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Abstract 

To date, most studies of resting-state functional connectivity implicitly assume that 

connections remain unchanged over time. However, recent studies suggest that functional 

connectivity across a range of species exhibits time-varying behaviour. Understanding the 

time-varying properties of functional connectivity appears particularly beneficial in studying 

disorders such as schizophrenia. This thesis scrutinises the potential applications of dynamic 

functional connectivity (dFC) in aiding both the diagnosis and prognosis of schizophrenia. 

While previous dFC studies focussed on assessing variability of connection strengths over 

time, we propose a model that can simultaneously capture dynamics in both time and space. 

Temporal sliding windows were used to map dynamics over time. Spatial variability was 

accounted by a modified seed-based connectivity approach that allowed different network 

regions to vary their spatial layout, by expanding or contracting over time according to their 

connectivity profile. Connectivity measures based on the proposed method were then 

compared to those derived from traditional static and temporally dynamic connectivity, in 

predicting the diagnostic status in schizophrenia using support vector machine-based 

classifier models. Prediction accuracies exceeding 91% were obtained with our method, 

while previous methods yielded significantly lower accuracies. This suggests that the 

proposed method provides a better characterisation of connectivity dynamics and extracts 

novel disease-specific information that can potentially yield new insights into the 

pathophysiology of schizophrenia. Compared to healthy individuals, schizophrenia patients 

exhibited both temporally and spatially diminished, but more variable functional connectivity 

across different resting-state networks.  
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Further, dynamic interactions among different resting-state networks were characterised 

using a hidden Markov model (HMM). Fluctuations in fMRI activity within 14 canonical 

networks, derived from both healthy individuals and schizophrenia patients, were 

concatenated and then quantized into 12 states using the HMM. We observed that patients 

spent significantly greater amounts of time in states characterised by low default-mode 

network (DMN) activation and heightened activity within different sensory networks. It was 

also found that patients lacked the ability to effectively up/downregulate the activity within 

the DMN. Furthermore, measures of dynamics derived from the model associated 

significantly with positive symptoms of schizophrenia and provided high predictive 

diagnostic accuracy (~85%). 

Finally, we examined the prognostic predictive power of dFC measures. Specifically, we 

tested if measures derived from dynamic connectivity among the DMN regions aid in 

classifying patients into worsening or improving in symptom severity after a year. Classifiers 

trained on DMN connectivity dynamics yielded 75-80% accuracies in predicting prognostic 

status in all the three types of scores considered (positive, negative and overall symptom 

severity). Importantly, dynamic connectivity measures were found to be better predictors than 

other, previously proposed variables such as cortical thickness, grey matter volume, clinical 

and behavioural measures and static connectivity.  

Together, the analyses presented in this thesis validate the utility of dynamic functional 

connectivity in characterising schizophrenia pathology and in aiding the adoption of more 

evidence-based treatment options. 
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Preface 

This thesis presents my research work conducted over the past three and half years of PhD 

candidature. The major contributions from this thesis are organised into three chapters 

(Chapters 3, 4 and 5). Both Chapters 3 and 4 have already been published in an international 

research journal, while Chapter 5 is currently under review for publication. Further details on 

these chapters, including contributions from other researchers, are included below. The 

outline of this thesis is presented in Section 1.13.  

Chapter 3 was published in the international journal Human Brain Mapping (HBM) on 10
th

 

May, 2018 and Chapter 4 was published in the same journal on 21
st
 January, 2019. The exact, 

published versions are included as chapters in this thesis, with permission (included in 

Appendix) from the journal. Chapter 5 has been submitted to HBM on 6
th

 July, 2019 and it is 

currently under revision. Also, I presented a poster based on the work in Chapter 3, at the 

Organization for Human Brain Mapping (OHBM) conference, Singapore in June 2018 and 

delivered a Blitz talk based on the findings from Chapter 5, during the annual meeting of the 

OHBM Australian Chapter, held at Newcastle, in October 2019.  

I performed all analyses included in this thesis, interpreted the results, and wrote the original 

as well as revised manuscripts for publication, in accordance with The University of 

Melbourne’s doctoral thesis outlines. My supervisors Andrew Zalesky, Leigh Johnston and 

Rao Kotagiri have been instrumental in all phases – planning, analysis, interpretation and 

writing, of the work presented in Chapters 3, 4 and 5. Eleni Ganella preprocessed the 

neuroimaging data that was used for analyses in Chapters 3 and 4. Ye Tian helped with the 

preprocessing of data that was analysed in Chapter 5. Liliana Laskaris contributed to Chapter 
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5 by processing the structural imaging data. Vanessa Cropley helped with the interpretation 

of results in Chapter 5. Luca Cocchi contributed to the discussion in Chapters 4 and 5. 

Christos Pantelis provided insights about the clinical implications of our findings in Chapters 

3, 4 and 5. Ian Everall also contributed to the interpretation of results in Chapter 4. Patrick 

McGorry contributed to the discussion of findings in Chapter 5. All researchers contributed 

have been listed as co-authors in respective publications and all of them have provided 

consent to include these works in my thesis.  
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Chapter 3: (Published) 

Kottaram, A., Johnston, L., Ganella, E., Pantelis, C., Kotagiri, R., & Zalesky, A. (2018). 

Spatio‐temporal dynamics of resting‐state brain networks improve single‐subject prediction 

of schizophrenia diagnosis. Human Brain Mapping, 39(9), 3663-3681.  

Chapter 4: (Published) 

Kottaram, A., Johnston, L., Cocchi L., Ganella, E., Everall I., Pantelis, C., Kotagiri, R., & 

Zalesky, A. (2019). Brain network dynamics in schizophrenia: Reduced dynamism of the default 

mode network. Human Brain Mapping, 40(7), 2212-2228.  

Chapter 5: (Under Revision) 

Kottaram, A., Johnston, L., Tian, Y., Ganella, E., Laskaris, L., Cocchi L., McGorry, P., Pantelis, 

C., Kotagiri, R., Cropley, V., & Zalesky, A. Predicting individual improvement in schizophrenia 

symptom severity at one-year follow-up: Comparison of connectomic, structural and clinical 

predictors. (submitted to Human Brain Mapping)   
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Introduction 
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1.1 Introduction 

Neuroimaging techniques facilitate assessing brain structure and function in a non-invasive 

manner, aiding in deepening our understanding about the brain and offering tools for studying 

different diseases, trauma, evolution and ageing effects. There exist multiple imaging 

modalities such as computed tomography (CT), positron emission tomography (PET) and 

magnetic resonance imaging (MRI), each having its own advantages over others, making them 

more useful in specific contexts. CT, for example, is more informative in studying the bone 

structure whereas MRI offers better soft-tissue contrast. Structural MRI acquires single, high-

resolution image that provides details about different anatomical structures, while its functional 

counterpart, called functional MRI (fMRI), assesses brain function by collecting a series of 

low-resolution images over time. The contrast mechanism also differs between the two 

modalities; structural MRI targets the differences in magnetic properties of anatomical 

structures, while fMRI typically relies on the blood-oxygenation level dependent (BOLD) 

contrast. The latter arises due to the hemodynamics associated with neural activity, demanding 

an influx of oxygenated blood. The inherent differences between the magnetic properties of 

oxygenated and deoxygenated blood provides the contrast (Ogawa et al., 1990). While certain 

other contrast mechanisms are used in MRI research, these are not relevant to the contents of 

this thesis; hence hereafter for simplicity, BOLD fMRI is referred to as fMRI.  

Functional brain imaging aims to identify the regions involved in specific functions, relying on 

the principles of functional integration and segregation in the brain’s organization (Friston et 

al., 1997). Certain brain functions are localized to specific regions and different regions 

integrate to achieve complex brain activities. Higher order brain functions such as cognition, 

traits such as intelligence and working memory capacity, and other cognitive abilities have 

been shown to be associated with interactions among segregated brain regions (Bressler & 
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Kelso, 2001; Dehaene, Kerszberg, & Changeux, 1998; Mcintosh, 1999; Santarnecchi et al., 

2014; Vaidya & Gordon, 2013; van den Heuvel et al., 2009). Moreover, the patterns of such 

interactions are altered in diseases, providing imaging-based biomarkers (Fox & Greicius, 

2010; Lee, Smyser, & Shimony, 2013).  

This dissertation studies the variability in functional coupling among brain regions in 

schizophrenia, a severe mental disorder, using fMRI data. A method to assess the variations in 

interactions over both time and space is proposed. This method is applied to characterize 

schizophrenia and further, tested for its predictive diagnostic power. The differences in patterns 

of interaction are associated to symptoms of the disease. Further, the utility of such imaging-

based measures in predicting long-term outcomes in patients is evaluated.  

The rest of this chapter introduces some key concepts and technical terms relevant to this thesis 

and then discusses relevant previous work in this field. Finally, an outline of the thesis and a 

summary of contributions are provided.  

1.2 Functional MRI – task versus rest  

While fMRI is employed to gain insight into brain function, it must be noted that BOLD is an 

indirect measure of neuronal activity and there is approximately a 4-5 seconds delay between 

neuronal activity and the associated BOLD response (Heeger & Ress, 2002).  None the less, 

over the years, fMRI has steadily gained importance as a research tool, and to a lesser extent 

in medical practice, mainly for the localization of brain functions. Clinical applications of fMRI 

involve a paradigm that requires the subject to perform a task during the scan, where the task 

is decided based on the functions or regions that are targeted in the study. The paradigm 

involves intermittent task and no-task blocks and the difference in brain activation between the 

two scenarios helps to isolate the regions associated, providing a task-specific functional 

activation map.   
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 When fMRI is used to obtain a task versus no-task contrast map, it is referred to as task-based 

fMRI. There is an alternative approach without any task performance during the scans, imaging 

the intrinsic, background activity in the brain during a passive state - referred to as ‘resting-

state’. Much attention was drawn to this method when Biswal and colleagues observed that the 

regions involved in a motor task remained coupled during rest, in the same manner they did 

during the task (Biswal et al., 1995). Even at such a state of rest, the brain consumes about 

20% of metabolic energy (Fox & Raichle, 2007; Raichle, 2010) and any task or external 

stimulus only marginally increase the energy consumption (Raichle & Mintun, 2006). Brain 

activity is thus inherently intrinsic, present even without any specific input stimulus and this is 

reflected in resting-state fMRI as spontaneous BOLD fluctuations. Analyzing such fluctuations 

have shown to be beneficial in exploring the brain’s functional organization and characterizing 

disease states (Fox & Greicius, 2010; Lee et al., 2013; Rosazza & Minati, 2011).  

1.3 Functional connectivity 

Techniques that have been proposed to estimate the interactions or coupling among brain 

regions are known as ‘connectivity’ methods. In particular, functional connectivity (FC) is 

defined as statistical association between anatomically distinct brain regions (Friston et al., 

1993; Friston, 1994), based on the idea that correlated activity is indicative of communication 

among regions constituting a network (Fox & Raichle, 2007). Different statistical methods 

such as correlation, coherence and mutual information have been used to evaluate the 

functional coupling among regions. Often the analysis is performed on filtered BOLD time 

courses spanning only the low frequency range (< 0.1Hz) (Cordes et al., 2001), partly due to 

the fact that BOLD signal is a low-pass filtered representation of neural activity. This temporal 

filtering helps to exclude noise added to fMRI data due to vital physiological functions such as 

respiration and blood circulation.  
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Structural connectivity in part forms the basis for FC; using diffusion-weighted imaging, 

certain previous studies have identified white matter tracts connecting functionally connected 

regions in human brain (De Luca et al., 2006; Greicius et al., 2009; Huang & Ding, 2016; 

Toosy et al., 2004; Werring et al., 1999). However, there might not always exist a direct 

anatomical (structural) connection between regions that are functionally connected (Rubinov 

& Sporns, 2010). Also, it is worth noting that FC evaluates temporal dependence at zero lag 

and hence there is no causal relationships implied between regions that are functionally 

connected (Friston, 1994). Assessment of causal interactions among brain regions is termed as 

effective connectivity.   

1.4 Resting-state networks 

Brain regions that are functionally coupled at rest and involved in a common function are 

referred to as resting-state networks (RSNs). Initially, networks associated with motor and 

sensory information processing such as sensorimotor network (Biswal et al., 1995; Lowe, 

Mock, & Sorenson, 1998), visual network (Beckmann et al., 2005; Lowe et al., 1998) and 

auditory network (Beckmann et al., 2005) were identified. Other important RSNs include 

default mode network (Greicius et al., 2003; Hu et al., 2017; Raichle et al., 2001), language 

network (Hampson et al., 2002), attentional networks (Fox et al., 2006), salience network 

(Menon & Uddin, 2010; Seeley et al., 2007) and precuneus network (Shirer et al., 2012). These 

networks are involved in higher order brain functions such as cognition, memory, attention 

control and language processing. Importantly the major networks have been shown to be 

consistent and reproducible within and across healthy human adults  (Damoiseaux et al., 2006; 

Rosazza & Minati, 2011; Shehzad et al., 2009) and in other species (Becerra et al., 2011; 

Belcher et al., 2013). Even though RSNs were first identified and characterized during resting-

state, they were found to persist during sleep (Fukunaga et al., 2006; Horovitz et al., 2008; 

5



Tagliazucchi & Laufs, 2014) and under anesthesia (Peltier et al., 2005; Vincent et al., 2007; 

Wang et al., 2013) with minimal modifications in topology and connectivity profile. For 

example, compared to resting-sate, the connectivity across whole-brain regions were found 

reduced for anesthesia (Peltier et al., 2005). On contrast, increased levels of activity in the 

visual areas were reported during early stages of sleep (Fukunaga et al., 2006). Further, these 

networks remain connected during task performance, exhibiting minimal task-related 

modulations in FC (Cole et al., 2014; Greicius et al., 2004; Hampson et al., 2002; Krienen, 

Yeo, & Buckner, 2014; Lowe et al., 2000; Smith et al., 2009). These studies collectively 

indicate that such an architecture comprised of segregated brain networks is a fundamental 

hallmark of intrinsic brain functioning. 

While the RSNs have been found to be consistent across subjects, there exists inter-subject 

variability in their topology and connectivity profile at the same time. Importantly, inter-

individual differences in connectivity have been shown to be related to subject’s cognitive 

ability (Abraham et al., 2012), intelligence (van den Heuvel et al., 2009) and creativity 

(Takeuchi et al., 2012). Also, there is a genetic influence to one’s connectivity profile (Demiral, 

Golosheykin, & Anokhin, 2017; Fornito et al., 2011; Fu et al., 2015; Glahn et al., 2010) and 

the connectome patterns have been  shown to be heritable (Colclough et al., 2017; Fox et al., 

2006; Ge et al., 2017; Uddin et al., 2009).   

Methods to delineate RSNs can be broadly grouped in to two – hypothesis-driven and data-

driven. As the name indicates, hypothesis-driven methods make use of some prior information 

in defining networks. One of the often used approach is seed-based connectivity analysis, 

where FC between a predefined region of interest and other brain regions/voxels is calculated 

(Biswal et al., 1995; Raichle et al., 2001).  Data-driven methods on the other hand do not 

require such a priori information in delineating RSNs. The most popular data-driven method is 
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independent component analysis (ICA) (Beckmann et al., 2005; Damoiseaux et al., 2006; 

Shirer et al., 2012), which  partitions fMRI data in to spatially independent components, along 

with separating different noise components within BOLD data.  

1.4.1 Task-positive versus task-negative networks 

Early studies on RSNs have brought forward the notion of the brain being organized into two 

distinct networks, which show an opposite pattern of activation (Fox et al., 2005). Certain 

networks showed high activity during resting-state and a reduction inactivity when an external 

stimulus was present; these networks were regarded as ‘task-negative’ and comprised of the 

default mode network. On the other hand, certain others such as salience, attentional, sensory 

and motor networks showed low activity during rest, but their activation was found to be 

increased during specific task performance, thus making them ‘task-positive’. These 

anticorrelated activities suggest the existence of a simultaneous temporal modulation among 

these networks, synchronized, but in opposite directions (Fox et al., 2006). Such a relationship 

has been suggested to be a mechanism to optimize the overall energy consumption of the brain, 

by maintaining a balance between the activity levels of  different networks based on demand 

(Fransson, 2005, 2006). Notably, this competitive relationship among networks has been found 

to be associated to behavioural performance (Kelly et al., 2008) and disrupted in certain mental 

disorders (Anticevic et al., 2012).  

1.4.2 Default mode network 

The default mode network (DMN) is one of the most studied RSNs, most active during passive, 

resting-state and its activity diminishes during tasks. It comprises of two key regions - posterior 

cingulate cortex (PCC) and medial prefrontal cortex (MPFC), along with two sub-networks – 

the dorsal medial and medial temporal sub-systems (Andrews-Hanna et al., 2010; Raichle et 

al., 2001), as shown in Figure 1. It is known to be involved in multiple higher brain functions 
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such as consciousness, emotion processing, episodic memory, thoughts about self and others, 

contextual reasoning and imagining the future (Andrews-Hanna, 2012; Andrews-Hanna et al., 

2010; Andrews-Hanna, Smallwood, & Spreng, 2014; Buckner, Andrews-Hanna, & Schacter, 

2008). Aberrations in DMN connectivity is implicated in different diseases (See Section 1.4.3) 

and hence there is an increasing interest in studying this network. The DMN is deactivated 

during the performance of most tasks, hence referred to as task-negative; however, it is 

activated in certain goal-oriented tasks (Spreng, 2012).  

1.4.3 RSNs in diseases 

Resting-state connectivity studies have contributed to understanding how the brain changes in 

different diseases (Broyd et al., 2009; Fornito, Zalesky, & Breakspear, 2015; Fox & Greicius, 

2010; Lee et al., 2013; Rosazza & Minati, 2011; van den Heuvel & Hulshoff Pol, 2010), mainly 

via comparing connectivity between a patient group and a neurotypical comparison group, and 

linking the connectivity differences to clinical variables. In particular, consistent results have 

been reported in diseases like Alzheimer’s disease (AD) and multiple sclerosis (Bonavita et al., 

2011; Lowe et al., 2002), while relatively inconsistent results have been found in conditions 

like schizophrenia, bipolar disorder and depressive disorders (Fox & Greicius, 2010; Rosazza 

& Minati, 2011). AD, for example, has been shown to be characterized by decreased PCC and 

hippocampal connectivity (Greicius et al., 2004; Li et al., 2002). Importantly, such connectivity 

disturbances have been reported in individuals at risk of developing AD (Minati et al., 2009; 

Sorg et al., 2007), underlying the utility of FC analyses in clinical populations.  
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Figure 1. The architecture of default mode network, as described in (Andrews-Hanna et al., 
2010). The network consists of 18 regions, including two hub regions and two sub-systems, as 
depicted. The regions are anterior medial prefrontal cortex ( aMPFC), posterior cingulate 
cortex (PCC), dorsal medial prefrontal cortex (dMPFC), temporal parietal junction (TPJ), 
lateral temporal cortex (LTC), temporal pole (TempP), ventral medial prefrontal cortex 
(vMPFC), posterior inferior parietal lobule (pIPL), retrosplenial cortex (Rsp), 
parahippocampal cortex (PHC) and hippocampal formation (HF+). 

1.5 Dynamics of functional connectivity 

Traditional FC analyses have been further extended recently to portray the temporal variations 

in connectivity among different regions. Resting-state images are usually acquired over a 

duration of 5-10 minutes and connectivity analysis is performed in a time-averaged manner, 

defining a single region-to-region connectivity measure for the whole scan duration. These 

analyses have an implicit underlying assumption that the connection strengths remain constant, 

with the network structure invariant over time. However, given that dynamic, condition-
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dependent interactions are inherent among brain regions (Malsburg, Phillips, & Singer, 2010; 

McKenna, McMullen, & Shlesinger, 1994; Rabinovich, Friston, & Varona, 2012) and brain 

activity fluctuates at a millisecond resolution, as suggested by electroencephalogram (EEG) 

measurements (Blanco et al., 1995), this static characterization of FC is an oversimplification. 

In addition, functional connectivity has been found to be considerably variant even within the 

same subject across different scan sessions (Honey et al., 2009; Liu et al., 2009). Subsequent 

analyses based on bootstrapping and permutation techniques provided empirical evidence for 

variations in resting-state connectivity over time (Allen, Erhardt, & Calhoun, 2012; Chang & 

Glover, 2010; Handwerker et al., 2012; Keilholz et al., 2013; Zalesky et al., 2014). This has 

led to the emergence of a new field of research that aims to characterize time-varying functional 

connectivity, referred to as dynamic functional connectivity (dFC) (Hutchison et al., 2013a; 

Preti, Bolton, & Van De Ville, 2016).  

1.5.1 Neural basis of dynamics 

While the exact mechanisms underlying dFC are largely unknown, simultaneous EEG-fMRI 

studies suggest that the dynamics in BOLD data are related to  modulations in neural activity 

(Allen et al., 2018; Changet al., 2013; Dimitriadis et al., 2012; Tagliazucchi et al., 2012b). 

Electrophysiological studies over past several years have extensively characterized the 

spatiotemporal organization of neural dynamics, comprised of continuously evolving patterns 

(Kenet et al., 2003; Malsburg et al., 2010; Rabinovich et al., 2012) which has been associated 

to brain’s internal context. It might be the case that the RSNs and associated dynamics of FC 

are BOLD-equivalents of such neural dynamics observed with EEG data, reflected on another 

time scale. While the studies assessing the neural basis of dFC are yet to discover a clear 

relationship, several other studies have reported altered connectivity dynamics in multiple 

diseases (Damaraju et al., 2014; Hutchison et al., 2013a; Jones et al., 2012; Preti et al., 2016; 
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Sakoğlu et al., 2010). Different psychiatric disorders are characterized by altered neural 

mechanisms (Reggia, Ruppin, & Berndt, 1996; Stein & Ludik, 1998). Thus, the presence of 

altered connectivity dynamics in disorders, compared to healthy brain, suggests that dynamics 

cannot trivially be attributed to different noise components in fMRI data and this points towards 

a neural basis for dFC. Thus, even though dFC is an emerging field and there are several 

methodological and interpretational issues to be addressed, existing studies clearly validate its 

potential in expanding our understanding of brain function and pathology.  

1.6 Methods for studying dynamics of functional connectivity  

Different methodologies have been applied to assess dynamics of functional connectivity. 

These can be grouped into 3 main classes – (i) time-resolved, (ii) spectral-domain and (iii) 

parametric methods, as listed in Figure 2. Time-resolved approaches evaluate the variations in 

connectivity over the duration of scan (Allen et al., 2014; Calhoun et al., 2013; Chang & 

Glover, 2010; Damaraju et al., 2014; Hutchison et al., 2013b; Keilholz et al., 2013; Zalesky et 

al., 2014; Zhang et al., 2013). Spectral domain methods estimate relationship among time-

courses after applying a time-domain to frequency domain transformation. (Chang & Glover, 

2010; Córdova-Palomera et al., 2016; Demirtaş et al., 2016; Glerean et al., 2012; Pedersen et 

al., 2017; Ponce-Alvarez et al., 2015). The third group – parametric, includes all approaches 

that fit different mathematical models to BOLD data and characterize dynamics in terms of 

model parameters (Baker et al., 2014; Liegeois et al., 2017; Meszlényi et al., 2017; Vidaurre et 

al., 2017a; Vidaurre et al., 2016; Vidaurre et al., 2017b). 
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Figure 2. Grouping of different methodological frameworks applied to study dynamic 
functional connectivity (dFC).  

1.6.1 Sliding window methods 

The simplest among the time-resolved methods is temporal sliding windows, which split the 

entire scan duration into multiple segments and evaluate connectivity within each segment; a 

schematic of this approach is shown in Figure 3. Such analyses compute a connectivity value 

from each window, thus producing a time course of connection strengths across windows. The 

successive windows could be overlapping or non-overlapping, and appropriate window length 

needs to be chosen. Similarly, another parameter to set is the shape of the window. Instead of 

a simple rectangular window where each time points within the window are treated equally 

while estimating connectivity measure, each time point can be assigned a weight such that the 

points at the centre of window contribute most to the connectivity estimation and the time 

points on either end are given lesser weightage. In this regard, different windows such as 
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exponential, Hamming and tapered have been employed in the past (Allen et al., 2014; Betzel 

et al., 2016; Handwerker et al., 2012; Zalesky et al., 2014).  
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Figure 3. Static versus dynamic functional connectivity analyses. A sliding window is 
employed to assess the temporal variations in connections. 

The choice of parameters such as window length, window shape and extent of overlap between 

successive windows are arbitrary. Empirical studies (Leonardi & Van De Ville, 2015; Zalesky 

& Breakspear, 2015) have proposed certain rules of thumb to make these choices, based on the 

frequency spectrum of BOLD data and different types of noise present. These studies have 

shown that very short window lengths introduce spurious, artificial fluctuations in correlations, 

while too long windows smooth out and overlook rapid temporal variations. A general lower 

limit for window length is the maximum wavelength within the processed BOLD time courses 

(Leonardi & Van De Ville, 2015). In addition to these fixed window length methods, sliding 

windows of variable length, chosen in a data-driven manner, have also been proposed (Fu et 

al., 2014; Zhang et al., 2013). 
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While sliding window methods have widely been employed to study dynamics, this 

methodology has repeatedly been criticized due to multiple drawbacks associated with the 

method (Hindriks et al., 2016; Lindquist et al., 2014) (Further details are presented in Section 

1.11). Even with the latest state-of-the-art preprocessing techniques, residual noise may remain 

in fMRI data. These noise signals are in general, nonstationary, and the influence of such noise 

components become more significant in shorter windows due to the reduced statistical power. 

However, these issues do not limit their applicability in characterizing between-group 

differences (Damaraju et al., 2014; Kaiser et al., 2016; Preti et al., 2016; Rashid et al., 2014). 

1.6.2 Single-volume based approaches 

Unlike sliding windows, certain other methods assess temporal variations at a single-volume 

level, i.e., dynamics at each time point is computed separately, offering a resolution of single 

repetition time (TR). This involves methods of change-point detection, where the time 

instances at which connectivity changes occur are detected (Cribben, Wager, & Lindquist, 

2013). Examples of such methods include dynamic connectivity regression (Cribben et al., 

2012; Cribben et al., 2013) and its modified form called dynamic connectivity detection (Xu 

& Lindquist, 2015).  

Yet another approach is through coactivation patterns (CAPs). This has been based on the 

observation that the RSNs can be identified using only a selected subset of time points instead 

of the whole scan duration (Liu & Duyn, 2013; Tagliazucchi et al., 2012a). Clustering 

individual BOLD volumes based on spatial similarity resulted in so called coactivation 

patterns. Importantly, the correlation pattern observed from a sliding-window based approach 

was shown to be similar to the summation of different CAPs, suggesting that temporal patterns 

of correlation structure in BOLD data arise from selective union of CAPs. This methodology 
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was further extended to identify patterns that have similar temporal dynamics called 

innovation-driven CAPs (Karahanoğlu et al., 2015). 

1.6.3 Temporal ICA 

Another approach used to assess dynamics of FC is temporal ICA (tICA). Smith and colleagues 

(Smith et al., 2012) assessed dynamics in two stages - first spatial ICA was applied to split 

whole-brain fMRI data into non-overlapping spatial regions and then tICA was applied among 

these region time courses to obtain temporally independent modes, which they referred to as 

‘temporal functional modes’ (TFMs). Such a framework suggests the possibility that regions 

can change their membership from one network to another over time, indicating spatial 

variability.   

1.6.4 Spectral-domain methods 

There have been attempts to apply time-frequency transform functions to simultaneously assess 

temporal and spectral variations in BOLD data. Wavelet transform coherence was used to 

estimate the amplitude and phase fluctuations of activity from different RSNs over low 

frequency range (relevant in resting-state), which revealed periods of within network 

decoupling and between-network couplings at rest (Chang & Glover, 2010). Such approaches 

introduce an extra dimension of phase, which has been shown to be of importance in 

connectivity analyses. For example, caffeine intake has been shown to introduce a phase 

difference between signals from left and right motor cortices (Rack-Gomer & Liu, 2012), an 

observation that cannot be made from connectivity measures based on amplitude alone.  

Similarly, Hilbert transform has been applied to extract the phase information from BOLD 

time-courses and instantaneous phase synchronisation (IPS) among different brain regions has 

been proposed as a measure of time-varying connectivity (Glerean et al., 2012; Ponce-Alvarez 
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et al., 2015). Notably, IPS offers a maximal single-TR temporal resolution for the connectivity 

estimated. The instantaneous phase-relationships among different brain regions have been 

further  explored in many studies (Omidvarnia et al., 2016; Pedersen et al., 2017; Pedersen et 

al., 2018), including clinical applications (Córdova-Palomera et al., 2016; Demirtaş et al., 

2016). 

1.6.5 Parametric approaches 

It has been suggested that models such as autoregressive (AR) processes can capture the 

dynamics of BOLD data at rest (Liegeois et al., 2017), with the model parameters quantifying 

dynamism. Another approach is dynamic time warping which can account for phase lags and 

non-stationarity associated with resting-state data (Meszlényi et al., 2017). Also, both within-

network and between-network connectivity dynamics were modelled using a variable 

parameter regression model combined with Kalman filtering (Kang et al., 2011). 

Hidden Markov models (HMM) have been employed to characterize the temporal dynamics in 

resting-state data.  (Baker et al., 2014; Vidaurre et al., 2017a; Vidaurre et al., 2016; Vidaurre 

et al., 2017b). An HMM decomposes the continuous BOLD activity into a few quantized states 

such that each time point corresponds to one state; thus, the dynamics is modelled as a series 

of state transitions, from which different parameters are estimated. Thus, such a model 

characterizes transitions with a single-TR resolution. The mathematical formulation and 

computational aspects of HMM are discussed in Sections 2.3.2 and 2.3.3. 

By modelling resting-state fluctuations from magnetoencephalogram (MEG) data, recurring 

patterns of coordinated brain activity similar to the spatial topographies of RSNs were observed 

(Baker et al., 2014). This approach was further applied to task data, which revealed distinct 

associations between dynamic patterns of FC and the power spectra of MEG signal (Vidaurre 

et al., 2016). Individual variability in transient brain patterns were found to be related to power 
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within specific frequency bands (gamma) of MEG data (Hirschmann et al., 2018). Similarly, 

application of HMM to resting-state fMRI data on a large sample of healthy individuals 

identified unique, subject-specific patterns of state transitions, that are heritable and related to 

individual’s behaviour (Vidaurre et al., 2017b).  

1.6.6 Choosing the right approach  

As discussed above, different approaches have been proposed to study dFC; however, the field 

is still in an emerging phase and as such, there is no compelling evidence to choose one method 

over the other. Each method has its own advantages and limitations; hence, the choice of the 

right method, to some extent, depends on the question at hand. For example, if the objective is 

to characterize gradual, smooth variations in connectivity, then sliding window-based methods 

can be adopted. However, if the research question needs the characterization of dFC at a finer 

temporal resolution, methods such as HMM and CAPS are the best candidates. All methods 

suffer from the need to set certain parameter values, which are often done via empirical testing. 

There has been some attempts to develop certain rules of thumb to aid the choice of these 

parameters (Leonardi & Van De Ville, 2015; Zalesky & Breakspear, 2015).  

1.7 Applications of dFC 

Researchers have found that dFC is associated with varying levels of cognition. Connectivity 

dynamics among DMN regions have been shown to be associated with daydreaming (Kucyi & 

Davis, 2014). Similarly, a larger variability in interactions of salience network to other brain 

regions corresponded to better cognitive flexibility (Chen et al., 2016). Other studies have 

found associations between dFC and individual’s mental flexibility (Yang et al., 2014), 

capability to perform attention-demanding tasks (Madhyastha et al., 2015) and extent of self-

generated thoughts (Schaefer et al., 2014).  
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Individual variability in dFC has also been reported. Vidaurre and colleagues (Vidaurre et al., 

2017b) observed that resting-state dynamics follow, subject-specific pattern that  relates to 

individual’s cognitive ability and behaviour. Moreover, the transition patterns were found to 

be similar between siblings, suggesting a genetic basis and heritability of resting-state 

dynamics. Also, dFC patterns have been shown to be influenced by age (Viviano et al., 2017) 

with a reduction in dynamism with aging (Chen et al., 2017). Further, gender-specific 

differences in dFC have also been reported, with dynamic interactions among amygdala, 

hippocampus, and parahippocampal gyrus increased in females (Mao et al., 2017). 

1.7.1 Clinical applications 

Altered dFC patterns have been reported in several neurological and neuropsychiatric 

disorders. Schizophrenia is one such disorder that has been widely characterized using dynamic 

connectivity measures (discussed further in section 1.10). Compared to static FC measures, 

dFC has shown to better predict individual diagnosis of autism (Price t al., 2014; Wee, Yap, & 

Shen, 2016), post-traumatic stress disorder (PTSD; Jin et al., 2017) and mild cognitive 

impairment (Chen et al., 2016; Wee t al., 2013; Wee et al., 2016). In the case of Alzheimer’s 

disease, it was observed that patients spent greater amounts of time in configurations with 

stronger anterior DMN activation and lesser amounts of time in configuration with stronger 

posterior DMN activity (Jones et al., 2012). 

Studies of dFC have also provided new insights into temporal lobe epilepsy (TLE). The dFC 

pattern in TLE patients imaged during a non-seizure period, has been shown to be indicative 

of the network of seizure propagation (Morgan, Abou-Khalil, & Rogers, 2015). Another study 

reported differences in DMN-thalamus connectivity between preictal and postictal intervals 

(Liao et al., 2014) in TLE. In major depressive disorder (MDD) patients decreased variability 

of FC was found in connections between DMN and frontoparietal network (Demirtaş et al., 
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2016).  Also, increased variability in connectivity was observed between the medial prefrontal 

cortex and insula in MDD patients, which was found associated to higher levels of recent 

rumination (Kaiser et al., 2016). 

In addition to finding imaging-based biomarkers in brain disorders, dFC has potential 

therapeutical applications. For example, in real-time neurofeedback studies using fMRI, 

subjects need to learn to regulate the activity of certain brain regions or networks (Stoeckel et 

al., 2014). Measuring dFC can be a very promising tool in such cases for accurate personalized 

interventions. Yet another application is to characterize response to clinical interventions in 

different disorders by mapping dFC before and after the intervention.  

1.8 Schizophrenia 

Schizophrenia is a disorder that affects the normal functioning of the brain; it is characterized 

by abnormal behaviour, difficulty in thinking clearly, false beliefs, lack of motivation, reduced 

emotional expression and social disengagement (Gottesman, Shields, & Hanson, 1982). 

Historically, different diseases with psychotic symptoms were all grouped under the same 

umbrella of ‘madness’ from unknown times (Lewis, 1966). In 1850s, two French psychiatrists 

Falret and Morel distinguished between depressive psychosis from a progressive variant. Later 

in 1911, the term ‘schizophrenia’ (meaning ‘split mind’) was introduced by a Swiss psychiatrist 

Eugen Bleuler, based on the early observation that the disorder is characterized by a split-up of 

psychic functions (Bleuler & Bleuler, 1986). A clearer definition of the disorder was put 

forward by Kurt Schneider in 1950, who identified a few ‘first rank’ characteristic clinical 

symptoms. The present definition of the disorder is based on guidelines set by the American 

Psychiatric Association and distiguishes schizophrenia from other diseases with phychotic 

symptoms.  
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1.8.1 Etiology 

The causes of schizophrenia are not completely understood. The single greatest risk factor is a 

positive family history (Kendler et al., 1993). Presence of the Neuregulin 1 (NRG1) gene has 

been shown to significantly increase the chance of developing schizophrenia (Stefansson et al., 

2002). Next, environmental factors during birth and early childhood have also been shown to 

be influential in developing this disorder. Obstetric complications such as maternal stress 

during pregnancy, premature birth, low birth weight and perinatal hypoxia have been identified 

to be potential risk factors (Cannon, Jones, & Murray, 2002; Negrón-Oyarzo et al., 2016). Also, 

environmental stress factors during early childhood and adolescence, such as family violence, 

social isolation, urban/unconnected life, migration to new locations and childhood trauma have 

been reported to be influential (Boydell et al., 2004; Misiak et al., 2017). Another important 

risk factor is drug abuse; excessive drug and alcohol usage and associated alcoholic 

hallucinations have been reported in nearly 50% of schizophrenia patients (Gregg, 

Barrowclough, & Haddock, 2007). Early exposure to drugs further increases the risk 

(Chadwick, Miller, & Hurd, 2013) and higher dosage and increased frequency are indicative 

of developing chronic psychosis (Niesink & van Laar, 2013). 

1.8.2 Symptoms and diagnosis 

The current standard guideline for diagnosing schizophrenia is the Diagnostic and statistical 

manual of mental disorders 5th edition (DSM-V) (American Psychiatric Association, 2013). 

The core symptoms of schizophrenia are grouped into positive, negative, disorganization and 

cognitive dysfunction symptoms.  

Positive symptoms correspond to externalization of thoughts and exhibit added unnatural 

processes. These include hallucinations (abnormal sensations or sensory perception without 

any sensory inputs; often manifested as hearing or seeing things that are not real), delusions 
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(very strange or false beliefs; held on rigidly and with no evidence). Negative symptoms 

include social withdrawal, lack of motivation, self-neglect, blunted affect and alogia (lack of 

normal speech).  

Different cognitive dysfunctions are experienced by schizophrenia patients to varying extents. 

These range from impaired intelligence to specific working memory or executive function 

deficits, which impair their personal, professional and social lives. Main symptoms of 

disorganisation include disorganised speech and behaviour. Disorganised speech may be 

difficult to follow and sometimes deprived of content. Disorganised behaviour includes strange 

or inappropriate actions and gestures, which often are associated with declined cognitive 

functionality.  

Schizophrenia diagnosis is confirmed if at least of the symptoms - hallucinations, delusions, 

disorganized or catatonic behaviour and negative symptoms, with continuing signs of 

functional deterioration (i.e., occupational, social or cognitive dysfunction), are consistently 

present for a minimum duration of one month (American Psychiatric Association, 2013). In 

addition to DSM-V, the International Classification of Diseases (ICD), Tenth Revision (ICD-

10) (Plummer, 2015) is also commonly adopted in Australia as a guideline for diagnosis of 

psychotic disorders.  

1.8.3 Management  

The primary treatment option is antipsychotic medications, often combined with 

psychotherapy (van Os & Kapur, 2009). In most developed countries, different support systems 

are in practice, including community mental health programs, drop-in centres and supported 

employment. The treatment outcomes have significantly been improved with the introduction 

of second-generation antipsychotics; especially, the positive symptoms can often be brought 

down with approximately two weeks of medication. However, these drugs are not fully 
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effective in managing negative symptoms and cognitive deficits (Webb & Tandon, 2009). As 

per the data available, there is a good response in 40-50% patients, a partial response in 30-

40%  and no or little response in 20% of people treated with antipsychotics (Smith, Weston, & 

Lieberman, 2010). Most of these antipsychotics, however, have serious side effects such as 

movement dysfunctions, weight gain and metabolic disorders (Barry, Gaughan, & Hunter, 

2012); hence it is best to optimize the period of antipsychotic treatment and stop medication if 

they are no longer required; but currently there is little evidence to make this decision. It has 

been observed that within 6-10 months of discontinuation, 25-55% patients relapsed (Viguera 

et al., 1997). On contrast, if patients remain normal in first 6-10 months of discontinuation, 

then the chances of relapse are very minimal (Moncrieff, 2006). This disparity has been 

referred to as ‘discontinuation paradox’ (Harrow & Jobe, 2013) and further research is needed 

to attain concludable results in determining optimal treatment durations.   

1.8.4 Pathophysiology 

Schizophrenia and its clinical presentation have been known for several centuries (Jablensky, 

2010). In addition, autopsy studies have provided structural atrophies associated with the 

disease (Mueser & Jeste, 2011). Further, with the emergence of different structural and 

functional imaging modalities, in-vivo characterization of schizophrenia has been possible. 

This has deepened our understanding of pathology, providing links between structural 

/functional changes and observed symptoms. Histopathological and molecular studies of brain 

tissues in schizophrenia have revealed abnormalities in neurotransmission pathways. In 

particular, dopamine, a catecholamine neurotransmitter, has been recognised for its excessive 

transmission in schizophrenia patients, particularly within the mesolimbic system (Baumeister 

& Francis, 2002; Seeman, 2006). This observation has led to a ‘dopamine hypothesis’, a model 

that relates clinical symptoms to hyperactive dopamine condition (Kapur, 2003). According to 
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this, a dysregulated and hyperactive dopaminergic state induces ‘an aberrant assignment of 

salience’ to one’s experiences, which in turn is manifested as psychotic symptoms like 

delusions and hallucinations. In general, the interrelations and consensus among these different 

pathological characterizations are complex and warrant further research. The heterogeneity 

among results might reflect the diversity within the schizophrenia spectrum of disorders (Patel 

et al., 2014). 

1.8.5 Structural imaging in schizophrenia 

Structural imaging studies have reported wide-spread abnormalities in schizophrenia, that vary 

with clinical stages and illness duration. Several studies have reported reductions in gray matter 

volume and cortical thickness across whole brain regions in FEP patients (Ellison-Wright et 

al., 2008; Steen t al., 2006; Vita et al., 2006); the major regions implicated being the prefrontal 

cortex, superior temporal gyrus and certain subcortical regions such as caudate nucleus. The 

abnormalities were found more progressive and pronounced in the case of chronic 

schizophrenia patients (Haijma et al., 2013; Lawrie & Abukmeil, 1998; Shenton et al., 2001; 

Wright et al., 2000).  Importantly, a meta-analysis of over 18000 chronic patients reported 

significant reduction in gray matter volume that was found to be influenced by the dose of 

antipsychotic medication and duration of illness (Haijma et al., 2013).  Further, it has also been 

found that structural abnormalities were present in unaffected family members of patients 

(Xiao et al., 2013), suggesting a genetic basis of the structural aberrations.  

1.8.6 Functional imaging in schizophrenia 

In addition to structural aberrations, schizophrenia is characterized by altered functional 

coupling between various brain regions. Functional neuroimaging modalities such as EEG, 

PET, SPECT and fMRI have offered novel, non-invasive methods to assess brain function in 

schizophrenia. Right from early EEG-based studies (Jasper, Fitzpatrick, & Solomon, 1939), 
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wide-spread aberrations in EEG signals have been reported, reviewed in (French & Beaumont, 

1984; Lee et al., 2003; Rosburg, Boutros, & Ford, 2008; Sengoku & Takagi, 1998); most 

important finding among these being the ‘hypo-frontal’ EEG signals, i.e., slow EEG waves in 

the frontal regions of brain (Sengoku & Takagi, 1998). In addition, a plethora of studies have 

estimated the metabolism and cerebral blood flow in schizophrenia based on PET and SPECT 

imaging (Brown & Thompson, 2010; Gur et al., 1983; Liddle, 1996); a meta-analysis of these 

studies also provided evidence for hypo-frontality (i.e., reduced resting-state metabolism in 

frontal cortex) in schizophrenia (Davidson & Heinrichs, 2003). Further, task-based fMRI 

studies have assessed different task-related dysfunctions in schizophrenia, reviewed in (Brown 

& Thompson, 2010; Gur, 2011; Gur & Gur, 2010). While these studies have been very 

informative in characterizing the functional abnormalities in schizophrenia, a complete 

discussion of these is beyond the scope of this thesis. In brief, during memory tasks, impaired 

temporal lobe activation has been reported widely, while a diminished frontal lobe activation 

has been observed in executive tasks. Yet another important finding is that schizophrenia 

patients fail to effectively modulate the DMN activity while performing certain tasks 

(Anticevic, Repovs, & Barch, 2013; Calhoun et al., 2008a; Camchong et al., 2011; Garrity et 

al., 2007; Hasenkamp et al., 2011; Kim et al., 2009; Pomarol-Clotet et al., 2008; Salgado-

Pineda et al., 2011; Wang, Metzak, & Woodward, 2011; Whitfield-Gabrieli et al., 2009). In 

healthy subjects, the DMN activity remains at its peak during rest and while performing task, 

the DMN activity diminishes and task-positive networks become more active. However, this 

mechanism has been found to be disrupted in schizophrenia, as patients failed to supress the 

DMN activation during task, leading to poor task performances. A possible cause of this 

inability is the disruptions in inhibitory synapses in the cortex, resulting in reduced suppression 

of activity (Anticevic et al., 2012; Carhart-Harris et al., 2012; Dang, O’Neil, & Jagust, 2012; 

Minzenberg, Yoon, & Carter, 2011).  
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1.9 Resting-state fMRI studies in schizophrenia 

Wide-spread aberration in connectivity have been reported in schizophrenia, leading to a 

‘dysconnectivity hypothesis’ (Friston & Frith, 1995; Friston, 1998; Weinberger, 1993). The 

brain has been understood to be a complex system with different regions interacting 

synergically forming complex networks (Bullmore & Sporns, 2009). The disconnection 

hypothesis proposes that this system is disrupted in schizophrenia, resulting in abnormal 

integration and interactions among different brain regions, which in turn leads to erroneous 

decoding of various stimulus. This misinterpretation is thought to be the reason behind 

psychotic symptoms such as hallucinations and delusions (Friston, 1999; Friston, 2002). 

Alterations in gray matter volume and cortical thickness have been reported in schizophrenia 

patients (Hulshoff Pol et al., 2004; van Haren et al., 2007) and many of these regions were 

found to have altered FC profile. (Bluhm et al., 2007; Fornito et al., 2015; Fox & Greicius, 

2010; Ganella et al., 2017; Liu et al., 2008; Salvador et al., 2007; Zalesky, Fornito, & Bullmore, 

2010). The most consistently reported regions are those comprising the DMN such as PCC and 

MPFC; and this observation has led to more focus on studying DMN in schizophrenia (Garrity 

et al., 2007; Greicius, 2008; Whitfield-Gabrieli et al., 2009). In addition to altered connection 

strengths, marked differences in spatial topology of DMN have been reported in schizophrenia, 

with regions characterized by higher frequency fluctuations compared to healthy subjects 

(Garrity et al., 2007).  Furthermore, hyperactivity and hyperconnectivity among DMN regions 

have also been reported (Whitfield-Gabrieli et al., 2009). Collectively, these studies suggest 

that altered DMN connectivity comprises the core pathophysiology of schizophrenia. Studies 

can further be grouped based on the methodology into (i) region-based, (ii) whole-brain and 

(iii) graph theory-based. Comprehensive reviews on resting-state connectivity in schizophrenia 

can be found in (Fornito et al., 2015; Karbasforoushan & Woodward, 2012; Lynall et al., 2010; 

van den Heuvel & Hulshoff Pol, 2010).  
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1.9.1 Region-based approaches 

Region-based studies are hypotheses-driven, examining changes in connectivity of a region of 

interest (ROI) to other regions or all other voxels in the brain. This ROI or ‘seed’ region is 

defined based on prior knowledge about its anatomical location, as per the adopted coordinate 

system. The results from such studies in schizophrenia are mixed; some studies have found 

increased FC (Cui et al., 2015; Ebisch et al., 2014; Fornito et al., 2013; Gong et al., 2017; Yoon 

et al., 2015), while others have found have decreased FC (Alonso-Solís et al., 2012; Anticevic 

et al., 2015; Bastos-Leite et al., 2015; Solé-Padullés et al., 2017; Yoon et al., 2015) in patients 

compared to heathy subjects. Heterogeneity in results could be partially due to the 

inconsistency in defining seed locations and due to the inherent heterogeneity within the 

disease spectrum, in addition to effects of illness duration and medication. In early stages of 

the disease (such as FEP), increased connectivity of frontal regions (dorsolateral PFC and 

anterior PFC) to other brain regions have been reported (Anticevic et al., 2015; Cui et al., 

2015). This hyper-frontal connectivity in early stages is quite different from the previously 

reported hypo-frontality in chronic schizophrenia, suggesting the pathological changes over 

the course of disease progression. 

1.9.2 Whole-brain studies 

Whole-brain studies involve partitioning the brain into different regions based on reference 

atlases or a data-driven parcellation and then estimating connectivity between every pair of 

regions. Whole-brain connectivity studies in early stages of schizophrenia have reported widely 

decreased FC across brain regions in patients (Argyelan et al., 2015; Guo et al., 2017, 2014; Li 

et al., 2016). The main regions implicated include precuneus, fusiform gyrus, precentral gyrus 

and superior temporal gyrus. Certain studies have reported increased whole-brain FC has been 

reported in chronic schizophrenia patients (Chang & Glover, 2009; Venkataraman et al., 2012; 

26



Wang et al., 2014; Wolf et al., 2011), while several others have found reduced connection 

strengths in the case of majority of connections (Calhoun, Eichele, & Pearlson, 2009; Calhoun, 

Kiehl, & Pearlson, 2008; Ganella et al., 2017; Kochunov & Hong, 2014; Kochunov et al., 2017; 

Skudlarski et al., 2010). A meta-analysis reported evidence for overall reduction in whole brain 

connectivity in schizophrenia (Kambeitz et al., 2016).  

1.9.3 Graph theory-based studies  

Graph theoretical methods have often been employed to infer network-level changes rather 

than considering individual regions in isolation. Under these methods, the brain is considered 

to be a graph with different regions serving as nodes and the FC among them being the edges 

of the graph. Whole-brain connectivity matrices are converted into adjacency matrices 

representing the graph and different properties such as degree, shortest path and small-

worldness are calculated (for an overview of these methods and definitions of different 

parameters see Rubinov & Sporns, 2010). The brain has been reported to follow a small-world 

topology (Bassett & Bullmore, 2017; Bassett & Bullmore, 2006) that maintains a balance 

between local processing and global integration to maximize efficiency and energy 

expenditure. Current evidence suggest that small-worldness is disrupted in schizophrenia even 

at FEP (He et al., 2012; Li, Chen, & Li, 2012; Liu et al., 2008; Lynall et al., 2010; van den 

Heuvel et al., 2013), resulting in impaired local and global processing and reduction in the 

ability to integrate information (Lynall et al., 2010; van den Heuvel et al., 2010; van den Heuvel 

& Fornito, 2014). Another consistent observation has been a decrease in overall brain network 

efficiency (Liang et al., 2006; Micheloyannis et al., 2006), again suggesting aberrant 

information integration.  

Thus, under different methodological frameworks, resting-state FC studies have provided 

several valuable insights into pathology and disease characterization in schizophrenia, that are 
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associated with severity and symptoms of illness (Bassett et al., 2012; Calhoun et al., 2009; 

Lee et al., 2013; Lynall et al., 2010; van den Heuvel & Fornito, 2014). Beyond mere 

characterization of pathology, many studies have tested the predictive diagnostic and 

prognostic power of resting-state connectivity measures (Cao et al., 2018; Kim et al., 2016; 

Sarpal et al., 2016; Su et al., 2013; Venkataraman et al., 2012; Watanabe et al., 2014; Yu et al., 

2013), as discussed below.  

1.9.4 Prediction of diagnostic status using fMRI connectivity 

As discussed in Section 1.8.2, diagnosis of schizophrenia involves multiple clinical evaluations 

over months; and many of the attributes defining schizophrenia are inferential, relying on self-

reported subjective experiences. Further, the complex nature and heterogeneous clinical 

presentation of the disorder weakens the diagnostic concept of schizophrenia (Jablensky, 

2010), as the fundamental pathology underlying the disorder remains largely unknown. There 

is no objective test that can help in diagnosing schizophrenia. Hence, validated biomarkers are 

needed to aid clinical diagnosis of schizophrenia.  

In this regard, different connectivity-based measures have been proposed for predicting single-

subject diagnosis of schizophrenia. Specifically, computational models that classify 

schizophrenia versus healthy controls, schizophrenia versus bipolar and classification among 

more heterogeneous groups such as schizophrenia, bipolar and schizoaffective disorders have 

been developed (Anderson & Cohen, 2013; Arbabshirani et al., 2013; Kaufmann et al., 2015; 

Yang et al., 2010). A summary of major FC-based studies of schizophrenia diagnosis is 

presented in Table 1; a comprehensive review can be found in (Du, Fu, & Calhoun, 2018). 

Instead of assessing between-group differences, machine learning classifiers have been trained 

to perform out of sample predictions, under different cross validation frameworks (for details 

on methodology, see Section 2.4).  
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Different FC measures have been used to classify schizophrenia versus healthy subjects. One 

of the most used FC measures is that derived from ICA-based network maps (Arribas, Calhoun, 

& Adali, 2010; Castro et al., 2011; Demirci, Clark, & Calhoun, 2008; Du et al., 2012). 

Connectivity among different ICA components (called ‘functional network connectivity 

[FNC]), have been used for building classifier models (Anderson & Cohen, 2013; Arbabshirani 

et al., 2013; Kaufmann et al., 2015). For example, Arbabshirani and colleagues calculated 

maximum lagged-correlation among 9 selected ICA components and used them as subject-

specific features in training different classifiers; accuracies up to 96% were obtained in 

classifying schizophrenia versus healthy subjects (Arbabshirani et al., 2013). In addition to 

ICA-based methods, ROI-based approaches have also been followed (Kim et al., 2016; Su et 

al., 2013; Venkataraman et al., 2012; Watanabe et al., 2014; Yu et al., 2013), mainly employing 

atlases such as automated anatomic labelling (AAL). Further, connectivity-derived graph 

theoretical measures have also been considered as potential features in classification (Bassett 

et al., 2012). Hybrid models, consisting of combination of multimodal features, have also been 

attempted (Yang et al., 2010) and complex deep learning classifiers have been shown to 

outperform classical machine learning models (Kim et al., 2016).  

Table 1. Summary of functional connectivity-based studies that predict schizophrenia 
diagnosis.  

Study Sample size Features Classifier Accuracy 

Calhoun et al., 

2008b 

26 HC, 21 SZ, and 14 

BP 

Network maps 

(DMN and temporal 

lobe) extracted by 

ICA  

Euclidean 

distance 
83–95% 

Demirci et al., 

2008 
36 HC and 34 SZ 

Network maps 

extracted by ICA 

Projection 

pursuit 

stages 

80-90% 
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Yang et al., 

2010 
20 HC and 20 SZ 

Multiple features -

single nucleotide 

polymorphism, 

voxels in fMRI map, 

and components of 

fMRI activation 

SVM 
74-87% 

 

Castro et al., 

2011 

54 HC and 52 SZ  

 

Networks extracted 

by ICA and 

activation maps 

from GLM 

SVM 
95% 

 

Bassett et al., 

2012 
29 HC and 29 SZ FC between 90 ROIs SVM 75% 

Du et al., 2012 28 HC and 28 SZ 
Network maps 

extracted by ICA 

Fisher 

discriminant 

function 

93-98% 

 

Venkataraman 

et al., 2012 
18 HC and 18 SZ 

FC between 77 

anatomical ROIs 

Random 

Forests 
75% 

Anderson and 

Cohen 2013 
29 HC and 19 SZ 

Measures based on 

graph theory 

SVM  

 
80% 

Arbabshirani 

et al., 2013 
28 HC and 28 SZ 

FNC between 

components 

extracted by ICA 

Compares 

different 

methods 

 

63–96% 

 

Su et al., 2013 32 HC and 32 SZ 

FC between 116 

ROIs using AAL 

atlas 

SVM 
82.8% 

 

Yu et al., 2013 38 HC and 32 SZ 
FC between 116 

ROIs (AAL atlas) 
SVM 80.9% 

Du et al., 

2015b 

24 HC, 24 SZ, 24 BP, 

24 subjects with 

schizoaffective 

disorder with manic 

episodes, and 13 

Network maps from 

ICA 

Multi-class 

classificatio

n using 

SVM 

68.75% 
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patients with 

schizoaffective 

disorder with 

depressive episodes 

exclusively 

 

Kaufmann et 

al., 2015 
196 HC and 71 SZ 

FNC between 

independent 

components 

extracted by ICA 

 

LDA 
84.4% 

 

Kim et al., 

2016 
50 HC and 50 SZ 

FC between 116 

ROIs (AAL atlas) 

Deep neural 

network 

86% 

 

HC – healthy control; SZ – schizophrenia patients; BP – subjects with bipolar disorder; AAL 
- automated anatomic labelling; SVM – support vector machine; LDA – linear discriminant 
analysis; GLM -general linear model; FNC – functional network connectivity.  

Schizophrenia, bipolar disorder and schizoaffective disorder have overlapping clinical 

symptoms (Cosgrove & Suppes, 2013), making the exact clinical diagnosis difficult. 

Connectivity-based measures have been deployed for classifying these disease cohorts. 

Multiple connectivity-based features have been proposed for schizophrenia versus bipolar 

classification (Arribas et al., 2010; Calhoun et al., 2008b; Rashid et al., 2016). One study used 

measures derived from ICA map of DMN as features and reported 85 - 95% classification 

accuracy (Calhoun et al., 2008b). Further extension of this method has been proposed to 

classify healthy subjects, schizophrenia patients and bipolar patients (Arribas et al., 2010). The 

ICA components were used as features applying two-stage dimensionality reduction (t-test and 

singular value decomposition); then Bayesian classifier models were built using selected 

features and a three-class classification accuracy of 70-75% was obtained (Arribas et al., 2010). 

More complex models that classify subjects into healthy individuals, schizophrenia patients, 
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bipolar patients and patients suffering from schizoaffective disorder have also been proposed 

(Du et al., 2015b). 

It must be noted that most of the studies discussed above performed for a classification of 

patient versus healthy subjects and does not in strict terms, forecast schizophrenia diagnosis. 

In most of these cases, patients have already been treated with antipsychotics and hence it 

might be the case that FC changes due to medication facilitated accurate classifications. 

However, a recent study has evaluated the predictive diagnostic power of FC in medication-

naïve patients and reported very high classification accuracies (79%) (Cao et al., 2018), which 

validates the predictive power of connectivity measures.     

1.9.5 Prediction treatment response using FC measures 

With the current treatment practices, around 40% of patients with schizophrenia attain 

functional and social recovery (Zipursky, Reilly, & Murray, 2013) and some patients will have 

a positive outcome even if medication is discontinued (Wunderink et al., 2013). But, for the 

larger remaining patient group, treatments provide poor outcomes. Prediction of treatment 

outcomes is of extreme importance, as reliable predictions can support clinicians with evidence 

to adopt the treatment option best-suited for each patient. For example, for a patient who is 

more likely to remit even without medication, it is best to minimise the dosage, as all 

antipsychotics are known to have serious side effects (Lally & MacCabe, 2015). On the other 

hand, more intensive and tailored interventions can be chosen for those patients who are 

deemed to be at high risk of having poor outcomes. However, despite decades of research, 

there is no concludable evidence to support the predictive prognostic power of any variable 

studied so far with different studies reporting inconsistent results (Díaz-Caneja et al., 2015; 

Menezes & Milovan, 2000), thus warranting further research on finding reliable predictors.  
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A few recent studies have aimed to predict response to medication using FC-derived measures 

(Cadena et al., 2018a; Cao et al., 2018; Sarpal et al., 2016). Greater BOLD activity in the right 

caudate during performance of a Stroop colour task was found to be predictive of better 

treatment response over six weeks and changes in BOLD activity within the anterior cingulate 

cortex (ACC) and putamen correlated with the extent of response (Cadena et al., 2018a; Cadena 

et al., 2018b). Similarly, response to six-weeks treatment with risperidone was associated with 

lower functional connectivity between hippocampus and  ACC, caudate nucleus and auditory 

cortex (Kraguljac et al., 2016). Similarly, another study found a significant association between 

resting-state striatal connectivity and treatment response over 12 weeks (Sarpal et al., 2015). 

While these studies evaluated the relationship between FC before the starting of treatment and 

the response in short term (6-12 weeks), they did not test if the connectivity changes were 

predictive of treatment response using a cross-validation approach; i.e., no out-of-sample 

predictions were made. This issue was addressed in another study (Sarpal et al., 2016), which 

used two different datasets - one for identifying the biomarkers and the other for testing the 

predictive prognostic power of them. This analysis found that connectivity between striatum 

and other regions across the brain predicted the response to antipsychotic treatment over the 

course of 12 weeks with high sensitivity and specificity (Sarpal et al., 2016). 

Recently, machine learning techniques have been employed to build sophisticated models that 

predict prognosis under different cross-validation approaches. While most of these studies have 

tested the predictive power of structural imaging-based measures (Kambeitz-Ilankovic et al., 

2016; Koutsouleris et al., 2016, 2015; Koutsouleriset al., 2018a; Koutsouleris et al., 2018b), a 

recent study by Cao and colleagues has evaluated if measures from FC can predict response to 

treatment. First, whole-brain FC patterns in medication-naïve FEP patients were estimated and 

with feature selection, connections between the superior temporal cortex and other brain 

regions were chosen to build linear support vector machine (SVM) -based classifiers  (Cao et 
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al., 2018). A classification accuracy of 79% was observed in classifying subjects into heathy 

versus FEP. Further, the prognostic power of FC measures was tested. All patients were treated 

with same antipsychotic medication (risperidone) for 10 weeks and treatment response was 

determined based on the percentage changes in overall clinical symptoms, assessed using the 

positive and negative syndrome scale (PANSS). Baseline connectivity measures were then 

tested for their ability to classify responders versus non-responders; a classification accuracy 

of 82.5% was observed. Such promising studies highlight the clinical diagnostic and prognostic 

utility of resting-state connectivity.  

The use of machine learning allows the identification of complex patterns and interactions 

among different connectivity features that can provide supreme predictive prognostic models, 

as reported above. In addition to predicting response to specific antipsychotics over a short 

term, predicting long term outcomes in patients are important to identify the most likely 

symptom trajectory that a patient undergoes. Also, predicative power of different demographic, 

clinical, behavioural and imaging-based measures needs to be compared to identify the 

biomarkers or their combination that possess the greatest predictive prognostic capability. 

1.10 Dynamic connectivity in schizophrenia 

Analyses on resting-state fMRI data have shown that the brain continuously and spontaneously 

generates dynamic series of activity and connectivity patterns that constantly varies with time 

(Barttfeld et al., 2015; Betzel et al., 2016; Tagliazucchi et al., 2016; Zalesky et al., 2014). Such 

dynamic patterns of brain signal interactions generate human consciousness (Demertzi et al., 

2019; Lundervold et al., 2010). Experimental and phenomenological evidence suggest that 

schizophrenia is a disorder of consciousness (Bob, 2012; Bob & Mashour, 2011; Giersch & 

Mishara, 2017) and that abnormalities of consciousness underlie and antecede the heterogenous 

clinical symptoms (Sass & Parnas, 2003). As consciousness emerges from dynamic patterns of 
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brain activity (Demertzi et al., 2019), it must be the case that altered brain dynamics constitute 

abnormal consciousness and associated symptoms in schizophrenia. This warrants dFC to be a 

novel tool to study the pathology in schizophrenia. A few recent studies have assessed dFC in 

schizophrenia and modelled different aspects of the disease compared to static FC studies, as 

discussed below. 

1.10.1 Characterizing dFC in schizophrenia 

A few studies have applied sliding window-based dFC to detect the differences between 

schizophrenia and healthy subjects (Damaraju et al., 2014; Du et al., 2016; Rashid et al., 2014; 

J. Su et al., 2016). Connectivity matrices from different windows were further clustered to 

extract a few canonical connectivity patterns that were revisited over the scan duration. 

Variability among these putative connectivity patterns and the differences in visiting them 

reflects varying thought processes and associated network-level interactions. Notably, such 

observations cannot be deduced from static FC analyses. Damaraju and colleagues observed 

that compared to healthy subjects, patients spent greater amount of time in states with thalamic 

hypoconnectivity and sensory hyperconnectivity (Damaraju et al., 2014). Similar observations 

were made by another study (Rashid et al., 2014), reporting a unique state characterised by 

decreased frontal-parietal and frontal-occipital connectivity as well as decreased parietal-

occipital connectivity in patients. In their study, Su and colleagues reported five disease-related 

connectivity states associated to default mode network, occipital and cingulo-opercular regions 

(Su et al., 2016). Many of these differences were also observed in unaffected siblings of 

patients, suggesting hereditary influences on dFC. Another study focussed only on the dynamic 

connectivity changes within the DMN (Du et al., 2016), observing that patients spent 

significantly greater amounts of time in states with sparse connectivity among DMN regions.  
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Dynamic graph theoretical measures have also been studied in schizophrenia. Based on graphs 

built on inter-regional connectivity patterns of DMN, it was found that average node strength, 

clustering coefficient, global efficiency and local efficiency were all reduced in schizophrenia 

when compared to healthy individuals (Du et al., 2016). Further, this study was extended, 

assessing dynamic connectivity matrices from whole-brain regions (Yu et al., 2015). All graph 

theoretical measures were found to be lower in patients, like the DMN-based graph measures. 

In addition, these measures showed reduced variability with time (over windows), in patients. 

Thus, the structural and functional pathologies in schizophrenia result in reduced efficiency 

and information integration among brain regions. However, with a very different approach, 

where connectivity matrices from each sliding window were thresholded (0.5 % to 10% 

proportional sparsity thresholds), binarized and temporal distances were calculated between 

every pair of nodes (Sun et al., 2018), increased temporal global efficiency was reported in 

patients, unlike the previous studies which reported reduced efficiency in patients. These 

measures were found to be associated with clinical symptom severity. This cautions the 

influence of chosen methodology in observed results.  

Table 2. Summary of dFC studies in schizophrenia 
Study Sample size Method Important findings 

Damaraju et 

al., 2014 

163 HC and 

151 SZ 

ICA (100 components); 

Sliding window 

correlations + k-means 

clustering 

SZ patients spend lesser amount of 

time in strongly connected states, 

compared to HC. 

Rashid et 

al., 2014 

61 HC, 60 

SZ and 38 

BP 

RSNs defined via ICA; 

Sliding window 

correlations + k-means 

clustering 

Both patient groups make fewer 

state transitions compared to HC. 

BP patients showed lesser 

connectivity aberrations than the 

SZ group.  
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Su et al., 

2016 

25 SZ, 25 

unaffected 

siblings and 

25 HC 

160 ROIs; Sliding 

window correlations + 

principal component 

analysis and k-means 

clustering 

Shared connectivity alterations 

between SZ group and unaffected 

siblings, related to occipital, 

default mode and cingulo-

opercular networks.  

Du et al., 

2016 

82 HC and 

82 SZ 

Predefined ROIs; 

Sliding window 

correlations + k-means 

clustering 

SZ spend more time in poorly 

connected states and exhibited 

lower values in global efficiency, 

clustering coefficient and local 

efficiency compared to HC. 

Impaired interaction among DMN 

subsystems. 

Yu et al., 

2015 

82 HC and 

82 SZ 

ICA + Sliding window 

correlations; graph 

theory 

Lower values for graph theoretical 

measures in SZ. Also, decreased 

variance in dynamic graph 

measures.  

Sun et al., 

2018 

Two 

datasets:  

(i) 19 HC 

and 18 SZ; 

(ii) 57 HC 

and 53 SZ 

Predefined ROI; sliding 

window correlations + 

temporal efficiency  

Higher temporal global efficiency 

in patients; temporal nodal 

dynamics of frontal, medial 

parietal and sub-cortical regions 

correlated mostly to negative 

symptoms.   

Miller et al., 

2016 

163 HC and 

151 SZ 

Spatial ICA to define 

regions; sliding window 

correlations + temporal 

ICA 

Whole-brain connectivity patterns 

less dynamically active in SZ 

compared to HC.  

Abrol et al., 

2017 

163 HC and 

151 SZ 

Combined structural 

and functional data-

derived measures. ICA 

+ sliding window 

correlation; temporal 

ICA + multiset 

Identified links between gray 

matter volume reduction and dFC 

alterations for different regions 

such as precuneus, insula, frontal 

gyrus and fusiform gyrus.  
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canonical correlation 

analysis + joint ICA 

Dong et al., 

2018 

124 HC and 

102 SZ 

Sliding window + 

voxel-wise ReHo; 

predefined templates 

for networks 

Increased variability of sensory 

networks and decreased variability 

of DMN and frontoparietal 

networks in SZ.  

Fu et al., 

2017 

163 HC and 

151 SZ 

Spatial ICA to define 

regions; sliding window 

correlations; ALFF and 

dFC; k-means 

clustering 

Altered ALFF variability in SZ; 

Lesser correspondence between 

dynamic ALFF and dFC in SZ.  

Du et al., 

2018 

70 HC, 53 

CHR and 58 

early SZ 

(ESZ) 

ICA + Sliding window 

correlations; group-

level ICA on 

connectivity matrices to 

estimate common 

states.  

ESZ showed more aberrant 

connectivity and greater variability 

than CHR group, primarily in 

cerebellum, thalamus, frontal 

cortex and temporal cortex.  

Pelletier-

Baldelli et 

al., 2018 

28 HC and 

31 CHR 

ROIs to define 

networks; sliding 

window correlation 

In CHR, reduced variability in 

connectivity between DMN and 

sensory networks; Greater 

dynamism in DMN-salience 

network interactions. 

He et al., 

2019 

55 HC and 

47 SZ 

 VBM to extract gray 

matter volume; 

cerebellum to whole 

brain ROI; sliding 

window correlations 

Decreased cerebellum volume 

associated with declined dFC 

between cerebellum and 

frontoparietal network regions; 

cerebellum connectivity correlated 

with positive symptoms.  

Sanfratello 

et al., 2019a 

36 HC and 

36 SZ 

MEG and fMRI data; 

RSNs defined via ICA; 

Sliding window 

correlations + k-means 

clustering 

Dynamic connectivity patterns and 

associated group differences are 

different between MEG and fMRI. 

Each modality provides different 

information. 
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Sanfratello 

et al., 2019b 

36 HC and 

36 SZ 

MEG data; RSNs 

defined via ICA; 

Sliding window 

correlations + k-means 

clustering 

Significant between-group 

differences two meta-state metrics; 

these metrics were correlated to 

positive symptoms.  

ReHo – regional homogeneity; ALFF – amplitude of low frequency fluctuations; CHR - 

clinical high-risk; VBM - voxel-based morphometry. 

In another study (Miller et al., 2016), temporal ICA was applied to connectivity matrices from 

individual sliding windows to derive meta-states that were shared across subjects (healthy 

controls and schizophrenia individuals). This approach enabled connectivity at each window 

to be represented by a combination of different ICA components, in effect, mapping dynamics 

into a high dimensional space (dimensionality determined by the number of components). They 

found that schizophrenia is characterized by: (i) reduced dynamic fluidity (schizophrenia 

patients occupied fewer meta-states compared to heathy group and they transited from one 

meta-state to other less often), (ii) restricted dynamic range (patients spanned only a small sub-

region of the meta-state space, traversing lesser overall distance compared to healthy subjects). 

These results accord with the previous studies (Rashid et al., 2014; Yu et al., 2015) reporting 

reduced dynamism in schizophrenia.  

Further, the dynamic connectivity measures were combined with gray matter volumes, and this 

joint framework identified significant correlations between structural and functional 

abnormalities in patients (Abrol et al., 2017). Similarly, reduction in gray matter volume of 

cerebellum was found to be associated with declined cerebellum-frontoparietal network 

connectivity and severity in positive symptoms (He et al., 2019). Yet another study that 

assessed changes in regional homogeneity (a measure of local synchrony in brain regions) over 

sliding windows combined with whole-brain connectivity patterns (Dong et al., 2018) reported 
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reduced dynamism of DMN and increased variability in sensory networks. Similarly, another 

study (Fu et al., 2017) evaluated the correspondence time-varying regional activity (evaluated 

by amplitude of low frequency fluctuations over sliding windows) to time-varying FC and 

found that both measures are correlated in time; the correlation structure was found to be 

disrupted in patients.  

A recent study (Du et al., 2018) reported the dFC patterns to be different between early illness 

schizophrenia and a clinical high risk group of individuals. Importantly, aberrant connectivity 

and greater variability were observed in early illness patients compared to the high-risk group. 

Compared to healthy subjects, both patient and high-risk groups exhibited common 

abnormalities in connectivity among several regions; but greater impairments were found in 

early illness cohort, mainly in thalamus, cerebellum and frontal as well as temporal cortices. 

Similarly, another study found greater dynamism in connectivity between salience network and 

DMN, in clinical high-risk youth population compared to healthy subjects (Pelletier-Baldelli, 

Andrews-Hanna, & Mittal, 2018) and the aberrations in dFC corresponded to elevated negative 

symptoms. These findings suggest that there are distinct connectivity changes even before the 

onset of illness. In addition, a potential dynamic network interaction pattern related to genetic 

risk for schizophrenia was  identified (Braun et al., 2015), further indicating a genetic basis for 

the dFC alterations manifested in individuals at risk of developing psychosis.  

While the discussion above has largely focussed on the characterization of dynamics using 

resting-state fMRI, similar analyse have been performed with other modalities such as EEG 

and MEG also have assessed dynamics in schizophrenia; see (Uhlhaas & Singer, 2015) for a 

review. But it should be noted that the temporal resolutions are very different between these 

modalities; EEG and MEG offer microseconds resolution while fMRI typically has resolution 

in the order of a few seconds. A comparison of dFC estimates from resting-state fMRI and 
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MEG showed that the connectivity aberrations in schizophrenia are different across different 

modalities and time scales (Sanfratello, Houck, & Calhoun, 2019). Also, a clustering of MEG-

based dFC measures were found to identify distinct sub-groups of schizophrenia patients which 

varied in symptomology (Sanfratello, Houck, & Calhoun, 2019).  

Thus, as discussed above, studies so far have adopted different methodological frameworks to 

characterize dFC in schizophrenia. But even with such differences, several common findings 

have been made; compared to heathy individuals, 

(i) schizophrenia patients show overall reduced dynamism (Miller et al., 2016; Rashid 

et al., 2014; Q. Yu et al., 2015) 

(ii) schizophrenia patients exhibit fewer state transitions and spend greater amounts of 

time in highly disconnected states (Damaraju et al., 2014; Du et al., 2016; Rashid 

et al., 2014)  

(iii) different graph theoretical measures such as global efficiency, clustering coefficient 

and nodal degree are reduced in patients (Du et al., 2016; Yu et al., 2015b) 

(iv) major networks such as DMN, frontoparietal network and salience network show 

aberrant dynamic connectivity in schizophrenia (Damaraju et al., 2014; Du, et al., 

2015a; Y. Du et al., 2016; Rashid et al., 2014) 

(v) dFC offers a better characterization of FC alterations in schizophrenia, compared to 

static measures  (Du et al., 2016; Rashid et al., 2014; Su et al., 2016; Yaesoubi et 

al., 2015) 

The concluding evidence from these studies suggests that schizophrenia patients reside for 

significantly greater amounts of time in connectivity states defined by less-organised, weakly 

connected states, particularly diminished connectivity of the DMN. Furthermore, patients 

demonstrated reduced cortical-to-subcortical region connectivity and altered across-network 
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connectivity. These might be a ‘resting-sate equivalent’ of the previously reported task-related 

differences in network coupling in schizophrenia (Anticevic et al., 2012), particularly the 

disrupted balance between task-positive and task-negative networks in patients, leading to 

reduced suppression of DMN during tasks. Absence of such a balanced mechanism in patients 

might be the reason for disrupted spontaneous thought processes at rest (Christoff et al., 2016; 

Kucyi et al., 2016).  

1.10.2 dFC in single-subject prediction of diagnosis 

Connectivity dynamics have been shown to offer greater predictive power when compared to 

static connectivity measures in single-subject prediction of diagnostic status. Rashid and 

colleagues (Rashid et al., 2016) developed a machine learning-based framework for the 

classification of schizophrenia, bipolar disorder and healthy subjects. Group ICA was applied 

to partition resting-state data from all subjects into different components. Static network 

connectivity was estimated as correlation among time courses associated with different ICA 

components and dynamic connectivity was estimated via correlation among windowed time 

courses. Features derived from static and dynamic connectivity were then used to build three-

way (healthy, schizophrenic or bipolar), SVM-based classifiers under a ten-fold cross-

validation approach. It was observed that dynamic connectivity measures provided 

significantly greater classification accuracies (84.28%), compared to static measures (59%). In 

addition, combining static and dynamic measures did not bring about any significant 

improvement in classification accuracies, suggesting that static FC measures provide no extra 

information beyond dynamic FC in diagnosis. Consistent with these findings, another study 

(Cetin et al., 2016), found that dynamic FC outperforms classic FC measures in schizophrenia 

versus healthy subjects classification. Notably, similar results have been reported in other 

disease groups as well; for example, dynamic connectivity was found to be a better predictor 
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of PTSD than static connectivity (Jin et al., 2017); also sliding-window based dFC measures 

were found to provide greater classification accuracy in mild cognitive impairment versus 

healthy subjects classification (Chen et al., 2017).  

As discussed above, multiple studies have reported that dFC offer better diagnostic accuracy 

over static FC (Cetin et al., 2016; Du et al., 2018; Rashid et al., 2016). While there have been 

attempts to predict diagnostic status from dFC measures, till date, no study has tested the 

predictive prognostic power of these measures. Given the preliminary evidence that dFC offers 

a better characterization of FC compared to static measures (Damaraju et al., 2014; Rashid et 

al., 2014) and that dynamic measures offer improved classification accuracy (Cetin et al., 2016; 

Rashid et al., 2016), it will be interesting to evaluate if they provide improved power in 

predicting the prognosis of schizophrenia.   

1.11 Criticisms to dynamic connectivity 

The dFC approach has been criticized due to several concerns in methodology, interpretation 

and characterization. The BOLD signal is an indirect measurement of neuronal activity and 

there are multiple sources of noise that get added to the data, such as those due to magnetic 

field inhomogeneity and other scanner and measurement-related artefacts. In addition, 

intrascan head motion adds instantaneous noise, which cannot completely be removed by 

preprocessing steps (Power et al., 2012; Pruim et al., 2015). The impact of noise becomes more 

pronounced in time-resolved approaches because of the fewer independent time points used in 

connectivity estimation. Notably, the variability in sampling data and the resultant sampling 

error have been shown to explain almost the entire variability (>98%) in day-to-day 

connectivity changes (Laumann et al., 2015). Further, the neuronal origin of dFC is not 

completely understood; hence the mechanism and functional relevance of dFC remain largely 

unclear. Yet another concern is the effects of sleep on dynamic connectivity. Analysing a large,  
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publicly available data set, it has been reported that about one-third of subjects fall asleep 

within the first 3 minutes of resting-state scan (Tagliazucchi & Laufs, 2014). Hence, changes 

in connectivity might be due to sleep, rather than connections being variable at rest. In fact, it 

has been reported that observed resting-state connectivity dynamics are due to the combined 

impact of different influencing factors such as sampling error, head motion and sleep 

fluctuations, rather than time-varying nature of connectivity among brain regions (Laumann et 

al., 2016). In this context, another study has concluded that stationary models like first order 

AR processes can explain the connectivity variations observed from resting-state BOLD data. 

Thus, these studies put forward the argument that connectivity changes observed during rest 

are resultant of different sources superimposed on a static connectivity profile. 

Yet another challenge for dFC studies is the choice of different model parameter values. 

Sliding-window methods have widely been used so far; however, parameters such as window 

length, shape and overlap between successive windows have been set inconsistently (see 

Section 1.6.1). Simulations and empirical analysis have concluded that very short window 

lengths can introduce spurious correlations while too long windows can end up in averaging 

out the dynamic fluctuations (Leonardi & Van De Ville, 2015). A general rule suggested was 

to set the window length greater than the maximum wavelength present in the data, to avoid 

spurious correlations (Leonardi & Van De Ville, 2015; Zalesky & Breakspear, 2015). 

However, certain studies argue that it is impossible to assess dynamics of connectivity with 

current sliding window approaches (Hindriks et al., 2016) with fixed window lengths (Shakil 

et al., 2018; Shakil, Lee, & Keilholz, 2016). Attempts have been made to address these issues 

- an adaptive window length was proposed (Zhang et al., 2013); an averaging method over 

window lengths have been proposed to avoid the spurious correlations due to small window 

lengths (Vergara, Abrol, & Calhoun, 2019); further the variability due to different choices can 

be eliminated by benchmarking the results against a wide variety of choices (Thompson et al., 
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2018). While the focus has mostly been on sliding-window methods, other models also face 

similar problems due to the absence of having ground truth for proper validation.  

However, the limitations reported above do not completely invalidate the applications of 

sliding-window methods, especially in characterizing between-group differences in dFC. 

Compared to studies focussing on finding neural basis of dFC, those performing between-

group comparisons (often healthy versus diseased) suffer only minimally from such choices. 

This is due to adoption of same methodology in estimating dFC for both groups; these disease 

applications were regarded as more promising in a recent review (Hutchison et al., 2013a). The 

same argument rules out the fact that differences observed can trivially be attributed to scanner-

related noise or sampling error.  

1.12 Overview of contributions 

The main contributions of this thesis are discussed in Chapters 3, 4 and 5. The motivations for 

this research and specific aims are listed in Sections 2.1 and 2.2 respectively. Each of the 

contribution chapters have been written independently and already published or submitted for 

publication (see Preface). Hence each chapter includes an introduction where the necessary 

background of the study is discussed, details the methodology and data set analysed, reports 

all results and provides a discussion of the findings in the context of prior related works. 

Chapter 2 discusses the aims and general methodology from a broader perspective applicable 

to all contribution chapters, while Chapter 6 provides an overall discussion of results and key 

findings from each contribution chapter. Further, conclusions and future directions are 

discussed in Chapter 7.  

With recent developments in resting-state connectivity studies, there is a great amount of 

interest in studying the temporal variations of connectivity measures. There is ongoing research 

in developing new methodologies and in addressing the limitations of the existing methods. In 
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this context, this thesis focusses on one of the limitations in previous characterization of dFC; 

specifically, a method to simultaneously assess both temporal and spatial variations in 

connectivity is introduced in Chapter 3. Previous studies have largely failed to observe possible 

spatial variabilities at rest, largely due to the assumptions made during the definition of FC. 

The proposed methodology is further compared to other methods against their utility in 

predicting the diagnosis of schizophrenia.  

The dynamic interactions among different RSNs are characterised in Chapter 4. The prior 

notion of antagonistic relationship between task-positive and task-negative networks are 

reassessed from a dynamic connectivity perspective applied to resting-state, further, comparing 

this relationship between brain networks in healthy subjects and individuals with 

schizophrenia. Finally, the prognostic utility of dynamic connectivity measures is examined in 

Chapter 5. Previously, static connectivity measures have been reported to be predictive of 

short-term treatment response (Cao et al., 2018). Here, it is tested whether dynamics can add 

any extra value compared to static measures in predicting outcomes. That is, we focus on 

predicting outcomes after a year, based on measures at baseline. Additionally, the prediction 

accuracies across clinical, behavioural as well as different structural and functional imaging-

based measures are compared.  

1.13 Thesis outline  

A summary of the organisation of the thesis follows. 

• Chapter 2 describes the aims and some of the methodological aspects common to all 

other chapters, while detailed methodology is presented in each contribution chapter 

separately. A discussion on the background of each contribution chapter is provided 

with specific aims and hypotheses. Further, some of the methodological details such as 

the machine learning prediction adopted in contribution chapters are briefed.  
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• Chapter 3 introduces a dFC model that characterises both temporal and spatial 

variability in connectivity. The proposed model is compared against existing static and 

dynamic connectivity methods in terms of their utility in classifying subjects into 

healthy versus schizophrenic under a supervised classification framework. Single-

subject diagnosis prediction accuracies under different classification scenarios are 

computed and the effect of varying model parameters on accuracies are estimated.  

•  Chapter 4 employs an HMM-based approach to characterise dynamic interactions 

among different RSNs in resting-state. The patterns of interactions are quantified via a 

set of summary measures and compared between schizophrenia patients and healthy 

subjects. In addition, the association of observed interaction patterns to clinical 

symptoms are calculated and finally, the predictive diagnostic power of the computed 

summary measures is evaluated.  

• Chapter 5 examines the ability of dFC measures to predict outcomes in schizophrenia 

patients. Specifically, the dynamic connectivity measures from the DMN are compared 

against other measures such as gray matter volume, cortical thickness and clinical 

measures in their utility in classifying subjects into either worsening or improving after 

a year. Outcomes based on positive, negative and BPRS total symptoms are defined 

and predictability in each of these cases has been tested. In addition, the differences in 

connectivity patterns between the improving and worsening group are reported. 

• Chapter 6 provides a general discussion of the findings. Individual findings from each 

contribution chapter are linked together and compared. Important contributions are 

highlighted, and major limitations are noted. 

•  Chapter 7 concludes the thesis, reviewing the major contribution and discussing 

opportunities for future work.  

Chapter 1

47



1.14 References 

Abraham, A., Beudt, S., Ott, D. V. M., & Yves von Cramon, D. (2012). Creative cognition and 
the brain: Dissociations between frontal, parietal–temporal and basal ganglia groups. 
Brain Research, 1482, 55–70.  

Abrol, A., Rashid, B., Rachakonda, S., Damaraju, E., & Calhoun, V. D. (2017). Schizophrenia 
Shows Disrupted Links between Brain Volume and Dynamic Functional Connectivity. 
Frontiers in Neuroscience, 11, 624.  

Allen, E. A., Damaraju, E., Eichele, T., Wu, L., & Calhoun, V. D. (2018). EEG Signatures of 
Dynamic Functional Network Connectivity States. Brain Topography, 31(1), 101–116. 

Allen, Elena A., Erhardt, E. B., & Calhoun, V. D. (2012). Data Visualization in the 
Neurosciences: Overcoming the Curse of Dimensionality. Neuron, 74(4), 603–608. 

Allen, Elena A., Damaraju, E., Plis, S. M., Erhardt, E. B., Eichele, T., & Calhoun, V. D. (2014). 
Tracking Whole-Brain Connectivity Dynamics in the Resting State. Cerebral Cortex, 
24(3), 663–676. 

Allen, Elena A, Damaraju, E., Plis, S. M., Erhardt, E. B., Eichele, T., & Calhoun, V. D. (2014). 
Tracking whole-brain connectivity dynamics in the resting state. Cerebral Cortex, 24(3), 
663–676.  

Alonso-Solís, A., Corripio, I., de Castro-Manglano, P., Duran-Sindreu, S., Garcia-Garcia, M., 
Proal, E., … Castellanos, F. X. (2012). Altered default network resting state functional 
connectivity in patients with a first episode of psychosis. Schizophrenia Research, 139(1–
3), 13–18. 

American Psychiatric Association. (2013). Diagnostic And Statistical Manual of Mental 
Disorders : DSM-5. American Psychiatric Pub, 2013. 

Anderson, A., & Cohen, M. S. (2013). Decreased small-world functional network connectivity 
and clustering across resting state networks in schizophrenia: an fMRI classification 
tutorial. Frontiers in Human Neuroscience, 7, 520.  

Andrews-Hanna, J. R. (2012). The brain’s default network and its adaptive role in internal 
mentation. The Neuroscientist : A Review Journal Bringing Neurobiology, Neurology and 
Psychiatry, 18(3), 251–270. 

Andrews-Hanna, J. R., Reidler, J. S., Sepulcre, J., Poulin, R., & Buckner, R. L. (2010). 
Functional-Anatomic Fractionation of the Brain’s Default Network. Neuron, 65(4), 550–
562.  

Andrews-Hanna, J. R., Smallwood, J., & Spreng, R. N. (2014). The default network and self-
generated thought: component processes, dynamic control, and clinical relevance. Annals 

Chapter 1

48



of the New York Academy of Sciences, 1316(1), 29–52.  

Anticevic, A., Gancsos, M., Murray, J. D., Repovs, G., Driesen, N. R., Ennis, D. J., … Corlett, 
P. R. (2012). NMDA receptor function in large-scale anticorrelated neural systems with 
implications for cognition and schizophrenia. Proceedings of the National Academy of 
Sciences, 109(41), 16720–16725. 

Anticevic, A., Hu, X., Xiao, Y., Hu, J., Li, F., Bi, F., … Gong, Q. (2015). Early-Course 
Unmedicated Schizophrenia Patients Exhibit Elevated Prefrontal Connectivity Associated 
with Longitudinal Change. Journal of Neuroscience, 35(1), 267–286. 

Anticevic, Alan, Cole, M. W., Murray, J. D., Corlett, P. R., Wang, X.-J., & Krystal, J. H. 
(2012). The role of default network deactivation in cognition and disease. Trends in 
Cognitive Sciences, 16(12), 584–592. 

Anticevic, Alan, Repovs, G., & Barch, D. M. (2013). Working Memory Encoding and 
Maintenance Deficits in Schizophrenia: Neural Evidence for Activation and Deactivation 
Abnormalities. Schizophrenia Bulletin, 39(1), 168–178. 

Arbabshirani, M. R., Kiehl, K. A., Pearlson, G. D., & Calhoun, V. D. (2013). Classification of 
schizophrenia patients based on resting-state functional network connectivity. Frontiers 
in Neuroscience, 7, 133. 

Argyelan, M., Gallego, J. A., Robinson, D. G., Ikuta, T., Sarpal, D., John, M., … Szeszko, P. 
R. (2015). Abnormal Resting State fMRI Activity Predicts Processing Speed Deficits in 
First-Episode Psychosis. Neuropsychopharmacology, 40(7), 1631–1639.  

Arribas, J. I., Calhoun, V. D., & Adali, T. (2010). Automatic Bayesian Classification of 
Healthy Controls, Bipolar Disorder, and Schizophrenia Using Intrinsic Connectivity Maps 
From fMRI Data. IEEE Transactions on Biomedical Engineering, 57(12), 2850–2860. 

Baker, A. P., Brookes, M. J., Rezek, I. A., Smith, S. M., Behrens, T., Probert Smith, P. J., & 
Woolrich, M. (2014). Fast transient networks in spontaneous human brain activity. ELife, 
3. 

Barry, S. J., Gaughan, T. M., & Hunter, R. (2012). Schizophrenia. BMJ Clinical Evidence, 
2012. 

Barttfeld, P., Uhrig, L., Sitt, J. D., Sigman, M., Jarraya, B., & Dehaene, S. (2015). Signature 
of consciousness in the dynamics of resting-state brain activity. Proceedings of the 
National Academy of Sciences, 112(3), 887–892. 

Bassett, Danielle S., & Bullmore, E. T. (2017). Small-World Brain Networks Revisited. The 
Neuroscientist, 23(5), 499–516. 

Bassett, Danielle S., Nelson, B. G., Mueller, B. A., Camchong, J., & Lim, K. O. (2012). Altered 
resting state complexity in schizophrenia. NeuroImage, 59(3), 2196–2207. 

Chapter 1

49



Bassett, Danielle Smith, & Bullmore, E. (2006). Small-World Brain Networks. The 
Neuroscientist, 12(6), 512–523. 

Bastos-Leite, A. J., Ridgway, G. R., Silveira, C., Norton, A., Reis, S., & Friston, K. J. (2015). 
Dysconnectivity within the default mode in first-episode schizophrenia: a stochastic 
dynamic causal modeling study with functional magnetic resonance imaging. 
Schizophrenia Bulletin, 41(1), 144–153. 

Baumeister, A. A., & Francis, J. L. (2002). Historical Development of the Dopamine 
Hypothesis of Schizophrenia. Journal of the History of the Neurosciences, 11(3), 265–
277. 

Becerra, L., Pendse, G., Chang, P.-C., Bishop, J., & Borsook, D. (2011). Robust Reproducible 
Resting State Networks in the Awake Rodent Brain. PLoS ONE, 6(10), e25701. 

Beckmann, C. F., DeLuca, M., Devlin, J. T., & Smith, S. M. (2005). Investigations into resting-
state connectivity using independent component analysis. Philosophical Transactions of 
the Royal Society B: Biological Sciences, 360(1457), 1001–1013. 

Belcher, A. M., Yen, C. C., Stepp, H., Gu, H., Lu, H., Yang, Y., … Stein, E. A. (2013). Large-
scale brain networks in the awake, truly resting marmoset monkey. The Journal of 
Neuroscience : The Official Journal of the Society for Neuroscience, 33(42), 16796–
16804. 

Betzel, R. F., Fukushima, M., He, Y., Zuo, X.-N., & Sporns, O. (2016). Dynamic fluctuations 
coincide with periods of high and low modularity in resting-state functional brain 
networks. NeuroImage, 127, 287–297. 

Biswal, B., Zerrin Yetkin, F., Haughton, V. M., & Hyde, J. S. (1995). Functional connectivity 
in the motor cortex of resting human brain using echo-planar mri. Magnetic Resonance in 
Medicine, 34(4), 537–541. 

Blanco, S., Garcia, H., Quiroga, R. Q., Romanelli, L., & Rosso, O. A. (1995). Stationarity of 
the EEG series. IEEE Engineering in Medicine and Biology Magazine, 14(4), 395–399. 

Bleuler, M., & Bleuler, R. (1986). Dementia praecox oder die Gruppe der Schizophrenien: 
Eugen Bleuler. The British Journal of Psychiatry : The Journal of Mental Science, 149, 
661–662. 

Bluhm, R. L., Miller, J., Lanius, R. A., Osuch, E. A., Boksman, K., Neufeld, R. W. J., … 
Williamson, P. (2007). Spontaneous low-frequency fluctuations in the BOLD signal in 
schizophrenic patients: anomalies in the default network. Schizophrenia Bulletin, 33(4), 
1004–1012. 

Bob, P. (2012). Consciousness, schizophrenia and complexity. Cognitive Systems Research, 
13(1), 87–94. 

Chapter 1

50



Bob, P., & Mashour, G. A. (2011). Schizophrenia, dissociation, and consciousness. 
Consciousness and Cognition, 20(4), 1042–1049. 

Bonavita, S., Gallo, A., Sacco, R., Corte, M. Della, Bisecco, A., Docimo, R., … Tedeschi, G. 
(2011). Distributed changes in default-mode resting-state connectivity in multiple 
sclerosis. Multiple Sclerosis Journal, 17(4), 411–422. 

Boydell, J., van Os, J., McKenzie, K., & Murray, R. M. (2004). The association of inequality 
with the incidence of schizophrenia. Social Psychiatry and Psychiatric Epidemiology, 
39(8), 597–599. 

Braun, U., Schäfer, A., Walter, H., Erk, S., Romanczuk-Seiferth, N., Haddad, L., … Bassett, 
D. S. (2015). Dynamic reconfiguration of frontal brain networks during executive 
cognition in humans. Proceedings of the National Academy of Sciences, 112(37), 11678–
11683. 

Bressler, S. L., & Kelso, J. A. S. (2001). Cortical coordination dynamics and cognition. Trends 
in Cognitive Sciences, 5(1), 26–36. 

Brown, G. G., & Thompson, W. K. (2010). Functional brain imaging in schizophrenia: selected 
results and methods. In Behavioral neurobiology of schizophrenia and its treatment (pp. 
181-214). Springer, Berlin, Heidelberg. 

Broyd, S. J., Demanuele, C., Debener, S., Helps, S. K., James, C. J., & Sonuga-Barke, E. J. S. 
(2009). Default-mode brain dysfunction in mental disorders: A systematic review. 
Neuroscience & Biobehavioral Reviews, 33(3), 279–296. 

Buckner, R. L., Andrews-Hanna, J. R., & Schacter, D. L. (2008). The Brain’s Default Network. 
Annals of the New York Academy of Sciences, 1124(1), 1–38. 

Bullmore, E., & Sporns, O. (2009). Complex brain networks: graph theoretical analysis of 
structural and functional systems. Nature Reviews Neuroscience, 10(3), 186–198. 

Cadena, E. J., White, D. M., Kraguljac, N. V., Reid, M. A., Jindal, R., Pixley, R. M., & Lahti, 
A. C. (2018). Cognitive control network dysconnectivity and response to antipsychotic 
treatment in schizophrenia. Schizophrenia Research, 204, 262-270. 

Cadena, E. J., White, D. M., Kraguljac, N. V., Reid, M. A., & Lahti, A. C. (2018). Evaluation 
of fronto-striatal networks during cognitive control in unmedicated patients with 
schizophrenia and the effect of antipsychotic medication. Npj Schizophrenia, 4(1), 8. 

Calhoun, V. D., Eichele, T., & Pearlson, G. (2009). Functional brain networks in 
schizophrenia: a review. Frontiers in Human Neuroscience, 3, 17. 

Calhoun, V. D., Kiehl, K. A., & Pearlson, G. D. (2008). Modulation of temporally coherent 
brain networks estimated using ICA at rest and during cognitive tasks. Human Brain 
Mapping, 29(7), 828–838. 

Chapter 1

51



Calhoun, V. D., Maciejewski, P. K., Pearlson, G. D., & Kiehl, K. A. (2008). Temporal lobe 
and “default” hemodynamic brain modes discriminate between schizophrenia and bipolar 
disorder. Human Brain Mapping, 29(11), 1265–1275. 

Calhoun, V., Yaesoubi, M., Rashid, B., Miller, R., Calhoun, V., Yaesoubi, M., & Rashid, B. 
(2013). Characterization of connectivity dynamics in intrinsic brain networks. 2013 IEEE 
Global Conference on Signal and Information Processing, 831–834. 

Camchong, J., MacDonald, A. W., Bell, C., Mueller, B. A., Lim, K. O., & Lim, K. O. (2011). 
Altered functional and anatomical connectivity in schizophrenia. Schizophrenia Bulletin, 
37(3), 640–650. 

Cannon, M., Jones, P. B., & Murray, R. M. (2002). Obstetric Complications and Schizophrenia: 
Historical and Meta-Analytic Review. American Journal of Psychiatry, 159(7), 1080–
1092. 

Cao, B., Cho, R. Y., Chen, D., Xiu, M., Wang, L., Soares, J. C., & Zhang, X. Y. (2018). 
Treatment response prediction and individualized identification of first-episode drug-
naïve schizophrenia using brain functional connectivity. Molecular Psychiatry, 1. 

Carhart-Harris, R. L., Erritzoe, D., Williams, T., Stone, J. M., Reed, L. J., Colasanti, A., … 
Performed, R. G. W. (2012). Neural correlates of the psychedelic state as determined by 
fMRI studies with psilocybin. 109(6), 2138–2143. 

Castro, E., Martínez-Ramón, M., Pearlson, G., Sui, J., & Calhoun, V. D. (2011). 
Characterization of groups using composite kernels and multi-source fMRI analysis data: 
Application to schizophrenia. NeuroImage, 58(2), 526–536. 

Cetin, M. S., Houck, J. M., Rashid, B., Agacoglu, O., Stephen, J. M., Sui, J., … Calhoun, V. 
D. (2016). Multimodal Classification of Schizophrenia Patients with MEG and fMRI Data 
Using Static and Dynamic Connectivity Measures. Frontiers in Neuroscience, 10, 466. 

Chadwick, B., Miller, M. L., & Hurd, Y. L. (2013). Cannabis Use during Adolescent 
Development: Susceptibility to Psychiatric Illness. Frontiers in Psychiatry, 4, 129. 

Chang, C., & Glover, G. H. (2009). Effects of model-based physiological noise correction on 
default mode network anti-correlations and correlations. NeuroImage, 47(4), 1448–1459. 

Chang, C., & Glover, G. H. (2010). Time–frequency dynamics of resting-state brain 
connectivity measured with fMRI. NeuroImage, 50(1), 81–98. 

Chang, C., Liu, Z., Chen, M. C., Liu, X., & Duyn, J. H. (2013). EEG correlates of time-varying 
BOLD functional connectivity. NeuroImage, 72, 227–236. 

Chen, T., Cai, W., Ryali, S., Supekar, K., Menon, V., Bressler, S., … Tomihisa, K. S. (2016). 
Distinct Global Brain Dynamics and Spatiotemporal Organization of the Salience 
Network. PLOS Biology, 14(6), e1002469. 

Chapter 1

52



Chen, X., Zhang, H., Gao, Y., Wee, C.-Y., Li, G., & Shen, D. (2016). High-order resting-state 
functional connectivity network for MCI classification. Human Brain Mapping, 37(9), 
3282–3296. 

Chen, X., Zhang, H., Zhang, L., Shen, C., Lee, S.-W., & Shen, D. (2017). Extraction of 
dynamic functional connectivity from brain grey matter and white matter for MCI 
classification. Human Brain Mapping, 38(10), 5019–5034. 

Chen, Y., Wang, W., Zhao, X., Sha, M., Liu, Y., Zhang, X., … Ming, D. (2017). Age-Related 
Decline in the Variation of Dynamic Functional Connectivity: A Resting State Analysis. 
Frontiers in Aging Neuroscience, 9, 203. 

Christoff, K., Irving, Z. C., Fox, K. C. R., Spreng, R. N., & Andrews-Hanna, J. R. (2016). 
Mind-wandering as spontaneous thought: a dynamic framework. Nature Reviews 
Neuroscience, 17(11), 718–731. 

Colclough, G. L., Smith, S. M., Nichols, T. E., Winkler, A. M., Sotiropoulos, S. N., Glasser, 
M. F., … Woolrich, M. W. (2017). The heritability of multi-modal connectivity in human 
brain activity. ELife, 6. 

Cole, M. W., Bassett, D. S., Power, J. D., Braver, T. S., & Petersen, S. E. (2014). Intrinsic and 
task-evoked network architectures of the human brain. Neuron, 83(1), 238–251. 

Cordes, D., Haughton, V. M., Arfanakis, K., Carew, J. D., Turski, P. A., Moritz, C. H., … 
Meyerand, M. E. (2001). Frequencies contributing to functional connectivity in the 
cerebral cortex in &quot;resting-state&quot; data. AJNR. American Journal of 
Neuroradiology, 22(7), 1326–1333. 

Córdova-Palomera, A., Tornador, C., Falcón, C., Bargalló, N., Brambilla, P., Crespo-Facorro, 
B., … Fañanás, L. (2016). Environmental factors linked to depression vulnerability are 
associated with altered cerebellar resting-state synchronization. Scientific Reports, 6, 
37384. 

Cosgrove, V. E., & Suppes, T. (2013). Informing DSM-5: biological boundaries between 
bipolar I disorder, schizoaffective disorder, and schizophrenia. BMC Medicine, 11(1), 
127. 

Cribben, I., Haraldsdottir, R., Atlas, L. Y., Wager, T. D., & Lindquist, M. A. (2012). Dynamic 
connectivity regression: Determining state-related changes in brain connectivity. 
NeuroImage, 61(4), 907–920. 

Cribben, I., Wager, T. D., & Lindquist, M. A. (2013). Detecting functional connectivity change 
points for single-subject fMRI data. Frontiers in Computational Neuroscience, 7, 143. 

Cui, L.-B., Liu, J., Wang, L.-X., Li, C., Xi, Y.-B., Guo, F., … Lu, H. (2015). Anterior cingulate 
cortex-related connectivity in first-episode schizophrenia: a spectral dynamic causal 

Chapter 1

53



modeling study with functional magnetic resonance imaging. Frontiers in Human 
Neuroscience, 9, 589. 

Damaraju, E., Allen, E. A., Belger, A., Ford, J. M., McEwen, S., Mathalon, D. H., … Calhoun, 
V. D. (2014). Dynamic functional connectivity analysis reveals transient states of 
dysconnectivity in schizophrenia. NeuroImage: Clinical, 5, 298–308. 

Damoiseaux, J. S., Rombouts, S. A. R. B., Barkhof, F., Scheltens, P., Stam, C. J., Smith, S. M., 
& Beckmann, C. F. (2006). Consistent resting-state networks across healthy subjects. 
Proceedings of the National Academy of Sciences, 103(37), 13848–13853. 

Dang, L. C., O’Neil, J. P., & Jagust, W. J. (2012). Dopamine supports coupling of attention-
related networks. The Journal of Neuroscience : The Official Journal of the Society for 
Neuroscience, 32(28), 9582–9587. 

Davidson, L. L., & Heinrichs, R. W. (2003). Quantification of frontal and temporal lobe brain-
imaging findings in schizophrenia: a meta-analysis. Psychiatry Research, 122(2), 69–87.  

De Luca, M., Beckmann, C. F., De Stefano, N., Matthews, P. M., & Smith, S. M. (2006). fMRI 
resting state networks define distinct modes of long-distance interactions in the human 
brain. NeuroImage, 29(4), 1359–1367. 

Dehaene, S., Kerszberg, M., & Changeux, J. P. (1998). A neuronal model of a global workspace 
in effortful cognitive tasks. Proceedings of the National Academy of Sciences of the 
United States of America, 95(24), 14529–14534. 

Demertzi, A., Tagliazucchi, E., Dehaene, S., Deco, G., Barttfeld, P., Raimondo, F., … Sitt, J. 
D. (2019). Human consciousness is supported by dynamic complex patterns of brain 
signal coordination. Science Advances, 5(2), eaat7603.  

Demiral, Ş. B., Golosheykin, S., & Anokhin, A. P. (2017). Genetic influences on functional 
connectivity associated with feedback processing and prediction error: Phase coupling of 
theta-band oscillations in twins. International Journal of Psychophysiology, 115, 133–
141. 

Demirci, O., Clark, V. P., & Calhoun, V. D. (2008). A projection pursuit algorithm to classify 
individuals using fMRI data: Application to schizophrenia. NeuroImage, 39(4), 1774–
1782. 

Demirtaş, M., Tornador, C., Falcón, C., López-Solà, M., Hernández-Ribas, R., Pujol, J., … 
Deco, G. (2016). Dynamic functional connectivity reveals altered variability in functional 
connectivity among patients with major depressive disorder. Human Brain Mapping, 
37(8), 2918–2930. 

Díaz-Caneja, C. M., Pina-Camacho, L., Rodríguez-Quiroga, A., Fraguas, D., Parellada, M., & 
Arango, C. (2015). Predictors of outcome in early-onset psychosis: a systematic review. 

Chapter 1

54



Npj Schizophrenia, 1(1), 14005. 

Dimitriadis, S. I., Laskaris, N. A., Tsirka, V., Vourkas, M., & Micheloyannis, S. (2012). An 
EEG study of brain connectivity dynamics at the resting state. Nonlinear Dynamics, 
Psychology, and Life Sciences, 16(1), 5–22. 

Dong, D., Duan, M., Wang, Y., Zhang, X., Jia, X., Li, Y., … Luo, C. (2018). Reconfiguration 
of Dynamic Functional Connectivity in Sensory and Perceptual System in Schizophrenia. 
Cerebral Cortex.  

Du, W., Calhoun, V. D., Li, H., Ma, S., Eichele, T., Kiehl, K. A., … Adali, T. (2012). High 
Classification Accuracy for Schizophrenia with Rest and Task fMRI Data. Frontiers in 
Human Neuroscience, 6, 145. 

Du, Y., Fryer, S. L., Fu, Z., Lin, D., Sui, J., Chen, J., … Calhoun, V. D. (2018). Dynamic 
functional connectivity impairments in early schizophrenia and clinical high-risk for 
psychosis. NeuroImage, 180, 632–645. 

Du, Y., Fu, Z., & Calhoun, V. D. (2018). Classification and Prediction of Brain Disorders 
Using Functional Connectivity: Promising but Challenging. Frontiers in Neuroscience, 
12, 525. 

Du, Y., He, H., Wu, L., Yu, Q., Sui, J., & Calhoun, V. D. (2015). Dynamic default mode 
network connectivity diminished in patients with schizophrenia. 2015 IEEE 12th 
International Symposium on Biomedical Imaging (ISBI), 474–477. 

Du, Y., Pearlson, G. D., Liu, J., Sui, J., Yu, Q., He, H., … Calhoun, V. D. (2015). A group ICA 
based framework for evaluating resting fMRI markers when disease categories are 
unclear: application to schizophrenia, bipolar, and schizoaffective disorders. NeuroImage, 
122, 272–280. 

Du, Y., Pearlson, G. D., Yu, Q., He, H., Lin, D., Sui, J., … Calhoun, V. D. (2016). Interaction 
among subsystems within default mode network diminished in schizophrenia patients: A 
dynamic connectivity approach. Schizophrenia Research, 170(1), 55–65. 

Ebisch, S. J. H., Mantini, D., Northoff, G., Salone, A., De Berardis, D., Ferri, F., … Gallese, 
V. (2014). Altered brain long-range functional interactions underlying the link between 
aberrant self-experience and self-other relationship in first-episode schizophrenia. 
Schizophrenia Bulletin, 40(5), 1072–1082. 

Ellison-Wright, I., Glahn, D. C., Laird, A. R., Thelen, S. M., & Bullmore, E. (2008). The 
anatomy of first-episode and chronic schizophrenia: an anatomical likelihood estimation 
meta-analysis. The American Journal of Psychiatry, 165(8), 1015–1023. 

Fornito, A., Zalesky, A., Bassett, D. S., Meunier, D., Ellison-Wright, I., Yucel, M., … 
Bullmore, E. T. (2011). Genetic Influences on Cost-Efficient Organization of Human 

Chapter 1

55



Cortical Functional Networks. Journal of Neuroscience, 31(9), 3261–3270. 

Fornito, Alex, Harrison, B. J., Goodby, E., Dean, A., Ooi, C., Nathan, P. J., … Bullmore, E. T. 
(2013). Functional Dysconnectivity of Corticostriatal Circuitry as a Risk Phenotype for 
Psychosis. JAMA Psychiatry, 70(11), 1143. 

Fornito, Alex, Zalesky, A., & Breakspear, M. (2015). The connectomics of brain disorders. 
Nature Reviews Neuroscience, 16(3), 159–172. 

Fox, M. D., Corbetta, M., Snyder, A. Z., Vincent, J. L., & Raichle, M. E. (2006). Spontaneous 
neuronal activity distinguishes human dorsal and ventral attention systems. Proceedings 
of the National Academy of Sciences of the United States of America, 103(26), 10046–
10051.  

Fox, M. D., & Greicius, M. (2010). Clinical applications of resting state functional 
connectivity. Frontiers in Systems Neuroscience, 4, 19. 

Fox, M. D., & Raichle, M. E. (2007). Spontaneous fluctuations in brain activity observed with 
functional magnetic resonance imaging. Nature Reviews Neuroscience, 8(9), 700–711. 

Fox, M. D., Snyder, A. Z., Vincent, J. L., Corbetta, M., Van Essen, D. C., & Raichle, M. E. 
(2005). The human brain is intrinsically organized into dynamic, anticorrelated functional 
networks. Proceedings of the National Academy of Sciences of the United States of 
America, 102(27), 9673–9678. 

Fransson, P. (2005). Spontaneous low-frequency BOLD signal fluctuations: An fMRI 
investigation of the resting-state default mode of brain function hypothesis. Human Brain 
Mapping, 26(1), 15–29. 

Fransson, P. (2006). How default is the default mode of brain function?: Further evidence from 
intrinsic BOLD signal fluctuations. Neuropsychologia, 44(14), 2836–2845. 

French, C. C., & Beaumont, J. G. (1984). A critical review of EEG coherence studies of 
hemisphere function. International Journal of Psychophysiology, 1(3), 241–254. 

Friston, K. J. (1999). Schizophrenia and the disconnection hypothesis. Acta Psychiatrica 
Scandinavica, 99(s395), 68–79. 

Friston, K. J., Frith, C. D., Liddle, P. F., & Frackowiak, R. S. J. (1993). Functional 
Connectivity: The Principal-Component Analysis of Large (PET) Data Sets. Journal of 
Cerebral Blood Flow & Metabolism, 13(1), 5–14. 

Friston, K.J, Buechel, C., Fink, G. ., Morris, J., Rolls, E., & Dolan, R. . (1997). 
Psychophysiological and Modulatory Interactions in Neuroimaging. NeuroImage, 6(3), 
218–229. 

Friston, K J, & Frith, C. D. (1995). Schizophrenia: a disconnection syndrome? Clinical 
Neuroscience (New York, N.Y.), 3(2), 89–97. 

Chapter 1

56



Friston, Karl J. (1994). Functional and effective connectivity in neuroimaging: A synthesis. 
Human Brain Mapping, 2(1–2), 56–78. 

Friston, Karl J. (1998). The disconnection hypothesis. Schizophrenia Research, 30(2), 115–
125. 

Friston, Karl J. (2002). Dysfunctional connectivity in schizophrenia. World Psychiatry : 
Official Journal of the World Psychiatric Association (WPA), 1(2), 66–71. 

Fu, Y., Ma, Z., Hamilton, C., Liang, Z., Hou, X., Ma, X., … Zhang, N. (2015). Genetic 
influences on resting-state functional networks: A twin study. Human Brain Mapping, 
36(10), 3959–3972. 

Fu, Z., Tu, Y., Di, X., Du, Y., Pearlson, G. D., Turner, J. A., … Calhoun, V. D. (2017). 
Characterizing dynamic amplitude of low-frequency fluctuation and its relationship with 
dynamic functional connectivity: An application to schizophrenia. NeuroImage, 180, 619-
631. 

Fukunaga, M., Horovitz, S. G., van Gelderen, P., de Zwart, J. A., Jansma, J. M., Ikonomidou, 
V. N., … Duyn, J. H. (2006). Large-amplitude, spatially correlated fluctuations in BOLD 
fMRI signals during extended rest and early sleep stages. Magnetic Resonance Imaging, 
24(8), 979–992. 

Ganella, E. P., Bartholomeusz, C. F., Seguin, C., Whittle, S., Bousman, C., Phassouliotis, C., 
… Zalesky, A. (2017). Functional brain networks in treatment-resistant schizophrenia. 
Schizophrenia Research, 184, 73–81. 

Garrity, A. G., Pearlson, G. D., McKiernan, K., Lloyd, D., Kiehl, K. A., & Calhoun, V. D. 
(2007). Aberrant “Default Mode” Functional Connectivity in Schizophrenia. American 
Journal of Psychiatry, 164(3), 450–457. 

Ge, T., Holmes, A. J., Buckner, R. L., Smoller, J. W., & Sabuncu, M. R. (2017). Heritability 
analysis with repeat measurements and its application to resting-state functional 
connectivity. Proceedings of the National Academy of Sciences of the United States of 
America, 114(21), 5521–5526. 

Giersch, A., & Mishara, A. L. (2017). Is Schizophrenia a Disorder of Consciousness? 
Experimental and Phenomenological Support for Anomalous Unconscious Processing. 
Frontiers in Psychology, 8, 1659. 

Glahn, D. C., Winkler, A. M., Kochunov, P., Almasy, L., Duggirala, R., Carless, M. A., … 
Blangero, J. (2010). Genetic control over the resting brain. Proceedings of the National 
Academy of Sciences, 107(3), 1223–1228. 

Glerean, E., Salmi, J., Lahnakoski, J. M., Jääskeläinen, I. P., & Sams, M. (2012). Functional 
Magnetic Resonance Imaging Phase Synchronization as a Measure of Dynamic 

Chapter 1

57



Functional Connectivity. Brain connectivity, 2(2), 91-101. 

Gong, Q., Hu, X., Pettersson-Yeo, W., Xu, X., Lui, S., Crossley, N., … Mechelli, A. (2017). 
Network-Level Dysconnectivity in Drug-Naïve First-Episode Psychosis: Dissociating 
Transdiagnostic and Diagnosis-Specific Alterations. Neuropsychopharmacology : 
Official Publication of the American College of Neuropsychopharmacology, 42(4), 933–
940.  

Gottesman, I. I., Shields, J., & Hanson, D. R. (1982). Schizophrenia, the epigenetic puzzle. 
CUP Archive. 

Gregg, L., Barrowclough, C., & Haddock, G. (2007). Reasons for increased substance use in 
psychosis. Clinical Psychology Review, 27(4), 494–510. 

Greicius, M. (2008). Resting-state functional connectivity in neuropsychiatric disorders. 
Current Opinion in Neurology, 24(4), 424–430. 

Greicius, M. D., Srivastava, G., Reiss, A. L., & Menon, V. (2004). Default-mode network 
activity distinguishes Alzheimer’s disease from healthy aging: Evidence from functional 
MRI. Proceedings of the National Academy of Sciences, 101(13), 4637–4642. 

Greicius, Michael D., Krasnow, B., Reiss, A. L., & Menon, V. (2003). Functional connectivity 
in the resting brain: A network analysis of the default mode hypothesis. Proceedings of 
the National Academy of Sciences, 100(1), 253–258. 

Greicius, Michael D, Supekar, K., Menon, V., & Dougherty, R. F. (2009). Resting-state 
functional connectivity reflects structural connectivity in the default mode network. 
Cerebral Cortex, 19(1), 72–78.  

Guo, W., Liu, F., Chen, J., Wu, R., Li, L., Zhang, Z., & Zhao, J. (2017). Family-based case-
control study of homotopic connectivity in first-episode, drug-naive schizophrenia at rest. 
Scientific Reports, 7(1), 43312. 

Guo, W., Xiao, C., Liu, G., Wooderson, S. C., Zhang, Z., Zhang, J., … Liu, J. (2014). 
Decreased resting-state interhemispheric coordination in first-episode, drug-naive 
paranoid schizophrenia. Progress in Neuro-Psychopharmacology and Biological 
Psychiatry, 48, 14–19. 

Gur, R E, Skolnick, B. E., Gur, R. C., Caroff, S., Rieger, W., Obrist, W. D., … Reivich, M. 
(1983). Brain function in psychiatric disorders. I. Regional cerebral blood flow in 
medicated schizophrenics. Archives of General Psychiatry, 40(11), 1250–1254. 

Gur, Raquel E. (2011). Neuropsychiatric Aspects of Schizophrenia. CNS Neuroscience & 
Therapeutics, 17(1), 45–51. 

Gur, Raquel E, & Gur, R. C. (2010). Functional magnetic resonance imaging in schizophrenia. 
Dialogues in Clinical Neuroscience, 12(3), 333–343. 

Chapter 1

58



Haijma, S. V., Van Haren, N., Cahn, W., Koolschijn, P. C. M. P., Hulshoff Pol, H. E., & Kahn, 
R. S. (2013). Brain Volumes in Schizophrenia: A Meta-Analysis in Over 18 000 Subjects. 
Schizophrenia Bulletin, 39(5), 1129–1138. 

Hampson, M., Peterson, B. S., Skudlarski, P., Gatenby, J. C., & Gore, J. C. (2002). Detection 
of functional connectivity using temporal correlations in MR images. Human Brain 
Mapping, 15(4), 247–262. 

Handwerker, D. A., Roopchansingh, V., Gonzalez-Castillo, J., & Bandettini, P. A. (2012). 
Periodic changes in fMRI connectivity. NeuroImage, 63(3), 1712–1719. 

Harrow, M., & Jobe, T. H. (2013). Does Long-Term Treatment of Schizophrenia With 
Antipsychotic Medications Facilitate Recovery? Schizophrenia Bulletin, 39(5), 962–965. 

Hasenkamp, W., James, G. A., Boshoven, W., & Duncan, E. (2011). Altered engagement of 
attention and default networks during target detection in schizophrenia. Schizophrenia 
Research, 125(2–3), 169–173. 

He, Hao, Sui, J., Yu, Q., Turner, J. A., Ho, B.-C., Sponheim, S. R., … Calhoun, V. D. (2012). 
Altered Small-World Brain Networks in Schizophrenia Patients during Working Memory 
Performance. PLoS ONE, 7(6), e38195. 

He, Hui, Luo, C., Luo, Y., Duan, M., Yi, Q., Biswal, B. B., & Yao, D. (2019). Reduction in 
gray matter of cerebellum in schizophrenia and its influence on static and dynamic 
connectivity. Human Brain Mapping, 40(2), 517–528. 

Heeger, D. J., & Ress, D. (2002). WHAT DOES fMRI TELL US ABOUT NEURONAL 
ACTIVITY? Nature Reviews Neuroscience, 3(2), 142–151. 

Hindriks, R., Adhikari, M. H., Murayama, Y., Ganzetti, M., Mantini, D., Logothetis, N. K., & 
Deco, G. (2016). Can sliding-window correlations reveal dynamic functional connectivity 
in resting-state fMRI? NeuroImage, 127, 242–256. 

Hirschmann, J., Baillet, S., Woolrich, M., Schnitzler, A., Vidaurre, D., & Florin, E. (2018). 
Spontaneous network activity accounts for variability in stimulus-induced gamma 
responses. BioRxiv, 381236. 

Honey, C. J., Sporns, O., Cammoun, L., Gigandet, X., Thiran, J. P., Meuli, R., & Hagmann, P. 
(2009). Predicting human resting-state functional connectivity from structural 
connectivity. Proceedings of the National Academy of Sciences, 106(6), 2035–2040. 

Horovitz, S. G., Fukunaga, M., de Zwart, J. A., van Gelderen, P., Fulton, S. C., Balkin, T. J., 
& Duyn, J. H. (2008). Low frequency BOLD fluctuations during resting wakefulness and 
light sleep: A simultaneous EEG-fMRI study. Human Brain Mapping, 29(6), 671–682. 

Hu, M.-L., Zong, X.-F., Mann, J. J., Zheng, J.-J., Liao, Y.-H., Li, Z.-C., … Tang, J.-S. (2017). 
A Review of the Functional and Anatomical Default Mode Network in Schizophrenia. 

Chapter 1

59



Neuroscience Bulletin, 33(1), 73–84. 

Huang, H., & Ding, M. (2016). Linking Functional Connectivity and Structural Connectivity 
Quantitatively: A Comparison of Methods. Brain Connectivity, 6(2), 99–108. 

Hulshoff Pol, H. E., Schnack, H. G., Mandl, R. C. W., Cahn, W., Collins, D. L., Evans, A. C., 
& Kahn, R. S. (2004). Focal white matter density changes in schizophrenia: reduced inter-
hemispheric connectivity. NeuroImage, 21(1), 27–35. 

Hutchison, R. M., Womelsdorf, T., Allen, E. A., Bandettini, P. A., Calhoun, V. D., Corbetta, 
M., … Chang, C. (2013). Dynamic functional connectivity: Promise, issues, and 
interpretations. NeuroImage, 80, 360–378. 

Hutchison, R. M., Womelsdorf, T., Gati, J. S., Everling, S., & Menon, R. S. (2013). Resting-
state networks show dynamic functional connectivity in awake humans and anesthetized 
macaques. Human Brain Mapping, 34(9), 2154–2177. 

Jablensky, A. (2010). The diagnostic concept of schizophrenia: its history, evolution, and 
future prospects. Dialogues in Clinical Neuroscience, 12(3), 271–287. 

Jasper, H. H., Fitzpatrick, C. P., & Solomon, P. (1939). Analogies and opposites in 
schizophrenia and epilepsy: Electroencephalographic and clinical studies. American 
Journal of Psychiatry, 95(4), 835-851. 

Jin, C., Jia, H., Lanka, P., Rangaprakash, D., Li, L., Liu, T., … Deshpande, G. (2017). Dynamic 
brain connectivity is a better predictor of PTSD than static connectivity. Human Brain 
Mapping, 38(9), 4479-4496. 

Jones, D. T., Vemuri, P., Murphy, M. C., Gunter, J. L., Senjem, M. L., Machulda, M. M., … 
Seeley, W. (2012). Non-Stationarity in the “Resting Brain’s” Modular Architecture. PLoS 
ONE, 7(6), e39731. 

Kaiser, R. H., Whitfield-Gabrieli, S., Dillon, D. G., Goer, F., Beltzer, M., Minkel, J., … 
Pizzagalli, D. A. (2016). Dynamic Resting-State Functional Connectivity in Major 
Depression. Neuropsychopharmacology, 41(7), 1822–1830. 

Kambeitz-Ilankovic, L., Meisenzahl, E. M., Cabral, C., von Saldern, S., Kambeitz, J., Falkai, 
P., … Koutsouleris, N. (2016). Prediction of outcome in the psychosis prodrome using 
neuroanatomical pattern classification. Schizophrenia Research, 173(3), 159–165. 

Kambeitz, J., Kambeitz-Ilankovic, L., Cabral, C., Dwyer, D. B., Calhoun, V. D., van den 
Heuvel, M. P., … Malchow, B. (2016). Aberrant Functional Whole-Brain Network 
Architecture in Patients With Schizophrenia: A Meta-analysis. Schizophrenia Bulletin, 
42(suppl 1), S13–S21. 

Kang, J., Wang, L., Yan, C., Wang, J., Liang, X., & He, Y. (2011). Characterizing dynamic 
functional connectivity in the resting brain using variable parameter regression and 

Chapter 1

60



Kalman filtering approaches. NeuroImage, 56(3), 1222–1234. 

Kapur, S. (2003). Psychosis as a State of Aberrant Salience: A Framework Linking Biology, 
Phenomenology, and Pharmacology in Schizophrenia. American Journal of Psychiatry, 
160(1), 13–23. 

Karahanoğlu, F. I., Van De Ville, D., Fox, M. D., Raichle, M. E., Biswal, B., Yetkin, F. Z., … 
Gowland, P. A. (2015). Transient brain activity disentangles fMRI resting-state dynamics 
in terms of spatially and temporally overlapping networks. Nature Communications, 6, 
7751. 

Karbasforoushan, H., & Woodward, N. D. (2012). Resting-state networks in schizophrenia. 
Current Topics in Medicinal Chemistry, 12(21), 2404–2414. 

Kaufmann, T., Skåtun, K. C., Alnæs, D., Doan, N. T., Duff, E. P., Tønnesen, S., … Westlye, 
L. T. (2015). Disintegration of Sensorimotor Brain Networks in Schizophrenia. 
Schizophrenia Bulletin, 41(6), 1326–1335. 

Keilholz, S. D., Magnuson, M. E., Pan, W.-J., Willis, M., & Thompson, G. J. (2013). Dynamic 
properties of functional connectivity in the rodent. Brain Connectivity, 3(1), 31–40. 

Kelly, A. M. C., Uddin, L. Q., Biswal, B. B., Castellanos, F. X., & Milham, M. P. (2008). 
Competition between functional brain networks mediates behavioral variability. 
NeuroImage, 39(1), 527–537. 

Kendler, K. S., McGuire, M., Gruenberg, A. M., O’Hare, A., Spellman, M., & Walsh, D. 
(1993). The Roscommon Family Study. I. Methods, diagnosis of probands, and risk of 
schizophrenia in relatives. Archives of General Psychiatry, 50(7), 527–540. 

Kenet, T., Bibitchkov, D., Tsodyks, M., Grinvald, A., & Arieli, A. (2003). Spontaneously 
emerging cortical representations of visual attributes. Nature, 425(6961), 954–956. 

Kim, D. Il, Manoach, D. S., Mathalon, D. H., Turner, J. A., Mannell, M., Brown, G. G., … 
Calhoun, V. D. (2009). Dysregulation of working memory and default-mode networks in 
schizophrenia using independent component analysis, an fBIRN and MCIC study. Human 
Brain Mapping, 30(11), 3795–3811. 

Kim, J., Calhoun, V. D., Shim, E., & Lee, J.-H. (2016). Deep neural network with weight 
sparsity control and pre-training extracts hierarchical features and enhances classification 
performance: Evidence from whole-brain resting-state functional connectivity patterns of 
schizophrenia. NeuroImage, 124(Pt A), 127–146. 

Kochunov, P., & Hong, L. E. (2014). Neurodevelopmental and Neurodegenerative Models of 
Schizophrenia: White Matter at the Center Stage. Schizophrenia Bulletin, 40(4), 721–728. 

Kochunov, Peter, Coyle, T. R., Rowland, L. M., Jahanshad, N., Thompson, P. M., Kelly, S., 
… Hong, L. E. (2017). Association of White Matter With Core Cognitive Deficits in 

Chapter 1

61



Patients With Schizophrenia. JAMA Psychiatry, 74(9), 958. 

Koutsouleris, N., Kahn, R. S., Chekroud, A. M., Leucht, S., Falkai, P., Wobrock, T., … Hasan, 
A. (2016). Multisite prediction of 4-week and 52-week treatment outcomes in patients 
with first-episode psychosis: a machine learning approach. The Lancet Psychiatry, 3(10), 
935–946. 

Koutsouleris, N., Kambeitz-Ilankovic, L., Ruhrmann, S., Rosen, M., Ruef, A., Dwyer, D. B., 
… Borgwardt, S. (2018). Prediction Models of Functional Outcomes for Individuals in 
the Clinical High-Risk State for Psychosis or With Recent-Onset Depression. JAMA 
Psychiatry, 75(11), 1156. 

Koutsouleris, N., Riecher-Rössler, A., Meisenzahl, E. M., Smieskova, R., Studerus, E., 
Kambeitz-Ilankovic, L., … Borgwardt, S. (2015). Detecting the Psychosis Prodrome 
Across High-Risk Populations Using Neuroanatomical Biomarkers. Schizophrenia 
Bulletin, 41(2), 471–482. 

Koutsouleris, N., Wobrock, T., Guse, B., Langguth, B., Landgrebe, M., Eichhammer, P., … 
Hasan, A. (2018). Predicting Response to Repetitive Transcranial Magnetic Stimulation 
in Patients With Schizophrenia Using Structural Magnetic Resonance Imaging: A 
Multisite Machine Learning Analysis. Schizophrenia Bulletin, 44(5), 1021–1034. 

Kraguljac, N. V., White, D. M., Hadley, N., Hadley, J. A., ver Hoef, L., Davis, E., & Lahti, A. 
C. (2016). Aberrant Hippocampal Connectivity in Unmedicated Patients With 
Schizophrenia and Effects of Antipsychotic Medication: A Longitudinal Resting State 
Functional MRI Study. Schizophrenia Bulletin, 42(4), 1046–1055. 

Krienen, F. M., Yeo, B. T. T., & Buckner, R. L. (2014). Reconfigurable task-dependent 
functional coupling modes cluster around a core functional architecture. Philosophical 
Transactions of the Royal Society of London. Series B, Biological Sciences, 369(1653). 

Kucyi, A., & Davis, K. D. (2014). Dynamic functional connectivity of the default mode 
network tracks daydreaming. NeuroImage, 100, 471–480. 

Kucyi, A., Hove, M. J., Esterman, M., Hutchison, R. M., & Valera, E. M. (2016). Dynamic 
Brain Network Correlates of Spontaneous Fluctuations in Attention. Cerebral Cortex, 
27(3), 1831-1840. 

Lally, J., & MacCabe, J. H. (2015). Antipsychotic medication in schizophrenia: a review. 
British Medical Bulletin, 114(1), 169–179. 

Laumann, T. O., Gordon, E. M., Adeyemo, B., Snyder, A. Z., Joo, S. J., Chen, M.-Y., … 
Petersen, S. E. (2015). Functional System and Areal Organization of a Highly Sampled 
Individual Human Brain. Neuron, 87(3), 657–670. 

Laumann, T. O., Snyder, A. Z., Mitra, A., Gordon, E. M., Gratton, C., Adeyemo, B., … 

Chapter 1

62



Petersen, S. E. (2016). On the Stability of BOLD fMRI Correlations. Cerebral Cortex, 
45(28), 100–118. 

Lawrie, S. M., & Abukmeil, S. S. (1998). Brain abnormality in schizophrenia. A systematic 
and quantitative review of volumetric magnetic resonance imaging studies. The British 
Journal of Psychiatry : The Journal of Mental Science, 172, 110–120. 

Lee, K.-H., Williams, L. M., Breakspear, M., & Gordon, E. (2003). Synchronous gamma 
activity: a review and contribution to an integrative neuroscience model of schizophrenia. 
Brain Research. Brain Research Reviews, 41(1), 57–78. 

Lee, M. H., Smyser, C. D., & Shimony, J. S. (2013). Resting-state fMRI: a review of methods 
and clinical applications. AJNR. American Journal of Neuroradiology, 34(10), 1866–
1872. 

Leonardi, N., & Van De Ville, D. (2015). On spurious and real fluctuations of dynamic 
functional connectivity during rest. NeuroImage, , 104, 430-436. 

Lewis, N. D. (1966). History of the nosology and the evolution of the concepts of 
schizophrenia. Proceedings of the Annual Meeting of the American Psychopathological 
Association, 54, 1–18. 

Li, M., Chen, Z., & Li, T. (2012). Small-world brain networks in schizophrenia. Shanghai 
Archives of Psychiatry, 24(6), 322–327. 

Li, S.-J., Li, Z., Wu, G., Zhang, M.-J., Franczak, M., & Antuono, P. G. (2002). Alzheimer 
Disease: evaluation of a functional MR imaging index as a marker. Radiology, 225(1), 
253–259. 

Li, T., Wang, Q., Zhang, J., Rolls, E. T., Yang, W., Palaniyappan, L., … Feng, J. (2016). Brain-
Wide Analysis of Functional Connectivity in First-Episode and Chronic Stages of 
Schizophrenia. Schizophrenia Bulletin, 43(2), 436-448. 

Liang, M., Zhou, Y., Jiang, T., Liu, Z., Tian, L., Liu, H., & Hao, Y. (2006). Widespread 
functional disconnectivity in schizophrenia with resting-state functional magnetic 
resonance imaging. Neuroreport, 17(2), 209–213. 

Liao, W., Zhang, Z., Mantini, D., Xu, Q., Ji, G.-J., Zhang, H., … Lu, G. (2014). Dynamical 
intrinsic functional architecture of the brain during absence seizures. Brain Structure and 
Function, 219(6), 2001–2015. 

Liddle, P. F. (1996). Functional imaging -- schizophrenia. British Medical Bulletin, 52(3), 486–
494. 

Liegeois, R., Laumann, T. O., Snyder, A. Z., Zhou, H. J., & Yeo, B. T. T. (2017). Interpreting 
Temporal Fluctuations In Resting-State Functional Connectivity MRI. NeuroImage, 163, 
437-455. 

Chapter 1

63



Lindquist, M. A., Xu, Y., Nebel, M. B., & Caffo, B. S. (2014). Evaluating dynamic bivariate 
correlations in resting-state fMRI: A comparison study and a new approach. NeuroImage, 
101, 531–546. 

Liu, H., Buckner, R. L., Talukdar, T., Tanaka, N., Madsen, J. R., & Stufflebeam, S. M. (2009). 
Task-free presurgical mapping using functional magnetic resonance imaging intrinsic 
activity. Journal of Neurosurgery, 111(4), 746–754. 

Liu, X., & Duyn, J. H. (2013). Time-varying functional network information extracted from 
brief instances of spontaneous brain activity. Proceedings of the National Academy of 
Sciences, 110(11), 4392–4397. 

Liu, Y., Liang, M., Zhou, Y., He, Y., Hao, Y., Song, M., … Jiang, T. (2008). Disrupted small-
world networks in schizophrenia. Brain, 131(4), 945–961. 

Lowe, M.J., Mock, B. J., & Sorenson, J. A. (1998). Functional Connectivity in Single and 
Multislice Echoplanar Imaging Using Resting-State Fluctuations. NeuroImage, 7(2), 119–
132. 

Lowe, Mark J., Lurito, J. T., Mathews, V. P., Phillips, M. D., & Hutchins, G. D. (2000). 
Quantitative Comparison of Functional Contrast from BOLD-Weighted Spin-Echo and 
Gradient-Echo Echoplanar Imaging at 1.5 Tesla and H 2 15 O PET in the Whole Brain. 
Journal of Cerebral Blood Flow & Metabolism, 20(9), 1331–1340. 

Lowe, Mark J., Phillips, M. D., Lurito, J. T., Mattson, D., Dzemidzic, M., & Mathews, V. P. 
(2002). Multiple Sclerosis: Low-Frequency Temporal Blood Oxygen Level–Dependent 
Fluctuations Indicate Reduced Functional Connectivity—Initial Results. Radiology, 
224(1), 184–192.  

Lundervold, A., Bærentsen, K., Stødkilde-Jørgensen, H., Sommerlund, B., Hartmann, T., 
Damsgaard-Madsen, J., … Coleman, M. (2010). On consciousness, resting state fMRI, 
and neurodynamics. Nonlinear Biomedical Physics, 4(Suppl 1), S9.  

Lynall, M.-E., Bassett, D. S., Kerwin, R., McKenna, P. J., Kitzbichler, M., Muller, U., & 
Bullmore, E. (2010). Functional connectivity and brain networks in schizophrenia. The 
Journal of Neuroscience : The Official Journal of the Society for Neuroscience, 30(28), 
9477–9487. 

Madhyastha, T. M., Askren, M. K., Boord, P., & Grabowski, T. J. (2015). Dynamic 
Connectivity at Rest Predicts Attention Task Performance. Brain Connectivity, 5(1), 45–
59. 

Malsburg, C., Phillips, W. A., & Singer, W. (Eds.). (2010). Dynamic coordination in the brain: 
from neurons to mind (Vol. 5). MIT Press. 

Mao, N., Zheng, H., Long, Z., Yao, L., & Wu, X. (2017). Gender differences in dynamic 

Chapter 1

64



functional connectivity based on resting-state fMRI. 2017 39th Annual International 
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), 2940–
2943. 

Mcintosh, A. R. (1999). Mapping Cognition to the Brain Through Neural Interactions. 
Memory, 7(5–6), 523–548. 

McKenna, T. M., McMullen, T. A., & Shlesinger, M. F. (1994). The brain as a dynamic 
physical system. Neuroscience, Vol. 60, pp. 587–605. 

Menezes, N. M., & Milovan, E. (2000). First-Episode Psychosis: A Comparative Review of 
Diagnostic Evolution and Predictive Variables in Adolescents versus Adults. The 
Canadian Journal of Psychiatry, 45(8), 710–716. 

Menon, V., & Uddin, L. Q. (2010). Saliency, switching, attention and control: a network model 
of insula function. Brain Structure and Function, 214(5–6), 655–667. 

Meszlényi, R. J., Hermann, P., Buza, K., Gál, V., & Vidnyánszky, Z. (2017). Resting State 
fMRI Functional Connectivity Analysis Using Dynamic Time Warping. Frontiers in 
Neuroscience, 11, 75.  

Micheloyannis, S., Pachou, E., Stam, C. J., Breakspear, M., Bitsios, P., Vourkas, M., … 
Zervakis, M. (2006). Small-world networks and disturbed functional connectivity in 
schizophrenia. Schizophrenia Research, 87(1–3), 60–66. 

Miller, R. L., Yaesoubi, M., Turner, J. A., Mathalon, D., Preda, A., Pearlson, G., … Calhoun, 
V. D. (2016). Higher Dimensional Meta-State Analysis Reveals Reduced Resting fMRI 
Connectivity Dynamism in Schizophrenia Patients. PloS One, 11(3), e0149849. 

Minati, L., Edginton, T., Grazia Bruzzone, M., & Giaccone, G. (2009). Reviews: Current 
Concepts in Alzheimer’s Disease: A Multidisciplinary Review. American Journal of 
Alzheimer’s Disease & Other Dementiasr, 24(2), 95–121. 

Minzenberg, M. J., Yoon, J. H., & Carter, C. S. (2011). Modafinil modulation of the default 
mode network. Psychopharmacology, 215(1), 23–31. 

Misiak, B., Krefft, M., Bielawski, T., Moustafa, A. A., Sąsiadek, M. M., & Frydecka, D. 
(2017). Toward a unified theory of childhood trauma and psychosis: A comprehensive 
review of epidemiological, clinical, neuropsychological and biological findings. 
Neuroscience & Biobehavioral Reviews, 75, 393–406. 

Moncrieff, J. (2006). Does antipsychotic withdrawal provoke psychosis? Review of the 
literature on rapid onset psychosis (supersensitivity psychosis) and withdrawal-related 
relapse. Acta Psychiatrica Scandinavica, 114(1), 3–13. 

Morgan, V. L., Abou-Khalil, B., & Rogers, B. P. (2015). Evolution of functional connectivity 
of brain networks and their dynamic interaction in temporal lobe epilepsy. Brain 

Chapter 1

65



Connectivity, 5(1), 35–44. 

Mueser, K. T., & Jeste, D. V. (Eds.). (2011). Clinical handbook of schizophrenia. Guilford 
Press. 

Negrón-Oyarzo, I., Lara-Vásquez, A., Palacios-García, I., Fuentealba, P., & Aboitiz, F. (2016). 
Schizophrenia and reelin: a model based on prenatal stress to study epigenetics, brain 
development and behavior. Biological Research, 49(1), 16. 

Niesink, R. J. M., & van Laar, M. W. (2013). Does Cannabidiol Protect Against Adverse 
Psychological Effects of THC? Frontiers in Psychiatry, 4, 130.  

Ogawa, S., Lee, T. M., Nayak, A. S., & Glynn, P. (1990). Oxygenation-sensitive contrast in 
magnetic resonance image of rodent brain at high magnetic fields. Magnetic Resonance 
in Medicine, 14(1), 68–78. 

Omidvarnia, A., Pedersen, M., Walz, J. M., Vaughan, D. N., Abbott, D. F., & Jackson, G. D. 
(2016). Dynamic regional phase synchrony (DRePS). Human Brain Mapping, 37(5), 
1970–1985. 

Patel, K. R., Cherian, J., Gohil, K., & Atkinson, D. (2014). Schizophrenia: overview and 
treatment options. P & T : A Peer-Reviewed Journal for Formulary Management, 39(9), 
638–645. 

Pedersen, M., Omidvarnia, A., Walz, J. M., Zalesky, A., & Jackson, G. D. (2017). Spontaneous 
brain network activity: Analysis of its temporal complexity. Network Neuroscience, 1(2), 
100–115. 

Pedersen, M., Omidvarnia, A., Zalesky, A., & Jackson, G. D. (2018). On the relationship 
between instantaneous phase synchrony and correlation-based sliding windows for time-
resolved fMRI connectivity analysis. NeuroImage, 181, 85–94. 

Pelletier-Baldelli, A., Andrews-Hanna, J. R., & Mittal, V. A. (2018). Resting state connectivity 
dynamics in individuals at risk for psychosis. Journal of Abnormal Psychology, 127(3), 
314–325. 

Peltier, S. J., Kerssens, C., Hamann, S. B., Sebel, P. S., Byas-Smith, M., & Hu, X. (2005). 
Functional connectivity changes with concentration of sevoflurane anesthesia. 
Neuroreport, 16(3), 285–288. 

Plummer, A. L. (2015). International Classification of Diseases, Tenth Revision, Clinical 
Modification for the Pulmonary, Critical Care, and Sleep Physician. Chest, 148(5), 1353–
1360. 

Pomarol-Clotet, E., Salvador, R., Sarró, S., Gomar, J., Vila, F., Martínez, Á., … McKenna, P. 
J. (2008). Failure to deactivate in the prefrontal cortex in schizophrenia: dysfunction of 
the default mode network? Psychological Medicine, 38(08), 1185–1193. 

Chapter 1

66



Ponce-Alvarez, A., Deco, G., Hagmann, P., Romani, G. L., Mantini, D., Corbetta, M., … Deco, 
G. (2015). Resting-State Temporal Synchronization Networks Emerge from Connectivity 
Topology and Heterogeneity. PLOS Computational Biology, 11(2), e1004100. 

Power, J. D., Barnes, K. A., Snyder, A. Z., Schlaggar, B. L., & Petersen, S. E. (2012). Spurious 
but systematic correlations in functional connectivity MRI networks arise from subject 
motion. NeuroImage, 59(3), 2142–2154.  

Preti, M. G., Bolton, T. A., & Van De Ville, D. (2016). The dynamic functional connectome: 
State-of-the-art and perspectives. NeuroImage, 160, 41-54. 

Price, T., Wee, C. Y., Gao, W., & Shen, D. (2014, September). Multiple-network classification 
of childhood autism using functional connectivity dynamics. In International Conference 
on Medical Image Computing and Computer-Assisted Intervention (pp. 177-184). 
Springer, Cham. 

Pruim, R. H. R., Mennes, M., Buitelaar, J. K., & Beckmann, C. F. (2015). Evaluation of ICA-
AROMA and alternative strategies for motion artifact removal in resting state fMRI. 
NeuroImage, 112, 278–287. 

Rabinovich, M. I., Friston, K. J., & Varona, P. (Eds.). (2012). Principles of brain dynamics: 
global state interactions. MIT Press. 

Rack-Gomer, A. L., & Liu, T. T. (2012). Caffeine increases the temporal variability of resting-
state BOLD connectivity in the motor cortex. NeuroImage, 59(3), 2994–3002. 

Raichle, M E, MacLeod, A. M., Snyder, A. Z., Powers, W. J., Gusnard, D. A., & Shulman, G. 
L. (2001). A default mode of brain function. Proceedings of the National Academy of 
Sciences of the United States of America, 98(2), 676–682. 

Raichle, Marcus E. (2010). The Brain’s Dark Energy. Scientific American, 302(3), 44–49. 

Raichle, Marcus E., & Mintun, M. A. (2006). BRAIN WORK AND BRAIN IMAGING. 
Annual Review of Neuroscience, 29(1), 449–476. 

Rashid, B., Arbabshirani, M. R., Damaraju, E., Cetin, M. S., Miller, R., Pearlson, G. D., & 
Calhoun, V. D. (2016). Classification of schizophrenia and bipolar patients using static 
and dynamic resting-state fMRI brain connectivity. NeuroImage, 134, 645–657. 

Rashid, B., Damaraju, E., Pearlson, G. D., & Calhoun, V. D. (2014). Dynamic connectivity 
states estimated from resting fMRI Identify differences among Schizophrenia, bipolar 
disorder, and healthy control subjects. Frontiers in human neuroscience, 8, 897. 

Reggia, J. A., Ruppin, E., & Berndt, R. S. (1996). Neural Modeling of Brain and Cognitive 
Disorders. (Vol. 6). World Scientific. 

Rosazza, C., & Minati, L. (2011). Resting-state brain networks: literature review and clinical 
applications. Neurological Sciences, 32(5), 773–785. 

Chapter 1

67



Rosburg, T., Boutros, N. N., & Ford, J. M. (2008). Reduced auditory evoked potential 
component N100 in schizophrenia — A critical review. Psychiatry Research, 161(3), 
259–274. 

Rubinov, M., & Sporns, O. (2010). Complex network measures of brain connectivity: Uses 
and interpretations. NeuroImage, 52(3), 1059–1069. 

Sakoğlu, Ü., Pearlson, G. D., Kiehl, K. A., Wang, Y. M., Michael, A. M., & Calhoun, V. D. 
(2010). A method for evaluating dynamic functional network connectivity and task-
modulation: application to schizophrenia. Magnetic Resonance Materials in Physics, 
Biology and Medicine, 23(5–6), 351–366. 

Salgado-Pineda, P., Fakra, E., Delaveau, P., McKenna, P. J., Pomarol-Clotet, E., & Blin, O. 
(2011). Correlated structural and functional brain abnormalities in the default mode 
network in schizophrenia patients. Schizophrenia Research, 125(2–3), 101–109.  

Salvador, R., Martínez, A., Pomarol-Clotet, E., Sarró, S., Suckling, J., & Bullmore, E. (2007). 
Frequency based mutual information measures between clusters of brain regions in 
functional magnetic resonance imaging. NeuroImage, 35(1), 83–88. 

Sanfratello, L., Houck, J. M., & Calhoun, V. D. (2019). Relationship between MEG global 
dynamic functional network connectivity measures and symptoms in schizophrenia. 
Schizophrenia Research. 

Sanfratello, Lori, Houck, J. M., & Calhoun, V. D. (2019). Dynamic Functional Network 
Connectivity in Schizophrenia with Magnetoencephalography and Functional Magnetic 
Resonance Imaging: Do Different Timescales Tell a Different Story? Brain Connectivity, 
9(3), 251–262. 

Santarnecchi, E., Galli, G., Polizzotto, N. R., Rossi, A., & Rossi, S. (2014). Efficiency of weak 
brain connections support general cognitive functioning. Human Brain Mapping, 35(9), 
4566–4582. 

Sarpal, D. K., Argyelan, M., Robinson, D. G., Szeszko, P. R., Karlsgodt, K. H., John, M., … 
Malhotra, A. K. (2016). Baseline Striatal Functional Connectivity as a Predictor of 
Response to Antipsychotic Drug Treatment. American Journal of Psychiatry, 173(1), 69–
77. 

Sarpal, D. K., Robinson, D. G., Lencz, T., Argyelan, M., Ikuta, T., Karlsgodt, K., … Malhotra, 
A. K. (2015). Antipsychotic treatment and functional connectivity of the striatum in first-
episode schizophrenia. JAMA Psychiatry, 72(1), 5–13. 

Sass, L. A., & Parnas, J. (2003). Schizophrenia, consciousness, and the self. Schizophrenia 
Bulletin, 29(3), 427–444. 

Schaefer, A., Margulies, D. S., Lohmann, G., Gorgolewski, K. J., Smallwood, J., Kiebel, S. J., 

Chapter 1

68



& Villringer, A. (2014). Dynamic network participation of functional connectivity hubs 
assessed by resting-state fMRI. Frontiers in Human Neuroscience, 8, 195. 

Seeley, W. W., Menon, V., Schatzberg, A. F., Keller, J., Glover, G. H., Kenna, H., … Greicius, 
M. D. (2007). Dissociable Intrinsic Connectivity Networks for Salience Processing and 
Executive Control. Journal of Neuroscience, 27(9), 2349-2356. 

Seeman, P. (2006). Targeting the dopamine D 2 receptor in schizophrenia. Expert Opinion on 
Therapeutic Targets, 10(4), 515–531.  

Sengoku, A., & Takagi, S. (1998). Electroencephalographic findings in functional psychoses: 
State or trait indicators? Psychiatry and Clinical Neurosciences, 52(4), 375–381. 

Shakil, S., Billings, J. C., Keilholz, S. D., & Lee, C.-H. (2018). Parametric Dependencies of 
Sliding Window Correlation. IEEE Transactions on Biomedical Engineering, 65(2), 254–
263.  

Shakil, S., Lee, C.-H., & Keilholz, S. D. (2016). Evaluation of sliding window correlation 
performance for characterizing dynamic functional connectivity and brain states. 
NeuroImage, 133, 111–128. 

Shehzad, Z., Kelly, A. M. C., Reiss, P. T., Gee, D. G., Gotimer, K., Uddin, L. Q., … Milham, 
M. P. (2009). The Resting Brain: Unconstrained yet Reliable. Cerebral Cortex, 19(10), 
2209–2229. 

Shenton, M. E., Dickey, C. C., Frumin, M., & McCarley, R. W. (2001). A review of MRI 
findings in schizophrenia. Schizophrenia Research, 49(1–2), 1–52. 

Shirer, W. R., Ryali, S., Rykhlevskaia, E., Menon, V., & Greicius, M. D. (2012). Decoding 
Subject-Driven Cognitive States with Whole-Brain Connectivity Patterns. Cerebral 
Cortex, 22(1), 158–165. 

Skudlarski, P., Jagannathan, K., Anderson, K., Stevens, M. C., Calhoun, V. D., Skudlarska, B. 
A., & Pearlson, G. (2010). Brain Connectivity Is Not Only Lower but Different in 
Schizophrenia: A Combined Anatomical and Functional Approach. Biological 
Psychiatry, 68(1), 61–69. 

Smith, S. M., Fox, P. T., Miller, K. L., Glahn, D. C., Fox, P. M., Mackay, C. E., … Beckmann, 
C. F. (2009). Correspondence of the brain’s functional architecture during activation and 
rest. Proceedings of the National Academy of Sciences, 106(31), 13040–13045. 

Smith, S. M., Miller, K. L., Moeller, S., Xu, J., Auerbach, E. J., Woolrich, M. W., … Ugurbil, 
K. (2012). Temporally-independent functional modes of spontaneous brain activity. 
Proceedings of the National Academy of Sciences, 109(8), 3131–3136. 

Smith, T., Weston, C., & Lieberman, J. (2010). Schizophrenia (maintenance treatment). 
American Family Physician, 82(4), 338–339. 

Chapter 1

69



Solé-Padullés, C., Castro-Fornieles, J., de la Serna, E., Sánchez-Gistau, V., Romero, S., Puig, 
O., … Sugranyes, G. (2017). Intrinsic functional connectivity of fronto-temporal networks 
in adolescents with early psychosis. European Child & Adolescent Psychiatry, 26(6), 
669–679. 

Sorg, C., Riedl, V., Muhlau, M., Calhoun, V. D., Eichele, T., Laer, L., … Wohlschlager, A. M. 
(2007). Selective changes of resting-state networks in individuals at risk for Alzheimer’s 
disease. Proceedings of the National Academy of Sciences, 104(47), 18760–18765. 

Spreng, R. N. (2012). The Fallacy of a “Task-Negative” Network. Frontiers in Psychology, 3, 
145. 

Steen, R. G., Mull, C., Mcclure, R., Hamer, R. M., & Lieberman, J. A. (2006). Brain volume 
in first-episode schizophrenia. British Journal of Psychiatry, 188(06), 510–518. 

Stefansson, H., Petursson, H., Sigurdsson, E., Steinthorsdottir, V., Bjornsdottir, S., 
Sigmundsson, T., … Stefansson, K. (2002). Neuregulin 1 and Susceptibility to 
Schizophrenia. The American Journal of Human Genetics, 71(4), 877–892. 

Stein, D. J., & Ludik, J. (Eds.). (1998). Neural networks and psychopathology: Connectionist 
models in practice and research. Cambridge University Press. 

Stoeckel, L. E., Garrison, K. A., Ghosh, S. S., Wighton, P., Hanlon, C. A., Gilman, J. M., … 
Evins, A. E. (2014). Optimizing real time fMRI neurofeedback for therapeutic discovery 
and development. NeuroImage: Clinical, 5, 245–255. 

Su, J., Shen, H., Zeng, L.-L., Qin, J., Liu, Z., & Hu, D. (2016). Heredity characteristics of 
schizophrenia shown by dynamic functional connectivity analysis of resting-state 
functional MRI scans of unaffected siblings. NeuroReport, 27(11), 843–848. 

Su, L., Wang, L., Shen, H., Feng, G., & Hu, D. (2013). Discriminative analysis of non-linear 
brain connectivity in schizophrenia: an fMRI Study. Frontiers in Human Neuroscience, 
7, 702. 

Sun, Y., Collinson, S. L., Suckling, J., & Sim, K. (2018). Dynamic Reorganization of 
Functional Connectivity Reveals Abnormal Temporal Efficiency in Schizophrenia. 
Schizophrenia Bulletin, 45(3), 659-669. 

Tagliazucchi, E., Balenzuela, P., Fraiman, D., & Chialvo, D. R. (2012). Criticality in large-
scale brain fMRI dynamics unveiled by a novel point process analysis. Frontiers in 
physiology, 3, 15. 

Tagliazucchi, E., Chialvo, D. R., Siniatchkin, M., Amico, E., Brichant, J.-F., Bonhomme, V., 
… Sigman, M. (2016). Large-scale signatures of unconsciousness are consistent with a 
departure from critical dynamics. Journal of the Royal Society, Interface, 13(114), 
20151027.  

Chapter 1

70



Tagliazucchi, E., & Laufs, H. (2014). Decoding Wakefulness Levels from Typical fMRI 
Resting-State Data Reveals Reliable Drifts between Wakefulness and Sleep. Neuron, 
82(3), 695–708. 

Tagliazucchi, E., Wegner, F. Von, Morzelewski, A., Brodbeck, V., Laufs, H., von Wegner, F., 
… Laufs, H. (2012). Dynamic BOLD functional connectivity in humans and its 
electrophysiological correlates. Frontiers in Human Neuroscience, 6(December), 339. 

Takeuchi, H., Sugiura, M., Sassa, Y., Sekiguchi, A., Yomogida, Y., Taki, Y., & Kawashima, 
R. (2012). Neural correlates of the difference between working memory speed and simple 
sensorimotor speed: an fMRI study. PloS One, 7(1), e30579. 

Thompson, W. H., Richter, C. G., Plavén-Sigray, P., & Fransson, P. (2018). Simulations to 
benchmark time-varying connectivity methods for fMRI. PLOS Computational Biology, 
14(5), e1006196. 

Toosy, A. T., Ciccarelli, O., Parker, G. J. ., Wheeler-Kingshott, C. A. ., Miller, D. H., & 
Thompson, A. J. (2004). Characterizing function–structure relationships in the human 
visual system with functional MRI and diffusion tensor imaging. NeuroImage, 21(4), 
1452–1463. 

Uddin, L. Q., Clare Kelly, A. M., Biswal, B. B., Xavier Castellanos, F., & Milham, M. P. 
(2009). Functional connectivity of default mode network components: Correlation, 
anticorrelation, and causality. Human Brain Mapping, 30(2), 625–637. 

Uhlhaas, P. J., & Singer, W. (2015). Oscillations and Neuronal Dynamics in Schizophrenia: 
The Search for Basic Symptoms and Translational Opportunities. Biological Psychiatry, 
77(12), 1001–1009. 

Vaidya, C. J., & Gordon, E. M. (2013). Phenotypic Variability in Resting-State Functional 
Connectivity: Current Status. Brain Connectivity, 3(2), 99–120. 

van den Heuvel, M. P., Mandl, R. C. W., Stam, C. J., Kahn, R. S., & Hulshoff Pol, H. E. (2010). 
Aberrant Frontal and Temporal Complex Network Structure in Schizophrenia: A Graph 
Theoretical Analysis. Journal of Neuroscience, 30(47), 15915–15926. 

van den Heuvel, M. P., Stam, C. J., Kahn, R. S., & Hulshoff Pol, H. E. (2009). Efficiency of 
Functional Brain Networks and Intellectual Performance. Journal of Neuroscience, 
29(23), 7619–7624. 

van den Heuvel, Martijn P., & Fornito, A. (2014). Brain Networks in Schizophrenia. 
Neuropsychology Review, 24(1), 32–48. 

van den Heuvel, Martijn P., & Hulshoff Pol, H. E. (2010). Exploring the brain network: A 
review on resting-state fMRI functional connectivity. European 
Neuropsychopharmacology, 20(8), 519–534. 

Chapter 1

71



van den Heuvel, Martijn P., Sporns, O., Collin, G., Scheewe, T., Mandl, R. C. W., Cahn, W., 
… Kahn, R. S. (2013). Abnormal Rich Club Organization and Functional Brain Dynamics 
in Schizophrenia. JAMA Psychiatry, 70(8), 783. 

van den Heuvel, Martijn P, & Hulshoff Pol, H. E. (2010). Exploring the brain network: a review 
on resting-state fMRI functional connectivity. European Neuropsychopharmacology : 
The Journal of the European College of Neuropsychopharmacology, 20(8), 519–534. 

van Haren, N. E. M., Hulshoff Pol, H. E., Schnack, H. G., Cahn, W., Mandl, R. C. W., Collins, 
D. L., … Kahn, R. S. (2007). Focal Gray Matter Changes in Schizophrenia across the
Course of the Illness: A 5-Year Follow-Up Study. Neuropsychopharmacology, 32(10),
2057–2066.

van Os, J., & Kapur, S. (2009). Schizophrenia. Lancet (London, England), 374(9690), 635–
645.  

Venkataraman, A., Whitford, T. J., Westin, C.-F., Golland, P., & Kubicki, M. (2012). Whole 
brain resting state functional connectivity abnormalities in schizophrenia. Schizophrenia 
Research, 139(1–3), 7–12.  

Vergara, V. M., Abrol, A., & Calhoun, V. D. (2019). An average sliding window correlation 
method for dynamic functional connectivity. Human brain mapping, 40(7), 2089-2103. 

Vidaurre, D., Abeysuriya, R., Becker, R., Quinn, A. J., Alfaro-Almagro, F., Smith, S. M., & 
Woolrich, M. W. (2018). Discovering dynamic brain networks from big data in rest and 
task. Neuroimage, 180, 646-656. 

 Vidaurre, D., Quinn, A. J., Baker, A. P., Dupret, D., Tejero-Cantero, A., & Woolrich, M. W. 
(2016). Spectrally resolved fast transient brain states in electrophysiological data. 
NeuroImage, 126, 81–95. 

Vidaurre, D., Smith, S. M., & Woolrich, M. W. (2017). Brain network dynamics are 
hierarchically organized in time. Proceedings of the National Academy of Sciences of the 
United States of America, 114(48), 12827–12832.  

Viguera, A. C., Baldessarini, R. J., Hegarty, J. D., Kammen, D. P. van, & Tohen, M. (1997). 
Clinical Risk Following Abrupt and Gradual Withdrawal of Maintenance Neuroleptic 
Treatment. Archives of General Psychiatry, 54(1), 49. 

Vincent, J. L., Patel, G. H., Fox, M. D., Snyder, A. Z., Baker, J. T., Van Essen, D. C., … 
Raichle, M. E. (2007). Intrinsic functional architecture in the anaesthetized monkey brain. 
Nature, 447(7140), 83–86. 

Vita, A., De Peri, L., Silenzi, C., & Dieci, M. (2006). Brain morphology in first-episode 
schizophrenia: A meta-analysis of quantitative magnetic resonance imaging studies. 
Schizophrenia Research, 82(1), 75–88.  

Chapter 1

72



Viviano, R. P., Raz, N., Yuan, P., & Damoiseaux, J. S. (2017). Associations between dynamic 
functional connectivity and age, metabolic risk, and cognitive performance. Neurobiology 
of Aging, 59, 135–143. 

Wang, L., Metzak, P. D., & Woodward, T. S. (2011). Aberrant connectivity during self-other 
source monitoring in schizophrenia. Schizophrenia Research, 125(2–3), 136–142. 

Wang, X., Xia, M., Lai, Y., Dai, Z., Cao, Q., Cheng, Z., … He, Y. (2014). Disrupted resting-
state functional connectivity in minimally treated chronic schizophrenia. Schizophrenia 
Research, 156(2–3), 150–156. 

Wang, Z., Chen, L. M., Négyessy, L., Friedman, R. M., Mishra, A., Gore, J. C., & Roe, A. W. 
(2013). The Relationship of Anatomical and Functional Connectivity to Resting-State 
Connectivity in Primate Somatosensory Cortex. Neuron, 78(6), 1116–1126. 

Watanabe, T., Kessler, D., Scott, C., Angstadt, M., & Sripada, C. (2014). Disease prediction 
based on functional connectomes using a scalable and spatially-informed support vector 
machine. NeuroImage, 96, 183–202. 

Webb, T., & Tandon, R. (2009). Antipsychotic treatment of first-episode or early-onset 
schizophrenia. Current Psychiatry Reports, 11(4), 261–263. 

Wee, C. Y., Yang, S., Yap, P. T., & Shen, D. (2013, September). Temporally dynamic resting-
state functional connectivity networks for early MCI identification. In International 
Workshop on Machine Learning in Medical Imaging (pp. 139-146). Springer, Cham. 

Wee, C.-Y., Yang, S., Yap, P.-T., Shen, D., & Initiative,  for the A. D. N. (2016). Sparse 
temporally dynamic resting-state functional connectivity networks for early MCI 
identification. Brain Imaging and Behavior, 10(2), 342–356. 

Wee, C.-Y., Yap, P.-T., & Shen, D. (2016). Diagnosis of Autism Spectrum Disorders Using 
Temporally Distinct Resting-State Functional Connectivity Networks. CNS Neuroscience 
& Therapeutics, 22(3), 212–219. 

Weinberger, D. R. (1993). A connectionist approach to the prefrontal cortex. The Journal of 
Neuropsychiatry and Clinical Neurosciences, 5(3), 241–253. 

Werring, D. J., Clark, C. A., Parker, G. J. M., Miller, D. H., Thompson, A. J., & Barker, G. J. 
(1999). A Direct Demonstration of both Structure and Function in the Visual System: 
Combining Diffusion Tensor Imaging with Functional Magnetic Resonance Imaging. 
NeuroImage, 9(3), 352–361. 

Whitfield-Gabrieli, S., Thermenos, H. W., Milanovic, S., Tsuang, M. T., Faraone, S. V., 
McCarley, R. W., … Seidman, L. J. (2009). Hyperactivity and hyperconnectivity of the 
default network in schizophrenia and in first-degree relatives of persons with 
schizophrenia. Proceedings of the National Academy of Sciences, 106(4), 1279–1284. 

Chapter 1

73



Wolf, N., Sambataro, F., Vasic, N., Frasch, K., Schmid, M., Schönfeldt-Lecuona, C., … Wolf, 
R. C. (2011). Dysconnectivity of multiple resting-state networks in patients with 
schizophrenia who have persistent auditory verbal hallucinations. Journal of Psychiatry 
& Neuroscience, 36(6), 366–374. 

Wright, I. C., Rabe-Hesketh, S., Woodruff, P. W. R., David, A. S., Murray, R. M., & Bullmore, 
E. T. (2000). Meta-Analysis of Regional Brain Volumes in Schizophrenia. American 
Journal of Psychiatry, 157(1), 16–25. 

Wunderink, L., Nieboer, R. M., Wiersma, D., Sytema, S., & Nienhuis, F. J. (2013). Recovery 
in Remitted First-Episode Psychosis at 7 Years of Follow-up of an Early Dose 
Reduction/Discontinuation or Maintenance Treatment Strategy. JAMA Psychiatry, 70(9), 
913. 

Xiao, Y., Zhang, W., Lui, S., Yao, L., & Gong, Q. (2013). Similar and Different Gray Matter 
Deficits in Schizophrenia Patients and Their Unaffected Biological Relatives. Frontiers 
in Psychiatry, 4, 150. 

Xu, Y., & Lindquist, M. A. (2015). Dynamic connectivity detection: an algorithm for 
determining functional connectivity change points in fMRI data. Frontiers in 
Neuroscience, 9, 285. 

Yaesoubi, M., Allen, E. A., Miller, R. L., & Calhoun, V. D. (2015). Dynamic coherence 
analysis of resting fMRI data to jointly capture state-based phase, frequency, and time-
domain information. NeuroImage, 120, 133–142. 

Yang, H., Liu, J., Sui, J., Pearlson, G., & Calhoun, V. D. (2010). A Hybrid Machine Learning 
Method for Fusing fMRI and Genetic Data: Combining both Improves Classification of 
Schizophrenia. Frontiers in Human Neuroscience, 4, 192. 

Yang, Z., Craddock, R. C., Margulies, D. S., Yan, C.-G., & Milham, M. P. (2014). Common 
intrinsic connectivity states among posteromedial cortex subdivisions: Insights from 
analysis of temporal dynamics. NeuroImage, 93, 124–137. 

Yoon, Y. B., Yun, J.-Y., Jung, W. H., Cho, K. I. K., Kim, S. N., Lee, T. Y., … Kwon, J. S. 
(2015). Altered Fronto-Temporal Functional Connectivity in Individuals at Ultra-High-
Risk of Developing Psychosis. PLOS ONE, 10(8), e0135347. 

Yu, Q., Erhardt, E. B., Sui, J., Du, Y., He, H., Hjelm, D., … Calhoun, V. D. (2015). Assessing 
dynamic brain graphs of time-varying connectivity in fMRI data: Application to healthy 
controls and patients with schizophrenia. NeuroImage, 107, 345–355. 

Yu, Y., Shen, H., Zeng, L.-L., Ma, Q., & Hu, D. (2013). Convergent and divergent functional 
connectivity patterns in schizophrenia and depression. PloS One, 8(7), e68250. 

Zalesky, A., Fornito, A., Cocchi, L., Gollo, L. L., & Breakspear, M. (2014). Time-resolved 

Chapter 1

74



resting-state brain networks. Proceedings of the National Academy of Sciences, 111(28), 
10341–10346. 

Zalesky, A., & Breakspear, M. (2015). Towards a statistical test for functional connectivity 
dynamics. Neuroimage, 114, 466-470. 

Zalesky, Andrew, Fornito, A., & Bullmore, E. T. (2010). Network-based statistic: Identifying 
differences in brain networks. NeuroImage, 53(4), 1197–1207. 

Zalesky, Andrew, Fornito, A., Cocchi, L., Gollo, L. L., & Breakspear, M. (2014). Time-
resolved resting-state brain networks. Proceedings of the National Academy of Sciences 
of the United States of America, 111(28), 10341–10346. 

Zening Fu, Z., Shing-Chow Chan, S.-C., Xin Di, X., Biswal, B., & Zhiguo Zhang, Z. (2014). 
Adaptive Covariance Estimation of Non-Stationary Processes and its Application to Infer 
Dynamic Connectivity From fMRI. IEEE Transactions on Biomedical Circuits and 
Systems, 8(2), 228–239. 

Zhang, Z. G., Fu, Z. N., Chan, S. C., Hung, Y. S., Motta, G., Di, X., & Biswal, B. B. (2013). 
Adaptive window selection in estimating dynamic functional connectivity of resting-state 
fMRI. 2013 9th International Conference on Information, Communications & Signal 
Processing, 1–4. 

Zipursky, R. B., Reilly, T. J., & Murray, R. M. (2013). The Myth of Schizophrenia as a 
Progressive Brain Disease. Schizophrenia Bulletin, 39(6), 1363–1372. 

Chapter 1

75



CHAPTER 2: 

Aims and General Methods 

76



This chapter discusses the motivation for the current research, given the context of previous 

functional connectivity studies in schizophrenia. Aims are also listed. As noted in Section 1.12, 

each contribution chapter stands independent, providing the context of the study and detailing 

the specific aims and methodology before reporting the results and discussing them. Overall 

background and aims are discussed here. In addition, some additional information regarding 

analytical models and methods are provided.  

2.1 Motivation 

In recent years, there is increasing evidence about the existence of dynamic fluctuations in 

BOLD fMRI resting-state data and in characterizing the resultant time-varying connectivity 

among brain regions (Allen et al., 2014; Chang & Glover, 2010a; Hutchison et al., 2013a; 

Hutchison et al., 2013b; Jones et al., 2012). However, these early stages of dFC studies face 

several methodological constraints that need to be addressed. Further, the potential applications 

of dFC in disease characterization need to be tested and validated. The work presented in this 

thesis aim towards applying dFC to schizophrenia for predicting diagnosis and prognosis.  

Out of different structural and functional imaging-based analyses, temporal variability in the 

interaction among brain regions can only be tracked through dFC analysis. The variability of 

FC over time has been shown to be associated with changes in thought processes (Christoff et 

al., 2016; Fox et al., 2015; Kucyi & Davis, 2014). Thus, dFC appear to be best suited in 

studying diseases with excessive variability of thought within the same individual across time. 

Since schizophrenia is characterized by abnormal thought processes, hallucinations and 

delusions, dFC is an ideal candidate to study this disorder, compared to structural and time-

averaged FC measures.  

While several studies have aimed to characterize dynamics, these have mostly been limited to 

assessing temporal variations in connectivity; the possibility of spatial variability has largely 
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been overlooked. Networks are known to exhibit changes in their resting-state spatial topology 

during the performance of different tasks (Gorgolewski et al., 2014; Smith et al., 2009). While 

the changes observed are subtle, it will be important to study if such variations exist during 

resting-state also. Notably, an early study that applied ICA to windowed resting-state BOLD 

time courses has reported the large variability in the spatial topology of the DMN over time 

(Kiviniemi et al., 2011). However, these findings have been not considered in further studies, 

due to the implicit assumption of a fixed spatial topology, thus failing to characterize possible 

spatial dynamics. In particular, the potential alterations of spatial variability in diseases such 

as schizophrenia cannot be ignored, as schizophrenia is known to be characterized by 

diminished network topology (Calhoun, Kiehl, & Pearlson, 2008) and connectivity (Fornito, 

Zalesky & Breakspear, 2015; Fornito et al., 2012; Lynall et al., 2010; van den Heuvel & 

Fornito, 2014). A dynamic characterization could provide more information that might add to 

our existing understanding of pathology in schizophrenia.  

In addition to studying variability of connectivity at rest, the dynamic interactions among 

different RSNs deserve further attention. The static connectivity characterization has put 

forward the notion of the brain’s functional organization into anticorrelated task-positive and 

task-negative networks. But, recent dFC studies have indicated more complex relationships, 

without such a clear-cut distinction of connectivity among the two groups of networks. In fact, 

time periods of overall high connectivity and overall low connectivity have been reported in 

time-resolved resting-state studies (Allen et al., 2014; Damaraju et al., 2014; Zalesky et al., 

2014). In addition to dysconnectivity among brain regions, prior static FC studies on 

schizophrenia have reported impaired ability of salience network to modulate DMN and 

executive networks (Moran et al., 2013; Palaniyappan et al., 2013; Wotruba et al., 2014), 

associated to poor task performances and cognitive deficits. Dynamic characterization of these 
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network interactions in this context might contribute to deepening our understanding of such 

impairments and altered interactions.  

While several static connectivity studies have evaluated the diagnostic potential of resting-state 

connectivity in schizophrenia (Anderson & Cohen, 2013; Arbabshirani et al., 2013; Arribas, 

Calhoun, & Adali, 2010; Kaufmann et al., 2015), only limited attempts have been made to 

assess its prognostic ability (Cao et al., 2018). In particular, Cao and colleagues (2018) reported 

that static connectivity of striatal regions to other parts of the brain are predictive of treatment 

response over a short period (10 weeks). However, it remains unclear whether assessing 

dynamics will improve the prediction power in such cases, as several dFC studies have reported 

dynamics to be a better predictor of schizophrenia diagnostic status compared to static FC 

measures (Cetin et al., 2016; Rashid et al., 2016).  

Together, such analyses will validate whether dFC is advantageous in pathological 

characterization of schizophrenia, as between-group differences are less affected by 

methodological limitations when compared to studies that aim to establish the presence and 

functional relevance of dynamic connectivity. This is because the same methodology is 

followed in estimating dFC in both groups and hence significant differences can’t trivially be 

ascribed to methodological parameterizations. If a connectivity model explains or associates to 

the clinical symptoms of the disease and has proven utility in diagnosis or prognosis, then this 

adds further consolidation for the use and validity of such models.  

To summarize, the initial studies to characterize schizophrenia using dFC methods have 

reported important findings that cannot be obtained from the study of static FC. Yet, several 

questions remain unanswered as discussed above, which warrants further research. This thesis 

aims to address a few of them with previously collected resting-state data from a schizophrenia 

cohort.  
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2.2 Aims 

2.2.1 Spatial and temporal dynamics  

As discussed in Section 2.1, there has been very little focus on spatial dynamics of resting-state 

connectivity in the past. To the best of our knowledge, only one study has attempted to 

characterize the spatial variability in schizophrenia (Ma et al., 2014). However, their approach 

was to estimate spatial variability at group level using ICA-based methods, which constrains 

the possible variability at an individual subject-level. Moreover, this approach was not 

compared to models without spatial variability or any other methods. Further, apart from a 

between-group comparison, the diagnostic power of the models with spatial variability was not 

evaluated.  

In Chapter 3, we aim to simultaneously assess both spatial and temporal variability of different 

RSNs under the hypothesis that a network at rest can have regions with varying spatial extents; 

a region can grow and encapsulate neighbouring voxels at some time points, while at certain 

other times, it may shrink and constrain itself to a smaller spatial layout. Under this hypothesis, 

we defined four different types of FC. Figure 1 depicts a toy example to explain these four 

types incorporating spatial and/or temporal dynamics. Further, we aim to compare different 

characterizations of FC in terms of their ability to predict the diagnosis of schizophrenia. 

Specifically, we compare the classification accuracies (patient versus healthy subject) from 

machine learning classifiers built on measures of connectivity from the four types of FC 

defined. A classifier providing highest accuracy implies that the corresponding definition 

captures maximum disease-specific connectivity differences.  

2.2.2 Dynamic interactions among networks 

Previous research on dynamic connectivity in schizophrenia using sliding-window methods 

(Damaraju et al., 2014; Rashid et al., 2016, 2014) have found that compared to healthy 

individuals, schizophrenia patients spent significantly greater time in states with overall sparse 
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connectivity (Damaraju et al., 2014; Rashid et al., 2016, 2014) and that patients exhibit less 

dynamism (Miller et al., 2016). Recently, models have been employed to characterize 

dynamics in a healthy brain at a single-TR resolution (Karahanoğlu et al., 2015; Liu & Duyn, 

2013; Vidaurre et al., 2017a; Vidaurre et al., 2017b); see Section 1.6.2 for further details. Such 

methodologies offer characterisation of dynamics at a finer temporal resolution. In Chapter 4, 

we aim to characterize dynamics at a single-volume resolution and to study the patterns of 

interactions among different networks. That is, instead of assessing the variability in 

connectivity among different brain regions, the aim is to study the dynamics in network’s 

BOLD activity and associated patterns in brain activations. Further, we aim to evaluate the 

differences in such patterns between healthy subjects and individuals with schizophrenia. 

 

Figure 1. A toy example depicting 4 different types of connectivity definitions based on spatial 
and temporal dynamics. Two regions R1 (blue) and R2 (violet) are pictured at two time points 
t1 and t2 and the connectivity among them is represented by a black line whose thickness 
indicating the strength of connection. Classes III and IV are based on our hypothesis on spatial 
variability, while Classes I and II are defined as per previous studies for comparison. 
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2.2.3 dFC-based prediction of outcomes 

 Identification of reliable biomarkers that can help in predicting long-term outcomes in 

different psychiatric disorders is an active area of research. Currently, treatment options are 

chosen based on clinician’s intuitions given the patient’s history and clinical symptoms. 

Reliable outcome predictions help clinicians to adopt effective, personalized therapeutic 

strategies that could prevent relapse and provide favourable treatment outcomes to patients. In 

schizophrenia, different measures such as clinical and behavioural variables, those derived 

from structural images and measures from static FC have been proposed in the past as potential 

predictors of prognosis. A recent study by Cao and colleagues proposed striatal connectivity at 

rest to be a candidate measure for predicting treatment response; that is, response to a specific 

antipsychotic (risperidone) over a period of 10 weeks was predicted. However, it remains 

unclear whether dynamic FC measures provide improved predictive power over static 

measures. Moreover, it is worth comparing measures from different modalities in terms of their 

ability to predict long-term outcomes, as this has not been done so far.  

In Chapter 5, we aim to compare behavioural, clinical, structural imaging-based and static as 

well as dynamic FC measures in their predictive prognostic power. With an available data set 

involving schizophrenia patients assessed twice with a one-year gap between the assessments, 

we aim to evaluate the accuracies of different measures derived from baseline assessments in 

predicting outcomes; i.e., whether a subject improves or worsens after a year. While previous 

studies have assessed only the predictability of changes in overall symptoms, we aim to 

consider changes in positive, negative and total/overall scores separately, under the assumption 

that certain regions might specifically be involved in sub-scale symptoms such as positive or 

negative than the overall symptoms. Hence measurements from such regions – either volume, 

thickness, static connectivity or dynamic connectivity, might provide more predictive power 

in determining changes in corresponding specific symptoms.  
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To summarize, we aim to study schizophrenia from a dynamic connectivity perspective and 

evaluate the diagnostic and prognostic potential of dFC measures. We further aim to compare 

measures of static and dynamic connectivity.  

2.3 Methods employed to assess dynamics 

In this thesis, temporal sliding windows were utilized to study dynamics, in Chapters 3 and 5. 

In Chapter 4, we adopted a hidden Markov model for characterizing dynamics at a single-TR 

resolution. The ‘Methods sections’ in respective chapters give further details on application of 

these techniques and the parameter settings. Below, an overview of these techniques is 

provided, in the context of other studies that followed similar approaches. 

2.3.1 Sliding window method  

In this approach, a time window of fixed length (and possibly tapering edges) is ‘slid’ over the 

entire scan period such that the scan duration is partitioned into several segments and 

connectivity is calculated within in each segment. This process estimates a connectivity matrix 

from each windowed segment, thus tracking the time-varying nature of FC. For further details 

and an overview of sliding window-based dFC studies, see Section 1.6.1. Previous studies have 

chosen a wide range of window lengths ranging from 20 s to 100 s (Allen et al., 2014; Chang 

& Glover, 2010; Damaraju et al., 2014; Zalesky et al., 2014). The optimal window length 

should be large enough to compute robust  FC pattern, and at the same time, small enough to 

detect potential transients (Sakoğlu et al., 2010). Empirical analyses have reported that window 

lengths between 20-60 s produce robust and consistent findings (Jones et al., 2012; Shirer et 

al., 2012). Further, windows with different shapes have been attempted, such that the time 

points towards the centre of the windows are given highest weightage compared to points at 

both ends, while estimating FC. Different shapes such as rectangular, tapered and Hamming 

windows have been considered; however, the variability in results due to this choice have not 
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yet been reported. In addition to window length and shape, yet another choice is the window 

shift, i.e., the number of timepoints the window is moved ahead successively, which determines 

the overlap between adjacent windows.  

Rectangular sliding windows of 20 s duration were employed in the present study. Each time, 

the widow slid forward by one time point, thus characterising very smooth variations in 

correlations among windowed time courses, due to major overlap between successive 

windows. In Chapter 3, we also evaluate the variations in connectivity due to the choice of 

different window lengths.  

2.3.2 Hidden Markov model  

A hidden Markov model (HMM) is used in Chapter 4 to characterize dynamics at a single-

volume resolution. The underlying assumption is that resting-state is characterized by a series 

of transitions among a finite number of states. An HMM is a state-space model with discrete 

hidden states which capture the sequential dependence in the data. An HMM consists of two 

components: a Markov chain with stochastic measurements on hidden states and an 

independent emission distribution, which is conditional on these states (Figure 2). A first order 

HMM was used to model the dynamics in the time courses from different RSNs.  

 

Figure 2. Schematic of a hidden Markov model consisting of a Markov chain with stochastic 
measurements on hidden states �̃�𝑠 = [𝑠𝑠1, 𝑠𝑠2, … . , 𝑠𝑠𝑇𝑇]  and an independent emission distribution 
𝒚𝒚� = [𝒚𝒚1,𝒚𝒚2, … … … … . ,𝒚𝒚𝑇𝑇] that is conditionally independent given the knowledge of the states. 
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Essentially, an HMM H is a quintuple ��̃�𝑠,𝒚𝒚�,𝜋𝜋� ,𝐴𝐴,𝜽𝜽�� where 

• �̃�𝑠 = [𝑠𝑠1, 𝑠𝑠2, … . , 𝑠𝑠𝑇𝑇] is the set of states. K is the total number of states (state space dimension 

of the model). Each 𝑠𝑠𝑗𝑗 ∈ {1,2, … .𝐾𝐾} indexes the state of the system. 

• 𝒚𝒚� = [𝒚𝒚1,𝒚𝒚2, … … … … . ,𝒚𝒚𝑇𝑇] are the observations. These are the set of emissions from the 

HMM at every time point, which gives an indication of underlying states. Each 𝒚𝒚𝒋𝒋 

represents an (M×1) vector (M is the number of input time courses) and T is the total 

number of time points; thus, the observed data 𝒚𝒚� is a 𝑀𝑀 × 𝑇𝑇 vector.  

• 𝜋𝜋� = [𝜋𝜋1,𝜋𝜋2, … … .𝜋𝜋𝐾𝐾] is the initial probability distribution on the states. Here each  𝜋𝜋𝑗𝑗 =

𝑝𝑝(𝑠𝑠1 = 𝑗𝑗), where j=1,2,…K  is the state number. That is, 𝜋𝜋𝑗𝑗  represents the probability that 

𝑠𝑠𝑗𝑗  is the initial state of the system. Evidently,  ∑ 𝜋𝜋𝑗𝑗𝐾𝐾
𝑗𝑗=1 = 1 .  

• A = �𝑎𝑎𝑖𝑖𝑗𝑗�𝑖𝑖,𝑗𝑗𝑗𝑗{1,2,..,𝐾𝐾}
 is the transition probability matrix. If the system is in state i at the 

current time instant, then it may be in state j at the next time instant, with a probability of 

𝑎𝑎𝑖𝑖𝑗𝑗. That is, 𝑎𝑎𝑖𝑖𝑗𝑗 = 𝑝𝑝(𝑠𝑠𝑡𝑡 = 𝑗𝑗 | 𝑠𝑠𝑡𝑡−1 = 𝑖𝑖).  Hence, 𝑎𝑎𝑖𝑖𝑗𝑗 ∈ [0,1], and further ∑ 𝑎𝑎𝑖𝑖𝑗𝑗 = 1𝐾𝐾
𝑗𝑗=1 , for 

every 𝑖𝑖 𝜖𝜖 {1,2, . . ,𝐾𝐾}. 

• 𝜽𝜽� = {𝜽𝜽1,𝜽𝜽2, … ,𝜽𝜽𝐾𝐾} parameterizes the likelihood 𝑝𝑝(𝒚𝒚𝑡𝑡|𝑠𝑠𝑡𝑡), assumed to be multivariate 

Gaussian in the present study. Thus, for every  𝑗𝑗 ∈ {1,2, …𝐾𝐾},  𝜽𝜽𝑗𝑗 = {𝝁𝝁𝑗𝑗 ,𝜮𝜮𝑗𝑗}, where 𝝁𝝁𝑗𝑗 is 

the (M×1) mean vector and 𝜮𝜮𝑗𝑗 is the (M×M) covariance matrix. That is, 

𝑝𝑝�𝒚𝒚𝑡𝑡�𝑠𝑠𝑡𝑡 = 𝑗𝑗, 𝜽𝜽��~𝑁𝑁(𝝁𝝁𝑗𝑗,𝜮𝜮𝑗𝑗). 

Thus, the HMM parameter set consists of  Θ = {𝜋𝜋� ,𝐴𝐴,𝜽𝜽�}. A first-order HMM instantiates two 

simplifying assumptions:  

First, as with a first-order Markov chain, the probability of any given state depends only on the 

previous state. In other words, at any instant of time, the probability of transitioning from one 
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state to another depends only on the current state that the system is in, and specifically not on 

the path it took to reach the current state. Mathematically, 

Markov assumption:     𝑝𝑝(𝑠𝑠𝑡𝑡|𝑠𝑠1 … . 𝑠𝑠𝑡𝑡−1) = 𝑝𝑝(𝑠𝑠𝑡𝑡|𝑠𝑠𝑡𝑡−1) 

Second, the probability of an observation 𝒚𝒚𝒕𝒕 depends only on the state 𝑠𝑠𝑡𝑡 that produced the 

observation and not on any other states or any other observations. In other words, given 𝑠𝑠𝑡𝑡, 𝒚𝒚𝒕𝒕 

is conditionally independent. That is, 

Output Independence:       𝑝𝑝(𝒚𝒚𝑡𝑡|𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑡𝑡, … 𝑠𝑠𝑇𝑇 ,𝒚𝒚1,𝒚𝒚2, … ,𝒚𝒚𝑡𝑡−1,𝒚𝒚𝑡𝑡+1, … ,𝒚𝒚𝑇𝑇) = 𝑝𝑝(𝒚𝒚𝑡𝑡|𝑠𝑠𝑡𝑡) 

The posterior probability distribution of the model is then given by,  

𝑝𝑝(�̃�𝑠,Θ|𝒚𝒚�) ∝ 𝑝𝑝(𝑠𝑠1|𝜋𝜋�)�𝑝𝑝(𝑠𝑠𝑡𝑡|𝑠𝑠𝑡𝑡−1,𝐴𝐴).𝑝𝑝�𝒚𝒚𝑡𝑡�𝑠𝑠𝑡𝑡,𝜽𝜽��.𝑝𝑝(𝐴𝐴).𝑝𝑝(
𝑇𝑇

𝑡𝑡=1

𝜽𝜽�) 

In this thesis, the observation models 𝑝𝑝�𝒚𝒚𝑡𝑡�𝑠𝑠𝑡𝑡,𝜽𝜽��  are assumed to be multivariate Gaussian 

distributions and the prior distributions over  Θ = {𝜋𝜋� ,𝐴𝐴,𝜽𝜽�} are chosen to be conjugate 

distributions. 

2.3.3 HMM - Implementation 

The implementation of HMM involves two steps – first the optimal model estimates need to 

be inferred from the observed data and then using the fitted model, the underlying state 

transition sequence needs to be decoded. The former objective is achieved through an 

expectation maximization step and the latter through Viterbi decoding (Bishop, 2006; Rabiner, 

1989; Rezek & Roberts, 2005). The optimal distributions that describe the observations are 

identified in a recursive manner. The posterior and prior distributions are computed using the 

forward-backward algorithm and expectation maximization identifies the optimal model that 

best suits the observations.  
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Forward-backward algorithm: This is fundamentally a dynamic programming algorithm. 

Suppose a sequence of observations 𝒚𝒚� = [𝒚𝒚1,𝒚𝒚2, … … … … . ,𝒚𝒚𝑇𝑇] is given and let �̃�𝑠 =

[𝑠𝑠1, 𝑠𝑠2, … . , 𝑠𝑠𝑇𝑇] be the corresponding hidden states, as per the settings mentioned in section 

2.3.2. Assume that 𝑝𝑝(𝒚𝒚𝑡𝑡|𝑠𝑠𝑡𝑡) ,𝑝𝑝(𝑠𝑠𝑡𝑡|𝑠𝑠𝑡𝑡−1) and  𝑝𝑝(𝑠𝑠1) are known. Now, the goal of forward-

backward algorithm is to find  𝑝𝑝(𝑠𝑠𝑡𝑡|𝒚𝒚�) ∀ 𝑡𝑡 ∈ {1,2, …𝑇𝑇}. The forward algorithm computes the 

probability,  𝑝𝑝(𝑠𝑠𝑡𝑡|𝒚𝒚1,𝒚𝒚2, …𝒚𝒚𝑡𝑡) and the backward algorithm computes  𝑝𝑝(𝒚𝒚𝑡𝑡,𝒚𝒚𝑡𝑡+1, …𝒚𝒚𝑇𝑇|𝑠𝑠𝑡𝑡) 

∀ 𝑡𝑡 ∈ {1,2, …𝑇𝑇}. This is done recursively. Then due to the Markov property and output 

independence, it turns out that  

𝑝𝑝(𝑠𝑠𝑡𝑡,Θ|𝒚𝒚�) ∝ 𝑝𝑝(𝑠𝑠𝑡𝑡,𝒚𝒚�) =  𝑝𝑝(𝒚𝒚𝑡𝑡,𝒚𝒚𝑡𝑡+1, …𝒚𝒚𝑇𝑇|𝑠𝑠𝑡𝑡).𝑝𝑝(𝑠𝑠𝑡𝑡|𝒚𝒚1,𝒚𝒚2, …𝒚𝒚𝑡𝑡)  

Expectation maximization: Over different iterations, the parameters of the model are updated 

using expectation maximization, where typically a performance measure of the model is 

maximized. In general, the most established method for parameter optimization in HMM is the 

maximum likelihood method, where the best fit is chosen based on expectation maximization 

of the log-likelihood estimate of the model. However, this method has many drawbacks such 

repeated estimation of likelihood and penalization of likelihood score, which makes it 

computationally slow in convergence (Rezek & Roberts, 2005). To overcome these issues, 

another method to optimize the model has been proposed for those cases where the prior and 

posterior distributions belong to an exponential family of distributions (Rezek & Roberts, 

2005). As per this method, both the HMM parameters  Θ and state variables �̃�𝑠 can be inferred 

using a single loss function based on the Kullback-Leibler (KL) divergence using a variational 

Bayes inference. The KL divergence measures a distance between two distributions Q and P 

and is defined by the integral 

𝐷𝐷𝐾𝐾𝐾𝐾(𝑞𝑞(�̃�𝑠)||𝑝𝑝(�̃�𝑠,𝒚𝒚�)) = �𝑞𝑞(�̃�𝑠)𝑙𝑙𝑙𝑙𝑙𝑙
𝑞𝑞(�̃�𝑠)
𝑝𝑝(�̃�𝑠|𝒚𝒚�)𝑑𝑑�̃�𝑠 + log  𝑝𝑝(𝒚𝒚�). 
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Here, the distributions 𝑞𝑞(�̃�𝑠) and 𝑝𝑝(�̃�𝑠,𝒚𝒚�) , parameterized by  𝜽𝜽� , are defined over the set of 

hidden variables �̃�𝑠, conditioned on the observed data 𝒚𝒚� . The cost function based on KL 

divergence, called variational free energy is defined as  

Ƒ = −�𝑞𝑞( �̃�𝑠) 𝑞𝑞(𝜽𝜽�) log  𝑝𝑝(𝒚𝒚�, �̃�𝑠�𝜽𝜽��𝑑𝑑�̃�𝑠 𝑑𝑑𝜽𝜽� +  �𝑞𝑞( �̃�𝑠) log  𝑞𝑞(�̃�𝑠)𝑑𝑑�̃�𝑠 +  �𝑞𝑞(𝜽𝜽�)𝑙𝑙𝑙𝑙𝑙𝑙
𝑞𝑞(𝜽𝜽�)
𝑝𝑝(𝜽𝜽�)

𝑑𝑑(𝜽𝜽�) 

The first term in the above equation is the average log-likelihood, second term is the negative 

entropy and the third is the KL divergence measure. Convergence is measured by the actual 

value of cost function and the estimation is terminated when a local optimum is reached (that 

is, when the divergence measure no longer changes significantly).   

Viterbi decoding: This is again a dynamic programming algorithm; when given an observation 

sequence and the model, which identifies the most probable hidden state sequence that 

generated that observed sequence. Specifically, the aim is to compute �̃�𝑠∗ =

𝑎𝑎𝑎𝑎𝑙𝑙𝑎𝑎𝑎𝑎𝑎𝑎�̃�𝑠 𝑝𝑝(𝒚𝒚�|�̃�𝑠,Θ∗). The exact working of the algorithm can be explained using a trellis 

diagram as shown in Figure 3, where an HMM with 3 states is assumed. Starting from a known 

initial state (s3 in Figure 3), the probability of moving to each of the three states at the next 

time instant is noted. Thus, at any time instant and for each of the three states, the most probable 

path ending at that state is discovered based on the (known) transition and emission 

probabilities. 

A recursive relationship to maximize the probability can be developed. As mentioned, the aim 

is to find �̃�𝑠∗ = 𝑎𝑎𝑎𝑎𝑙𝑙𝑎𝑎𝑎𝑎𝑎𝑎�̃�𝑠 𝑝𝑝(𝒚𝒚�|�̃�𝑠,Θ∗)  which is same as  𝑎𝑎𝑎𝑎𝑙𝑙𝑎𝑎𝑎𝑎𝑎𝑎�̃�𝑠 𝑝𝑝(𝒚𝒚�, �̃�𝑠,Θ∗), as they are 

proportional. Define 𝛽𝛽𝑡𝑡(𝑠𝑠𝑡𝑡) = 𝑎𝑎𝑎𝑎𝑙𝑙𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠1,𝑠𝑠2….𝑠𝑠𝑡𝑡−1  𝑝𝑝(𝒚𝒚1,𝒚𝒚2. .𝒚𝒚𝑡𝑡, 𝑠𝑠1, 𝑠𝑠2, . . 𝑠𝑠𝑡𝑡|Θ∗). Then due to 

Markov property and output independence, it can be shown that  

𝛽𝛽𝑡𝑡(𝑠𝑠𝑡𝑡) = 𝑎𝑎𝑎𝑎𝑙𝑙𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑡𝑡−1 𝑝𝑝(𝑠𝑠𝑡𝑡|𝑠𝑠𝑡𝑡−1).  𝑝𝑝(𝑦𝑦𝑡𝑡|𝑠𝑠𝑡𝑡) .𝛽𝛽𝑡𝑡−1(𝑠𝑠𝑡𝑡−1) 
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With the initialization, 𝛽𝛽1(𝑠𝑠1) = 𝑝𝑝(𝑠𝑠1).𝑝𝑝(𝒚𝒚1|𝑠𝑠1), all values of 𝛽𝛽𝑡𝑡(𝑠𝑠𝑡𝑡)   ∀ 𝑡𝑡 ∈ {1,2, …𝑇𝑇} and the 

corresponding states at each time point can be decoded recursively using the above update 

equation. 

A MATLAB based implementation of the algorithm (www.fmrib.ox.ac.uk/∼woolrich/ 

HMMtoolbox) is used in building HMM in Chapter 4. 

 

 

Figure 3. A trellis diagram showing the most probable path recursively determined via Viterbi 
algorithm 

2.4 Supervised learning – Classification 

The analyses presented in Chapters 3, 4 and 5 involve the prediction of diagnostic/prognostic 

status. A class of machine learning algorithms called ‘supervised classification’ can be used 

for this task. Machine learning refers to a class of algorithms and statistical models that are 

used in data analysis; these models infer patterns or associations from data without an explicit 

program that assigns these relationships, hence referred to as ‘machine learning’. A sub-group 

of models under machine learning, called supervised learning models ‘learn’ a function that 

maps an input to an output from numerous instances of example input-output pairs provided. 
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In a classification task, the objective is to build a model that can classify data into different 

groups. Each group is assigned a ‘label’. The data sample used for inferring the model is called 

‘training data’ and further, the inferred model is used for mapping new examples, which are 

called ‘testing data’. Further, the performance of the model is evaluated by comparing the true 

labels to the mapped/predicted labels. Since the testing is done on samples independent to the 

training, this method is called cross-validation or out-of-sample prediction.  

In this thesis, a supervised learning approach was used for different classification analyses 

performed. A framework for classifying subjects into patients or healthy subjects is depicted 

in Figure 4. A supervised classification involves training and testing phases. Firstly, the entire 

data set (brain images from different subjects) is partitioned into two groups – training and 

testing samples. Different strategies can be followed in this partition; for example, 90% data 

can be used to build the model and remaining 10% can be used for testing, which is called ten-

fold cross-validation. Secondly, certain characteristic measures called ‘features’ are extracted 

from the training data. Static or dynamic connectivity measures comprise the features in 

connectivity-based predictive models.  Thirdly, using features from training data and 

associated labels, a classifier model is built. This involves optimizing a function that maps 

input features to output labels. Different classifier models such as support vector machines 

(SVM), decision trees, k-nearest neighbor, linear discriminant analysis and neural networks are 

used in practice; the statistical models and underlying assumptions vary between these different 

algorithms. Since labels are provided during the training phase, the approach is called 

‘supervised’.  
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Figure 4. An overview of the supervised learning framework for binary classification. A 
framework to classify subjects into patients versus controls based on resting-state brain 
imaging data is depicted. Connectivity features are extracted from training and testing data, 
which form the features for building model. Different classifier models such as support vector 
machines (SVM), k-nearest neighbor (KNN), linear discriminant analysis (LDA) and artificial 
neural networks are employed in practice. In the training phase, using features from training 
data and associated labels, a classifier model is built. In the prediction phase, the trained model 
is used to predict the labels of test sample, given their features. The performance of the model 
is evaluated by comparing the predicted labels against the true labels.  
The next step is the prediction; the estimated model is used to predict the labels associated to 

testing data by assessing their features. Further, the predicted labels are compared against true 

labels to evaluate the performance of the model. Different performance measures have been 

defined - the fraction of correct predictions out of total predictions is called accuracy; the 

fraction of patients classified correctly as patients is known as sensitivity; similarly, the fraction 

of correctly classified healthy subjects is known as specificity. Further, the reliability of the 

model can be established by repeating the analysis on another partition of the datset into 
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training and testing samples. Consistent high performance across several such partitions 

provide evidence for the robustness of the model. Large sample sizes are needed to generalize 

the reproducibility of the results.  
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Abstract
Correlation in functional MRI activity between spatially separated brain regions can fluctuate

dynamically when an individual is at rest. These dynamics are typically characterized temporally by

measuring fluctuations in functional connectivity between brain regions that remain fixed in space

over time. Here, dynamics in functional connectivity were characterized in both time and space.

Temporal dynamics were mapped with sliding-window correlation, while spatial dynamics were

characterized by enabling network regions to vary in size (shrink/grow) over time according to the

functional connectivity profile of their constituent voxels. These temporal and spatial dynamics

were evaluated as biomarkers to distinguish schizophrenia patients from controls, and compared

to current biomarkers based on static measures of resting-state functional connectivity. Support

vector machine classifiers were trained using: (a) static, (b) dynamic in time, (c) dynamic in space,

and (d) dynamic in time and space characterizations of functional connectivity within canonical

resting-state brain networks. Classifiers trained on functional connectivity dynamics mapped over

both space and time predicted diagnostic status with accuracy exceeding 91%, whereas utilizing

only spatial or temporal dynamics alone yielded lower classification accuracies. Static measures of

functional connectivity yielded the lowest accuracy (79.5%). Compared to healthy comparison

individuals, schizophrenia patients generally exhibited functional connectivity that was reduced

in strength and more variable. Robustness was established with replication in an independent data-

set. The utility of biomarkers based on temporal and spatial functional connectivity dynamics

suggests that resting-state dynamics are not trivially attributable to sampling variability and head

motion.
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1 | INTRODUCTION

Over the past two decades, blood oxygenation-level dependent (BOLD)

functional magnetic resonance imaging (fMRI) acquired during rest has

emerged as a promising approach to understand complex brain function.

Spatially separated brain regions that exhibit correlation in their BOLD

activity are said to be functionally connected (Friston 1994; Friston 2011).

Functional connectivity (FC) persists even when the brain is at rest and

not engaged in an explicit task, giving rise to spatial maps of functionally

connected regions called resting state networks (RSNs). These networks

are consistently found in healthy individuals, both during rest (Fox et al.,

2005) as well as during task performance, with only minimal reconfigura-

tion of network architecture between task and rest (Calhoun, Kiehl, &

Pearlson, 2008; Cole, Bassett, Power, Braver, & Petersen, 2014; Sonuga-

Barke & Castellanos, 2007; Smith et al., 2009). RSNs have yielded insight

into the brain’s functional organization (Fox et al., 2005; Raichle et al.,

2001; Raichle 2010), maturation (Doria et al., 2010; Fair et al., 2008),

effects of ageing (Damoiseaux et al., 2008), and characterization of many

neurological and neuropsychiatric disorders (reviewed in Fox & Greicius

2010; Greicius 2008; Fornito, Zalesky, & Breakspear, 2015).

Using resting-state fMRI, RSNs can be mapped with seed-based

methods (Biswal, Zerrin Yetkin, Haughton, & Hyde, 1995; Biswal,
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Kylen, & Hyde, 1997; Cordes et al., 2000; Jiang, He, Zang, & Weng,

2004) or independent component analysis (ICA; Beckmann, DeLuca,

Devlin, & Smith, 2005; Calhoun, Adali, Pearlson, & Pekar, 2001; De

Luca et al., 2005; van de Ven, Formisano, Prvulovic, Roeder, & Linden,

2004). With the former method, a seed (region of interest, ROI) is

defined based on previous studies or atlases and the average time

course from this region is correlated with other brain voxels. While

these methods rely on prior knowledge about the network architecture,

ICA based methods do not require any such information and networks

are defined in a data-driven manner under the assumptions of spatial

or temporal independence among voxel time courses. These initial

studies assumed functional connections and RSNs to be invariant over

time, implying that a single connectivity measure over the whole scan

duration provides a sufficient characterization, which we refer to as

static FC hereafter. However, it has been demonstrated both empiri-

cally and with simulation that resting-state FC exhibits rich dynamics

and temporal structure (Chang & Glover, 2010; Allen et al., 2014;

Hutchison, Womelsdorf, Gati, Everling, & Menon, 2013b); giving rise to

the currently very active field of dynamic FC (Hutchison et al., 2013a;

Tagliazucchi & Laufs, 2015; Preti, Bolton, & Van De Ville, 2016; Kara-

hano�glu & Van De Ville, 2017). While several studies have sought to

identify the neural basis of dynamic FC (Tagliazucchi, von Wegner,

Morzelewski, Brodbeck, & Laufs, 2012; Chang, Liu, Chen, Liu, & Duyn,

2013; Thompson et al., 2013), its functional underpinnings (Kucyi &

Davis, 2014; Chen, Chen, Xie, & Li, 2011; Zalesky, Fornito, Cocchi,

Gollo, & Breakspear, 2014; Yang, Craddock, Margulies, Yan, & Milham,

2014) and aberrant dynamics of FC in disease (Rashid, Damaraju, Pearl-

son, & Calhoun, 2014; Damaraju et al., 2014; Jones et al., 2012; Liao

et al., 2014), the field remains hotly disputed, with suggestions that

observed dynamics might be trivially due to nuisance physiological and

head motion covariates that have not been adequately removed (Lau-

mann et al., 2016). Additional contention is owing to ambiguity in the

core definition of dynamic FC (Liegeois, Laumann, Snyder, Zhou, &

Yeo, 2017) and ongoing debate about the utility of sliding-window

analyses and the choice of null model (Hindriks et al., 2016; Zalesky &

Breakspear, 2015; Leonardi & Van De Ville, 2015).

Single-subject prediction of diagnosis, illness outcome and treat-

ment response offers significant potential to influence clinical decision

making in neuropsychiatry (Koutsouleris et al., 2009; Koutsouleris &

Kambeitz, 2016). To date, single-subject predictions inferred from fMRI

have largely focussed on static FC and other static properties of the

BOLD response. In particular, multivariate pattern-recognition techni-

ques (machine learning) applied to static FC measures have been

trained to distinguish psychiatric patients from healthy controls with

accuracies ranging between 60% and 80%, depending on the disorder

and illness severity (Woo, Chang, Lindquist, & Wager, 2017). To be

useful for clinical practice, biomarkers with improved accuracy, reliabil-

ity and predictive value are essential (Abi-Dargham & Horga, 2016).

Recent evidence suggests that neuropsychiatric disorders are associ-

ated with marked abnormalities in dynamic FC and that these dynamic

biomarkers can distinguish patients from healthy comparison individu-

als with greater accuracy than predictions based on static FC alone (Jin

et al., 2017; Wee et al., 2012; Price, Wee, Gao, & Shen, 2014).

Therefore, the dynamic properties of functional brain networks merit

further study in the context of candidate biomarkers for clinically useful

predictive models in psychiatric disorders such as schizophrenia.

Studies of dynamic FC have invariably focussed on characterizing

the temporal dynamics of FC, with little consideration given to any pos-

sible dynamics in the spatial layout of RSNs. The spatial extent of func-

tional networks is typically defined using a parcellation atlas or with

ICA, both of which enforce anatomical boundaries that are fixed in

space over all time. Here, we aim to establish whether resting-state FC

exhibits meaningful spatial dynamics and whether spatial dynamics can

improve single-subject prediction of schizophrenia diagnosis. While it is

known that functional brain networks exhibit spatial dynamics during

task performance (Calhoun et al., 2008; Fransson 2006; Sonuga-Barke

& Castellanos, 2007; Kelly, Uddin, Biswal, Castellanos, & Milham,

2008), little is known about whether these spatial dynamics persist in

rest or whether they are altered in disease. In addition, neuropsychiat-

ric disorders such as schizophrenia are typically characterized by reduc-

tions in gray matter volume and these reductions can remain even

after registration to a standard template. Allowing the spatial extent of

functional network boundaries to vary between individuals and over

time can in principle account for reductions in gray matter volume,

since the spatial extent of a functional network is inherently reduced to

match the extent of atrophy. While some studies have sought to char-

acterize the spatio-temporal dynamics of RSNs in healthy subjects

(Kiviniemi et al., 2011) and in schizophrenia patients (Ma, Calhoun,

Phlypo, & Adalı, 2014), these studies assume spatial independence

among networks; further, they have not evaluated the extent to which

dynamic FC can improve single-subject prediction of diagnostic status.

The aim of this study is to evaluate the extent to which biomarkers

characterizing both the spatial and temporal dynamics of key RSNs can

improve the accuracy of machine-based single-subject prediction of

schizophrenia diagnosis. We hypothesize that spatio-temporal dynam-

ics in resting-state FC is altered in schizophrenia patients and that

these dynamics distinguish patients from healthy controls with greater

precision compared to static characterizations of RSNs. To address this

hypothesis, we developed a novel sliding-window based method to

map both spatial and temporal fluctuations in RSNs defined relative to

a seed region. Unlike complementary ICA-based methods, our method

does not enforce temporal or spatial independence between RSNs,

meaning that RSNs can potentially overlap and share common regions

at any time. Using two independent datasets, we evaluated the accu-

racy with which schizophrenia patients can be distinguished from

healthy comparison individuals with a support vector machine (SVM)

classifier trained on: (a) static, (b) dynamic in time, (c) dynamic in space,

and (d) dynamic in time and space characterizations of FC in key RSNs.

2 | MATERIALS AND METHODS

2.1 | Data

2.1.1 | Dataset 1

Participants included 41 patients with treatment-resistant schizophrenia

(TRS; mean age 40.9 years, r 5 10.0 years, 28 males) and 41
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accuracies ranging between 60% and 80%, depending on the disorder
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useful for clinical practice, biomarkers with improved accuracy, reliabil-

ity and predictive value are essential (Abi-Dargham & Horga, 2016).

Recent evidence suggests that neuropsychiatric disorders are associ-

ated with marked abnormalities in dynamic FC and that these dynamic

biomarkers can distinguish patients from healthy comparison individu-

als with greater accuracy than predictions based on static FC alone (Jin

et al., 2017; Wee et al., 2012; Price, Wee, Gao, & Shen, 2014).

Therefore, the dynamic properties of functional brain networks merit
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ric disorders such as schizophrenia are typically characterized by reduc-
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functional network boundaries to vary between individuals and over

time can in principle account for reductions in gray matter volume,
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acterize the spatio-temporal dynamics of RSNs in healthy subjects

(Kiviniemi et al., 2011) and in schizophrenia patients (Ma, Calhoun,

Phlypo, & Adalı, 2014), these studies assume spatial independence

among networks; further, they have not evaluated the extent to which

dynamic FC can improve single-subject prediction of diagnostic status.

The aim of this study is to evaluate the extent to which biomarkers

characterizing both the spatial and temporal dynamics of key RSNs can

improve the accuracy of machine-based single-subject prediction of

schizophrenia diagnosis. We hypothesize that spatio-temporal dynam-

ics in resting-state FC is altered in schizophrenia patients and that

these dynamics distinguish patients from healthy controls with greater

precision compared to static characterizations of RSNs. To address this

hypothesis, we developed a novel sliding-window based method to

map both spatial and temporal fluctuations in RSNs defined relative to

a seed region. Unlike complementary ICA-based methods, our method

does not enforce temporal or spatial independence between RSNs,

meaning that RSNs can potentially overlap and share common regions

at any time. Using two independent datasets, we evaluated the accu-

racy with which schizophrenia patients can be distinguished from

healthy comparison individuals with a support vector machine (SVM)

classifier trained on: (a) static, (b) dynamic in time, (c) dynamic in space,

and (d) dynamic in time and space characterizations of FC in key RSNs.

2 | MATERIALS AND METHODS

2.1 | Data

2.1.1 | Dataset 1

Participants included 41 patients with treatment-resistant schizophrenia

(TRS; mean age 40.9 years, r 5 10.0 years, 28 males) and 41
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age-matched healthy controls (mean age 38.3 years, r 5 10.5 years, 24

males). TRS patients did not respond to at least two different antipsy-

chotics in at least two trials (Suzuki et al., 2012) and were taking cloza-

pine (Kane, Honigfeld, Singer, & Meltzer, 1988; Siskind, McCartney,

Goldschlager, & Kisely, 2016). Clinical and demographic characteristics

are shown in Table 1. The study was approved by the Melbourne Health

Human Research Ethics committee (MHREC ID 2012.069) and all partici-

pants provided written informed consent, prior to participation.

Magnetic resonance images were collected on a Siemens Avanto

3T Magnetom TIM Trio scanner. All participants were instructed to

keep their eyes closed and not to fall asleep while scanning. T1

weighted anatomical images were acquired using an optimized

Magnetization-Prepared Rapid acquisition Gradient Echo (MPRAGE)

sequence with the following parameters: 176 sagittal slices of 1 mm

thickness without gap, field of view (FOV) 5 250 3 250 mm2, repeti-

tion time (TR) 5 1980 ms, echo time (TE) 5 4.3 ms, flip angle 5 158

and resolution 5 0.98 3 0.98 3 1.0 mm. Resting-state fMRI data was

acquired for 8 min (234 volumes) using a T2*-weighted echo-planar

imaging (EPI) sequence with TR 5 2 s, TE 5 40 ms, voxel

dimensions5 3.3 3 3.3 3 3 mm and matrix size 643 64.

2.1.2 | Dataset 2 (replication cohort)

The replication dataset comprised 15 healthy volunteers (mean age

33.3 years, r 5 9.2 years, 14 male) and 12 patients with chronic schizo-

phrenia (mean age 32.8 years, r 5 9.2 years, 10 male). The two groups

were matched for age, pre-onset IQ and years of education. The

patients were diagnosed as per the standard operational criteria in the

Diagnostic and Statistical Manual of Mental Disorders IV (the official

manual of American Psychiatric Association). All patients were treated

with antipsychotic medication; in addition, four patients were receiving

psychotropic drugs. To reduce the acute effects of antipsychotic medi-

cation on the day of scanning, patients were asked to abstain from their

usual medication regime. The study protocol was approved by the

Addenbrooke’s NHS Trust Local Research Ethics Committee and all

subjects provided informed consent in writing before participation.

All scans were acquired using a 1.5 Tesla GE Signa scanner (Gen-

eral Electric, Milwaukee, WI) located at the BUPA Lea Hospital, Cam-

bridge, UK. Resting-state functional images were acquired using T2*-

weighted EPI sequence, as participants laid quietly in the scanner with

eyes closed. Imaging parameters were: TR 5 2 s, TE 5 40 ms, flip

angle 5 708, voxel size 5 3.05 3 3.05 3 7 mm, slice gap 5 0.7 mm

and number of volumes 5 512. Further details on the demographics

and acquisition of this dataset can be found in a previous study (Zale-

sky, Fornito, & Bullmore, 2010).

2.2 | Data preprocessing

2.2.1 | Dataset 1

Scans from individual subjects were preprocessed using FSL (FMRIB

software Library, https://fsl.fmrib.ox.ac.uk/fsl/) and SPM8 (www.fil.ion.

TABLE 1 Demographic and clinical characteristics of participants (Dataset 1)

TRS patients (n 5 41) Healthy volunteers (n 5 41) Between group differences

Gender (Male/Female) 28/13 24/17 v2(1, N 5 82) 5 0.97, p 5 .32

Age (years) 40.9 6 10.0 38.3 6 10.5 t(82) 5 1.1, p 5 .27

Illness duration (years) 17.9 6 9.3 – –

IQ 86.1 6 18.7 111.2 6 13.6 t(75) 5 6.70, p 5 .0000*

Education (years) 12.0 6 0.55 16.4 6 0.47 t(79) 5 26.35, p 5 .0000*

GAF 45.9 6 13.0 79.5 6 10.6 t(79) 5 212.79, p 5 .0000*

SOFAS 46.5 6 14.8 79.5 6 11.0 t(80) 5 211.49, p 5 .0000*

Clozapine dosage (mg/day) 393.24 6 24.6 – –

Chlorpromazine equivalent
dosage (mg/day)

615.4 6 55.84 – –

PANSS scores

Positive 15.6 6 6.58 – –

Negative 16.4 6 5.18 – –

Disorganized 12.4 6 4.09 – –

Excited 6.3 6 2.66 – –

Depressed 8.3 6 3.84 – –

Total 59.1 6 13.1 – –

Mean 6 SD of each measure is shown. Note that the degrees of freedom are smaller for some measures, as not all information was available for every subject.
Abbreviations: TRS, treatment-resistant schizophrenia; IQ, intelligence quotient; GAF, the global assessment of functioning; SOFAS, Social and Occupa-
tional Functioning Assessment Scale; PANSS, Positive and Negative Syndrome Scale.
*Significant p < .01.
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ucl.ac.uk/spm). For every subject, the functional images were slice-time

corrected, realigned to the mean functional volume to correct for head

motion and co-registered to the respective T1-weighted anatomical

image via rigid-body registration and then spatially normalized to the

Montreal Neurological Institute (MNI) 152 template with isotropic

2 mm resolution via non-linear transformation. Motion parameters

(Friston 24-parameter model; Friston, Williams, Howard, Frackowiak, &

Turner, 1996) and signals from the white matter and the ventricles

were regressed from each voxel time course, to account for head

motion and physiological noise.

The residuals from this regression were spatially smoothed using a

Gaussian kernel of full-width at half-maximum (FWHM) of 4mm. Any

linear trend was removed from each voxel time course and temporal

band-pass filtering (0.01–0.1 Hz) was performed to reduce the effects

of low frequency drifts and high frequency physiological noise (Cordes

et al., 2001). The resulting time courses were used for further analyses.

Given that the regression of motion parameters is not sufficient to

eliminate variance related to head motion (Power, Barnes, Snyder,

Schlaggar, & Petersen, 2012; Van Dijk, Sabuncu, & Buckner, 2012; Yan

et al., 2013), further motion correction was performed by censoring high-

motion volumes in each individual (Power et al., 2012). Specifically, vol-

umes with a frame-wise displacement (FD) exceeding 0.5 mm were

censored, where FD measures the extent of head movement from one

volume to the next, and is calculated as the sum of the absolute values of

the differentiated realignment estimates (Power et al., 2012).

2.2.2 | Dataset 2

These data were preprocessed as a part of a prior study (Zalesky et al.,

2010). The pre-processing steps were comparable as that described

above for Dataset 1, except that these images were normalized to a

resampled MNI template with a voxel resolution of 3 3 3 3 7 mm and

spatial smoothing was performed using a Gaussian kernel of

FWHM5 6 mm; further details can be found in (Zalesky et al., 2010).

2.3 | Networks and regions

FC was measured between pairs of regions comprising several canonical

RSNs. We considered 14 previously delineated RSNs (Shirer, Ryali, Rykh-

levskaia, Menon, & Greicius, 2012). Each RSN comprised multiple spa-

tially contiguous cortical and/or subcortical regions, resulting in a total of

90 regions across the 14 RSNs. While mutual exclusivity among regions

was not explicitly enforced, most regions did not share common voxels.

The 14 RSNs and their constituent regions are listed in Table 2 and

shown in Figure 1. Network regions are shown in green and orange,

TABLE 2 Regions comprising each of the 14 resting-state networks (RSNs) between which functional connectivity was mapped

Network Abbreviation Areas
No. of
nodes

Seed region
chosen

Anterior salience network ASN BA – 9, 46, 48, 47, 24, 32, 8, 6; left lobule VI,
right lobule VI, crus I

7 Left middle frontal gyrus

Auditory network AUD BA – 22, 48, 38, 42; right thalamus 3 Left superior temporal gyrus

Basal ganglia network BGN BA – 45, 48; pons, left thalamus, left caudate,
right thalamus, right caudate, putamen

5 Left thalamus

Dorsal default mode network dDMN BA – 9, 10, 24, 32, 11, 39, 23, 30, 39, 20, 36;
left and right thalamus

9 Posterior cingulate cortex

Higher visual network hVIS BA – 17, 18, 19 2 Left middle occipital gyrus

Language network LAN BA – 45, 47, 21, 37, 39, 22, 42, 40; left crus I 7 Left inferior frontal gyrus

Left executive control network LECN BA – 8, 9, 10, 45, 47, 7, 40, 39, 20, 37; right crus
I, left thalamus

6 Left inferior parietal gyrus

Precuneus network PRE BA – 7, 19, 23, 40 4 Precuneus

Posterior salience network PSN BA – 46, 40, 5, 23, 7, 5, 2, 40, 48; left thalamus,
left lobule VI, right thalamus, right lobule VI

12 Right supramarginal gyrus

Primary visual network pVIS BA – 17; left thalamus 2 Calcarine sulcus

Right executive control network RECN BA – 46, 8, 9, 10, 7, 40, 39, 8; left crus I, left
crus II, lobule VI, right caudate

6 Right inferior parietal gyrus

Sensorimotor network SMN BA – 3, 4, 6; left thalamus, right thalamus,
bilateral lobule IV, V and VI

6 Left precentral gyrus

Ventral default mode network vDMN BA – 29, 30, 23, 8, 6, 37, 20, 19, 39, 7, 5, 9; right
lobule IX

10 Left middle occipital gyrus

Visuo-spatial network VSN BA – 2, 6, 40, 7, 44, 48, 45, 37; left lobule VIII
and VIIb; right lobule VI, VIII and VIIb; right
crus I

11 Left superior frontal gyrus

The number of network nodes involved and the seed region chosen to define the network are listed. BA – Broadmann Area. Note that nodes can span multiple
BAs and regions; not all voxels comprising a BA or region are necessarily included as part of a node. The fourteen RSNs are shown in Figure 1.
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90 regions across the 14 RSNs. While mutual exclusivity among regions

was not explicitly enforced, most regions did not share common voxels.

The 14 RSNs and their constituent regions are listed in Table 2 and

shown in Figure 1. Network regions are shown in green and orange,

TABLE 2 Regions comprising each of the 14 resting-state networks (RSNs) between which functional connectivity was mapped
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Seed region
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right thalamus, right caudate, putamen

5 Left thalamus

Dorsal default mode network dDMN BA – 9, 10, 24, 32, 11, 39, 23, 30, 39, 20, 36;
left and right thalamus

9 Posterior cingulate cortex

Higher visual network hVIS BA – 17, 18, 19 2 Left middle occipital gyrus

Language network LAN BA – 45, 47, 21, 37, 39, 22, 42, 40; left crus I 7 Left inferior frontal gyrus

Left executive control network LECN BA – 8, 9, 10, 45, 47, 7, 40, 39, 20, 37; right crus
I, left thalamus

6 Left inferior parietal gyrus

Precuneus network PRE BA – 7, 19, 23, 40 4 Precuneus

Posterior salience network PSN BA – 46, 40, 5, 23, 7, 5, 2, 40, 48; left thalamus,
left lobule VI, right thalamus, right lobule VI

12 Right supramarginal gyrus

Primary visual network pVIS BA – 17; left thalamus 2 Calcarine sulcus

Right executive control network RECN BA – 46, 8, 9, 10, 7, 40, 39, 8; left crus I, left
crus II, lobule VI, right caudate

6 Right inferior parietal gyrus

Sensorimotor network SMN BA – 3, 4, 6; left thalamus, right thalamus,
bilateral lobule IV, V and VI

6 Left precentral gyrus

Ventral default mode network vDMN BA – 29, 30, 23, 8, 6, 37, 20, 19, 39, 7, 5, 9; right
lobule IX

10 Left middle occipital gyrus

Visuo-spatial network VSN BA – 2, 6, 40, 7, 44, 48, 45, 37; left lobule VIII
and VIIb; right lobule VI, VIII and VIIb; right
crus I

11 Left superior frontal gyrus

The number of network nodes involved and the seed region chosen to define the network are listed. BA – Broadmann Area. Note that nodes can span multiple
BAs and regions; not all voxels comprising a BA or region are necessarily included as part of a node. The fourteen RSNs are shown in Figure 1.
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while the yellow border encapsulating each region represents neighboring

voxels. Neighboring voxels include all voxels within a �6 mm distance

outer to every network region, in all directions. This neighborhood delin-

eates a space in which regions can dynamically shrink/grow as a function

of time. Each RSN is associated with a single seed region (green) that was

used for conventional seed-based connectivity analyses (Biswal et al.,

1995; Biswal et al., 1997; Cordes et al., 2000; Jiang et al., 2004).

2.4 | Measurement of functional connectivity

Four distinct classes of FC were evaluated: (I) static in time and space;

(II) dynamic in time; (III) dynamic in space; and (IV) dynamic in time and

space. Class I is the conventional method of measuring FC and results

in a temporally and spatially averaged representation of all variations

during the acquisition interval. Class II represents the typical definition

of dynamic FC as temporal variations in the interactions between spa-

tially separated regions. Class III provides a novel conceptualization

involving spatial dynamics in which region size can vary dynamically

over time. Finally, Class IV provides a characterization of FC that com-

bines temporal (Class II) and spatial (Class III) dynamics.

Figure 2 shows the salient features that differ between the four

classes. In the following, we describe how FC was computed for each

of the four classes.

2.4.1 | Class I: Static in time and space

This is the simplest class in which variations in space and time during

the acquisition interval are characterized in terms of their averages.

The number of pairs of regions considered was varied according to a

feature selection heuristic (see Section 2.5). FC was computed inde-

pendently for each pair of regions. Pairs comprising regions from two

distinct RSNs were permitted. The pre-processed fMRI data was spa-

tially averaged over the voxels comprising each region to yield an aver-

age time course for each region. The Pearson cross-correlation

coefficient was then calculated for each pair of regions to yield a mea-

sure of static FC. In Class I, a single correlation coefficient thus charac-

terized the FC between a pair of regions for the entire acquisition

interval, precluding the representation of any spatial or temporal

dynamics. The number of features used for classification was simply

the total number of pairs of regions considered, denoted by M.

2.4.2 | Class II: Dynamic in time and static in space

This class corresponds to the conventional definition of dynamic FC

based on temporal variations that remain fixed in space. To study tem-

poral variations, we employed rectangular, overlapping sliding windows

of fixed duration. The window was successively progressed in time by

the duration of one TR (sampling interval) to yield a series of FC maps

spanning the acquisition interval. Previous studies have considered

window lengths varying from 13 s up to 4 min (Chang & Glover, 2010;

Handwerker, Roopchansingh, Gonzalez-Castillo, & Bandettini, 2012;

Hutchison et al., 2013b; Lee, Zahneisen, Hugger, LeVan, & Hennig,

2013; Leonardi et al., 2013; Allen et al., 2014; Majeed et al., 2011).

Here, we evaluated a variety of window lengths, and a length of

W520 s (10 TRs) was chosen. The effect of different window lengths

was also assessed (see Section 2.6). For a window length of W and an

acquisition comprising T time points, the total number of windows was

given by J5T2W11.

For each pair of regions, the Pearson correlation coefficient was

used to compute FC within each of the J windows to yield a time series

of correlation coefficients qij tð Þ, t51; . . . ; J, where i and j denote regions.

The mean and standard deviation of qij tð Þ were computed over time,

lij5
1
J

XJ

t51

qij tð Þ; rij5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

J21

XJ

t51

qij tð Þ2lij
� �2

vuut ;

to provide summary statistics of temporal FC dynamics for each pair of

regions. It is important to note that lij is not necessarily equal to the

static FC between regional pair i; jð Þ computed under Class I. Standard

deviation provides a simple characterization of dynamics that has been

extensively used as a test statistic for dynamic behavior (Lee et al., 2013;

Kucyi, Salomons, & Davis, 2013; Kucyi & Davis, 2014; Laufs et al., 2014;

Morgan, Abou-Khalil, & Rogers, 2015; Falahpour et al., 2016). In Class II,

the total possible number of features used for classification was 2M,

namely, the mean and standard deviation of qij tð Þ forM pairs of regions.

2.4.3 | Class III: Static in time and dynamic in space

In this class, rather than computing FC between pairs of regions that

are spatially fixed based on a predefined atlas, we used a seed-based

correlation approach to define a distribution of FC that varied in space.

Each RSN comprised a set of spatially contiguous regions, otherwise

referred to as nodes. The number of regions varied between 2 and 12

across the 14 RSNs. For each RSN, a single region was chosen to serve

FIGURE 1 Fourteen resting-state networks delineated by Shirer et al.

(2012). (1) anterior salience, (2) auditory, (3) basal ganglia, (4) dorsal
default mode, (5) higher visual, (6) language, (7) left executive control,
(8) precuneus, (9) posterior salience, (10) primary visual, (11) right exec-
utive control, (12) sensorimotor, (13) ventral default mode and (14)
visuospatial. Seed regions are shown in green and other (non-seed)
regions are shown in orange. When characterizing spatial dynamics,
the spatial extent of each region can shrink/grow within the confines
of the yellow zone, which is a �6 mm neighborhood encapsulating
each region [Color figure can be viewed at wileyonlinelibrary.com]
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as the seed region. Seed regions are colored in green in Figure 1 and

listed in Table 2. For each RSN, along with the seed region, we defined

a mask comprising voxels within a �6 mm neighborhood of each region

of the RSN (yellow) as well as the voxels within each region (orange).

For each voxel comprising the mask, the Pearson correlation coefficient

was computed between the seed region and the voxel’s pre-processed

fMRI time course, resulting in a spatial connectivity map that varied

dynamically across voxels. In this way, FC between the seed region and

other regions of each particular RSN varied from voxel to voxel in a spa-

tially dynamic manner. This was repeated independently for each individ-

ual and each RSN. Finally, the spatial map for each RSN was converted

into a histogram. The histogram was discretised into 20 uniformly spaced

bins on the interval 21;1½ � and each seed-to-voxel correlation coefficient

was assigned to a unique bin. The number of voxels assigned to each his-

togram bin was used to characterize the spatial distribution of FC for

each individual. The total possible number of features used for classifica-

tion was 20N, where N514 is the number of RSNs.

2.4.4 | Class IV: Dynamic in time and space

In this class, dynamics were characterized in both time and space, rep-

resenting a combination of Classes II and III. This enabled the regions

of each RSN to vary in size (shrink/grow) during the acquisition

interval. As with Class III, for each RSN, we defined a seed region and a

mask comprising voxels in the other regions of the RSN as well as vox-

els within a �6 mm neighborhood of all regions in the network. The

Pearson correlation coefficient was then computed between the seed

region and each voxel’s pre-processed fMRI time course, resulting in a

spatial connectivity map that varied dynamically across voxels. Unlike

Class III, where a single spatial map characterized the entire acquisition

interval, we now computed a distinct spatial connectivity map for each

time point. In particular, the same temporal sliding window scheme

defined in Class II was employed and a spatial map was computed for

each window. Each spatial map was converted to a histogram, as

described under Class III. For a given RSN, let hi tð Þ be the number vox-

els assigned to histogram bin 211 i21
10 ;211 i

10

� �
; i51; . . . ;20 for win-

dow t51; . . . ; J. Recall that for a window length of W and an

acquisition comprising T time points, the total number of windows is

given by J5T2W11. For each histogram bin i51; . . . ;20, the mean

and standard deviation of hi tð Þ were computed over time,

l�i 5
1
J

XJ

t51

hi tð Þ; r�
i 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

J21

XJ

t51

hi tð Þ2l�i
� �2

vuut ;

to provide summary statistics of temporal variations in the spatially

varying FC map for each RSN. The total possible number of features

FIGURE 2 Schematic of four different classes of functional connectivity. R1 and R2 denote two distinct nodes, while R1_ext and R2_ext
denote the same two nodes in addition to their spatial neighborhoods (shown in yellow). (a) Class I – Static in both time and space, in
which case, regionally-averaged time courses were correlated to yield a single correlation value. (b) Class II – Static in space, dynamic in
time; in this class, correlations were defined between windowed time courses from the two regions. (c) Class III – Dynamic in space, static
in time, where a histogram of correlations was obtained by correlating the seed time course with individual voxel time courses from nodes
as well as their neighborhood (d) Class IV – Dynamic in both space and time, where a histogram of correlations was defined from each slid-
ing window [Color figure can be viewed at wileyonlinelibrary.com]
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as the seed region. Seed regions are colored in green in Figure 1 and

listed in Table 2. For each RSN, along with the seed region, we defined

a mask comprising voxels within a �6 mm neighborhood of each region

of the RSN (yellow) as well as the voxels within each region (orange).

For each voxel comprising the mask, the Pearson correlation coefficient

was computed between the seed region and the voxel’s pre-processed

fMRI time course, resulting in a spatial connectivity map that varied

dynamically across voxels. In this way, FC between the seed region and

other regions of each particular RSN varied from voxel to voxel in a spa-

tially dynamic manner. This was repeated independently for each individ-

ual and each RSN. Finally, the spatial map for each RSN was converted

into a histogram. The histogram was discretised into 20 uniformly spaced

bins on the interval 21;1½ � and each seed-to-voxel correlation coefficient

was assigned to a unique bin. The number of voxels assigned to each his-

togram bin was used to characterize the spatial distribution of FC for

each individual. The total possible number of features used for classifica-

tion was 20N, where N514 is the number of RSNs.

2.4.4 | Class IV: Dynamic in time and space

In this class, dynamics were characterized in both time and space, rep-

resenting a combination of Classes II and III. This enabled the regions

of each RSN to vary in size (shrink/grow) during the acquisition

interval. As with Class III, for each RSN, we defined a seed region and a

mask comprising voxels in the other regions of the RSN as well as vox-

els within a �6 mm neighborhood of all regions in the network. The

Pearson correlation coefficient was then computed between the seed

region and each voxel’s pre-processed fMRI time course, resulting in a

spatial connectivity map that varied dynamically across voxels. Unlike

Class III, where a single spatial map characterized the entire acquisition

interval, we now computed a distinct spatial connectivity map for each

time point. In particular, the same temporal sliding window scheme

defined in Class II was employed and a spatial map was computed for

each window. Each spatial map was converted to a histogram, as

described under Class III. For a given RSN, let hi tð Þ be the number vox-

els assigned to histogram bin 211 i21
10 ;211 i

10

� �
; i51; . . . ;20 for win-

dow t51; . . . ; J. Recall that for a window length of W and an

acquisition comprising T time points, the total number of windows is

given by J5T2W11. For each histogram bin i51; . . . ;20, the mean

and standard deviation of hi tð Þ were computed over time,
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ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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XJ

t51

hi tð Þ2l�i
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vuut ;

to provide summary statistics of temporal variations in the spatially

varying FC map for each RSN. The total possible number of features

FIGURE 2 Schematic of four different classes of functional connectivity. R1 and R2 denote two distinct nodes, while R1_ext and R2_ext
denote the same two nodes in addition to their spatial neighborhoods (shown in yellow). (a) Class I – Static in both time and space, in
which case, regionally-averaged time courses were correlated to yield a single correlation value. (b) Class II – Static in space, dynamic in
time; in this class, correlations were defined between windowed time courses from the two regions. (c) Class III – Dynamic in space, static
in time, where a histogram of correlations was obtained by correlating the seed time course with individual voxel time courses from nodes
as well as their neighborhood (d) Class IV – Dynamic in both space and time, where a histogram of correlations was defined from each slid-
ing window [Color figure can be viewed at wileyonlinelibrary.com]
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used for classification was 23203N, namely, 20 means (l�i ) and 20

standard deviations (r�
i ) for each of N RSNs. While we did not explicitly

quantify region size as a function of time, this could be achieved by

counting the number of voxels at each time point with a seed-to-voxel

correlation coefficient exceeding a given threshold. This kind of binar-

ization with respect to a given threshold squanders the rich spatial vari-

ation in FC within regions, and thus we characterized spatial dynamics

with a histogram rather than region size.

2.5 | Single-subject prediction of schizophrenia

diagnosis

Support vector machine (SVM) classifiers were trained to classify indi-

viduals according to diagnostic status (patients or controls) based on

four distinct classes of FC. A separate classifier was trained and eval-

uated for each class. We evaluated the performance of different kernel

functions and found that a linear kernel consistently provided the high-

est classification accuracy. A linear kernel was therefore employed for

all experiments. Classification performance was measured in terms of

classification accuracy, sensitivity, specificity and area under the

receiver operating characteristic curve (AUC). Training and evaluation

was undertaken according to the following three cross-validation (CV)

schemes.

2.5.1 | Analysis 1: Network selection through exhaustive

evaluation

The aim of this analysis was to comprehensively quantify the variation

in classification accuracies across different combinations of RSNs.

Some RSNs might provide minimal discriminatory power and thus their

exclusion may enhance classification accuracy. Note that a total of 14

RSNs was considered, and thus 21421516;383 combinations of

RSNs were evaluated, where each combination consisted of a selected

subset of networks. For each combination, ten-fold cross-validation

was used to evaluate classification accuracy. The mean and standard

deviation of accuracy, sensitivity, specificity and AUC was then com-

puted across all combinations. This was repeated independently for

each of the four classes of FC to determine which class provided the

most accurate classification performance on average across all combi-

nations of RSNs.

In practice, a feature selection heuristic would typically be

employed to identify a single combination of RSNs, rather than under-

taking an exhaustive search. However, the objective of this analysis

was to comprehensively characterize average performance across all

possible combinations, without any dependence on a particular feature

selection strategy.

Ten-fold CV: Individuals (patients and controls) were randomly

divided into 10 equally-sized samples. The SVM was then trained using

9 of the 10 samples and the remaining held-out sample was used to

evaluate classification accuracy. This was repeated 10 times, each time

holding out a different sample to evaluate accuracy. Classification accu-

racy, specificity, sensitivity and AUC were averaged across the 10 folds.

For each chosen combination of RSNs, ten-fold CV was per-

formed 30 times, each time with a different (random) partition of

the dataset into 10 folds. Between two separate runs of ten-fold

CV, none of the folds contained exactly the same subjects, avoiding

potential sampling bias. This CV procedure was repeated independ-

ently for each of the four classes of FC, yielding a distribution of

classification accuracy, sensitivity and specificity across combina-

tions of RSNs for each class. For a given class of FC and a chosen

network combination, the mean and standard deviation of accuracy,

sensitivity and specificity were calculated over 30 runs of ten-

fold CV.

2.5.2 | Analysis 2: Ranked feature selection

In this analysis, we firstly implemented a feature selection step to

identify the most distinguishing features and these features were

then used for classification. The total number of features that

were ranked differed between classes: Class I comprised 4005

features corresponding to unique cross-correlations between 90

regions spanning 14 RSNs; Class II comprised 4005 means and

4005 standard deviations of unique cross-correlations over sliding

windows; Class III comprised 280 features (20 histogram bins

from each of 14 RSNs); and Class IV comprised 280 means and

280 SDs of histogram bin heights over sliding windows. Impor-

tantly, features were selected based on a training sample. Individ-

uals (patients and controls) were partitioned into two mutually

exclusive sets—a training sample comprising 90% of individuals

and an evaluation sample comprising the remaining 10% of indi-

viduals. Using the training data, a two-sample t test was computed

for each feature to assess the null hypothesis of equality between

patients and controls. Features were then ranked in descending

order according to the absolute value of each t-statistic. The clas-

sifier was trained using the top-ranked K features and tested on

the evaluation sample, where K510;20; . . . ;100 was considered.

This ranking and classification was repeated for 30 different parti-

tions of the dataset.

2.5.3 | Analysis 3: Nested CV

To evaluate classifier generalizability, we augmented the exhaustive

approach undertaken in Analysis 1 with nested CV. The dataset was

partitioned randomly into two groups—60% training sample and 40%

test sample. Using the training data, an exhaustive grid search was per-

formed, where a 10-fold CV was implemented for each of the possible

network combinations. The top-50 network combinations that pro-

vided the highest classification accuracy were then selected. For each

of these combinations, a classifier was trained using the training data,

and the test data was used to evaluate the performance of the trained

classifier. The final prediction outcome was decided via majority voting

based on predictions from the 50 classification results. This process

was repeated 30 times, each time with a different random partition of

data into training and test subsets. Thus, in Analysis 3, feature selection

and classifier training was performed using training data alone (60%),

and the test data (40%) was used only to evaluate the trained classifier.

This analysis assessed classifier generalizability and performance on

new, unseen data.
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2.6 | Effect of varying window length, neighborhood,

scrubbing, and seed regions

The choice of window length, seed region and neighborhood size are

rather subjective, and thus we evaluated the sensitivity of classification

performance to variations in these key parameters. For reasons of com-

putational tractability, these sensitivity analyses were performed with

respect to Analysis 2. The window length was varied from two TR

points (4 s) to 234 TR points (7.8 min, the static case for Dataset 1).

A new classifier was trained for each window length using the top-100

features selected according to the scheme described in Analysis 2 (Sec-

tion 2.5). Classifier performance was then plotted as a function of win-

dow length for both the dynamic-in-time classes (Class II and IV). The

same process was used to evaluate the impact of variation in neighbor-

hood size, where size varied from 0 mm (no neighboring voxels) to

10 mm. Variation in neighborhood size was only relevant to Classes III

and IV, where the spatial extent of each region was permitted to

shrink/grow within its neighborhood.

Finally, Analysis 2 was performed with and without high-motion

volumes censored (scrubbing), to evaluate the impact of motion correc-

tion on classifier performance. Previously, it has been shown that the

networks defined via seed-based correlation are dependent on the

choice of seed location (Cole, Smith, & Beckmann, 2010; Sohn et al.,

2015). Hence, we repeated our Analysis 2 with a different set of seed

locations chosen from the network templates (Shirer et al., 2012); these

regions are reported in Supporting Information Figure S1.

3 | RESULTS

Four different classes of static and dynamic FC were inferred from

resting-state fMRI data acquired in schizophrenia patients and healthy

controls. We independently trained a SVM for each class of FC to per-

form single-subject prediction of diagnostic status. As detailed below,

classifiers incorporating both the temporal and spatial dynamics of

resting-state FC consistently achieved substantially higher classification

performance than classifiers based on static connectivity characteriza-

tions. SVMs were trained using three distinct schemes: Analysis 1

exhaustive evaluation of classification performance across all possible

feature combinations; Analysis 2 selection of a single set of discrimina-

tory features, followed by training and evaluation using cross-

validation; and, Analysis 3 nested cross-validation. Analysis 1 enabled

evaluation of average classification performance, independent of a fea-

ture selection heuristic, whereas Analyses 2 and 3 quantified classifier

generalizability.

3.1 | Functional connectivity analyses

Figure 3 shows the distribution of functional connectivity across voxels

for two representative subjects (control and patient), in the case of the

dorsal default mode network (dDMN). For Class III (Figure 3a,b), func-

tional connectivity measurements across voxels of this network are

approximately Gaussian distributed, with truncated left tail, indicating

relative scarcity of negative correlation coefficients. In contrast, for

Class IV (Figure 3c–f), functional connectivity values are distributed

more uniformly (i.e., increased kurtosis, heavier tails), although the dis-

tribution remains positively skewed. The distributions are more uniform

for Class IV because fewer degrees of freedom (i.e., fewer time sam-

ples) were used to compute functional connectivity within each sliding

window, resulting in increased dispersion in correlation coefficient esti-

mates. Supporting Information Figure S2 shows the distribution of

functional connectivity values for the auditory network, where similar

differences appear between Classes III and IV.

Supplementary Information includes two videos that characterize

the spatio-temporal dynamics of the dDMN for a representative control

subject (Video S1) as well as a patient (Video S2). In these videos, the

plot that evolves as a function of time is the number of voxels within

each sliding window with a functional connectivity value exceeding 0.3.

The topography of the corresponding voxels is also shown for an axial

slice. The videos show the contraction/expansion of the spatial extent

of regions comprising the dDMN as a function of time. The improve-

ment in single-subject prediction is achieved by taking into account the

dynamics of this regional contraction/expansion, as quantified by the

distribution of functional connectivity values across voxels of the net-

work. By comparing these two videos, a qualitative observation can be

made that there are fewer correlated voxels in the patient dDMN on

average (Video S2), and there are relatively more fluctuations between

high and low connected states, compared to that in control subject

(Video S1).

3.2 | Classification performance

Figure 4 shows the distribution of classification accuracy, sensitivity,

specificity and AUC across the 21421 different combinations of RSNs

(Analysis 1), evaluated on Dataset 1. A separate boxplot is shown for

each class of FC. For Class I, mean classification accuracy (average

across all possible network combinations) was 72.5%. For Class II and

Class III, mean accuracy was 77.3% and 77.5%, respectively. Class IV

yielded the highest mean accuracy (86.3%), providing an improvement

of �14% compared to Class I. This indicates that dynamic FC analyses

(Classes II, III, and IV) provide improved classification accuracy com-

pared to static FC (Class I); in particular, Class IV, which captures

dynamics in both spatial and temporal domains, provided the most

accurate classification performance.

Table 3 shows the combinations of networks that were found with

Analysis 1 to provide the maximum predictive power for each of the four

different classes. These represent the optimal combinations from a total

of 16,383 possible network combinations. Interestingly, the BGN is the

only network to feature across all three dynamic classes, but the static

functional connectivity of this network was not advantageous to Class I.

This suggests that the spatio-temporal dynamics of the BGN are particu-

larly valuable in improving single-subject prediction of schizophrenia diag-

nosis. It can also be seen that visual networks, either pVIS, hVIS or both

consistently feature in most of the cases, and thus both static and

dynamic connectivity attributes of the visual system appear to be impor-

tant to single-subject prediction. Despite prevalent implication of the

DMN in schizophrenia pathophysiology (Garrity et al., 2007; Bluhm et al.,
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2.6 | Effect of varying window length, neighborhood,

scrubbing, and seed regions

The choice of window length, seed region and neighborhood size are

rather subjective, and thus we evaluated the sensitivity of classification

performance to variations in these key parameters. For reasons of com-

putational tractability, these sensitivity analyses were performed with

respect to Analysis 2. The window length was varied from two TR

points (4 s) to 234 TR points (7.8 min, the static case for Dataset 1).

A new classifier was trained for each window length using the top-100

features selected according to the scheme described in Analysis 2 (Sec-

tion 2.5). Classifier performance was then plotted as a function of win-

dow length for both the dynamic-in-time classes (Class II and IV). The

same process was used to evaluate the impact of variation in neighbor-

hood size, where size varied from 0 mm (no neighboring voxels) to

10 mm. Variation in neighborhood size was only relevant to Classes III

and IV, where the spatial extent of each region was permitted to

shrink/grow within its neighborhood.

Finally, Analysis 2 was performed with and without high-motion

volumes censored (scrubbing), to evaluate the impact of motion correc-

tion on classifier performance. Previously, it has been shown that the

networks defined via seed-based correlation are dependent on the

choice of seed location (Cole, Smith, & Beckmann, 2010; Sohn et al.,

2015). Hence, we repeated our Analysis 2 with a different set of seed

locations chosen from the network templates (Shirer et al., 2012); these

regions are reported in Supporting Information Figure S1.

3 | RESULTS

Four different classes of static and dynamic FC were inferred from

resting-state fMRI data acquired in schizophrenia patients and healthy

controls. We independently trained a SVM for each class of FC to per-

form single-subject prediction of diagnostic status. As detailed below,

classifiers incorporating both the temporal and spatial dynamics of

resting-state FC consistently achieved substantially higher classification

performance than classifiers based on static connectivity characteriza-

tions. SVMs were trained using three distinct schemes: Analysis 1

exhaustive evaluation of classification performance across all possible

feature combinations; Analysis 2 selection of a single set of discrimina-

tory features, followed by training and evaluation using cross-

validation; and, Analysis 3 nested cross-validation. Analysis 1 enabled

evaluation of average classification performance, independent of a fea-

ture selection heuristic, whereas Analyses 2 and 3 quantified classifier

generalizability.

3.1 | Functional connectivity analyses

Figure 3 shows the distribution of functional connectivity across voxels

for two representative subjects (control and patient), in the case of the

dorsal default mode network (dDMN). For Class III (Figure 3a,b), func-

tional connectivity measurements across voxels of this network are

approximately Gaussian distributed, with truncated left tail, indicating

relative scarcity of negative correlation coefficients. In contrast, for

Class IV (Figure 3c–f), functional connectivity values are distributed

more uniformly (i.e., increased kurtosis, heavier tails), although the dis-

tribution remains positively skewed. The distributions are more uniform

for Class IV because fewer degrees of freedom (i.e., fewer time sam-

ples) were used to compute functional connectivity within each sliding

window, resulting in increased dispersion in correlation coefficient esti-

mates. Supporting Information Figure S2 shows the distribution of

functional connectivity values for the auditory network, where similar

differences appear between Classes III and IV.

Supplementary Information includes two videos that characterize

the spatio-temporal dynamics of the dDMN for a representative control

subject (Video S1) as well as a patient (Video S2). In these videos, the

plot that evolves as a function of time is the number of voxels within

each sliding window with a functional connectivity value exceeding 0.3.

The topography of the corresponding voxels is also shown for an axial

slice. The videos show the contraction/expansion of the spatial extent

of regions comprising the dDMN as a function of time. The improve-

ment in single-subject prediction is achieved by taking into account the

dynamics of this regional contraction/expansion, as quantified by the

distribution of functional connectivity values across voxels of the net-

work. By comparing these two videos, a qualitative observation can be

made that there are fewer correlated voxels in the patient dDMN on

average (Video S2), and there are relatively more fluctuations between

high and low connected states, compared to that in control subject

(Video S1).

3.2 | Classification performance

Figure 4 shows the distribution of classification accuracy, sensitivity,

specificity and AUC across the 21421 different combinations of RSNs

(Analysis 1), evaluated on Dataset 1. A separate boxplot is shown for

each class of FC. For Class I, mean classification accuracy (average

across all possible network combinations) was 72.5%. For Class II and

Class III, mean accuracy was 77.3% and 77.5%, respectively. Class IV

yielded the highest mean accuracy (86.3%), providing an improvement

of �14% compared to Class I. This indicates that dynamic FC analyses

(Classes II, III, and IV) provide improved classification accuracy com-

pared to static FC (Class I); in particular, Class IV, which captures

dynamics in both spatial and temporal domains, provided the most

accurate classification performance.

Table 3 shows the combinations of networks that were found with

Analysis 1 to provide the maximum predictive power for each of the four

different classes. These represent the optimal combinations from a total

of 16,383 possible network combinations. Interestingly, the BGN is the

only network to feature across all three dynamic classes, but the static

functional connectivity of this network was not advantageous to Class I.

This suggests that the spatio-temporal dynamics of the BGN are particu-

larly valuable in improving single-subject prediction of schizophrenia diag-

nosis. It can also be seen that visual networks, either pVIS, hVIS or both

consistently feature in most of the cases, and thus both static and

dynamic connectivity attributes of the visual system appear to be impor-

tant to single-subject prediction. Despite prevalent implication of the

DMN in schizophrenia pathophysiology (Garrity et al., 2007; Bluhm et al.,

8 | KOTTARAM ET AL.

FIGURE 3 Distribution of correlation coefficients for the dorsal default mode network (dDMN) for two representative subjects (#1 is a
control and #2 is a patient). (a and b) – Histograms of correlations corresponding to Class III; (c and d) – Histograms from a few of the
sliding windows corresponding to Class IV; (e and f) – Average of histograms across all sliding windows with error bars representing the
standard deviations of bin heights. These histograms were calculated via seed-based correlation; the average seed time course was corre-
lated to every voxel in the network as well as a 6 mm neighborhood and a histogram of these correlations was determined. For Class III
(a and b), correlations were defined based on the entire scan duration, whereas for Class IV (c and d), a separate histogram was obtained
from each window [Color figure can be viewed at wileyonlinelibrary.com]
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2007; Zhou et al., 2007; Whitfield-Gabrieli et al., 2009; Jang et al., 2011;

Fornito et al., 2015), this network only features in two of the four classes,

with its spatial dynamics not used in Class III.

According to the measures of sensitivity, specificity and AUC (Fig-

ure 4), Class IV consistently outperformed the other three classes,

while Class I yielded the poorest performance.

Figure 5 shows classification accuracy for the four classes of con-

nectivity when using a feature selection step to identify the features

with the strongest discriminatory power based on a training sample

(Analysis 2) and then training a single classifier based on the selected

features. This is in contrast to Figure 4 (Analysis 1), which shows aver-

age performance across all possible combinations of RSNs. In Figure 5,

classification performance was evaluated for the top-K features, where

K is shown between 10 and 100 in increments of 10. Consistent with

Figure 4 (Analysis 1), Figure 5 indicates that Class IV consistently yields

superior classification performance relative to static FC, as well as the

classes that account for either temporal or spatial dynamics.

In Analysis 3, for each partition of the dataset into test and train-

ing, the top-50 network combinations were identified based on ten-

fold CV on the training data. A separate classifier trained for each of

these combinations was used to evaluate the performance on the test

data and the best performance was noted. This was repeated for 40

different partitions of the dataset and the average of the accuracies

and other measures are as shown in Table 4. In agreement with Analy-

ses 1 and 2, here also, Class IV yielded the highest classification

accuracy.

Figure 6 shows the classification performance of each individual

RSN, in contrast to the previous results that considered combinations

of RSNs. For 13 of the 14 RSNs, it can be seen that incorporating both

spatial and temporal dynamics (Class IV) improved classification per-

formance at the level of individual networks.

3.3 | Analysis of features

In Analysis 2, a group-level comparison was performed to rank features.

Features that significantly differed between the two groups are shown

in Figures 6 and 7. For Class I, this involves correlation strengths

between different nodes, while for Class II, this involves means and

standard deviations of the correlations from different windows. Figure

7 shows connections that are significantly different between the two

groups after correcting for multiple comparisons using false discovery

rate correction (FDR), with an FDR threshold of 0.001. More connec-

tions significantly differed between patients and controls in the

dynamic class of FC (Class II) compared to the static class (Class II).

FIGURE 4 Performance of single-subject prediction of schizophre-
nia diagnosis compared across four functional connectivity classes.
Accuracy, sensitivity, specificity and area under the receiver opera-
tor characteristic curve (AUC) were evaluated for all possible net-
work combinations (Analysis 1). Each box represents the
distribution of these performance measures across 21421 different
combinations of RSNs. Boxplot legend: upper (lower) box
edge 5 25th (75th) percentile; central red line 5 median; dotted
whisker lines: 1.53 interquartile length; outliers indicated by red
“1”. Classes are: Class I – Static in both time and space, Class II –
Dynamic in time and static in space, Class III – Static in time and
dynamic in space, Class IV – Dynamic in both time and space. Sig-
nificant differences between classes are indicated by ***(p < .001)
[Color figure can be viewed at wileyonlinelibrary.com]

TABLE 3 Combinations of resting-state networks providing maxi-
mum predictive power

FC Class Network combination
Number
of networks

Class I AUD, hVIS, LAN, pVIS, SMN, and VSN 6

Class II AUD, BGN, dDMN, LECN, RECN, SMN,
vDMN, and VSN

8

Class III ASN, BGN, hVIS, LECN, PRE, and SMN 6

Class IV ASN, BGN, dDMN, hVIS, PSN, and pVIS 6

As part of Analysis 1, the predictive power of every possible network
combination (16,383) was evaluated for each of the four classes of FC.
For each class, the combination which provided maximum classification
accuracy is listed. The abbreviations are as per Table 2.
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2007; Zhou et al., 2007; Whitfield-Gabrieli et al., 2009; Jang et al., 2011;

Fornito et al., 2015), this network only features in two of the four classes,

with its spatial dynamics not used in Class III.

According to the measures of sensitivity, specificity and AUC (Fig-

ure 4), Class IV consistently outperformed the other three classes,

while Class I yielded the poorest performance.

Figure 5 shows classification accuracy for the four classes of con-

nectivity when using a feature selection step to identify the features

with the strongest discriminatory power based on a training sample

(Analysis 2) and then training a single classifier based on the selected

features. This is in contrast to Figure 4 (Analysis 1), which shows aver-

age performance across all possible combinations of RSNs. In Figure 5,

classification performance was evaluated for the top-K features, where

K is shown between 10 and 100 in increments of 10. Consistent with

Figure 4 (Analysis 1), Figure 5 indicates that Class IV consistently yields

superior classification performance relative to static FC, as well as the

classes that account for either temporal or spatial dynamics.

In Analysis 3, for each partition of the dataset into test and train-

ing, the top-50 network combinations were identified based on ten-

fold CV on the training data. A separate classifier trained for each of

these combinations was used to evaluate the performance on the test

data and the best performance was noted. This was repeated for 40

different partitions of the dataset and the average of the accuracies

and other measures are as shown in Table 4. In agreement with Analy-

ses 1 and 2, here also, Class IV yielded the highest classification

accuracy.

Figure 6 shows the classification performance of each individual

RSN, in contrast to the previous results that considered combinations

of RSNs. For 13 of the 14 RSNs, it can be seen that incorporating both

spatial and temporal dynamics (Class IV) improved classification per-

formance at the level of individual networks.

3.3 | Analysis of features

In Analysis 2, a group-level comparison was performed to rank features.

Features that significantly differed between the two groups are shown

in Figures 6 and 7. For Class I, this involves correlation strengths

between different nodes, while for Class II, this involves means and

standard deviations of the correlations from different windows. Figure

7 shows connections that are significantly different between the two

groups after correcting for multiple comparisons using false discovery

rate correction (FDR), with an FDR threshold of 0.001. More connec-

tions significantly differed between patients and controls in the

dynamic class of FC (Class II) compared to the static class (Class II).

FIGURE 4 Performance of single-subject prediction of schizophre-
nia diagnosis compared across four functional connectivity classes.
Accuracy, sensitivity, specificity and area under the receiver opera-
tor characteristic curve (AUC) were evaluated for all possible net-
work combinations (Analysis 1). Each box represents the
distribution of these performance measures across 21421 different
combinations of RSNs. Boxplot legend: upper (lower) box
edge 5 25th (75th) percentile; central red line 5 median; dotted
whisker lines: 1.53 interquartile length; outliers indicated by red
“1”. Classes are: Class I – Static in both time and space, Class II –
Dynamic in time and static in space, Class III – Static in time and
dynamic in space, Class IV – Dynamic in both time and space. Sig-
nificant differences between classes are indicated by ***(p < .001)
[Color figure can be viewed at wileyonlinelibrary.com]

TABLE 3 Combinations of resting-state networks providing maxi-
mum predictive power

FC Class Network combination
Number
of networks

Class I AUD, hVIS, LAN, pVIS, SMN, and VSN 6

Class II AUD, BGN, dDMN, LECN, RECN, SMN,
vDMN, and VSN

8

Class III ASN, BGN, hVIS, LECN, PRE, and SMN 6

Class IV ASN, BGN, dDMN, hVIS, PSN, and pVIS 6

As part of Analysis 1, the predictive power of every possible network
combination (16,383) was evaluated for each of the four classes of FC.
For each class, the combination which provided maximum classification
accuracy is listed. The abbreviations are as per Table 2.
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For Class III, the features are 20 histogram bins for each of the net-

work. These were compared across the group to identify those bin

heights that were significantly different (p < .05) between the groups.

For Class IV, both means and standard deviations of histogram bins

were compared. These comparisons were performed for every net-

work; Figure 8 demonstrates the specific case of dDMN, where group

level averages of each feature are shown. Figure 8a stands for Class III;

Figure 8b shows the group averages of means of bins and Figure 8c

shows the averages of standard deviations of each bin. For the control

group, there were significantly more voxels in many of the positive cor-

relation bins, whereas in patients, negative correlations were more

dominant. Again, the dynamic case (Class IV) had a greater number of

significantly different bins compared to the static case (Class III). While

only the case of dDMN is presented here, a similar trend was observed

in the case of other RSNs as well.

3.4 | Validation of results

Results from Analysis 1 applied to the validation dataset (Dataset 2) are

shown in Figure 9. While classification accuracies for all classes are

generally reduced in the validation dataset, it is evident that Class IV

once again provides the greatest classification accuracy.

3.5 | Varying window length, neighborhood and seed

regions

The effect of varying window length for the cases with dynamic tem-

poral FC (Classes II and IV) in Analysis 2 is depicted in Supporting

Information Figure S3. It is observed that for a wide range of window

lengths from 10 to 70 TRs (20–140 s), the performance of the classi-

fier is robust, whereas the accuracy decreases for window lengths

above and below this range. Supporting Information Figure S4

delineates the effect of varying neighborhood levels on the classifier

performance under Analysis 2. Incorporating a neighborhood of 2–

6 mm is shown to increase (by �6%) the classification accuracy com-

pared to not considering any neighborhood voxels. Varying the

extent of the neighborhood to 10 mm did not significantly affect

classifier performance.

When scrubbing was performed to correct for head motion, classi-

fication accuracies remained largely unchanged for all FC classes (Sup-

porting Information Figure S5, Analysis 2). Scrubbing resulted in an

overall slight improvement in classification accuracy, while the relative

differences between the four classes were preserved. This suggests

that intra-scan head micro-movements are unlikely to account for the

substantially improved performance achieved with dynamic classes of

FC. Repeating Analysis 1 for an alternative set of seed regions indi-

cated that classifier performance was insensitive to seed region choice

(Supporting Information Figures S1 and S6).

FIGURE 5 Classification performance evaluated as a function of the number of features selected (Analysis 2). Performance was evaluated
independently across four functional connectivity classes. Rather than exhaustively evaluating all network combinations (Analysis 1), a

feature selection step was first performed to identify the top-K features and then a classifier was independently trained for each class of
FC. Feature selection was performed as described in Analysis 2 (Section 2.5). The error bars show the SDs of accuracies across 30 different
partitions of the data into training and test samples [Color figure can be viewed at wileyonlinelibrary.com]

TABLE 4 Classification performance evaluated using Analysis 3.
60% of data was used to build classifiers, which was then used to
classify the remaining data

FC
Class

Accuracya

(%)
Sensitivitya

(%)
Specificitya

(%) AUCa

Class I 79.5 6 5.5 86.8 6 8.9 78.6 6 9.2 0.74 6 0.06

Class II 84.5 6 5.4 85.7 6 7.9 84.0 6 7.9 0.81 6 0.08

Class III 86.2 6 5.3 85.2 6 8.0 87.5 6 8.6 0.83 6 0.07

Class IV 91.1 6 4.3 90.0 6 7.4 92.2 6 6.5 0. 87 6 0.07

Mean 6 SD of performance measures were calculated over classifica-
tions using 30 different partitions of dataset.
Abbreviation: AUC, area under the receiver operating characteristic
curve.
aMeasures are significantly different between any two classes of FC
compared, with p < .001.
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4 | DISCUSSION

Single-subject prediction of diagnosis, illness outcome and treatment

response is important to clinical decision-making in psychiatry and neu-

rology. While non-invasive neuroimaging has long been foreshadowed

as a technology to enable optimization of individualized care, this

potential has yet to be realized in clinical practice, primarily due to the

lack of accurate and reliable predictive biomarkers. The development

of reliable neuroimaging biomarkers that provide high predictive value

at the single-subject level is therefore crucial to enable the field of psy-

chiatry to progress to an era of precision medicine.

Here, we focussed on developing reliable and accurate machine

classifiers to predict the diagnosis of schizophrenia in individuals based

on their resting-state fMRI scan. We demonstrated that the prediction

of diagnostic status can be substantially improved by modeling the

dynamic properties of FC within key resting-state networks. In particu-

lar, we were able to reliably predict diagnostic status with accuracy

exceeding 90% when both temporal and spatial dynamics of FC were

taken into account by the machine classifier (Class IV). In contrast,

when only static measures of FC were utilized by the classifier, accu-

racy plummeted to below 80% (Class I).

These findings draw attention to the utility of characterizing both

the temporal and spatial dynamics of resting-state FC in schizophrenia.

The dynamics of FC are classically construed and analyzed as statistical

dependencies that unfold in time (Hutchison et al., 2013a). A novel con-

tribution of this study is to provide a methodology to enable mapping

FC dynamics that unfold in space and time, such that the spatial extent

of each region is permitted to shrink/grow within a local neighborhood.

It is common practice in FC studies to define regions of interest either

using atlases, functional parcellations or in a meta-analytical manner in

which a spherical ROI is defined around the peak activation coordi-

nates, followed by averaging the time courses from all voxels in the

ROI to obtain a representative time course for the ROI. Both this

approach and alternative ICA based methods impart a fixed spatial lay-

out on the RSNs. In contrast, we developed a simple methodology to

accommodate spatial variability in FC.

The importance of characterizing variability in the spatial layout of

resting-state functional networks has been indicated in a few recent

studies. In particular, Gopal and colleagues (2015, 2016) report differ-

ences in the spatial layout of RSNs between healthy controls and schiz-

ophrenia patients, but this study did not characterize spatial dynamics

that unfold over time. Furthermore, Kiviniemi and colleagues (2011)

used a combination of temporal sliding-window and ICA in healthy sub-

jects to provide evidence for dynamic variations in the spatial topology

of the default mode network. Ma and colleagues (2014) extended this

ICA approach to study spatio-temporal variations in RSNs between

healthy individuals and schizophrenia patients. However, none of these

studies consider single-subject prediction of diagnostic status and they

mandate an underlying assumption of spatial independence among

networks.

Our findings also provide novel evidence against recent claims sug-

gesting that dynamic properties of resting-state FC are largely attribut-

able to sampling error and/or head motion (Laumann et al., 2016). We

calculated the average of FD over time for all subjects and these mean

values were then compared between the patient and control groups

via two-sample t-test; the differences were not significantly different

(p > .1). Given this fact, the spatio-temporal FC dynamics that we have

found to improve prediction performance are unlikely to represent a

trivial characterization of head motion. In addition, despite rigorous cor-

rection for intra-scan head motion, we found that modeling spatial and

temporal dynamics in FC resulted in significant improvements in classi-

fication accuracy compared to a static characterization. Indeed, the

improvement in classification performance achieved with the inclusion

of dynamic properties increased slightly when data scrubbing was

employed to correct for head motion. While contention remains about

the core definition and neural origins of dynamic FC (Liegeois et al.,

FIGURE 6 Classification accuracy achieved with individual networks. All 14 networks (as described in Section 2.3) were considered one at
a time and with the features from the chosen network, a classifier was trained under 10-fold CV. The classification accuracies are shown
for the four classes (Section 2.4) of FC. Each bar represents the mean of the accuracies obtained from 30 independent runs of 10-fold CV
and the error bar shows the SD [Color figure can be viewed at wileyonlinelibrary.com]
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Single-subject prediction of diagnosis, illness outcome and treatment

response is important to clinical decision-making in psychiatry and neu-

rology. While non-invasive neuroimaging has long been foreshadowed

as a technology to enable optimization of individualized care, this

potential has yet to be realized in clinical practice, primarily due to the

lack of accurate and reliable predictive biomarkers. The development

of reliable neuroimaging biomarkers that provide high predictive value

at the single-subject level is therefore crucial to enable the field of psy-

chiatry to progress to an era of precision medicine.

Here, we focussed on developing reliable and accurate machine

classifiers to predict the diagnosis of schizophrenia in individuals based

on their resting-state fMRI scan. We demonstrated that the prediction

of diagnostic status can be substantially improved by modeling the

dynamic properties of FC within key resting-state networks. In particu-

lar, we were able to reliably predict diagnostic status with accuracy

exceeding 90% when both temporal and spatial dynamics of FC were

taken into account by the machine classifier (Class IV). In contrast,

when only static measures of FC were utilized by the classifier, accu-

racy plummeted to below 80% (Class I).

These findings draw attention to the utility of characterizing both

the temporal and spatial dynamics of resting-state FC in schizophrenia.

The dynamics of FC are classically construed and analyzed as statistical

dependencies that unfold in time (Hutchison et al., 2013a). A novel con-

tribution of this study is to provide a methodology to enable mapping

FC dynamics that unfold in space and time, such that the spatial extent

of each region is permitted to shrink/grow within a local neighborhood.

It is common practice in FC studies to define regions of interest either

using atlases, functional parcellations or in a meta-analytical manner in

which a spherical ROI is defined around the peak activation coordi-

nates, followed by averaging the time courses from all voxels in the

ROI to obtain a representative time course for the ROI. Both this

approach and alternative ICA based methods impart a fixed spatial lay-

out on the RSNs. In contrast, we developed a simple methodology to

accommodate spatial variability in FC.

The importance of characterizing variability in the spatial layout of

resting-state functional networks has been indicated in a few recent

studies. In particular, Gopal and colleagues (2015, 2016) report differ-

ences in the spatial layout of RSNs between healthy controls and schiz-

ophrenia patients, but this study did not characterize spatial dynamics

that unfold over time. Furthermore, Kiviniemi and colleagues (2011)

used a combination of temporal sliding-window and ICA in healthy sub-

jects to provide evidence for dynamic variations in the spatial topology

of the default mode network. Ma and colleagues (2014) extended this

ICA approach to study spatio-temporal variations in RSNs between

healthy individuals and schizophrenia patients. However, none of these

studies consider single-subject prediction of diagnostic status and they

mandate an underlying assumption of spatial independence among

networks.

Our findings also provide novel evidence against recent claims sug-

gesting that dynamic properties of resting-state FC are largely attribut-

able to sampling error and/or head motion (Laumann et al., 2016). We

calculated the average of FD over time for all subjects and these mean

values were then compared between the patient and control groups

via two-sample t-test; the differences were not significantly different

(p > .1). Given this fact, the spatio-temporal FC dynamics that we have

found to improve prediction performance are unlikely to represent a

trivial characterization of head motion. In addition, despite rigorous cor-

rection for intra-scan head motion, we found that modeling spatial and

temporal dynamics in FC resulted in significant improvements in classi-

fication accuracy compared to a static characterization. Indeed, the

improvement in classification performance achieved with the inclusion

of dynamic properties increased slightly when data scrubbing was

employed to correct for head motion. While contention remains about

the core definition and neural origins of dynamic FC (Liegeois et al.,

FIGURE 6 Classification accuracy achieved with individual networks. All 14 networks (as described in Section 2.3) were considered one at
a time and with the features from the chosen network, a classifier was trained under 10-fold CV. The classification accuracies are shown
for the four classes (Section 2.4) of FC. Each bar represents the mean of the accuracies obtained from 30 independent runs of 10-fold CV
and the error bar shows the SD [Color figure can be viewed at wileyonlinelibrary.com]
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2017), our findings provide a practical and clinically relevant demon-

stration of the utility in modeling spatial and temporal FC dynamics

with a simple sliding-window approach.

Identifying the specific dynamic properties of resting-state FC that

enhanced classification performance is an important line of inquiry.

Comparing features between the two groups revealed that the

dynamic cases are characterized by a larger number of features that

are significantly different. In particular, for Class I, the connections of

the frontal lobe regions to other parts of the brain were not signifi-

cantly different between the patient and control groups (Figure 7a),

whereas in Class II, several of these connections appeared to be signifi-

cantly different (Figure 7b). Similarly, comparisons of Class III and IV

reveal that there are more significantly different bins in the dynamic

case (Figure 8a,b) and for many of the bins, the variability of bin heights

is significantly greater in the patient group (Figure 8c). This indicates

lesser integration in networks and more diversity of connections for

the patient group. Supporting Information Figures S7 and S8 show the

distribution of functional connectivity values across voxels for each

network, for Classes III and IV respectively, in the case of a representa-

tive subject. Asterisks indicate correlation bins that comprise the top-

10 most predictive features. For Class III, the majority of features com-

prised the RECN network (5 of top-10), whereas for Class IV, the

majority comprised the hVIS network (6 of top-10). This suggests that

the spatial dynamics of the RECN network are particularly informative,

but when spatial and temporal dynamics are considered jointly, the

hVIS network provides the greatest predictive power. Interestingly,

many of the top-10 features of Class IV were the standard deviations

of bin heights across the sliding windows, implying the significance of

FIGURE 7 Static and dynamic connections those are significantly different between control and patient groups. (a) Connections that are
significantly different for Class I: Static in space and time. (b) Connections for which mean strength is significantly different for Class II:
Static in space and dynamic in time. (c) Connections for which variability is significantly different for Class II. Compared to Class I, Class II
comprises more connections that are significantly different between the two groups. Purple spheres represent the network nodes, with the
size of each sphere scaled according to the spatial volume of the corresponding node. The colour and thickness of each connection
represents the t statistic, as per the color bars. s.d. – standard deviation. BrainNet Viewer (Xia, Wang, & He, 2013) was used to visualize
these connections [Color figure can be viewed at wileyonlinelibrary.com]
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the temporal variability in connections. The increased temporal variabil-

ity in network connections for the patient group (Figure 8c), especially

in visual and auditory networks, has previously been reported to be

potentially endophenotypic to schizophrenia (Li et al., 2017), due to the

lack of sensory gating (Freedman et al., 1987; Mayer et al., 2009).

While the difference in correlation distribution of RSNs is a new

observation, it is in line with the theory of “dysconnectivity” among

brain regions in schizophrenia (Friston & Frith, 1995; Friston 1999),

which has consistently been supported by evidence from studies using

multiple imaging modalities (Kim et al., 2003; Calhoun et al., 2006;

Zalesky et al., 2011; Ganella et al., 2016). Our observation of more vox-

els remaining negatively connected in patient group would present as a

reduction in FC in the case of fixed region analysis (equivalent to taking

average correlation among voxels), as reported in Classes I and II, and

in previous studies (Lynall et al., 2010; Nelson, Bassett, Camchong,

Bullmore, & Lim, 2017). However, this averaging reduces classification

accuracy from 91.1% (Class IV) to 84.5% (Class II, dynamic in time case)

and further to 79.5% (Class I, static in time case), as listed in Table 4. In

addition, we have provided new insights into aberrant spatio-temporal

FC dynamics in schizophrenia, which build on previous studies that

exclusively investigate static FC in the disorder (Liang et al., 2006; Kim

et al., 2005; Zhou et al., 2007; Bluhm et al., 2007).

It is worth mentioning that by definition, Classes I and II consider

both intra and inter-network dynamics whereas Classes III and IV incor-

porate only intra-network dynamics. Previously, many studies on tem-

poral dynamic FC have analyzed between-network interactions in

schizophrenia. Damaraju et al. (2014) reported hyperconnectivity

between thalamic and sensory networks in patients; Su et al. (2016)

observed hypoconnectivity among default mode occipital and cingulo-

opercular networks; whereas Rashid et al. (2014) reported both hyper

and hypoconnectivities among different RSNs. On the other hand,

within-network dynamics have been studied to a lesser extent; Du

et al. (2016) reported reduced interactions among default mode sub-

networks in the case of schizophrenia patients. We also have observed

the same (Figure 8b,c) in addition to reporting such dynamics in other

networks as well.

Due to the inherent differences in class definitions (Sections 2.4

and 2.5), the total number of features differed between classes. Specifi-

cally, the maximum possible number of features for Class I–IV was

4005, 8010, 280, and 560, respectively. Despite an augmented feature

space that comprised both intra- and inter-network dynamics, Class I

and II did not provide superior performance. In general, classifier per-

formance does not necessarily increase with feature space cardinality

(Domingos, 2012) and in fact, here we found that the class with the

least number of features (Class IV) performed best in all analyses. Fur-

thermore, when the four classes were forced to comprise the same

number of features (Analysis 2, top-K features for all classes), Class IV

remained optimal. This suggests that the unique attributes of intra-

network spatio-temporal FC dynamics underlie the improvement in

prediction accuracy, but not the number of features. Performance may

potentially be improved by additionally considering the spatial dynam-

ics of inter-network interactions.

While the relative differences in classification performance

between the four FC classes were largely preserved in an independent

dataset, performance was overall reduced (Figure 9). This reduction in

classifier performance might be due to one or more differences

between the two datasets: Dataset 1 comprised more subjects

(N 5 82), whereas Dataset 2 had only 27 subjects; this may induce

truncation errors in performance measures. Also, Dataset 1 was of a

higher spatial resolution than Dataset 2 and was acquired at a higher

field strength, both of which impact on the signal-to-noise ratio of

measured time courses. Another consideration is that the datasets

comprise schizophrenia patients with distinct clinical characteristics;

namely, Dataset 1 comprised only TRS patients, while patients in Data-

set 2 were responsive to antipsychotic medication and showed milder

positive and negative symptoms. Out of the differences listed above,

the only one that can be addressed post-acquisition is the difference in

resolutions of the two datasets. To test the influence of resolution, we

down-sampled images from Dataset 1 to 4 mm isotropic resolution and

FIGURE 8 Mean 6 SD histograms at the group level for the
dorsal default mode network (dDMN). (a) Class III: Static in time

and dynamic in space. (b) Class IV: Dynamic in both time and
space, feature5mean. (c) Class IV: feature5 standard deviation.
Yellow: controls, Cyan: patients. The * indicates bins that are
significantly different (p < .05) in height between the two groups
(two-sample t test) [Color figure can be viewed at
wileyonlinelibrary.com]
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the temporal variability in connections. The increased temporal variabil-

ity in network connections for the patient group (Figure 8c), especially

in visual and auditory networks, has previously been reported to be

potentially endophenotypic to schizophrenia (Li et al., 2017), due to the

lack of sensory gating (Freedman et al., 1987; Mayer et al., 2009).

While the difference in correlation distribution of RSNs is a new

observation, it is in line with the theory of “dysconnectivity” among

brain regions in schizophrenia (Friston & Frith, 1995; Friston 1999),

which has consistently been supported by evidence from studies using

multiple imaging modalities (Kim et al., 2003; Calhoun et al., 2006;

Zalesky et al., 2011; Ganella et al., 2016). Our observation of more vox-

els remaining negatively connected in patient group would present as a

reduction in FC in the case of fixed region analysis (equivalent to taking

average correlation among voxels), as reported in Classes I and II, and

in previous studies (Lynall et al., 2010; Nelson, Bassett, Camchong,

Bullmore, & Lim, 2017). However, this averaging reduces classification

accuracy from 91.1% (Class IV) to 84.5% (Class II, dynamic in time case)

and further to 79.5% (Class I, static in time case), as listed in Table 4. In

addition, we have provided new insights into aberrant spatio-temporal

FC dynamics in schizophrenia, which build on previous studies that

exclusively investigate static FC in the disorder (Liang et al., 2006; Kim

et al., 2005; Zhou et al., 2007; Bluhm et al., 2007).

It is worth mentioning that by definition, Classes I and II consider

both intra and inter-network dynamics whereas Classes III and IV incor-

porate only intra-network dynamics. Previously, many studies on tem-

poral dynamic FC have analyzed between-network interactions in

schizophrenia. Damaraju et al. (2014) reported hyperconnectivity

between thalamic and sensory networks in patients; Su et al. (2016)

observed hypoconnectivity among default mode occipital and cingulo-

opercular networks; whereas Rashid et al. (2014) reported both hyper

and hypoconnectivities among different RSNs. On the other hand,

within-network dynamics have been studied to a lesser extent; Du

et al. (2016) reported reduced interactions among default mode sub-

networks in the case of schizophrenia patients. We also have observed

the same (Figure 8b,c) in addition to reporting such dynamics in other

networks as well.

Due to the inherent differences in class definitions (Sections 2.4

and 2.5), the total number of features differed between classes. Specifi-

cally, the maximum possible number of features for Class I–IV was

4005, 8010, 280, and 560, respectively. Despite an augmented feature

space that comprised both intra- and inter-network dynamics, Class I

and II did not provide superior performance. In general, classifier per-

formance does not necessarily increase with feature space cardinality

(Domingos, 2012) and in fact, here we found that the class with the

least number of features (Class IV) performed best in all analyses. Fur-

thermore, when the four classes were forced to comprise the same

number of features (Analysis 2, top-K features for all classes), Class IV

remained optimal. This suggests that the unique attributes of intra-

network spatio-temporal FC dynamics underlie the improvement in

prediction accuracy, but not the number of features. Performance may

potentially be improved by additionally considering the spatial dynam-

ics of inter-network interactions.

While the relative differences in classification performance

between the four FC classes were largely preserved in an independent

dataset, performance was overall reduced (Figure 9). This reduction in

classifier performance might be due to one or more differences

between the two datasets: Dataset 1 comprised more subjects

(N 5 82), whereas Dataset 2 had only 27 subjects; this may induce

truncation errors in performance measures. Also, Dataset 1 was of a

higher spatial resolution than Dataset 2 and was acquired at a higher

field strength, both of which impact on the signal-to-noise ratio of

measured time courses. Another consideration is that the datasets

comprise schizophrenia patients with distinct clinical characteristics;

namely, Dataset 1 comprised only TRS patients, while patients in Data-

set 2 were responsive to antipsychotic medication and showed milder

positive and negative symptoms. Out of the differences listed above,

the only one that can be addressed post-acquisition is the difference in

resolutions of the two datasets. To test the influence of resolution, we

down-sampled images from Dataset 1 to 4 mm isotropic resolution and

FIGURE 8 Mean 6 SD histograms at the group level for the
dorsal default mode network (dDMN). (a) Class III: Static in time

and dynamic in space. (b) Class IV: Dynamic in both time and
space, feature5mean. (c) Class IV: feature5 standard deviation.
Yellow: controls, Cyan: patients. The * indicates bins that are
significantly different (p < .05) in height between the two groups
(two-sample t test) [Color figure can be viewed at
wileyonlinelibrary.com]
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performed Analysis 1. We found that down-sampling voxel resolution

did not worsen classification performance by more than �4%.

While we have developed a new method to evaluate both spatial

and temporal dynamics of connectivity and shown that this method pro-

vides more disease-specific information compared to other FC analyses,

there are a few methodological limitations that warrant further research.

Firstly, we define RSNs based on templates from a previous study (Shirer

et al., 2012) and have not investigated other modes of network defini-

tion. Secondly, the influence of medication on classifier performance is

unknown. All the patients were diagnosed with schizophrenia and medi-

cated for several years, which is a potential confound. Physiological con-

founds or the effects of antipsychotic medication can potentially impact

resting-state FC dynamics, and thereby impact classifier performance.

Thirdly, the possibility of intra-scan sleep cannot be excluded. As shown

previously (Tagliazucchi & Laufs, 2014), sleep can influence resting state

dynamics. In the present study, participants were given detailed instruc-

tions to stay awake; beyond that, no measures had been employed to

identify or control any potential effects of sleep.

Methodologically, we employed a sliding window of fixed duration

to assess temporal fluctuations in connection strengths. Interactions

among different brain regions can have different durations at different

times; therefore the approach of a fixed window length may not be

optimal in capturing these variations. Despite the criticism leveled at

the sliding window method (Hindriks et al., 2016; Lindquist, Xu, Nebel,

& Caffo, 2014), in line with many other studies (Jin et al., 2017; Damar-

aju et al., 2014; Price et al., 2014), we have shown that this method

can be effective in delineating disease states. For Analysis 2, feature

selection was performed by ranking features according to t statistic

magnitude. This could have resulted in the selection of correlated and

thus redundant features. Multivariate feature selection heuristics such

as minimum-redundancy-maximum-relevance (MRMR) can alleviate

this problem (Ding & Peng, 2005) and potentially improve classification

performance.

5 | CONCLUSION

We have demonstrated that characterizing the dynamics of resting-

state FC in both time and space can provide substantially improved

single-subject prediction of schizophrenia diagnosis compared to con-

ventional static characterizations of FC. Our novel methodology

involves jointly mapping temporal and spatial dynamics in FC and com-

bines sliding-window and seed-based correlation analyses. Our findings

provide complementary evidence that suggests dynamic fluctuations in

resting-state connectivity are of clinical utility and cannot be trivially

ascribed to sampling variability and/or intra-scan head movement.

Rather than employing carefully constructed null models to address the

vexed question of whether FC is dynamic and non-stationary (Hindriks

et al., 2016; Laumann et al., 2016; Liegeois et al., 2017), we have

explicitly demonstrated that spatio-temporal dynamics in the resting

state can effectively characterize disease pathology in a serious psychi-

atric disorder. Our work establishes the utility of studying spatio-

temporal dynamics in resting-state fMRI, at least in psychiatric disor-

ders, irrespective of whether these dynamics satisfy statistical tests of

non-stationarity.
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Supplementary Information 

Figure S1. The 14 networks considered in the present study, highlighting the alternate set of 
seed regions chosen. Axial slices are shown for each network. Regions in orange are the 
network nodes, those in yellow are the extended neighbourhood considered around each node 
and green regions are the seed chosen. The networks are (1) anterior salience, (2) auditory, 
(3) basal ganglia, (4) dorsal default mode, (5) higher visual, (6) language, (7) left executive
control, (8) precuneus, (9) posterior salience, (10) primary visual, (11) right executive
control, (12) sensorimotor, (13) ventral default mode, and (14) visuospatial.
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Figure S2. Distribution of correlation coefficients for the auditory network for two 
representative subjects (#1 is a control and #2 is a patient). (A-B) – Histograms of 
correlations corresponding to Class III; (C-D) – Histograms from a few sliding windows 
corresponding to Class IV; (E-F) – Average of histograms from all sliding windows, with 
error bars showing the standard deviation.  
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Figure S3. Effect of varying window length on classification accuracy. Analysis 2 (ranked 
feature selection) was performed for sliding windows of different lengths, for the two classes 
that are dynamic in time (Classes II and IV). Features from every class of FC based on 
between-group comparisons and best 100 features were selected (based on training sample) 
for classification. Mean classification accuracies from 30 different runs of Analysis 2 are 
plotted, error bars showing the standard deviations.  

Chapter 3

118



 

Figure S4. Effect of varying the extent of neighbourhood. For the two dynamic in space 
classes (Class III and IV), the neighbourhood extent was varied from 0 mm to 10 mm and in 
each case, Analysis 2 was performed selecting the best 100 features after a between-group 
comparison of individual features on the training sample. Analysis 2 was repeated 30 times, 
each time with a different choice of test and training sample and the mean classification 
accuracies are plotted with error bars showing the standard deviations. 
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Figure S5. Analysis 2 (ranked feature selection) was performed on scrubbed data. Top-K 
features, determined based on training sample, were used to train the classifier which then 
was employed to classify the testing sample. Mean an standard deviations of classification 
accuracy over 30 runs of Analysis 2 is plotted, for each of the 4 classes of FC. 
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Figure S6. Analysis 2 performed with an alternate set of seed locations. These seed locations 
are shown in Figure S1. Best-K features based on training data was used in classifier training 
and classification accuracy was determined using testing sample. For each class of FC, mean 
and standard deviation of classification accuracy estimated from 30 runs of Analysis 2 are 
shown. 
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Figure S7. Top-10 features that have the most between-group separability for Class III. The 

features corresponding to Class III were ranked based on t test and the top-10 are highlighted 

(with *) on the histograms from a representative control subject. 
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Figure S8. Top-10 features with the maximum between-group separability for Class IV. The 

features were ranked based on t-statistic and the top-10 are highlighted on the histograms for 

a representative subject. Asterisks coloured black indicate that the mean heights (across 

sliding windows) of corresponding bins comprised the top-10 features, while asterisks 

coloured red indicate that the standard deviation of the bin height was in the top-10.  
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Abstract
Complex human behavior emerges from dynamic patterns of neural activity that transiently syn-

chronize between distributed brain networks. This study aims to model the dynamics of neural

activity in individuals with schizophrenia and to investigate whether the attributes of these

dynamics associate with the disorder's behavioral and cognitive deficits. A hidden Markov model

(HMM) was inferred from resting-state functional magnetic resonance imaging (fMRI) data that

was temporally concatenated across individuals with schizophrenia (n = 41) and healthy compari-

son individuals (n = 41). Under the HMM, fluctuations in fMRI activity within 14 canonical

resting-state networks were described using a repertoire of 12 brain states. The proportion of

time spent in each state and the mean length of visits to each state were compared between

groups, and canonical correlation analysis was used to test for associations between these state

descriptors and symptom severity. Individuals with schizophrenia activated default mode and

executive networks for a significantly shorter proportion of the 8-min acquisition than healthy

comparison individuals. While the default mode was activated less frequently in schizophrenia,

the duration of each activation was on average 4–5 s longer than the comparison group. Severity

of positive symptoms was associated with a longer proportion of time spent in states character-

ized by inactive default mode and executive networks, together with heightened activity in sen-

sory networks. Furthermore, classifiers trained on the state descriptors predicted individual

diagnostic status with an accuracy of 76–85%.

KEYWORDS

default mode network, hidden Markov model, neural dynamics, resting state fMRI, resting

state networks, schizophrenia
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1 | INTRODUCTION

Resting-state functional neuroimaging is widely used to investigate

cerebral processes underlying the neurocognitive and behavioral defi-

cits associated with schizophrenia. Most studies have employed

functional magnetic resonance imaging (fMRI) or encephalographic

modalities to derive time-averaged measures of regional activation and

functional connectivity, which provide a summary of activity over the

duration of the entire scan acquisition (Alexander-Bloch et al., 2010;

Calhoun, Eichele, & Pearlson, 2009; Cocchi, Halford et al., 2014;

Fornito, Yoon, Zalesky, Bullmore, & Carter, 2011; Fornito, Zalesky,

Pantelis, & Bullmore, 2012; Gur & Gur, 2010; Kircher & Thienel, 2005;

Liu et al., 2008; Rubinov et al., 2009; van den Heuvel & Fornito,

2014). However, these neuroimaging modalities yield data that is

inherently time-resolved, and thus enable investigation of dynamics in

neural activity and connectivity as a function of time.

Neural dynamics give rise to spatially distributed networks of

functionally interconnected regions that emerge and dissolve over

multiple timescales (Cabral, Kringelbach, & Deco, 2014, 2017;

Calhoun, Miller, Pearlson, & Adalı, 2014; Deco, Jirsa, & McIntosh,

2011; Hutchison et al. 2013a; Kottaram et al., 2018; Preti, Bolton, &

Van De Ville, 2016). An emerging idea is that of a functional repertoire

of putative brain states that is continually revisited and rehearsed

against a background of noise-driven endogenous neural activity

(Deco & Jirsa, 2012; Sporns, 2013). The dynamics that play out on this

functional repertoire are thought to support cognition (Cabral et al.,

2017; Cocchi, Zalesky, Fornito, & Mattingley, 2013) and reflect the

overall functional capacity of a neural system (Deco et al., 2011),

which are likely related to changing mental states. Given that cogni-

tive deficits are one of the core clinical features of schizophrenia

(Bora & Pantelis, 2015; Elvevåg & Goldberg, 2000), and cognition is

thought to emerge from the dynamic interactions among distributed

brain regions (Bressler & Menon, 2010; Cabral et al., 2017; Cabral,

Kringelbach & Deco 2017; Cocchi, Harding et al., 2014; Cole, Ito, Bas-

sett, & Schultz, 2016), we hypothesized that neurocognitive and

behavioral deficits associated with the disorder may be characterized

by altered transition dynamics between putative brain states.

Previous studies suggest that large-scale neural dynamics in schizo-

phrenia are aberrant and characterized by reduced dynamism

(Damaraju et al., 2014; Miller et al., 2016), heritable (Su et al., 2016),

distinguishable from bipolar disorder (Rashid et al., 2014) and healthy

comparison individuals (Kottaram et al., 2018), and associated with

working memory performance (Fu et al., 2017). These previous studies

have primarily focused on characterizing functional connectivity

dynamics (i.e., interregional coupling), rather than the dynamics of brain

activity per se (i.e., blood-oxygenation level-dependent [BOLD] signal

dynamics). While connectivity and activity are related, time-resolved

analysis of functional connectivity is hampered by controversy in the

core definition of connectivity dynamics (Liegeois, Laumann, Snyder,

Zhou, & Thomas Yeo, 2017) and ongoing debate about choice of win-

dow lengths and other potential confounds (Hindriks et al., 2016;

Leonardi & Van De Ville, 2015; Lindquist, Xu, Nebel, & Caffo, 2014;

Zalesky & Breakspear, 2015). To circumvent these concerns, a more

principled approach may be to explicitly model the dynamics of brain

activity in regions or networks of interest.

One such computationally tractable model is the hidden Markov

model (HMM). The basic premise of the HMM is that brain activity

measurements from multiple locations can be decomposed into a

sequence of discrete brain states that repeat over time. These puta-

tive brain states are continually revisited and represent distinct spatio-

temporal patterns of activation, which are not directly observable, and

thus considered “hidden.” The HMM aims to discover these hidden

brain states as well as the likely sequence of transitions between

them. The overall proportion of time that an individual resides in each

putative brain state, known as the state's fractional occupancy, and the

average time spent in each state during each visit, known as the mean

lifetime or dwell time, can then be inferred for each individual.

The HMM has recently been applied to model neural dynamics

inferred from magnetoencephalography (MEG) (Baker et al., 2014;

Quinn et al., 2018; Vidaurre et al., 2016) as well as task-based and

resting-state functional MRI data (Ryali et al., 2016; Vidaurre et al.,

2017a; Vidaurre et al., 2017b; Taghia et al., 2018). These seminal

studies provide evidence for the utility of the HMM in characterizing

dynamic interactions between brain networks in healthy individuals

and show that the frequency of state transitions increases with age

(Ryali et al., 2016) and transitions can be organized hierarchically into

cognitive and sensorimotor metastates, with dwell times in these

putative metastases being heritable and correlating with cognitive

traits (Vidaurre et al., 2017a).

In the present study, we aim to model the temporal dynamics of

neural activity in individuals with schizophrenia and investigate any

potential relation between these dynamics and the disorder's core

symptoms. We hypothesize that the clinical symptoms and pervasive

cognitive deficits evident in schizophrenia may be associated with

aberrant dynamics involving activation of the default mode, salience,

executive control, and sensorimotor networks. To investigate this

hypothesis, we fit an HMM to resting-state functional MRI data

acquired in individuals with schizophrenia and healthy comparison

individuals. Our study is the first to apply the HMM to a clinical popu-

lation. We show that the HMM provides a principled characterization

of how canonical brain networks are coupled and evolve over time in

schizophrenia.

2 | MATERIALS AND METHODS

2.1 | Participants

Two neuroimaging data sets were analyzed. Data set 1 comprised

individuals with schizophrenia and healthy comparison individuals,

and was used to address the primary aims of this study. Data set

2 comprised only healthy individuals and was used to test the robust-

ness and replicability of the HMM.

Data set 1: Detailed clinical assessment and neuroimaging of

brain anatomy and function was performed in 41 individuals with

schizophrenia (mean age 40.9 ± 10.0 years, 28 males) and 41 healthy

comparison individuals (age-matched, mean age 38.3 ± 10.9 years,

24 males). Individuals with a confirmed diagnosis of schizophrenia
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(DSM-IV) were recruited from inpatient and outpatient clinics in the

metropolitan area of Melbourne, Australia. Individuals with schizo-

phrenia were treatment-resistant, defined as at least two unsuccessful

trials of at least two antipsychotic medications in the last 5 years.

Exclusion criteria included any contraindication to MRI, any neurologi-

cal disorder, history of brain trauma followed by a long period of

amnesia, mental retardation, current drug or alcohol dependence,

and/or history of electroconvulsive therapy. Healthy comparison indi-

viduals were recruited from the local community and had similar

socio-economic backgrounds to that of patients. Healthy comparison

individuals were excluded if they had a personal or family history of

psychosis or bipolar disorder. All individuals were aged between

18 and 62 years and provided written informed consent before partic-

ipation. Recruitment and all data acquisition procedures were

approved by the Melbourne Health Human Research Ethics Commit-

tee (MHREC ID 2012.069). Demographics and clinical characteristics

are shown in Table 1.

Data Set 2: Minimally preprocessed resting-state functional MRI

data from the human connectome project (HCP; Smith et al., 2013)

was sourced for 40 healthy adults (age range = 22–35 years; 20 males)

to assess the robustness and replicability of the model. Details about

recruitment procedures and inclusion/exclusion criteria are described

in detail elsewhere (Van Essen et al., 2013).

2.2 | Clinical assessments

All individuals were administered the Mini International Neuropsychi-

atric Interview (Sheehan et al., 1998) to confirm diagnosis of individ-

uals with schizophrenia and exclude current or past psychopathology

in the healthy comparison individuals. Further, all individuals were

administered the global assessment of functioning (GAF; Hall & Parks,

1995) and the social and occupational functioning assessment scale

(SOFAS; Goldman, Skodol, & Lave, 1992). The scale for the assess-

ment of positive symptoms (SAPS) and the scale for the assessment of

negative symptoms (SANS; Andreasen, Flaum, Arndt, Alliger, &

Swayze, 1991) were used to assess clinical symptoms in individuals

with schizophrenia. The Cambridge neuropsychological test auto-

mated battery (CANTAB; Sahakian et al., 1988) was used to assess

cognition (executive function and working memory) and the Wechsler

abbreviated scale of intelligence (WASI; Wechsler, 1955) was used to

measure full-scale intelligence quotient.

2.3 | Image acquisition

Data set 1: Data were acquired on a Siemens Avanto 3T Magnetom

TIM Trio scanner. T1 weighted images of brain anatomy were acquired

using an optimized Magnetization-Prepared Rapid acquisition Gradient

Echo sequence (176 sagittal slices with 1 mm thickness without gap;

repetition time (TR) = 1980 ms; echo time (TE) = 4.3 ms; flip angle =

15�; field of view (FOV) = 250 × 250 mm2 and resolution = 0.98 ×

0.98 × 1.0 mm3). Resting-state functional images were acquired using

a T2*-weighted echo-planar imaging sequence (TR = 2 s, TE = 40 ms,

voxel dimensions = 3.3 × 3.3 × 3 mm3 and matrix size 64 × 64), for a

duration of 7.8 min, resulting in 234 frames. Individuals were instructed

to stay awake and keep their eyes closed during the scan.

Data set 2: Acquisition details are described in detail elsewhere

(Smith et al., 2013). In short, 1,200 frames of resting-state multiband,

gradient-echo planar imaging were acquired during a period of

14.4 min with the following parameters: relaxation time, 720 ms; echo

time, 33.1 ms; flip angle, 52�; field of view, 280 × 180 mm; matrix,

140 × 90; and voxel dimensions, 2 mm isotropic. Only one of the four

runs acquired for each individual was analyzed in this study (left–right

encoded, first session).

2.4 | Image preprocessing

Data set 1: Image preprocessing was performed using FSL (FMRIB

software Library, https://fsl.fmrib.ox.ac.uk/fsl/) and SPM8 (www.fil.

ion.ucl.ac.uk/spm). The following sequence of steps was completed

TABLE 1 Demographic, behavioral, and clinical characteristics (Data set 1)

Schizophrenia (n = 41) Comparison group (n = 41) Between-group comparison

Sex (male/female) 28/13 24/17 χ2(1, N = 82) = 0.97, p = 0.32

Age (years) 40.9 ± 10.0 38.3 ± 10.5 t(82) = 1.1, p = 0.27

Illness duration (years) 17.9 ± 9.3 – –

IQ (WASI) 86.1 ± 18.7 111.2 ± 13.6 t(75) = 6.70, p < 0.01*

Education (years) 12.0 ± 0.55 16.4 ± 0.47 t(79) = −6.35, p < 0.01*

GAF 45.9 ± 13.0 79.5 ± 10.6 t(79) = −12.79, p < 0.01*

SOFAS 46.5 ± 14.8 79.5 ± 11.0 t(80) = −11.49, p < 0.01*

Generalized cognition1 (CANTAB) −48.5 ± 30.2 42.9 ± 20.7 t(82) = 7.91, p < 0.01*

Clozapine dosage (mg/day) 393.24 ± 24.6 – –

Chlorpromazine equivalent dosage (mg/day) 615.4 ± 55.84 – –

SAPS2 1.19 ± 0.62 – –

SANS2 1.48 ± 0.79 – –

Note. IQ = intelligence quotient; WASI = Wechsler abbreviated scale of intelligence; GAF = the global assessment of functioning; SOFAS = social and occu-
pational functioning assessment scale; CANTAB = Cambridge neuropsychological test automated battery; SAPS = scale for the assessment of positive
symptoms; SANS = scale for the assessment of negative symptoms; mg = milligram.
*Significant p < 0.01. Mean ± standard deviation of each measure is shown.
1Principal component across multiple CANTAB outcome measures (Section 2.8, Supporting Information Table S2).
2Mean across all available subscales (Section 2.8, Supporting Information Table S2). Variation in degrees of freedom is due to missing data for some
individuals.
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for each individual: slice-time correction, realignment to the mean

functional volume to correct for head motion, co-registration to the

respective T1-weighted anatomical image via rigid-body registration

and then spatial normalization to the Montreal Neurological Institute

152 template maintaining an isotropic 2 mm resolution via nonlinear

transformation. Confounds such as motion parameters (Friston

24-parameter model; Friston, Williams, Howard, Frackowiak, &

Turner, 1996) and signals from white matter and ventricles were

regressed from the BOLD time courses for each gray matter voxel, to

correct for head motion and physiological noise. Spatial smoothing

was applied to the residuals from this regression using a Gaussian

kernel of full-width at half-maximum (FWHM) of 4 mm. After smooth-

ing, the voxel time courses were band-pass filtered (0.01–0.1 Hz) to

alleviate low-frequency drifts and high-frequency physiological noise

(Cordes et al., 2001). Global signal regression was not applied, given

that this procedure has been suggested to alter the covariance struc-

ture of the data (Murphy, Birn, Handwerker, Jones, & Bandettini,

2009), particularly when assessing dynamics (Xu et al., 2018).

Of note, the sample characterized in Table 1 excludes seven individ-

uals (three healthy and four schizophrenia individuals) who were omitted

due to excessive intrascan head motion (framewise displacement

[FD] >0.5 mm). For the remaining individuals, FD did not significantly dif-

fer (p > 0.05) between the schizophrenia group (0.14 ± 0.07 mm) and

healthy comparison individuals (0.1 ± 0.05 mm).

Data set 2: The minimal preprocessing pipeline for the HCP data

is described in detail elsewhere (Smith et al., 2013). The minimally pre-

processed data were spatially smoothed with a Gaussian kernel

(FWHM = 4 mm) and band-pass filtered (0.01–0.1 Hz). These addi-

tional steps were undertaken to ensure Data sets 1 and 2 shared com-

parable frequency spectra and spatial smoothness.

2.5 | Delineation of resting-state networks

The temporal dynamics of BOLD activity were modeled in 14 canonical

resting-state networks (RSNs) using a HMM. The spatial extent of each

RSN was delineated according to established reference maps (Shirer,

Ryali, Rykhlevskaia, Menon, & Greicius, 2012; Supporting Information

Table S1). RSNs included cortical, subcortical, and cerebellar regions.

For each individual, network-averaged time courses were determined

for each of the 14 RSNs by averaging BOLD activity over all voxels

encapsulated by the RSN. These time courses were normalized to have

zero mean and unit standard deviation across time. Normalization was

performed separately for each RSN and each individual. These steps

yielded a matrix with three dimensions: subjects × RSNs × time (Data

set 1: 82 × 14 × 234; Data set 2: 40 × 14 × 1,200). The RSNs could

have been alternatively delineated using independent component anal-

ysis (ICA) or other data-driven parcellation methods; but this would

limit the comparability of the model across data sets. Hence, we opted

to use established reference maps that facilitate these explicit

comparisons.

2.6 | Hidden Markov model

The network-averaged BOLD time courses for each RSN (zero mean

and unit standard deviation) were temporally concatenated across all

individuals with schizophrenia as well as healthy comparison individ-

uals. After concatenation, the three dimensional matrix was thus

reduced to two dimensions: RSNs × T, where T = subjects × time

(Data set 1: 14 × 19,200; Data set 2: 14 × 48,000). The HMM was

then fitted to the temporally concatenated time courses. Fitting the

HMM to the concatenated data yielded a single set of model parame-

ters (e.g., brain states) that represented a consensus across all individ-

uals. While all individuals thus shared a common set of states, the

amount of time spent in each state and the transition probabilities

between states varied between individuals.

A schematic of the HMM architecture used in the present study

is shown in Figure 1 and a brief technical overview of the HMM is

provided in Supporting Information Section 1. The basic premise of

the HMM is that BOLD activity dynamics in the 14 RSNs can be

decomposed into a sequence of discrete brain states that repeat over

time. These putative brain states represent distinct spatiotemporal

patterns of activation. For example, a certain state might be character-

ized by relatively high activity in the default mode RSNs and relatively

low activity in all other RSNs, potentially corresponding to an intro-

spective state. The HMM aims to discover these hidden brain states

as well as the likely sequence of transitions between the states, under

the assumption that the network-averaged BOLD time courses are

stationary processes and the probability of the current state only

depends on the previous state.

The HMMBOX MATLAB toolbox (www.robots.ox.ac.uk/~parg/

software) was used to perform variational Bayes (VB) inference on the

HMM (Rezek & Roberts, 2005). Further details about VB inference on

HMMs are available elsewhere (Baker et al., 2014; Vidaurre et al.,

2017a). A total of 400 training cycles were completed and the model

fit with the lowest free energy was selected. A multivariate Gaussian

distribution was chosen for the observation model (emission distribu-

tion), and thus each inferred state was fully characterized by a mean

activation for each RSN (K × 1 vector per state; Figure 1c) as well as a

K × K covariance matrix, where K denotes the number of RSNs (K=

14 in this study). Covariance matrices were not analyzed in this study.

The group-level transition probability matrix was also estimated

(Figure 1d). Element (i, j) of the transition matrix is the probability of

transitioning from the state xi to state xj, while element (i, i) relates to

the average amount of time spent in state xi. Because we used a VB

inference framework, the marginal posterior distribution on the state

variable was estimated, and thus to compute summary statistics, the

most probable a posteriori state was chosen to be the active state at

each time point (Figure 1e).

The total number of states comprising the HMM needs to be

specified a priori. Previous studies that modeled functional MRI

dynamics in healthy individuals have considered 5–12 states (Baker

et al., 2014; Damaraju et al., 2014; Ou et al., 2015; Vidaurre et al.,

2017a). Following the recent study of Vidaurre et al. (2017a), we fore-

most inferred an HMM with M = 12 states. Our results were qualita-

tively comparable for HMMs inferred with as few as eight states.

Moreover, HMMs comprising 8–12 states differed negligibly in good-

ness of fit (Supporting Information Figure S1). Inference with 12 states

yielded the most physiologically plausible findings and provided a mar-

ginally improved fit (free energy).
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2.7 | Inference

After the HMM was inferred, each individual was characterized by a

distinct transition probability matrix (M × M) as well as distinct frac-

tional occupancy (M × 1) and mean lifetimes (M × 1) for each of the

M = 12 states. These descriptors were derived from the state path

sequence for each individual (Figure 1e). Transition probabilities char-

acterized the probability of transitioning from one state to another at

each time epoch. Each time epoch corresponded to one TR. A state's

fractional occupancy was defined as the proportion of time that an

individual resided in the state during the scan acquisition, whereas the

state's mean lifetime, or dwell time, was the average time an individual

resided in the state during each visit (Baker et al., 2014). Fractional

occupancy and mean lifetimes provided complementary characteriza-

tions: states with long fractional occupancy times, but short mean life-

times, are frequently visited for short intervals.

Inference was performed to evaluate the null hypothesis of equal-

ity in transition probabilities, fractional occupancy times, and mean

lifetimes between the schizophrenia and healthy comparison groups.

The network-based statistic (NBS) (Zalesky, Fornito, & Bullmore,

2010) was used to perform inference on the transition probability

matrices. The primary statistic threshold was set to 2.5; a total of

5,000 permutations were generated; and the family-wise error rate

was controlled at 5%. Connected components in the network of

supra-threshold connections were identified with a breadth first

search and the size of each connected component was measured

based on the number of supra-threshold connections it comprised.

Permutation testing was performed by shuffling group labels (schizo-

phrenia or control) among individuals, under the assumption of

exchangeability. For each permutation, the size of the largest con-

nected component was stored to estimate an empirical null distribu-

tion. The family-wise error corrected p-value for a component of

given size was then estimated as the proportion of permutations with

components of equal or larger size.

Two-sample t-tests were used for fractional occupancy and mean

lifetimes and permutation testing was used to assess the null

FIGURE 1 Architecture of the HMM. (a) HMM inputs were network-averaged BOLD time courses for each of K RSNs. Network-averaged time

courses were temporally concatenated across N individuals (columns), where the dashed vertical lines indicate concatenation points.
Concatenated time courses are denoted yk, k = 1, … K. (b) The HMM identified recurring patterns of activation among the K network-averaged
time courses. Each distinct activation pattern was assumed to represent a putative brain state. The variable Xt ϵ {x1, x2, … , xM} denotes the state
in which the brain resides at time t, where M is the total number of states comprising the HMM, while the variable Yt = (y1,t, y2,t, … , yK,t) denotes
the values of the network-averaged time courses observed at time t. The variable Xt is not directly observable from the data, and is thus
considered ‘hidden’. According to the HMM, the brain resides in a given state for a certain period of time and then transitions to a new state with
a probability that depends only on the previous state. At time t, the value of the observed variable Yt depends only on the value of the state Xt

and was assumed to follow a K-variate Gaussian distribution in this study. The parameters fitted to the HMM are: i) the mean activity of the RSNs
in each state (emission distribution parameters, Panel C); and, ii) the probabilities of transitioning from one state to another (transition
probabilities, Panel D). (C) Example fit of emission distribution means for each of M = 12 brain states (columns). Element (i, j) of the matrix is the
mean activity of RSN i in state j. (D) Example matrix of transition probabilities, where element (i, j) is the probability of transitioning to state xj
from state xi. (E) After fitting the HMM, the most probable brain state at each time point for each individual was inferred using Viterbi decoding.
The state path sequence shown contains discrete steps of varying height, each of which corresponds to a state transition. Brain states are labeled
with integers in an arbitrary order (vertical axis). Note that the HMM infers a covariance matrix corresponding to each state; however this was
not analyzed in the present study; hence not listed here [Color figure can be viewed at wileyonlinelibrary.com]
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hypothesis of equality in fractional occupancy and mean lifetimes

between the schizophrenia and healthy comparison group. Specifically,

we generated 5,000 permutations by shuffling group labels (schizophre-

nia or control) among individuals. For each permutation, a t-statistic

was computed to test for a between-group difference in fractional

occupancy or mean lifetimes. The absolute value of the t-statistic was

stored for each permutation, thereby generating an empirical null distri-

bution. A separate null distribution was estimated for each state. The

p-value for each state was then estimated as the proportion of samples

in the state's null distribution that were greater than or equal to the

absolute value of the t-statistic in the nonpermuted data.

2.8 | Canonical correlation analysis

Canonical correlation analysis (CCA) was used to study associations

among clinical/behavioral measures and fractional occupancies of dif-

ferent states in schizophrenia individuals. CCA enabled discovery of

multivariate associations between state descriptors of the HMM and

interindividual variation in clinical/behavioral measures, thereby pro-

viding a more principled approach than independently assessing each

potential association and then correcting for multiple tests. Specifi-

cally, CCA tested for multivariate associations across individuals

between the 12 fractional occupancy times and 8 measures character-

izing positive (SAPS) and negative symptoms (SANS), general (GAF)

and social (SOFAS) functioning, full-scale intelligence quotient (WASI),

a generalized measure of cognition (based on the CANTAB), chlor-

promazine equivalent dosage as well as the illness duration. Further

details on each score can be found in Supporting Information

Table S2. Principal component analysis was applied to summary mea-

sures to estimate missing values. CCA was performed on the resultant

measures and the fractional occupancy times of 12 states. Permuta-

tion testing was performed to establish significance of the correlation.

The fractional occupancy times were randomly permuted between

individuals and the CCA was re-estimated using this permuted data.

The correlation coefficient associated with the principal canonical

mode was then stored. This was repeated for 5,000 independent per-

mutations, thereby generating an empirical null distribution. A family-

wise error corrected p-value was computed for each canonical mode

in the unpermuted data as the proportion of correlation coefficients in

the null distribution that either equaled or exceeded the correlation

coefficient associated with the mode.

2.9 | Prediction of diagnostic status

Machine classifiers were trained to classify individuals according to

diagnostic status (schizophrenia or control) based on the fractional

occupancy times for each of the 12 states inferred from the HMM.

Ten-fold cross-validation (CV) was used to evaluate the performance

of each classifier as follows. Data set 1 was randomly partitioned into

two mutually exclusive groups of individuals—one containing 90% of

the sample and the other with the remaining 10% of individuals. The

HMM with 12 hidden states was inferred using individuals comprising

the larger partition (90%) and the state path sequences for each indi-

vidual were estimated. The HMM fitted to the larger partition was

then used to estimate the state path sequences for each individual

comprising the smaller partition (10%). Note that the HMM was not

re-fitted to the data comprising the smaller partition. Fractional occu-

pancy times were then computed for each state and each individual.

The 12 fractional occupancy times computed for each individual were

used as features for machine classification of diagnostic status. The

following classifier models were investigated: (a) support vector

machines (SVM) with a linear kernel, (b) k-nearest neighbor (k = 5),

(c) decision trees, (d) naive Bayes, (e) random forests, and (f ) ensemble

method (via boosting of trees). Each classifier model was trained on

the larger partition and then used to predict single-subject diagnosis

in the remaining 10% of the sample. Classifier performance was

assessed using accuracy, sensitivity, specificity, and area under the

curve (AUC). The 10-fold CV was repeated 100 times to estimate the

average performance under a range of data partitions.

In supplementary analyses, we investigated the robustness and

replicability of the states inferred by the HMM using an independent

data set (Data set 2) comprising healthy individuals (Supporting Infor-

mation Section 2).

3 | RESULTS

The HMM architecture shown in Figure 1 (12 states) was used to

model resting-state functional MRI dynamics in 14 canonical RSNs.

The spatiotemporal characteristics of these dynamics were then:

(a) investigated for aberrant behavior in individuals with schizophrenia

(n= 41), relative to healthy comparison individuals (n = 41); (b) tested

for associations with the severity of clinical symptoms and cognitive

deficits; (c) evaluated as features to predict single-subject diagnostic

status using a range of machine classifiers; and (d) compared to an

independent data set to establish the robustness of the HMM.

3.1 | Characterization of brain states

The 12 putative brain states inferred from the HMM are characterized

in Figure 2 and represent recurring patterns of activation among the

14 RSNs. The data used to infer the HMM were normalized to have

zero mean and unit standard deviation across time, and thus an activa-

tion of zero in Figure 2 corresponds to the mean level of activation.

Accordingly, negative activations (cool colors) indicate a relatively low

level of BOLD activity (i.e., below average), while positive activations

(warm colors) indicate relatively high BOLD activity (i.e., above aver-

age). State Hi is an aroused state in which all RSNs are active, whereas

state Lo is the converse state in which all RSNs show dampened activ-

ity. Similarly, states DMLo-SenHi and DMHi-SenLo demonstrate

antagonistic behavior between the default mode and sensory net-

works. State Mean is the baseline state in which all RSNs exhibit their

mean level of activation. States are also evident where salience and

executive networks show high and/or low activity (SalHi-ExHi, SalLo-

ExHi, and DMHi-SalLo).

The covariance matrix inferred for each state is shown in Sup-

porting Information Figure S4. In this study, no further analysis was

performed on the covariance matrices.

KOTTARAM ET AL. 2217
Chapter 4

131



3.2 | Aberrant dynamics in schizophrenia

Between-group inference was performed on three summary measures

characterizing the dynamic behavior of the HMM: (a) state transition

probabilities (12 × 12 matrix per individual); (b) proportion of time

spent in a state, or fractional occupancy (12 occupancies per individ-

ual); and (c) average time spent in a state during each visit, or mean

lifetime (12 lifetimes per individual). Figure 3 shows the mean frac-

tional occupancies (Panel a) and mean lifetimes (Panel b) for each

group of individuals and each of the 12 states. Fractional occupancy

times for each individual are reported in Supporting Information

Figure S5. Relative to the healthy comparison group, individuals with

schizophrenia resided for significantly shorter periods in states charac-

terized by: (a) overall high activation (Hi); and (b) relatively high activa-

tion of the default mode network (DMN) and diminished activation of

sensory networks (DMHi-SensLo). In particular, the fractional occu-

pancy of state DMHi-SensLo is 5–6% lower in patients. Despite resid-

ing in this state for significantly shorter periods than the comparison

group, this state's mean lifetime was significantly increased (4–5 s on

average) in the schizophrenia group. Therefore, schizophrenia is char-

acterized by infrequent but prolonged visits to state DMHi-SensLo.

Furthermore, the schizophrenia group resided for significantly longer

periods in states that were characterized by: (a) low overall activation

(Lo); and (b) heightened activation of sensory networks combined with

relatively low activation of cognitive and executive control networks

(DMLo-SensHi and SensHi-ExLo).

Figure 4a shows group-averaged transition probability matrices.

The top 20% of these transitions are visualized as a state transition

diagram in Figure 4b. It must be noted that these transitions do not

FIGURE 2 Characterization of inferred brain states. A HMM was used to decompose functional MRI dynamics in 14 predefined RSNs into a

sequence of 12 repeating brain states. Brain activation maps illustrate the level of normalized BOLD activity within the regions comprising each
RSN. The 12-segment bar provides a summary of the activation pattern characterizing each state. Data used to infer the HMM were normalized,
and thus an activation of zero corresponds to the mean level of activation (green shades). The activation of each RSN is expressed as a
percentage above or below the mean level of activation. DMN, default mode networks; SAL, salience networks; EXEC, executive control
networks; SENS, sensory networks. Supporting Information Table 1 provides details about the 14 RSNs [Color figure can be viewed at
wileyonlinelibrary.com]

2218 KOTTARAM ET AL.

Chapter 4

132

http://wileyonlinelibrary.com


imply significant between-group differences; rather, they are more

probable on average. Significant between-group differences in transi-

tion probabilities were found with the NBS (p < 0.05) and these tran-

sitions are shown in Figure 4c. Note that the NBS can detect

individual connections (i.e., components of size one) if the majority of

permutations (i.e., >95%) do not contain any connections that exceed

the primary statistic threshold, leading to a null distribution predomi-

nated by components of size zero. Several observations about the

sequence of transitions between states warrant consideration. First,

the healthy comparison group tends to transition back and forth

between states Hi and DMHi-SensLo (1$9 loop). In contrast, this

putative loop is absent in the schizophrenia group, where state Mean

is the preferred transition from both these states. Second, healthy

individuals are more likely to transition to state DMHi-SensLo from

state Lo (10 ! 9), whereas schizophrenia individuals often transition

back and forth between states Lo and DMLo-SensHi (10 $ 3). Third,

from state DMHi-SalLo, healthy individuals preferably transition to

states Hi or DMLo (11 ! 1/5), whereas individuals with schizophrenia

are more likely to transition to state DMHi (11 ! 4). Together, these

results suggest that schizophrenia is characterized by an inability to

dynamically activate and deactivate the DMN.

3.3 | Association between aberrant dynamics and
clinical symptoms

Fractional occupancy times were associated with the largest effect

sizes (Figure 3a), and were thus selected as the summary measure to

correlate with the severity of clinical symptoms and cognitive deficits

in the schizophrenia individuals. CCA identified one significant mode

(r = 0.9, p < 0.01, family-wise error corrected across all CCA modes

FIGURE 3 Comparison of fractional occupancy and mean lifetimes between schizophrenia and healthy comparison groups for states inferred

from the HMM. (a) Comparison of fractional occupancy times for each of the 12 states inferred from the HMM. A state's fractional occupancy is
the proportion of time that an individual resided in the state during the scan acquisition. (b) Comparison of mean lifetimes for each state. A state's
mean lifetime is the average time an individual resided in the state during each visit. Permutation tests (Section 2.7) were performed to assess the
null hypothesis of equality in fractional occupancy times between the schizophrenia and healthy comparison group. Asterisks (*) denote p < 0.05.
Boxplots: upper (lower) box edge, 25th (75th) percentile; central dot, median; thin lines, 1.5 x interquartile length [Color figure can be viewed at
wileyonlinelibrary.com]
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with permutation testing), which characterized an association

between interindividual variation in positive symptoms and fractional

occupancy times (Figure 5). Figure 5b shows that the canonical coeffi-

cient for the measure of positive symptoms (SAPS) is substantially

greater than all other symptoms and cognitive measures. The signifi-

cant CCA mode is thus predominantly explained by interindividual

variation in positive symptoms. The canonical coefficients for the frac-

tional occupancy times (Figure 5c) show a more complex pattern. In

particular, the most positive canonical coefficients are associated with

states DMLo, SenHi-ExLo, and Lo, while states Hi and DMHi show the

most negative canonical coefficients. Therefore, the greater the sever-

ity of positive symptoms, the longer the proportion of time spent in

states characterized by inactive default mode and executive networks,

together with heightened activity in sensory networks.

3.4 | Prediction of diagnostic status

Six distinct machine classifiers were trained to predict the diagnostic

status of each individual (schizophrenia or control) based on the

12 fractional occupancy times. Figure 6 shows classifier performance.

For each classifier architecture, the accuracy, sensitivity, specificity,

and AUC from 100 runs of 10-fold CV are reported. Classification

accuracies ranging between 76 and 85% were achieved across the six

classifiers (sensitivity: 70–78%; specificity: 78–88%, area under curve:

75–82%). All performance measures are significantly greater than the

chance level and multiple classifiers such as SVM, naive Bayes, ran-

dom forest, and ensemble of trees provide a median accuracy above

80%, over different runs of 10-fold CV.

3.5 | Model robustness

Supplementary analyses show that the states inferred from the HMM

are robust to the choice of initial conditions and stochastic variations

in the training cycle (Supporting Information Figure S2). The states

inferred from different instantiations of null data were observed to be

substantially different from that inferred on the real data. The inferred

states were also replicated in an independent group of healthy individ-

uals (Supporting Information Figure S3). We observed that the state

occupancy patterns of healthy individuals from Data sets 1 and 2 are

positively correlated on average, whereas the occupancy patterns of

schizophrenia individuals showed a slightly negative correlation, on

average, to the occupancy patterns of healthy subjects from either

data sets.

FIGURE 4 Transition probabilities between brain states for schizophrenia and healthy comparison groups. (a) Group-averaged transition

probability matrices for schizophrenia (lower) and healthy comparison groups (upper). Diagonal matrix elements omitted to aid visualization.
(b) Top 20% of the transitions (c) State transitions that have significantly different probability of occurrence (p < 0.05), identified by network-
based statistic. Each circle represents a state. Circle diameter is modulated by the fractional occupancy time of the corresponding state. Circle
colors denote states with significantly increased fractional occupancy in the healthy comparison (green) and schizophrenia (blue) groups. Yellow
circles denote states with no significant between-group difference in fractional occupancy. Each arrow represents a transition. Arrows denote
transitions with significantly greater probability in healthy comparison (dark yellow) and schizophrenia (maroon)) groups. Arrow thicknesses in
panel b correspond to group-averaged probability of that transition. The 20% strongest transitions should not be interpreted as significant, but
are rather visualized in panel b to highlight those transitions which are more probable on average. FO, fractional occupancy; Prb, probability. The
12 states are as follows: 1 = Hi, 2 = SalHi-ExHi, 3 = DMLo-SenHi, 4 = DMHi, 5 = DMLo, 6 = SenMean, 7 = SalLo-ExHi, 8 = SenHi-ExLo,
9 = DMHi-SenLo, 10 = Lo, 11 = DMHi-SalLo, 12 = Mean [Color figure can be viewed at wileyonlinelibrary.com]
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4 | DISCUSSION

Schizophrenia is associated with disturbances to the activity and con-

nectivity of brain networks, at rest (Calhoun et al., 2009; Breakspear

et al., 2003; Liang et al., 2006; Fox & Greicius, 2010; Liu et al., 2006;

Liu et al., 2008; Bluhm et al., 2007; Bluhm et al., 2009; Salvador et al.,

2007; Zhou et al., 2007; Jafri et al., 2008; Whitfield-Gabrieli et al.,

2009) and during the execution of cognitive and motor tasks (Calhoun

et al., 2012; Gur et al., 2002; Harrison, Yücel, Pujol, & Pantelis, 2007;

Hugdahl et al., 2004; Manoach et al., 1999; Yoon et al., 2008). In this

study, we provided a novel characterization of these disturbances by

explicitly modeling the dynamics of neural activity as a function of

time, whereas most previous functional neuroimaging studies of

schizophrenia have focused on static characterizations of activation

and connectivity that represent time averages over the entire data

acquisition interval. Time-resolved analyses of functional connectivity

in schizophrenia suggest that the disorder is characterized by reduced

dynamism in connectivity (Miller et al., 2016), shorter dwell times in

highly integrated states and altered thalamo-sensory dynamics

(Damaraju et al., 2014). Furthermore, aberrant connectivity dynamics

in the disorder are heritable (Su et al., 2016) and enable accurate,

single-subject prediction of diagnostic status (Kottaram et al., 2018).

These previous studies provided motivation to explicitly model the

dynamics of fMRI activity in schizophrenia to gain deeper insight into

the temporal characteristics of aberrant neural activity in the disorder.

To this end, we inferred an HMM from resting-state fMRI data

that was temporally concatenated across adults with schizophrenia

and healthy comparison individuals. The basic premise of the HMM

inferred in this study was that fMRI activity within 14 canonical RSNs

could be decomposed into a repertoire of 12 putative brain states,

where each state characterized a distinct pattern of activation across

the 14 networks. Neural dynamics under the HMM consisted of

dwelling in a state for a period of time and then transitioning to a new

state with a probability that only depended on the previous state.

States were therefore continually revisited. For each individual, we

quantified the proportion of time spent in each state (fractional

FIGURE 5 Association between interindividual variation in fractional occupancy times and severity of clinical symptoms and cognitive deficits.

CCA was performed to test for multivariate associations between interindividual variation in fractional occupancy times for 12 brain states and
eight measures of symptom severity, cognition, and clinical characteristics. (a) Scatter plot of canonical scores for the significant CCA mode. Solid
black line denotes line of best fit. A correlation of 0.91 (p = 0.007, family-wise error corrected) was observed between the canonical covariates.
The inset shows the distribution of correlation coefficients across 5,000 null instantiations (mean = 0.8). The dotted red line represents the
observed correlation coefficient of 0.91, which is significant (p < 0.01) with respect to the null distribution. (b) Canonical coefficients
corresponding to the eight summary measures. These measures are described in Supporting Information Table S2. SAPS, scale for the assessment
of positive symptoms; SANS, scale for the assessment of negative symptoms; GAF, global assessment of functioning; SOFAS, social and
occupational functioning assessment scale; IQ, intelligence quotient; COG, a generalized measure of cognition; CPZ, chlorpromazine equivalent
dosage; DOI, duration of illness. (c) Canonical coefficients corresponding to fractional occupancy times of the 12 states. Figure 2 provides a
description of each state. The value indicated above/below each bar indicates the Pearson correlation coefficient between the corresponding
variable and its canonical covariate. Whereas the height of each bar indicates the extent to which each variable is up- or down-weighted in
relation to its canonical covariate, the correlation coefficients provides a univariate measure of how strongly each variable is associated with its
canonical covariate [Color figure can be viewed at wileyonlinelibrary.com]
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occupancy) and the average duration of visits to each state (mean life-

time) as well as the likelihood of transitioning from one state to

another (transition probability matrix). These descriptors of the HMM

were compared between the two groups and investigated for associa-

tions with symptom severity and cognitive deficits in the individuals

with schizophrenia.

We found that the schizophrenia group resided for a significantly

longer proportion of the 8-min fMRI acquisition in states that were

characterized by overall low activity in all networks, particularly low

activation of the default mode and executive networks. This might

explain the poor behavioral and emotional regulatory functions in

schizophrenia (Breton et al., 2011; Orellana & Slachevsky, 2013),

which contributes to increased negative symptoms (Strauss et al.,

2013). Furthermore, states characterized by high activation of sensory

networks were visited for a longer proportion of time, potentially cor-

responding to the sensory gating deficits in schizophrenia (de Wilde,

Bour, Dingemans, Koelman, & Linszen, 2007; Patterson et al., 2008)

leading to hallucinations (Bohlken, Hugdahl, & Sommer, 2017).

Figure 4 suggests that schizophrenia is associated with an inability

to rapidly transition in and out of states with high DMN activation.

This accords with the finding that the mean lifetimes of both DMHi-

SenLo and DMLo-SenHi states were significantly higher in schizophre-

nia. Interestingly, while the schizophrenia group spent a significantly

shorter proportion of time in the state characterized by an active DMN

but inactive sensory networks (DMHi-SenLo), the duration of each acti-

vation in this state was on average significantly longer (4–5 s) than the

healthy comparison individuals. Thus, individuals with schizophrenia

do not often switch to this state compared to healthy subjects. This

suggests that schizophrenia is associated with reduced dynamism of

the DMN and that this network may be difficult to activate and deac-

tivate in individuals with the disorder. In other words, while the DMN

activates less frequently in schizophrenia, once it is activated, it

remains active for abnormally long periods.

Therefore, the mechanisms that upregulate or downregulate DMN

activation appears to be disrupted in schizophrenia. This deficit might

explain the observed perseveration (Crider, 1997), particularly the

impairments in set shifting (Ceaser et al., 2008). Given the role of the

DMN in self-generated cognition and self-consciousness (Andrews-

Hanna, 2012; Buckner, Andrews-Hanna, & Schacter, 2008; Raichle

et al., 2001), this inability might also correspond to the disrupted sense

of self (i.e., difficulty in differentiating self from others; Sass & Parnas,

2003; Wang, Metzak, & Woodward, 2011; Moe & Docherty, 2014) and

“poor mental coordination” (Andreasen, Paradiso, & O'Leary, 1998)

reported in schizophrenia. A number of task-based fMRI studies show

that individuals with schizophrenia fail to deactivate the DMN

(Anticevic, Repovs, & Barch, 2013; Calhoun, Maciejewski, Pearlson, &

Kiehl, 2008; Camchong et al., 2011; Garrity et al., 2007; Hasenkamp,

James, Boshoven, & Duncan, 2011; Kim et al., 2009; Pomarol-Clotet

et al., 2008; Salgado-Pineda et al., 2011; Wang et al., 2011; Whitfield-

Gabrieli et al., 2009). Studies have also reported a correspondence

between the reduced task-related suppression in DMN and gray matter

volume loss in some of the regions comprising this network (Pomarol-

Clotet et al., 2010; Salgado-Pineda et al., 2011; Skudlarski et al., 2010;

Zhou et al., 2008). In the present study, using a time-resolved approach,

FIGURE 6 Box plots of different performance measures from single-subject prediction of diagnostic status. The 12 state fractional occupancy

values were used as subject-specific features. Each box represents the distribution of a performance measure over 100 runs of 10-fold cross
validation. Blue box = 25–75 percentile, red line = median, black dotted lines = 9–91 percentile, red “+” = outliers. AUC, area under the curve;
SVM, support-vector machine; kNN, k-nearest neighbor; DT, decision trees; NB, naive Bayes; RF, random forest; EN, ensemble of trees [Color
figure can be viewed at wileyonlinelibrary.com]
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we show that this inability to suppress DMN activity is evident even in

the resting state.

Two of the states inferred—the DMLo-SenHi and DMHi-SenLo

states, are characterized by an antagonistic relationship between

default mode and sensory systems. While initial studies on RSNs

report the existence of anticorrelation between these two systems

(Fox et al., 2005; Greicius, Krasnow, Reiss, & Menon, 2003; Raichle

et al., 2001), suggesting it to be a mechanism for “division of labor”

between task-positive networks and DMN (Fransson, 2005, 2006)

and an indicator of behavioral performance (Kelly, Uddin, Biswal, Cas-

tellanos, & Milham, 2008), later studies on connectivity dynamics have

reported more complex relationships among RSNs (Allen et al., 2014;

Chang & Glover, 2010; Hutchison et al., 2013b). In the current study,

we observed instances of time when these two systems exhibit antic-

orrelated activity. This consisted of a state in which the DMN showing

heightened activation and the other state with low DMN activity

while sensory components in each case showing opposite trends.

Notably, another study on dynamic functional network connectivity in

schizophrenia also identified two such states (Rashid et al., 2014).

Similarly, a state with reduced connectivity in DMN and hyperconnec-

tivity in visual systems has been reported in healthy individuals

with psychotic-like experiences (Barber, Lindquist, DeRosse, &

Karlsgodt, 2018).

Interindividual variation in the severity of positive symptoms was

significantly correlated with a multivariate combination consisting of

the proportion of time spent across several states. More specifically,

the severity of positive symptoms, as assessed with the SAPS, was

associated with the following pattern of fractional occupancy times:

increased occupancy of states characterized by an inactive default

mode network (DMLo), inactive executive but active sensory net-

works (SenHi-ExLo), and overall low activity across all networks (Lo);

together with reduced occupancy of the state characterized overall

high activity across all networks (Hi). Both these relationships—the

inverse association between severity of positive symptoms and DMN

activation as well as the direct correspondence between positive

symptoms and activation of sensory networks, are in agreement with

previous task based (Menon, Anagnoson, Mathalon, Glover, & Pfeffer-

baum, 2001; Perlstein, Carter, Noll, & Cohen, 2001) and resting-state

(Rotarska-Jagiela et al., 2010; Skudlarski et al., 2010) fMRI studies.

Fractional occupancy times were not associated with cognitive defi-

cits, durations of illness, antipsychotic medication dose, and measures

of general functioning. While we hypothesized that altered transition

dynamics may correlate with cognitive deficits, altered dynamics that

specifically underpin cognition might only manifest during engage-

ment of tasks, but not in the resting state considered in this study.

While there is strong evidence on lack of DMN suppression dur-

ing goal-directed cognition in schizophrenia (Anticevic et al., 2012a;

Calhoun et al., 2008; Camchong et al., 2011; Garrity et al., 2007;

Hasenkamp et al., 2011; Kim et al., 2009; Pomarol-Clotet et al., 2008;

Salgado-Pineda et al., 2011; Wang et al., 2011; Whitfield-Gabrieli

et al., 2009), its exact causes remain unclear, fundamentally due to our

limited understanding of the mechanisms underlying the functional

antagonism between DMN and task-positive networks (Anticevic

et al., 2012a). A few neuropharmacological studies have implicated

defective synaptic mechanisms in psychotic conditions, mediated by

certain monoaminergics that prevent inhibitory interneuronal func-

tions in the cortex (Anticevic et al., 2012b; Carhart-Harris et al., 2012;

Dang, O'Neil, & Jagust, 2012; Minzenberg, Yoon, & Carter, 2011). This

“cortical disinhibition” (Krystal et al., 2003) has been shown to affect

the dynamic interplay between task-positive and task-negative sys-

tems, which was explained by plausible biophysical models based on

conductance of different membrane receptors (Compte, Brunel,

Goldman-Rakic, & Wang, 2000) and further validated by pharmaco-

logical experiments (Brunel & Wang, 2001; Krystal et al., 2003).

The singe-subject prediction analyses using fractional occupancy

times as subject-specific features provided high classification accura-

cies (>80%) that remain consistent across different classifier models.

This implies the utility of the model in capturing disease-related infor-

mation, even when the states were estimated from the concatenated

network time series. Previous studies on functional connectivity have

reported accuracies in the range of 60–95% in classifying schizophre-

nia versus healthy subjects (Du, Zening, & Calhoun, 2018; Woo,

Chang, Lindquist, & Wager, 2017); however, most of them employ

ICA to define networks from the whole data, which leads to a bias in

the cross validation. Using predefined maps for the delineation of

RSNs, we could eliminate this drawback and by this way, the features

become more comparable across subjects.

Intrascan head motion (Power, Barnes, Snyder, Schlaggar, &

Petersen, 2012) is well-known to influence functional connectivity

measures (Satterthwaite et al., 2012; Van Dijk, Sabuncu, & Buckner,

2012; Yendiki, Koldewyn, Kakunoori, Kanwisher, & Fischl, 2014),

emphasizing the need for appropriate motion correction strategies, par-

ticularly in the case of time-resolved analyses (Laumann et al., 2016). At

the same time, head motion has been shown to have a genetic basis

(Couvy-Duchesne et al., 2014, 2016), rather than an artifact; and the

choice of correction technique can potentially influence the specificity

of imaging-based biomarkers (Parkes, Fulcher, Yücel, & Fornito, 2018;

Zeng et al., 2014). In the case of modeling dynamics with the HMM,

head motion can induce artificial state transitions, which confounds the

summary measures calculated. However, as noted in Section 2.1, mean

FD values were not significantly different between groups in our data.

Furthermore, we repeated the between-group comparisons of frac-

tional occupancy and mean lifetimes after regressing the mean FD

values from each measure and performing inference on the resulting

residuals. Supporting Information Figure S6 shows that between-group

differences were unchanged when inference was performed on the

residuals resulting from motion regression, suggesting that intrascan

head motion did not significantly influence our findings.

Several limitations warrant consideration. First, the same refer-

ence maps were used to delineate RSNs in both the schizophrenia

and healthy comparison groups, thereby disregarding any between-

group differences in the spatial extent (Ma, Calhoun, Phlypo, &

Adalı, 2014) of these networks. Second, fitting the HMM to the

concatenated data yielded a single set of inferred states that repre-

sented a consensus across all individuals. While all individuals thus

shared a common set of states, the amount of time spent in each state

and the transition probabilities between states could vary between

individuals. To improve the fit of the model, an alternative approach

would have been to independently fit a separate HMM to each indi-

vidual or each diagnostic category. However, this approach would
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have substantially increased the model complexity and would not

have allowed for state-specific statistics to be directly compared

between groups. Third, the influence of intrascan head motion (Power

et al., 2012) could have potentially confounded our observations. A

standard motion correction algorithm was used in our analyses, but

we have not adopted any stringent methods like scrubbing. However,

there were no significant between-group differences in head motion

in our subjects and our results remain significant even after regressing

motion parameters from summary measures. The influence of antipsy-

chotic medication (Moncrieff & Leo, 2010) on observed dynamics is

also unknown. Finally, the effect of drowsiness or sleep (Deco et al.,

2018; Tagliazucchi & Laufs, 2014) on our observations is unclear. Par-

ticipants were instructed to remain awake during the scan, but there

were no further measures to control or monitor sleep.

5 | CONCLUSION

The present study characterizes aberrant dynamic network interac-

tions in schizophrenia. We observed that compared to a healthy com-

parison group, schizophrenia individuals spent greater amounts of

time in states characterized by overall low activity, particularly within

the DMN and executive networks. Interindividual variation in these

attributes significantly correlated with the severity of positive symp-

toms, but not cognitive deficits, medication, and duration of illness.

We also found that individuals with schizophrenia are not capable of

regulating DMN activity as efficiently as healthy subjects, and as a

result, have difficulty in activating and inactivating the DMN. We

assessed the efficacy of different state occupancies as potential bio-

markers for the disease using a machine learning classifier and

observed that such models can achieve a high diagnostic accuracy.

Further, we tested the reproducibility of the model on another data

set and performed rigorous permutation testing to validate the

robustness of model estimation.
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1. The hidden Markov model  

A hidden Markov model (HMM) is a statistical Markov process, where at each time point, 

the system is assumed to be at one of the states from a known (finite) number of states. The 

states are not directly observable (or hidden) and only certain output variables that reflect the 

state changes are measurable. A Markov process is a stochastic model, where the future state 

depends only on the current state and the past states doesn’t have any influence on this 

choice. While the state transitions follow a Markov chain, the outputs are conditionally 

independent; at any point the output depends only on the current state and is independent of 

previous outputs. In the present study, the out distributions are modelled to be multi-variate 

Gaussian. The optimal distributions that describe the observations are identified in a recursive 

manner (Baum-Welch recursions), which involves two steps: a forward-backward algorithm 

to compute the posterior and prior distributions and expectation maximisation to identify the 

optimal model that best suits the observations.  

Given an observation sequence and the fitted model, the most probable hidden state sequence 

that generated the observed sequence is identified using a dynamic programming algorithm 

called Viterbi decoding.  
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Supplementary Figure 1. Goodness of fit of the HMM with different number of states. 

HMM was inferred with number of states varying from 2-15 and the percentage changes in 

free energy/log-likelihood as well as Akaike information criteria (AIC) were calculated in 

each case. (A) Variation in free energy (blue) and log-likelihood (red) with the number of 

states (B) AIC based on free energy (blue) and log-likelihood (red), penalising for the number 

of states (C) Percentage changes in free energy (blue) and log-likelihood (red) (D) Percentage 

changes in AIC based on free energy (blue) and log-likelihood (red). The percentage change 

decreases as the number of states increases and the improvement becomes negligible beyond 

12 states.  

 

2. Robustness and replicability of inferred brain states  

Supplementary analyses were undertaken to establish whether the states inferred from HMM 

were: i) robust to the choice of initial conditions and other stochastic variations in the training 

cycle; and, ii) replicable in an independent dataset.  

Robustness of states: To test robustness, permutation testing was performed to determine 

whether the distances between sets of states corresponding to different training cycles were 

significantly shorter than an empirically generated null distribution. The distance between 

two sets of states was computed using the 𝐿1-norm between the mean values of the emission 

distribution (𝐾 × 1) for the two sets of states. We generated 250 training cycles and 

computed the distance between the sets of states corresponding to all (250 × 249) / 2 ≈ 

31,000 pairs of unique sets, after matching the states across the pair following the greedy 
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heuristic described below. To generate null data, the network-averaged blood oxygenation 

level dependent (BOLD) time courses were randomly permuted between the 14 resting state 

networks (RSNs). Permutation was performed independently for each individual. The 

permuted data was then temporally concatenated across all individuals, and thus each 

concatenated time course did not necessarily correspond to a common RSN. In other words, 

RSN 𝑖 of the first individual could have been concatenated with the RSN 𝑗 for the second 

individual, where 𝑖 ≠ 𝑗. The HMM was then inferred using the permuted data. A total of 250 

such null instantiations were generated, and after matching states between different pairs of 

instantiations, the distance between the sets of states corresponding to all pairs of sets was 

computed to generate a null distribution. Robustness of was indicated by significantly shorter 

distances between sets of states inferred from different training cycles, compared to the null 

distribution (Supplementary Figure 2).  

Replicability of states: The HMM was independently fitted to a second dataset (Dataset 2) to 

evaluate whether the inferred states were replicable. This yielded a new set of 12 states.  The 

two sets of states (Datasets 1 and 2) were heuristically matched by comparing the means of 

the observation model (emission distribution) using the following greedy heuristic. First, the 

distance (𝐿1-norm) between every pair of states from Dataset 1 and Dataset 2 was computed, 

yielding a 12 × 12 distance matrix. In a locally greedy manner, pairs of states separated by 

the shortest distance were successively assigned to each other, resulting in a one-to-one 

mapping between states in the two datasets. The Pearson correlation in fractional occupancy 

times was then computed between every pair of individuals (Datasets 1 and 2), where states 

were matched to each other based this one-to-one mapping. If the correlation in fractional 

occupancy values between individuals from independent datasets (and independently fitted 

HMMs) was significant, this would suggest that the states inferred from the HMM were 

replicable.     
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Supplementary Figure 2. Assessing the robustness of model estimation. A total of 250 

inferences of the hidden Markov model (HMM) were performed with random initializations. 

The distance between every pair of model estimations were calculated. The purple histogram 

corresponds to the distribution of distances. To obtain a null distribution, the network time 

courses were randomly permuted for every subject and HMM was estimated. The brown 

histogram corresponds to the pair-wise distances between 250 such instantiations of null data.  

After matching, the states from Dataset 1 and Dataset 2 were found corresponding to each 

other. There existed strong one-to-one correlations (r = 0.67 ± 0.27) between corresponding 

state means from both emission distributions.   

Supplementary Figure 3 depicts the correlation of fractional occupancies among subjects 

from Datasets 1 and 2.  As seen in Panel A, there exist high correlations between subjects 

within the same groups and the mean within-group correlation is greater compared to the 

between-group correlations (panel B). Also, the healthy individuals from Dataset 1 show 

higher agreement to subjects from Dataset 2, than the schizophrenia individuals, suggesting 

that the occupancy patterns are similar among healthy subjects. Also, there exists a negative 

correlation in occupancy trends between healthy individuals and schizophrenia subjects, 

which is in agreement with the observation form Figure 3A.  
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Supplementary Figure 3. Reproducibility of the HMM on Dataset 2. The Dataset 2 

consisted of 40 healthy individuals from the Human Connectome Project (HCP). The HMM 

was estimated on network-averaged time courses form Dataset 2 and the states were matched 

between both Datasets (Supplementary section 1). (A) Correlations of fractional state 

occupancies of each subject to that of every other subject from both Datasets. The three 

blocks highlighted are: HC – Healthy comparison individuals from Dataset 1 (n=41); SZ – 

Schizophrenia individuals from Dataset 1(n=41); HCP – Subjects (healthy adults) from 

Dataset 2 (n=40). (B) Average correlation between different groups (the mean of the 

correlation coefficients from each module in panel A).  

While we used a distance metric and greedy search to match states between the two HMMs, 

more principled methods are available to derive a one-to-one mapping between states, 

including the Hungarian algorithm (https://github.com/OHBA-analysis/HMM-

MAR/blob/master/utils/general/munkres.m) and Kullback-Leibler divergence 

(https://github.com/OHBA-analysis/HMM-MAR/blob/master/utils/math/symm_kl_div.m).  
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Supplementary Table 1. Regions comprising each of the 14 resting-state networks 

(RSNs) considered in this study. These networks were defined following a previous study 

(Shirer et al. 2012). BA – Broadmann Area. Note that network nodes can span multiple BAs 

and regions; not all voxels comprising a BA or region are necessarily included as part of a 

node.   
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Supplementary Table 2. Summary measures used in canonical correlation analysis.  

No.  Score Description 

1 Mean SAPS score A summary measure for the SAPS was computed by taking 

the average across items of the scale to account for missing 

data 

2 Mean SANS score Similar to SAPS score, a summary measure was calculated 

by taking the average across available items of the SANS 

scale 

3 GAF score GAF score as reported 

4 SOFAS score As reported 

5 IQ  IQ based on WASI scale, as reported 

6 A generalized 

measure of 

cognition 

From the CANTAB, principal component analysis (PCA) 

was performed on outcome measures (raw scores) for 

cognitive tests that tapped: i) spatial working memory 

(SWM), ii) paired associate learning (PAL), iii) intra-extra 

dimensional set shift (IED), and, iv) spatial span (SSP). The 

first principal component explained more than 80% of inter-

individual variance across schizophrenia and healthy 

comparison individuals, and was used as a generalized 

measure of cognition. 

7 Chlorpromazine 

equivalent dosage 

Schizophrenia individuals were under multiple antipsychotic 

medications and the type of medication and dosage varied 

across subjects. To get an estimate of therapeutic dose 

equivalence across antipsychotics, chlorpromazine equivalent 

dosage (mg/day) was calculated for every subject, following 

(Woods 2003). 

8 Duration of illness Illness duration (years), as reported. 

Note: IQ – Intelligence Quotient; WASI – Wechsler Abbreviated Scale of Intelligence; GAF 

– The Global Assessment of Functioning; SOFAS – Social and Occupational Functioning 

Assessment Scale; CANTAB – Cambridge Neuropsychological Test Automated Battery; 

SAPS –  Scale for the Assessment of Positive Symptoms; SANS – Scale for the Assessment 

of Negative Symptoms. 
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Supplementary Figure 4. Covariance matrices for the emission distribution of each 

HMM state. Each state is modelled as a multivariate (n =14) Gaussian distribution. The 

means of these state distributions are visualized in Figure 2 and the associated covariance 

matrices are shown here. No further analysis was performed on the covariance matrices.  
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Supplementary Figure 5. Fractional occupancy times (%) for each individual. The top 

panel corresponds to state occupancy times of healthy comparison individuals (n = 41) while 

the bottom panel corresponds to that of individuals with schizophrenia (n = 41). Ordering of 

individuals is random.  
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Supplementary Figure 6. Comparison of fractional occupancy and mean lifetimes 

between schizophrenia and healthy comparison groups after regressing out motion 

parameters. For every subject, the mean frame-wise displacement (FD) was calculated and 

the mean FD vector was regressed out from occupancy and mean lifetime vectors. The 

residuals resulting from this regression was compared between groups. (A) Comparison of 

fractional occupancy times for each of the 12 states after regression. (B) Comparison of mean 

lifetimes for each state after regression. The false discovery rate (FDR) was controlled to 

correct for the 12 independent t-tests performed to test for between-group differences in 

fractional occupancy and mean lifetimes. Asterisks (*) denote FDR < 5%, across the 12 

states. This analysis was performed complementary to the results shown in Figure 3, where 

the measures were compared without regressing motion effects.  
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ABSTRACT 

In a machine learning setting, this study aims to compare the prognostic utility of connectomic, 

brain structural and clinical/demographic predictors of individual change in symptom severity in 

individuals with schizophrenia. Symptom severity at baseline and one-year follow-up was 

assessed in 30 individuals with a schizophrenia-spectrum disorder using the Brief Psychiatric 

Rating Scale. Structural and functional neuroimaging was acquired in all individuals at baseline. 

Machine learning classifiers were trained to predict whether individuals improved or worsened 

with respect to positive, negative and overall symptom severity. Classifiers were trained using 

various combinations of predictors, including regional cortical thickness and gray matter volume, 

static and dynamic resting-state connectivity and/or baseline clinical and demographic variables. 

Relative change in overall symptom severity between baseline and one-year follow-up varied 

markedly among individuals (inter-quartile range: 55%). Dynamic resting-state connectivity 

measured within the default-mode network was the most accurate single predictor of change in 

positive (accuracy: 87%), negative (83%) and overall symptom severity (77%) at follow-up. 

Incorporating predictors based on regional cortical thickness, gray matter volume and baseline 

clinical variables did not markedly improve prediction accuracy and the prognostic utility of 

these predictors in isolation was moderate (<70%). Worsening negative symptoms at one-year 

follow-up were predicted by hyper-connectivity and hypo-dynamism within the default-mode 

network at baseline assessment, while hypo-connectivity and hyper-dynamism predicted 

worsening positive symptoms. Given the modest sample size investigated, we recommend giving 

precedence to the relative ranking of the predictors investigated in this study, rather than the 

prediction accuracy estimates.    
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1 INTRODUCTION 

While many individuals with schizophrenia can achieve varying degrees of remission, the risk of 

relapse, recurrence and worsening of symptoms remains significant, particularly after treatment 

discontinuation (Emsley et al., 2013). Relapse may indicate disease progression (Lieberman et 

al., 1993), and in many cases, accompanied by brain changes (Cropley & Pantelis, 2014) or 

serious consequences, including extreme despair and increased risk of suicide (Pompili et al., 

2007). Predicting relapse events and illness course is therefore critical to enable early and 

targeted initiation of appropriate treatments to individuals with a high risk of relapse. Moreover, 

individuals predicted to follow a favorable illness course may be spared unnecessary treatment 

and associated side-effects (Arana, 2000; Bruijnzeel, Suryadevara, & Tandon, 2014; Cha & 

McIntyre, 2012; Fusar-Poli et al., 2013; Vita et al., 2012). 

Predicting individual illness course, particularly the likelihood of specific relapse events, is very 

challenging. The most accurate predictors of relapse and worsening of symptoms include non-

adherence with medication (Robinson et al., 1999), poor premorbid adjustment and substance 

abuse (Alvarez-Jimenez et al., 2012), yet these predictors are unreliable in some cases, 

potentially difficult to ascertain and at most explain a 3-4-fold increase in relapse risk. Accurate, 

objective and reliable predictors of long-term illness outcome are therefore needed to enable 

individualized prognostication and treatment.                

Functional and structural neuroimaging is a promising candidate for such a predictor that has 

received significant attention. Several recent studies demonstrate the prognostic utility of training 

machine learning algorithms to recognize features derived from an individual’s neuroimaging 

data that predict transition to psychosis (Koutsouleris et al., 2012, 2009, 2015; Ramyead et al., 
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2016), illness course (Kambeitz-Ilankovic et al., 2016; Koutsouleris et al., 2018a; Mourao-

Miranda et al., 2012), treatment response (Khodayari-Rostamabad et al., 2010; Koutsouleris et 

al., 2018b), relapse (Nieuwenhuis et al., 2017) and resilience (de Wit et al., 2016). These studies 

have sought to compute individual prognostications at follow-ups ranging between 1-7 years, 

primarily using anatomical features derived from structural neuroimaging, such as regional 

cortical thickness estimates or measures of gray matter volume. Prediction accuracies typically 

range between 60-90%  (Janssen, Mourão-Miranda, & Schnack, 2018).  

More recently, the prognostic capability of resting-state functional connectivity inferred from 

functional MRI has emerged in the context of predicting antipsychotic treatment response in 

individuals experiencing a first episode of psychosis (Cao et al., 2018; Sarpal et al., 2016). 

However, it remains unclear whether resting-state connectivity enables improved prognostication 

in a machine learning setting compared to classic neuroimaging measures indexing cortical 

structure and morphology, such as cortical thickness and gray matter volume, and/or 

demographic and clinical variables. Furthermore, the dynamic properties of resting-state 

connectivity particularly warrant investigation as candidate predictors of illness outcome.  When 

compared to classic time-averaged resting-state functional connectivity approaches, dynamic 

measures of connectivity yield enhanced sensitivity to disease-related effects (Damaraju et al., 

2014) and improved diagnostic accuracy (Kottaram et al., 2018). 

Schizophrenia is associated with widespread reductions in resting-state connectivity strength 

(Bluhm et al., 2007; Fornito, Zalesky, & Breakspear, 2015; Fox & Greicius, 2010; Ganella et al., 

2017; Liu et al., 2008; Salvador et al., 2007; Zalesky, Fornito, & Bullmore, 2010), which are 

associated with the severity of specific symptom dimensions (Hare et al., 2018; Repovs, 

Csernansky, & Barch, 2011; Rotarska-Jagiela et al., 2010; Venkataraman et al., 2012). In 
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particular, the default mode network, involved in interoceptive functions (Andrews-Hanna, 

Smallwood, & Spreng, 2014; Buckner, Andrews-Hanna, & Schacter, 2008; Raichle et al., 2001), 

has been consistently shown to exhibit aberrant connectivity in schizophrenia (Bluhm et al., 

2007; Hu et al., 2017; Jafri et al., 2008; Liemburg et al., 2012; Liu et al., 2012; Shim et al., 2010; 

Skudlarski et al., 2010; Whitfield-Gabrieli et al., 2009; Zhou et al., 2007). Assessing the 

temporal variations in functional connectivity  revealed periods of both hypo and hyper-

connectivity with the default-mode network (Damaraju et al., 2014; Kottaram et al., 2018) and 

reduced dynamism in patients (Kottaram et al., 2019; Miller et al., 2016).  

In the present study, we aim to predict individual illness outcomes (i.e. worsening or 

improvement in symptoms) at one-year follow-up in a cohort of individuals with schizophrenia. 

We train a simple (linear) machine learning algorithm to predict individual outcomes based on 

baseline measures of: i) static and dynamic resting-state connectivity (functional neuroimaging), 

ii) cortical thickness and gray matter volume (structural neuroimaging), and/or iii) clinical and 

demographic variables.  We aim to determine which of these measures, or combinations thereof, 

provide the most accurate prediction of illness outcome. We hypothesized that dynamic 

measures of resting-state connectivity within the default-mode network would provide the most 

accurate and objective predictors of outcome. Our hypothesis is motivated by recent studies that 

suggest aberrant switching and connectivity dynamics within the default-mode network are core 

pathophysiological features of schizophrenia (Damaraju et al., 2014; Du et al., 2016; Kottaram et 

al., 2019, 2018; Miller et al., 2016; Rashid et al., 2016). This emerging literature  led us to 

specifically target the default-mode network as a predictor, particularly given that: (i) the default-

mode network shows the highest levels of activation during rest (Buckner et al., 2008; Raichle et 

al., 2001); (ii) while wide-spread connectivity disruptions have been reported in schizophrenia, 
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the most consistent and robust abnormalities have been reported in this network (Bluhm et al., 

2007; Hu et al., 2017; Jafri et al., 2008; Liemburg et al., 2012; Liu et al., 2012; Shim et al., 2010; 

Skudlarski et al., 2010; Whitfield-Gabrieli et al., 2009; Zhou et al., 2007); (iii) from a 

methodological perspective, the default-mode network can be more easily and robustly detected 

compared to other networks (Raichle & Snyder, 2007). This is the first study to evaluate the 

prognostic capability of dynamic measures in resting-state connectivity. Given our modest 

sample size in the context of machine learning (N = 30), we consider this study preliminary and 

emphasize that our primary goal is to compare and rank the predictive power of various 

neuroimaging and clinical variables. This study can inform the choice of predictors (i.e. static 

vis-a-vis dynamic, functional vis-a-vis structural neuroimaging) investigated in future studies, 

which should be conducted in larger cohorts that are preferably acquired across multiple sites.          

2 METHODS 

2.1 Participants 

Individuals with schizophrenia (N = 30; age = 27.3 ± 8.6 years; 10 females) were recruited 

through Orygen Youth Health clinical sites in Victoria, Australia. All individuals had 

experienced a first episode of psychosis, with several individuals (N=11) also having a 

confirmed diagnosis of schizophrenia (DSM-IV). All individuals were prescribed antipsychotic 

medications at the time of recruitment, image acquisition and follow-up assessment. Exclusion 

criteria included a history of neurological disease or significant brain injury, a documented 

history of developmental delay or intellectual disability and presence of any contraindications to 

MRI. All individuals provided written informed consent prior to participation. The study was 

approved by the Melbourne Health Human Research Ethics Committee (MHREC ID 2012.069).  
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Baseline and follow-up assessments of symptom severity, behavior and cognitive ability were 

completed for all individuals. Baseline assessments were performed within one week of image 

acquisition. Follow-up assessments were performed after an interval of approximately one year 

(372 ± 12.7 days). Positive and negative symptoms were assessed using the Brief Psychiatric 

Rating Scale (BPRS) (Andersen et al., 1989) and general cognitive ability was assessed using the 

Wechsler Abbreviated Scale of Intelligence (WASI) (Wechsler, 1955). Additional assessments 

were administered but not analyzed in this study. Table 1 shows summary statistics at baseline 

and follow-up. While group-averaged ratings of symptom severity did not significantly differ 

between baseline and follow-up (Table 1), marked heterogeneity was evident across individuals 

(Figure 1). 

2.2 Image acquisition and preprocessing 

Functional and structural magnetic resonance imaging (MRI) was performed in all individuals. 

Acquisition details are provided in Supplementary Material S.1. In brief, T1-weighted structural 

(TR = 1980 ms, TE = 4.3 ms and voxel resolution of 0.98 mm × 0.98 mm × 1.0 mm) and resting-

state (TR = 2 s, TE = 40 ms and voxel dimensions = 3.3mm × 3.3mm × 3mm, 234 frames over 

~8 minutes) images were acquired on a 3T Siemens scanner.  

Preprocessing was primarily performed using FSL 5.0.9 (FMRIB Software Library, 

www.fmrib.ox.ac.uk). Each individual’s T1-weighted image was skull-stripped and spatially 

normalized via non-linear registration to the Montreal Neurological Institute (MNI) 152 

template. Resting-state images were slice-time corrected, realigned to the mean functional image 

to correct for motion, co-registered to the corresponding T1-weighted scan via rigid-body 

registration and then warped to the normalized structural image using the previously computed 
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warp transformation. Images were sampled at 2 mm isotropic in MNI space. Images were then 

spatially smoothed using a Gaussian kernel of full width at half maximum of 4 mm. The 

smoothed images were further processed with ICA-AROMA (Pruim, Mennes, van Rooij, et al., 

2015), an automated tool for motion artefact removal, which has been shown to improve both 

sensitivity and specificity of connectivity analyses (Parkes et al., 2018; Pruim et al., 2015). 

Signals from white matter and ventricles were then regressed from the voxel time courses and 

the resulting residuals were used for all subsequent analyses. Finally, any linear trends were 

removed from each voxel time course and band pass filtering (0.01 - 0.1 Hz) was performed to 

suppress the effects of physiological noise (Cordes et al., 2001). Framewise displacement 

(Power, Barnes, Snyder, Schlaggar, & Petersen, 2012) was computed to quantify the extent of 

intra-scan head movement (0.11 ± 0.04 mm).  

2.3 Operationalization of clinical outcome  

According to a recently proposed scheme (Dazzi, Shafer, & Lauriola, 2016), aggregate scores 

indexing the severity of positive (+), negative (−) and overall (Σ) symptoms were computed by 

summing across relevant BPRS sub-items (positive: 7 BPRS sub-items, negative: 4, total: all 

sub-items). Further details about sub-item allocation are provided in Supplementary Table 1. For 

each individual, clinical outcome was operationalized as the relative change in symptom severity 

between baseline and one-year follow-up. More specifically, if  𝑥𝑥𝑡𝑡𝑛𝑛 denotes the value of 

aggregate score 𝑛𝑛 ∈ {+,−, Σ} at baseline (𝑡𝑡 = 0) and follow-up (𝑡𝑡 = 1), we defined relative 

change as follows,  

∆𝑛𝑛 =
𝑥𝑥1𝑛𝑛 − 𝑥𝑥0𝑛𝑛

𝑥𝑥0𝑛𝑛
× 100%,            𝑛𝑛 ∈ {+,−, Σ}. 
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Table 1. Demographic, behavioral and clinical characteristics 

 Baseline 
Follow-up 

(one year) 

Baseline vs follow-

up comparison 

Sex (male/female) 20/10   

Age (years) 27.27 ± 8.64 28.31 ± 8.63  

Illness duration (years) 3 ± 4.6   

IQ (WASI) 96 ± 19.2   

Education (years) 12.4 ± 3.9   

BPRS Positive 8.97 ± 5.1 8.20 ± 4.5 p > 0.1 

BPRS Negative 5.23 ± 2.3  5.8 ± 2.9 p > 0.1 

BPRS Total  42.10 ± 11.6 44.1 ± 12.6 p > 0.1 

Chlorpromazine equivalent 

dosage (mg/day) 
412.9 ± 237.3 411 ± 213.5 p > 0.1 

Note: IQ – Intelligence Quotient; WASI – Wechsler Abbreviated Scale of Intelligence; BPRS – 
Brief Psychiatric Rating Scale.  

We classified individuals as either improving or worsening with respect to  ∆+, ∆− and ∆Σ. In 

particular, worsening of symptoms was operationalized as  ∆𝑛𝑛 > 𝑇𝑇. Individuals not satisfying this 

criterion were deemed to improve (or remain stable). This operationalization allowed individuals 
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to improve (worsen) with respect to positive symptoms but worsen (improve) with respect to 

negative symptoms. While dichotomizing the outcome measure can reduce statistical power, our 

rationale for doing so is to provide a clear and interpretable measure of outcome that is clinically 

relevant. Categorizing continuous measure can aid in making sense of unfamiliar measurement 

scales and treatment effects of uncertain implication (Lewis, 2004).  

In this study, the cut-off thresholds of 𝑇𝑇 = 0% (main analysis) and  𝑇𝑇 = 20% (supplementary 

analyses) were investigated. Figure 1 shows the relative change in  ∆+, ∆− and ∆Σ for each 

individual.  

2.4 Resting-state functional connectivity  

Resting-state functional connectivity was computed between 18 cortical regions comprising the 

default mode network (DMN) (Figure 2A), as defined elsewhere (Andrews-Hanna et al., 2010; 

Dodell-Feder, DeLisi, & Hooker, 2014; Du et al., 2016; Kucyi & Davis, 2014). Refer to 

Supplementary Material (Section 1, Supplementary Table 2) for MNI coordinates. For each 

individual, the processed fMRI data were spatially averaged across the voxels comprising each 

of the 18 regions, yielding a representative time course for each region. A schematic of static and 

dynamic connectivity estimation is shown in Figure 2B and described below.   

Static connectivity: Static resting-state functional connectivity was computed for each of the (18 

× 17) / 2 = 153 unique pairs of DMN regions. To this end, the Pearson correlation coefficient 

was computed between the representative time courses of each regional pair (Zalesky, Fornito, & 

Bullmore, 2012). This was repeated independently for each individual.   
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Figure 1. Relative change in symptom severity from baseline to one-year follow-up. (A) Relative 
change in aggregate scores of positive (red,  ∆+) and negative (blue,  ∆−) symptom severity (B) 
Relative change in overall symptom severity ( ∆Σ). Individuals ordered from most improved 
(leftmost) to most worsened (rightmost) in overall symptom severity. Symptom severity assessed 
with the Brief Psychiatry Rating Scale (BPRS). Binary classifiers were trained to predict 
individuals that worsened ( ∆𝑛𝑛 > 𝑇𝑇) or improved ( ∆𝑛𝑛 < 𝑇𝑇) with respect to symptom 
severity 𝑛𝑛 ∈ {+,−, Σ}, where cut-off thresholds of 𝑇𝑇 = 0% (Figure 3) and 𝑇𝑇 =
20% (Supplementary Figure 6) were considered. Black dotted lines in panels A & B correspond 
to 20% threshold. 

Dynamic functional connectivity: Dynamic functional connectivity was computed for each of 

the 153 unique pairs of DMN regions. Based on our previous study (Kottaram et al., 2018), time 

was first partitioned into overlapping and contiguous windows of length 20 s, using an overlap of 

one TR (2 seconds). The Pearson correlation coefficient was used to compute functional 

connectivity within each window, yielding a time-resolved (dynamic) measure of connectivity 

for each regional pair. To reduce the dimensionality of the resulting data, the mean and standard 
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deviation was computed across the set of windows for each pair of regions (Kottaram et al., 

2018). Therefore, each individual’s connectivity dynamics were characterized in terms of 153 

mean values and 153 standard deviations.     

 

Figure 2. Schematic of functional connectivity estimation and feature combinations evaluated for 
individual prediction of change in symptom severity (A) Cortical regions comprising the default-
mode network. Functional connectivity was estimated between all pairs of regions. (B) 
Schematic of static and dynamic functional connectivity estimation.  For each pair of regions, the 
Pearson correlation coefficient was computed across all time (static) or within overlapping 
windows (dynamic). (C) List of feature combinations evaluated for individual prediction of 
change in symptom severity using binary machine learning classifiers. Ticks indicate the 
presence of a particular class of feature. Feature selection was used to determine the top-8 
features within each feature class. Classifiers were trained on the top-8 features from individual 
feature classes (8 features; rows 1-5), combination of top-8 features from each of the 5 feature 
classes (40 features in total, row 7) as well as the top-8 features across all feature classes (8 
features in total; row 6). In addition, combinations of the top-8 features from different classes 
were considered, as indicated (rows 8-13). FC – functional connectivity; sFC – static FC; dFC – 
dynamic FC. 
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2.5 Gray matter volume and cortical thickness estimation  

Gray matter volume and cortical thickness were estimated regionally for each individual using 

T1-weighted structural images and established software. The Desikan-Killiany atlas (Desikan et 

al., 2006) was used  to define 35 bilateral cortical regions (70 in total). FreeSurfer (version 5.3.0, 

https://surfer.nmr.mgh.harvard.edu/) was then used to estimate cortical thickness and gray matter 

volume for each region  (Dale, Fischl, & Sereno, 1999; Fischl & Dale, 2000; Fischl et al., 2002; 

Fischl, Sereno, & Dale, 1999). This involved delineating a three-dimensional cortical surface 

model for each individual, which was then inflated and registered to the Desikan-Killiany brain 

atlas. All gray/white and gray/pial boundaries were manually examined and corrected by a 

trained rater to increase the accuracy of the cortical estimates. 

2.6 Baseline clinical and demographic variables 

Clinical and demographic measures assessed at baseline were investigated as predictors of 

change in symptom severity at follow-up. A total of 8 baseline variables were considered: 

aggregate scores indexing the severity of positive, negative and overall symptoms (Section 2.3), 

illness duration, age of onset of psychosis, sex (binary), intelligence quotient (IQ; WASI) and 

medication (chlorpromazine equivalent dosage, mg/day).   

2.7 Classification 

Binary machine learning classifiers were trained to predict individual improvement (∆𝑛𝑛 < 𝑇𝑇) or 

worsening (∆𝑛𝑛 > 𝑇𝑇) with respect to aggregate scores of positive, negative and overall symptoms, 

𝑛𝑛 ∈ {+,−,Σ}. Under a leave-one-out cross-validation (LOOCV) framework, separate classifiers 

were trained to predict improvement/worsening in each of the three aggregate scores. Further, 
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classifiers were trained and evaluated using different combinations of features to determine the 

relative predictive power among different classes of features. We considered 5 feature classes: i) 

cortical thickness (70 regions), ii) gray matter volume (70 regions), iii) baseline clinical and 

demographic variables (8 variables), iv) static connectivity (153 connections), and v) dynamic 

connectivity (153 mean values + 153 standard deviations). Feature selection was used to 

determine the top-𝐾𝐾 most predictive features within each of the 5 feature classes. A two-sample 

t-test was used to perform feature selection within each feature class using only the training data. 

This involved assessing the between-class separability of individual features, ranking all features 

based on the t-statistic magnitude and then choosing the top-𝐾𝐾 features. Amongst all feature 

classes, the baseline clinical and demographic variables contained the least number of features (n 

= 8); hence the number of features chosen was set to 𝐾𝐾 = 8 in the main analysis. Since our aim 

was to compare the predictive power of different feature classes, no further analysis was 

performed to optimize the value of 𝐾𝐾; however, all analyses were repeated with 𝐾𝐾 = 20 to 

investigate the impact of variation in the total number of features used. Importantly, in each 

iteration of the LOOCV, features were selected exclusively based on the training sample (N = 

29), leaving the testing sample (N = 1) aside, thereby avoiding cross-contamination of data. 

Using a relatively small set of features (i.e., 𝐾𝐾 = 8) minimized the risk of over-fitting, although 

feature selection per se does not eliminate this risk.   

To predict the improvement/worsening of each aggregate measure, 13 different classifiers were 

trained using different combinations of features, as listed in Figure 2C. A separate classifier was 

trained and evaluated for each of the 5 feature classes. Furthermore, classifiers were trained on 

the top-𝐾𝐾 features across all feature classes (𝐾𝐾 features in total) as well as the top-𝐾𝐾 features 

from each of the 5 feature classes (5 × 𝐾𝐾 features in total). In addition, to quantify the detriment 
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of excluding a particular feature class, classifiers were trained on the top-𝐾𝐾 features from 4 of the 

5 feature classes (4 × 𝐾𝐾 features in total). Finally, a classifier was trained using the top-𝐾𝐾 

features from all feature classes except the connectivity-based (static and dynamic) features (3 

× 𝐾𝐾 features in total).  

Given the modest sample size of the cohort studied, linear discriminant analysis (LDA) was 

employed; LDA models the distribution of features separately for each response class and 

minimizes over-fitting, thus being particularly suited to small datasets (Izenman, 2013). 

Ancillary analyses were then performed using other linear (support vector machine, SVM) and 

non-linear (decision trees) classifiers. For each LOOCV analysis, established measures of 

classification performance were computed, including prediction accuracy, specificity, sensitivity, 

precision, area under the curve (AUC) and the F-measure were calculated.  

3 RESULTS  

3.1 Predicting individual change in symptom severity  

Relative change in overall symptom severity between baseline and one-year follow-up varied 

markedly among individuals (inter-quartile range: 55%; Figure 1), consistent with the 

heterogeneity in outcomes that is characteristic of schizophrenia. Some individuals worsened 

with respect to positive symptoms but showed an improvement in negative symptoms, and vice 

versa. Individuals were classified as either: i) worsening, or ii) improving (or remaining stable) 

with respect to positive (improving: N = 18), negative (improving: N = 19) and overall symptom 

severity (improving: N = 12) at one-year follow-up. Classifiers were then trained to predict these 

individual outcomes using different combinations of features (predictors), with the aim of 

determining which of functional neuroimaging (static and dynamic resting-state connectivity), 
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structural neuroimaging (regional gray matter volume and cortical thickness) or baseline 

demographic and clinical variables, or combinations thereof, provide the most accurate 

prognostic utility. 

Figure 3 shows prediction accuracies for the range of feature combinations indicated in Figure 

2C. Combining features across all feature classes (i.e. classifiers labeled “All-8 features” in 

Figure 3A) yielded the highest accuracies in predicting change in overall symptoms. 

Classification accuracies consistently exceeded 80% when features were combined across all 

feature classes. Remarkably, classifiers trained using only features associated with dynamic 

resting-state connectivity yielded accuracies that were comparable to combining features across 

all feature classes. In contrast, the other single-class classifiers trained using only one feature 

class yielded poorer accuracies (<70%, Figure 3A) and often did not yield predictions that 

exceeded chance level.   

The predictive utility of dynamic resting-state connectivity computed within the default-mode 

network is further evidenced by the substantial reduction in prediction accuracies that were 

apparent when this feature class was excluded from the classifier combining all feature classes 

(Figure 3B). Excluding dynamic resting-state connectivity resulted in a 10-20% reduction in 

accuracy, while excluding both static and dynamic connectivity features resulted in the most 

substantial accuracy reduction (>30% reduction). In contrast, excluding features related to 

cortical thickness, gray matter volume or baseline demographic and clinical variables did not 

affect prediction accuracies by more than 5% (Figure 3B). Table 2 shows additional measures 

that quantify the accuracy of the classifiers trained using dynamic resting-state connectivity.  
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Figure 3. Accuracy of predicting improvement in symptom severity at one-year follow-up using 
connectivity, structural and/or clinical features.  Individuals were classified as either worsening 
or improving/stabilizing based on relative change in positive, negative and overall symptom 
severity. Binary classifiers (linear discriminant analysis) were then trained to predict individual 
outcome using different combinations of features. (A) Prediction accuracies for classifiers 
trained using features from only one of the following 5 feature classes: cortical thickness, gray 
matter volume, baseline (BL) clinical and demographic variables, static resting-state functional 
connectivity (sFC) and dynamic resting-state functional connectivity (dFC). A separate classifier 
was also trained using the top-8 features selected from each of the above 5 feature classes as well 
as the combination of all of them (All - 8 features).  (B) Prediction accuracies for classifiers 
trained using 5 (All - 40 features), 4 (No Thickness, No Volume, No BL Clin & Dem, No sFC 
and No dFC) and 3 (No s&d FC) of the 5 feature classes.  BPRS – Brief Psychiatric Rating 
Scale; FC – functional connectivity. 
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Table 2: Performance of predicting improvement in symptom severity at one-year follow-up for 
classifiers trained using dynamic resting-state connectivity.   

Performance measure Positive symptoms Negative symptoms BPRS Total 

Accuracy (%) 86.67 83.33 76.67 

Sensitivity (%) 75 81.82 72.22 

Specificity (%) 94.44 84.21 83.33 

Precision (%) 90 75 86.67 

AUC 0.85 0.83 0.78 

F-measure (%) 81.82 78.26 78.79 

AUC – area under the receiver operating characteristic (ROC) curve 

Other performance measures evaluated, such as classification sensitivity (Supplementary Figure 

1) and specificity (Supplementary Figure 2) accord with the above findings, suggesting that our 

classification models were not biased to predicting either improving or worsening outcomes 

alone. Selecting the top-20 (instead of top-8) features within each feature class did not markedly 

alter prediction accuracies (Supplementary Figure 3). Compared to LDA (Figure 3), prediction 

accuracies decreased when using decision trees (Supplementary Figure 4) or linear support 
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vector machines (Supplementary Figure 5). Despite this decrease, the relative ranking of features 

remained consistent, with dynamic resting-state connectivity consistently providing the most 

accurate prognostic utility. Finally, increasing the cut-off threshold to 𝑇𝑇 = 20% (instead of 𝑇𝑇 = 

0%) resulted in a marginal reduction (<5%) in the accuracy of predicting change in overall 

symptom severity, although prediction of change in positive and negative symptoms was 

unaffected.     

3.2 Characteristics of connections predicting outcome 

Having found that dynamic resting-state connectivity computed within an individual’s default-

mode network yielded the most accurate prognostic utility, we next aimed to determine the 

characteristics and locations of the specific connections that were most informative with respect 

to prediction. We assumed a cut-off threshold of  𝑇𝑇 = 0% in this section to operationalize 

improving and worsening subgroups of individuals with respect to relative change in symptom 

severity. Given that feature selection varied between iterations of the cross-validation process, 

for this analysis, feature selection was performed on the full sample without any individual 

prediction. Instead, the top-20% of connections associated with the largest effect sizes (two-

sample t-test) were identified with respect to the null hypothesis of equality between the 

improving and worsening subgroups. In particular, a t-test was computed independently for each 

pair of regions (i.e. each connection); such that a positive t-statistic indicated that the worsening 

group showed increased connectivity at baseline, relative to the improving group.  

Figure 4 shows the location of connections with the largest effect sizes (top-20%), where 

positive effect sizes (warm colors) indicate increased connectivity strength (left column) and 

increased connectivity dynamics (standard deviation, right column) in the worsening group at 
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baseline, relative to the improving group. In contrast, negative effect sizes (cool colors) indicate 

increased connectivity strength and increased connectivity dynamics in the improving group at 

baseline.  It can be seen that worsening positive symptoms are primarily predicted by decreased 

connectivity strength but increased temporal dynamics among a distributed sub-network 

spanning the entire DMN (Figure 4, uppermost row). In contrast, worsening negative symptoms 

are predominantly predicted by increased strength but decreased dynamics within a separate 

DMN sub-network (Figure 4, center row).  

Figure 4 suggests a marked contrast between predictors of change in positive versus negative 

symptom severity. In particular, worsening positive symptoms (compared to improving positive 

symptoms) were predicted by hypo-connectivity and hyper-dynamism in baseline resting-state 

connectivity, while worsening negative symptoms (compared to improving negative symptoms) 

were predicted by hyper-connectivity and hypo-dynamism. We hypothesize that hyper-

connectivity within the DMN predicted worsening negative symptoms because increased 

engagement of this network has been associated with increased internal, self-related processing 

(Molnar-Szakacs & Uddin, 2013; Qin & Northoff, 2011), which is characteristic of rumination 

and other internalizing negative symptoms of schizophrenia (see Discussion). 
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Figure 4. Connections most informative in predicting improvement in symptom severity at one-
year follow-up. Individuals were classified as either improving or worsening with respect to 
positive, negative and overall symptom severity. Two-sample t-tests were performed to identify 
which connections differed most in mean connectivity strength (left column) and connectivity 
dynamics (standard deviation, right column) between the improving and worsening subgroups. 
The top-20% of connections according to t-statistic magnitude are shown. Note that t-statistic 
magnitude is proportional to effect size. Each sphere represents a region within the default mode 
network (depicted in Figure 2A). The color and thickness of each connection represents the t-
statistic, as per the color bar. Boxplots represent the distribution of mean connection strength 
(left column) or standard deviation of connection strengths (right column), averaged over all 
regions within the default mode network. * indicates significant between-group differences (p < 
0.05).  
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In ancillary analyses, statistical inference was performed using the network-based statistic (NBS) 

(Zalesky et al., 2010) to correct for multiple comparisons (i.e. 153 independent t-tests). This 

enabled formal identification of the locations of connections that predicted outcome with respect 

to a family-wise error corrected p-value criterion (p < 0.05), rather than simply investigating the 

top-20% as above. The primary t-statistic threshold for the NBS was chosen as 2 to ensure that 

any significant effects exceeded an effects size (Cohen's d) of approximately 0.3, which is 

deemed a medium effect, and a total of 5000 permutations were generated to estimate p-values. 

This was repeated for changes in positive, negative and overall symptom severity. For overall 

symptom severity, the NBS identified subnetworks of connections that significantly 

differentiated the worsening and improving groups with respect to connectivity strength (p < 

0.05) and dynamics (p < 0.05) (Supplementary Figure 7). These subnetworks were highly 

consistent with the top-20% of connections (Figure 4; bottommost row). However, no significant 

effects were found with respect to positive and negative symptoms (p > 0.05). 

4 DISCUSSION 

Mounting evidence suggests that neuroimaging coupled with machine learning can provide 

utility in guiding long-term prognostication in schizophrenia, and neuropsychiatry more 

generally; see Janssen and colleagues (Janssen et al., 2018) for a comprehensive review. 

However, it remains unclear: i) whether neuroimaging can provide superior prognostic utility 

compared to clinical variables such as baseline symptom ratings; and, ii) which neuroimaging 

modalities, or combinations thereof, provide the most accurate prognostic utility.  To address 

these knowledge gaps, the present study aimed to determine which of three broad classes of 
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candidate predictors would yield the most accurate prognostic utility in predicting relative 

change in schizophrenia symptom severity at one-year follow-up.  

We found that the dynamics of resting-state functional connectivity within the default mode 

network (DMN) provided the most accurate prediction of whether an individual worsened or 

improved with respect to positive, negative and overall symptom severity at one-year follow-up. 

Remarkably, prediction accuracies showed minimal improvement when incorporating structural 

neuroimaging predictors (regional cortical thickness and gray matter volume), static resting-state 

connectivity and/or baseline demographic and clinical variables. In the absence of dynamic 

resting-state connectivity information, these predictors alone yielded moderate-to-poor 

prognostic utility (<60% accuracy) that often did not exceed chance-level predictions. A notable 

exception was static resting-state connectivity, which yielded modest predication accuracies (60-

70%).            

Our best performing machine classifiers were able to predict whether an individual improved or 

worsened in terms of symptom severity with accuracies ranging between 75-90%. However, 

these accuracies must be interpreted with caution given the modest sample size (N = 30), 

homogeneity of the sample (i.e. all individuals were recruited from the same clinical service) and 

general limitations of cross validation, particularly the risk of unreliable estimates with the 

LOOCV procedure used here (Varoquaux, 2018; Varoquaux et al., 2017). We emphasize that the 

main goal of the present study was not to provide precise estimates of prediction accuracy, but 

rather to rank the relative predictive power of various connectomic, structural and clinical 

predictors of individual outcome. If prediction accuracies were overestimated due to the limited 

sample size, any potential overestimation was most likely uniform across all feature classes, and 

thus the relative ranking of features (predictors) would remain unchanged.    
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While this is the first study to utilize connectivity dynamics to predict outcome, it is important to 

remark that several recent studies have investigated the prognostic utility of static resting-state 

functional connectivity. Most of these studies have considered prediction of response to 

antipsychotic medication (Cadena et al., 2018a, 2018b; Cao et al., 2018; Kraguljac et al., 2016; 

Sarpal et al., 2015). For example, using task-based fMRI data and a seed-based analysis, Cadena 

and colleagues (Cadena et al., 2018a, 2018b) found that connectivity between the anterior 

cingulate cortex and putamen was associated with treatment response over a 6-week duration. 

Another study using resting-state data and seed-based analysis found that the connectivity of 

striatal regions to other brain regions was correlated with changes in symptoms over a 12-week 

period (Sarpal et al., 2015). In addition, Cao and colleagues (2018) reported that striatal 

connectivity was a predictor of response to antipsychotic medication over a period of 10 weeks 

in a medication-naïve cohort. 

We considered a significantly longer follow-up period (one year) than these recent studies; and 

furthermore, all individuals in our study were prescribed antipsychotic medication at baseline 

and follow-up. Hence, our predictions were with respect to relatively long-term change in 

symptom severity, as opposed to short-term response to pharmacological treatment. It may be 

argued that accurately predicting treatment response is a more beneficial clinical capability than 

predicting long-term change in symptom severity. However, it is important to remark that long-

term outcome is an important prognostic consideration given that schizophrenia can often 

become a chronic and lifelong disorder and such predictive information may orient treatment and 

follow-up strategies, limiting relapses. 

We found a striking contrast between the dynamic connectivity features that predicted worsening 

positive versus negative symptoms. Individuals with worsening positive symptoms were 
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predicted by hypo-connectivity and hyper-dynamism within the DMN at baseline, compared to 

individuals with improving positive symptoms. The converse pattern was evident for negative 

symptoms (i.e. hyper-connectivity and hypo-dynamism at baseline predicted worsening negative 

symptoms). While the reasons for this dissociation is unclear, it is consistent with the observation 

that several individuals improved with respect to one symptom dimension but worsened with 

respect to others (Figure 1). One hypothesis is that positive and negative symptom dimensions 

tap distinct and possibly mutually exclusive subsystems of the DMN, and thus predictors of 

change in positive and negative symptom severity circumscribe distinct loci. This notion is in 

line with the observation that the subnetwork predicting change in positive symptom severity 

(Figure 4, topmost row) shows little overlap with the connections predicting negative symptoms 

(center row).  

We hypothesize that this distinction between the predictors of worsening positive versus negative 

symptoms may relate to the putative introspective and extrospective modes of the DMN. The 

DMN toggles between an introspective self-referential mode and an extrospective mode that 

remains alert to changes in the external environment (Fransson, 2005, 2006), suggesting a 

functional segregation within DMN regions (Fransson, 2005; Hearne et al., 2015; Uddin et al., 

2009). Hyperactivity in prefrontal regions characterizes internalization and self-reflective 

thinking (Fransson, 2005; Ingvar, 1979), which is frequently interrupted and shifted towards an 

externalized state vigilant to external stimuli (Fransson, 2005; Laufs et al., 2003). Therefore, 

frontal DMN hyper-connectivity may predict worsening of negative symptoms due to increased 

internalization and fewer shifts to the externalized mode, which are characteristic of the 

internalizing negative symptoms of schizophrenia. Disengagement among DMN regions (i.e. 
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hypo-connectivity) on the other hand leads to externalization (Farina et al., 2018), which may be 

necessary to engender delusions, hallucinations and other  positive symptoms.  

While we recommend that the dynamics of resting-state functional connectivity should be given 

priority when selecting neuroimaging predictors of schizophrenia outcome in future studies, the 

precise biological and pathological correlates of connectivity dynamics are unknown. In this 

study, connectivity dynamics were summarized using the standard deviation computed across 

multiple temporal windows. Therefore, larger temporal fluctuations in functional connectivity 

strength were indexed by larger standard deviations. Connectivity dynamics could potentially 

index the rate at which the DMN cycles between putative internalizing and externalizing modes, 

where an abnormal switching rate may place individuals at greater risk of poor outcome. The 

hypo-dynamism associated with worsening of negative symptoms (i.e. low standard deviation) 

suggests that individuals do not (or are unable to) freely switch between externalizing and 

internalizing states, consistent with internalization and rumination.       

Several limitations should be considered. First, our sample size is modest for a machine learning 

study, and thus the reported prediction accuracies must be interpreted cautiously, particularly 

with respect to the high variability of cross-validation estimates when applied to typically sized 

neuroimaging datasets (Schnack & Kahn, 2016; Varoquaux et al., 2017). For this reason, we 

used a simple linear classifier to minimize the risk of overfitting and principally focused on 

ranking the feature classes investigated, as opposed to interpreting the prediction accuracies in an 

absolute sense. We also used a relatively small set of predictors to further reduce the risk of 

overfitting as well as domain-specific knowledge to select the regions and networks considered. 

Second, the feature class that was found to yield the most accurate predictions was also the class 

with the greatest number of features (153 mean values + 153 standard deviations), and thus the 
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risk of overfitting may have been increased for this class. However, feature selection was 

performed to choose the same number of features across different classes. Moreover, prediction 

accuracy did not markedly improve when combining features from the five feature classes 

investigated, suggesting that the influence of overfitting on accuracy was possibly minimal; 

otherwise the classifier combining features across all classes would have yielded the highest 

accuracy. Third, our feature class with clinical and behavioral measures was limited to the 

information that was collected during data acquisition, which does not include all 

clinical/behavioral variables. There could be other variables with better predictive power that 

were not collected and included in this study. Fourth, all individuals were prescribed 

antipsychotic medication and medication represents a potential confounding effect on structural 

and functional neuroimaging. The adherence to medication and certain environmental factors 

such as substance use during the period between baseline and follow-up examinations affect the 

outcomes, but these cannot be accounted in a predictive model based on the baseline measures 

alone. Fifth, all participants were recruited from the same clinical service, resulting in a 

geographically and ethnically homogeneous cohort. While this homogeneity is beneficial in 

alleviating confounds inherent to interindividual variation, it is unclear whether the classifiers 

trained will generalize to other cohorts (Hahn, Ebner-Priemer, & Meyer-Lindenberg, 2019). 

Finally, the use of sliding windows to estimate connectivity dynamics has been criticized 

(Hindriks et al., 2016; Laumann et al., 2016), although we show that this methodology can yield 

predictors that outperform cortical thickness and gray matter volume.  
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5 CONCLUSIONS 

Functional neuroimaging provides improved prognostic utility in predicting long-term changes in 

schizophrenia symptom severity, compared to predictors derived from structural neuroimaging 

and baseline clinical variables. Our study can inform and constrain the choice of candidate 

predictors investigated in future machine learning studies that aim to predict illness outcome 

using larger cohorts. In particular, we recommend that dynamic fluctuations in resting-state 

functional connectivity, particularly within the default-mode network, are given prime 

consideration as candidate predictors in future studies.  

ACKNOWLEDGEMENTS 

We gratefully acknowledge all participants for making this study possible. In addition, we thank 

Steven Tahtalian, Maria Di Biase and Cassandra Wannan for assisting with data collection and 

Dr Phassouliotis and Toni Merritt for study coordination. We are thankful for the high-

performance computing facility (Spartan) provided by the University of Melbourne, Australia 

(project ID: punim0021).  

CONFLICTS OF INTEREST 

The authors do not have any conflicts of interest to declare. 

DATA AVAILABILITY STATEMENT 

The data that support the findings of this study are available from the Melbourne 

Neuropsychiatry Centre (https://www.mncresearch.org/; Level 3, Alan Gilbert Building, 161 

Barry Street, Carlton, Victoria, 3053, Australia). Restrictions apply to the availability of these 

Chapter 5

186



data, which were used under license for this study. Data are available from the author Dr 

Vanessa Cropley (vcropley@unimelb.edu.au) with the permission of all co-investigators of the 

Microglial study.  

FUNDING 

This study was supported by an Australian National Health and Medical Research Council 

(NHMRC) [grant number 1065742] and a University of Melbourne Early Career Researcher 

grant awarded to V. C. [grant number 601253]. V. C. was supported by an NHMRC Early Career 

Fellowship [grant number 628880]. C. P. was supported by NHMRC Senior Principal Research 

Fellowships [grant numbers 628386, 1105825]. A. Z. was supported by an NHMRC Senior 

Research Fellowship B [grant number APP1136649]. L.C. was supported by two Project Grants 

[grant numbers APP1099082 and APP1138711] from the NHMRC. 

REFERENCES 

Data citation: Data are not shared publicly. 
Alvarez-Jimenez, M., Priede, A., Hetrick, S. E., Bendall, S., Killackey, E., Parker, A. G., … 

Gleeson, J. F. (2012). Risk factors for relapse following treatment for first episode 
psychosis: a systematic review and meta-analysis of longitudinal studies. Schizophrenia 
Research, 139(1–3), 116–128. 

Andersen, J., Larsen, J. K., Schultz, V., Nielsen, B. M., K&oslash;rner, A., Behnke, K., … Bech, 
P. (1989). The Brief Psychiatric Rating Scale. Psychopathology, 22(2–3), 168–176. 

Andrews-Hanna, J. R., Reidler, J. S., Sepulcre, J., Poulin, R., & Buckner, R. L. (2010). 
Functional-Anatomic Fractionation of the Brain’s Default Network. Neuron, 65(4), 550–
562. 

Andrews-Hanna, J. R., Smallwood, J., & Spreng, R. N. (2014). The default network and self-
generated thought: component processes, dynamic control, and clinical relevance. Annals of 
the New York Academy of Sciences, 1316(1), 29–52. 

Chapter 5

187



Arana, G. W. (2000). An overview of side effects caused by typical antipsychotics. The Journal 
of Clinical Psychiatry, 61 Suppl 8, 5–11; discussion 12-3. 

Bluhm, R. L., Miller, J., Lanius, R. A., Osuch, E. A., Boksman, K., Neufeld, R. W. J., … 
Williamson, P. (2007). Spontaneous low-frequency fluctuations in the BOLD signal in 
schizophrenic patients: anomalies in the default network. Schizophrenia Bulletin, 33(4), 
1004–1012. 

Bruijnzeel, D., Suryadevara, U., & Tandon, R. (2014). Antipsychotic treatment of schizophrenia: 
An update. Asian Journal of Psychiatry, 11, 3–7. 

Buckner, R. L., Andrews-Hanna, J. R., & Schacter, D. L. (2008). The Brain’s Default Network. 
Annals of the New York Academy of Sciences, 1124(1), 1–38. 

Cadena, E. J., White, D. M., Kraguljac, N. V., Reid, M. A., Jindal, R., Pixley, R. M., & Lahti, A. 
C. (2018a). Cognitive control network dysconnectivity and response to antipsychotic 
treatment in schizophrenia. Schizophrenia Research, 204, 262-270. 

Cadena, E. J., White, D. M., Kraguljac, N. V., Reid, M. A., & Lahti, A. C. (2018b). Evaluation 
of fronto-striatal networks during cognitive control in unmedicated patients with 
schizophrenia and the effect of antipsychotic medication. Npj Schizophrenia, 4(1), 8. 

Cao, B., Cho, R. Y., Chen, D., Xiu, M., Wang, L., Soares, J. C., & Zhang, X. Y. (2018). 
Treatment response prediction and individualized identification of first-episode drug-naïve 
schizophrenia using brain functional connectivity. Molecular Psychiatry, 1. 

Cha, D. S., & McIntyre, R. S. (2012). Treatment-emergent adverse events associated with 
atypical antipsychotics. Expert Opinion on Pharmacotherapy, 13(11), 1587–1598. 

Cordes, D., Haughton, V. M., Arfanakis, K., Carew, J. D., Turski, P. A., Moritz, C. H., … 
Meyerand, M. E. (2001). Frequencies contributing to functional connectivity in the cerebral 
cortex in &quot;resting-state&quot; data. AJNR. American Journal of Neuroradiology, 
22(7), 1326–1333. 

Cropley, V. L., & Pantelis, C. (2014). Using longitudinal imaging to map the ‘relapse signature’ 
of schizophrenia and other psychoses. Epidemiology and Psychiatric Sciences, 23(03), 219–
225. 

Dale, A. M., Fischl, B., & Sereno, M. I. (1999). Cortical Surface-Based Analysis. NeuroImage, 
9(2), 179–194. 

Damaraju, E., Allen, E. A., Belger, A., Ford, J. M., McEwen, S., Mathalon, D. H., … Calhoun, 
V. D. (2014). Dynamic functional connectivity analysis reveals transient states of 
dysconnectivity in schizophrenia. NeuroImage: Clinical, 5, 298–308. 

Chapter 5

188



Dazzi, F., Shafer, A., & Lauriola, M. (2016). Meta-analysis of the Brief Psychiatric Rating Scale 
– Expanded (BPRS-E) structure and arguments for a new version. Journal of Psychiatric 
Research, 81, 140–151. 

de Wit, S., Wierenga, L. M., Oranje, B., Ziermans, T. B., Schothorst, P. F., van Engeland, H., … 
Durston, S. (2016). Brain development in adolescents at ultra-high risk for psychosis: 
Longitudinal changes related to resilience. NeuroImage. Clinical, 12, 542–549. 

Desikan, R. S., Ségonne, F., Fischl, B., Quinn, B. T., Dickerson, B. C., Blacker, D., … Killiany, 
R. J. (2006). An automated labeling system for subdividing the human cerebral cortex on 
MRI scans into gyral based regions of interest. NeuroImage, 31(3), 968–980. 

Dodell-Feder, D., DeLisi, L. E., & Hooker, C. I. (2014). The relationship between default mode 
network connectivity and social functioning in individuals at familial high-risk for 
schizophrenia. Schizophrenia Research, 156(1), 87–95. 

Du, Y., Pearlson, G. D., Yu, Q., He, H., Lin, D., Sui, J., … Calhoun, V. D. (2016). Interaction 
among subsystems within default mode network diminished in schizophrenia patients: A 
dynamic connectivity approach. Schizophrenia Research, 170(1), 55–65. 

Emsley, R., Chiliza, B., Asmal, L., & Harvey, B. H. (2013). The nature of relapse in 
schizophrenia. BMC Psychiatry, 13, 50. 

Farina, B., Della Marca, G., Maestoso, G., Amoroso, N., Valenti, E. M., Carbone, G. A., … 
Imperatori, C. (2018). The Association among Default Mode Network Functional 
Connectivity, Mentalization, and Psychopathology in a Nonclinical Sample: An eLORETA 
Study. Psychopathology, 51(1), 16–23. 

Fischl, B., & Dale, A. M. (2000). Measuring the thickness of the human cerebral cortex from 
magnetic resonance images. Proceedings of the National Academy of Sciences, 97(20), 
11050–11055. 

Fischl, Bruce, Salat, D. H., Busa, E., Albert, M., Dieterich, M., Haselgrove, C., … Dale, A. M. 
(2002). Whole brain segmentation: automated labeling of neuroanatomical structures in the 
human brain. Neuron, 33(3), 341–355. 

Fischl, Bruce, Sereno, M. I., & Dale, A. M. (1999). Cortical Surface-Based Analysis. 
NeuroImage, 9(2), 195–207. 

Fornito, A., Zalesky, A., & Breakspear, M. (2015). The connectomics of brain disorders. Nature 
Reviews Neuroscience, 16(3), 159–172. 

Fox, M. D., & Greicius, M. (2010). Clinical applications of resting state functional connectivity. 
Frontiers in Systems Neuroscience, 4, 19. 

Chapter 5

189



Fransson, P. (2005). Spontaneous low-frequency BOLD signal fluctuations: An fMRI 
investigation of the resting-state default mode of brain function hypothesis. Human Brain 
Mapping, 26(1), 15–29. 

Fransson, P. (2006). How default is the default mode of brain function?: Further evidence from 
intrinsic BOLD signal fluctuations. Neuropsychologia, 44(14), 2836–2845. 

Fusar-Poli, P., Smieskova, R., Kempton, M. J., Ho, B. C., Andreasen, N. C., & Borgwardt, S. 
(2013). Progressive brain changes in schizophrenia related to antipsychotic treatment? A 
meta-analysis of longitudinal MRI studies. Neuroscience & Biobehavioral Reviews, 37(8), 
1680–1691. 

Ganella, E. P., Bartholomeusz, C. F., Seguin, C., Whittle, S., Bousman, C., Phassouliotis, C., … 
Zalesky, A. (2017). Functional brain networks in treatment-resistant schizophrenia. 
Schizophrenia Research, 184, 73–81. 

Hahn, T., Ebner-Priemer, U., & Meyer-Lindenberg, A. (2019). Transparent Artificial 
Intelligence – A Conceptual Framework for Evaluating AI-based Clinical Decision Support 
Systems. SSRN Electronic Journal, 3303123 

Hare, S. M., Ford, J. M., Mathalon, D. H., Damaraju, E., Bustillo, J., Belger, A., … Turner, J. A. 
(2018). Salience–Default Mode Functional Network Connectivity Linked to Positive and 
Negative Symptoms of Schizophrenia. Schizophrenia Bulletin, 45(4), 892-901. 

Hearne, L., Cocchi, L., Zalesky, A., & Mattingley, J. B. (2015). Interactions between default 
mode and control networks as a function of increasing cognitive reasoning complexity. 
Human Brain Mapping, 36(7), 2719–2731. 

Hindriks, R., Adhikari, M. H., Murayama, Y., Ganzetti, M., Mantini, D., Logothetis, N. K., & 
Deco, G. (2016). Can sliding-window correlations reveal dynamic functional connectivity in 
resting-state fMRI? NeuroImage, 127, 242–256. 

Hu, M.-L., Zong, X.-F., Mann, J. J., Zheng, J.-J., Liao, Y.-H., Li, Z.-C., … Tang, J.-S. (2017). A 
Review of the Functional and Anatomical Default Mode Network in Schizophrenia. 
Neuroscience Bulletin, 33(1), 73–84. 

Ingvar, D. H. (1979). &quot;Hyperfrontal&quot; distribution of the cerebral grey matter flow in 
resting wakefulness; on the functional anatomy of the conscious state. Acta Neurologica 
Scandinavica, 60(1), 12–25. 

Izenman, A. J. (2013). Linear discriminant analysis. In Modern multivariate statistical techniques 
(pp. 237-280). Springer, New York, NY. 

 Jafri, M. J., Pearlson, G. D., Stevens, M., & Calhoun, V. D. (2008). A method for functional 

Chapter 5

190



network connectivity among spatially independent resting-state components in 
schizophrenia. NeuroImage, 39(4), 1666–1681. 

Janssen, R. J., Mourão-Miranda, J., & Schnack, H. G. (2018). Making Individual Prognoses in 
Psychiatry Using Neuroimaging and Machine Learning. Biological Psychiatry. Cognitive 
Neuroscience and Neuroimaging, 3(9), 798–808. 

Kambeitz-Ilankovic, L., Meisenzahl, E. M., Cabral, C., von Saldern, S., Kambeitz, J., Falkai, P., 
… Koutsouleris, N. (2016). Prediction of outcome in the psychosis prodrome using 
neuroanatomical pattern classification. Schizophrenia Research, 173(3), 159–165. 

Khodayari-Rostamabad, A., Hasey, G. M., MacCrimmon, D. J., Reilly, J. P., & Bruin, H. de. 
(2010). A pilot study to determine whether machine learning methodologies using pre-
treatment electroencephalography can predict the symptomatic response to clozapine 
therapy. Clinical Neurophysiology, 121(12), 1998–2006. 

Kottaram, A., Johnston, L. A., Cocchi, L., Ganella, E. P., Everall, I., Pantelis, C., … Zalesky, A. 
(2019). Brain network dynamics in schizophrenia: Reduced dynamism of the default mode 
network. Human Brain Mapping, 40(7), 2212-2228. 

Kottaram, A., Johnston, L., Ganella, E., Pantelis, C., Kotagiri, R., & Zalesky, A. (2018). Spatio-
temporal dynamics of resting-state brain networks improve single-subject prediction of 
schizophrenia diagnosis. Human Brain Mapping, 39(9), 3663-3681. 

Koutsouleris, N., Borgwardt, S., Meisenzahl, E. M., Bottlender, R., Möller, H.-J., & Riecher-
Rössler, A. (2012). Disease Prediction in the At-Risk Mental State for Psychosis Using 
Neuroanatomical Biomarkers: Results From the FePsy Study. Schizophrenia Bulletin, 
38(6), 1234–1246. 

Koutsouleris, N., Kambeitz-Ilankovic, L., Ruhrmann, S., Rosen, M., Ruef, A., Dwyer, D. B., … 
Borgwardt, S. (2018a). Prediction Models of Functional Outcomes for Individuals in the 
Clinical High-Risk State for Psychosis or With Recent-Onset Depression. JAMA 
Psychiatry, 75(11), 1156. 

Koutsouleris, N., Meisenzahl, E. M., Davatzikos, C., Bottlender, R., Frodl, T., Scheuerecker, J., 
… Gaser, C. (2009). Use of Neuroanatomical Pattern Classification to Identify Subjects in 
At-Risk Mental States of Psychosis and Predict Disease Transition. Archives of General 
Psychiatry, 66(7), 700. 

Koutsouleris, N., Riecher-Rössler, A., Meisenzahl, E. M., Smieskova, R., Studerus, E., 
Kambeitz-Ilankovic, L., … Borgwardt, S. (2015). Detecting the Psychosis Prodrome Across 
High-Risk Populations Using Neuroanatomical Biomarkers. Schizophrenia Bulletin, 41(2), 

Chapter 5

191



471–482.  

Koutsouleris, N., Wobrock, T., Guse, B., Langguth, B., Landgrebe, M., Eichhammer, P., … 
Hasan, A. (2018). Predicting Response to Repetitive Transcranial Magnetic Stimulation in 
Patients With Schizophrenia Using Structural Magnetic Resonance Imaging: A Multisite 
Machine Learning Analysis. Schizophrenia Bulletin, 44(5), 1021–1034. 

Kraguljac, N. V., White, D. M., Hadley, N., Hadley, J. A., ver Hoef, L., Davis, E., & Lahti, A. C. 
(2016). Aberrant Hippocampal Connectivity in Unmedicated Patients With Schizophrenia 
and Effects of Antipsychotic Medication: A Longitudinal Resting State Functional MRI 
Study. Schizophrenia Bulletin, 42(4), 1046–1055. 

Kucyi, A., & Davis, K. D. (2014). Dynamic functional connectivity of the default mode network 
tracks daydreaming. NeuroImage, 100, 471–480. 

Laufs, H., Krakow, K., Sterzer, P., Eger, E., Beyerle, A., Salek-Haddadi, A., & Kleinschmidt, A. 
(2003). Electroencephalographic signatures of attentional and cognitive default modes in 
spontaneous brain activity fluctuations at rest. Proceedings of the National Academy of 
Sciences, 100(19), 11053–11058. 

Laumann, T. O., Snyder, A. Z., Mitra, A., Gordon, E. M., Gratton, C., Adeyemo, B., … Petersen, 
S. E. (2016). On the Stability of BOLD fMRI Correlations. Cerebral Cortex, 45(28), 100–
118. 

Lewis, J. A. (2004). In defence of the dichotomy. Pharmaceutical Statistics, 3(2), 77–79. 

Lieberman, J., Jody, D., Geisler, S., Alvir, J., Loebel, A., Szymanski, S., … Borenstein, M. 
(1993). Time course and biologic correlates of treatment response in first-episode 
schizophrenia. Archives of General Psychiatry, 50(5), 369–376. 

Liemburg, E. J., van der Meer, L., Swart, M., Curcic-Blake, B., Bruggeman, R., Knegtering, H., 
& Aleman, A. (2012). Reduced connectivity in the self-processing network of schizophrenia 
patients with poor insight. PloS One, 7(8), e42707. 

Liu, H., Kaneko, Y., Ouyang, X., Li, L., Hao, Y., Chen, E. Y. H., … Liu, Z. (2012). 
Schizophrenic Patients and Their Unaffected Siblings Share Increased Resting-State 
Connectivity in the Task-Negative Network but Not Its Anticorrelated Task-Positive 
Network. Schizophrenia Bulletin, 38(2), 285–294. 

Liu, Y., Liang, M., Zhou, Y., He, Y., Hao, Y., Song, M., … Jiang, T. (2008). Disrupted small-
world networks in schizophrenia. Brain, 131(4), 945–961. 

Miller, R. L., Yaesoubi, M., Turner, J. A., Mathalon, D., Preda, A., Pearlson, G., … Calhoun, V. 
D. (2016). Higher Dimensional Meta-State Analysis Reveals Reduced Resting fMRI 

Chapter 5

192



Connectivity Dynamism in Schizophrenia Patients. PloS One, 11(3), e0149849. 

Molnar-Szakacs, I., & Uddin, L. Q. (2013). Self-Processing and the Default Mode Network: 
Interactions with the Mirror Neuron System. Frontiers in Human Neuroscience, 7, 571. 

Mourao-Miranda, J., Reinders, A. A. T. S., Rocha-Rego, V., Lappin, J., Rondina, J., Morgan, C., 
… Dazzan, P. (2012). Individualized prediction of illness course at the first psychotic 
episode: a support vector machine MRI study. Psychological Medicine, 42(05), 1037–1047. 

Nieuwenhuis, M., Schnack, H. G., van Haren, N. E., Lappin, J., Morgan, C., Reinders, A. A., … 
Dazzan, P. (2017). Multi-center MRI prediction models: Predicting sex and illness course in 
first episode psychosis patients. NeuroImage, 145(Pt B), 246–253. 

Parkes, L., Fulcher, B., Yücel, M., & Fornito, A. (2018). An evaluation of the efficacy, 
reliability, and sensitivity of motion correction strategies for resting-state functional MRI. 
NeuroImage, 171, 415–436. 

Pompili, M., Amador, X. F., Girardi, P., Harkavy-Friedman, J., Harrow, M., Kaplan, K., … 
Tatarelli, R. (2007). Suicide risk in schizophrenia: learning from the past to change the 
future. Annals of General Psychiatry, 6, 10. 

Power, J. D., Barnes, K. A., Snyder, A. Z., Schlaggar, B. L., & Petersen, S. E. (2012). Spurious 
but systematic correlations in functional connectivity MRI networks arise from subject 
motion. NeuroImage, 59(3), 2142–2154. 

Pruim, R. H. R., Mennes, M., Buitelaar, J. K., & Beckmann, C. F. (2015). Evaluation of ICA-
AROMA and alternative strategies for motion artifact removal in resting state fMRI. 
NeuroImage, 112, 278–287. 

Pruim, R. H. R., Mennes, M., van Rooij, D., Llera, A., Buitelaar, J. K., & Beckmann, C. F. 
(2015). ICA-AROMA: A robust ICA-based strategy for removing motion artifacts from 
fMRI data. NeuroImage, 112, 267–277. 

Qin, P., & Northoff, G. (2011). How is our self related to midline regions and the default-mode 
network? NeuroImage, 57(3), 1221–1233. 

Raichle, M. E., MacLeod, A. M., Snyder, A. Z., Powers, W. J., Gusnard, D. A., & Shulman, G. 
L. (2001). A default mode of brain function. Proceedings of the National Academy of 
Sciences, 98(2), 676–682. 

Raichle, M E, MacLeod, A. M., Snyder, A. Z., Powers, W. J., Gusnard, D. A., Shulman, G. L., 
… Seidman, L. J. (2001). A default mode of brain function. Proceedings of the National 
Academy of Sciences of the United States of America, 98(2), 676–682. 

Raichle, Marcus E., & Snyder, A. Z. (2007). A default mode of brain function: A brief history of 

Chapter 5

193



an evolving idea. NeuroImage, 37(4), 1083–1090. 

Ramyead, A., Studerus, E., Kometer, M., Uttinger, M., Gschwandtner, U., Fuhr, P., & Riecher-
Rössler, A. (2016). Prediction of psychosis using neural oscillations and machine learning 
in neuroleptic-naïve at-risk patients. The World Journal of Biological Psychiatry, 17(4), 
285–295. 

Rashid, B., Arbabshirani, M. R., Damaraju, E., Cetin, M. S., Miller, R., Pearlson, G. D., & 
Calhoun, V. D. (2016). Classification of schizophrenia and bipolar patients using static and 
dynamic resting-state fMRI brain connectivity. NeuroImage, 134, 645–657. 

Repovs, G., Csernansky, J. G., & Barch, D. M. (2011). Brain Network Connectivity in 
Individuals with Schizophrenia and Their Siblings. Biological Psychiatry, 69(10), 967–973. 

Robinson, D., Woerner, M. G., Alvir, J. M., Bilder, R., Goldman, R., Geisler, S., … Lieberman, 
J. A. (1999). Predictors of relapse following response from a first episode of schizophrenia 
or schizoaffective disorder. Archives of General Psychiatry, 56(3), 241–247. 

Rotarska-Jagiela, A., van de Ven, V., Oertel-Knöchel, V., Uhlhaas, P. J., Vogeley, K., & Linden, 
D. E. J. (2010). Resting-state functional network correlates of psychotic symptoms in 
schizophrenia. Schizophrenia Research, 117(1), 21–30. 

Salvador, R., Martínez, A., Pomarol-Clotet, E., Sarró, S., Suckling, J., & Bullmore, E. (2007). 
Frequency based mutual information measures between clusters of brain regions in 
functional magnetic resonance imaging. NeuroImage, 35(1), 83–88. 

Sarpal, D. K., Argyelan, M., Robinson, D. G., Szeszko, P. R., Karlsgodt, K. H., John, M., … 
Malhotra, A. K. (2016). Baseline Striatal Functional Connectivity as a Predictor of 
Response to Antipsychotic Drug Treatment. American Journal of Psychiatry, 173(1), 69–77. 

Sarpal, D. K., Robinson, D. G., Lencz, T., Argyelan, M., Ikuta, T., Karlsgodt, K., … Malhotra, 
A. K. (2015). Antipsychotic treatment and functional connectivity of the striatum in first-
episode schizophrenia. JAMA Psychiatry, 72(1), 5–13. 

Schnack, H. G., & Kahn, R. S. (2016). Detecting Neuroimaging Biomarkers for Psychiatric 
Disorders: Sample Size Matters. Frontiers in Psychiatry, 7, 50. 

Shim, G., Oh, J. S., Jung, W., Jang, J., Choi, C.-H., Kim, E., … Kwon, J. (2010). Altered resting-
state connectivity in subjects at ultra-high risk for psychosis: an fMRI study. Behavioral and 
Brain Functions, 6(1), 58. 

Skudlarski, P., Jagannathan, K., Anderson, K., Stevens, M. C., Calhoun, V. D., Skudlarska, B. 
A., & Pearlson, G. (2010). Brain Connectivity Is Not Only Lower but Different in 
Schizophrenia: A Combined Anatomical and Functional Approach. Biological Psychiatry, 

Chapter 5

194



68(1), 61–69. 

Uddin, L. Q., Clare Kelly, A. M., Biswal, B. B., Xavier Castellanos, F., & Milham, M. P. (2009). 
Functional connectivity of default mode network components: Correlation, anticorrelation, 
and causality. Human Brain Mapping, 30(2), 625–637. 

Varoquaux, G. (2018). Cross-validation failure: Small sample sizes lead to large error bars. 
NeuroImage, 180(Pt A), 68–77. 

Varoquaux, G., Raamana, P. R., Engemann, D. A., Hoyos-Idrobo, A., Schwartz, Y., & Thirion, 
B. (2017). Assessing and tuning brain decoders: Cross-validation, caveats, and guidelines. 
NeuroImage, 145, 166–179. 

Venkataraman, A., Whitford, T. J., Westin, C.-F., Golland, P., & Kubicki, M. (2012). Whole 
brain resting state functional connectivity abnormalities in schizophrenia. Schizophrenia 
Research, 139(1–3), 7–12. 

Vita, A., De Peri, L., Deste, G., & Sacchetti, E. (2012). Progressive loss of cortical gray matter in 
schizophrenia: a meta-analysis and meta-regression of longitudinal MRI studies. 
Translational Psychiatry, 2(11), e190–e190. 

Wechsler, D. (1955). Manual for the Wechsler Adult Intelligence Scale. 

Whitfield-Gabrieli, S., Thermenos, H. W., Milanovic, S., Tsuang, M. T., Faraone, S. V., 
McCarley, R. W., … Seidman, L. J. (2009). Hyperactivity and hyperconnectivity of the 
default network in schizophrenia and in first-degree relatives of persons with schizophrenia. 
Proceedings of the National Academy of Sciences, 106(4), 1279–1284. 

Zalesky, A., Fornito, A., & Bullmore, E. (2012). On the use of correlation as a measure of 
network connectivity. NeuroImage, 60(4), 2096–2106. 

Zalesky, A., Fornito, A., & Bullmore, E. T. (2010). Network-based statistic: Identifying 
differences in brain networks. NeuroImage, 53(4), 1197–1207.  

Zhou, Y., Liang, M., Tian, L., Wang, K., Hao, Y., Liu, H., … Jiang, T. (2007). Functional 
disintegration in paranoid schizophrenia using resting-state fMRI. Schizophrenia Research, 
97(1–3), 194–205. 

 

Chapter 5

195



SUPPLEMENTARY MATERIAL 

Predicting individual improvement in schizophrenia symptom severity at one-year 
follow-up: Comparison of connectomic, structural and clinical predictors 

 
Akhil Kottaram, Leigh A Johnston, Ye Tian, Eleni P Ganella, Liliana Laskaris, Luca Cocchi, Patrick 

McGorry, Christos Pantelis, Ramamohanarao Kotagiri, Vanessa Cropley and Andrew Zalesky 
 

 

Supplementary Table 1. Definition of Positive, Negative and Total scores from the Brief 

Psychiatric Rating Scale (BPRS). The grouping was performed according to (Dazzi, Shafer, & 

Lauriola, 2016) 

Aggregate Score Individual BPRS items included 
Positive  hallucinations 

unusual thought content 
suspiciousness 
grandiosity 

Negative blunted affect 
emotional withdrawal 
motor retardation 

BPRS Total  All 24 items in BPRS 
 

S1. Imaging data acquisition 

Magnetic resonance imaging was performed in all individuals with a Siemens Avanto 3T 

Magnetom Trio Trim scanner. A T1-weighted structural image of brain anatomy was acquired 

using an optimized Magnetization-Prepared Rapid Acquisition Gradient Echo (MPRAGE) 

sequence with the following parameters: repetition time (TR) = 1980 ms, echo time (TE) = 4.3 

ms, flip angle = 15°, field of view (FOV) = 250 mm × 250 mm, acquisition matrix = 256 × 256, 

176 sagittal slices of thickness = 1 mm without any gap, resulting in a final reconstructed voxel 

resolution of 0.98 mm × 0.98 mm × 1.0 mm.  
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Resting-state functional MRI scans were acquired using T2*-weighted echo planar imaging with 

the following parameters: TR = 2.4 s, TE = 40 ms, flip angle = 90°, matrix size = 64 × 64 and 

voxel dimensions = 3.3 mm × 3.3 mm × 3 mm. A total of 200 volumes were acquired, equivalent 

to a scan interval of 8 minutes.  Individuals were instructed keep their eyes closed during the 

scan, without falling asleep.   

S2. Delineation of default mode network 

The default mode network (DMN) was defined bilaterally based on seed locations that were 

adopted from several previous studies (Andrews-Hanna et al., 2010; Dodell-Feder, DeLisi, & 

Hooker, 2014; Du et al., 2016; Kucyi & Davis, 2014). The regions include posterior cingulate 

cortex (PCC), anterior medio-prefrontal cortex (aMPFC), temporoparietal junction (TPJ), 

temporal pole (TP), lateral temporal cortex (LTC), ventral medio-prefrontal cortex (vMPFC), 

posterior inferior parietal lobule (pIPL), retrosplenial cortex (Rsp), parahippocampal cortex 

(PHC), and hippocampal formation (HF+). The MNI coordinates for each region are given in 

Supplementary Table 1. Each region was defined as spheres of 8 mm radii around the seed 

coordinates (listed in Supplementary table 2). Due to their anatomical proximity and resultant 

overlap, the left and right PCC regions were combined to a larger PCC region; same was done in 

the case of aMPFC regions. Thus, this definition included a total of 18 regions in the DMN, as 

shown in Figure 2A.  
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Supplementary Table 2. Regions in the default mode network, as defined in (Andrews-Hanna et 

al., 2010) 

Region Abbreviation Broadman Areas x      y      z 

Anterior medial prefrontal 

cortex  

aMPFC 10,32 -6    52    -2 

Posterior cingulate cortex  PCC 23,31 -8   -56   26 

Dorsal medial prefrontal cortex  dMPFC 9,32   0    52    26 

Temporal parietal junction  TPJ 40,39 -54  -54   28 

Lateral temporal cortex LTC 21,22 -60   -24  -18 

Temporal pole   TempP 21 -50    14    -40 

Ventral medial prefrontal cortex vMPFC 11,24,25,32   0      2     -18 

Posterior inferior parietal lobule pIPL 39 -44   -74    32 

Retrosplenial cortex Rsp 29,30,19 -14    -52     8 

Parahippocampal cortex  PHC 20,36,19  -28    -40   -12 

Hippocampal formation HF+ 20,36  -22   -20   -26 

Coordinates are based on the Montreal Neurological Institute (MNI) coordinate system.  Regions 
were defined as 8 mm spheres around the listed MNI coordinates; hence the Broadmann areas 
listed are approximate.  
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Supplementary Figure 1. Sensitivity of predicting improvement in symptom severity at one-year 
follow-up using connectivity, structural and/or clinical features. Refer to caption of Figure 3 for 
further details on methodology. 
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Supplementary Figure 2. Specificity of predicting improvement in symptom severity at one-year 
follow-up using connectivity, structural and/or clinical features. Refer to caption of Figure 3 for 
further details on methodology. 
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Supplementary Figure 3. Area Under the Curve (AUC) of predicting improvement in symptom 
severity at one-year follow-up using connectivity, structural and/or clinical features. Refer to 
caption of Figure 3 for further details on methodology. 
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Supplementary Figure 4. Accuracy of predicting improvement in symptom severity at one-year 
follow-up using connectivity, structural and/or clinical features. Same methodology as described 
in the caption of Figure 3, except the top-20 features are now used instead of the top-8 . Refer to 
caption of Figure 3 for further details. 
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Supplementary Figure 5. Accuracy of predicting improvement in symptom severity at one-year 
follow-up using connectivity, structural and/or clinical features. Same methodology as described 
in the caption of Figure 3, except decision trees are now used instead of LDA. Refer to caption of 
Figure 3 for further details. 

Chapter 5

203



 

Supplementary Figure 6. Accuracy of predicting improvement in symptom severity at one-year 
follow-up using connectivity, structural and/or clinical features. Same methodology as described 
in the caption of Figure 3, except SVM is now used instead of LDA. Refer to caption of Figure 3 
for further details.  
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Supplementary Figure 7. Accuracy of predicting improvement in symptom severity at one-year 
follow-up using connectivity, structural and/or clinical features. Same methodology as described 
in the caption of Figure 3, except the cut-off threshold delineating worsening and improvement 
in symptom severity is now set to  𝑇𝑇 = 20%, instead of  𝑇𝑇 = 0%.  Refer to caption of Figure 3 
for further details.  
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CHAPTER 6: 

General Discussion 

207



 

6.1 Thesis overview and summary of findings 

In this thesis, we studied the dynamics of resting-state functional connectivity in 

schizophrenia to elucidate the varying interactions among different networks and to evaluate 

the diagnostic and prognostic power of dynamic connectivity measures. Firstly, in Chapter 3, 

we explored the spatial variability along with temporal variability in a cohort of chronic 

schizophrenia patients. We observed that models incorporating simultaneous assessment of 

both spatial and temporal variability provide highest accuracy (>91%) in single-subject 

prediction of diagnostic status, compared to other approaches considered. Models based on 

either temporal or spatial dynamics were found to provide classification accuracies around 

85%, while those based on both temporally and spatially static connectivity yielded the 

lowest accuracy (~79%). Resting-state networks (RSNs) in schizophrenia patients were found 

to encapsulate reduced spatial topology and connectivity strengths, when compared to those 

in healthy subjects. At the same time, spatial layout of networks and connection strengths 

were found to be more variable over time, in patients. 

Secondly, in Chapter 4, we adopted a state-based model to resolve approximately 8 minutes 

of resting-state scans into distinct patterns of network activation. We found several 

significant differences in the dynamic interplay among RSNs in schizophrenia patients in 

comparison to healthy individuals. Patients stayed for significantly greater amounts of time in 

states where sensory networks showed high levels of BOLD activity and DMN exhibited low 

activity. At the same time, occupancy in states with high DMN activation was significantly 

lower in patients. Further, we observed that patients were unable to up/downregulate the 

DMN activity as efficiently as controls. The summary measures from the model were 
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associated with positive symptom severity and offered accuracies above 80% in single-

subject prediction of diagnostic status.    

Thirdly, in Chapter 5, we tested whether dynamic connectivity within the DMN could predict 

change in symptom severity after a year, in a sample of schizophrenia patients (N=30). 

Particularly, we aimed at predicting changes in positive, negative and overall scores, all 

based on the BPRS assessment. In addition, we compared the prognostic power of different 

measures including clinical, behavioural and structural imaging as well as static and dynamic 

connectivity among DMN regions, using machine learning based classifiers under a leave-

one-out cross validation framework. Functional connectivity-derived measures were found to 

perform better, providing better prediction accuracies, when compared to other measures. 

Measures of dynamic FC were, in particular, the most predictive of outcomes in all the three 

sets of scores. We observed that subjects whose negative symptoms worsened after a year 

had increased DMN connectivity at baseline, with reduced variability over time, compared to 

others who improved over the same period. The opposite trend was found in the case of 

positive symptoms; subjects whose positive symptoms worsened after a year had reduced 

connectivity within DMN regions and increased temporal variability. 

6.2 General Discussion 

6.2.1 Dynamics in time and space 

While most of the previous dFC studies explored the temporal variability in connectivity, in 

this thesis, we examined spatial variability along with temporal fluctuations. Notably, there 

has only been two studies in the past that have targeted spatial dynamics of networks at rest 

(Kiviniemi et al., 2011; Ma et al., 2014). Kiviniemi and colleagues studied the disparities in 

the topology of DMN by applying ICA to windowed BOLD time courses from a group of 

healthy individuals and reported marked spatial variance in DMN topology over time 
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(Kiviniemi et al., 2011). Ma and colleagues extended this approach to compare the spatial 

variability in networks between schizophrenia patients and healthy subjects (Ma et al., 2014). 

While the windowed approach facilitates variability in network topology across time, group 

level estimations within each window compromises the extent to which individual variability 

can be accounted. To address this issue, we proposed a modified seed-based connectivity 

approach, that allows networks to vary in spatial topology around a given reference map. 

Windowed correlations among designated seed time courses and all voxels from network 

regions and a small (6mm) neighbourhood around each region were computed; this approach 

enables simultaneous assessment of spatial and temporal variability.  

We characterized spatiotemporal dynamics in different RSNs at rest and observed that the 

network topology varies markedly across time; at certain time points, networks had a high 

level of connectivity among all regions, spanning larger spatial areas, while certain other 

times, networks comprised reduced spatial extents with reduced connectivity. The proposed 

characterization of dynamics by histogram of correlations delineates the patterns and variance 

in connectivity. A high level of integration within the network corresponds to a left-skewed 

histogram with most of the voxels populating the positive bins, whereas sparse spatial layout 

and connectivity will lead to a histogram with larger bin heights in the negative bins. Also, 

histograms avoid the need to put a threshold on correlations, otherwise done with seed-based 

analyses.  

Notably, the patterns of spatiotemporal dynamics were altered in schizophrenia. The mean 

correlation histograms in patient group were found to be significantly shifted towards the 

negative end (Chapter 3, Figure 8b), compared to that from the healthy subjects. This 

suggests that the on average, the networks in patients comprised lesser spatial extents with 

lesser number of connected (positively correlated) voxels. Further, for positive correlations, 

the variability of histogram bin heights across windows were found significantly increased in 
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patients. This was revealed by the comparison of standard deviation of histogram bins across 

windows (Chapter 3, Figure 8c). Together, these observations indicate that the networks are 

disconnected in patients, with less stable positive correlations. In brief, network voxels 

appear to be sparingly connected in patients, with greater variability in positive correlations. 

While the dysconnectivity in schizophrenia has been proposed more than two decades ago 

(Friston & Frith, 1995), with several connectivity studies providing supporting evidence 

(Alexander-Bloch et al., 2010; Calhoun, Eichele, & Pearlson, 2009; Calhoun et al., 2012; Du 

et al., 2016; Guo et al., 2017; Kircher & Thienel, 2005; Kochunov et al., 2017; Moran et al., 

2013; Rubinov et al., 2009; Zalesky, Fornito, & Bullmore, 2010), our study shows that 

reduced spatial layouts of regions coexist with dysconnectivity among them. Analyses using 

predefined regions with fixed anatomical boundaries fail to encapsulate this information on 

spatial dynamics; this might contribute to the lack of agreement between functional and 

structural connectivity abnormalities reported previously (Skudlarski et al., 2010). Thus, by 

exploring connectivity differences in both spatial and temporal domains, our approach 

complements and adds to existing understanding of dysconnectivity in schizophrenia.  

6.2.2 Static versus dynamic connectivity 

Several prior studies have compared static and dynamic FC on different aspects; for example, 

compared to static FC measures, dynamic connectivity measures were found to be better 

predictors of PSTD diagnosis (Jin et al., 2017), and in classifying schizophrenia and bipolar 

patients (Rashid et al., 2016). Further, certain between-group differences in schizophrenia 

were only evident when characterizing dFC, thus improving our understanding of the 

pathology (Su et al., 2016). This leads towards the notion that dynamics provide more 

disease-related information and an improved characterisation of disease, compared to static 

measures. In a machine learning classification scenario, Rashid and colleagues observed that 

incorporating static measures along with dFC measures added no additional predictive power 
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(Rashid et al., 2016), suggesting that dFC is inclusive and superior compared to sFC in 

disease characterization. At the same time, certain other studies argue that static and dynamic 

FC characterizations model different aspects of BOLD data and capture distinct features, 

hence are complementary to each other (Liegeois et al., 2017).  

In Chapter 3, we modelled four different types of FC depending on its static/dynamic nature 

in the spatial/temporal domains. It was found that dynamic measures provided significantly 

higher diagnostic accuracy, when compared to static measures. Importantly, studying either 

temporal or spatial dynamics alone significantly improved the classification accuracy 

(Figures 4&5, Table 3). In most of the classification scenario considered, measures of spatial 

dynamics (Class III) performed equally compared to temporal dynamics (Class II). Also, both 

Classes II and III provided significantly greater classification accuracies compared to Class I 

(static in both time and space). Thus, spatial dynamics is of equal relevance compared to 

temporal dynamics in describing pathology in schizophrenia. The highest classification 

accuracy in the case of Class IV suggests that models with both spatial and temporal 

dynamics capture maximum between-group differences. As discussed in 6.2.1, the 

pathological condition is manifested in resting-state fMRI as reduced spatial layout of 

network regions with reduced connection strengths. The fact that combining both temporal 

and spatial dynamism (Class IV) further increases the predictive power, suggest the 

complementary information represented in spatial and temporal dynamics. 

Similar to the observation in Chapter 3 about dFC providing better diagnosis, in Chapter 5, 

we report that dFC measures offer better prognosis over static connectivity measures (Figure 

3). Classifiers trained on measures derived out of dynamic DMN connectivity provided 

higher classification accuracies in categorizing subjects into those who worsened versus those 

who improved. Further, combining measures of static and dynamic FC did not improve the 

accuracy beyond that obtained from dFC alone, indicating that static FC measures contain no 
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unique information that is not captured in dynamic connectivity. Thus, our analyses suggest 

that dFC can capture most of the variability in the outcome measures and accuracy in 

characterizing diagnosis or prognosis than what is achievable by static FC. Thus, it might be 

the case that, static and dynamic FC might be capturing different aspects of the physiology. 

6.2.3 Imbalanced network activity in schizophrenia 

By modelling the dynamic interplay among different networks at rest, we found an overall 

imbalance in the network activations in schizophrenia patients. For most of the scan duration, 

DMN and executive control networks maintained an activity below the mean level, while at 

the same time, sensory networks remained highly activated. This observation has been 

consistently observed from the state occupancy times (Chapter 4, Figure 3A) and the 

transition probabilities (Chapter 4, Figure 4). The organization of brain into task-positive and 

task-negative networks have been suggested to be a fundamental mechanism to balance 

between functional integration and segregation (Fox et al., 2005) and to be a ‘division of 

labour’ among networks with seemingly opposite functions (Fransson, 2006), which 

optimizes energy consumption. Our study is the first to report imbalanced RSN activity in 

schizophrenia.  

Canonical correlation analysis between the state occupancy times from our model and 

different clinical and behavioural symptoms revealed a significant association; the occupancy 

patterns were found to be related to positive symptom severity. Thus, increased activation of 

sensory networks might contribute towards the positive symptoms. The heightened sensory 

network activation might also correspond to the aberrant salience mode, induced by the 

excessive amounts dopamine present in certain brain regions (Kapur, 2003), which has been 

suggested to be causing hallucinations and delusions (Carlson, 2012). In addition, reduced 

activity in DMN corresponds to an extrospectively oriented mode (Farina et al., 2018) that 

has been reported to be associated with severity of positive symptoms (Janssen et al., 2006). 
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Notably, we also found in Chapter 5 that the reduced connectivity of DMN predicted positive 

symptoms getting severe after a year. In brief, the observed imbalance among network 

activities at rest associates to positive symptom severity and these findings are supported by 

multiple previous studies.  

6.2.4 Reduced dynamism of DMN in schizophrenia 

In comparison to healthy individuals, schizophrenia patients were found to spend 

significantly greater amounts of time in states with low DMN activation (Chapter 4, Figure 

3A). Also, between-group comparison of transition probabilities revealed significantly more 

probable back and forth transitions between states with low overall activation and low DMN 

activation (3↔10 loop, Figure 4, Chapter 4). Together, this suggests that resting state in 

patients is characterized by prolonged periods of diminished DMN activity. Further, by 

comparing mean lifetimes of each state (Figure 3B, Chapter 4) between the two groups, we 

found that the average time spent in states with high and low DMN activation is significantly 

greater in patients. That is, once activated or deactivated, DMN remains in the same state for 

significantly longer periods in patients; in other words, compared to healthy subjects, patients 

have an inability to regulate the DMN activity. Thus, reduced variability/dynamism of DMN 

appears to be a characteristic pathological feature in schizophrenia.  

Proper regulation of DMN activity supports goal-directed cognitive processes (Binder, 2012; 

Spreng, 2012). Multiple task-based studies have found that lower activity of DMN is 

associated with more successive performance in different goal-oriented tasks (Anticevic et 

al., 2012, 2010; Daselaar, Prince, & Cabeza, 2004; White et al., 2013), which suggests that 

DMN suppression is functionally important. Notably, lack of DMN suppression has been 

reported in schizophrenia, when patients perform demanding cognitive tasks (Anticevic, 

Repovs, & Barch, 2013; Dreher et al., 2012; Madre et al., 2013; Metzak et al., 2012; Meyer-

Lindenberg et al., 2001; Nejad et al., 2011; Pomarol-Clotet et al., 2008; Schneider et al., 
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2011; Whitfield-Gabrieli et al., 2009). Our analysis suggests that the same abnormality exists 

in resting-state; patients find it difficult to downregulate DMN activity from a high activity 

state. In addition, we also observed that similar issue exists with upregulating as well; that is, 

patients cannot transition from a low DMN state to a high DMN state as easily as healthy 

subjects.   

Certain pharmacological studies have put forward a complex interplay among different 

neurotransmitters to be the basis for reduced DMN suppression in schizophrenia (Anticevic 

et al., 2012; Rao, Williams, & Goldman-Rakic, 2000; Yizhar et al., 2011). Lack of proper 

inhibitory mechanisms leads to a state referred to as ‘cortical disinhibition’ (Anticevic et al., 

2012), which engenders an inability to suppress DMN activity. This might again be related to 

the state of aberrant salience, leading to positive symptoms such as hallucinations.  

6.2.5 Prediction of outcomes 

Prediction of outcome in schizophrenia is an important research area because of its potential 

to influence clinical interventions. Having a reliable prediction of outcomes can help the 

clinicians in providing more evidence-based treatments. Hence, a plethora of studies in the 

past have evaluated the predictive prognostic significance of different predictors, including 

clinical, behavioural and genetic variables (Carter et al., 2002; Chen et al., 2018; Kay & 

Murrill, 1990; Leeson et al., 2009; Lindström, 1996; Primavera et al., 2012; Ramsay et al., 

2018; Rosen & Garety, 2005; Schubert, Clark, & Baune, 2015; Strauss & Carpenter, 1974; 

Ziermans et al., 2014); and functional connectivity measures (Cadena et al., 2018a, 2018b; 

Cao et al., 2018; Kraguljac et al., 2016; Sarpal et al., 2015). However, multiple factors such 

as sample size, clinical stage of the disease, status, type and dose of medication, period over 

which outcome is evaluated and definition of outcome are different from one study to other. 

A recent meta-analysis reported that most of the reported models are overfitted and there is 

no concludable evidence as to which measure offers significant prognostic power (Janssen, 
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Mourão-Miranda, & Schnack, 2018). In this context, we aimed to compare different 

measures in terms of their predictive prognostic power in our sample consisting of 30 

schizophrenia patients who underwent assessments of symptom severity, behavior, cognitive 

ability, structural and resting-state imaging at baseline and follow-up (approximately after one 

year).  

In the study presented in Chapter 5, we examined the predictive prognostic power of different 

measures – set of clinical and behavioural measures, cortical thickness, gray matter volume, 

static FC among DMN regions and their dynamic FC. A feature selection algorithm was 

employed to choose equal number of best features from each category, so that the predictive 

models were more comparable. We found that in our sample, measures such as 

clinical/behavioural, gray matter volume and cortical thickness offered no predictive power 

(accuracies around the chance level, 50% in Figure 3, Chapter 5). Static FC measures 

provided classification accuracies in the range of 65-70%, while dynamic FC measures 

provided highest accuracy (~80%).  

We found that intra-network connectivity of DMN is predictive of outcomes. Alterations in 

resting-state DMN connectivity have consistently been reported in schizophrenia (Bluhm et 

al., 2007; Hu et al., 2017; Jafri et al., 2008; Liemburg et al., 2012; Liu et al., 2012; Shim et 

al., 2010; Skudlarski et al., 2010; Whitfield-Gabrieli et al., 2009; Zhou et al., 2007), with 

many studies finding a relationship between DMN connectivity to symptoms (Hare et al., 

2018; Rotarska-Jagiela et al., 2010; Wang et al., 2015). As discussed in Section 6.2.4, the 

cortical disinhibition and resultant dysregulation of DMN plays a significant role in positive 

and negative symptoms and this interrelationship might be the reason behind the prognostic 

predictive power of DMN connectivity.  
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6.2.6 DMN connectivity and positive/negative symptoms  

We observed a striking distinction in baseline DMN connectivity between subjects who 

worsened with respect to positive symptoms versus with negative symptoms, with mostly two 

different sub-networks contributing to predictability. For subjects whose positive symptoms 

increased after a year, baseline DMN connectivity was found to be reduced and more variable 

compared to the group who improved. Hypoconnectivity in DMN relates to positive 

symptoms (Farina et al., 2018; Janssen et al., 2006) and the same implication can be observed 

here. Notably, our analyses in Chapter 4 made a similar association between diminished 

DMN activity and positive symptoms. In contrast, for subjects whose negative symptoms 

worsened at follow-up, the baseline DMN connectivity was increased and less variable. A 

stronger intra-DMN coupling leads to more internalization (Fransson, 2006; Molnar-Szakacs 

& Uddin, 2013; Qin & Northoff, 2011), which in turn leads to escalation of negative 

symptoms. These results suggest a crucial role of DMN in modulating the symptoms in 

schizophrenia.  

6.3 Limitations  

The analyses discussed in this thesis have certain methodological, data-related and 

interpretation-related limitations that restrained the inferences drawn out of them. There have 

been several concerns about the use of sliding windows (see Section 1.11 for a detailed 

discussion). These include choice of parameters such as window length, shape and overlap, 

which can induce spurious artificial correlations in window-based analyses (Leonardi & Van 

De Ville, 2015; Lindquist et al., 2014; Zalesky & Breakspear, 2015). Nonetheless, as argued 

in (Hutchison et al., 2013), these limitations are more applicable to studies that aim to 

interpret dynamics based on variability across sliding windows; studies that characterize 

between-group differences are less affected by them. Moreover, we evaluated the effect of 
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varying window lengths on our results and found that our observations remained stable over a 

wide range of window lengths varying from 20s to 100s (Chapter 3, Figure S3). While 

HMMs avoid such issues, they too have parameters to choose like the number of hidden 

states, assumptions on the output observation model and choice of cost functions to optimize 

model estimation. The optimal model in our case was chosen using the Akaike information 

criterion (AIC), based on the model fit, penalising for the number of states as a measure of 

model complexity. Another assumption behind our model was that the 12 canonical states are 

same across all subjects – both patients and healthy individuals; this is likely to be an 

oversimplification. Fitting states separately for each subject might solve this issue, but this 

necessitates the need to match states across subjects. Yet another drawback is the use of 

predefined reference maps for network definition. Data-driven methods such as ICA would 

have provided more subject-specific maps of different RSNs. Spatial variability is accounted 

in our model (Classes III and IV) in Chapter 3, hence this limitation is not a major concern in 

such cases.  

There are several limitations regarding the data and its acquisition. Firstly, our sample size 

was moderate in analyses reported in Chapters 3 and 4 with 41 schizophrenia patients and 41 

healthy controls. A larger sample size would produce more robust results, especially in 

machine learning based analyses. We have, however, validated the reproducibility of our 

findings in another independent data set. Due to high attrition rate, we only had 30 patients 

who underwent the assessments both during baseline and follow-up; hence the prediction 

analyses in Chapter 5 are particularly affected by the issues with low sample size. Such issues 

include low chances of finding true effects, an exaggerated estimate of effects found and low 

positive predictive value with the observed effects (Button et al., 2013). Secondly, our data 

acquisition protocols did not include any measures to monitor or control sleep during the 

scans. Sleep has a confounding effect on resting-state functional connectivity and its 
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influence becomes more severe in analysing dynamics (Davis et al., 2016; Laumann et al., 

2016; Tagliazucchi & Laufs, 2014). Hence, the impact of sleep on the reported dynamics 

remains unclear. Thirdly, intrascan head motion causes artefacts in the BOLD data (Power et 

al., 2012). We performed motion correction as a part of preprocessing; however, none of the 

existing algorithms removes motion artefacts completely (Parkes et al., 2018; Pruim et al., 

2015). Hence it is impossible to concisely estimate the impact of motion on the observed 

dynamics.     

Further, certain other factors limit our ability to associate the observations to schizophrenia 

pathology alone. Resting-state FC is known undergo age-related changes (Chen et al., 2017; 

Madhyastha & Grabowski, 2014; Viviano et al., 2017). Our studies did not explicitly model 

the effects of age. The patient and healthy subject groups in Chapter 3 and 4 were matched 

for age and in Chapter 5, we included age as a subject-specific feature along with other 

clinical and behavioural variables. Hence variability in age is unlikely to influence our 

findings. Similar to age, antipsychotic medication also causes several structural and 

functional changes to brain (Moncrieff & Leo, 2010). Chronic schizophrenia patients in our 

analyses (Chapters 3 and 4), have been under antipsychotic treatment for several years and 

this might influence dFC estimates. However, we did not find any association between 

medication and measures from our model (Chapter 4, Figure 5). Also, medication dosage was 

included as a feature under clinical measures in our analyses in Chapter 5 and did not offer 

any predictive prognostic power. Yet, in order to completely exclude the bias due to 

medication, these analyses should be repeated in a cohort of medication-naïve patients.  

6.4 Summary 

Models incorporating both temporal and spatial dynamics of connectivity discerned 

maximum differences between schizophrenia patients and healthy subjects and provided 
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highest classification accuracy compared to models of spatial or temporal dynamics alone. 

Also, measures of dynamic connectivity among DMN regions provided highest prognostic 

predictive power, compared to clinical, behavioural and structural imaging-based measures. 

Distinct sub-networks within DMN was predictive of changes in positive and negative 

symptoms. Characterising resting-state dynamics in schizophrenia revealed that patients 

spent most of their time in states with low DMN activity and heightened sensory network 

activity, which corresponded to severity of positive symptoms. Further, schizophrenia 

patients had an inability to regulate the activity of DMN, thus getting trapped in both high 

and low DMN states when visited.  
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CHAPTER 7: 

Conclusion 
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Connectivity methods for analysis of fMRI data have traditionally been estimated in a time-

averaged manner. With recent research accumulating evidence for non-stationarity of resting-

state BOLD data, there is a growing interest in characterizing time-resolved connectivity 

among brain regions. Most studies in this context have focused on temporal variations in 

connection strengths and there has been little focus on any possible spatial variability. Given 

this background, this thesis introduced a method for simultaneous assessment of spatial and 

temporal dynamics of resting-state networks. Further, the validity of the proposed method 

was scrutinized by comparing it against other definitions of connectivity in single-subject 

prediction of schizophrenia diagnosis. In a similar manner, the predictive prognostic power of 

dynamic connectivity measures has been evaluated, comparing it to other measures that 

previous studies proposed. In addition, the dynamic interplays among different networks have 

been characterized, and its relationships to clinical symptoms have been assessed.  

7.1 Strengths and contributions to current knowledge 

This thesis has made significant contributions to fMRI connectivity research on different 

aspects of resting-state dynamic functional connectivity, as summarized below.  

A method to characterize both spatial and temporal dynamics of FC has been proposed. 

Particularly, the spatial variability has largely been overlooked until we published our 

analysis presented in Chapter 3 (Kottaram et al., 2018). This has triggered an interest in 

assessing spatial variability of networks at rest; for example, another study has attempted to 

modify group ICA-based estimation to incorporate spatial dynamics (Bhinge et al., 2019). By 

comparing different types of FC definitions against their predictive diagnostic power, we 

found that RSNs in schizophrenia are characterized by reduced spatial topology along with 

reduced connectivity. Notably, previous temporal dynamic (but spatially static) connectivity 
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studies only characterized reduced connection strengths (Damaraju et al., 2014; Rashid et al., 

2014), while certain other temporally static connectivity studies reported spatial variability 

(Gopal et al., 2015, 2014). Our model, capable of combining both spatial and temporal 

variability, provided a better characterization. By resolving the spatial dimension, we were 

able to reveal altered spatial patterns in schizophrenia, along with associated temporal 

fluctuations in connection strengths. 

Depiction of the dynamic interplay among networks at rest revealed significant aberrations in 

network integration in schizophrenia. Prolonged periods of low DMN activity and low 

overall activity in combination with heightened activation of sensory networks concurred 

with the severity of positive symptoms in patients. While the HMM approach has previously 

been used to characterize dynamics in healthy brain using different neuroimaging data (Baker 

et al., 2014; Vidaurre et al., 2016; Vidaurre, Smith, & Woolrich, 2017), our study (Kottaram 

et al., 2019), presented in Chapter 4, was the first to apply this  model to a clinical population 

and this analysis revealed previously unknown dynamic resting-state interactions of RSNs in 

schizophrenia.  

Reduced task-related suppression of DMN activity is a characteristic pathology in 

schizophrenia, widely reported in different task-based studies (Anticevic, Repovs, & Barch, 

2013; Dreher et al., 2012; Madre et al., 2013; Metzak et al., 2012; Meyer-Lindenberg et al., 

2001; Nejad et al., 2011; Pomarol-Clotet et al., 2008; Schneider et al., 2011; Whitfield-

Gabrieli et al., 2009). Through a time-resolved approach to study resting-state, our study 

(Kottaram et al., 2019) was the first to report such pathology being evident during resting-

state as well. In addition, we observed that a similar inefficacy exists with activating the 

DMN; thus, together, our analyses found that schizophrenia is characterized by an inability to 

up/downregulate the DMN activity at rest. Notably, we found that the observed abnormalities 

corresponded to positive symptom severity.  
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Further, we examined the predictive prognostic power of different clinical and imaging-based 

variables. Prior studies have tested the potential of different factors in predicting outcomes in 

schizophrenia (Carter et al., 2002; Chen et al., 2018; Kay & Murrill, 1990; Leeson et al., 

2009; Lindström, 1996; Primavera et al., 2012; Ramsay et al., 2018; Rosen & Garety, 2005; 

Schubert, Clark, & Baune, 2015; Strauss & Carpenter, 1974; Ziermans et al., 2014; Cadena et 

al., 2018a, 2018b; Cao et al., 2018; Kraguljac et al., 2016; Sarpal et al., 2015); however, none 

of these studies have compared the predictive power of different variables. Our study is the 

first to examine the predictive power of dFC-based measures. Also, we compared different 

measures such as clinical, behavioural, gray matter volume, cortical thickness, static FC 

among DMN regions and dynamic FC under a cross-validation framework. Our analyses 

demonstrated that dynamic FC measures provide highest accuracy in predicting changes in 

positive, negative and overall BPRS scores.  

Finally, we observed a distinct difference between the baseline connectivity patterns of 

patients who improved and those who worsened at follow-up. Hyperconnectivity and 

hypodynamism of DMN was found to be predictive of increasing negative symptoms, while 

hypoconnectivity and hyperdynamism of DMN predicted increase in positive symptoms. This 

finding has not yet been reported previously; through the discussions in Chapters 5 and 6, we 

have provided an interpretation of this observation, based on our current understanding of the 

functions of DMN and its relation to symptoms of schizophrenia. Notably, these findings 

relate to our previous observation of prolonged low DMN activity in schizophrenia patients 

and its association to positive symptoms. Together, these findings highlight the important 

role of DMN in schizophrenia and its symptoms. We hope these findings would stimulate 

further research on DMN connectivity dynamics in schizophrenia and its prognostic power to 

evaluate the reproducibility and robustness of our results.  
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7.2 Future work 

The work contained in this thesis presents many options for extension and further research. A 

few possibilities are discussed below. 

The spatiotemporal modelling of dFC proposed in Chapter 3, while advantageous, is limited 

by its dependence on parameters such as window length and spatial extent considered for 

characterizing dynamics. The assumptions of fixed window length might lead to missing out 

some dynamic processes while overestimating some others. Similarly, considering the same 

spatial neighborhood for all regions might be far from realty. Some of the recent 

developments in sliding-window methods such as adaptive window length (Zhang et al., 

2013) might provide a better characterization; furthermore, empirical analyses should be 

performed to assess the effects of varying neighborhood extents on observed dynamics. In 

addition, it will be interesting to apply this methodology to characterize the dynamics in other 

disorders. 

A triple network model has been proposed to explain interactions among brain networks 

(Menon, 2011), observing that the salience network enables switching between default mode 

network and executive control network (Goulden et al., 2014; Sridharan, Levitin, & Menon, 

2008). Our analyses presented in Chapter 4 concluded that schizophrenia patients are limited 

in their ability to turn on/off the DMN activity. However, it remains unclear how this 

pathology in switching of DMN is related to other networks; studying the dynamics of causal 

influences among these three networks might provide a better characterization of the 

pathology.  

Chapter 5 described the applicability of DMN connectivity dynamics in predicting outcomes 

after a year. It will be important to establish the reproducibility of these findings on a larger 

sample. Further, the predictability over different duration ranging from a few weeks to tens of 

years needs to be tested. In addition, the correspondence between change in symptoms and 
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changes in DMN connectivity could be examined by analyzing both baseline and follow-up 

data.  

7.3 Conclusion 

Through mapping the dynamics of functional brain connectivity using different 

methodological approaches, this thesis provided a few novel findings that provided further 

insights into the pathology of schizophrenia. We demonstrated that functional connectivity at 

rest is variable along temporal and spatial dimensions and simultaneous assessment of both 

temporal and spatial dynamics is most informative of the pathology in schizophrenia 

compared to assessments of dynamics along either dimension alone. Including measures of 

dynamics in time and space significantly improved the predicative diagnostic accuracy. The 

resting-state networks in schizophrenia are characterized by reduced spatial layouts and 

diminished connection strengths, with less stable positive connectivity.  

By modelling resting-state network activities in schizophrenia patients and healthy 

individuals, we found that DMN and executive control networks remained deactivated for 

abnormally longer periods in patients, while sensory networks maintained high activation. 

Also, patients demonstrated an inability to effectively modulate the activity within the DMN, 

leading to significantly longer periods of high and low DMN activity. In addition, classifiers 

trained on summary measures of dynamics predicted individual diagnostic status with 

accuracies in the range of 76-85%. Furthermore, severity of positive symptoms corresponded 

to longer occupancies in states with low DMN activity and high sensory network activation. 

Work in this thesis has also examined the predictive prognostic power of dynamic functional 

connectivity in schizophrenia. Different measures previously proposed were compared in 

terms of their predictive power in determining outcomes in schizophrenia patients over a 

period of one year. Dynamic connectivity measures of DMN were found to provide highest 
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predictive power. In addition, the differences between subjects who improved and those who 

worsened were characterized for positive, negative and overall symptoms. Distinct 

connectivity patterns that predict positive and negative symptom changes are reported.  

It is hoped that the methods presented in this thesis will impact on other studies which assess 

functional connectivity, and that our observations from the applications of dynamic 

functional connectivity in schizophrenia will stimulate further research.  
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