Component that resulted from CP decomposition of the 4D data including the network, time series, and
participant weighting factors (a). The comparable components that resulted from 4D data using Tucker
decomposition. The 9 highest-ordered components are shown for tucker model (b). See Figure 2-6 legend for
a description of each panel. Each component is labeled with the core tensor entries (𝑔𝑔) such that the first two
entries represents the factor number for the network map, the 3rd entry is the time series factor, and the last
entry is the participants weight.
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2.3.3 Resting state fMRI data
The components resulting from CP and Tucker decomposition analyses on the rsfMRI data were generated for both 3D and 4D data formats. For the 3D data using CP
decomposition, the number of components was set to 𝑅𝑅 = 10 to capture 80% of data

variance. The same number of components (e.g. 10) for fMRI dynamic connectivity tensor

decomposition has been used previously [10, 25]. The 6-highest ranking components
(including the network maps, time and participant factors) were selected for use in Figure
2-8 (a). For Tucker decomposition, we set 𝑅𝑅1 = 𝑅𝑅2 = 𝑅𝑅3 = 10. Similar to the simulated
data, there were numerous potential interactions (i.e. 1000) between the different

dimensions. The 6 highest-ranked components of Tucker decomposition were also selected
for visualization in Figure 2-8 (b). Note that for both CP and Tucker methods, the resulting
brain networks had nodes that were widely distributed throughout brain space. There were
some nodes in each component that had higher strength (total of weighted edged) as
indicated by node size, but overall node strength was relatively homogeneous. Some spatial
clustering of the high strength nodes was evident in the network maps (for example left
lateral and medial frontal regions in component 2 of the CP analysis) but not to the extent
seen in the 4D analysis (see Figure 2-9). The time factor for the CP analysis was strikingly
similar across the top 6 components. For the Tucker method, all of the top 6 components
had the same time factor (factor 1) as noted by the second value in the 𝑔𝑔 entry. The
participant factors for both methods were different for each of the components.

For 3D analysis, 80% of variance was explained with 10 components for both CP
and Tucker models, while the same number of components only captured ~50% of 4D data
variance, implying that a higher number of components was required to represent 4D data.
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Here, we used 𝑅𝑅 = 20, and [𝑅𝑅1 , 𝑅𝑅2 , 𝑅𝑅3 , 𝑅𝑅4 ] = [20, 20, 20, 20] to capture 80% of data
variance. The 6 highest-ranked connectivity components and their corresponding time and

participant factors were selected for Figure 2-9 (a, b). In contrast to the 3D data, the 4D
analyses yielded brain maps with regional structure with nodes clustered in specific
anatomical locations. The connectivity at individual nodes also differed with several nodes
in each network map being hub nodes with much more connectivity than other nodes. Note
that for each of the top 6 components shown for the Tucker method, the time and participant
factors were identical. The only variables that changed were the network maps as evident
by the core tensor entries 𝑔𝑔.

43

Figure 2-8 The resulting components from 3D analysis of real fMRI data.

3D analysis components showing network maps with the corresponding time series (magenta plot) and
participant (cyan plot) factors for CP (a) and Tucker (b) models. For each component the “glass-brain”
network images show all nodes from an axial (top) and coronal (bottom) perspective. The total strength of
the connections for each node was summed to generate node size. The thickness of each connection shows
the corresponding edge strength, and the positive/negative connections are shown in red/blue colormap.
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Figure 2-9 The resulting components from 4D analysis of real fMRI data.

3D analysis components showing network maps with the corresponding time series (magenta plot) and
participant (cyan plot) factors for CP (a) and Tucker (b) models. For each component the “glass-brain”
network images show all nodes from an axial (top) and coronal (bottom) perspective. The total strength of
the connections for each node was summed to generate node size. The thickness of each connection shows
the corresponding edge strength, and the positive/negative connections are shown in red/blue colormap.
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2.4

Discussion
Data decomposition methods may be used to simplify functional brain network data

that can be very complex. In several recent studies [9-11], these methods have been used
to reduce dynamic networks to a manageable number of components that explain a major
portion of data content/variance. Given that these components are identified as a (linear)
combination of the original variables, one may argue that there is no guarantee that the
components are interpretable in terms of the original variables [26, 27]. In fact, various
studies have used different approaches for interpreting the components from these types of
data reduction methods [9-11, 28, 29]. The main objective of the current manuscript is to
clarify the implications of using these methods and to directly address issues that may arise
when trying to interpret components from brain network analyses. Although we focused
on dynamic connectivity tensor decomposition, equivalent issues are relevant to traditional
static connectivity analyses using either tensor or conventional matrix-based
decompositions (e.g. factorization, SVD, and PCA) [9, 30, 31].
For tensor decomposition models, each component is represented by a set of
factors; each factor represents a pattern variation in a specific dimension and the factors of
different dimensions are linked together via core tensor. We discussed how to create a
network map in brain space from either the 3D or 4D tensor analyses. However, one should
keep in mind that this network map does not exist in isolation, it is associated with a time
factor that indicates how that specific map “as a whole” fluctuates over time. In the case of
group analysis, we also have participant factor that determines each participant score for a
given network map and a time factor. These participants’ scores can then be exploited for
statistical comparisons [10] or machine learning classification [11].
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Using the image intensity data (Figure 2-4), we actually aimed to demonstrate that
a decomposition analysis may result in outputs that cannot be interpreted as simply as the
data that was used as the input. This indicates that performing decomposition on the
connectivity data may result in output components that cannot be interpreted in the same
way as one would interpret the input correlation matrices. Note that CP and tucker methods
do not provide unique solutions [12, 14], thus the only way to know if the optimal solution
has been identified is to have prior knowledge. However, in the case of functional brain
networks, where our understanding of dynamic brain components is still very restricted, no
appropriate criterion may exist to identify optimal solutions.
In this paper, we ran decomposition algorithms on both 3D and 4D connectivity
tensors to demonstrate how the resulting components and interpretations could vary
between these data formats. We also compared how two different decomposition methods
(CP and Tucker) resulted in different outcomes. As evident in Figure 2-6 for the 3D
analysis, both CP and Tucker decompositions identified nodes {1, 2, …, 5} in a same
network, even though there were no correlations between the nodes belonging to the two
clusters. This suggests that decomposition methods will group nodes together if they have
similar dynamic connectivity. The set of nodes {1, 2, …, 5} is higher-ordered compared to
the nodes {6, 7, 8}, because the connectivities involved in this map explains a higher
percentage of data content; the number of connections that show the same variation patterns
over time and participants is 5 for the map involving nodes {1, 2, …, 5}, while it is 3 for
the map involving nodes {6, 7, 8}.
In the 3D data, each connection between two nodes is a variable in the first
dimension. Following decomposition, the strength of each edge in the network map
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represents the strength of the corresponding connection contribution to that component
with fluctuations captured in the corresponding time and participant factors (see
supplementary materials, Figure 2-11 for clarification). Furthermore, the edges with the
same sign (either positive or negative) represent a set of dynamic connections that show
correlated relationships with the time and participant factors. In contrast, the edges with
different signs represent two different sets (positive and negative sets) showing anticorrelated behavior. For example, as shown in Figure 2-6, edges {1, 3}, {2, 3} and {4, 5}
have an opposite sign compared to edge {1, 2}. This is consistent with the nodes pairs
having dynamic connectivity that was anti-correlated over time (see Figure 2-5).
Comparable interpretations have been provided by [9, 26, 27]. Thus, it is important to note
that the sign of the edges in the network maps that result from the decomposition is not
necessarily the same as the sign of the corresponding correlation value in the original data.
The sign of edges in the network maps should be interpreted within the context of the
remaining edges in the same map, but not individually. It is also essential to note that edge
weights should not be confused with the connectivity measure (e.g. correlation value) in
the original brain network data. The appearance of a strong positive connection between
two regions in a network map does not indicate that their temporal correlation was
constantly strongly positive in the original connectivity data.
In contrast, for the 4D data, the node sets {1, 2, 3} and {4, 5} appeared in different
connectivity network maps. As mentioned earlier, here, each node is a variable that was
represented by its connectivity profile. For example node 1 in the simulated data was
represented by the set of its connection as shown in the first row of Figure 2-5. Thus, the
4D analyses identified the regions with related connectivity profiles; each edge strength
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was then an indication of the strength of that relationship between the corresponding nodes.
The relationship occurred over time or participants, for which the fluctuations were
represented by the factors of the time and participant dimensions. Note that the diagonal
entries of the network maps could be nonzero, unlike the 3D data. These values captured
how the connectivity profile of each individual region alone contributed to the data
variance.
In contrast to 3D analysis for which the power of network map was uniformly
distributed among the involved connections, for the 4D analysis, the major focus was on
the diagonal entries that represented how a specific region contributed to a component. As
shown in Figure 2-12, the 3D presentation of connectivity between nodes {6, 7, 8} was
resulted in a single, directional point cloud, while the same plot from the 4D analyses
resulted in a point cloud with 3 unique directions. It is evident that the factor (note that
each factor may be shown as a vector) of the first dimension (connections) is along the
spread of the 3D data; whereas for the 4D data, none of the factors are along the direction
of the three point clouds. Thus, we believe that the 4D representation adds to the
complexity of the connectivity data structure with mixed patterns that require a higher
number of components to explain the data variation.
It is evident that the same interpretation suggested for the sign of the edges in the
3D data may not be appropriate for the 4D data. For example, all the edges were associated
with a same sign in the network map 2 (Figure 2-7 (a)) consistent with the fact that nodes
{6, 7, 8} were all positively correlated (see Figure 2-5). However, components 4 and 5
contain the same nodes but a mix of positive and negative edges. It is possible that through
recursive optimization solutions, in the overly structured space of 4D data, decomposition
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approaches find multiple components in order to improve fitness resulting in components
that are a mix of the real patterns underlying data. This might imply that there is not always
a guarantee that the resulting components will be readily interpretable and directly relatable
to the original variables, especially for complex nonlinear datasets such as brain
connectivity. Thus, our primary recommendation is to view components as a whole
structure and avoid fine-grained interpretations of individual nodes or edges, especially for
lower-ranking components.
For both 3D and 4D analyses of the simulated network, CP decomposition
identified the corresponding time and participant factors for each network map from the
original data. For clarification, please compare the time factors in Figure 2-6 and Figure
2-7 with the connectivity (correlation) time series in Figure 2-5. However, due to the
orthogonality constraint in the Tucker decomposition, the factors of the participant
dimension for that method represented a mix pattern of the original data variations across
participants. As the two temporal fluctuations were orthogonal in the original connectivity
data (their dot product was approximately zero), the time factors were identified similar to
the temporal fluctuations of the original data. Thus, it must be kept in mind that the risk of
misinterpreting the components with respect to the variables in original data is higher for
Tucker decomposition compared to CP. These findings are in line with a general rule of
thumb in data decomposition [32, 33] that recommends Tucker decomposition for use in
in machine learning models, as it provides orthogonal/linearly independent components
that could construct a new variable space and CP decomposition for mechanistic analyses
that require interpretation.
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As shown by Figure 2-8 and Figure 2-9, for real fMRI connectivity there were
considerable differences between the networks for the 3D and 4D data. For the 3D analysis,
the resulting network maps had nodes and edges distributed throughout the brain. For the
4D analyses the hubs were highly concentrated in specific brain regions and had
substantially greater node strength than other nodes in the network. At this early stage in
the research, it is not possible to conclude which method results in components that are
more closely aligned with real patterns underlying data. However, the simulated data
indicates that the 3D method data produced findings with greater simplicity and network
factors that more closely aligned with the real data. The 4D analyses resulted in network
factors that were complex, intermixed, and likely overly regional.
At first glance, those of us in the field of neuroimaging may be inclined to suggest
that the 3D analyses appear more random while the 4D analyses appear to have regional
specificity. This initial reaction would indeed be reasonable, but the results of any single
network component must not be interpreted in isolation. It is highly likely that all of the
brain networks work together in an integrated fashion such that there is a balance between
distributed and regional connectivity. Thus, there should be a balance between distributed
and regional connectivity. It is much too early to assume that the networks that are
regionally focused are more accurate that those that have additional distributed
connectivity. In fact, many of the networks from the 3D analysis exhibited a balance of
regional and distributed connectivity consistent with small-world connectivity [1].
In technical terminology, interpreting the dynamic connectivity data as a 3D tensor
implies that first factor of each component of a CP decomposition represents a full-rank
symmetric matrix with as many free parameters as there are brain region pairs. Interpreting
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the fMRI data as a 4D tensor yields components whose network maps are outer products
of the first two factors, and thus the matrices are rank one with only as many free
parameters as there are brain regions. This implies that components of a 4D CP
decomposition may not be as expressive as those of a 3D CP decomposition, and so more
components are required to achieving similar fitness level.
In particular, we believe that the rank-one characteristic of network maps of 4D
data imposes artificial structure on the brain networks, resulting in the highly clustered
appearance displayed in network maps in Figure 2-9. The size of each node in the
visualization corresponds to the relative size of the sum of absolute values of the row (or
column) of the spatial loading matrix corresponding to that brain region. When the spatial
loading matrix is the outer product of two identical vectors, the relative size of the sum is
exactly the relative size of the absolute value of the entry in the vector. Thus, when the
vector has a few large entries, the visualization will show the corresponding brain regions
as strong hubs in a possible network. This pattern emerges more frequently in Figure 2-9
(for 4D) than in Figure 2-8 (for 3D), but the network pattern is more likely to be inherited
from the mathematical structure rather than from the underlying data. For clarification, see
supplementary materials, Figure 2-13, where even non-negative CP for 3D representation
of intensity images failed to identify the real components of data, while non-negative CP
for 2D data (matrix format) identified the images together with their temporal fluctuations
(Figure 2-4).
Given the overwhelming evidence that the brain is organized into anatomically
interconnected modules with small-world structure, the present results suggest that the 3D
data structure is likely better for mechanistically understating brain networks. The
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simulated data analyses demonstrated that the resultant components were interpretable
based on the known structure of input networks used. The 4D data structures also captured
some known key factors in the simulated data, such as separating the node clusters {1, 2,
3} from {4, 5}. However, the network maps from the 4D data were a mix of component
factors across the network, time series, and participant factors. Thus when applied to
conventional resting state networks, the resulting networks could be a mix of the expected
networks that have been described using ICA (Damoiseaux, et al., 2006) or network
modularity analysis (Moussa, et al., 2012).
A limitation of this work is that the simulated data we used in this study only
consisted of a few characteristics of brain networks, and did not represent realistic brain
network time series. First, we used single frequency time series for each node, while fMRI
time series contain signals across a frequency range, (e.g. [0.01, 0.1]). This may have
caused a region/connection or a combination of regions/connections to be observed in
multiple components. Second, weak ties are a crucial characteristic of real-world networks
and we did not investigate how they may affect the resulting components. They might
explain why sets of nodes thought to be unconnected were identified in the same network
map. Third, the regions showing dynamic connectivity can be modeled as coupled
oscillators that could add to the complexity of components, while our simulated data does
not present such behavior. Also, we analyzed this data using a sliding window correlation,
the biological relevance of that methodology is being questioned [5]. Nevertheless, even
using small and simplistic simulated networks , we showed there are cases for which the
resulting components may not be interpreted in the same manner as the original
connectivity data (e.g. correlation values), suggesting that care must be taken to avoid
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oversimplifications when interpreting network components from data decomposition
methods.

2.5

Conclusions
Functional connectivity, as a measure of coherent activity between the brain

regions, has been widely used to investigate brain function. A growing interest in dynamic
connectivity is emerging as the assumption of stationary networks is being questioned.
Dynamic connectivity analyses generate a number of functional networks across a given
time period. This can result in considerable amounts of data that is difficult to analyze and
virtually impossible to interpret. Data reduction techniques, such as tensor decomposition,
are becoming popular tools to reduce the amount of data generated by dynamic
connectivity analyses. Once the data is reduced to a smaller, more manageable number of
components, a new challenge of interpreting the components arises. This paper specifically
discussed the results that come from popular tensor decomposition methods. It was argued
that the network maps cannot be simply interpreted as connectivity maps that are typically
presented using correlation-based network analyses. In general, we observed that analyses
using 3D and 4D tensor data resulted in findings that must be interpreted differently. Both
methods are commonly used in the literature and one should be aware of the method used
before interpreting the outcomes. In addition, we showed that while CP is capable of
identifying components similar to those in the original data, Tucker decomposition may
reveal a mixed pattern of the original components to satisfy an orthogonality constraint.
Overall, CP may facilitate interpretations, but Tucker may capture more complex
interactions that are useful in machine learning analyses.
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2.6

SUPPLEMENTARY TO CHAPTER 2

Preprocessing fMRI data
For the rs-fMRI, participants were instructed to relax, not think of anything
particular and view a cross sign on the rear projection screen. Blood oxygenation level
dependent (BOLD) imaging or T2*-weighted imaging were performed using a single-shot
echo-planar imaging sequence (TR = 2.0 s, TE = 25ms, flip angle = 75, resolution =
3.5×3.5×5.0 mm). Structural T1 images were acquired in the sagittal plane using a singleshot 3D MPRAGE GRAPPA2 sequence (TR = 2.3 s, TE = 2.9 ms, TI= 900 ms, flip angle
= 9°, resolution = 1 × 1 × 1 mm).
Statistical Parametric Mapping 12 (SPM12) was used to segment the T1 images to

gray matter, white matter, cerebrospinal fluid (CSF), bone, soft tissue, and
air/background [34]. High dimensional image warping was performed using ANTS

(Advanced Normalization Tools) symmetric diffeomorphic normalization [35], to

obtain the deformation transformation map from the native space of each subject to

Colin27 average brain template [36]. The inverse of the deformation field resulting
from ANTS registration was applied to transform a functional brain atlas [18] to each

individual’s native brain space, that was then used to extract average regional time
series for that individual.

The functional scans were preprocessed by first discarding the initial 10 images of

to assure MRI signal equilibration. This resulted in fMRI time series with 147 time points.
Functional scans were slice-time corrected, and then realigned to the first volume. The
images were then coregistered with the same participant’s T1 structural data. The resulting
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fMRI time series were then band-pass filtered (0.009–0.08 Hz) to remove physiological
noise and low-frequency drifts [16, 37]. Finally, confounding signals, including 6 rigidbody transformation parameters generated through the realignment process and 3 mean
tissue signals (whole-brain, white matter, and CSF) were regressed out of the functional
data. The mask of segmented tissues, created by SPM12 segmentation, was used to extract
the mean tissue signals. Following the preprocessing, the average fMRI signal was
extracted from each of the brain regions defined by the atlas parcellation.

Mathematical modeling of tensor decomposition
For a 3D tensor, tensor decomposition models can be generally formulated as
below.
𝑅𝑅1

𝑅𝑅2

𝑅𝑅3

(1)

(2)

(3)

𝒞𝒞 ≈ � � � 𝑔𝑔𝑟𝑟1 𝑟𝑟2 𝑟𝑟3 ⋅ 𝑈𝑈𝑟𝑟1 ∘ 𝑈𝑈𝑟𝑟2 ∘ 𝑈𝑈𝑟𝑟3
𝑟𝑟1 =1 𝑟𝑟2 =1 𝑟𝑟3 =1

2-1.

where a generic 3D tensor 𝒞𝒞 ∈ ℝ𝐷𝐷1 ×𝐷𝐷2 ×𝐷𝐷3 is decomposed to a core tensor 𝒢𝒢 = [𝑔𝑔𝑟𝑟1 𝑟𝑟2𝑟𝑟3 ] ∈
ℝ𝑅𝑅1 ×𝑅𝑅2 ×𝑅𝑅3 , where 0 < 𝑅𝑅𝑝𝑝 ≤ 𝐷𝐷𝑝𝑝 , and factor matrices, 𝑈𝑈 (𝑝𝑝) ∈ ℝ𝐷𝐷𝑝𝑝 ×𝑅𝑅𝑝𝑝 , 𝑝𝑝 ∈ {1, 2, 3}, that
(𝑝𝑝)

consist of factors in each given dimension. Here, 𝑈𝑈𝑟𝑟𝑝𝑝 ∈ ℝ𝐷𝐷𝑝𝑝 ×1 represents

column/vector/factor 𝑟𝑟𝑝𝑝 of the matrix 𝑈𝑈 (𝑝𝑝) . The columns of each factor matrix are ordered

such that higher-ordered columns explain a higher amount of data variance, and the symbol
‘∘’ represents outer product operation (as shown in Figure 5-4).
The set {𝑅𝑅1 , 𝑅𝑅2 , 𝑅𝑅3 } determines decomposition rank (equivalently number of factors).

Running full rank decomposition, where 𝑅𝑅𝑝𝑝 = 𝐷𝐷𝑝𝑝 , is challenging for big data and

practically unnecessary, as higher-ordered components are potentially capable of
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explaining a significant percentage of the data variance. In practice, low rank
decomposition (where 𝑅𝑅𝑝𝑝 < 𝐷𝐷𝑝𝑝 ) is commonly sufficient, for which the objective
function is defined as below
𝑅𝑅1

𝑅𝑅2

𝑅𝑅3

(1)

(2)

(3)

min �𝒞𝒞 − � � � 𝑔𝑔𝑟𝑟1 𝑟𝑟2𝑟𝑟3 ⋅ 𝑈𝑈𝑟𝑟1 ∘ 𝑈𝑈𝑟𝑟2 ∘ 𝑈𝑈𝑟𝑟3 �
𝑟𝑟1 =1 𝑟𝑟2 =1 𝑟𝑟3 =1

2-2

Various strategies have been proposed for setting the parameters of low-rank tensor
decomposition, i.e. {𝑅𝑅1 , 𝑅𝑅2 , 𝑅𝑅3 }, that is briefly explained in Discussion section; for
greater details refer to [14, 32].

Figure 2-10 Schematic representation of tensor decomposition

Tensor decomposition can be rewritten in the form of linear combination of 3-way outer products
𝑅𝑅

𝑅𝑅

𝑅𝑅

(1)

(2)

(3)

(components) as 𝒞𝒞 ≈ ∑𝑟𝑟11=1 ∑𝑟𝑟22=1 ∑𝑟𝑟33=1 𝑔𝑔𝑟𝑟1 𝑟𝑟2𝑟𝑟3 ⋅ 𝑈𝑈𝑟𝑟1 ∘ 𝑈𝑈𝑟𝑟2 ∘ 𝑈𝑈𝑟𝑟3 . Every 3-way outer product produces a
(1)

(2)

(3)

rank-one tensor of size 𝐷𝐷1 × 𝐷𝐷2 × 𝐷𝐷3 . For instance, 𝑈𝑈r1 ∘ 𝑈𝑈𝑟𝑟2 ∘ 𝑈𝑈r3 results in the tensor 𝐶𝐶𝑟𝑟1𝑟𝑟2𝑟𝑟3 ∈
ℝ𝐷𝐷1×𝐷𝐷2×𝐷𝐷3 , where the entry 𝐶𝐶𝑟𝑟1 𝑟𝑟2𝑟𝑟3 (𝑖𝑖, 𝑗𝑗, 𝑘𝑘) of this tensor is obtained as 𝐶𝐶𝑟𝑟1𝑟𝑟2𝑟𝑟3 (𝑖𝑖, 𝑗𝑗, 𝑘𝑘) =
(1)

(2)

(3)

(𝑝𝑝)

𝑈𝑈r1 (𝑖𝑖)𝑈𝑈𝑟𝑟2 (𝑗𝑗)𝑈𝑈r3 (𝑘𝑘). Here, 𝑈𝑈𝑟𝑟𝑝𝑝 ∈ ℝ𝐷𝐷𝑝𝑝 ×1 represents column/vector/factor 𝑟𝑟𝑝𝑝 of the matrix 𝑈𝑈 (𝑝𝑝) .
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Table 2-2 The second simulated data for 3D and 4D dynamic connectivity tensor decomposition
analyses: the set of connected nodes (first column), nodal time series (second column) and variation
patterns across participants for the connectivities within each set (third column).
Sets of connected nodes

Time series

Sample mode variations

{1, 2, 3}

cos(2𝜋𝜋 × 0.100𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑆𝑆1 (𝑡𝑡) = �
𝑛𝑛1
501 < 𝑡𝑡 < 1000

𝑃𝑃1 (𝑛𝑛) = 1/30𝑛𝑛
1 ≤ 𝑛𝑛 ≤ 30

𝑆𝑆2 (𝑡𝑡) = �

{4, 5}

𝑆𝑆3 (𝑡𝑡) = �

−cos(2𝜋𝜋 × 0.102𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑛𝑛3
501 < 𝑡𝑡 < 1000

𝑆𝑆4 (𝑡𝑡) = �

−cos(2𝜋𝜋 × 0.300𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑛𝑛4
501 < 𝑡𝑡 < 1000

𝑃𝑃2 (𝑛𝑛) = 𝑃𝑃1 (𝑛𝑛)

𝑛𝑛6
1 < 𝑡𝑡 < 500
cos(2𝜋𝜋 × 0.701𝑡𝑡) 501 < 𝑡𝑡 < 1000

1/3
1 ≤ 𝑛𝑛 ≤ 10
𝑃𝑃3 (𝑛𝑛) = �2.5/3 11 ≤ 𝑛𝑛 ≤ 20
1/3 21 ≤ 𝑛𝑛 ≤ 30

𝑆𝑆5 (𝑡𝑡) = �
{6, 7, 8}

cos(2𝜋𝜋 × 0.101𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑛𝑛2
501 < 𝑡𝑡 < 1000

𝑆𝑆6 (𝑡𝑡) = �
𝑆𝑆7 (𝑡𝑡) = �
𝑆𝑆8 (𝑡𝑡) = �

cos(2𝜋𝜋 × 0.301𝑡𝑡)
1 < 𝑡𝑡 < 500
𝑛𝑛5
501 < 𝑡𝑡 < 1000

𝑛𝑛7
1 < 𝑡𝑡 < 500
cos(2𝜋𝜋 × 0.701𝑡𝑡) 501 < 𝑡𝑡 < 1000

𝑛𝑛7
1 < 𝑡𝑡 < 500
cos(2𝜋𝜋 × 0.702𝑡𝑡) 501 < 𝑡𝑡 < 1000
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Figure 2-11 Simulated time series, and the components resulting from CP decomposition of 3D data
structure

(a)

(b)

Dynamic connectivity time series estimated using sliding window correlation method with length 101 time
points for the data represented in Table 2-2 (a), component maps resulting from 3D data CP decomposition
together with their corresponding time and participant dimensions components (b). For 3D analysis, dynamic
connectivity time series suggests that there exists four sets of connections, including set 1) [1,2],[2,3],[4,5],
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set 2) [1,3], set 3) [6,7], [7,8], and set 4) [6,8], each showing a specific fluctuation pattern over time. Thus,
the number of components was set to 4 that explained over 99% of data variance. Here, we observed that the
set [1,2], [2,3], [4,5] appeared in both components 1 and 3, although it is less-weighted in component 3 that
shows the temporal fluctuation pattern of connection [1,3]. Thus, edge weight could actually be an indication
of the correlation of connectivities fluctuation over time and participant dimensions with the corresponding
time and participant components. Viewing from a different perspective, such outcome actually emerged due
to the correlation between the temporal fluctuation of the connections sets [1,2], [2,3], [4,5] and the set [1,3].
This data may represent that a same connection/region may appear in multiple components, regarding the
strength of correlation it shows with different patterns of fluctuations over time and participants that could
potentially harden following interpretations.
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Figure 2-12 scatter plot of the 3D and 4D data

Scatter plot of the 3D data for the set of nodes {6, 7, 8} (a), that shows how the edges between these nodes
change against each other over time and participants. There is weak (random noise) correlation between these
nodes and the remaining nodes, thus a 3D scatter plot could sufficiently represent connectivity data from
these three nodes. Scatter plot of the 4D data for the same set of nodes that shows how connectivity profile
of the nodes changes against each other (b). The arrows represent the factors (vectors) of the first dimension
(connectivity/region for 3D/4D data). As it is evident, the 3D data factor is along the direction of the points
cloud. As it is evident, the 4D representation requires 3 points clouds to represent the same data, this could
be due to overly structured representation imposed to 4D data. This analysis identified 3 factors which are
not along the direction of each individual cloud, rather they are along a combination of the clouds direction.
This make interpretation of 4D data even more challenging, as we believe this kind of analysis impose a strict
model to the data that may be only a mathematical structure rather than a real organization underlying data.
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Figure 2-13 The components resulting from CP decomposition for the images with changing intensity
over time when the structure of the data is preserved as a 3D tensor.

The intensity image (a) data can be represented as a 3D tensor with dimensions of row pixels by column
pixels by frames instead of a 2D matrix with dimensions of total pixels by frames. In the 3D case, each
component of a CP decomposition consists of 3 factors. The first two factors can be multiplied together as
an outer product (as explained for network map generation) to form a matrix that can be visualized as an
image, and the third factor represents the intensity of the image across the frames (b, c). This figure
demonstrates that a rank-2 CP decomposition of the 3D data is a poor approximation and that the image
factors are not representative of the input images. This is because the image factors are outer products of
factors which do not have enough free parameters to express complicated images (they can express only
“blocky” images). With a sufficiently high number of components, a 3D CP decomposition can approximate
the data well, but that number can be difficult to determine. In the 2D case, each component of a CP
decomposition (or non-negative factorization) consists of 2 factors. The first factor can be reshaped into a
matrix/image and the second factor represents the intensity fluctuations over time. In this case, the first factor
has a parameter for every pixel in an image and can express all possible images. For this example, a 2D nonnegative CP decomposition with 2 components models the data perfectly (see Figure 2-4 in main document).
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Abstract
Brain function is traditionally modeled as a complex connectivity network. Thus,
brain connectivity data resides in a high-dimensional space. Data decomposition
algorithms have become popular to deal with the high-dimensionality challenge. While
regular data decomposition algorithms can only be applied to data structured as a 2-way
array (equivalently matrix), generalized decomposition algorithms can be used to n-way
arrays (equivalently n-th order tensors), where n>2. The spatio-temporal information
associated with dynamic connectivity from functional magnetic resonance imaging (fMRI)
data can be fully represented using the n-th order tensorial structure. Following sliding
window correlation analysis, the dynamic connectivity data is represented by a 4th-order
tensor with four modes: 1-2) regions 3) time and 4) individual participants. There are three
possibilities for analyzing dynamic connectivity data: 1) the 4th-order tensorial structure
may be preserved, 2) the 4th-order tensor may be unfolded to a 3rd-order tensor, and 3) the
tensor may be unfolded to a matrix. In this study, we used singular value decomposition
(SVD) to assess how data structure may change the performance of dimension reduction
and machine learning algorithms. In the first dataset, brain networks were used to classify
low- and high-walking speed groups in a population of older adults enrolled in a weight
loss study. For the second dataset, fMRI networks were collected from moderate-heavy
alcohol consumers and brain connectivity networks were used to decode resting state and
an emotional stress task. Results demonstrated that 4th-order tensor-based decomposition
(accuracy ~ 90% for both datasets) significantly outperformed 3rd-order tensor
decomposition (accuracy ~ 65%), and matrix-based SVD failed to correctly identify the
grouping status (accuracy ~ 50%).
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3.1

Introduction
The brain is inherently organized as a complex network [1]. Each connection

between two network nodes represents a dimension in the variable space of the connectivity
data. Performing secondary analyses, e.g. statistical analysis or machine learning, on such
high dimensional data presents major challenges. To address these challenges, data
decomposition models (e.g. principal component analysis or singular value decomposition)
have been welcomed by the neuroscience community [2, 3]. The benefit of such techniques
can be viewed from two different angles. First, they reduce the huge feature set to a much
smaller set of connectivity patterns, making further analyses possible. For example, fewer
multiple comparisons are needed in hypothesis-driven analyses and the risk of overfitting
in classification models is significantly reduced. Second, the resulting data reveals
multivariate connectivity patterns underlying brain network complexity that may not be
observable in the original connectivity data.
Brain imaging studies had long assumed that functional connectivity could be
quantified by measuring the static temporal correlation of the functional magnetic
resonance imaging (fMRI) time series between two separate brain regions [1]. However, a
growing interest in dynamic connectivity is emerging as the assumption of stationary
networks is being questioned [4, 5]. The dynamic connectivity analyses bring additional
challenges to the analysis of complex brain networks. The main rational for this shift is that
the brain responds to internal and external stimuli with dynamic changes in networks
connectivity over time [6, 7]. Although static versus dynamic networks remain an area of
intensive research, a discussion of the advantages and disadvantages of dynamic network
analyses is beyond the scope of this paper, interested readers see [4, 5, 7, 8].
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Dynamic connectivity networks can be generated using a range of different
methodologies such as sliding window [9], time-frequency coherence analysis [6], and
parametric volatility models [10]. Regardless of the technique used, dynamic connectivity
extends the network representation across time, resulting in a series of functional brain
networks.
Traditionally, functional brain network connectivity is presented using matrix
format (equivalently 2-way array or 2nd-order tensor; an nth-order tensor is defined as an
n-way array). For example, for a brain network representing connectivity between N
regions, the connectivity matrix C is of size N×N in which the matrix entry c_ij represents
the connection between regions i and j. In dynamic brain network analyses, multiple
networks are generated to account for the temporal variation in functional connectivity,
such matrices should be stacked across time. Doing this results in data best represented
with a 3rd-order tensor (equivalently 3-way array). For group-wise analysis, the resulting
3rd-order tensors are again stacked across participants yielding a 4th-order tensor. Thus,
the first and second modes (equivalently ways) represent spatial information (brain
regions), the third mode represents temporal information (variations of the connectivities
along time) and the 4th mode represents participants’ information (variations of the
dynamic connectivities across individual participants). Considering that static brain
networks are highly complex and difficult to interpret, the addition of temporal and
participant modes makes multivariate pattern analyses and interpretations even more
challenging.
To analyze the 4th-order dynamic connectivity tensor, one may preserve the 4thorder tensorial structure of the data and use tensor-based decomposition for dimension
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reduction. Moreover, due to symmetry of the connectivity matrices at each time and for
each participant, either upper or lower triangular parts of the matrices can be embedded
into a vector. The resulting vectors are concatenated across time and participants that yields
a 3rd-order tensor. Then, 3rd-order tensor decomposition is used to address the highdimensionality challenge. Finally, the resulting 3rd-order tensor may be unfolded to a
matrix structure [2] and matrix-based decomposition algorithms may be used for dimension
reduction.
Unfolding results in mixing independent information underlying the different
modes of the data. However, if a 4th-order tensor-based data analysis is used, the
information underlying the data structure is preserved rather than mixed. Thus, the
resulting connectivity components from the 4th-order tensor-based data would more
efficiently represent independent variation patterns underlying different modes of the data.
Thus, we hypothesized that 4th-order data decomposition would result in superior
classification. We examined our hypothesis in two separate problems: 1) classifying lowand high-walking speed groups and 2) decoding brain resting and stress states. We used
singular value decomposition (SVD) to reduce the dimensionality of dynamic connectivity
data with different data structures. We then used dimension-reduced data in a classification
model to quantitatively compare different data structures. To build a classification model,
the available data is split to two subsets known as training and test subsets [11-13].
Following training model using training subset, the model would be tested with the test
subset, and the model performance measure would be estimated as the percentage of
correct classifications.
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3.2

Materials and methods

3.2.1 Datasets
Two different datasets were used to assess the main hypothesis of this study. A brief
description of each is provided in the following.

3.2.1.1 Low vs. high walking speed groups in older adults
Seventy-eight older adults [mean (SD) age: 68.80 (3.38) years] enrolled in a weight
loss intervention participated in a baseline MRI scan and completed baseline physical
function assessments. A high-resolution T1 image and a resting state fMRI time series were
acquired for each participant. T1 structural images were acquired in the sagittal plane using
a single-shot 3D MPRAGE GRAPPA2 sequence. Functional imaging or T2*-weighted
imaging were performed using a single-shot echo-planar imaging sequence (TR = 2.0 sec,
TE = 25 msec, resolution = 3.5×3.5×5 mm). Participants were instructed to lie quietly in
the scanner and focus on a fixation cross. As part of the physical function assessment, a
baseline 400-m walk test was performed. Participants were required to complete 20 laps of
a 20-m course as fast as possible. The median walk time of the population was 333 sec. All
participants were categorized into either low or high walking speed group based on a
median split. For the entire sample, the mean (SD) of the time was 337.94 sec (27.51),
while it was 295.20 sec (24.49) and 381.77 sec (51.37) for the low- and high-walking speed
groups, respectively.
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3.2.1.2 Resting vs. stress state in moderate-heavy alcohol consumers
Thirty-three moderate-heavy (non-dependent) alcohol consumers between 24-60
years old received fMRI scans. The specific drinking pattern was defined to capture those
with consistent alcohol exposure, but without regular binge drinking behavior. For each
participant, a T1 image and fMRI time series were acquired. The fMRI data had the
following parameters (TR = 2 sec, TE = 25 msec, resolution = 3.5×3.5×5.0 mm). In-scanner
tasks included an initial resting state scan (eyes focused on a fixation point) and a
personalized guided mental imagery task that focused on a past stressful experience.

3.2.2

Preprocessing
Each dataset was preprocessed separately using an in-house developed pipeline.

The T1 structural images were segmented into different brain tissues including gray matter,
white matter, cerebrospinal fluid (CSF) and non-brain segments e.g. air/background. Using
advanced normalization tools (ANTS) [1], for each participant, a deformation map was
obtained by transforming the gray matter segment to the Colin 27 brain template [2]. The
first 10 volumes of fMRI series were discarded to allow signal equilibrium. Using
statistical parametric mapping 12 (SPM12), functional MRI series were slice time
corrected, realigned to the first fMRI volume, coregistered with the same individual’s T1
image, and band-pass filtered (0.009–0.08 Hz). The motion parameters from realignment
and whole-brain, white matter, and CSF average time series were regressed from the
preprocessed fMRI series. For each individual, the inverse of the T1 warping deformation
map was used to transform a standard atlas which included 268 functionally distinct regions
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[3] to that subject’s native space. The region-wise average fMRI time series was then
extracted from the native-space fMRI data.

3.2.3 Dynamic connectivity network creation
A pairwise correlation sliding-window technique was used to create the dynamic
connectivity networks. To exclude the intrinsic dynamic characteristics associated with
fMRI time series from the connectivity computations, the length of the sliding-window
should be higher than 1/𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 [4], where 𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 is the lowest frequency component of the
fMRI time series, i.e. 0.009 Hz. On the other hand, a step size of 1TR allows estimating
dynamic correlations with the highest possible resolution. Hence, for the current study, a
window size of 57TR (TR = 2 sec) and a step size of 1TR was used to make the dynamic
connectivity networks. Symmetric connectivity matrices were created at each step by
computing temporal correlation between every pair of regions. The matrices were stacked
together to create a connectivity tensor for each individual. The connectivity density was
set at 10%, 20%, and 30% with the high-strength connections retained and the rest
discarded to generate sparse and unfragmented networks; two expected characteristics of
functional brain networks [5]. Note that the sign of connections was preserved in the
thresholded connectivity tensor. The varying thresholds were used to examine the
methodological sensitivity to network density. Based on a one-way repeated measures
analysis of variance (ANOVA), there was no significant difference between the measures
resulting from the three connectivity densities (p-value > 0.05). In the remainder of this
paper, we show the data obtained using 10% density. Figure 3-1 is a schematic
representation of the dynamic network creation procedure.
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Figure 3-1 Schematic representation of dynamic connectivity creation process using sliding window
correlation analysis

A window of fixed length is used to divide the fMRI time series to 𝑇𝑇 overlapped splits. For each split, a
connectivity matrix is then constructed using pairwise Pearson correlation analysis, by concatenating the
resulting matrices along the time, a 3D connectivity tensor of size 𝑁𝑁 × 𝑁𝑁 × 𝑇𝑇 is created for each participant.

3.2.4 Dynamic connectivity rank reduction using SVD
Singular value decomposition (SVD) identifies new variables/features (namely
singular vectors) of data as a linear combination of the original variables/features. The
singular vectors are ordered regarding the amount of the data variance that they represent,
with the first singular vector as the highest-ordered accounting for the most variance. The
variance along each singular vector, called singular value, is also computed. The main idea
of rank reduction analysis using SVD is to project the data along the 𝑅𝑅 highest-ordered

singular vectors such that a certain percent of cumulative variance could be preserved. The
cumulative variance of the 𝑅𝑅 highest-ordered singular vectors is computed as the sum of
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the square of their corresponding singular values. In this study, rank of the resulting
dynamic connectivity data was separately reduced using: 1) matrix-based SVD, 2) 3rdorder tensor-based and 3) 4th-order tensor-based SVD, whose schematic representations
are shown in Figure 3-2. Since mathematical modelling of SVD is generalized from

matrix-based to tensor-based SVD, and 3rd-order tensor structure is constructed using the
4th-order tensor, in the following we started from matrix-based SVD, then explained 4thorder tensor-based SVD and finally described 3rd-order tensor-based SVD.

Figure 3-2 Schematic representation of generating different dynamic functional connectivity data
structures

(a) Matrix SVD
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(b) 4th-order tensor HOSVD

(c) 3rd-order tensor HOSVD

Matrix-based SVD (a), 4th-order tensor HOSVD (b), and 3rd-order tensor HOSVD (c) using unfolded
connectivity tensor
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3.3

Matrix-based SVD analysis
As proposed in [6], using the core idea of standard singular SVD, a 3rd-order

dynamic connectivity tensor 𝕮𝕮 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇 should be reshaped into the matrix 𝐂𝐂 ∈

ℝ𝑁𝑁(𝑁𝑁−1)/2×𝑇𝑇 . In this work, 𝑁𝑁: no. regions = 268, for the older adult/walking dataset,

𝑇𝑇: no. windows = 124 and for the alcohol/stress dataset 𝑇𝑇 = 111. To avoid redundancy,

only the upper triangular part of the frontal matrices was vectorized, due to the symmetry
at each time window. In the matrix 𝐂𝐂, each column represented a connectivity pattern at a

given time. The resulting connectivity matrices were then concatenated across the available
𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 training samples to create a total connectivity matrix 𝐂𝐂 ′𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁(𝑁𝑁−1)/2×𝑇𝑇𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 over

time and individuals; 𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 was 60 and 44 for the older adult/walking and alcohol/stress
datasets, respectively. Using regular SVD, 𝐂𝐂 ′𝑇𝑇𝑇𝑇𝑇𝑇 were decomposed as follows
where 𝐔𝐔 ∈ ℝ𝑁𝑁

2 ×𝑁𝑁2

𝐂𝐂 ′𝑇𝑇𝑇𝑇𝑇𝑇 = 𝐔𝐔𝐔𝐔𝐕𝐕 𝑇𝑇

3-1

, and 𝐕𝐕 ∈ ℝ𝑇𝑇𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇×𝑇𝑇𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 are orthonormal left and right column

spaces of the matrix 𝐂𝐂 ′ , which consist of singular vectors in the connectivity, timeparticipant modes, respectively. The singular value matrix 𝚲𝚲 ∈ ℝ𝑁𝑁

2 ×𝑇𝑇𝑀𝑀
𝑇𝑇𝑇𝑇𝑇𝑇

is a matrix with

non-negative real numbers on the diagonal in descending order, while the off-diagonal
entries are all zero. To avoid overfitting of the classification model (see Section 2.5),
column spaces were obtained solely using training data. Assuming the subscript 𝑟𝑟 refers to

the reduced rank data, 𝐔𝐔𝑟𝑟 ∈ ℝ𝑁𝑁(𝑁𝑁−1)/2×𝑅𝑅 , 𝐕𝐕𝑟𝑟 ∈ ℝ𝑇𝑇𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇×𝑅𝑅 and 𝚲𝚲𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅 consist of the
𝑅𝑅 highest-ordered singular vectors and the corresponding singular values. Figure 3-2 (a)
is a schematic representation of the matrix-based SVD methodology.
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The reduced-rank training data, 𝐂𝐂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
∈ ℝ𝑅𝑅×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 was then constructed as 𝐂𝐂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
=

𝚲𝚲𝑟𝑟 𝐕𝐕𝑟𝑟𝑇𝑇 . Similarly, the test data, 𝐂𝐂 ′𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁(𝑁𝑁−1)/2×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 , was also transformed to the lower′
dimensional space as 𝐂𝐂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
= 𝐔𝐔𝑟𝑟𝑇𝑇 𝐂𝐂 ′𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑅𝑅×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 . Finally, for each individual participant,

the resulting reduced-rank connectivity tensor was averaged across time to obtain a
connectivity feature vector with size 𝑅𝑅. Here, 𝑅𝑅 was set to 100 to capture over 80% of the
data variance. As estimated using the cumulative singular values squared, with the first 100
singular vectors 83.27% of the total variance of data was captured.

3.3.1 4th-order tensor analysis
As mentioned earlier, by reshaping tensor into the matrix form the connectivity
variance across time and individual participants are mixed. This is because the approach
embeds the connectivity data from different times and individual participants within a
single mode. To address the above-mentioned issues, we used tensor-based higher order
SVD (HOSVD) [7] that preserves the information embedded in the structured tensors by
computing singular vectors in each mode (regions/connectivities, time, and study
participants) separately, in conjunction with their corresponding singular values. In the
present study, the connectivity tensors, 𝕮𝕮 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇 , were concatenated across the 𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇

training samples to create a 4th-order connectivity tensor 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 . Using
HOSVD, 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 is decomposed as

𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 = 𝒢𝒢 ×1 𝐔𝐔(1) ×2 𝐔𝐔(2) ×3 𝐔𝐔 (3) ×4 𝐔𝐔(4)
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where ×𝑛𝑛 denotes n-mode matrix-tensor product, 𝒢𝒢 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 is known as the core
tensor and represents singular values, and 𝐔𝐔(𝑘𝑘) consists of singular vectors in 𝑘𝑘-th mode of

the connectivity tensor. 𝐔𝐔(1) ∈ ℝ𝑁𝑁×𝑁𝑁 and 𝐔𝐔(2) ∈ ℝ𝑁𝑁×𝑁𝑁 are the column spaces in the
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connectivity mode. As each brain connectivity matrix is symmetric, 𝐔𝐔 (1) and 𝐔𝐔(2) are

theoretically equal. 𝐔𝐔 (3) ∈ ℝ𝑇𝑇×𝑇𝑇 is the column space in the time mode, and finally 𝐔𝐔(4) ∈

ℝ𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 ×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 is the column space in the individual participant mode. For more information
regarding tensor algebra and HOSVD, please refer to [7]. Figure 3-2 (b) is a schematic
representation of the 4th-order tensor HOSVD methodology.
Note that only training data was used to compute the HOSVD column spaces. After
finding the column spaces, the training connectivity tensor, 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡 , and the
test tensor, 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡 , were projected into the lower dimensional space as
(3)

(4)

(1)

(2)

𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝒢𝒢𝑟𝑟 ×3 𝐔𝐔𝒓𝒓 ×4 𝐔𝐔𝒓𝒓 , and 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 ×1 𝐔𝐔𝑟𝑟 ×2 𝐔𝐔𝑟𝑟 , respectively, where
(1)

(2)

𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 , 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 , 𝒢𝒢𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑅𝑅×𝑅𝑅 , 𝐔𝐔𝑟𝑟 ∈ ℝ𝑁𝑁×𝑅𝑅 , 𝐔𝐔𝑟𝑟 ∈ ℝ𝑇𝑇×𝑅𝑅 ,
(3)

(4)

𝐔𝐔𝑟𝑟 ∈ ℝ𝑇𝑇×𝑅𝑅 and 𝐔𝐔𝑟𝑟 ∈ ℝ𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇×𝑅𝑅 . Finally, for each individual participant, the resulting

reduced-rank connectivity data was of size 𝑅𝑅 × 𝑅𝑅. By vectorizing this data the resulting
feature vector size was 𝑅𝑅 2 . To have a same feature space size with matrix-based analysis

𝑅𝑅 was set to 10. As estimated using the cumulative singular values squared, with 𝑅𝑅 = 10,
81.28% of the total variance was captured.

3.3.2 3rd-order tensor analysis
As explained in the previous chapter, the group-wise 4th-order connectivity tensor
may be reshaped to a 3rd-order tensor. Due to symmetry of the connectivity matrices at
each time point and for each participant, either below- or above-diagonal entries may be
linearized into a vector. Thus, in the resulting 3-order connectivity tensor, the first mode
represents pairwise connections (rather than regions in the 4th-order tensor format); the
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second and third modes represent time and participants modes respectively, see Figure
3-2(c). Here, the training connectivity tensor, 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁(𝑁𝑁−1)/2×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 , was decomposed

to a core tensor, 𝒢𝒢 ∈ ℝ𝑁𝑁(𝑁𝑁−1)/2×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 and three column spaces including 𝐔𝐔(1) ∈
ℝ𝑁𝑁(𝑁𝑁−1)/2×𝑁𝑁(𝑁𝑁−1)/2 , 𝐔𝐔(2) ∈ ℝ𝑇𝑇×𝑇𝑇 and 𝐔𝐔(3) ∈ ℝ𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 . Following, computing column

spaces, the training and test connectivity tensors were transformed into the lower(2)

(3)

dimensional space as 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝒢𝒢𝑟𝑟 ×2 𝐔𝐔𝒓𝒓 ×3 𝐔𝐔𝒓𝒓
𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 ,
(3)

𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 ,

(1)

and 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 ×1 𝐔𝐔𝑟𝑟 , where

𝒢𝒢𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑅𝑅 ,

(1)

(2)

𝐔𝐔𝑟𝑟 ∈ ℝ𝑁𝑁(𝑁𝑁−1)/2×𝑅𝑅 , 𝐔𝐔𝑟𝑟 ∈

ℝ𝑇𝑇×𝑅𝑅 and 𝐔𝐔𝑟𝑟 ∈ ℝ𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 ×𝑅𝑅 . Finally, for each individual participant, the resulting reduced-

rank connectivity data was of size 𝑅𝑅. To obtain a same-size feature vector with 4th-order

tensor and matrix-based analyses, 𝑅𝑅 was set to 100 that captured 88.76% of the data total
variance.

3.3.3 Data classification
The resulting reduced-rank data from matrix-based SVD and HOSVD were
separately used in the same linear support vector machine (SVM) classifier. Randomsampling cross-validation with 50 random permutations of dynamic connectivity networks
to training and test subsets was used to estimate the average classification performance.
For the older adult/walking dataset, in each random permutation, 30 samples (equivalently
reduced-rank dynamic connectivity networks) from each group (high- and low-walking
speed) were assigned to the training subset. The remaining samples (9 from each group)
were assigned to the test subset. In this way, the number of each group’s samples in the
training and test subsets were kept balanced. Similarly, for the alcohol/stress dataset 22/11
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samples were in the training/test subset in each fold of the cross-validation procedure for
each state (rest & stress). The subsampling was kept stratified in each participant as we had
two fMRI scans per participant. Due to high computational cost, the value of all parameters
associated with the entire pipeline (e.g. window size, window step size, and rank of data
(𝑅𝑅)) were set prior to running cross validation.

3.4

Results
For the older adult/walking dataset, the 4th-order tensor HOSVD was able to use

dynamic brain networks to classify the individuals into high and low walking speed groups
with an average cross-validation accuracy of 91.75 (6.14), the accuracy of 3rd-order tensor
analysis was 65.02 (10.58), and accuracy was 49.50 (14.97) for the matrix-based SVD. We
observed accuracy in the same range for the alcohol/stress dataset; 4th-order tensor
HOSVD: 93.65 (4.57), 3rd-order tensor HOSVD: 63.73 (10.12), and matrix-based SVD:
48.79 (17.17). Figure 3-3 shows different performance measures obtained using 4th- and

3rd-order tensor HOSVD and matrix-based SVD analyses. Accuracy was defined as the
total correct prediction rate. Sensitivity/specificity was the correct prediction rate of the
low/high walking speed groups for the older adult/walking dataset, and resting/stress states
for the alcohol/stress dataset. We ran a repeated-measure analysis of variance (ANOVA)
test that showed a significant difference (𝑝𝑝-value < 0.0001) between different
decomposition approaches. Post-hoc paired sample t-test showed that 4th-order HOSVD
outperformed both 3rd-order HOSVD and matrix-based SVD analyses (𝑝𝑝-value < 0.0001).
Moreover, 3rd-order HOSVD outperformed the matrix-based SVD analysis (𝑝𝑝-value <
0.0001). We are aware that there is no unbiased estimation of performance variance in the
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cross validation procedure [8], which may consequently affect the assessment of statistical
significance. However, it should be noted that we used a paired t-test here, as the same
permutations of participants were used for all three methods. Thus, assuming that there is
bias in a fold, this bias would be present in all analyses and the corresponding effects would
be minimized by the paired-sample t-test.

Figure 3-3 Prediction performance scores including accuracy, sensitivity and specificity
Low vs. High Walking Speed Group in Older Adults

Resting vs. Stress State in Moderate-Heavy Alcohol Consumers

4th-order tensor HOSVD
3rd-order tensor HOSVD
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Low vs. high walking speed group in older adults (a), and resting vs. stress state in moderate-heavy alcohol
consumers (b).

Figure 3-4 demonstrates the principal connectivity patterns resulting from 4th- and

3rd-order tensor HOSVD and matrix-based SVD analyses for the older adult/walking and
alcohol/stress
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𝐔𝐔𝑟𝑟 = �𝐮𝐮1 , 𝐮𝐮2 , … , 𝐮𝐮𝑅𝑅 � ∈ ℝ(𝑁𝑁×𝑅𝑅) , each connectivity pattern was computed as
(1)

(1) 𝑇𝑇

𝐮𝐮𝑖𝑖 �𝐮𝐮𝑖𝑖 � .

For

the

3rd-order

tensor

84

HOSVD

and

matrix

SVD,

having

(1)

𝐔𝐔𝑟𝑟 = [𝐮𝐮1 , 𝐮𝐮2 , … , 𝐮𝐮𝑅𝑅 ] ∈ ℝ(𝑁𝑁(𝑁𝑁−1)/2×𝑅𝑅), each singular vector 𝐮𝐮𝑖𝑖 represents a connectivity
pattern [6].

As it is demonstrated in Figure 3-4, the connectivity patterns resulted from the

4th-order tensor analysis represented a few hubs at specific brain regions while the
remaining regions were significantly less-connected. Regional specificity was obviously
decreased for the 3rd-order tensor analysis and edges were distributed throughout the brain.
Finally, the connectivity patterns resulting from the matrix decomposition represent a set
of edges randomly distributed throughout the brain with barely visible organization. In
other words, matrix decomposition more likely failed to identify any informative pattern.

For the 4th-order tensor decomposition, in the older adult/walking dataset, the first
connectivity pattern captures interactions between the regions often associated with the
default mode network. The second connectivity pattern is mostly focused within the
sensorimotor network and the third connectivity pattern reflects strong interactions
between temporal lobe and insular regions. For the alcohol/stress dataset, the first
connectivity pattern represents highly-interacting patterns within the sensorimotor
network. The second connectivity pattern captures interactions between visual cortex,
anterior insula, and both medial and lateral frontal cortex. The third connectivity pattern
reveals the interactions between precuneus, anterior insula, and frontal lobe regions.
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Figure 3-4 The 3 highest-ordered connectivity patterns created from different data structures

The connectivity patterns resulting from 4th-order tensor HOSVD (a), 3rd-order tensor HOSVD (b) and
matrix-based SVD for the older adult/walking dataset (i) and alcohol/stress dataset (ii). The first row images
are in the axial view and the second row shows the coronal view of the same connectivity pattern.
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3.5

Discussion
This study proposed a tensorial dimension reduction technique to resolve the high-

dimensionality issue associated with fMRI dynamic connectivity data. This method served
as a substitute for the conventional tensor flattening approaches which convert connectivity
tensors to matrix form and can lead to loss of information underlying the dynamic
connectivity data structure. The results clearly demonstrated that, by preserving the 4thorder tensorial structure of dynamic connectivity tensors, HOSVD was able to identify the
connectivity patterns that efficiently discriminated different study populations (high and
low walking speed groups) and study conditions (rest vs. stress), while 3rd-order tensor
analysis significantly underperformed (accuracy ~ 65%) and regular SVD even failed to
exceed chance-level performance.
The connectivity patterns of 4th-order tensor HOSVD represents high regional
specificity (only a few regions are highly-connected), while the 3rd-order tensor analysis
yielded the connectivity patterns encompassing more uniformly connected regions
distributed throughout the brain. In other words, regional specificity is evidently lower for
the 3rd-order tensor analysis, and higher number of regions are involved in each
connectivity pattern. While the connectivity patterns of the 3rd-order tensor analysis still
represent an underlying structure, the regular SVD connectivity patterns represent a set of
noisy connections distributed within the brain. This evidences may suggest that as tensor
decomposition preserves the structure of the data, it can identify the connectivity networks
with covarying/anti-covarying fluctuations across time and participants, while matrixbased SVD mixes connectivity temporal fluctuations with variations across individual
participants. Thus, regular SVD may not be capable of completely identifying informative
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variation patterns underlying dynamic connectivity. As a result, we can see that tensor
decomposition is more successful in finding integrated networks, while noise-like
connections are frequent in the SVD connectivity patterns. As mentioned above for the
4th-order tensor decomposition the majority of power is concentrated only on a few
regions. The connectivity patterns including a low number of significant regions likely
provide a more convenient data for classification purpose.
The resulting connectivity patterns capture the interacting patterns between wellknown

brain

networks

(e.g.

visual

network,

motor

network

and

posterior

cingulate/precuneus, as an important element of default mode network). From the
neuroscientific point of view, these findings support the existing literature suggesting that
complex multivariate brain circuits are associated with differing cognitive states and
behavior [9, 10].
As mentioned in previous chapter, the interpretation of connectivity patterns
becomes more challenging for tensor-based data. However, note that in real clinical
applications, achieving higher classification accuracy is of higher preference compared to
the study-level projects for which interpretability is counted as an essential factor in
understanding underlying biological mechanisms. Due to high computational cost, the
value of all parameters associated with the entire pipeline were set prior to running cross
validation. In future work, searching for optimal parameters using the cross validation
algorithm will be performed, using 𝑘𝑘-fold (e.g. 𝑘𝑘 = 10) cross validation rather than random-

subsampling (with 50 folds), which requires less computational cost.
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3.6

Conclusions
In this study, we examined how classification performance may be affected by the

structure of dynamic connectivity data. Consistent with our hypothesis, we observed that
4th-order dynamic connectivity tensor resulted in the highest classification accuracy, and
also 3rd-order dynamic connectivity tensor outperformed matrix-based representation of
the data. Although further studies are required, these findings provide substantial
groundwork for tensor-based analyses of dynamic brain networks that are ideal for
discriminating between study populations/conditions. This approach can potentially
provide a novel and highly efficient technique for computer-assisted diagnosis,
personalized medicine, and brain decoding applications.
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Abstract
More than one-third of adults in the United States are obese, with a higher
prevalence among older adults. Obesity among older adults is a major cause of physical
dysfunction, hypertension, diabetes, and coronary heart diseases. Many people who engage
in lifestyle weight loss interventions fail to reach targeted goals for weight loss, and most
will regain what was lost within 1-2 years following cessation of treatment. This variability
in treatment efficacy suggests that there are important phenotypes predictive of success
with intentional weight loss that could lead to tailored treatment regimen, an idea that is
consistent with the concept of precision-based medicine. Although the identification of
biochemical and metabolic phenotypes are one potential direction of research,
neurobiological measures may prove useful as substantial behavioral change is necessary
to achieve success in a lifestyle intervention. In the present study, we use dynamic brain
networks from functional magnetic resonance imaging (fMRI) data to prospectively
identify individuals most likely to succeed in a behavioral weight loss intervention. Brain
imaging was performed in overweight or obese older adults (age: 65-79 years) who
participated in an 18-month lifestyle weight loss intervention. Machine learning and
functional brain networks were combined to produce multivariate prediction models. The
prediction accuracy exceeded 95%, suggesting that there exists a consistent pattern of
connectivity which correctly predicts success with weight loss at the individual level.
Connectivity patterns that contributed to the prediction consisted of complex multivariate
network components that substantially overlapped with known brain networks that are
associated with behavior emergence, self-regulation, body awareness, and the sensory
features of food. Future work on independent datasets and diverse populations is needed to
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corroborate our findings. Additionally, we believe that efforts can begin to examine
whether these models have clinical utility in tailoring treatment

4.1

Introduction
Obesity and its adverse health effects are highly prevalent and uniquely problematic

among older adults (65+ years) [1]. Obesity is associated with declines in physical
functioning, the primary driver of disability and loss of independence with aging [2].
Unfortunately, although effective lifestyle weight loss interventions in overweight and
obese adults produce mean weight loss in the range of 5-10% of baseline weight [3], there
is considerable variability in how much people lose [4, 5]. In fact, understanding potential
phenotypes for success in behavioral weight loss has been identified as a critical area for
research by the National Institutes of Health (http://1.usa.gov/1VCI7pA). In the present
study, we used baseline (pre-intervention) functional magnetic resonance imaging (fMRI)
dynamic networks as a biomarker to identify those older adults that exhibited the greatest
success in an 18-month behavioral weight loss intervention.
Although knowledge about nutrition and physical activity is essential to behavioral
weight loss, arguably more important are the self-regulatory skills and motivation required
to enact needed behavior change [6, 7]. Consistent with this perspective are studies
showing that high self-efficacy for regulating eating behavior, the ability to manage stress,
and motivation to lose weight are positively associated with better initial weight loss and
weight maintenance [8, 9]. More relevant to the current study are data showing that brain
activity in neural networks including the hippocampus/amygdala, dorsal striatum,
orbitofrontal, prefrontal and anterior cingulate cortices has been shown to be important in
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overeating and food craving [10-12]. Specific to behavioral weight loss treatment, we have
observed that following an overnight fast, global connectivity of hubs located in the insula,
superior temporal pole, limbic regions, and anterior cingulate cortex (ACC) during preintervention resting state fMRI (rs-fMRI) was correlated with weight loss 18-months later
[13].
Despite the growing emphasis on complex brain networks in the neuroscience
literature [14], most weight loss studies have focused on specific brain regions [12, 15]
rather than integrated networks. However, we would argue that multiple regions of the
brain are involved in eating behavior, and that these regions interact in complex patterns
with one another. Moreover, there has recently been growing interest in quantifying
dynamic brain connections [16] rather than relying on measures of static connectivity, as
brain networks intrinsically change over time due to varying physiological states [17, 18],
even in a task-free environment [19]. Thus, we believe it is vital that studies examine
whole-brain dynamic networks [16, 20], to understand how interacting brain areas
contribute to obesity and weight loss.
In contrast to univariate statistical methods commonly used when examining
region-based group differences in fMRI data, multivariate machine learning classification
algorithms aim to discover a multivariate discriminatory pattern between groups. The
machine learning algorithms are first trained with a subset of the data or with a specific
training dataset. Once trained, these algorithms are used to predict an outcome or to classify
test individuals [21-23]. Multivariate pattern analysis is potentially capable of capturing
complex interactions of distant brain sites that is not possible using pairwise connectivity
analysis [22, 24-26]. This methodology allows for single-subject analyses where each
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participant can be classified rather than group-level summary outcomes such as brain maps
of population differences.
The current study aimed to discover multivariate brain connectivity patterns in
overweight/obese older adults following an overnight fast that might predict success with
a behavioral weight loss intervention. We studied participants in a fasted state because food
restraint is a contributing factor to failure with self-regulation of eating behavior [27-29],
and variability in body weight [30]. The ability to self-regulate caloric intake is central to
intentional weight loss interventions. We believe that deficits in self-regulation are
apparent in both automatic and control-based brain networks. We performed a prospective
study in which baseline fMRI, baseline weight, and the weight following an 18-month
lifestyle intervention were recorded. Here, we brought together dynamic brain networks
and classification models for prospectively predicting the weight loss success of older
adults who were overweight or obese, and had a documented history of cardiometabolic
dysfunction. Given that multivariate prediction models can be used to perform treatment
outcome predictions at the individual level, this study could help to provide critical
groundwork to personalize weight loss interventions for patients based on individual brain
networks.

4.2

Material and methods

4.2.1 Participants
Data collection for this study was completed in 2013. A sample of 66 individuals
(ages: 60-79 years) were recruited as an ancillary study to the Cooperative Lifestyle
Intervention Program-II (CLIP-II) trial [31]. Participants were required to be either
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overweight or obese (BMI ≥ 28 kg/m2 but < 42 kg/m2). Additional inclusion criteria
involved having a documented history of either cardiovascular disease (CVD) or metabolic
syndrome (MetS), low level of physical activity (less than 60 minutes of moderate physical
activity per week), and mobility disability (having difficulty to complete daily physical
tasks). All participants signed an informed consent/HIPAA authorization form. The study
protocol was approved by the Wake Forest University School of Medicine institutional
review board (IRB).
Major exclusion criteria included having a binge eating disorder, high alcoholic
intake, a resting blood pressure > 160/100mmHg, a fasting blood glucose ≥ 140mg/dL,
diagnosis of type 1 or type 2 diabetes and insulin therapy, significant visual or hearing
impairments, sever systemic diseases (for instance diagnosis of Parkinson’s disease, and
chronic liver disease), or abnormal health conditions which disable individuals to
successfully complete the required study protocol.
Of 66 participants, 2 individuals did not meet eligibility to be randomized in the
trial, 2 individuals withdrew from the study because of claustrophobia during magnetic
resonance imaging (MRI), and 4 participants withdrew during the first 6-months of
intervention for health reasons. Six additional individuals withdrew from the study after
the 6-month intensive phase of intervention. Thus, a final sample size of 52 participants
(female: 39, male: 13, mean age: 67.62) was used in this analysis. For greater details
regarding the data used in this study, refer to [31, 32].
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4.2.2 Lifestyle interventions
The CLIP II trial was designed with three different 18-month lifestyle weight loss
interventions, including a diet only weight loss condition (WL), WL plus aerobic exercise
training (WL+AT), or WL plus resistance exercise training (WL+RT). Participants were
required to complete three 6-month phases during the intervention: 1) intensive (months 16), 2) transition (months 7-12), and 3) maintenance (months 13-18) phases. Participants
were instructed to regulate their food intake, so that the rate of weekly weight loss was
approximately 0.3 kg, and eventually after completing the intervention BMI to be
decreased 7-10%. The goals of the transition phase varied between subjects based on
intensive phase performance. During the maintenance phase, the major focus was on
maintaining the weight loss that has been achieved. Participants assigned to the WL+AT
group were required to walk on an indoor cushioned track at the YMCA. The intensity of
walking was moderate, 4 days/week, with the goal toward 45 minutes/session. Participants
were encouraged to walk at home as well. Participants assigned to the WL+RT intervention
were required to perform strength training exercises 4 days/week. Participants completed
3 sets of 10-12 repetitions on 8 machines with initial resistance determined from 1
repetition maximum (RM) testing (Goal of 75% of 1RM). For greater details, refer to [31,
32].

4.2.3 MRI scanning protocol
MRI data was collected using a Siemens MAGNETOM SKYRA 3T MRI Scanner
with Tim + Dot Technology. Participants were required to undergo an overnight fast, and
were only allowed to consume water after midnight. The scans occurred in the early
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morning (between 8 am and 11 am) following the overnight fast. Each individual
participated in a scanning session which included anatomical imaging, two rs-fMRI series,
and a food visualization fMRI series between the two rs-fMRI, with each series consisting
of 157 images. During the rs-fMRI, participants were instructed to relax, not think of
anything particular and view a cross sign on the rear projection screen. The food
visualization task was designed as alternatively representing four of each participant’s
favorite food words on an MR-compatible rear projection screen; each word for 30 s.
Participants were instructed to imagine the food with all five senses for the entire time that
the food word was on the screen. For the current study, only the first resting state and the
food visualization fMRI scans were examined. T1 structural images were acquired in the
sagittal plane using a single-shot 3D MPRAGE GRAPPA2 sequence (TR = 2.3 s, TE = 2.9
ms, TI= 900 ms, flip angle = 9°, resolution = 1 × 1 × 1 mm). Functional BOLD imaging or
T2*-weighted imaging were performed using a single-shot echo-planar imaging sequence
(TR = 2.0 s, TE = 25ms, flip angle = 75, resolution = 3.5×3.5×5.0 mm).

4.2.4 Image processing
Statistical parametric mapping 12 (SPM12) software and advanced normalization
tools (ANTS) were used to preprocess images. The SPM12 segmentation was used to
parcellate the T1 images to gray matter, white matter, cerebrospinal fluid (CSF), bone, soft
tissue, and air/background. High dimensional image warping was performed using ANTS
symmetric diffeomorphic normalization [33], to obtain the deformation transformation
map from the native space of each subject to Colin27 average brain template [34].
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The first 10 images of functional scans were discarded to assure fMRI signal
equilibration. This resulted in fMRI time series with 147 time points. Functional scans were
slice-time corrected, and then realigned to the first volume. Functional scans of each study
participant were coregisterd with the same participant’s T1 structural data, to assure that
they were aligned. The resulting fMRI time series were then band-pass filtered (0.009–0.08
Hz) to filter out physiological noise and low-frequency drifts [35]. Finally, confounding
signals, including 6 rigid-body transformation parameters generated through the
realignment process and 3 mean tissue signals (whole-brain, white matter, and CSF) were
regressed out of the functional data. The mask of segmented tissues, created by SPM12
segmentation, was used to extract the mean tissue signals from fMRI data.
The inverse of the deformation field resulting from ANTS registration was applied
to transform a functional brain atlas [36] to each subject’s native brain space. Unlike
anatomical brain atlases which may integrate functionally different areas into one region
[37], the functional atlas used in the present study parcellates brain into finer functionally
distinct unites; 268 regions versus 90 regions of automated anatomical labeling (AAL) atlas
[37]. Finally, the resulting atlas in the native space of each study participant was used to
extract the mean time series of each region for that individual. It is noteworthy that
networks were created and analyzed in native space to limit manipulation and interpolation
of the fMRI time series.

4.2.5 Functional network creation
In this study, we used the sliding window technique to account for dynamic
alterations associated with functional brain connectivity [20]. For the sliding window
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method, a time window of fixed length 𝑊𝑊 was selected and time points within that window

were used to compute pairwise Pearson correlation coefficients. The window was then
moved across the time and a matrix of correlation coefficients was computed for each shift.
For each subject, connectivity data was then represented by a 3rd-order tensor 𝕮𝕮 ∈

ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇 , where the first and second modes were connectivity and the third mode was time.

Here, 𝑁𝑁 = 268 was the number of regions of interest (ROIs), and 𝑇𝑇 = 𝑇𝑇′ − 𝑊𝑊 + 1, with

𝑇𝑇 ′ = 147, was the length of the preprocessed time series. For instance, the entry

𝔠𝔠𝑖𝑖𝑖𝑖𝑖𝑖 , 𝑖𝑖, 𝑗𝑗 ϵ {1, … , 𝑁𝑁}, 𝑡𝑡 ∈ {1,2, … , 𝑇𝑇} of the tensor 𝕮𝕮 denoted the functional connectivity
between regions 𝑂𝑂𝑖𝑖 and 𝑂𝑂𝑗𝑗 at time window 𝑡𝑡. No self-connections was allowed.

We varied the window size from 61TRs to 101TRs in increments of 10TRs (where

TR = 2 seconds), to capture dynamic changes of functional connectivity in different
frequency ranges, and examine sensitivity of the prediction model to the window size
alterations. In order to prevent adding the spurious fluctuations associated with intrinsic
changes of fMRI time series to the dynamic connectivity computations, the window size
should be greater than 1/𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 [38], where 𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 is the lowest frequency of the fMRI time

series. As mentioned above, the time series were band-pass filtered at 0.009–0.08 Hz. Thus,

in our study the minimum length of window size could be 56 time points (or equivalently
56TRs). To assure passing the lowest value for the window size, the lower limit for window
size search range was set at 61 time points. Moreover, the odd length of the window
allowed centered sliding window analysis, as it used a symmetric window at each time
point. On the other hand, as the window size increases, the dynamic connectivity estimation
approaches the static connectivity. Therefore, we limited the search range with the upper
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bound of 101 time points. To maintain the highest possible temporal resolution, the shift
size was set at 1TR throughout the analysis.
To reduce the computational burden, as well as to generate sparse networks with
the strong connections retained, the magnitude of correlation tensor was thresholded. It has
been shown [39] that proportional threshodling strategies (e.g. consistent connectivity
density) provide more stable network measures compared with absolute thresholding
methods (e.g. statistical significance criterion indicated with p-value < 0.05). Thus, in this
study, the connectivity tensors were thresholded such that a certain percentage of the highstrength connections was preserved for each subject at each time window. The sign of
connections was preserved in the thresholded connectivity tensor. After thresholding, the
resulting networks were checked for the fragmentation into multiple subnetworks, and no
fragmented network was observed throughout our analysis. To examine the prediction
performance consistency versus connectivity density threshold, a density range of 10-30%
with increments of 5% was examined. Figure 4-1 shows a schematic representation of
dynamic connectivity tensor creation.
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Figure 4-1 Dynamic connectivity tensor creation procedure using sliding window technique.

A window of fixed length is used to split the fMRI time series. For each split, a connectivity matrix is then
constructed using pairwise Pearson correlation analysis. By concatenating the resulting matrices, a 3rd-order
connectivity tensor is created for each participant. A thresholding value is chosen to remove weak
connections, such that for each individual and at each time window a fixed percentage (e.g. 10%) of the total
connections is maintained.

4.2.6 Connectivity tensor rank reduction using HOSVD
Each connection of the resulting brain network can be considered as a feature or
equivalently an axis of the feature space that could contribute to distinguishing study
populations. In the current study, the brain networks with 268 nodes have a potential of
over 35,000 connections that could serve as features. To avoid including noisy contents
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which potentially results in low generalization power of the prediction model, the feature
space dimension, or rank of the connectivity network data was reduced prior to being used
in the multivariate model.
For the cases where datasets are represented with matrices (2nd-order tensors), one
popular technique is to perform singular value decomposition (SVD) to obtain a
summarized presentation of the data, and mitigating the high dimensionality issue [40, 41].
As mentioned above, each feature is represented by an axis/dimension in the feature space;
SVD identifies combined features (new axes) as a linear combination of the original
features. The new features are called singular vectors or principal axes. The singular
vectors are ordered regarding the amount of the data variance that they represent, with the
first singular vector as the highest-ordered. Additionally, the variability along each singular
vector is computed, namely singular values. The main idea of rank reduction analysis using
SVD is to project the data along the 𝑅𝑅 highest-ordered singular vectors such that a certain
percent of data variance could be preserved.

In the current study, tensor-based higher-order SVD (HOSVD) [42] was used to
reduce the dimensionality of connectivity tensors. HOSVD decomposes a tensor 𝒜𝒜 ∈
ℝ𝑑𝑑1 ×…×𝑑𝑑𝑝𝑝 to a core tensor 𝒢𝒢 ∈ ℝ𝑑𝑑1 ×…×𝑑𝑑𝑝𝑝 consisting of singular values, and column spaces

𝐔𝐔(𝑛𝑛) , 𝑛𝑛 ∈ {1,2, … , 𝑝𝑝}, each consisting of singular vectors in a specific mode. HOSVD

preserves the information embedded in the structured tensors by computing singular
vectors in each mode (connectivity, time and participants in this study) separately, in
conjunction with their corresponding singular values. In the present study, the connectivity
tensors, 𝕮𝕮 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇 , were concatenated across the 𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 training samples to create a 4th104

order connectivity tensor 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 . According to the HOSVD model, 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇
can be decomposed as

𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 = 𝒢𝒢 ×1 𝐔𝐔(1) ×2 𝐔𝐔(2) ×3 𝐔𝐔 (3) ×4 𝐔𝐔(4)

4-1
(𝑛𝑛) (𝑛𝑛)

(𝑛𝑛)

where ×𝑛𝑛 denotes the 𝑛𝑛-mode tensor-matrix product. 𝐔𝐔 (𝑛𝑛) = [𝐮𝐮1 𝐮𝐮2 ⋅⋅⋅ 𝐮𝐮𝑑𝑑𝑛𝑛 ] ∈
ℝ𝑑𝑑𝑛𝑛 ×𝑑𝑑𝑛𝑛 is the singular vector matrix (or column space) in the 𝑛𝑛-th mode, where 𝑑𝑑1 =
(𝑛𝑛)

𝑑𝑑2 = 𝑁𝑁, 𝑑𝑑3 = 𝑇𝑇 and 𝑑𝑑4 = 𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 . The vector 𝐮𝐮𝑖𝑖

∈ ℝ𝑑𝑑𝑛𝑛 ×1 , 𝑖𝑖 ∈ {1,2, … , 𝑑𝑑𝑛𝑛 }, is the 𝑖𝑖-th

singular vector in the 𝑛𝑛-th mode. As brain connectivity matrix for each subject at each
time is symmetric, 𝐔𝐔(1) and 𝐔𝐔(2) are theoretically equal. 𝒢𝒢 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 is the core
(𝑛𝑛)

tensor with orthogonal sub-tensors, 𝒢𝒢𝑘𝑘 , and corresponding ordered Frobenius
(𝑛𝑛)

norms, 𝜎𝜎𝑘𝑘

(𝑛𝑛)

(𝑛𝑛)

= �𝒢𝒢𝑘𝑘 �, where sub-tensors 𝒢𝒢𝑘𝑘

are obtained by fixing the 𝑛𝑛-th index

of 𝒢𝒢 at 𝑘𝑘 ∈ {1,2, … 𝑑𝑑𝑛𝑛 }, while the other indices are free. For instance, for a 3rd-order

tensor, orthogonality means that different horizontal matrices of the tensor (where

the first index is kept fixed, while the two other indices are free) are mutually

orthogonal. In other words, the inner product of every pair of the horizontal matrices
is zero. Furthermore, the same rule applies to different frontal and vertical matrices

as well. The same notion is generalized to 𝑛𝑛th-order tensors, 𝑛𝑛 > 3, where orthogonal
matrices are substituted with orthogonal subtensors. Details on the tensor algebra
relevant to this project are provided in the Appendix A.
(𝑛𝑛)

As the norm of the sub-tensors 𝜎𝜎𝑘𝑘

(𝑛𝑛)

= �𝒢𝒢𝑘𝑘 �, 𝑘𝑘 ∈ {1,2, … , 𝑑𝑑𝑛𝑛 }, are in descending

order, one can take advantage of the truncated version of the core tensor to reduce the rank

of the connectivity tensors [42, 43]. The optimal solution of the truncated decomposition
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of the tensor 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡 is obtained when the core tensor is in the hypercube

form, 𝒢𝒢𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑅𝑅×𝑅𝑅 where 𝑅𝑅 ≤ 𝑚𝑚𝑚𝑚𝑚𝑚{𝑁𝑁, 𝑁𝑁, 𝑇𝑇, 𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 } [44]. It is shown that in such a

decomposition the diagonal entries of the core tensor are maximized [44]. In this study, 𝑅𝑅

was first set at 𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 = 42. However, since 85% of the total variance was captured by the
first 21 singular vectors, ultimately rank 𝑅𝑅 = 21 was chosen for the final analyses

throughout the study. Please refer to Figure 4-6, to see the supporting data regarding rank
reduction.
According to the definitions provided in the Appendix A, each entry 𝒸𝒸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , of the
connectivity tensor, 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 , is obtained as below
(1) (2) (3) (4)

(1) (2)

(3) (4)

𝒸𝒸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = � 𝑢𝑢𝑖𝑖𝑖𝑖 𝑢𝑢𝑗𝑗𝑗𝑗 𝑢𝑢𝑘𝑘𝑘𝑘 𝑢𝑢𝑙𝑙𝑙𝑙 ℊ𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = � �𝑢𝑢𝑖𝑖𝑖𝑖 𝑢𝑢𝑗𝑗𝑗𝑗 �ℊ𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 �𝑢𝑢𝑘𝑘𝑘𝑘 𝑢𝑢𝑙𝑙𝑙𝑙 �
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
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(𝑛𝑛)

where 𝑢𝑢𝑖𝑖𝑖𝑖 indicates the entry (𝑖𝑖, 𝑗𝑗) of 𝐔𝐔(𝑛𝑛) , and ℊ𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 is the entry (𝑝𝑝, 𝑞𝑞, 𝑟𝑟, 𝑠𝑠) of the core
tensor 𝒢𝒢. The Eq. (2) can be rewritten in the matrix multiplication form as below
𝑇𝑇

𝐂𝐂 𝑇𝑇𝑇𝑇𝑇𝑇 = �𝐔𝐔(1) ⨂𝐔𝐔(2) �𝐆𝐆�𝐔𝐔 (3) ⨂𝐔𝐔 (4) � ∈ ℝ𝑁𝑁

where 𝐂𝐂 𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁

2 ×𝑇𝑇𝑀𝑀
𝑇𝑇𝑇𝑇𝑇𝑇

and 𝐆𝐆 ∈ ℝ𝑁𝑁

2 ×𝑇𝑇𝑀𝑀
𝑇𝑇𝑇𝑇𝑇𝑇

2 ×𝑇𝑇𝑀𝑀
𝑡𝑡𝑡𝑡𝑡𝑡
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are the reshaped format of the tensor 𝒞𝒞𝑇𝑇𝑇𝑇𝑇𝑇 ∈

ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 , and 𝒢𝒢 ∈ ℝ𝑁𝑁×𝑁𝑁×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 , respectively. Using the truncated version of
HOSVD, while only the 𝑅𝑅 highest ranked singular vectors are kept in each mode, we can

approximate the connectivity matrix, 𝐂𝐂 𝑇𝑇𝑇𝑇𝑇𝑇 , as below

𝑇𝑇

(1)
(2)
(3)
(4)
𝐂𝐂� 𝑇𝑇𝑇𝑇𝑇𝑇 = �𝐔𝐔𝑟𝑟 ⨂𝐔𝐔𝑟𝑟 �𝐆𝐆𝑟𝑟 �𝐔𝐔𝑟𝑟 ⨂𝐔𝐔𝑟𝑟 �
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2
where 𝐂𝐂� 𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁 ×𝑇𝑇𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 is the reconstructed connectivity matrix using the 𝑅𝑅 highest-

ordered singular vectors, subscript 𝑟𝑟 denotes reduced-rank, 𝐆𝐆𝑟𝑟 ∈ ℝ𝑅𝑅
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2 ×𝑅𝑅2

(1)

, 𝐔𝐔𝑟𝑟 ∈

(2)

(3)

(4)

ℝ𝑁𝑁×𝑅𝑅 , 𝐔𝐔𝑟𝑟 ∈ ℝ𝑇𝑇×𝑅𝑅 , 𝐔𝐔𝑟𝑟 ∈ ℝ𝑇𝑇×𝑅𝑅 and 𝐔𝐔𝑟𝑟 ∈ ℝ𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇×𝑅𝑅 . It should be noted that only

the training samples were used in finding the singular vectors. Therefore, the

projection of the training samples onto the reduced rank connectivity space,
(1)

(2)

𝐔𝐔𝑟𝑟 ⨂𝐔𝐔𝑟𝑟 , can be represented by

where 𝐂𝐂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅

2 ×𝑇𝑇𝑀𝑀
𝑇𝑇𝑇𝑇𝑇𝑇

(4) 𝑇𝑇

(3)

𝐂𝐂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝐆𝐆𝑟𝑟 �𝐔𝐔𝑟𝑟 ⨂𝐔𝐔𝑟𝑟 �
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presents the reduced-rank connectivity networks of the

training samples, which are reshaped to the tensor format as 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 ,
prior to being used in the prediction model. Consequently, with the reduced-rank
(1)

(2)

connectivity space represented by 𝐔𝐔𝑟𝑟 ⨂𝐔𝐔𝑟𝑟 , and the reshaped version of the test

samples connectivity tensors 𝐂𝐂 𝑇𝑇𝑇𝑇𝑇𝑇 ∈ ℝ𝑁𝑁

can be reduced through

where 𝐂𝐂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅

2 ×𝑇𝑇𝑀𝑀
𝑇𝑇𝑇𝑇𝑇𝑇

(1)

2 ×𝑇𝑇𝑀𝑀
𝑇𝑇𝑇𝑇𝑇𝑇

, the dimensionality of the test samples

(2) −1

𝐂𝐂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = �𝐔𝐔𝑟𝑟 ⨂𝐔𝐔𝑟𝑟 � 𝐂𝐂 𝑇𝑇𝑇𝑇𝑇𝑇
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is the reduced-rank connectivity networks of these samples

that are reshaped to the tensor format 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 before testing the

predictive model.

The resulting reduced-rank connectivity tensors of the training samples 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈

ℝ𝑅𝑅×𝑅𝑅×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 and the test samples 𝒞𝒞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑇𝑇×𝑀𝑀𝑇𝑇𝑇𝑇𝑇𝑇 were finally averaged across time
to obtain an 𝑅𝑅 × 𝑅𝑅 summarized representation of the connectivity tensor for each
participant. Eventually, the dimension of the new feature vector representation was 𝑅𝑅 2 .
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It is also worth mentioning that by having principal vectors in the reduced-rank
(1)

(1)

(1)

(1)

connectome space 𝐔𝐔𝑟𝑟 = �𝐮𝐮1 , 𝐮𝐮2 , … , 𝐮𝐮𝑅𝑅 � ∈ ℝ𝑁𝑁×𝑅𝑅 , connectivity network components

𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 ∈ ℝ𝑁𝑁×𝑁𝑁 associated with the singular vectors 𝑖𝑖 and 𝑗𝑗, are obtained through the outer
(1)

(1) 𝑇𝑇

product of the corresponding vectors, i.e. 𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 = 𝐮𝐮𝑖𝑖 �𝐮𝐮𝑗𝑗 � . Nevertheless, as previously
mentioned, in the HOSVD estimation, the diagonal entries of the core tensor are

maximized. Hence, the connectivity components, 𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 , where 𝑖𝑖 = 𝑗𝑗, should carry the

highest level of information. In this study, only these components are then presented.

This analysis was conducted independently for the resting state and food
visualization task. The resulting low-rank connectivity networks were used in a linear SVM
model [45]. LIBSVM toolbox was used to implement support vector classification [46].

4.2.7 Assessing prediction performance
The sample set was split to the low- and high-weight loss groups using the median
of the weight change percentage [(weight after 18 months – baseline weight) / baseline
weight × 100]. The performance of the models was evaluated using random sub-sampling
cross validation approach, for which 52 samples were randomly permuted, the first 21
samples from each group (low- and high-weight loss groups) were assigned to the training
set and the remaining to the test set (5 samples from each group). Thus, in each
permutation, training and test sets consisted of 42 and 10 samples, respectively. It should
be noted that before running the prediction model, 100 random permutations of the
participants were recorded, and the same permutations of training and test participants were
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used for all the analyses of this study. Prediction performance measures were evaluated as
the average of the resulting scores across the 100 permutations (or validation folds).
The grouping label of sample 𝑖𝑖 was set as [𝑎𝑎𝑖𝑖1 , 𝑎𝑎𝑖𝑖2 ], with 𝑎𝑎𝑖𝑖1 = 1 and 𝑎𝑎𝑖𝑖2 = 0 for

the low weight loss group, and vice versa for the high weight loss group. The label

′
′
′
], was not a binary array. In other words, 𝑎𝑎𝑖𝑖1
predicted for the test sample 𝑖𝑖, [𝑎𝑎𝑖𝑖1
, 𝑎𝑎𝑖𝑖2
and

′
indicate the probability of belongingness of the test sample 𝑖𝑖 to the group 1 and 2,
𝑎𝑎𝑖𝑖2

′
′
] was then binarized, to determine the grouping label
respectively. The label array [𝑎𝑎𝑖𝑖1
, 𝑎𝑎𝑖𝑖2

of each sample. Equivalently, subject 𝑖𝑖 was assigned to the low weight loss group,

′
′
> 𝑎𝑎𝑖𝑖2
, and to the high weight loss group, [𝑎𝑎𝑖𝑖1 , 𝑎𝑎𝑖𝑖2 ] = [0,1], if
[𝑎𝑎𝑖𝑖1 , 𝑎𝑎𝑖𝑖2 ] = [1,0], if 𝑎𝑎𝑖𝑖1
′
′
𝑎𝑎𝑖𝑖1
< 𝑎𝑎𝑖𝑖2
. The probability of belongingness of each sample to either of the groups was

estimated as suggested in [46].

We estimated cross entropy (CE) of the prediction model that quantified how the
predicted probabilities (prior to binarizing) were close to the real binary labels. In other
words, a high accuracy might not always imply a highly confident decision regarding
grouping assignments, characterized by low CE. For instance, a sample with grouping
probability [0.49, 0.51] is assigned to the high weight loss group, while there is not a high
confidence margin in this prediction. CE was then defined as below
𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡 𝐷𝐷

1
′
′
) + (1 − 𝑎𝑎𝑖𝑖𝑖𝑖 ) ln(1 − 𝑎𝑎𝑖𝑖𝑖𝑖
))
CE = −
� �(𝑎𝑎𝑖𝑖𝑖𝑖 ln(𝑎𝑎𝑖𝑖𝑖𝑖
𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡
𝑖𝑖

4-7

𝑑𝑑

where 𝐷𝐷 denotes the number of groups (2 in this study), 𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡 indicates the number

′
of test samples, and 𝑎𝑎𝑖𝑖𝑖𝑖 and 𝑎𝑎𝑖𝑖𝑖𝑖
denote real and predicted probability of

belongingness of the test sample 𝑖𝑖 to the group 𝑑𝑑, respectively. For a perfect
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′
probability prediction CE is 0, and for a chance level probability, i.e. 𝑎𝑎𝑖𝑖𝑖𝑖
= 0.5, CE is

𝐷𝐷 ln 2.

For each validation fold, the accuracy, sensitivity and specificity of the model were
determined using the test samples as below
Accuracy =

Sensitivity =
Specificity =

4.3

Number of correctly classified samples
× 100
Total number of samples

Number of correctly classified samples from the low weight loss group
× 100
Total number of low weight loss group samples
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Number of correctly classified samples from the high weight loss group
× 100
Total number of high weight loss group samples

Results

4.3.1 Weight loss and hunger ratings following the overnight fast in the
study sample
Within the entire sample, the mean (SD) baseline weight was 93.28 (12.80) kg, and
the percent weight loss was 8.41 (7.14)%. The mean percent weight loss for those below
the median was 2.87% (95%CI = 1.41, 4.33), while it was 13.96% (95%CI = 11.86, 16.05)
for those above the median. These group differences reflect a poor and successful outcome
for weight loss treatment, a conclusion that is in agreement with the clinically significant
threshold of 5% established by The Obesity Society (TOS), since the loss of 5% or more
has been associated with positive health consequences [47]. At the time of entering the
scanner, the group was in the state of moderate hunger as evident by hunger ratings
acquired using a 100 point VAS scale: Mean (95%CI) for hunger scale = 56.56 (48.30,
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64.63). For greater details of the descriptive and clinical data, refer to Table 2-1 and the
existing publications using this dataset [21, 32].

4.3.2 Prediction performance of the dynamic brain networks
The networks of the resting state and food cue task were used in separate prediction
analyses. There was no significant difference in the prediction accuracy between restingstate and food-cue task; hence, the remainder of the manuscript focuses on resting-state
data with detailed results for the food-cue task being presented in Figure 4-7. Direct
comparisons were made between the dynamic networks, static networks and dynamic
networks with random grouping assignment. The dynamic connectivity networks were
created using a sliding window with length of 61 time points and connectivity density of
10%. A single static connectivity matrix was also generated for each participant using the
entire fMRI time series and thresholded at a density of 10%. For the networks with random
grouping assignments, the labels of the 52 samples were randomly permuted and the
resulting randomly assigned samples were used in the same rank reduction and prediction
algorithms with the same 100 random subsampling cross validation folds. The entire
random grouping assignment analysis was repeated 10 times and the average performance
across the 10 runs was used. These networks were also created with a window size of 61
time points and a density of 10%. Figure 4-2 contrasts the prediction performance measures
from the different connectivity networks. The dynamic model exhibited the best
performance with an average accuracy (SD) of 96.80% (5.67). The static networks resulted
in a prediction accuracy of 48.90% (14.90). The prediction accuracy of the random
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grouping model was 49.40% (16.00) over the 10 runs; its correct prediction rate failed to
exceed 70% in any of the validation folds.

Figure 4-2 Prediction performance resulting from dynamic connectivity static connectivity and
randomized samples.

Prediction performance quantified using accuracy (rate of correct prediction), sensitivity (rate of correct
prediction for low-weight loss group), specificity (rate of correct prediction for high-weight loss group) and
CE (a measure of prediction error defined as the difference between the prediction grouping probabilities and
the real grouping labels, see section 2.7 for detailed definitions) for the dynamic and static connectivity and
random grouping analysis. Dynamic connectivity tensors were constructed using a sliding window length of
61 time points and thresholded at connectivity density of 10%. No sliding window was used to make the
static network; the entire fMRI time series was used to compute a single pairwise correlation matrix for the
static networks. For the random grouping analysis, the participants’ labels were randomly permuted. HOSVD
was used to reduce the networks’ rank, HOSVD linearly decomposes the dynamic connectivity tensors to a
set of linearly independent (equivalently orthogonal) dynamic connectivity components. To identify the
components, HOSVD maximizes the amount of variance captured by the components

Figure 4-3 contrasts the prediction performance measures for the dynamic networks
across different window sizes and different connectivity density thresholds. As shown on
the right vertical axis, to explore how different density thresholds can affect prediction
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performance, a search range of 10 to 30% with 5% increments was examined. Similarly,
prediction performance was evaluated with different window sizes ranging from 61 to 101
time points with 10 time points increments. To utilize information across a wider range of
connectivity fluctuation frequencies, for each participant, a “Total” score was generated by
concatenating the low-rank networks estimated for the same participant across all window
sizes.
Results from a two-factor (window size and density) repeated measures analysis of
variance (ANOVA) test with significance level of 0.05 showed that window size was a
significant factor in the prediction performance measures including accuracy, specificity
and cross entropy (p-value < 0.05). In addition, connectivity density was significantly
associated with accuracy, specificity and cross entropy (p-value < 0.05). However, the
interaction of window size and density was not significantly associated with the
performance measures (p-value > 0.05). Further, multiple comparison tests were performed
to identify which pairs of window sizes and density values contributed to the significant
difference in the prediction performance (see Figure 4-8). As indicated in Figure 4-8 (a),
the model integrating networks from different window sizes, namely “Total”, significantly
outperformed the models trained and tested using a single window size for the data.
Additionally, a connectivity density of 10% resulted in significantly lower cross entropy
(Figure 4-8 (b)).
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Figure 4-3 Prediction performance measures [mean with error bars reflecting ±SD across 100
validation folds] of the SVM model estimated for different window sizes and different connectivity
density thresholds.

The numbers on the left vertical axis of each figure illustrate the prediction performance values, and the
numbers on the right side indicate connectivity density thresholding values
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4.3.3 Connectivity principal components of the dynamic connectivity
networks
The 9 highest-ranked connectivity singular vectors captured ~81% of the variance
of the reduced-rank data. Each singular vector identified by HOSVD represents a
connectivity pattern, namely connectivity principal components. Figure 4-4 shows the
principal components described by the 9 highest-ordered singular vectors, averaged over
100 validation folds. The amount of the variance carried by each component (equivalent to
the corresponding singular value squared), normalized to the first singular vector variance,
and averaged over 100 cross-validation folds, is shown on the top of that component. There
were no qualitative differences between the network components generated using different
window sizes. Due to space limitation and for simplicity, we only present the network
components created with a window size of 61 time points and a density of 10%. For
interested readers, the network components were provided in Appendix C as an Excel file,
each sheet shows the connections (edges) of a specific component as a set of node pairs
and corresponding weights. The number of each node is determined based on its label in
the functional atlas [36]. Only the connections located in the 99th percentile of the
connection strength distribution are shown for each component.
Given that these components represent the complex patterns that emerge from
temporally high level interactions between single connections, they should be viewed as
whole connectivity components, rather than sets of independent connections between
regions. Nevertheless, it is noteworthy that the network components contain brain
connections that are hypothesized to be involved in many aspects of eating behavior and
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behavioral change skills necessary for successful weight loss [11, 12, 48]. The components
were made up of the following interconnected regions:
•
•
•
•
•
•
•
•
•

Dorsal insula, basal ganglia, anterior cingulate, and cerebellum

Attention network and limbic regions such as amygdala, hippocampus and
inferior insula

Right caudate, visual cortex, motor and sensory regions, thalamus, medial
prefrontal and dorsolateral prefrontal cortices
Left posterior cingulate/precuneus, left temporal pole and right ventrolateral
prefrontal cortex
Right posterior cingulate/precuneus, right temporal pole and left
ventrolateral prefrontal cortex

Bilateral anterior insula, bilateral inferior frontal, and early visual and primary
motor cortices
Entire cingulate gyrus, lateral visual cortex and frontal poles
Orbitofrontal cortex, temporal poles and parietal regions
Visual cortex and cerebellum

As mentioned above, to provide a clearer visualization of the network components,
only connections located in the 99th percentile of the connection strength distribution are
shown for each component. Thus, the images in Figure 4-4 were selected to highlight the
key regions that might contribute to the classification of successful weight loss. Note that
the connections shown in this figure do not represent simple temporal correlation between
the regions. Rather, connections between two regions indicate a complex coupling between
the connections of those two regions across time and within individual participants.
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Figure 4-4 The connectivity principal components revealed by HOSVD.

For each component, the left column displays a network-based representation and the right column shows
the individual nodes in their anatomical locations. Each network component is a collection of nodes and
edges that captures the greatest amount of variance across time and within individuals. The size of each node
is directly related to its number of connections. The variance explained by each component, 𝜈𝜈𝑖𝑖 , where 𝑖𝑖
indicates the component index, is noted on the top of the same component’s graph. For each component, the
variance was computed as the square of the corresponding singular value normalized by the first singular
value that was finally averaged across 100 validation folds.
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The SVM model exploits an optimum parametrized linear combination of the
features to build the maximum-margin hyperplane between the two groups [45]. A
parameter is assigned to each feature that represents the weight of the same feature in the
linear maximum-margin separation. Thus, for the reduced-rank connectivity data ∈
ℝ21×21 , the parameters, also known as the weights, can be represented with the matrix 𝑊𝑊 ∈

ℝ21×21 . The strength of parameter matrix |𝑊𝑊| ∈ ℝ21×21 , averaged over 100 permutations,

is illustrated in Figure 4-5(a). The diagonal entry, 𝑤𝑤𝑖𝑖𝑖𝑖 𝑖𝑖 ∈ {1, 2, … , 21}, represents the

weight of the principal component 𝑖𝑖. The off-diagonal entry, 𝑤𝑤𝑖𝑖𝑖𝑖 𝑖𝑖, 𝑗𝑗 ∈ {1, 2, … , 21}, 𝑖𝑖 ≠ 𝑗𝑗,

represents the weight assigned to the interaction of principal components 𝑖𝑖 and 𝑗𝑗. As

apparent in the diagonal entries, the weights, as a measure of principal components
discriminatory power, decrease as the order of the components decreases. Moreover, it
shows that overall the diagonal elements are substantially stronger than the off-diagonal
entries in the corresponding row and column. In other words, the individual principal

networks, play a significant role in discriminating the groups whereas the interaction
between principal components contributes much less. To clarify this point, Figure 4-5(b)
and (c) depict the average and standard deviation of the diagonal entries and the cumulative
weight associated with each principal component (equivalently row-wise sum of the matrix
|𝑊𝑊|).
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Figure 4-5 Weight of the features in the SVM classification model

Strength of SVM weight matrix, |𝑊𝑊| ∈ ℝ21×21, averaged over 100 validation folds (a), average weights on
the diagonal entries of the SVM weight matrix |𝑊𝑊| ∈ ℝ21×21 (b), average of row-wise sum of the matrix
|𝑊𝑊| ∈ ℝ21×21 (c).

4.4

Discussion
This study involved an examination of whether functional brain networks of older,

obese adults assessed in a fasted state prior to randomization to intentional weight loss
could be used to predict success with weight loss 18-month after initiation of treatment.
Evaluating functional brain networks following an overnight fast was a critical feature of
the study design in that periods of food restraint result in nutritional deficits that trigger
hunger and hence food consumption [27-29]. In line with Kavanagh and colleagues’ [49]
Elaborated Intrusion Theory of Desire, the motivation to eat is driven by both unconscious
and conscious processes. Moreover, physiological deficits, created by manipulations such
as food restraint, trigger cravings for food and challenge self-regulatory capacities [27-29].
Indeed, we have observed this pattern of response in our prior work with food restraint
[50]. Consistent with our study hypothesis, we found that HOSVD in combination with
machine learning applied to pre-treatment functional brain networks generated from
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resting-state scans resulted in network components that were highly accurate (>95%) in
predicting 18-month weight loss.
There is growing consensus that self-regulatory skills and the motivation required
to follow-through with behavior change [6, 7] are vital for successful weight loss or
adopting any new health behavior. Whereas weight loss research in neuroscience has
focused on specific regions of interest [12], the current methodology is highly innovative
in that we used HOSVD in conjunction with machine learning to identify patterns of
multivariate connectivity across the whole brain that effectively discriminated between
individuals who either exceeded or failed to exceed the 5% weight loss criterion that
defines success with intentional weight loss. Furthermore, the network components used
in the predictive model have at least three important implications. First, they could assist
in the development of a comprehensive neural-based theory of intentional weight loss,
since studies involving specific regions of interest are restrictive and ignore the inherent
complexity of the brain. Indeed, recent comprehensive reviews of research into obesity
suggest that a whole brain approach is warranted [12]. Second, a broader view of dynamic
brain networks could lead to the development of new treatment options. These options
could complement or improve upon current behavioral methods for weight management
which largely rely on conscious, decision based theories [6]. And third, we believe that a
more comprehensive understanding of neural networks involved in successful weight
management could lead to the tailoring of treatment consistent with precision-based models
of medicine. It is unlikely that “one size fits all” when it comes to implementing strategies
for promoting health behavior change. Because the analytic approach in the current
investigation relied on multivariate relationships across the whole brain, prior to discussing
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key brain networks illuminated by these analyses, we first want to emphasize what the
phenotypic characterizations can and cannot tell us.
As noted above, the predictive analyses combined HOSVD with machine learning
to identify patterns of multivariate connectivity that were effective in discriminating
between individuals who either exceeded or failed to exceed the 5% criterion for successful
weight loss. The multivariate patterns indicate that, as opposed to specific regions of
interest, complex connectivity patterns between widespread areas of the brain are key to
understanding intentional weight loss. This finding is vital when attempting to gain a
mechanistic understanding of the network components that contribute to successful weight
loss. The network components cannot be dissected and interpreted as individual brain
regions or individual connections between brain regions. It is the entire connectivity pattern
of the network components that was essential to effective classification.
The results clearly demonstrated that dynamic network analyses were successful at
predicting weight loss whereas static network analyses were not. This means that a series
of networks that evolved over time was necessary to discriminate between the weight loss
groups. Each component (see Figure 4-4) represents a brain subnetwork that accounts for
variability in connectivity across the groups. The expression of each component varies over
time (see Figure 4-9) in each individual participant. The machine learning algorithm was
able to identify spatio-temporal patterns that distinguished the high from low weight loss
groups. This does not simply translate to a given component being more or less likely to
be connected in the high or low weight loss groups. Rather, the temporal profile of the
network components and the interaction between the temporal dynamics of the components
distinguished the study populations. Due to the fact that the multivariate pattern spans
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many interacting spatial and temporal dimensions, it is not possible to simply identify a
single discriminant feature for the two groups. The complex pattern is what discriminated
between the two groups and it required a machine learning algorithm to identify that pattern
in high dimensional space.
With these caveats in mind, 9 principal components captured in excess of 80% of
dynamic connectivity variance. Consistent with Kavanagh and colleagues’ [49] Elaborated
Intrusion Theory of Desire, these components underscore that effective self-regulation
involves both unconscious processes—sensory, motor, cognitive and affective—that are
likely responsible for the intrusive quality of food craving as well as conscious processes—
both cognitive and emotional—that serve to elaborate on these intrusive cues to promote
consumption. Although we want to reemphasize the importance of interpreting each
network as a whole component, and not as distinct regions of interests, the implication of
regional interactions in each component is briefly discussed below.
Component 1 represents a network that is dominated by interactions between the
cerebellum, lateral sensorimotor areas (including face, mouth, and throat), posterior insula,
mid-anterior cingulate cortex, as well as the early visual cortex. Given this connectivity
pattern, the component 1 may play an active role in higher-order cognitive processing, e.g.
self-regulation

and

goal-directed

behaviors

for

optimizing

context-appropriate

performance [51-55], feeding behavior [56, 57], and voluntary movement commands [58,
59].
A bilateral interacting pattern between the executive attention network and
hedonic/goal directed network including the amygdala, hippocampus and inferior insula
was found to serve as the core for component 2. We postulate that this network component
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represents the process of top-down control that the attention network projects onto the
limbic regions known to be important in goal-oriented behavior [60, 61]. Altered
connectivity within this network component could adversely affect inhibitory control
processing and consequently lead to altered behavioral regulation [48]. Interestingly
connections between the control and reward/motivation networks are known to play a
central role in regulating food consumption [15, 62].
Component 3 represents a sensory network that involves extensive connectivity
with the visual cortex, thalamus, caudate, ACC, medial prefrontal cortex (MPFC) and
dorsal lateral prefrontal cortex (DLPFC). While the ACC, MPFC and DLPFC are known
to be associated with salience and the rewarding qualities of sensory input [63, 64], the
DLPFC also plays a key role in working memory.
The importance and complexity of elaboration and inhibition to intentional weight
loss is evident in network components 4-8. The presence of an interacting pattern
consisting of the left temporal pole, right ventrolateral prefrontal (RVLPF) and posterior
cingulate cortices defines component 4 as an important network in cognitive
elaboration/inhibition [65, 66]. Interestingly, the structure of network component 4 was
also present in network component 5, albeit with opposite laterality. Network component
5 includes emotional elaboration/delayed discounting network comprising the interactions
between right temporal pole and left ventrolateral prefrontal cortex (LVLPFC) [67].
Network component 6 represents communication between the bilateral anterior
insula, bilateral inferior frontal areas, early visual areas, and superior and medial motor
cortex. This network component can be considered influential in self-regulatory processes
involving emotional awareness and inhibition [68], whereas network component 7 captures
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interactions between inferior temporal areas and the posterior cingulate cortex, key
elements of the resting state brain default mode network (DMN) [69, 70].
The 8th network component includes high-level interactions between temporal
poles, anterior cingulate, and orbital frontal cortices. This component resembles the hot
state brain network of appetite (HBN-A) -including insula, anterior cingulate cortex
(ACC), superior temporal pole (STP), amygdala and the parahippocampal gyrus- [13, 71]
that was found to be an important control-based network contributing to the prediction of
weight loss in prior work [13].
Finally, network component 9 is dominated by connections between the visual
cortex and the cerebellum. In general, we posit that the appearance of the interactions
between visual cortex and cerebellum in this dedicated network component, underscores
the powerful role that visual imagery and embodied long term memory play in the desire
for food and hence the strength of self-regulatory capacities. In fact, the role of visual
imagery in food craving is a topic that has attracted considerable attention [72-76]. Not
surprisingly, visual imagery and other body related/sensory inputs are core features of
Kavanagh and colleagues’ Elaborated Intrusion Theory of Desire [49].
Despite the strengths of the current method in classifying intervention success and
the role that this model played in elucidating the complex, whole brain connectivity
involved in intentional weight loss, the study is not without limitations. First, the sample
size was small and involved a relatively homogeneous group of overweight/obese older
adults with metabolic syndrome and/or cardiovascular disease (CVD). We are aware that
the extra-ordinary prediction accuracy in this study could be artificially inflated by these
factors. There is a need to replicate these findings with larger independent samples. Given
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the complexity of the data and technique, we expect that the prediction performance will
fall off some, when using independent samples. Nevertheless, in real-life applications, even
a prediction performance of ~60% could significantly impact medical decisions. Second,
although sex has been identified as a determinant of brain function and self-regulation [7779], we did not find that sex was an important consideration in the success of classifying
who was likely to fail or succeed at weight loss. It is possible that in a larger more
heterogeneous sample of men and women, classification accuracy could be compromised
if sex was ignored. The same could be said for age, race and other potentially important
moderating variables that do compromise the external validity of these results. Third,
previous studies have shown that overeating and consequently obesity can occur in the
absence of hunger [80-82]. In the current study, baseline fMRI scans were acquired in a
physiological state of hunger following an overnight fast, and the successful weight loss
performance was prospectively predicted using the resulting dynamic connectivity
networks. However, we did not compare fasted and sated treatment conditions. This topic
is certainly worthy of study in subsequent research.
Finally, there are at least two other important areas of study that deserve attention.
First, if one prescribes an intervention based on the multivariate connectivity patterns, will
this lead to an improved outcome? In other words, although this study shows that there are
well-defined network components that are useful in predicting weight loss success, the
current study does not tell us whether these components can be modified in a manner that
changes the outcome for those who failed. In addition to this limitation in interpreting the
component networks, one should also keep in mind that the interaction of individual
characteristics and intervention type could make the interpretation of network components
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even more challenging. A second and related issue is that, although this is the first step
toward specifying weight loss treatment at individual level, separate models should be
generated for each specific intervention of conceptual interest to demonstrate its efficacy,
eventually developing a clinical paradigm in which individuals could be matched to highly
specific behavioral and/or pharmacological interventions. In other words, if we had
sufficient sample sizes (e.g. 200 participants) for different interventions, we could
construct a separate model for each specific intervention to identify phenotypes that are
predictive of success. The probability of successful weight loss for each future patient
would then be estimated with all the resulting models based on their brain phenotypes. The
intervention associated with the model resulting in the highest probability would then be
assigned to that patient. In this way, we can extend the proposed idea in this paper to a
personalized medicine paradigm.

4.5

Conclusions
In summary, the current study offers an exciting new frontier for behavioral

neuroscience in that it demonstrates the utility of studying connectivity across the whole
brain as opposed to focusing on limited regions of interest. Although the study sample was
relatively homogeneous, obesity is a major factor in the high rates of metabolic syndrome
and/or CVD as people age and creates an enormous burden on public health. The combined
use of HOSVD with machine learning was highly effective at using baseline dynamic fMRI
networks to identity participants who were likely to either succeed or fail at intentional
weight loss 18-months after the initiation of treatment. This is a novel and highly
innovative approach to identifying phenotypes that are best suited for current behavioral
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weight loss interventions and offers guidance for tailoring treatment, a research priority at
the National Institutes of Health. For example, it may well be that individuals who most
closely resemble the phenotype of those who were successful with our intervention, could
be effectively treated with less intensive behavioral therapy. This has important
implications for public health. Moreover, we believe the 9 components that accounted for
over 80% of the variance of the data will serve as an impetus for theory development in
future exploratory studies that aim to investigate baseline brain functional characteristics
as predictive phenotypes of obesity treatment success.
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4.6

SUPPLEMENTARY TO CHAPTER 4

Figure 4-6 Determining rank of the dynamic fMRI Networks
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The normalized variance represented by the singular vectors of the connectivity tensors thresholded at
10% density in different modes, i.e. connectivity, time and participants. Here, variance of the data along
each singular vector, was computed as the square of the corresponding singular value. The resulting
measures were normalized to the first singular vector variance and averaged over the 100 validation folds.
These figures show that at 𝑅𝑅 = 21, the normalized variance decreased to 5%, in all 3 modes. Furthermore,
over 85% of the total variance was captured by the first 21 singular vectors. Hence, 𝑅𝑅 = 21 was chosen
to reduce the dimensionality of the connectivity tensors. Each curve indicates a specific window size data
as depicted by the legend. The shaded area denotes ±3 × standard deviation of the normalized variance
for window size 61 time points. For the remaining window sizes the standard deviation was in the same
range. The range of standard deviation of time singular vectors was much smaller than the scale of the
figures, thus; the shaded area is not observable for time singular vectors.
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Table 4-1 Descriptive data, mean (SD) [range] on entire sample, and mean (SD) of weight loss groups.
The data indicates that there is not a significant association between sex and weight loss groups, as
examined by a chi-squared test (p-value > 0.05). Additionally, the same statistical test showed that
interventions and weight loss groups were not significantly associated. Two sample t-test did not reveal
a significance difference for Age, BMI, and baseline weight between the two weight loss groups (pvalue > 0.05). As expected based on the group assignments using a median split, both weight loss (Kg)
and weight loss percent were statistically different between the low and high weight loss groups.

Variable

Entire Sample (N = 52)

Low Weight Loss (N = 26)

High Weight Loss (N = 26)

P-Value

39
13

19
7

20
6

0.75

14
15
23

10
8
8

4
7
15

0.09

Age

67.62 (0.73)
[60.70, 79.80]

66.73 (3.88)

68.43 (6.08)

0.23

BMI (Kg/m2)

34.11 (0.52)
[28.14, 41.98]

34.48 (3.63)

33.88 (3.72)

0.56

Baseline Weight (Kg)

93.28 (12.80)
[71.76, 129.09]

95.56 (14.58)

91.00 (10.53)

0.20

Weight Loss (Kg)

7.69 (6.66)
[-2.81, 23.41]

2.64 (3.42)

12.74 (5.07)

<0.001

Weight Loss (%)

8.41 (7.14)
[-2.84, 26.44]

2.87 (3.62)

13.96 (5.18)

<0.001

Sex
Women
Men
Intervention
WL
WL + AT
WL + RT
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Figure 4-7 Prediction performance of networks created using food cue fMRI

The prediction performance measures obtained using the dynamic networks generated by food cue fMRI
time series, with different window sizes and different connectivity density thresholds. A paired sample t-test
failed to show that classification performance based on these networks was any different from the prediction
performance using the resting state data, p>0.05. This comparison was performed on the networks integrating
different window sizes data, namely “Total”, and density thresholds of 10%, as these networks showed
outperformance for the resting state analysis (see Figure 4-3).
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Figure 4-8 Comparison of window size and connectivity density threshold

(a) Comparisons of window size

(b) Comparisons of connectivity density threshold

Comparisons of the average prediction performance measures obtained using different window sizes (a),
for each window size the average of prediction performance was calculated over 5×100 (number of density
thresholds × number of permutations in each run of analysis) prediction measures obtained using the same
window size; and connectivity density thresholds (b), for each density threshold the average of prediction
performance was calculated over 6×100 (number of window sizes × number of permutations in each run
of analysis) prediction measures obtained using the same density threshold. The significantly different
pairs are marked with the corresponding p-value.
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Figure 4-9 HOSVD coefficient time series of the 9 highest-ranked principal components

Coefficient time series of the 9 highest-ranked principal components, sorted from highest-ranked (top) to
lowest-ranked (bottom), for a randomly-chosen individual participant. Using the core idea of SVD, each
participant’s connectivity tensor can be written as a linear composition of the principal components, for which
the coefficient of each principal component is in the form of a time series. As described in the main document
(3)

(4) 𝑇𝑇

2

(subsection 2.6), the time series are computed as 𝐂𝐂 = 𝐆𝐆𝑟𝑟 �𝐔𝐔𝑟𝑟 ⨂𝐔𝐔𝑟𝑟 � ∈ ℝ𝑅𝑅 ×𝑇𝑇𝑇𝑇 which was then reshaped
to reconstruct the reduced-rank connectivity tensor 𝒞𝒞 ∈ ℝ𝑅𝑅×𝑅𝑅×𝑇𝑇×𝑀𝑀 . Time series of the first 9 diagonal entries
(corresponding with the 9 highest-ranked principal components) of the tensor 𝒞𝒞 are shown in the figure. It
was previously explained in the main document (see Figure 4-5) that diagonal entries over-contributed to the
group discrimination, as compared with off-diagonal entries.
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Abstract
The sliding window correlation (SWC) analysis is a straightforward and common
approach for evaluating dynamic functional connectivity. Despite the fact that sliding
window analyses have been long used, there are still considerable technical issues
associated with the approach. A great effort has recently been dedicated to investigate the
window setting effects on dynamic connectivity estimation. In this direction, tapered
windows have been proposed to alleviate the effect of sudden changes associated with the
edges of rectangular windows. Nevertheless, the majority of the windows exploited to
estimate brain connectivity tend to suppress dynamic correlations, especially those with
faster variations over time. Here, we introduced a window named modulated rectangular
(mRect) to address the suppressing effect associated with the conventional windows. We
provided a frequency domain analysis using simulated time series to investigate how
sliding window analysis (using the regular window functions, e.g. rectangular and tapered
windows) may lead to unwanted spectral modulations, and then we showed how this issue
can be alleviated through the mRect window. Moreover, we created simulated dynamic
network data with altering states over time using simulated fMRI time series, to examine
the performance of different windows in tracking network states. We quantified the state
identification rate of different window functions through the Jaccard index, and observed
superior performance of the mRect window compared to the conventional window
functions. Overall, the proposed window function provides an approach that improves
SWC estimations, and thus the subsequent inferences and interpretations based on the
connectivity network analyses.
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5.1

Introduction
Functional brain network connectivity has been proven to be an informative method

for studying brain function in different states [1-3], and among different populations [4-6].
Brain imaging studies have long assumed that functional connectivity was stationary and
could be quantified by measuring static temporal correlations of the functional magnetic
resonance imaging (fMRI) time series between separate brain regions [7]. However, this
approach may be insufficient to estimate the full extent of the functional connectivity, as
recent studies have shown that brain connectivity exhibits meaningful variations over time
[3, 8-11], see [12] for alternative view. Not only does brain network organization differ
between and during various task states [13-15], there is convincing evidence of highly
dynamic behavior of resting state fMRI (rsfMRI) connectivity [3, 9, 10]. The mind
wandering that occurs in participants during a resting state scanning session likely produces
dynamic alterations of functional brain connectivity [16-18]. Additionally, the brain’s
response to changing internal and external stimuli requires dynamic changes in
connectivity networks organization over time [9, 15].
Among the various statistical methodologies, including time-frequency analyses [3,
9, 19] and data-driven modeling [20, 21], the sliding window correlation (SWC) analysis
has remained the most popular approach to evaluate dynamic functional connectivity [3, 5,
11, 22-24]. Analogous to a moving average function, a sliding window analysis computes
a succession of pairwise correlation matrices using the time series from a given parcellation
of brain regions. Despite the growing success of this methodology, the sliding window
technique suffers from substantial challenges [11, 25, 26]; e.g. there are multiple
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parameters such as window function, length and step size that must be set, but the
appropriate settings remain unknown due to lack of ground truth in resting state fMRI data.
In this direction, a great effort has recently been dedicated to investigate the
sensitivity of SWC to different parameters using both simulated and real fMRI data [25,
27, 28]. To address the challenge of “no ground truth”, [27] created simulated networks
with altering states using real fMRI time series and investigated the sensitivity of SWC
measures to the state transitions within a wide range of varying parameters including
window length, step size and window type [27]. Interestingly, rectangular window showed
superior sensitivity to the state transitions compared to the tapered windows. Such an
outcome might be due to the sharp alterations associated with the connectivity network
transitions that could be tracked better by the rectangular window. Although a considerable
amount of functional connectivity studies have exploited the common rectangular window
[25, 29], there is a major shortcoming associated with such an elementary window. In fact,
all the points within this window are given the same weight, which increases the sensitivity
of SWC to outliers. To limit this adverse effect, [3, 5, 10] recommended tapered windows
to estimate the SWC connectivity.
Nevertheless, the sliding window function comes with another challenge, which to
our knowledge has not previously been addressed in the neuroimaging literature. As
explained above, the sliding window is simply a weighted moving average operation in
time domain. However, the window operates as a non-uniform low-pass filter in the
frequency domain [25, 29]. Ideally, the low-pass filter is supposed to cover a limited
bandwidth, i.e. (−Ω𝑐𝑐 , Ω𝑐𝑐 ) uniformly, where Ω𝑐𝑐 is the filter cut-off. However, for the

commonly-used windows, the frequency spectrum shows a tapered shape, thus as the
147

frequency of the dynamic correlation goes up, it is assigned a smaller weight by the lowpass filter. This unwanted spectral variation can significantly affect the interpretation of
dynamic functional connectivity through artificial suppression of the higher frequency
contents within the bandwidth (−Ω𝑐𝑐 , Ω𝑐𝑐 ). This effect becomes even worse when a tapered
window function, such as Hamming or Tukey, is exploited.

In order to address the issue of a non-uniform frequency spectrum, here, we
proposed a window named modulated rectangular (mRect) with a flattened spectrum within
the bandwidth. The mRect window was actually generated by the superposition of a regular
rectangular window and a second rectangular window with larger length multiplied by a
cosine function. To achieve a better insight into the low-pass filtering effect of the window,
we started with simulated time series fluctuating with a few given frequencies. Comparison
between the different windows demonstrated that the mRect window outperformed the
common window functions in retrieving the dynamic correlations. In addition to the
temporal analysis, we also provided a frequency domain analysis to address the abovementioned issue. As exploited by the previous studies (Leonardi and Van De Ville, 2015;
Shakil et al., 2015; Shakil et al., 2016), the frequency-based perspective is particularly
informative for SWC analysis of fMRI data, as fMRI time series possess broad spectra that
may not be easily perceived using temporal analysis.
Moreover, we generated simulated networks with varying states over time, and
compared different windows in network state identification. For each window, we ran a
separate 𝑘𝑘-means clustering to identify the network states. Interestingly, we observed that

the mRect window significantly outperformed the conventional windows in detecting state
transitions, as estimated using Jaccard similarity index between the ground truth and the
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states detected by the 𝑘𝑘-means clustering. Thus, the proposed window function can

improve the SWC estimations, yielding modified outcomes and interpretations based on
the dynamic connectivity network analyses.

5.2

Methods

5.2.1 Window functions
The rectangular and tapered, including Hamming and Tukey, windows have been
widely used for dynamic functional connectivity analysis in neuroimaging studies [3, 22,
25, 27, 30]. The temporal profile of these windows and the mRect window, 𝑤𝑤[𝑡𝑡], in

association with their amplitude spectral density, |ℱ(𝑤𝑤)[Ω]|, (referred to as frequency
spectrum in the rest of the paper) are shown in Figure 5-1.
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Figure 5-1 Different window functions

Temporal profile (a) and frequency spectrum (b) of mRect (red), rectangular noted as rect (green), Hamming
(dark purple), and Tukey with the cosine-tapered length ratio 0.5 (magenta) windows. The length of the
windows is adjusted to achieve the same cutoff frequency at Ω𝑐𝑐 = 0.01. As it is apparent in (b), Hamming
window suppresses high frequency ripples significantly with the cost of increasing window length and
intensifying spectral variation within the frequency range of interest. On the other hand, the mRect window
provides a flattened spectrum in the frequency domain with the cost of increasing window length, note that
the side lobes are comparable to rectangular and Tukey windows. As shown in section 3.1, using step size
greater than 1 time point, the unwanted frequency content captured by the side lobes can be suppressed
significantly.

As demonstrated by the frequency spectrums, each window actually represents a
low pass filter in the frequency domain, with a cut-off frequency, Ω𝐶𝐶 = 0.01 Hz, located

where the frequency spectrum first meets a predefined small threshold value (for example
zero) [25, 29]. In this study, we were particularly interested in investigating the effects of
windows frequency domain characteristics on dynamic correlation retrieval; thus, we
determined the length of different windows to achieve the same cut-off frequency.
The fluctuations of rsfMRI time series of the cerebral cortex are predominantly
characterized within a low frequency range [0.01-0.1] Hz [31]. This range in conjunction
with the fMRI time series sampling rate (known as repetition time (TR)) are the basic
parameters that should be taken into account when determining parameters of the sliding
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window [25, 29]. The cutoff frequency of the low-pass filter corresponding with a sliding
window operator is actually determined based on the window duration, such that increasing
a window length results in decreasing the cut-off frequency. Decreasing the cutoff
frequency (longer windows) decreases the sensitivity for identifying fast changes, with
very long windows eventually measuring static connectivity. On the other hand, increasing
the cutoff frequency (shorter windows) can increase sensitivity for detecting short
transition states but at the expense of increasing the spurious fluctuations in the dynamic
connectivity [25, 27]. Based upon this idea, a length, 𝐿𝐿, higher than 1/(TR ⋅ 𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 ) for the

rectangular window was suggested by [25], where 𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 is the lowest frequency present in

fMRI time series, i.e. ~ 0.01 Hz. Thus, the rectangular window length, 𝐿𝐿, should be over

100/𝑇𝑇𝑇𝑇 time points. It was demonstrated that such window length selection results in a

good balance of sensitivity and specificity by identifying real transitions while limiting the
spurious fluctuations [25] (also see Supplementary Materials, Figure 5-8 for clarification).
For the rectangular window, this window length leads to cut-off frequency located at Ω2 =
1/(𝐿𝐿 ⋅ 𝑇𝑇𝑇𝑇). Here, the length of the different windows was determined to achieve a same
cut-off frequencyatΩ2 =1/(𝐿𝐿⋅𝑇𝑇𝑇𝑇)≅0.01Hz(where 𝑇𝑇𝑇𝑇=2𝑠𝑠𝑠𝑠𝑠𝑠and𝐿𝐿=51),thatledtoa length of

101, 75 and 101 time points for the mRect, Hamming and Tukey windows, respectively.

In general, to achieve the same cutoff frequency with a rectangular window of 𝐿𝐿 time

points, mRect, Hamming and Tukey (with the cosine-tapered length ratio 0.5) windows
require about 2L, 1.5L, and 2L time points, respectively.

It is evident from Figure 5-1 that the windows frequency spectrum is not uniform
within the bandwidth (−Ω𝑐𝑐 , Ω𝑐𝑐 ), implying that these windows tend to artificially suppress

the dynamic correlations, especially the higher frequency/faster correlations within the
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bandwidth. In other words, the SWC fluctuations could vary slower compared to the real
dynamic relationships between the time series, which may eventually lead to higher risk of
false negative/positive results in the statistical analysis of dynamic connectivity networks.
To address the issue of window spectral variation, we designed a window function
with a flattened spectrum within the bandwidth of interest. We named this function
modulated rectangular (mRect) window and defined it as follows
𝑤𝑤[𝑛𝑛] = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟[𝑛𝑛/𝐿𝐿] + 𝛼𝛼 ⋅ 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟[𝑛𝑛/2𝐿𝐿]cos(𝜋𝜋Ω𝑐𝑐 𝑛𝑛 + 𝜙𝜙)

5-1

where 𝑛𝑛 = 𝑡𝑡/𝑇𝑇𝑇𝑇 is the index of time point, 𝑡𝑡 is the discrete time variable, and 𝛼𝛼

(relative amplitude) and 𝜙𝜙 (phase) are design parameters that can be empirically
tuned to maximally flatten the window spectrum over (−Ω𝑐𝑐 , Ω𝑐𝑐 ). Here, this was

achieved by setting 𝛼𝛼 = 0.5, and 𝜙𝜙 = 5/12𝜋𝜋. Basically, the mRect window consists of

a conventional rectangular window function with the length 𝐿𝐿 = 1/(𝑇𝑇𝑇𝑇 ⋅ Ω𝑐𝑐 ) time
points (noted by 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟[𝑛𝑛/𝐿𝐿]), added to a second rectangular window with the length

2𝐿𝐿 (noted by 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟[𝑛𝑛/2𝐿𝐿]) multiplied by a cosine function fluctuating at frequency
Ω𝑐𝑐 /2 to flatten the window spectrum over the bandwidth (−Ω𝑐𝑐 , Ω𝑐𝑐 ). Figure 5-1

contrasts the temporal profile and frequency spectrum of the mRect window with

other conventional windows, for a given cutoff frequency of Ω𝑐𝑐 = 0.01Hz. Clearly, the
mRect spectrum is significantly flattened over the range of interest, at the cost of
increased window length by a factor of 2 in comparison with the rectangular window.

Although window length is increased, it is equal or comparable to the popular tapered
windows such as Tukey or Hamming windows, as shown in Figure 5-1.
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Intuitively, one can consider mRect window as a combination of two distinct
windows operating in parallel. The first window, which is a conventional rectangular
window, represents a low-pass filter. The second window operates as a band-pass filter
with central frequency and bandwidth of Ω𝑐𝑐 /2. Having said that, by fine tuning the design

parameters, 𝛼𝛼 and 𝜙𝜙, the resulting combined window can be tailored to achieve the

flattened spectrum within the frequency range of interest (−Ω𝑐𝑐 , Ω𝑐𝑐 ). In principal, to
achieve a maximally flattened spectrum, this idea can be generalized, with the cost of a
longer window length, by having 𝐾𝐾 − 1 band-pass filters with a central frequency and

bandwidth of (𝑘𝑘 − 1)Ω𝑐𝑐 /𝑘𝑘 and Ω𝑐𝑐 /𝑘𝑘, respectively, where 𝑘𝑘 = 2, . . . , 𝐾𝐾. Equation (1)

represents the filter for 𝐾𝐾 = 2.

5.2.2 Simulated time series
To achieve a simple yet informative insight into the window function effect on
SWC estimation, we started from the simulated time series fluctuating at a few known
frequencies with given amplitudes, as used in [25, 29]. The basic idea of such analysis is
that any discrete time series (such as an fMRI time series) can be linearly decomposed into
a series of oscillating signals with known frequency and amplitude. Having said that, one
may examine the simulated time series oscillating at a specific frequency, and generalize
the resulting conclusions and interpretations to fMRI time series consisting of fluctuations
within a wide frequency range. Let us consider two simulated time series as
𝑥𝑥[𝑛𝑛] = cos(2𝜋𝜋𝜋𝜋𝜋𝜋)

𝑦𝑦[𝑛𝑛] = cos(2𝜋𝜋(𝑓𝑓 + 𝛿𝛿𝑓𝑓1 )𝑛𝑛) + cos(2𝜋𝜋(𝑓𝑓 + 𝛿𝛿𝑓𝑓2 )𝑛𝑛)
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5-2

where 𝑓𝑓 = 0.02 Hz, 𝛿𝛿𝑓𝑓1 = 0.001 Hz and 𝛿𝛿𝑓𝑓2 = 0.006 Hz. The oscillations in this
simulated data were in the low frequency range i.e. ~(0.01, 0.1) Hz to be consistent
with the signals found in real resting-state fMRI data [31]. These two time series show

dynamic correlations at 𝛿𝛿𝑓𝑓1 and 𝛿𝛿𝑓𝑓2 , referred to as slow and fast fluctuations in the

rest of the paper. Using these two fluctuations would allow one to investigate the

relative amplitude of slow and fast dynamic correlations for each window function as

well as compare the relative amplitude between the different window functions (see
the results in section 3.1 for clarification). The SWC was computed using different
window functions with the window sizes mentioned in the previous section and step
size 𝑝𝑝 = 1 time point.

5.2.3 Sliding window correlation coefficient
The correlation coefficient between the time series 𝑖𝑖 and 𝑗𝑗 is defined as 𝑟𝑟𝑖𝑖𝑖𝑖 =

𝑐𝑐𝑖𝑖𝑖𝑖 ⁄�𝑐𝑐𝑖𝑖𝑖𝑖 𝑐𝑐𝑗𝑗𝑗𝑗 , where 𝑐𝑐𝑖𝑖𝑖𝑖 is the covariance of the time series, equivalently �𝑐𝑐𝑖𝑖𝑖𝑖 and �𝑐𝑐𝑗𝑗𝑗𝑗

denote the standard deviation of the time series. The SWC analysis is performed by
computing the correlation coefficient between the measures from time series 𝑖𝑖 and 𝑗𝑗 that
are within the window 𝑤𝑤.

An essential assumption in sliding window analysis is that the mean and standard

deviation of the time series are static over time (i.e. the data is statistically stationary, at
least in the wide sense) [32-35]. However, this may not be necessarily true for every
window length [25, 36-38]. The non-stationary estimation of time series statistics (i.e.
mean and standard deviation) yield spurious fluctuations in the SWC measures (see Figure
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4-8 for clarification). The window length lower bound limit proposed by [25] for
rectangular window provides a practically stationary estimation of time series statistics;
thus, can significantly reduce the spurious fluctuations. Thus, to define a ground-truth
independent of window parameters, we determined the point-wise multiplication of the two
time series, 𝑥𝑥[𝑛𝑛] ⋅ 𝑦𝑦[𝑛𝑛], as the ground truth, as recommended by [25]. The main idea is that

point-wise multiplication only represents the temporal relationships between the time
series and it is not affected by the spurious fluctuations [25]. However, two considerations
should be taken into account when using pointwise multiplication: 1) as the sliding window
technique operates as a low pass filter with the bandwidth of (−Ω𝑐𝑐 , Ω𝑐𝑐 ), we limited our
comparisons to this limit. Second, the point-wise multiplication does not provide a
normalized connectivity measure, thus we can only compare the temporal behaviors of the
SWC and pointwise-multiplication series, but not their amplitudes. Clearly, a nonnormalized measure is also not comparable between different node pairs, and cannot be
used in network connectivity analyses.

5.2.4 Simulated network state transitions
In order to examine how the performance of the proposed window may differ from
the popular windows on fMRI time series that lie in a wide frequency range, we created
simulated resting-state fMRI time series using SimTB toolbox, developed by [39].
Additionally, in order to compare different window functions in fMRI connectivity
network analysis, we took advantage of the SimTB framework to simulate 10 fMRI time
series under the model of spatiotemporal separability [39]. The fundamental assumption of
this model is that each network (corresponding with a state) can be expressed as the product
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of time series and spatial maps. The resulting simulated networks (involving 10 nodes)
represent altering states over time. We defined the 4 states shown in Figure 5-2, with each
state actually representing a unique spatial connectivity map. We created 100 different
samples (i.e. dynamic connectivity networks), for each of which the number of state
transitions was in the range of (6, 15) and the states occurred at random orders. The

resting-state networks showed long-term stability on the scale of minutes [40], thus tended
to exhibit a same state for a long period (Allen et al., 2014; Shakil et al., 2016). The length
of states of simulated connectivity networks was in the range of (60, 90) seconds [27], also
[3] identified real fMRI connectivity states with comparable durations. Thus, here, a range
of (60, 90) seconds was used for the state durations. Normal random noise 𝒩𝒩(0, 0.1) was

also added to each sample. Figure 5-2 shows the 10 simulated time series as a representative
sample. The length of time series was set to 512TR (TR = 2 seconds).

156

Figure 5-2 Simulated dynamic connectivity data

The spatial connectivity map corresponding with each state of the simulated network data (a), the SWC
network at each time point was actually highly correlated with one of these 4 states; the 10 simulated time
series forming a dynamic connectivity network with altering states over time for a representative sample (b),
the period of each state is highlighted with a specific color on the time series, state 1, 2, 3 and 4 are indicated
with red, blue, purple and green colors, respectively. Here, 𝑇𝑇𝑇𝑇𝑖𝑖 , 1 ≤ 𝑖𝑖 ≤ 10 represents the time series of node
𝑖𝑖.
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5.2.5 Clustering network states
The SWC analysis was performed on the 100 simulated dynamic connectivity
networks using each of the four different window functions. For each sample, the dynamic
connectivity network, i.e. an array of size 10 × 10 × (512 − 𝑙𝑙 + 1), was a series of
connectivity matrices over time, i.e. an array of size 10 × 10, where 𝑙𝑙, the window length,

was 101, 51, 101, and 75 time points for the mRect, rectangular, Hamming and Tukey
windows. To achieve a fair paired-sample comparison between different windows, for each
sample, we only used the first 412 connectivity matrices resulting from the different
windows.
The 𝑘𝑘-means clustering algorithm has often been used to recognize ‘states’ in

dynamic connectivity networks [3, 5, 29]. Due to the symmetry of connectivity matrices at
each time point and for each sample, the entries below the diagonal were embedded into a
vector that resulted in an array of size 45 × 412 for each sample. Each connectivity vector
(i.e. an array of size 45 × 1) at each time and for each sample was then considered as a

data point in the clustering analysis. For each window, the 𝑘𝑘-means algorithm involving 2
steps was used for clustering the data points. For the first step, random sub-sampling was

performed to select 20 samples (equivalent to 20 times 412, i.e. 8240 data points) from the
available 100 samples. The 𝑘𝑘-means++ approach was used to initialize the clustering

algorithm [41]. In contrast to random initialization that simply chooses the initial centroids

randomly from among the data points, 𝑘𝑘-means++ chooses one centroid randomly and then

chooses the others so that they are as far apart from each other as possible. To estimate the
distance between the data points, we used city block distance that has been suggested as a
more effective distance measure compared to Euclidean distance for high-dimensional data
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[42]. We also repeated clustering in 10 iterations to avoid local minima solutions. The
Silhouette index was computed to determine the number of clusters that best represented
the data. The Silhouette index represents the similarity of points within the same cluster,
in comparison to the points in other clusters. The number of clusters, 𝑘𝑘, varied between 2

and 12. The number of clusters that resulted in the highest Silhouette index was chosen for

further analyses. For each window, the value of 𝑘𝑘 associated with the maximum Silhouette
index and the resulting centroids were then used to initialize the second clustering step for

the same window. The remaining 80 samples were partitioned to 4 subsets each including
20 samples. The 𝑘𝑘-means algorithm (initialized using the centroids of the first clustering
step) was separately performed for each subset. Note that to achieve comparable results,

the same 20 samples and the same partitioning of 80 samples were used in the first and
second steps of clustering algorithm for all the window functions. The Jaccard index was
computed to evaluate the clustering performance. The Jaccard index was defined as the
ratio of number of data points with correct state identifications to the total number of data
points used in each sample subset. A repeated measures one-way analysis of variance
(ANOVA) test was performed to statistically compare the clustering performance for
different window functions.

5.3
5.3.1

Results
Simulated time series
Figure 5-3 represents pointwise multiplication of the two simulated time series and

SWC computed using different windows together with their corresponding frequency
spectrum. As shown by the figure, the pointwise multiplication fluctuates at 2 frequencies:
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the slow fluctuation with the frequency of 0.001 Hz, and the fast fluctuation with the

frequency of 0.006 Hz. While different windows operate similarly in computing the slow

dynamic correlation, the mRect window outperforms the regular windows in revealing the
relative amplitude between the fast vs. slow dynamic correlations. Remember that only the
temporal behaviors of SWC series and pointwise multiplication are directly comparable,
only relative amplitudes can be assessed. Comparison of the frequency spectrums (the
second row of the figure) similarly shows that the mRect window outperforms the regular
windows in retrieving the faster fluctuation power, as compared to the pointwise
multiplication frequency spectrum. Note that for comparing SWC frequency spectrum
resulting from different window functions, each frequency spectrum was normalized to its
maximum value. These outcomes actually illustrate how using rectangular and tapered
windows may lead to suppression of the higher frequency correlations within the
bandwidth of interest, as explained earlier. Note that the pointwise multiplication and SWC
time series were all mean-centered. Thus, the static connectivity was removed from the
SWC measures, as we were mainly interested in comparing the windows in capturing
dynamic correlations.
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Figure 5-3 Comparing of different window functions in retrieving temporal correlation between two
time series 𝒙𝒙 and 𝒚𝒚.

Pointwise multiplication and SWC time series computed using the mRect window and the conventionallyused rectangular and tapered windows (the first row); frequency spectrum of the pointwise multiplication
and the SWC computed using different windows (the second row). As shown by the pointwise multiplication
(as the ground truth), the two time series should show dynamic correlations oscillating at 𝛿𝛿𝑓𝑓1 = 0.01 Hz and
𝛿𝛿𝑓𝑓2 = 0.006 Hz. Comparing the time series and frequency spectrum of the SWC measures and pointwise
multiplication shows that the mRect window outperforms the rectangular and tapered windows in retrieving
the relative amplitude/power of the fast dynamic correlation (occurring at 𝛿𝛿𝑓𝑓2 = 0.006 Hz). The spurious
fluctuation that emerged at 0.004 is marked with a star on the SWC spectrums. Also, the sample of fast-weak
ripples are marked with a circle on the SWC time series of rect and mRect windows.

Note that as shown by the frequency spectrums, the SWC measures show a weak
component around 0.004 Hz (marked with a star), added by the fluctuations of the time
series’ (𝑥𝑥[𝑛𝑛] and 𝑦𝑦[𝑛𝑛]) standard deviations in the denominator of the correlation coefficient

formula. We observed that increasing window length can decrease the spurious fluctuation
that emerged at 0.004 Hz; for example using 𝐿𝐿 = 61 instead of 𝐿𝐿 = 51 decreased the

spurious fluctuation by half; however, on the other hand, as expected, increasing window

size suppressed real dynamic correlations (see Figure 5-9). As shown in the figure, fastweak ripples (marked with a circle) were present in the SWC time series of rectangular and
mRect windows. The side lobes associated with these windows (represented by Figure 5-1)
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and the SWC sampling rate (i.e. 1/(𝑇𝑇𝑇𝑇 ⋅ 𝑝𝑝)) explain the emergence of the fast-weak

ripples. This issue could be addressed by increasing the step size. Figure 5-4 represents the

SWC time series and frequency spectrums computed at different step sizes 𝑝𝑝 ∈

{1, 5, 10, 20, 40, 60}. The SWC time series illustrate that increasing step size gradually
decreased the ripples, such that at step size of 10 time points, the ripples almost vanished.
However, it was observed that for higher step sizes, the SWC time series became distorted
such that for 𝑝𝑝 ∈ {40, 60}, the fast dynamic correlation was no longer distinguishable. Note
that with varying step size, mRect window still best represented the relative amplitude of

the fast vs. slow dynamic correlations. Additionally, the frequency spectrums did not show
a significant difference for 𝑝𝑝 ∈ {1, 5, 10}. However, the frequency domain information loss

was clearly visible for 𝑝𝑝 ∈ {40, 60}. As an evident example, in the mRect frequency

spectrum, the fast dynamic correlation occurring at 0.006 has been lost for 𝑝𝑝 ∈ {40, 60}.

This frequency domain information loss is only evident for the mRect window, because it
was able to retrieve the fast dynamic correlation, while the regular windows all suppressed
that correlation. Note that increasing the step size by a factor of 𝑝𝑝 actually decreases the
resulting SWC bandwidth by the same factor. This is evident by the frequency spectrum of

SWC measures obtained with 𝑝𝑝 ∈ {20, 40, 60}. The bandwidth of the SWC computed with

𝑝𝑝 = 1 was 1 ⁄ ((2 ⋅ 𝑇𝑇𝑇𝑇)) = 0.25 Hz. Thus, for 𝑝𝑝 = 5 and 𝑝𝑝 = 10, the bandwidth should

be 0.05 and 0.025 respectively. However, as we limited the frequency axis range to (-0.02,
0.02), the bandwidth decrease was not visible for these values of the step size.
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Figure 5-4 The SWC time series and frequency spectrums obtained using different step sizes;

Increase in step size contributed to removal of the fast-weak ripples, while it did not significantly affect the
fast dynamic correlation for 𝑝𝑝 ∈ {5, 10}. However, as 𝑝𝑝 further increased, the SWC measures underwent
significant distortions due to information loss. For example, with 𝑝𝑝 = {40, 60} the fast dynamic correlation
(occurring at 0.006 Hz) was majorly distorted, and could barely be distinguished as evident by both temporal
and frequency profiles.
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In addition, the Figure 5-10 in the Supplementary Materials illustrates that
increasing the step size, in the range of (1, 100) with increments of 1, did not lead to
significant distortions for 𝑝𝑝 < 20 time points. However, as this limit was passed, high
frequency information started becoming folded into the low frequency contents due to
aliasing, resulting in distorted slow variations. Also, refer to the Discussion section for
further explanations.

5.3.2 Simulated fMRI data examples
For the representative sample whose time series are shown in Figure 5-2, two
connectivities between the nodes {1, 5} and the nodes {2, 6} are shown in Figure 5-5. For
each connectivity, the corresponding nodes’ time series, the pointwise multiplication and
SWC time series and their frequency spectrum are presented. Note that the comparison
between the pointwise multiplication and SWC measures are legitimate only within the
bandwidth of interest given the low-pass filtering effect of the sliding window function on
dynamic correlations. It is evident by the frequency spectrums of Figure 5-2 that pointwise
multiplication possessed several components beyond the cut-off frequency (i.e. 0.01 Hz),
whereas they were significantly suppressed by the SWC operation. Due to lack of ground
truth, at the current stage, we were not able to distinguish which high frequency correlation
components (occurring beyond the cut-off) represent real dynamic correlations. However,
one should be aware that SWC operation is intrinsically impercipient of such high
frequency fluctuations.
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Interestingly, for the dynamic connectivity between the nodes {1, 5}, as evident by
the frequency spectrums, the mRect window showed superior performance in retrieving
the relative power of slower vs. faster dynamic correlations (e.g. the relative power of the
components at 0.0015, 0.003, 0.005 and 0.006 Hz is best represented by the mRect window
compared to the conventional windows). For instance, Hamming and Tukey windows both
suppressed the dynamic correlations at 0.005 and 0.006 Hz vs. the dynamic correlations
occurring at 0.0015 and 0.003. Also, the SWC computed using the rectangular window
shows a comparable power at 0.003 and 0.006, while the component at 0.006 should be
stronger than the component at 0.003, as shown by the pointwise multiplication power
spectrum. For clarification, the frequencies that we referred to were marked with a star in
the frequency spectrum of point-wise multiplication. The similar observation can also be
seen for the second representative connectivity between the nodes {2, 6}. In summary, the
conventionally-used windows all suppressed the power of the fluctuations occurring over
0.005 Hz, while the amplitude of the fluctuations occurring in this frequency range is better
captured by the mRect window. The comparable example data for real fMRI time series
are also shown in the Supplementary Materials (Figure 5-11). These example data show
how the different window functions may differ in retrieving the real dynamic correlations
power. In the next section, we see how these differences in SWC estimation may affect
connectivity analyses in the network scale.
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Figure 5-5 Comparing different window functions in retrieving dynamic correlation between
simulated fMRI time series

The time series of nodes 1 and 5 (the first row) following band-pass filtering in the range (0.01, 0.1) Hz (a),
the pointwise multiplication and SWC time series (the second row) and the frequency spectrums (the third
row) resulting from different window functions for the representative sample. The equivalent data for the
connectivity between nodes 2 and 6 (b). The stars in the frequency spectrum of point-wise multiplication
marked the frequencies that we referred to in the main document (i.e. 0.0015, 0.003, 0.005 and 0.006
respectively in (a), and 0.005 in (b)). Again the fast-weak ripples that were particularly evident in the SWC
time series resulting from mRect and rectangular windows could be eliminated through using a step size over
1 time point (e.g. using 𝑝𝑝 = 5 or 𝑝𝑝 = 10 as examined earlier).
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5.3.3 Network states clustering
As expected for the simulated network data, for all the window functions, the
Silhouette index was maximum with cluster number of 𝑘𝑘 = 4. The Silhouette index
measure (computed in the first step of clustering algorithm) versus cluster numbers is

shown in Figure 5-6 (a). The mean ± std. of the Jaccard index over the 4 subsampling
repetitions is shown in Figure 5-6 (b). The repeated measures one-way ANOVA test
revealed significant differences (𝑝𝑝 < 0.0001) between the windows. Post-hoc paired sample
t-tests showed that mRect window outperformed the widely-used windows in network state
identification as measured by the Jaccard index. The significantly different window pairs
are shown in Figure 5-6 (b). For each window, the average of the centroids over the 4
subsampling repetitions are also shown in Figure 5-6 (c).
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Figure 5-6 Different measures resulting from 𝒌𝒌-means clustering analysis

Silhouette index resulting from different window functions in the first step of the clustering algorithm (a);
the mean ± std. of Jaccard index over 4 subsampling repetitions in the second step of the clustering algorithm
(b); and the average of centroid.
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Figure 5-7 represents the real network states and the identified network states for
three representative samples, sample 10 is the one whose simulated time series was shown
in Figure 5-2. As evident by this figure, there is a better matching between the real state
series and the identified state series for the mRect window. This outcome suggests that
mRect window can more efficiently retrieve dynamic network connectivities, especially
faster dynamic connectivities that are associated with the state transitions [3, 27].

Figure 5-7 Real and predicted state vs. time in different window functions

The light blue time series in the background indicates the real states of the simulated networks. The thick
colored lines indicate the identified network states through 𝑘𝑘-means clustering, the states 1, 2, 3, and 4 are
shown with red, dark blue, purple and green colors, respectively.
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5.4

Discussion
There exists a growing interest in quantifying dynamic brain connectivity. Among

the different statistical methodologies, the sliding window technique has gained the most
popularity in measuring dynamic functional connectivity in different populations and tasks,
[3, 5, 26, 43], likely due to simplicity and interpretability. As a consequence, a considerable
amount of work has recently been directed at assessing sliding window technique
performance in quantifying the dynamic functional connectivity [25-27]. A major approach
used by the previous studies has been to investigate the SWC sensitivity to different
parameters, i.e. window function, length, and step size [25-27]. A brief summary of these
studies suggests that there is no so called “optimal settings” for sliding window parameters
to achieve the optimum dynamic functional connectivity estimations. For example, while
smaller window lengths can result in spurious fluctuations, long windows may lead to the
suppression of fast transitions. Moreover, although tapered windows have been
recommended to alleviate the issue of high noise sensitivity associated with the rectangular
window, they showed lower sensitivity to network state transitions [27].
While previous studies have investigated the effects of a broad range of the window
settings on SWC measures, little attention has been dedicated to the effect that the various
window functions have on the frequency characteristics of the dynamic connectivity.
Recent studies have investigated the low-pass filtering effect of the sliding window
technique in the frequency domain [25, 27, 29]; nevertheless, to our knowledge no previous
study has addressed the non-uniform frequency spectrum of the widely-used window
functions. The tapered and rectangular windows that are commonly used in dynamic brain
connectivity studies are all characterized by a frequency spectrum that passes the lower
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frequency dynamic correlations with a higher rate compared to the higher frequency
dynamic correlations. Here, we suggested a modulated rectangular window to address the
issue associated with the varying frequency spectrum of the conventional window
functions. The proposed window function was defined as a linear combination of a
conventional rectangular window with a second rectangular window multiplied by a cosine
function to achieve a flattened frequency spectrum. Thus, the resulting combined window
weights the bandwidth of the SWC spectrum more evenly.
Using time series fluctuating at given frequencies, we showed that the frequency
spectral variations of the conventional window functions lead to the suppressed high
frequency contents. The mRect window outperformed the tapered and rectangular
windows in retrieving the faster dynamic correlations. Moreover, we showed that the
artefactual fast-weak ripples found in SWC series could be eliminated by increasing the
step size, 𝑝𝑝, from 1 time point to 10 time points. Having a step size of 1 is equivalent to
sampling SWC with the same rate as the original time series, i.e. Ω𝑠𝑠 = 1/𝑇𝑇𝑇𝑇. As explained

earlier, using sliding window, one practically limits the frequency range of SWC to
(−Ω𝑐𝑐 , Ω𝑐𝑐 ). Thus, oversampling the SWC at the rate of Ω𝑠𝑠 > Ω𝑐𝑐 lead to unwanted high

frequencies in the range of (Ω𝑐𝑐 , Ω𝑠𝑠 ) that were captured by the side lobes. Having the SWC
sampled at the rate Ω𝑠𝑠 , where 𝑝𝑝 = 1, the sampling rate of the SWC for 𝑝𝑝 > 1 decreases to

Ω𝑠𝑠 /𝑝𝑝. As mentioned above, using a sliding window function 𝑤𝑤 with the cutoff frequency
Ω𝑐𝑐 , the SWC bandwidth is practically limited to (−Ω𝑐𝑐 , Ω𝑐𝑐 ). Consequently, according to
the Nyquist sampling rate, “theoretically,” one can down sample the signal without

significant information loss if Ω𝑠𝑠 /𝑝𝑝 ≥ 2Ω𝑐𝑐 , or equivalently if 𝑝𝑝 ≤ Ω𝑠𝑠 /2Ω𝑐𝑐 . This relation

is valid irrespective of the window function. Nevertheless, for the rectangular window, this
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relation can be further simplified to 𝑝𝑝 ≤ 𝐿𝐿/2, as Ω𝑠𝑠 = 1/TR and Ω𝑐𝑐 = 1/(𝐿𝐿 × TR).

Practically though, the step size limit can be stricter due to the limited number of time
points, especially for the short fMRI time series. For example, as it is apparent in Figure
5-10, as 𝑝𝑝 approaches its limit, SWC become more distorted. Additionally, Figure 5-4

illustrates the SWC distortion for 𝑝𝑝 = 20 that is less than the upper bound limit (25 time

points) for this simulated data. Thus, as a rule of thumb, we recommend limiting shift size
to half of its theoretical limit, i.e. 𝑝𝑝 ≤ Ω𝑠𝑠 /4Ω𝑐𝑐 for SWC analysis in real fMRI time series.

Also, we observed that mRect window led to higher network state identification

rate, compared to the widely-used windows. It is important to reiterate that here we created
simulated networks that remain in a single state for a long period (over 60 seconds), as the
spatial maps (referred as ‘states’ in this study) of resting state brain connectivity networks
have shown a long stability on the scale of minutes [3, 40]. We postulated that the fast
variations associated with the state transitions contributed to the outperformance of mRect
window compared to the regular rectangular and tapered windows. We observed that there
is a significant lag between the real time of state transitions and the transition time
identified by the tapered windows (see example data shown in Figure 5-7). Using these
windows, the time points are not weighted evenly, with the central point weighted the
highest. Thus, their sensitivity to a sharp state transition is lower compared to the
rectangular and mRect windows. Although the tapered shape of these windows can yield
lower sensitivity to noisy observations, it can also decrease their sensitivity to the fast state
transitions; similar outcomes have also been reported by [27]. Although the length of
mRect window was higher throughout our analyses, we showed a statistically higher state
identification performance for the mRect window compared to the rectangular window.
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Remember that larger window lengths can be associated with lower state identification
rates [27]. Thus, this outcome emphasizes the importance of efficient fast dynamic
correlations retrieval in state identification independent of the window length.
Of course, the current study has its own limitations. For instance, mRect requires a
window function with larger number of time points in comparison with the conventional
rectangular window. This could be a potential challenge especially in the studies with short
fMRI time series. Furthermore, analyses using a longer window size may fail to detect
short state transitions [27]. Note that although resting state networks tend to remain in the
same state for a long period [29, 40], short transitions may also occur in resting state [3].
A major challenge for studies evaluating SWC measures is the absence of ground truth.
Here, we used pointwise multiplication of the two time series to validate the SWC series
and compare them between different window functions. The pointwise multiplication is
supposed to only represent the dynamic relations between the time series, and is not
affected by the spurious fluctuations that correlation coefficient may represent. However,
note that pointwise multiplication is not a perfect ground-truth for network connectivity
analysis, as it does not provide a normalized connectivity measure. Finally, although we
presented how the proposed window operated on the wight loss treatmnet success
prediction (see Figure 5-12), future studies are required to reproduce and validate the
findings of this paper on real fMRI connectivity networks.

5.5

Conclusions
The SWC analysis consists of essential frequency-dependent properties that can

significantly vary the dynamic functional connectivity measures quantified by this
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methodology. For instance, a sliding window operates as a low-pass filter on the dynamic
correlations. Here, we demonstrated that there is a non-uniform frequency spectrum
associated with sliding window functions. We showed that the conventionally-used sliding
window functions tend to suppress the fast dynamic correlations. We then proposed the
mRect window with a flattened spectrum to modify the suppressing effect on the fast
dynamic correlations. The proposed window significantly outperformed the popular
windows in network state identification suggesting that it should be a prominent window
function candidate in sliding window correlation analysis of functional connectivity
networks.
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5.6

SUPPLEMENTARY TO CHAPTER 5

Figure 5-8 The SWC measure computed using different window sizes for the two time series with static
correlation over time.

The SWC time series (the first row), and frequency spectrum (the second row), computed using rectangular
window for the two time series 𝑥𝑥 = cos(2π𝑓𝑓𝑓𝑓), and 𝑦𝑦 = cos(2π𝑓𝑓𝑓𝑓 + 𝜑𝜑), where 𝑓𝑓 = 0.02 and 𝜑𝜑 = 𝜋𝜋/3.
Since these two time series fluctuate at the same frequency, they should show static correlation. However,
sliding window connectivity analysis results in highly dynamic SWC series, for small window lengths, see
first and second columns for 𝐿𝐿 ∈ {13, 17}. This is also evident by the corresponding frequency spectrums in
which a strong frequency component is present at 0.045 Hz. This is due to the fact that small window lengths
do not allow estimating a reliable static measure for the time series mean and standard deviation which can
affect the SWC coefficient measures. These fluctuations actually represent the alterations of the time series
statistics over time, not the real dynamic correlations between the time series (referred to as spurious
fluctuations). We saw that as window lengths increases, the SWC series approaches to a static series, while
weak variations are still survived. Note that as the window length increases, the rate of the SWC change
decreases, such that the difference between the SWC resulted from 𝐿𝐿 = 51 and 𝐿𝐿 = 101, is barely visible.
Thus, for the time series with dynamic correlations, we need to choose the window length in order to make
a balance in removing the spurious SWC fluctuations while maintaining the real dynamic correlations. The
spurious fluctuations may not be removed completely for the fMRI time series that possess a wide-band
frequency spectrum, as it would require longer windows that would eventually lead to static correlations. It
is also worth mentioning that for this specific example of static correlation (having time series oscillating at
a given frequency), one can completely eliminate the weak spurious fluctuations by choosing a window size
equal to an integer multiplication of the time series period. Practically though, since fMRI time series are
wideband signals, it is not possible to totally remove the spurious fluctuations from the SWC measures.
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Figure 5-9 Pointwise multiplication and SWC time series and frequency spectrums with setting 𝑳𝑳 =
𝟔𝟔𝟔𝟔.

The analysis was performed using the four window functions, with mRect window of length 121, rectangular
window of length 61, Hamming window of length 121 and Tukey of length 91 time points. Comparing the
SWC spectrums with those obtained using 𝐿𝐿 = 51 time points (see Figure 3 in the main document) suggests
that although amplitude of the spurious fluctuation at 0.004 is reduced by half, the real dynamic correlation
occurring at 𝛿𝛿𝑓𝑓2 = 0.006 Hz is also reduced with a comparable factor.
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Figure 5-10 The SWC measure vs. shift size 𝒑𝒑 and time, and the corresponding frequency spectra
obtained vs. shift size 𝒑𝒑 and frequency

For each of the four window functions, the first row represents the SWC time series computed with different
step sizes 𝑝𝑝, varied in the range of (1,100) with increments of 1 time point. The second row represents the
frequency spectrum of the corresponding SWC time series computed with different step sizes. Increasing
step size does not significantly affect the SWC time series (the first row) and frequency spectrum (second
row), as long as it satisfied the proposed limit, i.e. 𝑝𝑝 ≤ Ω𝑠𝑠 /2Ω𝑐𝑐 . However, as step size increased beyond its
upper bound limit, the SWC content underwent significant distortions (due to aliasing) as evident by the
temporal profiles. In addition, frequency spectrums show how the higher frequency dynamic correlation,
occurring at 𝛿𝛿𝑓𝑓2 = 0.006, was folded into the lower frequency content. For example, see the frequency
spectrums, the value of 𝑝𝑝 at which the occurrence of such distortions became clearly visible has been marked
with a dashed line. Note that this results in strong low frequency components that do not represent the real
dynamic correlations.
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Comparing windows using real fMRI data
To examine how the performance of the proposed window may differ from the
conventional windows on real fMRI time series that lie in a wide frequency range, two
regionally-averaged time series were extracted from a 10 minutes resting state fMRI scan,
with 𝑇𝑇𝑇𝑇 = 2 sec and number of time points 300. For more information regarding data

acquisition and preprocessing refer to [6]. This data was actually acquired in two separate
resting state scanning runs (each of length 150 time points/ 5 minutes) in the same day and
the same MRI data acquisition sessions. Here, to achieve a longer time series to compute
reliable SWC connectivity and Fourier transformation, we concatenated the two scans after
preprocessing that included band-pass filtering in the range of (0.01, 0.1) Hz. The two
regions included the posterior cingulate cortex (PCC) and left angular gyrus (AG) which

have shown dynamic functional connection according to previous studies [9, 25]. The
SWC analysis was performed using different window functions with window length as
suggested in the main document and step size of 𝑝𝑝 = 1 time point.

For the two representative individual participants, we show the regional time series,

the pointwise multiplication, the SWC time series and their frequency spectrum in r
captured by the mRect window.
Figure 5-11. For the first participant, as evident by the frequency spectrums, the
mRect window showed superior performance in revealing the relative power of slower vs.
faster dynamic correlations (e.g. the relative power of the component at 0.0005 vs. the
components at 0.005 or 0.0065 Hz) compared to the conventional windows that failed to
efficiently retrieve the amplitude of the faster dynamic correlations. Comparable
observations were also seen for the second representative participant, where the amplitude
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of the faster dynamic correlations (occurring over 0.004) were better captured by the mRect
window.

Figure 5-11 Comparing different window functions in retrieving dynamic correlation between real
fMRI time series

The PCC and AG time series (the first row) following the preprocessing, the pointwise multiplication and
SWC time series and the frequency spectrums resulting from different window functions for two
representative participants (a, b).
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Weight loss success prediction using different window functions
We applied the proposed mRect window as well as Hamming and Tukey windows to the
weight loss prediction problem to explore how different window functions may affect
classification performance. We maintained every step and parameter of the prediction
algorithm the same as explained in Chapter 4; we only substituted the rectangular window
function with mRect, Hamming and Tukey windows in separate runs. Please refer to
Chapter 6 to see the value of different windows’ parameters. We also used the same 100
random subsampling permutations used in Chapter 4 for cross validation, to achieve a fair
comparison between different windows. The Figure 5-12 demonstrates the classification
performance measures resulting from different window functions. For each performance
measure including accuracy, sensitivity and specificity, a separate one-way repeated
measures ANOVA test was run that showed significant differences between the window
functions (p-value <0.001). Post-hoc paired-sample t-tests, comparing mRect with the
regular rectangular and tapered windows, suggest that overall, mRect window improved
classification performance. The p-value of the paired-sample t-tests was noted on the
corresponding pair of the bars in Figure 5-12.
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Figure 5-12 Prediction performance measures (mean ± SD) obtained using different window functions.

Overall, mRect window yielded a statistically significantly higher accuracy and sensitivity measure
compared to the regular windows. Furthermore, its specificity was also statistically higher than Hamming
window. Note that sensitivity and specificity refer to correct identification rate of low- and high-weight loss
individual participants, respectively.
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CHAPTER 6:
DISCUSSION
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6.1

Summary of the results
The complex organization of brain networks has been widely explored using static

connectivity. However, in addition to investigating the average structure of complex brain
network, studying dynamic fluctuations associated with the brain network is essential in
understanding brain function. Thus, the central objective of this study was to investigate
different ways of analyzing and interpreting dynamic brain connectivity networks. To do
this, 1) we improved dynamic connectivity estimation through introducing a new sliding
window approach, 2) we proposed tensor decomposition to reduce the dimensionality of
dynamic connectivity data, 3) we showed 4th-order tensor decomposition of dynamic
connectivity data yielded significantly high classification accuracy, and 4) finally we
provided an interpretation framework and addressed the complexities associated with the
interpretation of multivariate connectivity patterns resulting from dynamic connectivity
decomposition. The findings of this study using both simulated and experimental datasets
provide a critical foundation to the growing field of dynamic functional connectivity.
Chapter 2 specifically focused on different ways of analyzing dynamic connectivity
data through data decomposition approaches. In addition to matricizing the connectivity
tensors that has been suggested in previous work [1, 2], dynamic connectivity tensors can
be represented with 3rd- and 4th-order tensor structures. Here, we studied how the
interpretations of connectivity patterns may differ between these data structures. We also
applied both Tucker and CP decompositions to each case. Overall, CP resulted in the
connectivity components with simpler interpretations with respect to the original variables
(regions/pairwise connectivities), likely due to the fact that it applies no constraint to the
connectivity components, in contrast to the Tucker decomposition that constrains the
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connectivity components to be orthogonal. We also showed that interpretation of the
connectivity components resulting from 3rd-order tensor analysis can be explained with
simpler relationships regarding the original variables (i.e. pairwise connectivities). While
the connectivity patterns of 3rd-order tensor decomposition encompassed connections
distributed throughout the brain, the 4th-order tensor analysis resulted in highly regionspecific connectivity patterns. We believe that maintaining the 4th-order representation
may add a high level of structure to the data that increases regional specificity, and also
intensifies the interpretation challenge.
In chapter 3, we investigated how dimension reduction using different structures of
dynamic connectivity data may change the performance of machine learning algorithms.
Interestingly, although 4th-order tensor analysis complicated the data interpretations, it
yielded connectivity components that showed higher discriminative power between the
study groups. This may also be shown by the connectivity patterns produced by this
approach, while matrix and 3rd-order tensor decompositions both resulted in the
connectivity patterns with edges distributed throughout the brain, the 4th-order tensor
analysis generated connectivity patterns mainly focused on a few specific regions. This
may imply that the connectivity patterns generated by 4th-order tensor analysis
encompassed a lower number of and more powerful variables, where separation between
the study groups may be identified easier. In machine learning terminology, this actually
means a more effective feature reduction algorithm that can eventually lead to a higher
classification accuracy.
In chapter 4, we applied 4th-order dynamic connectivity tensor analysis and
machine learning prediction models, in a case study to prospectively predict weight loss
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treatment success in obese older adult individuals participated in an 18-month behavioral
intervention. Here, as a critical step toward understanding neural mechanisms underlying
behavioral weight loss, we showed dynamic brain connectivity as a promising biomarker
for prospectively predicting behavioral weight loss success. Although, we cautioned about
the complexity of the resulting connectivity patterns; interestingly, we observed that the
main patterns contributed to predicting weight loss success substantially overlapped with
the brain networks known to be involved in behavioral self-regulation such as limbic,
salience and sensorimotor networks. The proposed approach could be generalized to an
ensemble classification scheme toward personalized medicine to predict the most effective
treatment regimen at individual level.
In Chapter 5, we focused on improving dynamic connectivity estimation using
sliding window technique. We observed a significant difference in the amplitude/power of
the dynamic connectivity computed using different window functions. While the widelyused windows all suppressed the faster dynamic correlations within the bandwidth, the
window we developed (called mRect) was able to more effectively capture the
amplitude/power of such dynamic correlations. Consistent with our hypothesis,
quantifying dynamic correlations through the mRect window also showed a favorable
impact on the connectivity analysis performed at the level of the entire network; evaluated
through k-means clustering to identify the network states. Furthermore, mRect window
improved performance of the weight loss success prediction study from Chapter 4
compared to the widely-used windows. Overall, this work provides an important
contribution to dynamic brain connectivity estimation, as the sliding window correlation is
a widely-used technique that can conveniently be adopted to different statistical analyses.
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6.2

The implications of data structure in multivariate pattern analysis
We showed that different data structures resulted in significantly different

connectivity patterns. For both simulated and real fMRI networks, 3rd-order analysis
yielded the connectivity patterns with more uniformly connected nodes distributed
throughout the brain. In contrast, the connectivity patterns resulted from the 4th-order
analysis represented a few hubs at specific brain regions while the remaining regions were
significantly less-connected. On the other hand, although an underlying structure was still
observable in the 3rd-order tensor analysis connectivity patterns, the connectivity maps
resulting from the matrix decomposition analysis represent a set of edges randomly
distributed throughout the brain with barely visible organization. In other words, matrix
decomposition more likely failed to identify any informative pattern.
Unfortunately, due to the lack of ground truth in resting state brain connectivity
area, we were not able to prove which data structure represented the real connectivity
patterns underlying brain function. However, to quantitatively compare different structures
of dynamic connectivity data, we used the resulting dimension-reduced data from each
structure in a supervised machine learning model. As evaluated through different datasets,
tensor decomposition was more effective in identifying the dynamic brain network
components that distinguished between the study groups. Interestingly, even different
formats of tensor-based data analysis did not perform similarly, we observed that the 4thorder tensor decomposition resulted in significantly higher classification performance
compared to the 3rd-order decomposition, even though the 3rd-order analysis yielded
connectivity patterns that represent more straightforward interpretations.
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We postulate the remarkably outperformance of 4th-order tensor analysis is
primarily due to preserving the original data structure. These findings are consistent with
the existing literature that suggest preserving inherent structure of data significantly
enhances machine learning models performance [3-5]. Not to mention that tensor-based
machine learning has attracted increasingly growing interests in real world applications, to
the extent that it is the basis of Google’s famous machine learning toolbox (TensorFlow)
[6]. Moreover, convolutional neural networks, as one of the most widely-used deep
learning models, have achieved superhuman performance on some complex visual tasks
(such as image classification, object detection) [7-9]. These models have been designed to
analyze the input image/video data as a tensor rather than unfolding data to the traditional
feature vectors of machine learning. For computer vision tasks, the primary objective is to
efficiently capture spatial locality information (e.g. (dis)similarities between the input
images) that can be ideally achieved by keeping the tensorial structure of the image/video
data [10, 11]. As brain connectivity tensor data is also associated with spatial/topological
information, maintaining the structure of data would have significant impacts on machine
learning classification/prediction models. More interestingly, CNNs have successfully
been developed to connectivity tensor classification applications, by designing a model that
simultaneously captures both spatial and topological (dis)similarities between the training
samples [12].
In addition, 4th-order tensor analysis represents that the network encompasses
mutual connectivities, in other words 4th-order tensor fully represents functional
connectivity undirected graph structure. In contrast, 3rd-order analysis reduces the
undirected graph structure to a vector with each entry representing a connectivity of the
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graph. Subsequently, 3rd-order tensor analysis may result in simpler connectivity patterns,
while they are less informative as some information has been eliminated due to unfolding.
In summary, inspecting classification performance measures strongly suggests 4thorder data decomposition as a more effective dimensionality/feature reduction algorithm
for classification of high-dimensional dynamic brain connectivity data. However, due to
lack of ground truth, at the current stage of research, we are not able to prove which data
structure more effectively represent real connectivity patterns underlying brain function.

6.3

High classification/prediction accuracy using 4 th -order dynamic
connectivity tensor analysis
Static functional connectivity has widely been used for classification in

neuroimaging studies [13-17]. The classification accuracy reported in literature varies in a
wide range that strongly depends on the level of inter-groups differences. As an attempt
toward brain states decoding, [14] achieved over 95% accuracy in distinguishing brain
resting state from a visual task state that demands a highly specific connectivity
organization throughout brain (e.g. it significantly involves visual cortex and attention
networks). On the other hand, [18] achieved 59% accuracy in classifying schizophrenia
and bipolar patients, probably due to subtle differences between these mental disorders.
More recently, dynamic brain connectivity data has attracted great attention for machine
learning classification and prediction applications [19-21]. For example, it has been shown
that dynamic connectivity improved classification accuracy to 90% in classifying
schizophrenia and bipolar patients [20].
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In

accordance

with

the

existing

literature,

we

achieved

a

high

classification/prediction accuracy using dynamic connectivity data (where the 4th-order
tensor structure of data is preserved), while static connectivity yielded chance level
accuracy [18, 20]. These findings strongly suggest that 2 factors has substantially
contributed to achieve such high classification/prediction performance: 1) dynamic
connectivity represents highly informative features as opposed to static connectivity, 2) as
mentioned earlier, inherent structure of data is also associated with informative features
that may be eliminated by unfolding the data to the conventional feature vectors of machine
learning.
However, we recognize there are some limitations associated with a high
classification accuracy measure that we should be aware of. As discussed in Chapter 4, the
outstandingly high classification accuracy could be due to small sample size that avoided
us to build our classification/prediction models using the stricter machine learning scheme
that splits the data to 3 subsets including training, validation and test subsets, thus is
associated with lower probability of overfitting [22]. This approach actually builds a model
to achieve highest accuracy on training and validation subsets and test the built model using
the unseen test set. In this study, in accordance with the majority of neuroimaging studies
of machine learning [13, 14], we split the available data to training and test set and set the
model parameters to achieve the highest accuracy on both subsets.
In addition, the relatively homogenous groups of participants used in this study may
also be associated with high classification accuracy. To investigate the effect of sample
homogeneity on the classification performance, future studies are required to reproduce
these findings using more heterogeneous groups, e.g. age or health condition requirements
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can be alleviated in obesity data. This would allow quantifying how effectively they
contributed to the groups’ separation.
Overall, due to the complexity of brain networks and the methodologies used in
this project, our expectation is that classification performance will fall off some, following
using 3-subset validation scheme and more heterogeneous sample. However, note that even
classification accuracy of 60% will show significant impact in clinical decision making.
However, in the cases of developing a thoroughly automatic diagnostic test using machine
learning, with minimized human supervision and risk of misclassification, the goal should
be set to achieve a perfect classification accuracy (~100% accuracy).

6.4

Improving machine learning modelling performance through mRect
window
There are potentially numerous ways to approach the perfect classification. Here,

we introduced a novel sliding window function (called mRect) to achieve a higher
accuracy. We showed that popular window functions all disregarded fast dynamic
correlations, and proposed mRect window to deal with this issue. Using simulated fMRI
time series and machine learning algorithms, we observed that the proposed window
outperformed the conventional window functions in identifying the network states.
Furthermore, we observed that the proposed mRect window showed a statistically
higher classification performance compared to the regular rectangular and tapered
windows in the weight loss success prediction case study. Compared to the most efficient
regular window function in our analysis (which was Tukey window with 95.2% accuracy;
rectangular and Hamming windows resulted in 95.1 and 93.3% accuracy, respectively), the
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mRect window showed a 2.2% accuracy boost. This may not sound a remarkable
improvement, but in machine learning data analysis, when a model has already shown
95.2% accuracy, achieving a 2.2% accuracy boost means dropping error rate by almost
45% (error rate decreased from 4.8% to 2.6%). Thus, in real clinical applications with large
datasets (e.g. US obese/overweight population), this seemingly slight improvement in
classification accuracy would make a meaningful difference that can significantly
improve/reduce treatment effectiveness/cost. For example, obesity prevalence in US is
over 30% which involves 105 million individuals and leads to $117 billion annual health
care cost [23, 24]. In this case, 2% accuracy boost would result in over 2 million prediction
correction that would significantly alleviate obesity consequences and treatment costs.

6.5

Tailoring treatments for individual patients
For the weight loss success prediction study, we demonstrated that machine

learning classification can be used to prospectively predict which participants would show
a successful weight loss following a behavioral intervention. Given obtaining prediction of
failure for a patient, physicians can add surgical and/or pharmaceutical treatments to the
intervention regimens rather than solely prescribing behavioral interventions. This is a
basic example of how machine learning prediction may come to clinicians’ assistance for
tailoring more effective treatment models in individual level. Taking a step forward,
assuming that we have adequate samples in different treatment regimens, including diet,
aerobic exercise, strength exercise, pharmaceutical treatment and surgery, we can build a
separate model for each specific intervention to estimate the probability of success/failure
for that intervention. With the 5 treatment regimens mentioned above, we should build 5
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models. The probability of successful weight loss for each future patient will then be
estimated with all the resulting models. The intervention associated with the model
resulting in the highest probability would then be assigned to that patient. In this way, we
can extend the proposed idea in this study to a precision-based medicine model.
Not only the prediction scores can be used to modify treatment models, but also the
connectivity patterns can provide us with the informative clues of brain mechanism leading
to either treatment success or failure. For example, if the average of participant-wise scores
of a connectivity pattern was significantly lower/higher for the failed group, that
component can be further investigated to understand neural mechanisms underlying
treatment failure, thus a deeper insight to target such neurological mechanisms may be
identified subsequently. For instance, if failed individuals show a weaker attention network
and/or stronger addiction network, clinicians may augment therapy models to target the
corresponding behavior, e.g. adding mindfulness practices to the treatment model can
potentially influence the ability of participants to sustain changes both in exercise and
dietary regimens that are the foundation of behavioral weight loss treatments [25-28].

6.6

Whole brain multivariate connectivity patterns
In this project we examined whole brain network organization, unlike the

traditional neuroscience studies that focus on a few ROIs to study the neural mechanisms
underlying different biological/behavioral phenomena [27, 29-35]. Additionally, majority
of studies approached whole brain connectivity networks with a univariate or massive
multivariate statistical model [29, 36]. In this approach a network metric (e.g. node degree
or edge betweenness) is computed for each region and/or connectivity and then a massive
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linear model is constructed to investigate linear association between each node and/or
region with a dependent variable (for example a biological/behavioral measure). In other
words, the model would result in a separate association measure (e.g. 𝑝𝑝-value or 𝑅𝑅 2 ) for
each brain region/and connection that can be used to interpret each node/connection
independently.
In this study, instead of using multivariate statistical modelling to deal with whole
brain data, we exploited multivariate pattern analysis to investigate interacting patterns
underlying whole brain connectivity. The resulting connectivity patterns, as a structure
representing a multivariate relationship between regions/connectivities, must also be
investigated as a “whole” that may not be dissected to separate regions or connections.
Thus, we cannot interpret each brain region or connection independently as opposed to the
outcomes of multivariate statistical modelling.
However, a broader view to the connectivity patterns would be significantly helpful
in designing mechanistic hypothesis-driven experiments using univariate/multivariate
statistical modeling. For instance, [37] demonstrated that participant scores (equivalently
loadings in machine learning terminology) of emotion-related connectivity patterns were
positively correlated with stress-related emotions. In addition, [1] reported that for multiple
connectivity patterns, the percent of positive loadings was significantly higher in relapsingremitting multiple sclerosis (RRMS) patients compared to the HC participants, indicating
a bias in different groups contribution to the connectivity components. In our study, one
may investigate correlation between the participants loading of the connectivity patterns of
interest (e.g. connectivity patterns representing attention and goal-directed behaviors) and
the weight loss percent, walking speed or participants’ compliance with the treatment
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obligations. This can significantly contribute to the understanding of whole brain neural
mechanism underlying behavioral weight loss interventions.
In addition, multivariate pattern analysis, as a dimensionality reduction algorithm,
significantly reduces variables set, including regions or connectivities of whole brain, to a
much smaller set of connectivity patterns. Thus, using multivariate patterns as variables,
instead of brain region/connectivity measures, lead to more manageable statistical testing
models where significantly lower number of parameters is required to be estimated, and/or
fewer multiple comparisons are required to be performed.
Keeping in mind that the smaller elements (regions/ connectivities/ subnetworks)
of the connectivity patterns should not be evaluated in isolation, overall inspection of the
connectivity patterns contributed to the prediction showed that they are not restricted to
specific brain areas, and different patterns are concentrated within different areas. For
example, while the component 1 of the weight loss analysis highlighted a multivariate
connectivity pattern within cerebellum, sensorimotor areas and posterior insula, the
component 6 showed the importance of multivariate interactions between motor cortex and
bilateral anterior insula. Overall, the resulting connectivity components in different
datasets substantially overlapped with known brain networks, associated with behavior
emergence, self-regulation and body awareness, including hedonic/goal directed network,
sensorimotor, salient and limbic system. These findings are in line with the more recent
studies recommended that a whole brain neuronal interaction is associated with the
emergence of different behaviors/brain states [38-40].
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6.7

Future directions
Dynamic brain connectivity analysis has recently become a highly utilized resource

for understanding brain function. In contrast to static connectivity networks that have been
widely used in machine learning classification models as a neural biomarker [14, 15, 17],
dynamic brain connectivity studies have still maintained the main focus on dynamic
connectivity quantification [41-43], and little attention has been dedicated to examining
these measures as a variable/feature space for further statistical analysis. Here, we applied
different multivariate pattern analyses and machine learning models to further process the
dynamic connectivity data. We analyzed the dynamic networks using different data
decomposition approaches, and then used the resulting components in different
classification/prediction problems.
There are several important advances, in both technical and experimental levels,
that can be made to the analyses performed in this project. As the first technical
improvement, the interpretations developed based on 3rd-order and 4th-order tensor
decompositions should be reproduced using realistic fMRI data. This would allow to more
comprehensively understand the effects of complex analysis strategies by providing a
realistic ground truth that estimation methods may be compared against. However,
synthesizing fMRI time series will be an overly complicated multi-layer modelling
procedure that may require hours for a single simulation. For example, one should start
from dynamic neuronal activity modelling that should be then connected to blood oxygen
level-dependent (BOLD) signal via a hemodynamic response function model (HRF) [44,
45]. Also, a spatiotemporal separability model such as ICA or CP should be incorporated
with the BOLD signals to create fMRI networks with known topology [46, 47]. The TB
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toolbox [46] that allows simulating fMRI time series with pre-defined spatiotemporal
characteristic provides a useful framework to examine the outcomes of this study using
realistic synthetic data.
Second, we used an unsupervised data decomposition algorithm to reduce the
dimensionality of data and then used the resulting dimension-reduced data in a separate
supervised model for different classification or prediction purposes. However, the ideal
strategy is to couple dimension reduction and classification/prediction objective functions,
because it will end up with the connectivity components that not only captured the
informative content of data, but also distinguished between the groups [48, 49]. However,
note that some compromises are inevitable when satisfying two objectives simultaneously,
for example we may need higher number of components to achieve the same amount of
variance captured by the unsupervised data decomposition algorithm. This will increase
the risk of overfitting due to higher number of variables/features. Also, the risk of
divergence and local minimum solutions will be higher for complicated models aiming at
simultaneously approaching multiple objectives.
Third, although sliding window dynamic connectivity provided a high
classification/prediction performance, replicating high classification accuracy using
different methodologies briefly explained in Introduction, would allow more effectively
assessing biological-relevance of the dynamic connectivity networks. For example, DCC
is of our particular interest for future work, as it significantly outperformed sliding window
technique in estimating dynamic connectivity in simulated data [41]. Additionally, in
contrast to data-driven models that identify temporally synchronized clusters of brain areas
as a dynamic network, DCC builds whole brain connectivity networks by estimating
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pairwise connectivities. Thus, the resulting data can be represented using tensor structure
and the analyses performed in this study can immediately be applied to DCC connectivity
measures. However, note that DCC is a computationally demanding approach, and the
resulting connectivity measures will not be interpretable as opposed to the Pearson
correlations estimated by sliding window technique.
On the other hand, the other potential scenario is that different dynamic
connectivity estimation methods would result in remarkably different classification
performance. Given observing such outcomes, we would have a clue of the dynamic
connectivity method that more effectively capture biologically-revenant fluctuations, at
least among the specific populations that we studied here. Finally, comparing the
connectivity patterns resulting from different dynamic connectivity estimation
methodologies would provide a broader perspective to the neural mechanisms underlying
different biological phenomena, e.g. behavioral weight loss and obesity.
In addition to technical modifications, several experimental improvements may
also be made to this project. First, obviously, designing future studies with higher sample
size would be vital to check the generalizability of the proposed methodology to unseen
samples, as well as its capability for being transformed to real clinical applications.
However, given the restrictions of funding resources and the challenges associated with the
functional imaging data acquisition, even the vast majority of multi-site studies are limited
to a few hundreds of participant [50-52]. Thus, we recognize that acquiring data from
thousands of participants is not practical. To deal with this challenge, we will use random
subspace algorithm besides expanding our dataset as it would be practical. Random
subspace technique select a certain percentage of data feature/variables and build a
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classifier using the selected features [53, 54]. This random sampling over the feature space
will be repeated several times and a classifier will be generated for each permutation.
Finally an ensemble classifier is created by aggregating all the individual classifiers. Note
that unlike the random subsampling, random subspace technique uses all training samples
in the learning procedure of each individual classifier. Random forest classifiers take
advantage of random subspace technique to develop an ensemble model, involving several
decision-tree classifiers, with improved generalizability [53, 55-57]. However one should
keep in mind that random subspace technique makes the interpretations even more
challenging, so it may not be the optimal way for study level projects that require
interpretability as an essential factor for understanding and validating neurobiological
mechanisms underlying brain connectivity measures.
Second, in the obesity treatment success prediction that was the primary case study
of this project, fMRI scanning was performed after an overnight fast. We studied
participants in a fasted state because food restraint is a contributing factor to failure in selfregulation of eating behavior [33-35], and variability in body weight [58]. The ability to
self-regulate caloric intake is thus central to intentional weight loss interventions. On the
other hand, multiple studies reported that overeating and consequently obesity can occur
in the absence of hunger [59-61]. Here, we did not compare hunger and satiety states effects
on the classification performance. However, it would be certainly of high interest for
further research in future that allows acquiring more data in both satiety and hunger states.
In summary, in this dissertation, we proposed new analytical and interpretations
strategies to investigate dynamic brain connectivity. First, we improved the ability of
dynamic brain connectivity estimation using sliding window technique through
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introducing mRect window. Second, we improved the efficacy of dimensionality reduction
in dynamic connectivity networks through 4th-order tensor decomposition and we achieved
significantly high classification performance in different case studies. Finally we provided
a guideline framework for interpreting multivariate connectivity patterns and addressed the
potential challenges that one may encounter when making inferences based on the
connectivity patterns.
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