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1 
Chapter 1: General Introduction and Specific Aims 

 
Psychosis is the core condition shared by a spectrum of psychiatric disorders, 

including schizophrenia, schizoaffective disorder, psychotic bipolar disorder, etc. (Tienari 

et al., 2003). It is one of the most disabling psychological phenomena for daily 

functioning (Jablensky, 2000). Understanding brain abnormality underlying psychosis is 

a key step to the prediction, prevention, and intervention for this highly debilitating 

phenomenon. 

The disconnection hypothesis of psychosis 

An increasing consensus about the neurobiology of psychosis is that it is closely 

related to disruptions in the integration and coordination of various complex functions in 

the brain. Friston and Frith (1998; 1995) proposed the disconnection hypothesis of 

schizophrenia. Based on observations from cognitive models, psychophysiological 

findings, as well as the neurochemistry of schizophrenia, they proposed that 

disintegration between functions of brain networks is key to the mechanism of psychosis, 

and that neural transmitters known to be involved in schizophrenia modulate this process 

through their short- and long-term influence on synapses. 

The popularity of resting-state functional connectivity (rsFC) as well as diffusion 

tensor imaging research in the past two decades greatly facilitated evaluation of the 

disconnection hypothesis (Biswal, Zerrin, Haughton, & Hyde, 1995). In particular, rsFC 

research characterizes functional connectivity across the brain using temporal synchrony 

between brain activity at rest. In general, abundant evidence supports that patients with 

psychotic disorders show abnormal rsFC between brain networks. However, the direction 



 

 

2 
of change is not always decreasing, so that the term “dysconnectivity” (changes in 

connectivity in either direction) may be more appropriate than “disconnectivity” 

(Pettersson-Yeo, Allen, Benetti, McGuire, & Mechelli, 2011). A literature review by 

Pettersson-Yeo et al. (2011) suggests that dysconnectivity is most often reported as 

reduced connectivity in the frontal network (i.e., hypofrontality), between frontal and 

temporal/limbic regions, and in the anterior cingulate cortex. This disintegration of the 

higher-order cognitive control system within itself and with the rest of the brain is 

consistent with the notion that psychosis reflects dysregulation of lower-order perceptual 

and sensorimotor experiences by higher-order cognitive processes. For example, reduced 

rsFC between frontal and temporal/limbic regions may reflect difficulty exerting 

cognitive control during learning and memory, a cognitive deficit people with psychosis 

often experience (Goldberg, Weinberger, Pliskin, Berman, & Podd, 1989).  

Using a new method that allows quantitative integration of findings of seed-based 

functional connectivity studies (Kaiser, Andrews-Hanna, Wager, & Pizzagalli, 2015), 

Dong, Wang, Chang, Luo, and Yao (2017) performed a meta-analysis on 56 case-control 

studies from 52 papers involving 2115 schizophrenia patients and 2297 healthy controls. 

This meta-analysis revealed dysconnectivity more widespread than previous noted in 

Pettersson-Yeo et al. (2011): Hypoconnectivity (decreased positive connectivity or 

increased negative connectivity) was found within the default network (DN), ventral 

attention network (VAN), affective network (AN), thalamus network (TN), and 

somatomotor network (SMN). Hypoconnectivity was also found between VAN and TN, 

VAN and DN, VAN and the frontoparietal network (FPN), FPN and TN, as well as FPN 
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and DN. Finally, hyperconnectivity (increased positive connectivity or decreased 

negative connectivity) was found between the AN and VAN. The authors concluded that 

dysconnectivity in schizophrenia is characterized with widespread hypoconnectivity, 

which centers around the VAN (salience processing) having hypoconnectivity with the 

FN (goal-directed regulation), DN (internal-oriented processing), and TN (gating 

information), while having hyperconnectivity with the AN (emotion processing). 

Studying Dysconnectivity across the Psychosis Continuum 

Although previous studies have established a relatively robust link between 

functional dysconnectivity and psychosis, many questions remain unanswered: Among 

the widespread dysconnectivity patterns reported so far, which are core to the 

pathophysiology of psychosis, and which secondary to having psychosis? Which 

dysconnections indicate risk for psychosis? Which dysconnections precede its onset? 

The primary difficulty in answering these questions is that most of the studies to 

date have utilized a case-control design where a group of chronic patients diagnosed with 

a psychotic disorder were contrasted against healthy controls. The first issue with such 

design is that it is inevitably affected by various sources of confounds in psychosis. 

Psychosis is a complex syndrome in a complicated psychobiosocial context. Patients with 

psychosis often have experiences secondary to their psychosis, including exposure to 

antipsychotic medication, substance use (e.g., marijuana) as a form of self-medication, as 

well as psychosocial stressors (e.g., unemployment). Such experiences are known to have 

short- and long-term influences on the brain’s functional connectivity (Filbey et al., 2014; 

Lui et al., 2010; Veer et al., 2011), confounding the comparison between patients and 
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controls. A common criticism of neuroimaging research of schizophrenia is that it is 

unclear whether certain deviation from normal is due to the effect of antipsychotic 

medication or the diagnosis per se (P Fusar-Poli, Smieskova, et al., 2013).  

Another issue with the case-control design described above has to do with its 

adherence to diagnostic labels. By limiting cases of interest to a specific diagnosis, this 

approach ignores patients with other disorders on the psychosis spectrum as well as 

subclinical populations, both of which can provide valuable information about psychosis. 

Traditional case-control approach presents challenges for recruiting patients who meet 

inclusion criteria, which often leads to limited sample size. Low statistical power, poor 

replicability, and lack of generalization are major criticism for neuroimaging research 

(Button et al., 2013).  

It is thus imperative to move beyond the traditional case-control design and study 

dysconnectivity in psychosis in a broader population. Increasing evidence supports a 

continuum of psychosis that includes subclinical symptom presentations (Kelleher & 

Cannon, 2011) as well as a continuous distribution of genetic risk (Poletti, Gebhardt, & 

Raballo, 2017) among the population. The dimensional model of psychopathology 

(Forbes, Tackett, Markon, & Krueger, 2017; Kotov et al., 2017) also suggests that full-

blown psychosis can be considered as an extreme, maladaptive manifestation of the 

normal personality variant of psychoticism. The question then is whether dysconnectivity 

observed in psychotic disorders is shared across the psychosis continuum. 

Dysconnectivity in First Episode, Clinical High Risk, and High Genetic Risk Psychosis 
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A number of studies have examined the disconnection hypothesis in first-episode 

(FE), clinical high risk (CHR), and high genetic risk (HGR) psychosis. Findings of these 

studies are reviewed below. 

First-Episode Psychosis 

First episode (FE) psychosis refers to when an individual first meets criteria for a 

psychotic disorder (e.g., brief psychotic disorder or schizophreniform disorder). 

Individuals who experience FE psychosis are often in their late teens and early twenties, 

although early onset (before puberty) and late onset (after 40s) are possible (Howard, 

Rabins, Seeman, & Jeste, 2000; McClellan, Werry, & Ham, 1993). The main advantage 

of studying FE psychosis is that patients are often naïve or have limited exposure to 

treatment, thus limiting confounding of antipsychotic medication and other types of 

intervention. In addition, FE is a time when intervention can be most effective (Edwards, 

Maude, McGorry, Harrigan, & Cocks, 1998). Knowledge about dysconnectivity patterns 

as well as their normalization following treatment during this critical period may provide 

important insight for developing effective treatment.  

Consistent with meta-analysis in chronic patients (Dong et al., 2017), FE 

psychosis is associated with predominantly hypoconnectivity across the brain (Anticevic, 

Hu, et al., 2015a; He et al., 2013; H. J. Li, Xu, Zhang, Hoptman, & Zuo, 2015; Mingli Li 

et al., 2015; Pang et al., 2017; Wei et al., 2017; Zheng et al., 2016). Most prominently, 

brain networks associated with cognitive functioning, including self-referential 

processing (DN), goal-directed functioning (FPN), and attention/salience processing 

(VAN and DAN) showed largely reduced connectivity with other large-scale networks. 
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However, important differences with previous meta-analysis were present. For one thing, 

hyper- rather than hypoconnectivity was found between the DN and the FPN (Gong et al., 

2017; Mingli Li et al., 2015), supporting the notion of Anticevic, Hu, et al. (2015) that FE 

psychosis is associated with at least some level of hyperfrontality. Importantly, this 

hyperfrontality was positively correlated with positive, but not negative psychotic 

symptoms in 129 FE patients (Anticevic, Hu, et al., 2015b). Longitudinal findings in this 

study may offer some insight to the explanation of this difference: in a sample of 25 

patients, following 12 months of medication treatment, hyperconnectivity in the frontal 

lobe was normalized, concurring with reduction in psychotic symptoms. Hypofrontality 

in chronic psychosis may be partially attributed to lasting antipsychotic treatment that 

continuingly reduces connectivity within the frontal lobe.  

For another, when it comes to salience processing, both cortical (i.e., VAN) and 

basal ganglia aspects of the salience network showed hypoconnectivity with higher-order 

cortical cognitive networks (Anticevic, Hu, et al., 2015b; Cui et al., 2016; Fornito et al., 

2013; He et al., 2013; Mingli Li et al., 2015; M. Martino et al., 2017; Pang et al., 2017; 

Wei et al., 2017; Zheng et al., 2016). With lower-order cortical affective and 

sensorimotor networks, the VAN showed hypoconnectivity (F. Li et al., 2016; H. J. Li et 

al., 2015; Pang et al., 2017) whereas the basal ganglia and thalamus showed 

hyperconnectivity (Fornito et al., 2013; H. J. Li et al., 2015; M. Martino et al., 2017). 

Thus, cortical and subcortical aspects of the salience network demonstrate different 

patterns of aberrant salience processing in FE psychosis. 

Clinical High Risk Psychosis 
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Clinical high risk (CHR) for psychosis, also known as “at-risk mental state”, 

“ultra high risk”, or “prodromal”, refers to a state when patients demonstrate potentially 

prodromal symptoms of psychosis, such as attenuated psychotic symptoms and cognitive 

disturbances (P Fusar-Poli, Borgwardt, et al., 2013). Over the past two decades, CHR 

research has received much attention due to the widely acknowledged importance of 

early intervention, as well as an emphasis on predicting individuals at the highest risk for 

converting to full-blown psychosis (Woods et al., 2009). To characterize functional 

connectivity disturbances at this prodromal stage and identify dysconnectivity patterns 

that predict conversion are important motives for rsFC research in CHR patients. 

Dysconnectivity in CHR was most prominent for hyperconnectivity between the 

DN and FPN (Jung et al., 2012; Shim et al., 2010; Wotruba et al., 2014) which is 

consistent with FE and further supports that opposite to chronic psychosis, prodromal and 

early-stage psychosis is characterized by attenuated anticorrelation between self-

referential and goal-oriented processing. Additionally, findings are notable for 

dysconnectivity that predicted conversion to psychosis, including hypoconnectivity 

between the DN and SMN (C. Wang et al., 2016), hyperconnectivity between the 

thalamus and SS, and hypoconnectivity between the thalamus and the VAN as well as 

cerebellum (Anticevic, Haut, et al., 2015). Importantly, similar dysconnectivity patterns 

have also been reported in FE (H. J. Li et al., 2015; Zheng et al., 2016) and chronic 

patients (Dong et al., 2017). Finally, compared with FE, hypoconnectivity in CHR is less 

widespread.  

High Genetic Risk Psychosis 
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Psychosis is a heritable, polygenic phenotype. Brain dysconnectivity associated 

with genetic risk for psychosis should be observed in both probands as well as those with 

high genetic risk (HGR) for psychosis, including unaffected first-degree relatives and 

people with a high polygenic risk score for psychosis (Poletti et al., 2017). Research in 

HGR holds the promise to identify dysconnectivity patterns that are endophenotypes for 

psychosis. Dysconnectivity patterns of psychosis that are not implicated in HGR may 

reflect environmental influences and make candidate target for intervention. 

Dysconnectivity associated with genetic risk for psychosis is characterized by 

predominantly hypoconnectivity within DN regions (Guo, Liu, Yao, et al., 2014; Jukuri 

et al., 2013; Meda et al., 2014), hyperconnectivity between DN regions (Peeters et al., 

2015; Unschuld et al., 2014; van Buuren, Vink, & Kahn, 2012), dysconnectivity between 

FPN regions (Chang et al., 2014; Peeters et al., 2015; Su et al., 2013), and 

hypoconnectivity within the SMN and VN (Guo, Jiang, et al., 2014; Khadka et al., 2013; 

Oertel-Knöchel et al., 2013). In addition, some support exists that patterns prominent in 

both FE and CHR, such as hyperconnectivity (reduced anticorrelation) between the FPN 

and DN (Whitfield-Gabrieli et al., 2009), hypoconnectivity of the DN with other large-

scale networks (Fornito et al., 2013; Jang et al., 2011; Oertel-Knöchel et al., 2013; Tian et 

al., 2011), hypoconnectivity of the basal ganglia with the cognitive networks (Fornito et 

al., 2013) while hyperconnectivity with the SMN and AN (Fornito et al., 2013; Lui et al., 

2015), may reflect genetic risk for psychosis. On the contrary, little support exists to date 

that widespread hypoconnectivity with the VAN is present in HGR. 
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Taken together, FE, CHR, and HGR psychosis is associated with widespread 

brain dysconnectivity with three consistently observed patterns including 1) the DN 

having hyperconnectivity (reduced anticorrelation) with the FPN and hypoconnectivity 

with other networks, 2) the SMN having hypoconnectivity within itself, and 3) the basal 

ganglia having hypoconnectivity with higher-order cognitive networks (FPN, DN, DAN, 

and VAN) while hyperconnectivity with lower-order affective and sensory networks (SS, 

AN, and VN). These patterns support disintegration of self-generated thought and 

disruption of auditory processing accompanied by aberrant salience-based self-regulation 

as core to psychosis. Dysconnectivity in FE, CHR, and HGR partially replicated 

dysconnectivity patterns in chronic patients (Dong et al., 2017) while important 

differences were revealed, suggesting that dysconnectivity patterns in chronic psychosis 

have different utility for early diagnosis and intervention. 

Gaps in the literature – Sample Size and Beyond 

Although previous studies have provided evidence that psychosis is related with 

disruptions in functional organization of the brain, a dysconnection model for the 

psychosis continuum is yet to be characterized. First, accumulative information suggests 

that the true size of correlation between a functional connection and a behavior of interest 

is likely to be under .2. Taking multiple comparison correction into consideration, this 

indicates that most of the studies to date do not have an adequate sample size to detect 

multiple rsFC correlates of the psychosis continuum. Second, most studies have only 

examined a limited number of connections of interest, and it remains unclear to what 

extent we can explain variance in the psychosis continuum if these connections are 
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included collectively in a model. Third, despite several emerging patterns shared across 

the psychosis continuum, direct validation of rsFC correlates at varied locations of the 

psychosis continuum is rare. 

Recently, the field of neuroimaging is moving towards large, publicly available 

datasets. For example, the Human Connectome Project (HCP) provides as long as 60 

minutes of rsfMRI data in as many as 1000 healthy adults. It also proposed the concept of 

a “human connectome”, which is a matrix containing all rsFC information of an 

individual. Analogous to the human genome, the human connectome is considered to 

encode various types of human behavior. By studying psychotic-like experiences (PLEs), 

i.e., infrequent, mild experiences in healthy individuals that resemble psychotic 

symptoms, Sheffield, Kandala, Burgess, Harms, & Barch (2016) were able to utilize the 

HCP to explore rsFC correlates of the psychosis continuum. They reported that PLEs 

were correlated with reduced global efficiency of the default and cingulo-opercular 

networks.  

Ability to work with large datasets such as the HCP greatly increased the power to 

examine rsFC correlates of the psychosis continuum, yet it takes more than a large 

sample size to establish a reproducible, generalizable and quantitative model between the 

human connectome and the psychosis continuum. To begin with, the measurement 

properties of the human connectome needs to be clearly understood, and efforts should be 

made to characterize the human connectome in a way that optimizes measurement 

properties. Second, statistical methods more sophisticated than bivariate correlation is 

necessary to capture a more comprehensive relationship between psychosis and the 
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human connectome, and these methods should also take into account reproducibility and 

generalizability. Lastly, the model needs to be directly cross-validated in different 

samples across the psychosis continuum. 

Specific Aims  

This dissertation aims to derive a model for the psychosis continuum with the 

human connectome with three concerted efforts. 

Study 1 will identify a brain parcellation scheme that produces the human 

connectome with optimal test-retest reliability. RsfMRI data at the voxel level is 

susceptible to low signal-to-noise ratio and computationally intensive. Most rsfMRI 

analyses seek to first reduce data dimension by grouping voxels with certain parcellation 

scheme, yet the neurometric properties of these parcellations are often unknown. Poor 

test-retest reliability not only compromises the statistical power of prediction models 

(Carmines & Zeller, 1979), but also calls into question the neurobiological validity of the 

parcellation in use. I will compare the test-retest reliability of rsfMRI measures under two 

sets of parcellation schemes, including: 1) a set of parcellations that decompose rsfMRI 

data into varied numbers of components with group independent component analysis 

(ICA); and 2) existing parcellations that are popular in the field, including a 360-region 

parcellation by Glasser et al. (2016) and a 333-region parcellation by Gordon et al. 

(2014). 

Study 2 will create a model for subclinical psychosis (i.e., PLEs) with the human 

connectome in the HCP dataset. Recently, Dubois, Galdi, Paul, & Adolphs (2018) 

developed a predictive framework to derive a human connectome model of general 
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intelligence in the HCP that accounted for 20% of variance. Following this example and 

using the optimally reliable brain parcellation supported in Study I, I will build a human 

connectome model in the HCP that explains PLEs in the general population. 

Study 3 will validate the model in Study 2 by examining its ability to explain 

variance in psychosis in a clinical sample. The psychosis HCP (P-HCP) is a 

supplementary dataset to the original HCP with rsfMRI data of people with psychosis, 

first-degree relatives, and healthy controls. Symptoms and personality traits of psychosis 

are characterized with various well-established tools. Generalization of the model in 

Study II to the P-HCP will provide direct evidence for a human connectome substrate of 

the psychosis continuum. 
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Chapter 2: Impact of ICA Dimensionality on the Test-Retest Reliability of Resting-

State Functional Connectivity 

 

Foreword: This chapter was written in collaboration with Angus W. MacDonald, who 

edited and revised versions of the manuscript. This manuscript is currently under review.  

 

Introduction 

Resting-state functional connectivity (rsFC) (Biswal et al., 1995) is a powerful 

tool for understanding brain functional organization. Recent interests in rsFC research 

evolve from making between-group comparisons into understanding within-group 

heterogeneity, such as individual differences in personality (J. C. Dubois, Galdi, Han, 

Paul, & Adolphs, 2017), cognition (J. C. Dubois, Galdi, Paul, & Adolphs, 2018), and 

overall life adjustment (Smith et al., 2015). Evidence further indicates that an individual’s 

entire rsFC information (referred to as the “connectome”) serves as a “fingerprint” that 

uniquely identifies the individual from a group (Finn et al., 2015). These findings support 

the potential of rsFC to unveil the neural foundation of individual differences and serve 

as biomarkers for diagnosis, prognosis, and symptom monitoring of neuropsychiatric 

disorders. One essential prerequisite for these applications is satisfactory neurometric - or 

measurement - properties of rsFC. The current project addresses the need for analytical 

guidelines for improving rsFC neurometrics.  

Previous work establishes that rsFC reflects patterns of brain functional 

organization that are reproducible over time, across groups, and between task and resting 
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states (Choe et al., 2015; Meindl et al., 2010; Wisner, Atluri, Lim, & MacDonald, 2013). 

To be used in individual differences research, rsFC measures additionally need to have 

adequate test-retest reliability. Unreliable measures lead to underestimation of effect 

sizes only when sample sizes are large, while overestimation is equally likely when 

sample sizes are small (Loken & Gelman, 2017). This can lead to even more bias as 

many rsFC studies involve a pre-selection process where only brain connections that 

bivariately correlate with the outcome of interest are entered into further analysis. Thus, 

maximizing test-retest reliability is crucial for powerful and reproducible rsFC research. 

In addition, knowledge about test-retest reliability is necessary for 1) validating the 

application of rsFC for single-subject inferences in clinical settings; 2) guiding 

advancement in image acquisition and processing techniques (Marchitelli, Collignon, & 

Jovicich, 2017); and 3) providing insights about state- versus trait-dependent neural 

mechanisms (Geerligs, Rubinov, & Henson, 2015). 

One crucial decision that presumably affects the test-retest reliability of rsFC is 

the method of dimension reduction, i.e., the way to grouping brain voxels into 

functionally coherent parcels/networks/components for which rsFC is derived. One 

popular approach for this purpose is independent component analysis (ICA) (Beckmann, 

Mackay, Filippini, & Smith, 2009). In this data-driven approach, group-level spatial ICA 

groups brain voxels into components that are maximally spatially independent. This is 

typically followed by a two-step regression procedure (i.e., dual regression) that derives 

subject-specific timeseries and spatial maps corresponding to the components. RsFC 

measures can then be derived: (Within-component) coherence represents the mean 
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connectivity strength, or consistency of activities within the spatial map of a component; 

(Between-component) connectivity reflects the temporal synchrony between the activities 

of two components. Accumulating evidence supports the validity of the ICA and dual 

regression approach (Biswal et al., 2010; Laird et al., 2011; Smith et al., 2009). Several 

studies concluded that the test-retest reliability of rsFC derived with ICA and dual 

regression was acceptable but varied widely across the brain (Choe et al., 2015; Mejia, 

Nebel, Barber, Choe, & Lindquist, 2016; Poppe et al., 2013; Shirer, Jiang, Price, Ng, & 

Greicius, 2015; Zuo et al., 2010). 

Despite these early reports, recent key advancements in the field call for new 

investigations into rsFC reliability. First, large-scale neuroimaging datasets (e.g., the 

Human Connectome Project (HCP, (Van Essen et al., 2013)), the International 

Neuroimaging Data-sharing Initiative (Mennes, Biswal, Castellanos, & Milham, 2013), 

and the Enhancing NeuroImaging Genetics through Meta-Analysis Consortium 

(Thompson et al., 2014)) have increased the size of resting-state functional magnetic 

resonance imaging (rsfMRI) datasets by at least ten times through larger sample sizes, 

longer scan duration, and higher spatial and temporal resolution. These factors will likely 

improve the performance of ICA as well as other dimension reduction algorithms. 

Second, it is now considered vital for rsFC research to remove motion and physiological 

artifacts (Power, Schlaggar, & Petersen, 2015), and several advanced denoising methods 

have only recently become available (Pruim et al., 2015; Salimi-Khorshidi et al., 2014).   

In this context, recent studies have characterized rsFC reliability in large-scale 

rsfMRI datasets (J. C. Dubois et al., 2017; Mejia et al., 2016; Noble et al., 2017; C. 
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Zhang, Baum, Adduru, Biswal, & Michael, 2018). However, to date no study has focused 

on the impact of ICA dimensionality on reliability. ICA dimensionality is the number of 

independent components to extract from group-ICA and affects the spatial, functional, 

and neurometric properties of the resulting components (Abou-Elseoud et al., 2010; Abou 

Elseoud et al., 2011; Beckmann & Smith, 2004; Poppe et al., 2013; Ray et al., 2013). 

Low dimensionalities may result in large heterogeneous components, while high 

dimensionalities may lead to separation of functionally distinct networks but also an 

abundance of artifactual components, especially when data are few and of poor quality 

(Beckmann & Smith, 2004; Särelä & Vigário, 2003). Previous ICA studies have 

recommended a lower dimensionality of around 20 and a higher dimensionality of around 

70 based on functional interpretability of components, whereas dimensionalities above 

150 were discouraged (Abou-Elseoud et al., 2010; Ray et al., 2013). However, algorithms 

other than ICA indicate that more than 300 components may be meaningfully derived 

(Glasser et al., 2016; Gordon et al., 2014). While Mejia et al. (2016) reported rsFC 

reliability at various dimensionalities in a subsample of the HCP, the interaction between 

dimensionality and brain region was not taken into account, and the dimensionalities 

tested were sparse. 

To provide guidelines for the field regarding dimensionality decisions, we used a 

large rsfMRI dataset to examine the test-retest reliability of two rsFC measures, 

coherence and connectivity, when decomposing the cortical surface with ICA. Our aims 

were two-fold: 1) examine the impact of ICA dimensionality (varying from 25 to 350) as 

well as other analytical decisions on the reliability of rsFC; 2) compare the reliability 
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derived with ICA with two existing cortical atlases, including a 333-region atlas derived 

with rsFC-boundary (Gordon et al., 2014) and a 360-region atlas derived with multi-

modal parcellation (Glasser et al., 2016). 

Materials and Methods 

Image Acquisition and Preprocessing 

RsfMRI data were from the 1200 Subjects Data Release of the WashU–UMinn 

HCP. 1003 participants from 429 families completed rsfMRI scans (age = 28.7 ± 3.7 

years, range = 22 - 37 years, 53% female, mean relative root mean square movement 

(Relative RMS (Jenkinson, Bannister, Brady, & Smith, 2002)) = 0.088 ± 0.037 mm).  

Image acquisition procedure and parameters are detailed in Van Essen et al. 

(2013). Briefly, participants completed two scan sessions (REST1 and REST2), typically 

over two consecutive days. Each session included two 15-min rsfMRI runs (TR = 0.72s, 

voxel size = 2.0mm isotropic) with opposite phase encoding directions (left-to-right (LR) 

and right-to-left (RL)). This resulted in four rsfMRI runs for each participant 

(REST1_LR, REST1_RL, REST2_LR, & REST2_RL).  

 “Resting State Denoised” data were downloaded from ConnectomeDB 

(https://db.humanconnectome.org/). Images were preprocessed with the HCP 

preprocessing pipeline v3.4.0, which included minimal preprocessing as detailed in 

Glasser et al. (2013), followed by high-pass filtering (FWHM = 2355s) and removal of 

artifacts and 24 motion parameters with FMRIB’s ICA-based Xnoiseifier (FIX) (Griffanti 

et al., 2014) as detailed in Smith et al. (2013). The images were registered to the standard 

CIFTI grayordinate space using an areal-feature-based Multimodal Surface Matching 
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algorithm (‘MSMAll’) (Glasser et al., 2016; Robinson et al., 2014) and spatially 

smoothed at 2mm FWHM with pipeline v3.13.2.  

Independent Component Analysis and Component Categorization 

Similar to previous studies (Schaefer et al., 2018; Yeo, Krienen, Chee, & 

Buckner, 2014), we restricted the parcellation to the cerebral cortex due to low signal-to-

noise ratio in the subcortical regions (see the supplementary methods of Glasser et al. 

(2016) for an example of subcortical over-splitting at high dimensionalities when these 

regions were included in group-ICA).    

Participants’ CIFTI data in the cerebral cortex were temporally demeaned, 

variance normalized, concatenated, and reduced to the top 4500 weighted spatial 

eigenvectors through MELODIC’s Incremental Group-PCA (Smith, Hyva¨rinen, 

Varoquaux, Miller, & Beckmann, 2014), resulting in a 59412 grayordinates x 4500 

eigenvectors matrix. Group-ICA of the cerebral cortex was performed by feeding the 

PCA-reduced data to the Infomax algorithm in FSL’s MELODIC (Beckmann & Smith, 

2004). ICA dimensionality was set at 25, 50, 100, 150, 200, 250, 300, or 350.  

We categorized the resulting components with the seven canonical resting-state 

networks in Yeo et al. (2011). We first parcellated the brain into nonoverlapping 

components whereby each grayordinate was assigned to the component that had the 

largest value for that grayordinate among all component maps. We then characterized 

association indices (Dice, 1945), where the association index of a canonical network with 

a component was defined as the proportion of grayordinates in the component that 

overlapped with the canonical network. A component was classified under one of the 
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following canonical networks with which it had the largest association index: 1) 

frontoparietal, 2) cingulo-opercular, 3) dorsal attention, 4) default, 5) visual, 6) 

somatomotor, and 7) temporal pole/orbitofrontal cortex (TP/OFC). 

Coherence and Connectivity 

To estimate subject- and run-specific coherence and connectivity at each ICA 

dimensionality, we first used dual regression (Beckmann et al., 2009) on individual 

rsfMRI data in each run to derive timeseries and spatial maps corresponding to the group-

level components. Variance normalized timeseries were used in stage 2 of dual regression 

to derive spatial maps with both shape and amplitude information (Nickerson, Smith, 

Öngür, & Beckmann, 2017). 

Coherence. For each component, we characterized coherence by first creating a 

binary mask with the group-level component map. Specifically, we normalized the 

group-level component z statistic map by its maximum z value so that the maximum of 

the normalized map was 1. We then binarized the normalized map after applying a 

normalized threshold varying from 0.1 to 0.9, in steps of 0.1. According to prior work, 

this procedure has similar effects to thresholding according to the connectivity of each 

grayordinate with the peak grayordinate of the component (Poppe et al., 2013). We then 

applied this mask to the individual spatial map and computed the mean within the mask 

as coherence. For each normalized threshold, this resulted in a d components x 1003 

subjects x 4 runs array of coherence values (Figure S2.1a, d: dimensionality). Of note, 

our coherence metric differs from that in electroencephalogram and 

magnetoencephalogram research, where coherence represents the synchronicity of signals 
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in the frequency domain (Thatcher, Krause, & Hrybyk, 1986). Previous work supports 

the reliability of coherence by our definition with links to individual differences (Abram 

et al., 2015; Blain et al., in press; Poppe et al., 2013). 

Connectivity. For each pair of components, we characterized connectivity as the 

correlation between their timeseries. Three correlation methods in the FSLNets toolbox 

(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLNets) were used, including 1) full (i.e., 

Pearson’s) correlation; 2) partial correlation with L1 regularization; and 3) partial 

correlation with L2 regularization. Partial correlation is thought to reflect the direct 

connectivity between two components independent from the contribution of other 

components and has been shown to successfully detect true connections in simulated and 

real neural networks (Marrelec et al., 2006; Smith et al., 2011). We set the tuning 

parameters for L1 (λ = 100) and L2 (ρ = .01) regularization to be consistent with the 

HCP’s parcellations+timeseries+netmats release 

(www.humanconnectome.org/storage/app/media/documentation/s1200/HCP1200-

DenseConnectome+PTN+Appendix-July2017.pdf). For each correlation method, this 

resulted in a d components x d components x 1003 subjects x 4 runs array of connectivity 

values (Figure S2.1b). Connectivity values were then transformed with Fisher’s z 

transformation. 

The Gordon and Glasser Atlases 

 While components derived with ICA are unthresholded and overlap, regions in 

the Gordon and Glasser atlases are binary and do not overlap. Thus, the procedure of 

characterizing coherence and connectivity for these two atlases differed from that 
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described above. Coherence for a Gordon or Glasser region was defined as the average 

(Fisher’s z transformed) Pearson’s correlation of the timeseries of grayordinates within 

the region with its mean timeseries. Connectivity between two regions was defined as the 

(full, L1 regularized, or L2 regularized) correlation between their mean timeseries. 

Despite the disparity between the definitions of coherence and connectivity for ICA and 

the Gordon and Glasser parcellations, we believe that each reflects the modal of how 

rsFC measures are derived for the respective approaches in the literature, which makes 

their comparison reasonable and meaningful.  

Reliability 

We evaluated the test-retest reliability of rsFC with intra-class correlation 

coefficients (ICCs), type ‘A-1’ as defined in (McGraw & Wong, 1996). For any rsFC 

measure of interest, the observed rsFC !!" 	of the #th subject in the $th run can be specified 

according to the following two-way random effects model: 

!!" = & + (! + )" + ()!" + *!" 

where & is the population mean rsFC; (! is the random effect of the #th subject, 

independently distributed with mean 0 and variance +#$; )" is the random effect of the $th 

run, independently distributed with mean 0 and variance +%$; ()!" is the random 

interaction effect of the #th subject in the $th run, independently distributed with mean 0 

and variance +#%$ ; and *!" is the random error of the #th subject in the $th run, 

independently distributed with mean 0 and variance +&$. ICC is defined as the proportion 

of total variance in rsFC accounted for by the subject effect: 
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,-- = +#$
+#$ + +%$ + +#%$ ++&$

 

We calculated ICCs with the matlab script ICC.m developed by Salarian (2016). 

Although ICCs in theory are never negative, ICC estimates can take negative values 

when +#$ is so small that an ANOVA model estimates it as negative. In the current study 

we treated negative ICC estimates as they were, with an understanding that the true ICCs 

were likely very small in these cases. 

 We derived within-session reliability as the mean of ICCs between any pair of 

15-min runs within the same session (i.e., REST1_LR vs. REST1_RL, and REST2_LR 

vs. REST2_RL) and between-session reliability as the mean of ICCs between any pair of 

15-min runs between sessions (i.e., REST1_LR vs. REST2_LR, REST1_RL vs. 

REST2_RL, REST1_RL vs. REST2_LR, and REST1_LR vs. REST2_RL). We interpret 

ICCs according to the following rule of thumb: ICCs less than 0.4 indicate “poor” 

reliability; ICCs between 0.4 and 0.6 indicate “fair” reliability; ICCs between 0.6 and 0.8 

indicate “good” reliability; and ICCs larger than 0.8 indicate “excellent” reliability 

(Cicchetti & Sparrow, 1981). 

Potential Motion Confounds 

Head motion is known to confound rsFC measures (Power et al., 2015). In the 

current study, motion denoising strategies include ICA-FIX artifact removal and 24 

motion parameter regression. To further rule out motion confounds in reliability 

estimates, we regressed mean Relative RMS in each run out of rsFC measures and 

recalculated ICCs. 

Results 
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 ICA-based cortical parcellations across dimensionalities are shown in Figure 2.1 

alongside the Gordon and Glasser atlases. Increasing dimensionality resulted in finer 

parcellation of all canonical networks, particularly the default network.  

Coherence Reliability 

   The distributions of coherence reliability improved with higher normalized 

thresholds (Figure S2.2). Below we report coherence reliability when normalized 

threshold was 0.5, balancing gain in reliability and inclusiveness of component maps. We 

also report between-session reliability unless otherwise specified as it generalizes to most 

research designs. Reliability estimates were not systematically biased by image 

reconstruction version (Figure S2.3a) or family structure in the sample (Figure S2.4a).  

 Coherence reliability within each canonical network was summarized in Figure 

2.2. In the following discussion, we compare parcellations based on descriptive statistics. 

Formal statistical testing were not performed for two reasons: 1) ICCs derived from 

parcellations that include the same grayordinates are neither fully independent nor paired, 

violating the assumptions of most parametric and nonparametric tests; and 2) significant 

test results do not speak to differences between distributions in spread and shape. Neither 

do they indicate that differences are of practical significance.  

Reliability in the frontoparietal, cingulo-opercular, dorsal attention, and default 

networks ranged from “fair” to “excellent”, with most ICCs falling into the “good” range. 

In these cognitive networks, reliability improved considerably with increased 

dimensionality until plateauing at 150 or 200. Overall, ICA resulted in higher reliability 

than the Gordon and Glasser atlases.  
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Reliability in the visual and somatomotor networks ranged mostly from “fair” to 

“good” and reached “excellent” in rare cases. Reliability improved mildly with increased 

dimensionality, although nearly negligible after dimensionality reached 250. Overall, 

ICA resulted in slightly higher reliability than the Gordon and Glasser atlases. 

Reliability in the TP/OFC was highest in the Gordon atlas, which was mostly 

“fair” and “good”. ICA reliability showed little change with increased dimensionality 

(except for a dip when dimensionality was 100) and was lower than the Gordon and 

Glasser atlas overall. 

Connectivity Reliability  

Full correlation resulted in the best overall connectivity reliability among the 

three correlation methods (Figure S2.5a). Connectivity derived with partial correlation 

was highly restricted in range and was only more reliable than full correlation for a small 

portion of connections with nearly zero “effective connectivity” (Figure S2.5b). Thus, 

below we report between-session reliability of full correlation connectivity. Reliability 

estimates were not systematically biased by image reconstruction version (Figure S2.3b) 

or family structure in the sample (Figure S2.4b).  

Connectivity reliability of connections within each canonical network is 

summarized in Figure 2.3. Connectivity reliability of connections between two canonical 

networks is summarized in Figure S2.6. We used the same rationale for interpretation as 

explained for coherence reliability.  

Reliability in the frontoparietal and default networks ranged from “poor” to 

“excellent”, with most ICCs categorized as “fair” and “good”. Reliability improved 



 

 

25 
considerably as dimensionality increased from 50 to 100 and 100 to 150, and plateaued 

afterwards. ICA offered better reliability than the Gordon and Glaser atlases. 

Reliability in the cingulo-opercular and dorsal attention networks ranged from 

“poor” to “good”, with most ICCs falling into the “fair” range. Reliability improved 

somewhat as dimensionality increased until 200 and plateaued. ICA and the Gordon and 

Glasser atlases offered comparable mean reliability. In particular for the cingulo-

opercular network, ICA reliability had a wider spread with more “poor” as well as 

“good” connections. 

Reliability in the visual network ranged from “poor” to “good” and was mostly 

“fair”. Increases in dimensionality led to noticeable increases in the range of reliability 

distributions, while changes in central tendency were minimal. Overall, the Glasser atlas 

offered the best reliability in this network by a narrow margin. 

Reliability in the somatomotor network was highest in the Gordon and Glasser 

atlases, where most ICCs were “fair”. ICA reliability changed minimally with 

dimensionality and at least half of the ICCs were “poor”.  

TP/OFC was the only network where finer parcellations led to clearly worse 

reliability. Except for ICA at a dimensionality of 100, reliability in this network was 

mostly “poor”.  

Reliability and Population Mean and Standard Deviation  

Based on previous findings that suggest higher reliability in statistically nonzero 

connections (Shehzad et al., 2009), we examined the relationship between reliability and 
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the population mean and standard deviation of rsFC to test the possibility that reliability 

can be readily predicted from such descriptive information.  

For coherence, population mean and standard deviation had weak and mostly 

insignificant correlation with reliability, except for a correlation of 0.61 between 

population mean and reliability for ICA at a dimensionality of 25 and a correlation of 

0.40 between population mean and reliability for ICA at a dimensionality 50 (Table 2.1, 

Figure 2.4a & b). 

For connectivity, reliability was highly positively correlated with population 

standard deviation for all parcellations (Table 2.1, Figure 2.4d). The relationship between 

reliability and population mean for ICA parcellations resembled a “funnel” shape (Figure 

2.4c): while reliability tended to be higher as connections became stronger (positive or 

negative), reliability of weak connections ranged from “poor” to almost “excellent”. 

Connections that were weak on the population level (defined heuristically as |Fisher’s z 

transformed full correlation| < .1, or roughly less than 1% shared variance) and measured 

with “poor” reliability arguably reflected a lack of functional relationship between 

components (Figure 2.4e). These included connections with the TP/OFC, connections of 

the visual and somatomotor networks with the cognitive networks, and connections 

between the visual and somatomotor networks. On the other hand, a number of 

connections within the cognitive networks were weak on the population level yet 

measured with at least “good” reliability (Figure 2.4f). As high reliability indicated high 

inter-individual variability (Figure 2.4d), these connections were characterized by 

considerable heterogeneity within the population, so that they may be positive, negative, 
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or zero for different individuals and reliably measured. This finding calls into question a 

common practice of only analyzing statistically significant connections. When 

dimensionality was 200, 40.2% of the connections with “good” reliability and above were 

not statistically significant at a significance level of 0.05 (uncorrected).  

Reliability Loss from Within- to Between-Session 

To isolate the effect of within- to between-session and effect of phase encoding 

direction, here we estimated between-session reliability only from runs with opposite 

phase encoding directions (i.e., the mean of REST1_LR vs. REST2_RL and REST1_RL 

vs. REST2_LR). When ICA dimensionality was 200, loss in coherence reliability ranged 

from 0 to 0.16 (mean = 0.07, standard deviation = 0.03); loss in connectivity reliability 

ranged from -0.09 to 0.16 (mean = 0.05, standard deviation = 0.03). Patterns were similar 

at other dimensionalities as well as for the Gordon and Glasser atlases. 

Reliability when Controlling for Motion 

As is shown in Figure S2.8a & b, some coherence and connectivity estimates 

remained correlated with mean Relative RMS despite motion denoising strategies. This is 

expected, and likely reflects widespread artifacts in the BOLD signal due to respiration 

accompanying motion (Power et al. (2018)). When controlling for mean Relative RMS, 

coherence reliability changed minimally for most components yet increased by almost 0.2 

for a small number of components (Figure S2.8c & e). On the other hand, changes in 

connectivity reliability were mostly negligible (Figure S2.8d & f).  

Discussion 
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To establish principled guidelines for the field, we examined the test-retest 

reliability of two rsFC measures on the cortical surface derived with ICA and compared it 

with two other existing cortical atlases. Canonical networks differed in their level of 

reliability. ICA dimensionality affected reliability and such effects varied by network. 

Canonical networks differed in whether they were more reliably measured with ICA or 

the Gordon and Glasser atlases. For connectivity, but not coherence, reliability could be 

predicted by population standard deviation estimated from a single run. Contrary to 

hypotheses, neither connection strength nor statistical significance was a good predictor 

of connectivity reliability. By using a large rsfMRI dataset and state-of-the-art image 

processing methods, this study updates previous knowledge on rsFC reliability derived 

with ICA.  

Canonical Networks Varied in Reliability  

Consistent with previous studies (Mejia et al., 2016; Mueller et al., 2015, 2013; 

Shah, Cramer, Ferguson, Birn, & Anderson, 2016; Somandepalli et al., 2015; Zuo et al., 

2010; Zuo & Xing, 2014), we found varied reliability across canonical networks. The 

cognitive networks, especially the frontoparietal and default networks, were measured 

with the highest reliability, averaging at “good” for coherence and “fair” to “good” for 

connectivity. The visual and somatomotor networks were measured with intermediate 

reliability, ranging from “fair” to “good” for coherence and mostly “fair” for 

connectivity. The TP/OFC network tended to be the least reliably measured: coherence 

reliability was typically “fair” to “good” and connectivity reliability was mostly “poor” 



 

 

29 
except for ICA at a dimensionality of 100. Notably, many components in the TP/OFC did 

not show meaningful connections within or outside of this network (Figure 2.4e). 

The neurometric advantage of the cognitive networks was not restricted to a 

specific rsFC approach (Mueller et al., 2015; Shah et al., 2016; Somandepalli et al., 2015; 

Zuo & Xing, 2014). High reliability is a combination of high inter-individual variability 

and low intra-individual variability. Compared with other networks, connections in the 

cognitive networks had higher population variance (Figure 2.4d) and less loss in 

reliability from within- to between-session (Figure S2.7b), which may reflect abundant 

individual differences information and less day-to-day variability. On the other hand, 

relatively lower reliability in the visual and somatomotor networks was mainly a result of 

higher intra-individual variability (Figure S2.7), consistent with a previous report 

(Laumann et al., 2015). Lastly, poor connectivity reliability in the TP/OFC likely reflects 

susceptibility artifacts in this region. Fine parcellation in this network is particularly 

challenging, and ICA and other algorithms alike resulted in components that did not show 

meaningful engagement in the brain’s functional organization, albeit spatially reliable. 

ICA Dimensionality Had Different Effects on Reliability across Canonical Networks   

Canonical networks responded differently to increases in ICA dimensionality. The 

cognitive networks benefited from increased dimensionality until at least 150, while 

reliability gain for the visual and somatomotor networks was small. Meanwhile, 

connectivity within the TP/OFC was the highest when dimensionality was 100. Except 

for the TP/OFC, an ICA dimensionality of 150 or above appeared to maximize rsFC 

reliability in the cortical surface.  
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That a finer parcellation can be as reliable as or more reliably measured than its 

coarse counterpart is encouraging and may reflect the advantage of the current large 

dataset. Indeed, the optimal dimensionality in the current dataset surpasses that 

recommended in previous studies (Abou-Elseoud et al., 2010; Ray et al., 2013). Future 

studies are needed to verify the validity of these high dimension parcellations, especially 

their utility in investigating brain-behavior relationships. 

Comparing ICA with the Gordon and Glasser Atlases 

ICA and the Gordon and Glasser atlases showed different strengths in measuring 

canonical networks. ICA at a dimensionality of at least 150 typically led to higher 

reliability in the cognitive networks. The Gordon and Glasser atlases led to higher 

connectivity reliability in the somatomotor network. Performance was on par for the 

visual network and equally poor for the TP/OFC. Thus, parcellation algorithms may 

differ in their ability to decompose rsfMRI signals from different areas of the brain.  

We acknowledge that the current comparison is influenced by several factors. 

First, important differences existed in the definition of coherence and connectivity for 

ICA and the Gordon and Glasser atlas. For example, coherence for ICA was based on 

dual regression spatial maps that contained both connectivity and amplitude information 

(Nickerson et al. 2017). The inclusion of amplitude information may have contributed to 

its superiority to coherence of the Gordon and Glasser atlases. Second, the Gordon atlas 

was derived in an independent dataset while ICA parcellations were tested on the same 

sample in which they were derived. The Glasser atlas was derived from the same HCP 

dataset yet with a smaller sample size (210 subjects). Deriving dataset-specific 
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parcellation may improve measurement properties when samples are large enough, while 

adopting existing atlases may be helpful for small samples, although the magnitude of 

this difference is unknown. Lastly, Glasser et al. (2016) created a classifier that allows 

customized parcellation of an individual brain according to the Glasser atlas. While such 

customization may improve reliability, this classifier has not been publicly available at 

the time of this project. 

Predicting Reliability from Population Mean and Standard Deviation 

For coherence, population mean and standard deviation had limited utility for 

predicting reliability. For connectivity, reliability was highly positively correlated with 

population standard deviation. Thus, the potential of a connection to be reliably measured 

depended largely on how variable it was across the population. Previous research also 

suggested that the reliability of connections can be postulated from their strengths, and 

those with significantly nonzero connectivity were more reliable (Shehzad et al., 2009). 

We, however, argue for a more nuanced approach to this issue. Importantly, we call 

attention to connections that are weak ((|full correlation connectivity| < .1) on the 

population level, may fail to reach significance even in the current large sample, yet were 

measured with “good” reliability or higher due to decent inter-individual variability. 

These connections, mostly found in the cognitive networks, may be a critical piece of 

understanding individual differences, such as modulating mechanisms that are present in 

some but not other subjects. 

Other Analytical Decisions 
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In addition to ICA dimensionality, we examined the effects of other analytical 

decisions in ICA and dual regression on reliability. For coherence, reliability tended to 

increase with normalized threshold, suggesting that components were better defined as 

spatial maps were more restricted to their functional cores. For connectivity, the 

reliability of full correlation was systematically higher than partial correlation. This 

observation is consistent with the speculations by Smith et al. (2011), that partial 

correlation may perform worse than full correlation when the total number of components 

is large (e.g., > 50), as the number of third-party connections to partial out grows 

quadratically and serves to detract from real connectivity. On a related note, it is possible 

that our tuning parameters for the regularization algorithms were not optimal. To 

conclude, although partial correlation is promising to characterize effective connectivity, 

more work is necessary to find the proper regularization parameters and schemes. 

Limitations  

Results of the current study should be interpreted with several limitations in mind. 

First, findings may depend on important characteristics of the HCP dataset and not 

generalize to non-HCP datasets. Nonetheless, the HCP and HCP-style data are 

increasingly used by researchers, supporting the relevance of these findings. Second, 

while ICA typically results in some artifactual components, we included all components 

in our analysis as guidelines for artifact identification are not yet available and pre-

exclusion may be arbitrary. Future research may examine the applicability of previously 

developed classifiers (e.g., (F. De Martino et al., 2007)) in the CIFTI space and at high 

ICA dimensionalities. Lastly, global noise in rsfMRI related to respiration and 
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accompanying head motion is increasingly acknowledged (Power et al., 2018) yet not 

removed in this study. At the time of this study, this topic remains heavily debated 

(Glasser et al., 2018, 2019; Power, 2019) and algorithms such as temporal ICA (Glasser 

et al., 2018) is unavailable. However, we note that our reliability estimates remained 

mostly unchanged when controlling for mean Relative RMS in rsFC, offering some 

confidence that the presence of global noise did not greatly impact reliability estimates. 

Conclusion 

The present study characterized the test-retest reliability of rsFC on the cortical 

surface derived with ICA at various dimensionalities and compared it with two existing 

cortical atlases. Findings provide guidance for variable selection and parameter 

optimization for rsFC analysis, and importantly highlight that these decisions are 

hypothesis-dependent. In particular, network assignment is an important factor that 

affects the general level of reliability, optimal ICA dimensionality, and whether ICA or 

other parcellations are preferred. For general purposes, cortical ICA with a 

dimensionality of 150 may provide an optimal balance between parcellation fineness, 

reliability, and burden for multiple comparison correction. Reliability research is critical 

as neuroimaging studies continue to adopt larger sample sizes and more advanced 

methodology to study individual differences like psychopathology.  
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Table 2.1. Correlation between RsFC Reliability and Population Mean and Standard 

Deviation 

d25 d50 d100 d150 d200 d250 d300 d350 Gordon Glasser 
coherence reliability and population mean 

0.61* 0.40* 0.03 0.02 -0.03 -0.08 -0.06 -0.09 0.29*** 0.10 
coherence reliability and population standard deviation 

0.31 0.30 -0.04 0.02 0.01 -0.01 0.05 0.04 -0.19** -0.23*** 
connectivity reliability and (absolute) population mean 

0.23*** 0.41*** 0.37*** 0.38*** 0.39*** 0.41*** 0.42*** 0.42*** 0.63*** 0.64*** 
connectivity reliability and population standard deviation 

0.70*** 0.82*** 0.81*** 0.85*** 0.85*** 0.86*** 0.87*** 0.87*** 0.81*** 0.78*** 
Notes: d: dimensionality. Shown here: between-session reliability, normalized threshold for coherence = 0.5, 
correlation method for connectivity = full correlation. *, p<0.05; **, p<0.01; ***, p<0.001. All p values were 
Bonferroni adjusted for ten comparisons. 
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Figure 2.1. Cortical Parcellations 

 

 

Note: (a) Cortical parcellations with ICA along with the Gordon and Glasser atlases. ICA 
components are shown as nonoverlapping whereby each grayordinate was assigned to the 
component that had the largest value for that grayordinate. (b) Parcellation by canonical 
networks. d: ICA dimensionality; TP/OFC: Temporal Pole/Orbitofrontal Cortex. 
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Figure 2.2. Coherence Reliability within Canonical Cortical Networks 

 

 

Note: Sina plots show individual data points whose contour outlines the density 
distribution (Sidiropoulos et al., 2018). Shown here: between-session reliability, 
normalized threshold = 0.5. *, p<0.05; **, p<0.01, ***; p<0.001. All p values were 
Bonferroni adjusted. For abbreviations used, see Figure 2.1. 
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Figure 2.3. Connectivity Reliability within Canonical Cortical Networks 

 

 
Note: Sina plots show individual data points whose contour outlines the density 
distribution (Sidiropoulos et al., 2018). Shown here: between-session reliability, 
correlation method = full correlation. *, p<0.05; **, p<0.01; ***, p<0.001. All p values 
were Bonferroni adjusted. For abbreviations used, see Figure 2.1. 
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Figure 2.4. Connectivity Reliability and Population Mean and Standard Deviation 
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Note: (a) Connectivity reliability highly positively correlated with population standard 
deviation. (b) Connectivity reliability and population mean followed a “funnel”-shaped 
relationship. (c) Distribution of connections with low connectivity and “poor” reliability 
in canonical networks. Each cell in the heatmap represents the proportion of connections 
between two canonical networks that fell into the corresponding type. (d) Distribution of 
connections with low connectivity and at least “good” reliability in canonical networks. 
1. frontoparietal. 2. cingulo-opercular. 3. dorsal attention. 4. default. 5. visual. 6. 
somatomotor. 7. TP/OFC. Shown here: between-session reliability, d = 200, correlation 
method = full correlation. Conclusions were similar at other ICA dimensionalities. For 
abbreviations used, see Figure 2.1. 
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Figure S2.1. Characterizing Coherence and Connectivity with ICA and dual regression 

 
Note: (a) Coherence was derived from subject- and run-specific component spatial maps 
masked by corresponding thresholded group-level component maps. (b) Connectivity was 
derived from correlations between subject- and run-specific component timeseries. d: 
ICA dimensionality. 
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Figure S2.2. Probability Density Function Estimates of Coherence Reliability across 

Normalized Thresholds 

 
Note: Density estimation was based on a normal kernel function. Shown here: between-
session reliability of 15-minute runs, d = 200. Conclusions were similar at other ICA 
dimensionalities. d: ICA dimensionality. 
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Figure S2.3. Effects of Image Reconstruction Version on Reliability Estimates 

 

 

Note: The HCP applied a slight improvement in image reconstruction during data 
collection 
(https://wiki.humanconnectome.org/display/PublicData/Ramifications+of+Image+Recon
struction+Version+Differences). The first 184  subjects (age = 29.9 ± 3.4 years, 65% 
female, mean Relative RMS  = 0.091 ± 0.032 mm) were reconstructed with the “recon1” 
algorithm and the last 812 subjects (age = 28.4 ± 3.7 years, 50% female, mean Relative 
RMS  = 0.088 ± 0.038 mm) were reconstructed with the “recon2” algorithm. Possible 
effects of image reconstruction version on reliability estimates were examined by 
comparing reliability estimated in the recon1 and recon2 subsamples (based on the same, 
whole-group ICA results). The recon1 subsample was older (p<.001) and had more 
females (p<.001) than the recon2 subsample. (a) Scatterplot of coherence ICCs estimated 
in the recon2 versus recon1 subsample. Each point corresponds to one component. ICC 
differences in the recon2 versus recon1 subsamples ranged from -0.13 to 0.20 (mean = 
0.00, standard deviation = 0.04). (b) Scatterplot of connectivity ICCs estimated in the 
recon2 versus recon1 subsample. Each point corresponds to one connection. ICC 
differences in the recon2 versus recon1 subsample ranged from -0.20 to 0.21 (mean = -
0.01, standard deviation = 0.05). Shown here: between-session reliability of 15-minute 
runs, d = 200. For coherence, normalized threshold = 0.5. For connectivity, correlation 
method = full correlation. Patterns were similar at other ICA dimensionalities as well as 
for the Gordon and Glasser atlases. d: ICA dimensionality. 
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Figure S2.4. Effects of Family Structure in the Sample on Reliability Estimates 

 

 

Note: The full rsfMRI sample contained 1003 subjects from 429 families. Possible effects 
of family structure in the sample on reliability estimates were examined by creating a 
truly unrelated subsample (age = 28.6 ± 3.7 years, 53% female, mean Relative RMS = 
0.089 ± 0.039 mm) consisted of one random member from each family. Reliability was 
estimated in this subsample (based on the whole-group ICA results). This subsample did 
not significantly differ from the rest of the sample in age, sex, and mean Relative RMS. 
(a) Scatterplot of coherence ICCs estimated in the unrelated versus the full sample. Each 
point corresponds to one component. ICC differences in the full versus the unrelated 
sample ranged from -0.09 to 0.04 (mean = -0.01, standard deviation = 0.0001). (b) 
Scatterplot of connectivity ICCs estimated in the unrelated versus the full sample. Each 
point corresponds to one connection. ICC differences in the full versus the unrelated 
sample ranged from -0.08 to 0.08 (mean = 0.00, standard deviation = 0.02). Shown here: 
between-session reliability of 15-minute runs, d = 200. For coherence, normalized 
threshold = 0.5. For connectivity, correlation method = full correlation. Patterns were 
similar at other ICA dimensionalities as well as for the Gordon and Glasser atlases. d: 
ICA dimensionality. 
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Figure S2.5. Connectivity Reliability and Correlation Methods 

 

 
 

Note: (a) Probability density function estimates of ICCs of connectivity across correlation 
methods. (b) Population mean partial connectivity did not predict whether a connection 
was more reliably measured with partial than full correlation. Each point corresponds to 
one connection. Black points represent connections between two canonical networks. In 
computing difference in ICC, negative ICC estimates were used as they were (without 
being “corrected” to 0). Shown here: between-session reliability of 15-minute runs, d = 
200. Conclusions were similar at other ICA dimensionalities. d: ICA dimensionality. 
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Figure S2.6. Connectivity Reliability between Canonical Cortical Networks 
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Note: Reliability of connections between two canonical networks is shown. For 
connections within the same canonical network, see Figure 2.3. Each point in the sina 
plots (Sidiropoulos et al., 2018) corresponds to one connection. Points are jittered across 
the x-axis to form the shapes of the density distributions. Boxplot outliers are more than 
1.5 interquartile range above the 75th or below the 25th percentile. See main text for 
important differences in connectivity definition for ICA and the Gordon and Glasser 
atlases. Shown here: between-session reliability of 15-minute runs, correlation method = 
full correlation. *, p<0.05; **, p<0.01; ***, p<0.001. For abbreviations used, see Figure 
2.1. 
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Figure S2.7. Reliability Loss from Within- to Between-Session 

 

 
 
Note: (a) Scatterplot of within- and between-session coherence ICCs. Each point 
corresponds to one component. (b) Scatterplot of within- and between-session 
connectivity ICCs. Each point corresponds to one connection. Black points represent 
connections between two canonical networks. Between-session ICCs can be higher than 
within-session ICCs for unreliable connections, indicating that measurement error due to 
other sources exceeded the structured variance related with session. Shown here: 
reliability of 15-minute runs, d = 200. For coherence, normalized threshold = 0.5. For 
connectivity, correlation method = full correlation. Patterns were similar at other ICA 
dimensionalities as well as for the Gordon and Glasser atlases. d: ICA dimensionality. 
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Figure S2.8. Reliability when Controlling for Motion 

 
Note: (a) Histogram of Pearson’s correlation between coherence and mean Relative RMS 
in each run. (b) Histogram of Pearson’s correlation between connectivity and mean 
Relative RMS in each run. (c) Scatterplot of coherence reliability after regressing mean 
Relative RMS out of coherence and original coherence reliability. Each point corresponds 
to one component. (d) Scatterplot of connectivity reliability after regressing mean 
Relative RMS out of connectivity and original connectivity reliability. Each point 
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corresponds to one connection. Black points represent connections between two 
canonical networks. (e) Histogram of increase in coherence reliability after regressing 
mean Relative RMS out of coherence. (f) Histogram of increase in connectivity reliability 
after regressing mean Relative RMS out of connectivity. Shown here: between-session 
reliability of 15-minute runs, d = 200. For coherence, normalized threshold = 0.5. For 
connectivity, correlation method = full correlation. Patterns were similar at other ICA 
dimensionalities. d: ICA dimensionality. 
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Chapter 3: Resting State Functional Connectivity Predicts Psychotic-Like 

Experiences in a Large Community Sample 

 
 
Foreword: This chapter was written in collaboration with Angus W. MacDonald, who 

edited and revised versions of the manuscript.  

 

Introduction 

Psychotic-like experiences (PLEs) are experiences that resemble symptoms of 

psychosis yet not frequent, severe, or disturbing enough to warrant a diagnosis of 

psychotic disorder. While around 1-3% of the population meet the diagnosis of a 

psychotic disorder during lifetime (Moreno-Küstner, B., Martin, C., & Pastor, 2018; 

Perälä et al., 2007), many more endorse PLEs, with estimated prevalence ranging from 

5% to 26% in adults (Bourgin et al., 2020; Scott, Chant, Andrews, & McGrath, 2006; 

Van Os, Linscott, Myin-Germeys, Delespaul, & Krabbendam, 2009). A growing 

consensus is that PLEs constitute the lower end of the psychosis continuum, and share 

risk factors (Alemany et al., 2011), genetic loadings (Pain et al., 2018), and 

neurobiological underpinnings (Orr, Turner, & Mittal, 2014) with full-blown psychosis.  

 One finding that has been consistently replicated across the psychosis continuum 

is disruption in the coordination of brain networks (i.e., the disconnection hypothesis 

(Friston & Frith, 1995)). A recent meta-analysis of resting-state functional connectivity 

(rsFC) studies suggests that schizophrenia is characterized by widespread dysconnectivity 

centering around the salience network, which is hypo-connected with the frontoparietal, 
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default, and thalamus networks and hyper-connected with the affective network (Dong et 

al., 2017). Findings in first episode, clinical high risk, and high genetic risk psychosis 

largely replicate the pattern in schizophrenia (Pettersson-Yeo et al., 2011) but with 

notable differences. For example, hyper- rather than hypoconnectivity between the 

default and frontoparietal network were reported (Gong et al., 2017; Shim et al., 2010; 

Whitfield-Gabrieli et al., 2009), suggesting reduced anticorrelation between these two 

networks (Fox et al., 2005) in attenuated forms of psychosis.  

It is thus expected that PLEs would also be associated with dysconnectivity 

patterns that are implied in psychotic disorders. Investigating dysconnectivity underlying 

PLEs offers the benefits of access to large community samples as well as reduced 

confounds by antipsychotics and substance use, holding promise to reduce discrepancies 

in findings. Using the Human Connectome Project (HCP), it has been found that PLEs 

were associated with reduced global efficiency of the default and cingulo-opercular 

networks (Sheffield et al., 2016), increased average connectivity within the default 

network and reduced average connectivity within the frontoparietal network (Blain et al., 

2018), and more time dwelled in a state of hyperconnectivity within visual regions and 

hypoconnectivity within the default network while less time in a state of anticorrelations 

with the default network (Barber, Lindquist, Derosse, & Karlsgodt, 2018). In a sample of 

353 subjects, Sabaroedin et al. (2019) found hypoconnectivity between the dorsal 

striatum and areas in the frontal and motor cortices associated with positive PLEs. 

So far studies on rsFC in PLEs have typically correlated PLEs and rsFC features 

predetermined by a priori hypotheses. Concepts like the human connectome, however, 
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take it one step further to imply that rsFC features collectively may predict human 

behavior. Consistent with this notion, Dubois et al., (2018) recently had a success 

predicting 20% of variance in general intelligence with the human connectome of 884 

individuals using elastic network regularization in a predictive (i.e., cross-validation) 

framework. In contrast, the same group failed to predict the Big Five personality traits 

except for openness to experience (J. Dubois, Galdi, Han, Paul, & Adolphs, 2018), 

suggesting that the relationship between personality traits and rsFC may be less direct. In 

any case, the approach proposed by Dubois et al., (2018; 2018) has several advantages, 

including prevention of overfitting, enhanced generalizability, and the ability to identify 

rsFC correlates other than hypothesized. 

In the present study, we adopted a similar approach as Dubois et al., (2018; 2018) 

to predict PLEs in the HCP with the human connectome. Based on previous findings that 

support the relationship between rsFC and PLEs (Barber et al., 2018; Blain, Grazioplene, 

Ma, & DeYoung, 2020; Sabaroedin et al., 2019; Sheffield et al., 2016), we hypothesized 

that elastic net models with the human connectome would predict PLEs in cross-

validation. Consistent with previous findings, we expected that within the brain cortex, 

connections predictive of PLEs would be distributed and primarily involve the brain’s 

cognitive (i.e., frontoparietal, cingulo-opercular, dorsal attention, and default) networks. 

We also predicted that these connections would include both hypo- and hyper-

connectivity. 

Method 

Participants 
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Participants were from the 1200 Subjects Data Release of the WashU–UMinn 

HCP. Inclusion and exclusion criteria were previously described in Van Essen et al. 

(2013). Briefly, participants were young adults without significant history of psychiatric, 

neurological, substance use, or cardiovascular disorders.  

Neuroimaging Acquisition and Preprocessing 

Image acquisition was detailed in Van Essen et al. (2013). Briefly, participants 

completed two scan sessions, typically over two consecutive days. Each session included 

two 15-min rsfMRI runs (TR = 0.72s, voxel size = 2.0mm isotropic) with opposite phase 

encoding directions (left-to-right (LR) and right-to-left (RL)). This resulted in four 

rsfMRI runs for each participant (REST1_LR, REST1_RL, REST2_LR, & REST2_RL).  

 “Resting State Denoised” data were downloaded from the ConnectomeDB 

(https://db.humanconnectome.org/). Images were preprocessed with the HCP 

preprocessing pipeline v3.4.0 (Glasser et al., 2013), followed by high-pass filtering 

(FWHM = 2355s) and removal of artifacts and 24 motion parameters with FMRIB’s 

ICA-based Xnoiseifier (FIX) (Griffanti et al., 2014). The images were registered to the 

standard CIFTI grayordinate space using an areal-feature-based Multimodal Surface 

Matching algorithm (‘MSMAll’) (Glasser et al., 2016; Robinson et al., 2014) and 

spatially smoothed at 2mm FWHM.  

Group-Independent Component Analysis 

1003 participants with four completed rsfMRI scans were included in a group-

independent component analysis (ICA) to parcellate the cerebral cortex into 100 

independent components (ICs). Participant characteristics were as follows: age = 28.7 ± 
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3.7 years, range = 22 - 37 years, 53% female, mean Relative RMS (Jenkinson et al., 

2002) = 0.088 ± 0.037 mm.  

To complete the ICA, participants’ data in the cerebral cortex were temporally 

demeaned, variance normalized, concatenated, and reduced to the top 4500 weighted 

spatial eigenvectors through MELODIC’s Incremental Group-PCA (Smith et al., 2014). 

The PCA-reduced data were then fed into group-ICA with the Infomax algorithm in 

FSL’s MELODIC (Beckmann & Smith, 2004). 100 ICs were extracted based on previous 

findings in the same dataset showing desirable rsFC test-retest reliability at this 

dimensionality (Ma & MacDonald, under review). Similar to previous studies, we did not 

include subcortical regions in the group-ICA due to significant signal-to-noise ratio 

differences between cortical and subcortical structures (Schaefer et al., 2018; Yeo et al., 

2014). 

Independent Component Categorization 

ICs derived from the group-ICA were categorized into the seven canonical 

resting-state networks in Yeo et al. (2011) according to their spatial maps. First, we 

parcellated the cerebral cortex by forcing the IC maps to be nonoverlapping, assigning 

each grayordinate to the IC that had the largest value for that grayordinate among all IC 

maps. We then computed association indices (Dice, 1945), where the association index of 

a canonical network with an IC was defined as the proportion of grayordinates in the IC 

that overlapped with the canonical network. An IC was classified under one of the 

following canonical networks with which it had the largest association index: 1) 

frontoparietal, 2) cingulo-opercular, 3) dorsal attention, 4) default, 5) visual, 6) 
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somatomotor, and 7) temporal pole/orbitofrontal cortex (TP/OFC). Results of the 

classification were verified by manual inspection. 

Resting-State Functional Connectivity 

Dual regression (Beckmann et al., 2009) was used to derive a participant’s 

timeseries corresponding to group-level ICs in a rsfMRI run. Participant- and run-specific 

rsFC between two ICs was characterized by Fisher’s z transformed Pearson’s correlation 

between their timeseries. For each participant, this resulted in four 100 x 100 matrices 

(i.e, resting-state functional connectome). These four matrices were then averaged, 

resulting in one 100 x 100 resting-state functional connectome for each participant. 

RsFC Test-Retest Reliability 

 PLEs as defined in this study is a trait-like quality that was unlikely to change 

between the HCP scan sessions. Thus, we were most concerned with trait as opposed to 

state components of rsFC that predicted PLEs (Geerligs et al., 2015). In addition, 

inclusion of predictors with poor reliability increases the risk for overfitting. As such, we 

characterized the test-retest reliability of rsFC with the goal of excluding connections 

measured with inadequate reliability.   

We evaluated test-retest reliability with intra-class correlation coefficients (ICCs) 

(McGraw & Wong, 1996). For any rsFC measure of interest, the observed rsFC !!" 	of the 

#th subject in the $th run can be specified according to the following two-way random 

effects model: 

!!" = & + (! + )" + ()!" + *!" 
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where & is the population mean rsFC; (! is the random effect of the #th subject, 

independently distributed with mean 0 and variance +#$; )" is the random effect of the $th 

run, independently distributed with mean 0 and variance +%$; ()!" is the random 

interaction effect of the #th subject in the $th run, independently distributed with mean 0 

and variance +#%$ ; and *!" is the random error of the #th subject in the $th run, 

independently distributed with mean 0 and variance +&$. ICC is defined as the proportion 

of total variance in rsFC accounted for by the subject effect: 

,-- = +#$
+#$ + +%$ + +#%$ ++&$

 

which can be derived from analysis of variance.  

 We derived between-session reliability as the mean of ICCs between any pair of 

15-min runs between sessions (i.e., REST1_LR vs. REST2_LR, REST1_RL vs. 

REST2_RL, REST1_RL vs. REST2_LR, and REST1_LR vs. REST2_RL). We defined 

“poor” reliability as between-session reliability less than 0.4 per guidelines by Cicchetti 

and Sparrow (1981). Out of 4950 connections, 2320 (46.9%) had higher than “poor” 

reliability and were included in further analyses. More description of these connections 

can be found in previous work (Ma and MacDonald, under review). 

Final Sample  

Within the 1003 participants who completed all rsfMRI scans, 125 were excluded 

due to positive drug screen on any day of study visit, including breathalyzer > .05 and 

positive urine screen for cocaine, THC, opiates, amphetamine, methamphetamine, or 

oxycontin. 3 were excluded due to incomplete PLEs. 4 were excluded due to incomplete 

cognitive tasks. And 4 were excluded due to incomplete education and household income 
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information in the Semi-Structured Assessment For the Genetics of Alcoholism (SSAGA, 

Bucholz et al., 1994). Lastly, 12 were recently noted by the HCP to have 3T functional 

preprocessing errors 

(https://wiki.humanconnectome.org/display/PublicData/HCP+Data+Release+Updates%3

A+Known+Issues+and+Planned+fixes) and excluded from all subsequent analyses. The 

final sample consisted of 855 participants from 397 families (age = 28.8 ± 3.7 years, 

range = 22 - 36 years, 56.1% female, mean Relative RMS = 0.086 ± 0.030 mm, 

White/African American/Other = 78.5%/11.7%/9.8%)  

PLEs  

PLEs were measured as the sum of four items in the Thought Disorder Subscale 

of the Achenbach Adult Self-Report (ASR (Achenbach, 2009), see Table 3.1). PLEs by 

this definition showed prevalence and correlation with demographic and personality 

variables consistent with the literature (Blain et al., 2020; Sheffield et al., 2016). 

Participants were more likely to endorse PLEs related to odd behavior and thoughts 

(endorsed in over 10% of participants) than perceptual abnormalities (endorsed in around 

1% of participants). Distributions of PLEs in the final sample was shown in Table 3.2.  

Statistical Modeling 

Statistical modeling in the current study adopted a framework developed by 

Dubois et al. (2018; 2018), where elastic net models were evaluated with leave-one-

family-out cross-validation.   

Cross-validation Due to the family structure in the HCP data, a leave-one-family-

out (LOFO) cross-validation was used to ensure independence between the training and 
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test sets. For each pair of training and test sets, elastic net model was fit to the training set 

and then used to predict PLEs in the test set.   

RsFC feature filtering Following Finn et al. (2015) and Dubois et al. (2018; 

2018), we adopted an initial feature filtering step where only rsFC measures whose 

Pearson’s correlation with PLEs had an unadjusted p < 0.01 were included in model 

fitting in the training set. The same rsFC measures were used in the test set.  

Covariates Potential covariates and their correlation with PLEs in the final sample 

were shown in Table 3.3. Three models including increasing numbers of covariates were 

run. Model I controlled for variables known to confound rsFC, yet not directly associated 

with PLEs. These included handedness (Meiling Li et al., 2015; Pool, Rehme, Eickhoff, 

Fink, & Grefkes, 2015), movement in scanner (Van Dijk, Sabuncu, & Buckner, 2012), 

total brain volume, and multiband reconstruction algorithm. Model II controlled for all 

covariates in Model I and additionally controlled for age, gender, and g. Model III 

controlled for all covariates in Model II and additionally controlled for race, years of 

education, and household income, based on previous report that these correlated with 

PLEs (Sheffield et al., 2016). We did not control for any substance use measures as they 

did not correlate significantly with PLEs in the final sample. 

Covariates were regressed from PLEs as well as rsFC in the training set by fitting 

linear models. The fitted linear models with the exact coefficients were then applied to 

the test set to remove influence of covariates in the test set. Compared to regressing 

covariates from the entire sample, this procedure prevented information leakage between 

the training and test sets. 
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Elastic net We used the caret package (Kuhn, 2012) in R statistical package to fit 

elastic net in the training set. RsFC measures were standardized before entering into the 

model so that model weights would be standard coefficients. Following Dubois et al. 

(2018; 2018), we fixed the mixing parameter (alpha) at .01, equivalent to almost pure 

ridge regression, as the final model is unlikely to involve only a few connections. The 

penalty parameter (lambda) was allowed to vary from 0.5 to 10, by steps of 0.1, and was 

optimized with a 3-fold cross validation within the training set. 

To apply the elastic net model to the test set, rsFC measures were “standardized” 

with the mean and standard deviation of rsFC measures in the training set. Elastic net 

model was then used to predict PLEs with rsFC in the test set. 

Model evaluation The observed PLEs vector was the concatenated observed PLEs 

across all test sets. The same applied to predicted PLEs. Out-of-set prediction 

performance was evaluated by the coefficient of determination .$ (Barrett, 1974): 

.$ = 1 − ∑(3! − 3'4)
$

∑(3! − 36)$
 

Where 3! is the # th observed value; 3'4  is the # th predicted value; and 36 is the 

mean of 3!. In other words, .$ is the proportion of residual variance reduced from 

variance around the mean as a result of the prediction. Note here that .$ defined this way 

can take negative values, and it is not the commonly known “squared .”.  

Statistical Inference Permutation test was used to determine if .$ was statistically 

significantly different from zero. We used multi-level block permutation (Winkler, 

Webster, Vidaurre, Nichols, & Smith, 2015) in FSL’s Permutation Analysis of Linear 

Models (PALM) to randomly generate permutations that did not alter the family structure 
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in the sample. While Dubois et al. (2018; 2018) directly permuted their dependent 

variables, this approach is flawed as under the null hypothesis, observations of the 

dependent variable can still be related with the covariates, thus not interchangeable. 

Instead, we used the Freedman-Lane method (Freedman and Lane, 1983), where 

permuted PLEs were computed by first fitting a linear model of the observed PLEs with 

covariates, and then permuting the residuals and adding them to the predict values. .$ 

was then estimated for the permuted PLEs using the cross-validation procedure described 

above. This process was repeated for 1000 times. 

Results 

PLEs and Covariates 

 Similar to previous reports (Blain et al., 2020; Sheffield et al., 2016), PLEs were 

negatively correlated with age and household income. Males are more likely to endorse 

PLEs. Different racial groups differed in PLEs (F(2,852) = 6.81, p < .001) with Tukey’s 

HSD revealing that individuals identifying as “White” (mean = .33, SD = .81) reported 

fewer PLEs than individuals identifying as “Black or African American” (mean = .59, SD 

= 1.13) or “Other” (mean = .63, SD = 1.22). PLEs were not correlated with g, 

handedness, years of education, mean relative RMS movement, or brain volume. The 

lack of correlation between g and PLEs may appear inconsistent with previous studies 

where cognitive ability was negatively associated with PLEs (Blain et al., 2020; Sheffield 

et al., 2016). However, this is explained by the fact that our measures of g involved both 

fluid and crystal intelligence, and the latter did not correlate with PLEs (Sheffield et al., 

2016). PLEs did not differ across participants preprocessed with different reconstruction 
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algorithms. In this sample that passed drug screen on both days of scanning, PLEs were 

not correlated with tobacco use, drinking, marijuana use, and illicit drug use.  

Model Performance 

 RsFC predicted 3.4% of variance in PLEs (correlation between observed and 

predicted PLEs = 0.20. .$ = 3.4%, p = .003) when controlling for handedness, movement 

in scanner, total brain volume, and multiband reconstruction algorithm (Model I). .$ was 

similar when additionally controlling for controlling for age, gender, and g (Model II. 

correlation between observed and predicted PLEs = 0.19. .$ = 3.1%, p < .001. Figure 

3.1a & b.). .$ decreased when further controlling for race, years of education, and 

household income (Model III. correlation between observed and predicted PLEs = 0.16. 

.$ = 2.0%, p = .006. Figure S3.1a & b). Due to close performance for Model I and 

Model II, we did not plot or discuss results of Model I.  

Predictive connections 

To determine cortical connections that predicted PLEs, we averaged all fitted 

models (n = 397). Connections that were included in at least 90% of the models were 

considered “consistently predictive”. In Model II, 83 out of the 192 connections included 

in at least one fitted model were deemed consistently predictive (Figure 3.1c). Prediction 

was a result of many small effects: the absolute mean standardized coefficients of 

consistently predictive connections ranged from .001 to .027. Figure 3.1d shows the top 

42 consistently predictive connections with an absolute mean standardized coefficient 

above 0.01. Consistently predictive connections were mainly connections within and 

between the cognitive networks (frontoparietal, cingulo-opercular, dorsal attention, and 
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default), with some involvement of the visual network. Overrepresentation of the 

cognitive networks in predictive connections was not a mere result that more connections 

of these networks were measured reliably thus included in modeling (Figure S3.2). Both 

hypo- and hyper-connectivity were found to be associated with PLEs. Spatial maps of ICs 

involved in these connections were shown in Figure 3.2.  

Despite a lower .$, Model III were highly similar to Model II (Figure S3.1c & d). 

Connections in Model III were almost identical as those in Model II, except for four 

connections with very small absolute mean standardized coefficients (< .003). Further 

controlling for race, years of education, and household income mainly resulted in 

decreases in absolute mean standard coefficients (Figure 3.1c & Figure S3.1c). Different 

connections in Figure 3.1d and Figure S3.1d were the mere result of absolute mean 

standardized coefficients of some connections falling below the plotting threshold of .01 

in Model III. Thus, we focused on interpreting Model II for the rest of the paper. 

Discussion 

In the present study, we predicted PLEs with the human connectome using elastic 

net models with cross-validation. The human connectome predicted a small amount of 

variance in PLEs, ranging from 2% to 3.4% depending on covariates included. Prediction 

was the result of many small effects. Consistent with our hypothesis, cortical connections 

consistently predictive of PLEs mostly involved the brain’s cognitive (frontoparietal, 

cingulo-opercular, dorsal attention, and default) networks. Both hypo- and hyper-

connectivity were found to be associated with PLEs.  

RsFC predicted a small amount of variance in PLEs 



 

 

63 
In the current study, we predicted 2.0-3.4% of variance in PLEs using human 

connectomics. While small, these findings were derived through cross-validation and 

survived permutation testing, increasing their generalizability. Furthermore, prediction 

remained significant when controlling for age, gender, g, race, household income, years 

of education, and head movement.  

To put our effect sizes into context, Dubois, Galdi, Han, et al. (2018) predicted 

2.4% of variance in the personality trait Openness to Experience measured by the NEO-

FFI (McCrae & Costa, 2004), while the other Big Five personality traits could not be 

consistently predicted. They also predicted 4.4% of variance in correct items on a short 

form of the Raven’s progressive matrix (Bilker et al., 2012), a measure of fluid 

intelligence. Dubois, Galdi, Paul, et al. (2018), on the other hand, predicted an impressive 

20.6% of variance in an estimate of g derived from the Raven’s progressive matrix and 

nine other neurocognitive tasks. They argued that the significant increase in R2 in their 

2018 study indicated that the measurement quality of a behavior trait strongly affects 

prediction performance. Consider that our PLEs were the sum of merely four items 

selected from the Achenbach ASR and has lower psychometric properties than the NEO-

FFI Openness to Experience (Cronbach’s alpha = .76) and the Raven’s progressive 

matrix (Cronbach’s alpha = .80), a more predictive model may be achievable with 

improved measurement for PLEs. To corroborate this postulation, we note that 

Sabaroedin et al. (2019) recently used PCA on seven psychometrically validated self-

report measures of subclinical psychotic symptoms to derive positive and negative PLEs 

in a large community sample (n = 672). In a subsample (n = 355), corticostriatal 
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functional connectivity correlated with positive and negative PLEs at a similar level as 

the present study with leave-one-subject-out analysis (Pearson’s rs ranged from -.23 to 

.14).  

Connections consistently predictive of PLEs mainly involved the brain’s cognitive 

networks 

 The top consistently predictive connections for PLEs involved hypo- as well as 

hyper- connectivity predominantly within and between the brain’s cognitive 

(frontoparietal, cingulo-opercular, dorsal attention, and default) networks. Additionally, 

the following are observed on the network level. 

 First, PLEs were predicted by hyper- as well as hypoconnectivity between the 

default and frontoparietal network, consistent with findings on first episode, clinical high 

risk, and high genetic risk psychosis (Gong et al., 2017; Shim et al., 2010; Whitfield-

Gabrieli et al., 2009). In a community sample consisted of mainly children and 

adolescents (n = 1000), Xia et al. (2018) also reported both hypo- and hyperconnectivity 

between the default and frontoparetal networks correlated with psychosis derived with a 

dimensional model of psychosis.  

 Second, PLEs were predicted by dysconnectivity with the default network, 

especially the core involving the anterior medial prefrontal cortex and posterior cingulate 

cortex and the dorsal medial subsystem (Andrews-Hanna, Smallwood, & Spreng, 2014). 

Dysconnectivity with the default network has been consistently across the psychosis 

continuum (Dong et al., 2017; Guo, Liu, Xiao, et al., 2014; Mingli Li et al., 2015; Shim et 
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al., 2010; van Buuren et al., 2012). Involvement of the core and dorsal medial subsystems 

suggests that PLEs are related with altered mentalization and social cognition processes. 

 Third, the cingulo-opercular network stood out as the network with most 

dysconnectivity with other networks, including frontoparietal, dorsal attention, default, 

and visual. This highlights the role of the cingulo-opercular network, also known as the 

salience network, in receiving inputs from sensory, motor, and affective modalities and 

switching attention between internally and externally oriented processing (V. Menon, 

2015).  

 Lastly, a number of the consistently predictive connections were involved the 

dorsal attention as well as visual networks. While less implied in rsFC studies across the 

psychosis continuum (Dong et al., 2017; Pettersson-Yeo et al., 2011), disruptions with 

attention control and visual perception have long been noted in schizophrenia (Guo, 

Jiang, et al., 2014; Khadka et al., 2013; Oertel-Knöchel et al., 2013). Our findings suggest 

that these disruptions also underlie PLEs. Notably, a recent study found that the 

polygenetic risk for schizophrenia in the HCP was correlated with functional connectivity 

in a network predominantly comprised of frontoparietal, default, and visual regions (Cao, 

Zhou, & Cannon, 2020).  

Overall, these findings were consistent with reports on the same dataset (Barber et 

al., 2018; Blain et al., 2020; Sheffield et al., 2016) and literature on across the psychosis 

continuum in general (Cao et al., 2020; Dong et al., 2017; Xia et al., 2018). Patterns of 

rsFC correlates were compatible with the triple-network model (Vinod Menon, 2011) and 

also suggested dorsal attention and visual network involvement. 
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Limitations 

 Besides the aforementioned less-than-ideal properties of the PLEs measure, a 

major limitation of the present study is the failure to include subcortical and cerebellar 

regions. Although a conscious decision to enhance ICA decomposition of the brain 

cortex, we acknowledge that structures such as the thalamus, striatum, and hippocampus 

have strong implications for the physiopathology of psychosis (Sabaroedin et al., 2019). 

With methods to measure rsFC of these structures reliably together with cortical 

networks, we expect an increase in the predictive performance of our model. Relatedly, 

we did not include all cortical connections in our modeling process but only the 

connections that were deemed reliably measured. While we believe that connections with 

low reliability can well be biologically relevant in understanding PLEs, the cost of worse 

model performance with noisy variables was deemed larger than the benefits of 

discovering these connections. To prove this point, we reran the modeling with all 4950 

cortical connections. Model performance was worse overall: .$ = 1.8% for Model I, .$ = 

1.7% for Model II, .$ = .3% for Model III. 

Conclusion 

 In this study, we report the first study to our knowledge to predict PLEs with the 

resting state functional connectome. Our findings provide strong support that PLEs are 

associated with widespread rsFC underpinnings consistent with more severe forms of 

psychosis. Connections of the triple-network system as well as the dorsal attention and 

visual networks are altered in individuals who experience PLEs. To study the neural 

correlates of PLEs in large community samples is a promising new venue of psychosis 
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research, and validation of these correlates in clinical samples with more severe forms of 

psychosis is crucial. 
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Table 3.1. Frequency of PLE Item Endorsement in the Final Sample (n = 855) 

Item 
0 
(not true) 

1  
(somewhat/ 
sometimes true) 

2 
(very/often true) 

Hear sounds/voices that others 
think aren’t there  845  

(98.8%) 
8  
(0.9%) 

2  
(0.2%) 

See things that others think 
aren’t there  844  

(98.7%) 
11  
(1.3%) 

0 
(0.0%) 

Do things that other people think 
are strange 714  

(83.5%) 
114  
(13.3%) 

27  
(3.2%) 

Have thoughts that others think 
are strange 736  

(86.1%) 
93  
(10.9%) 

26  
(3.0%) 

Note: Cronbach’s alpha = 0.59; Average Inter-item correlation = 0.38. 
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Table 3.2. Distribution of PLEs in the Final Sample (n = 855) 

 
PLE score 0 1   2 3 4 5 6 

Frequency 
(%) 

679 
(79.4%) 

70 
(8.2%) 

76 
(8.9%) 

12 
(1.4%) 

15 
(1.8%) 

0 
(0.0%) 

3 
(0.4%) 
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Table 3.3. Correlation among PLEs and Covariates 

 PLEs Age Gender
M 

Handed
ness 

Educati
on 

Income g Total 
Drinks 
7 Days 

Avg 
Drinks 12 
Months 

Total 
Tobacco 
7 Days 

Times 
Illicits 

Times 
Mj 

Relative 
RMS 

Age -.15*** -            
GenderM .10** -.20*** -           
Handedness -.05 .06 -.12*** -          
Education -.07 .08* -.03 .02 -         
Income -.13*** .28*** .00 .01 .29*** -        
g -.01 -.07* .18*** -.03 .42*** .19*** -       
Total Drinks 7 
Days 

-.02 -.02 .24*** -.02 .04 .06 .11** -      

Avg Drinks 12 
Months 

.00 -.14*** .31*** -.04 -.11** -.02 -.00 .44*** -     

Total Tobacco 
7 Days 

.02 .06 .11** -.05 -.24*** -.03 -.12*** .12*** .19*** -    

Times Illicits .05 .01 .11** -.07* -.08* -.04 .11** .24*** .19*** .12*** -   
Times Mj .01 .02 .12*** -.02 -.07* -.03 .06 .33*** .27*** .20*** .59*** -  
Relative RMS .00 .13*** -.01 .01 -.17*** -.06* -.20*** .09* .10** .21*** .01 .05 - 
Brain Volume .06 -.15*** .66*** -.07* .11** .14*** .28*** .17*** .20*** .06 .09** .04 -.04 
Note: Education: SSAGA_Educ; Years of education completed: <11 = 11; 12; 13; 14; 15; 16; 17+ = 17. Modeled as continuous. Outcome was very similar when modeled as categorical. 
Income: SSAGA_Income; Total household income: <$10,000 = 1,10K-19,999 = 2, 20K-29,999 = 3,30K-39,999 = 4, 40K-49,999 = 5, 50K-74,999 = 6, 75K-99,999 = 7, >=100,000 = 8; 
Modeled as continuous. Outcome was very similar when modeled as categorical. 
g: Derived in the final sample according to Dubois et al. (2018). Performance on 10 cognitive tasks were entered into an exploratory factor analysis specifying a bi-factor model for 
intelligence: Dimensional Change Card Sort (CardSort_AgeAdj), Flanker Inhibitory Control and Attention (Flanker_AgeAdj), List Sorting (ListSort_AgeAdj), Picture Sequence Memory 
(PicSeq_AgeAdj), Picture Vocabulary (PicVocab_AgeAdj), Pattern Comparison Processing Speed (ProcSpeed_AgeAdj), Oral Reading Recognition (ReadEng_AgeAdj), Penn Progressive 
Matrics (PMAT24_A_CR), Penn Word Memory Test (IWRD_TOT), and Variable Short Penn Line Orientation Test (VSPLOT_TC). Detailed description can be found in the National 
Institute of Health Toolbox (www.nihtoolbox.org) and Gur et al, (2001a, 2001b, & 2010). In the final sample, g accounted for 56.1% of variance across the cognitive tasks. 
Total Drinks 7 Days: Total_Drinks_7days; Total drinks in past 7 days. Asked on last day of HCP visit. 
Avg Drinks 12 Months: SSAGA_Alc_12_Drinks_Per_Day; Drinks consumed per drinking day in past 12 months: 0, 1, 2, 3, 4, 5-6 = 5, 7+ = 6. 
Total Tobacco 7 Days: Total_Any_Tobacco_7days; Total times used/smoked any tobacco in past 7 days. Asked on last day of HCP visit. 
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Times Illicits: SSAGA_Times_Used_Illicits; Times used all classes of non-marijuana illicit drugs, including cocaine, hallucinogens, opiates, sedatives, or other: never used = 0; 1-2 times 
= 1; 3-10 times = 2; 11-25 times = 3; 26-100 times, if male= 4; >25 times = 4, if female; >100 times = 5, if male. Modeled as continuous. 
Times Mj: SSAGA_Mj_Times_Used; Times used marijuana: never used = 0; 1-5 = 1; 6-10 = 2; 11-25 = 3; 26-50 = 3; 51-100 = 3; 101-999 = 4; 1000-2000 = 5; >2000 = 5. Modeled as 
continuous. 
Relative RMS: mean relative root mean square movement (Jenkinson et al., 2002) across 4 runs.  
Brain Volume: FS_BrainSeg_Vol; Brain segmentation volume by FreeSurfer. 
*p < .05, **p<.01, ***p <.001. p values were not corrected for multiple comparisons. Italicized: Variable names in the HCP database. 
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Figure 3.1. RsFC Predicted PLEs when Controlling for Age, Gender, and g (Model II) 
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Note: a) Scatterplot of observed versus predicted PLEs. Observed PLEs were not integers 
from 0-6 because these were values after regressing covariates. Solid line: linear fit of 
observed PLEs with predicted PLEs. b) Results of 1000 permutations. Red line: observed 
R2 (3.1%). Dark gray area: p > .01. Light gray area: p > .05. c) Absolute mean 
standardized coefficients and model inclusion rate for connections that predicted PLEs. X 
axis represents connections ranked by the absolute value of mean standardized coefficient 
in a decreasing order. Red: absolute mean standardized coefficient of a connection in the 
averaged model. Blue: rate that a connection was included in an elastic net model. d) Top 
consistently predictive connections. For simplicity, only connections with an absolute 
mean standardized coefficient above .01 and a rate of model inclusion above .90 were 
plotted. Outer circle represents canonical networks by Yeo et al. (2017). Numbers index 
ICs from the ICA output. Red: connections with positive mean standardized coefficients. 
Blue: connections with negative mean standardized coefficients. 
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Figure 3.2. Spatial Maps of ICs in Figure 3.1d 

 

 
Note: ICA z maps were normalized so that the maximal value was 1. Each map was 
thresholded at z/zmax = 0.3. TP/OFC: temporal pole/orbitofrontal cortex. 



 

 

75 

Figure S3.1. RsFC Predicted PLEs when Further Controlling for Race, Years of 

Education, and Household Income (Model III) 
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Note: a) Scatterplot of observed versus predicted PLEs. Observed PLEs were not integers 
from 0-6 because these were values after regressing covariates. Solid line: linear fit of 
observed PLEs with predicted PLEs. b) Results of 1000 permutations. Red line: observed 
R2 (2.0%). Dark gray area: p > .01. Light gray area: p > .05. c) Absolute mean 
standardized coefficients and model inclusion rate for connections that predicted PLEs. X 
axis represents connections ranked by the absolute value of mean standardized coefficient 
in a decreasing order. Red: absolute mean standardized coefficient of a connection in the 
averaged model. Blue: rate that a connection was included in an elastic net model. d) Top 
consistently predictive connections. For simplicity, only connections with an absolute 
mean standardized coefficient above .01 and a rate of model inclusion above .90 were 
plotted. Outer circle represents canonical networks by Yeo et al. (2017). Numbers index 
ICs from the ICA output. Red: connections with positive mean standardized coefficients. 
Blue: connections with negative mean standardized coefficients. 
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Figure S3.2. Cognitive Networks were Overrepresented in Predictive Connections 

 

 
Note: Left: Number of reliable connections that were included in modeling across 
canonical networks. Middle: Number of connections that were included in at least one 
fitted model across canonical networks. Right: proportion between predictive connections 
(Middle) and reliable connections (Left). TP/OFC: temporal pole/orbitofrontal cortex. 
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Chapter 4: Validating Functional Connectivity Correlates of Psychotic-Like 

Experiences in People with Psychosis and First-Degree Relatives 

 
Foreword: This chapter was written in collaboration with Angus W. MacDonald, who 

edited and revised versions of the manuscript. Scott Sponheim, Ian Ramsay, Amanda 

Shen, and Timothy Hendrickson contributed to data collection and preprocessing. Inputs 

from these co-authors will be included before this manuscript is submitted for peer-

review. 

 

Introduction 

Investigating neural mechanisms underlying psychotic-like experiences (PLEs) 

and psychoticism in the general population is quickly becoming an important venue of 

psychosis research. Under the premise of the dimensional model of psychopathology 

(Kotov et al., 2017), psychotic disorders can be considered extreme, maladaptive 

manifestations of psychoticism which is present as a normative personality dimension in 

the general population. Compared with working on psychotic disorders directly, studying 

PLEs and psychoticism provides researchers access to larger and less confounded 

samples. The assumption is that the neural correlates of PLEs and psychoticism will also 

be shared by psychotic disorders, informing the pathophysiology of psychosis. 

A number of studies have investigated alterations in resting-state functional 

connectivity (rsFC) in PLEs and psychoticism/schizotypy. Findings primarily suggest 

altered connectivity associated with the corticostriatal circuitry (Sabaroedin et al., 2019; 

Waltmann et al., 2019; Y. Wang, Ettinger, Meindl, & Chan, 2018; Y. Wang et al., 2015), 

the default network (Y. Wang et al., 2018; Q. Zhang et al., 2014), the cingulo-opercular 
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network (Karcher, O’Brien, Kandala, & Barch, 2019), and the cerebellum (Waltmann et 

al., 2019). Overall, these patterns matched those in psychotic disorders, supporting shared 

rsFC substrates across the psychosis continuum.  

A major weakness of the studies to date is a lack of more direct validation of 

findings then at other locations of the psychosis continuum. In particular, no studies 

examined the ability of the exact rsFC substrate in explaining psychoticism and psychotic 

symptoms in a clinical sample with effect size quantified. Without this type of validation, 

it remains unknown if and to what extent a rsFC substrate is relevant at varied levels of 

psychosis. Further, we are left unsure if these substrates will possibly have any clinical 

utility, such as predicting, monitoring, and classifying psychosis as many would 

ultimately hope. Considering the vast differences in study methodology, we may not even 

be sure if some rsFC substrates are shared by psychotic disorders at all, even if they fall 

under the same large-scale networks. 

The Psychosis – Human Connectome Project (P-HCP) dataset, collected as a 

disease supplementary to the original HCP, offers a great opportunity for such direct 

validation. Recently, Sheffield et al. (2016) constructed a measure of PLEs in the HCP, 

with four items in the Thought Disorder Subscale of the Achenbach Adult Self-Report 

(ASR (Achenbach, 2009)). These included: “Hear sounds/voices that others think aren’t 

there”, “See things that others think aren’t there”, “Do things that other people think are 

strange”, and “Have thoughts that others think are strange”. Rated on a 0-2 scale (0: 

“not true”, 1: “somewhat/sometimes true”, 2: “very/often true”), these items resembled 

positive and disorganized psychotic symptoms, including auditory hallucinations, visual 

hallucinations, odd beliefs, and odd behavior. The rsFC correlates of PLEs in the HCP 
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have since been examined in several studies (Barber et al., 2018; Blain et al., 2020; 

Sheffield et al., 2016). Recently, Ma and MacDonald (in preparation) adopted a 

predictive framework and explained as much as 3.4% of variance of PLEs in the HCP 

with human connectomics and elastic net modeling. However, since the PLEs measure in 

Sheffield et al. (2016) has not been extensively validated, it is not clear if the rsFC model 

trained on this very brief measure would explain variance in well-established measures of 

psychoticism and psychotic symptoms, and if the model would generalize beyond a 

community sample. 

In the present study, we directly validate the rsFC model for PLEs in Ma and 

MacDonald (in preparation) in people with psychosis as well as their first-degree 

relatives with the P-HCP dataset. Purpose of this validation was multi-fold, including to 

validate the rsFC composite score based on the rsFC model as a substrate of the 

psychosis continuum, to quantify relationship between the rsFC composite score and 

psychosis in patient and relative groups, and to provide support for the PLEs measure. 

Consistent with Ma and MacDonald (in preparation), we hypothesized that the rsFC 

composite score will positively correlate with measures of psychoticism and psychotic 

symptoms in healthy controls, people with psychosis, and first-degree relatives. Given the 

content of the PLEs measure, we predicted that this relationship would only be present 

for positive and disorganized, but not negative psychosis. 

Method 

Participants 

65 people with psychosis (PwP), 50 first-degree biological relatives (Rels), and 39 

healthy controls (HCs) from the ongoing Psychosis Human Connectome Project (P-HCP) 
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were included in the current study (Table 4.1). The P-HCP was approved by the 

University of Minnesota Institutional Review Board. 

Recruitment PwP were recruited through reviews of University of Minnesota 

Medical Center and Clinics patient rosters and medical records, patients at the outpatient 

Psychiatry Clinic in the Department of Psychiatry at the University of Minnesota who 

previously provided consent to be contacted for research opportunities, and referrals from 

other researchers at the University of Minnesota. Rels were recruited through contact 

information provided by PwP (not providing this information did not preclude PwP from 

the study). HCs were recruited through study advertisements placed in organizational 

newsletters and public places. PwP, Rels, and HCs were also recruited from participants 

of previous studies who consented to be contacted for future research. 

Inclusion and Exclusion Criteria Participants were recruited if their age ranged 

from 18 to 65 (for PwP and HCs) or 18 to 69 (for Rels). Inclusion criterion for PwP was a 

history of Bipolar I disorder, Schizophrenia, or Schizoaffective disorder. Inclusion 

criterion for Rels was a first-degree biological relative with Bipolar I disorder, 

Schizophrenia, or Schizoaffective disorder. Exclusion criteria were: 1) English not being 

the primary language; 2) having a legal guardian, or otherwise lacking capacity to 

consent; 3) drug or alcohol abuse within the past month; 4) drug or alcohol dependence 

within the past 6 months; 5) charted or reported IQ of less than 70, or a diagnosed 

learning disability; 6) current or past central nervous system disease (e.g., seizure, 

epilepsy, multiple sclerosis, Parkinson’s Disease, etc.); 7) history of head injury with 

skull fracture or loss of consciousness more than 30 minutes; 8) electroconvulsive 

therapy within the last year; 9) significant tardive dyskinesia (5 or more on the 
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Dyskinesia Identification Condensed Users Scale (Sprague, Kalachnik, & Slaw, 1989)) 

that cause severe motion distortion in the MRI scan; and 10) presence of a physical 

problem that would render study measures difficult or impossible to administer or 

interpret (e.g., corrected visual acuity of less than 20/40, astigmatism, cataracts, visual 

field loss, severe tinnitus, paralysis, etc.). Additionally, PwP and Rels could not be 

adopted. HCs could not have a personal history of, or a first-degree biological relative 

with a possible history of, psychotic symptoms or an affective disorder as defined by the 

Diagnostic and Statistical Manual of Mental Disorders, fifth edition (DSM-5). 

Diagnostic and Clinical Assessments 

After passing a phone interview and providing informed consent, participants 

completed a diagnostic interview as well as other clinical assessments during the first 

visit to allow comprehensive assessment of their psychopathology.  

Diagnostic Interview Diagnostic interview for all participants involved the 

Structured Clinical Interview for DSM-5 (SCID-5 (First, Williams, Karg, & Spitzer, 

2015)) excluding sections which overlap with the Structured Assessment for the Genetics 

of Alcoholism (SSAGA (Bucholz et al., 1994)) and other substance use assessments 

included in the HCP clinical protocol. Diagnostic interview was conducted by a trained 

and supervised research staff or a clinical psychology doctoral student, doctoral-level 

psychologist, or psychiatrist.  

For PwP, the Psychosis Module of the Diagnostic Interview for Genetic Studies 

(DIGS, (Nurnberger et al., 1994)) was administered instead of the SCID Psychosis 

section to ensure completed coverage of psychotic symptomatology and mapping to the 

PhenXtoolkit screener (i.e., OPCRIT (McGuffin, Farmer, & Harvey, 1991)). A trained 
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research assistant conducted a review of available medical charts to obtain collateral 

information about functioning as well as past and current symptomatology. Trained 

advanced degree clinical psychology students, doctoral level psychologists, or 

psychiatrists reviewed a participant’s interview, symptom ratings, and chart information 

to complete ratings of life-time symptomatology using the OPCRIT. Data from an 

informant (e.g., family member, case worker) were included for the OPCRIT ratings 

whenever possible. 

At the time of this study, consensus diagnosis data were incomplete. Preliminary 

diagnoses in each group were as follows. Each participant was assigned one preliminary 

diagnosis, if present:  

• PwP: 27 (41.5%) Schizophrenia, 17 (26.2%) Bipolar I disorder with psychotic 

features, 14 (21.5%) Schizoaffective disorder, bipolar type, and 7 (10.8%) 

Schizoaffective disorder, depressive type.  

• Rels: 14 (28.0%) no diagnosis, 14 (28.0%) Major depressive disorder, recurrent, 5 

(10.0%) Alcohol abuse, past, 5 (10.0%) Alcohol dependence, in sustained full 

remission, 4 (8.0%) Major depressive disorder, single episode, 2 (4.0%) Anxiety 

disorder not otherwise specified, 2 (4.0%) dysthymic disorder, 1 (2.0%) Bipolar I 

disorder, 1 (2.0%) Schizoaffective disorder, bipolar type, 1 (2.0%) depressive 

disorder NOS, and 1 (2.0%) Adjustment disorder. 

• HCs: 31 (79.5%) no diagnosis, 4 (10.3%) Alcohol abuse, past, 2 (5.1%) Alcohol 

dependence, in sustained full remission, 1 (2.6%) Generalized anxiety disorder, 

and 1 (2.6%) Cannabis abuse, past. 



 

 

84 

Clinical Assessment Psychotic symptoms in PwP were measured with the Scaled 

Assessment of Negative Symptoms (SANS (Andreasen, 1989)) and the Scaled 

Assessment of Positive Symptoms (SAPS (Andreason, 1994)). We measured signs and 

symptoms of schizotypy in Rels and HCs with a version of the Structured Interview for 

Schizotypy (SIS, (Kendler, Lieberman, & Walsh, 1989)) modified by the NIMH Genetics 

Initiative Schizophrenia Linkage Sites (including 15 symptoms and 6 signs). All 

participants also completed the Schizotypy Personality Questionnaire (SPQ (Raine, 

1991)) and the Personality Inventory for DSM-5 (PID-5), full version (Krueger, 

Derringer, Markon, Watson, & Skodol, 2012). Current symptomatology in all 

participants were measured with the 24-item version of the Brief Psychiatric Rating Scale 

(BPRS (Ventura et al., 1993)). Lastly, current substance abuse was measured with the 

Drug Abuse Screen Test (DAST-10 (Skinner, 1982)). Group statistics and comparisons 

on these measures can be found in Table 4.1. 

Cognitive Tests 

The Word Reading test of the Wide Range Achievement Test-IV (Wilkinson & 

Robertson, 2006) was administered to measure academic achievement. Intellectual ability 

was estimated with the Similarities and Matrix Reasoning subtests of the Wechsler Adult 

Intelligence Scale-IV (Wechsler, 2008). All participants also completed the Brief 

Assessment of Cognition in Schizophrenia (BACS (Keefe et al., 2004)) to tap executive 

functioning more specifically implied in psychosis. See Table 4.1 for group 

characteristics on cognitive functioning. 

Neuroimaging and Preprocessing 
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3T MRI scan was completed at the Center for Magnetic Resonance Research 

(CMRR) at the University of Minnesota during the second visit. All participants 

completed two hour-long scanning sessions (Session A and Session B) on a 3T Siemens 

Prisma scanner. With the exception of hardware limitations, scanning protocol was 

closely matched to the Phase 1b HCP Lifespan on teens and young adults 

(https://humanconnectome.org/study-hcp-lifespan-pilot/phase1b-pilot-parameters). 

Scanning parameters were identical to the HCP Lifespan data acquired on the same 3T 

Prisma scanner 

(https://humanconnectome.org/storage/app/media/documentation/lifespan-

pilot/LSCMRR_3T_printout_2014.08.15.pdf). Briefly, two 6.5-min rsfMRI scans (TR = 

.80s, voxel size = 2.0mm isotropic, number of volumes = 488) with opposite phase 

encoding directions (anterior-to-posterior (AP) and posterior-to-anterior (PA)) were 

obtained each scanning session. This resulted in four rsfMRI runs totaling 26 minutes for 

each participant. Session A also included high-resolution T1w as well as T2w scans 

(voxel size = 0.8mm isotropic).  

Images were preprocessed with the HCP minimal preprocessing pipeline v3.27.0, 

which included minimal preprocessing as detailed in Glasser et al. (2013), followed by 

high-pass filtering (FWHM = 2355s) and removal of artifacts and 24 motion parameters 

with FMRIB’s ICA-based Xnoiseifier (FIX) (Griffanti et al., 2014) as detailed in Smith et 

al. (2013). The images were registered to the standard CIFTI grayordinate space using an 

areal-feature-based Multimodal Surface Matching algorithm (‘MSMAll’) (Glasser et al., 

2016; Robinson et al., 2014) and spatially smoothed at 2mm FWHM with pipeline 

v3.13.2.  
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RsFC Composite Score 

To derive the rsFC composite score that predicted PLEs in the Ma and 

MacDonald (in preparation), we first computed the resting-state functional connectome 

for each participant. Dual regression stage I (Beckmann et al., 2009) was used to regress 

preprocessed CIFTI data for each rsfMRI run onto the 100 group-level ICA maps derived 

in the original HCP. This resulted in 100 timeseries corresponding to 100 ICs per 

participant per run. Participant- and run-specific rsFC between two ICs was characterized 

by Fisher’s z transformed Pearson’s correlation between their timeseries. RsFC was then 

averaged across four runs, resulting in one 100x100 resting-state functional connectome 

for each participant.  

Next, we removed the effects of handedness (the Edinburgh Handedness 

Inventory (Oldfield, 1971)), movement in scanner (mean Relative RMS (Jenkinson et al., 

2002) across 4 runs), and total brain volume (FS_BrainSeg_Vol in FreeSurfer (Fischl et 

al., 2002)) from each rsFC measure. Instead of fitting models in the P-HCP dataset, we 

estimated linear effects of the covariates on each rsFC measure with the final sample in 

Ma and MacDonald, (in preparation) (855 participants in the original HCP) and 

subtracted them from the P-HCP data. Rationale behind this decision included that 1. the 

effects of covariates on rsFC were presumably better estimated with the larger HCP 

sample; and 2. removing effects according to the largely healthy HCP sample would 

prevent unintended removal of disease-related variance due to confounding between 

disease and the covariates. Direct application of HCP models to the P-HCP was made 

possible by the two sample’s high parallelism in measurement and image acquisition and 
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preprocessing. Figure S4.1 illustrates the compatibility of the covariates as well as rsFC 

between the two samples. 

Model I in Ma and MacDonald (in preparation), which controlled for handedness, 

movement in scanner, and total brain volume was applied to the rsFC data. Only 

connections that were consistently predictive of PLEs (defined as inclusion in at least 

90% of the cross-validation models) were used. HCP means and standardized deviations 

were used to standardize rsFC measures for the same reason explained in the previous 

paragraph. The rsFC composite score was the weighted linear combination of 85 

consistently predictive connections. Details of these connections were described in Ma 

and MacDonald (in preparation).  

Statistical Analysis 

RsFC composite score in the PwP, Rel, and HC groups was compared with a 

linear model controlling for age, gender, the DAST total score, and the BACS composite 

z score. As the P-HCP sample had a wider range in age (18-67) than the HCP (22-36), we 

accounted for possible changes in group differences as participants’ age fell outside of 

the HCP range by including an age x group interaction.  

Based on our hypothesis, we also performed a priori tests on the relationship 

between the rsFC composite score and various indices for positive and disorganized 

schizotypy/psychosis. We first constructed face valid PLEs “equivalents” that matched 

content areas of the PLEs measure in Ma and MacDonald (in preparation). These 

included the sum of unusual perceptual experiences, odd beliefs or magical thinking, and 

odd or eccentric behavior subscales of the SPQ (SPQ_PLEs), the sum of the illusions, 

magical thinking, and odd behavior symptoms/signs of the SIS (SIS_PLEs), and the sum 
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of the hallucinations, delusions, and bizarre behavior domains of the SAPS 

(SAPS_PLEs). Additionally, we examined the positive and disorganized factors of the 

SPQ (SPQ_Pos, SPQ_Dis (Raine, Lencz, Scerbo, & Kim, 1994)), the PID5 psychoticism 

domain (PID5_Psych), and the SAPS total score (SAPS_Tot). For each index, a linear 

model was built between the index of interest and the rsFC composite score, controlling 

for group, age, gender, the DAST total score, and the BACS composite z score. 

Interaction effects of rsFC x age and rsFC x group were also considered. Based on Ma 

and MacDonald (in preparation), we predicted positive relationship between the rsFC 

composite score and the aforementioned indices. Statistical significance of these a priori 

tests were based on one-tailed significance level of 0.05 with no correction for multiple 

comparisons.  

Lastly, we conducted exploratory tests on the relationship between the rsFC 

composite score and other aspects of schizotypy/psychosis, including the total and 

negative factor of the SPQ (SPQ_Tot, SPQ_Neg) and the SANS total score (SANS_Tot). 

Linear models were the same as those described the previous paragraph. 

Results 

Zero-order correlation between the clinical measures and demographic as well as 

other covariates are shown in Table S4.1.  

Group Differences in the RsFC Composite Score  

A linear regression in the entire sample revealed significant group (F(1,143) = 

4.02, p = .02) and age (F(1,143) = 10.41, p = .001) main effects as well as an age x group 

interaction (F(2,143) = 10.16, p < .001) on the rsFC composite score. Gender, the DAST 

total score, and the BACS composite z score had no significant effects (all ps > .05). The 



 

 

89 

rsFC composite score increased significantly with age in PwP (r = .567, t(63) = 5.45, p < 

.001) but not Rels (r = .016, t(48) = 0.11, p >.05) or HCs (r = -.129, t(37) = -0.79, p > .05) 

(Figure 4.1a).  

To further understand group differences in the rsFC composite score in different 

age groups, we split the data in to a younger and an older adult subgroup at the 50th 

percentile (n = 78, median age = 39). The younger adult subgroup had an age range of 

18-39, roughly matching the HCP sample. The old adult subgroup (n = 76) had an age 

range of 40-67. Characteristics of the two subgroups are presented in Table S4.2. An 

ANOVA in the younger adult subgroup showed no significant group differences in the 

rsFC composite score (F(2, 75) = 0.64, p > .05. mean ± sd = -0.23 ± 0.22 (PwP); -0.28 ± 

0.23 (Rels), and -0.21± 0.21 (HCs), Figure 4.1b). On the other hand, rsFC differed 

significantly across groups in the older adult subgroup (F(2, 73) = 8.73, p < .001, Figure 

4.1c). Consistent with the predicted direction, PwP (mean ± sd = 0.01 ± 0.28) had 

significantly higher rsFC composite score than Rels (-0.22 ± 0.23, Tukey’s adjusted p = 

.001) and HCs (-0.24 ± 0.17, Tukey’s adjusted p = .003). Rels and HCs did not differ 

significantly in rsFC (Tukey’s adjusted p > .05).  

RsFC Composite Score and Measures of Psychosis 

 Relationship between the rsFC composite score and indices for 

schizotypy/psychosis when controlling for group (when applicable), age, gender, the 

DAST total score, and the BACS composite z score is shown in Table 4.2 (a priori tests) 

and Table S4.3 (exploratory tests). Among a priori tests, rsFC composite score x age 

interaction was significant for the SPQ_PLEs, SIS_PLEs, SPQ_Pos, and PID5_Psych in 

the full sample, suggesting stronger positive relationship between the rsFC composite 



 

 

90 

score and these measures in younger participants. In the younger adult subgroup, rsFC 

was positively correlated with the SPQ_PLEs, SIS_PLEs, and SPQ_Pos, and correlation 

with the PID5_Psych approached significance. These relationships did not differ across 

groups. After partialling out the effects of group, age, gender, the DAST total score, and 

the BACS composite z score, correlation with rsFC in the younger adult subgroup was 

.215 for the SPQ_PLEs (t(74) = 1.89, pone-tailed = .036), .510 for the SPQ_PLEs (t(33) = 

3.41, pone-tailed < .001),  .317 for the SPQ_Pos (t(74) = 2.88, pone-tailed  = .003), and .194 for 

the PID5_Psych (t(73) = 1.69, pone-tailed = .047). See Figure 4.2. The rsFC composite score 

was not significantly correlated with these measures in the older adult subgroup. We 

found no evidence for association between the rsFC composite score and the 

SAPS_PLEs, SPQ_Dis, or SAPS_Tot. The rsFC composite score was not associated with 

the SPQ_Tot, SPQ_Neg, and SANS_Tot in the exploratory tests. 

Discussion 

In the present study, we tested a rsFC composite score previously found to predict 

PLEs in the general population by examining its relationship with personality traits and 

symptoms of psychosis in a clinical sample. In a subgroup of younger adults with a 

similar age range as the previous study (under 40), higher rsFC composite score was 

associated with higher ratings of positive/disorganized psychoticism across HCs, Rels, 

and PwP, but not psychotic symptoms in PwP. In a subgroup of older adults (above 40), 

the rsFC composite score did not correlate with traits or symptoms of psychosis. These 

findings offered partial support for our hypotheses. The rsFC composite score in Ma and 

MacDonald (in preparation) is a neurobiological marker of psychoticism shared across 

the psychosis continuum, although findings did not generalize to an older age group.  
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RsFC Composite Score Explained Psychoticism in Younger Adults 

In the younger adult subgroup with a similar age range as the original HCP data, 

the rsFC composite score positively correlated with indices of positive and disorganized 

psychoticism/schizotypy across PwP, Rels, and HCs. These included the SPQ_PLEs, 

SIS_PLEs, SPQ_Pos, and (at trend-level) PID5_Psych. While these indices were 

moderately to highly correlated (Table S4.1), important nuances exist in the way they 

expanded upon the construct of PLEs in Ma and MacDonald (in preparation). The 

SPQ_PLEs (unusual perceptual experiences, odd beliefs or magical thinking, and odd or 

eccentric behavior) was based on self-report and had the closest content match with the 

original PLEs questions. The SIS_PLEs (illusions, magical thinking, and odd behavior) 

involved similar content rated by trained interviewers, and the odd behavior sign in 

particular was solely based on observation. The SPQ_Pos (ideas of references, odd 

beliefs or magical thinking, unusual perceptual experiences, and suspiciousness) 

concerned the cognitive-perceptual factor of schizotypy (Raine et al., 1994) where 

suspiciousness and ideas of references were not directly assessed in the original PLEs. 

The PID5_Psych (eccentricity, perceptual dysregulation, and unusual beliefs and 

experiences) involved a perceptual dysregulation facet with experiences along the lines of 

derealization, depersonalization, and dissociation. Correlation between the rsFC 

composite score and these measures thus offered support for the PLEs measure first 

constructed by Sheffield et al. (2016) as a simple yet valid measure at the lower end of 

the psychosis continuum. The lack of relationship between the rsFC composite score and 

SPQ_Neg and SPQ_Tot, despite their high correlation with SPQ_Pos (Table S4.1), 

suggests specificity of the rsFC composite score as a marker for positive/disorganized, 
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but not negative psychoticism. Lastly, the lack of correlation with the SPQ_Dis may 

indicate a distinction between behavioral (odd behavior) versus cognitive variants of 

disorganization (odd speech). According to some, the former may be more in line with an 

additional impulsive noncomformity factor of schizotypy (Mason & Claridge, 2006; 

Mason, Claridge, & Jackson, 1995; Vollema & van den Bosch, 1995).  

Curiously, despite its positive relationship with positive/disorganized 

psychoticism, the rsFC composite score did not differ significantly among PwP, Rels, and 

HCs in the younger subgroup. In other words, the rsFC composite score did not account 

for between-group differences in psychoticism. An apparent explanation is that the effect 

of rsFC composite score on between-group differences may be too small to be detected at 

the current sample size. Additionally, we note that the rsFC composite score was derived 

from the largely healthy HCP sample with limited PLEs. Thus, additional rsFC correlates 

of psychoticism may simply not be present or enriched enough to be detected in Ma and 

MacDonald (in preparation).    

RsFC Composite Score Did Not Explain Psychotic Symptoms in Younger Adults 

Contrary to psychoticism, positive symptoms of psychosis in younger PwP could 

not be explained by the rsFC composite score. This lack of relationship may be explained 

by several factors. First, the rsFC composite score was derived from a machine learning 

process to maximally explain PLEs, a trait-like rather than state-dependent characteristic. 

Thus, it is not surprising that the rsFC composite score had less correlation with 

psychotic symptoms which are more variable over time. Second, PLEs and psychotic 

symptoms can be considered manifestations of two extremes of the psychosis continuum. 

An index created to explain variance at the lowest end of the continuum (e.g., various 
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levels of illusionary experiences) may just not work as well at the highest end (e.g., 

hallucinations) - the relationship may simply become nonlinear. Lastly, full-blown 

psychosis may indeed involve unique neurobiological mechanisms not observed 

elsewhere along the psychosis continuum.  

RsFC Composite Score Did Not Explain Psychoticism or Psychotic Symptoms in Older 

Adults 

Findings in the older adult subgroup differed from those in the younger adult 

subgroup. The rsFC composite score did not explain psychoticism or psychotic symptoms 

yet was significantly higher in PwP than HCs and Rels. The latter finding was attributed 

to a significant positive correlation between age and the rsFC composite score solely in 

PwP. First and foremost, these findings indicate that the rsFC composite score, derived 

from the HCP sample (aged 22-36), may not be directly generalized to older adults. 

Afterall, computing the rsFC composite score relied on the HCP as a normative sample, 

which failed to account for normal aging in older adults. However, the observation of a 

strong correlation between age and the rsFC composite score unique to PwP, combined 

with largely comparable psychoticism and psychotic symptoms between the older and 

younger subgroups (Table S4.2), is potentially interesting. Although cross-sectional, the 

data may suggest neural degenerative processes or antipsychotic exposure targeting 

neural substrates of the psychosis continuum in psychotic disorders, causing decoupling 

between the rsFC composite score and psychoticism in PwP.  

Limitations 

A primary limitation of the present study is that we did not answer whether the 

rsFC composite score may be an endophenotype of psychosis. Based on a lack of group 
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difference in the rsFC composite score between Rels and HCs, it may be tempting to 

conclude that the rsFC composite score did not reflect genetic liability for psychosis-

proneness. However, the same question can be probed in other ways, such as examining 

the relationship between the rsFC composite score and the schizophrenia polygenetic risk 

score (Poletti et al., 2017). Luckily, the P-HCP is collecting genotype data, making a 

future analysis like this possible.  

Conclusions 

In the present study, we demonstrated the generalizability of a rsFC composite 

score that explained PLEs in a large community sample by showing its correlation with 

various measures of positive/disorganized psychoticism in PwP, Rels, and HCs. The 

findings suggest the rsFC composite score as a neurobiological marker across the 

psychosis continuum. However, the same score did not explain variance in psychotic 

symptoms. The study also serves as a proof-of-concept, showing the advantage of 

combining the publicly available disease and healthy HCP data in clinical neuroscience 

research. Future research may continue to exploit the rich characterization of the HCP 

datasets and examine the rsFC composite score’s relationship with the genetic risk for 

schizophrenia, its change during neurodevelopment, and the cognitive and affective 

mechanisms associated with involved functional connections. 
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Table 4.1. Demographic and Clinical Characteristics of the PwP, Rel, and HC Groups 

 
 HCs (n=39) Rels (n=50) PwP (n=65) Statistical Testing 
Age 38.1 (13.2) 44.7 (12.9) 38.1 (12.2) F(2,151) = 4.65* 

Rels>HCs*, Rels>PwP* 
% male 51.3% 32.0% 60% c2(2) = 9.01* 

Rels<PwP* 
Race (White:Black:Other%) 84.6:7.7:7.7 88.0:8.0:4.0 72.3:13.8:13.8 n.s. 
Handedness 68.3 (38.7) 68.0 (44.7) 65.9 (41.3) n.s. 
mean RMS movement (mm) 0.059 (0.015) 0.061 (0.017) 0.074 (0.025) F(2,151) = 8.49*** 

HCs < PwP**, Rels < PwP** 
DAST total score 1.3 (0.7) 1.5 (1.2) 1.7 (1.0) n.s. 
Years of education 15.7 (2.5) 15.1 (2.5) 14.0 (2.3) F(2,151) = 6.30** 

HCs > PwP** 
WAIS-IV Estimated IQ 105.8 (12.0) 101.8 (10.6) 97.5 (12.3) F(2,150) = 6.28** 

HCs > PwP** 
BACS composite z score 0.28 (0.69) 0.00 (0.83) -0.71 (0.72) F(2,151) = 24.37*** 

HCs > PwP***, Rels > PwP*** 
BPRS total score 27.4 (4.1) 31.5 (6.6) 43.9 (11.1)  F(2,151) = 55.62*** 

HCs < PwP***, Rels < PwP*** 
SANS total score - - 27.4 (17.2) - 
SAPS total score - - 15.9 (15.8) - 
SPQ total score 6.9 (6.9) 12.9 (11.7) 29.9 (14.4) F(2,151) = 53.14*** 

HCs < PwP***, Rels < PwP*** 
PID5 psychoticism 8.8 (9.6) 10.4 (11.4) 36.5 (19.9) F(2,145) = 55.67*** 

HCs < PwP***, Rels < PwP*** 
Note: mean (standard deviation). HCs: Healthy Controls. Rels: Relatives. PwP: People with Psychosis. Handedness: Edinburgh 

Handedness Scale. DAST: Drug Abuse Screen Test. WAIS-IV: Wechsler Adult Intelligence Scale – IV. BACS: Brief Assessment of 

Cognition in Schizophrenia. BPRS: Brief Psychiatric Rating Scale. SANS: Scaled Assessment of Negative Symptoms. SAPS: Scaled 

Assessment of Positive Symptoms. SPQ: Schizotypy Personality Questionnaire. PID5: Personality Inventory for DSM-5. 
*p < .05, **p<.01, ***p <.001, n.s.= not significant. Comparisons between any two groups were based on Tukey’s HSD test. p values were 

not corrected for multiple comparisons.  
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Table 4.2. Relationship between the RsFC Composite Score and Indices for 

Schizotypy/Psychosis: Results of a priori Test 

a priori Tests 
  Full Sample Younger Adult  Older Adult 
 Variables B (SE) p B (SE) p B (SE) p 
SPQ_PLEs 
(PwP,Rels,HCs) 

rsFC CSa 1.15 (1.38) n.s. 3.89 (2.15) .037* -0.96 (1.81) n.s. 
ageb -0.09 (0.03) .007** 0.02 (0.08) n.s. -0.16 (0.07) .026* 
GroupRel -4.68 (0.86) <.001*** -4.38 (1.28) .001** -3.15 (1.20) .01* 
GroupHC -5.74 (0.90) <.001*** -6.16 (1.21) <.001*** -4.15 (1.31) .002** 
rsFC CS x ageb -0.29 (0.11) .006** dropped  dropped  
rsFC CS x GroupRel dropped  dropped  dropped  
rsFC CS x GroupHC dropped  dropped  dropped  

SIS_PLEs 
(Rels,HCs) 

rsFC CSa 1.64 (0.76) .017* 4.04** (1.29) .002** -0.99 (-.90) n.s. 
ageb -0.05 (0.02) .015* -0.03 (0.04) n.s. -0.12 (0.03) <.001*** 
GroupHC -0.70 (0.35) .052 -0.67 (0.59) n.s. -1.10 (0.37)  .005** 
rsFC CS x ageb -0.15* (0.06) .011* dropped  dropped  
rsFC CS x GroupHC dropped  dropped  dropped  

SAPS_PLEs 
(PwP) 

rsFC CSa -12.60 (7.73) n.s.     
ageb 0.08 (0.18)  n.s.     
rsFC CS x ageb dropped      

SPQ_Pos 
(PwP,Rels,HCs) 

rsFC CSa 1.95 (1.92) n.s. 7.67 (2.78) .004** -3.47 (2.82) n.s. 
ageb -0.12 (0.05)  .009** 0.01 (0.10) n.s. -0.09 (0.11) n.s. 
GroupRel -8.30 (1.21) <.001*** -7.59 (1.66) <.001*** -7.33 (1.86) <.001*** 
GroupHC -9.67 (1.26) <.001*** -9.33 (1.57) <.001*** -9.05 (2.04) <.001*** 
rsFC CS x ageb -0.51 (0.15) <.001*** dropped  dropped  
rsFC CS x GroupRel dropped  dropped  dropped  
rsFC CS x GroupHC dropped  dropped  dropped  

SPQ_Dis 
(PwP,Rels,HCs) 

rsFC CSa 0.71 (1.32) n.s.     
ageb -0.04 (0.03) n.s.     
GroupRel -2.68 (0.83) .001**     
GroupHC -4.31 (0.86) <.001***     
rsFC CS x ageb dropped      
rsFC CS x GroupRel dropped      
rsFC CS x GroupHC dropped      

PID5_Psych 
(PwP,Rels,HCs) 

rsFC CSa 0.51 (5.50) n.s. 14.01 (8.65)  .055 -11.36 (7.49) n.s. 
ageb -0.42 (0.13) .001** -0.12 (0.31)  n.s. -0.38 (0.30) n.s. 
GroupRel -24.20 (3.47) <.001*** -26.00 (5.21) <.001*** -19.57 (5.09)  <.001*** 
GroupHC -26.57 (3.43) <.001*** -28.60 (4.87) <.001*** -21.83 (5.05) <.001*** 
rsFC CS x ageb -1.13 (0.41) .007** dropped  dropped  
rsFC CS x GroupRel dropped  dropped  dropped  
rsFC CS x GroupHC dropped  dropped  dropped  

SAPS_Tot 
(PwP) 

rsFC CSa 8.93 (8.95) n.s.     
ageb 0.10 (0.21) n.s.     
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rsFC CS x ageb dropped      
Note: All models in Table 4.2 included rsFC CS, group (when applicable), age, rsFC CS x group, rsFC CS x age, gender, the DAST total score, 

and the BACS composite z score (see text). Interaction terms were dropped if insignificant at a significance level of .05.  
a p-values for the rsFC main effect were one-tailed. 
bAge was centered across the entire sample before entering into models. 

HCs: Healthy Controls. Rels: Relatives. PwP: People with Psychosis. SPQ: Schizotypy Personality Questionnaire. PID5: Personality Inventory 

for DSM-5. SIS: Structured Interview for Schizotypy. SANS: Scaled Assessment of Negative Symptoms. SAPS: Scaled Assessment of Positive 

Symptoms. Pos: positive. Dis: disorganized. Neg: negative. Tot: total score. Psych: psychoticism. PLEs: psychotic-like experiences. BACS: 

Brief Assessment of Cognition in Schizophrenia. DAST: Drug Abuse Screen Test. rsFC CS: rsFC composite score. 
*p < .05, **p<.01, ***p <.001, n.s.= not significant. p values were not corrected for multiple comparisons. 
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Figure 4.1. Group Difference in the RsFC Composite Score was Moderated by Age 

 

 

Note: a) Scatterplot between age and the rsFC composite score with linear fit in PwP, 
Rel, and HC groups. dashed line: median split of age. b) Boxplot of rsFC composite score 
in PwP, Rels, and HCs in the younger adult subgroup (18-39 years). c) Boxplot of rsFC 
composite score in PwP, Rels, and HCs in the older adult subgroup (40-67 years). PwP: 
people with psychosis. Rel: relative; HC: healthy control. *p<.05, **p<.01, ***p <.001. p 
values were not corrected for multiple comparisons. 
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Figure 4.2. Scatterplots between the RsFC Composite Score and the SPQ_PLEs (a), 

SIS_PLEs (b), SPQ_Pos (c), and PID5_Psych (d) in the Younger Adult Subgroup 

 

 

Note: All values were residuals with effects of group, age, gender, the DAST total score 
and the BACS composite z score removed. r: partial correlation. SPQ: Schizotypy 
Personality Questionnaire. SIS: Structured Interview for Schizotypy. PID5: Personality 
Inventory for DSM-5. Pos: positive. PLEs: psychotic-like experiences. Psych: 
psychoticism. PwP: people with psychosis. Rel: relative; HCs: healthy control. *p<.05, 
**p<.01, ***p <.001. p values were not corrected for multiple comparison 
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Table S4.1. Correlation among Clinical Measures, Demographics, and Other Covariates 

 
 Age Gender

M 
Handed
ness 

Relative 
RMS 

DAST 
total 

WAIS-
IV IQ 

BACS 
z score 

SPQ_
Tot 

SPQ_
Pos 

SPQ_
PLEs 

SPQ_
Neg 

SPQ_
Dis 

PID5_
Psych 

SIS_
PLEs 

SAPS_
Tot 

SAPS_
PLEs 

GenderM .00 -               
Handedness .17* -.05 -              
Relative RMS .09 -.02 .06 -             
DAST total -.21** .11 -.05 -.01 -            
WAIS-IV IQ -.24** -.11 -.13 -.24** -.08 -           
BACS z score .07 -.07 -.01 -.22** -.18* -.58*** -          
SPQ_Tot -.13 .07 -.01 .26** .14 -.28*** -.47*** -         
SPQ_Pos -.12 .10 -.05 .29*** .16 -.32*** -.50*** .91*** -        
SPQ_PLEs -.16* .15 -.11 .21** .17* -.24** -.41*** .85*** .89*** -       
SPQ_Neg -.12 .01 .01 .20* .05 -.23** -.41*** .92*** .75*** .68*** -      
SPQ_Dis -.14 .10 -.03 .19* .19* -.18* -.36*** .86*** .73*** .82*** .70*** -     
PID5_Psych -.22** .16* -.13 .16 .14 -.20* -.41*** .82*** .82*** .84*** .72*** .76*** -    
SIS_PLEs -.09 -.26* -.03 .36*** .22* -.13 -.34** .57*** .63*** .58*** .38*** .47*** .50*** -   
SAPS_Tot .04 .17 -.39** .01 .06 -.21 -.18 .19 .27* .39** .09 .23 .28* - -  
SAPS_PLEs -.02 .09 -.29* -.02 .10 -.17 -.22 .21 .28* .35** .13 .21 .28* - .92*** - 
SANS_Tot .25* .29* -.15 .28* .11 -.47*** -.37** .22 .26* .17 .21 .04 .18 - .33** .30* 
Note: Relative RMS: mean relative root mean square movement (Jenkinson et al., 2002) across 4 runs. DAST: Drug Abuse Screen Test. WAIS: Wechsler Adult Intelligence Scale. BACS: 
Brief Assessment of Cognition in Schizophrenia. SPQ: Schizotypy Personality Questionnaire. PID5: Personality Inventory for DSM-5. SIS: Structured Interview for Schizotypy. SANS: 
Scaled Assessment of Negative Symptoms; SAPS: Scaled Assessment of Positive Symptoms. Pos: positive. Dis: disorganized. Neg: negative. Tot: total score. Psych: psychoticism. PLEs: 
psychotic-like experiences. 
*p < .05, **p<.01, ***p <.001. p values were not corrected for multiple comparisons. 
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Table S4.2. Demographic and Clinical Characteristics of the Younger and Older Adult 

Subgroups 

 
 Younger Adult 

(n=78) 
Older Adult 
(n=76) 

Statistical Testing 

Age 29.1 (6.4) 51.6 (6.4) t(151.86) = 21.76*** 
HCs:Rels:PwP 21:18:39 18:32:26 c2(2) = 6.73* 

% male 51.3% 46.1% n.s. 
Race (White:Black:Other%) 75.6:9.0:15.4 85.5:11.8:2.6 c2(2) = 7.66* 
Handedness 62.2 (39.2) 72.4 (43.5) n.s. 
mean RMS movement (mm) 0.064 (0.018) 0.067 (0.024) n.s. 
DAST total score 1.3 (0.7) 1.5 (1.2) n.s. 
Years of education 14.5 (2.4) 15.1 (2.6) n.s. 
WAIS-IV Estimated IQ 103.5 (11.9) 98.4 (11.8) t(150.79) = 2.67** 
BACS composite z score -0.34 (0.95) -0.11 (0.74) n.s. 
BPRS total score 35.9 (11.8) 35.5 (10.2) n.s. 
SPQ_PLEs 5.2 (5.3) 3.7 (4.3) n.s. 
SIS_PLEs 1.6 (2.0) 1.7 (1.5) n.s. 
SAPS_PLEs 10.7 (13.3) 13.0 (14.8) n.s. 
SPQ_Pos 8.0 (8.0) 6.0 (7.0) n.s. 
SPQ_Dis 5.1 (4.6) 3.9 (3.9) n.s. 
PID5_Psych 25.5 (22.1) 16.6 (17.2) t(142.11) = 2.75** 
SAPS_Tot 14.6 (14.8) 17.8 (17.3) n.s. 
SPQ_Tot 20.8 (16.4) 16.3 (14.3) n.s. 
SPQ_Neg 10.3 (7.9) 8.1 (6.9) n.s. 
SANS_Tot 24.0 (17.6) 32.4 (15.5) t(57.91) = -2.02* 
Note: mean (standard deviation). HCs: Healthy Controls; Rels: Relatives; PwP: People with Psychosis; Handedness: 
Edinburgh Handedness Scale; DAST: Drug Abuse Screen Test; WAIS-IV: Wechsler Adult Intelligence Scale – IV; 
BACS: Brief Assessment of Cognition in Schizophrenia; BPRS: Brief Psychiatric Rating Scale; SANS: Scaled 
Assessment of Negative Symptoms; SAPS: Scaled Assessment of Positive Symptoms; SPQ: Schizotypy Personality 
Questionnaire; PID5: Personality Inventory for DSM-5. SIS: Structured Interview for Schizotypy. Pos: positive. Dis: 
disorganized. Neg: negative. Tot: total score. Psych: psychoticism. PLEs: psychotic-like experiences.  
*p < .05, **p<.01, ***p <.001, n.s.= not significant. t-tests were Welch’s t-test. p values were not corrected for 
multiple comparisons. 
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Table S4.3. Relationship between the RsFC Composite Score and Indices for 

Schizotypy/Psychosis: Results of Exploratory Test 

  Full Sample 
 Variables B (SE) p 

SPQ_Tot 
(PwP,Rels,HCs) 

rsFC CS 1.14 (4.17) n.s. 
agea -0.10 (0.08) n.s. 
GroupRel -13.43 (2.62) <.001*** 
GroupHC -19.22 (2.74) <.001*** 
rsFC CS x agea dropped  
rsFC CS x GroupRel dropped  
rsFC CS x GroupHC dropped  

SPQ_Neg 
(PwP,Rels,HCs) 

rsFC CS -0.39 (2.17) n.s. 
agea -0.05 (0.04) n.s. 
GroupRel -5.64 (1.37) <.001*** 
GroupHC -8.99 (1.43) <.001*** 
rsFC CS x agea dropped  
rsFC CS x GroupRel dropped  
rsFC CS x GroupHC dropped  

SANS_Tot 
(PwP) 

rsFC CS -6.02 (8.69) n.s. 
agea 0.41 (0.19) .038* 
rsFC CS x agea dropped  

Note: All models in Table S4.3 included rsFC CS, group (when applicable), 
age, rsFC CS x group, rsFC CS x age, gender, the DAST total score, and the 
BACS composite z score (see text). Interaction terms were dropped if 
insignificant at a significance level of .05.  
aAge was centered across the entire sample before entering into models. 
HCs: Healthy Controls. Rels: Relatives. PwP: People with Psychosis. SPQ: 
Schizotypy Personality Questionnaire. SANS: Scaled Assessment of Negative 
Symptoms. Neg: negative. Tot: total score. BACS: Brief Assessment of 
Cognition in Schizophrenia. DAST: Drug Abuse Screen Test. rsFC CS: rsFC 
composite score. 
*p < .05, **p<.01, ***p <.001, n.s.= not significant. p values were not corrected 
for multiple comparisons. 
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Figure S4.1. Compatibility between the HCP and P-HCP 

 

 
 
Note: a) - c) Histograms of handedness (a), mean relative RMS movement (b), and brain 
volume (c) in the HCP and P-HCP. Handedness was measured with the Edinburgh 
Handedness Inventory. Mean relative RMS movement of a participant was their average 
Relative RMS movement across all rsfMRI scans. Brain volume was the 
FS_BrainSeg_Vol output of FreeSurfer. Red: HCP. Blue: P-HCP. d) and e) Heatmaps of 
rsFC mean (d) and standard deviation (e) in the HCP and P-HCP. RsFC mean was the 
average of subject-mean rsFC across all subjects. Pearson’s correlation between the HCP 
and P-HCP: r = 0.95, p < .001. RsFC standard deviation was the standard deviation of 
subject-mean rsFC across all subjects. Pearson’s correlation between the HCP and P-
HCP: r = 0.86, p < .001. Lower triangle: HCP. Upper triangle: P-HCP. Left and top color 
bars indicate canonical networks. TP/OFC: temporal pole/orbitofrontal cortex. 



 

 

104 

Chapter 5: General Discussion 

In this dissertation, a systematic approach was taken to derive insight about neural 

substrates of psychopathology from large-scale neuroimaging datasets. In step 1 (Study 

1), neurometric properties of all candidate neuroimaging measures were carefully 

characterized across dimension reduction schemes. In step 2 (Study 2), a data-driven 

approach was adopted to build a model for the normal variant of the psychopathology of 

interest in a large community sample, with measures deemed to have satisfactory 

neurometric properties in step I. In step 3 (Study 3), the model in step II was validated in 

a clinical sample enriched with psychopathology.  

With this approach, we derived a rsFC composite score that integrated reliable 

functional connections in the brain cortex to collectively predict as much as 3.4% of 

variance in PLEs in the general population. This composite score was directly validated 

in a clinical sample, and positively correlated with positive and disorganized 

psychoticism in people with psychosis, first-degree relatives, as well as healthy controls. 

Thus, we provided strong evidence for a rsFC substrate of the psychosis continuum, with 

contributing functional connections primarily in the brain’s cognitive (frontoparietal, 

cingulo-opercular, dorsal attention, and default) networks. In addition to corroborating 

existing literature on rsFC disruptions across the psychosis continuum (Dong et al., 2017; 

Pettersson-Yeo et al., 2011), the findings are unique in providing a quantifiable rsFC 

indicator of psychoticism, showing preliminary potential for precision neuroscience. 

In the following text, we discuss insights gained from this dissertation with regard 

to scientific knowledge and methodology. 

Neural Underpinnings of the Psychosis Continuum 
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With the caveat of not including connectivity with subcortical regions, our 

findings suggest that the rsFC substrates of PLEs is the addition of many small effects 

(e.g., a R2 of 3.4% with 85 consistently predictive connections). For some readers, this 

may be surprising, as it is not uncommon for neuroimaging studies to report Pearson’s 

correlation with a single functional connection on a .1-.2 scale (see Sabaroedin et al. 

(2019) for an example). Based on these reports, one would expect the additive effects of 

85 connections to be considerably larger. Aside from various methodological constraints 

that could have limited the R2 in this dissertation, the low R2 serves as a reminder that 

rsFC measures involve high multicollinearity. One study reporting an altered 

corticostriatal connection underlying PLEs and another reporting reduced default-

frontoparietal anticorrelation may be describing the same neural circuit substantiating 

psychoticism. To this extent, efforts that move us away from the level of single 

connections to circuitry and systems will be valuable.  

Despite their small effect sizes, connections involved in the rsFC model for PLEs 

were primarily found within and between the brain’s cognitive (frontoparietal, cingulo-

opercular, dorsal attention, and default) networks, agreeing with previous studies. 

However, to the disappointment of some readers, insights on each of these connections 

and their role in sustaining psychoticism are limited. Indeed, further interpretation is 

impeded by 1. Lack of knowledge about the independent components derived from ICA 

at an unusually high dimensionality; and 2. Use of multiple regression models where 

signs of beta coefficients were impacted by other variables included and therefore 

expected to be inconsistent with zero-order correlation. However, we emphasize that this 
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dissertation is the beginning rather than the end of understanding these components and 

connections. By engaging different data modalities in the HCP and P-HCP, we can 

continue to understand their structural, functional, and genetic implications. For example, 

investigating their involvement in the dot pattern expectancy task in the P-HCP may help 

elucidate the role of these connections in aberrant context processing (Macdonald et al., 

2013) which gave rise to psychotic functioning. To facilitate this type of knowledge 

accumulation, we will make the ICA as well as elastic net model results available at the 

Brain Analysis Library of Spatial maps and Atlases (https://balsa.wustl.edu/) for 

interested readers.   

So what do these findings tell us about the psychosis continuum? First of all, we 

did find evidence for a rsFC underpinning of the psychosis continuum. However, we note 

that the rsFC composite score did not explain the group differences in psychoticism 

across people with psychosis, first-degree relatives, and healthy controls, nor did it not 

correlate with psychotic symptoms in people with psychosis. Additional underpinnings of 

the psychosis continuum may be found in other aspects of neurobiology, such as 

tractography, task activation, or neurochemistry. RsFC alterations across the psychosis 

continuum may also not be completely continuous, with new circuits reflecting 

neurodevelopmental insults or additional pathological functioning at different levels. A 

study approach opposite to this dissertation, where rsFC alterations in people with 

psychosis in the P-HCP are validated in the HCP, will provide insight on this issue. 

Future directions 

One important future direction of this research is to explore other indices along 

the psychosis continuum that may have a clearer neural underpinning. One example is 



 

 

107 

neurocognitive functioning. Neurocognitive disturbances are well-established in 

psychotic disorders. Problems in cognitive functioning have been observed prodromal 

and even premorbid (Paolo Fusar-Poli et al., 2012; Mollon & Reichenberg, 2018) and 

have been found to predict prognosis (Allott, Liu, Proffitt, & Killackey, 2011). Curiously, 

the rsFC composite score in this work did not appear to correlate with cognitive 

functioning at all. A rsFC model explaining neurocognitive deficits along the psychosis 

continuum may prove more powerful than the one reported in this dissertation, 

considering Dubois et al. (2018)’s success in predicting as much as 20% of variance in 

cognitive ability with human connectomics.  

Another future direction is to continue extending the validity of the rsFC 

composite score in other datasets. For example, the Life Span HCP is collecting rsfMRI 

data in 1350 children, adolescents, and young adults from 5-21 with a very similar 

protocol. At the very least, normal brain development characterized by the Life Span 

HCP can serve as age-adjusted norms for computing the rsFC composite score in youth. 

This will open the door for examining the rsFC and its change across development, 

especially during critical periods for prodromal psychosis. Alternatively, a new rsFC 

composite score may be fitted in the Life Span HCP and compared with the present one. 

Studying psychopathology in Large-Scale Neuroimaging Datasets: Reflections on 

Methodology 

Working with very large neuroimaging datasets presents unique challenges as 

well as opportunities, calling for careful considerations of and innovations in research 

methodology. Below, we discuss methodological lessons learned from this dissertation 

and implications on future research. 



 

 

108 

Study 1, which characterized and compared test-retest reliability of rsFC across a 

number of brain parcellation schemes, built a strong foundation for Studies II and III. 

Besides guiding the choice of an ICA dimensionality most suitable for Studies II and III, 

two additional functions were served. First, it offered preliminary support for the validity 

of high dimensional ICA results that had not been investigated in previous, smaller 

datasets. Second, it provided a non-double-dipping (Kriegeskorte, Simmons, Bellgowan, 

& Baker, 2009) basis for preselecting candidate functional connections entered into 

model fitting in Study 2 and proved to enhance model performance. To this extent, one 

may also argue that it protected against the “garbage-in, garbage-out” problem in this 

data mining effort. Taken together, Study 1 showed that characterizing reliability is 

arguably more important for large-scale neuroimaging research. In our opinion, a future 

direction is to incorporate reliability information directly in statistical analysis. Mueller et 

al. (2015) proposed to correct for correlation attenuation based on reliability 

heterogeneity across the brain. Methods that generalize this approach to multiple 

regression models may work to reduce the bias against less reliable connections. 

Our approach to Study 2 was decidedly data mining rather than hypothesis-driven, 

with the hope of maximally exploiting the HCP sample size. We also chose a cross-

validation based predictive framework which holds the promise for more reproducible 

findings (J. Dubois & Adolphs, 2016). Even at this relatively large sample size and with 

elastic net regression, careful consideration was given to the dimensionality of ICA 

parcellation to close the gap between the number of observations and that of explanatory 

variables. To some extent, this was more challenging than in (J. Dubois, Galdi, Paul, et 

al., 2018), as the distribution of PLEs was much more skewed than intelligence. Large-
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scale neuroimaging datasets offer a playground for data mining techniques, yet clinical 

neuroscientists shall continue to dance carefully around power, sample size, base rate, 

and effect size. 

Study 3 is an important proof-of-concept for jointly using the healthy and disease 

HCP samples. Perhaps the most encouraging is the highly similar averaged human 

connectome in the P-HCP when dual regressed on the HCP ICA results. This suggests 

that we can start to build normative samples for neuroimaging data, just as what was done 

for intellectual and psychological tests. Reducing the burden for researchers to collect 

their own control samples will greatly accelerate the speed of scientific knowledge 

accumulation. On that account, we note that an increasing number of researchers are 

collecting their own data with the HCP imaging protocol. What’s more, a literature is 

quickly growing on harmonizing multisite structural and resting-state functional MRI 

data that vary in protocols (Adhikari et al., 2019; Clarke et al., 2020; Pomponio et al., 

2020), creating exponential opportunities for cross-validation. 

Study 3 also suggests caution be taken in the aforementioned approach. The 

finding that validation in the older P-HCP subgroup was worse than the younger 

subgroup indicates that sample compatibility is a prerequisite for generalization from the 

HCP. When collecting their own HCP-style data, researchers should consider match in 

not only the imaging protocol but also sample characteristics to facilitate cross-validation. 

Additionally, differences in reliability across datasets may also impact generalizability. In 

Study 3, we did not characterize rsFC reliability. Given that the P-HCP rsfMRI scans 

were shorter in duration than the HCP scans (although both exceeded what was typically 

recommended in reliability studies, see (Birn et al., 2013; Mejia et al., 2016)), rsFC 
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measures in the P-HCP may have lower reliability, and the rsFC composite score wider 

confidence intervals. A related question then is how much data are needed to have a good 

estimate of the rsFC composite score in a new subject. 

 A few words need to be said about the decision of starting from a community 

sample and validating in a clinical sample, as opposed to the other way around. The main 

motivation was to adopt the data-driven modeling approach by Dubois et al. (2018; 2018) 

to identify many functional connections underlying psychosis at once, for which purpose 

the HCP data was more suitable. This approach also has clear limitations, due to limited 

PLEs in the HCP sample and the absence of, or low power to discover some rsFC 

correlates associated with more severe psychosis. Moreover, the predictive power of 

data-driven models may be restricted to what they are trained to predict. As was seen in 

this dissertation, the rsFC composite score trained on PLEs predicted psychotic 

personality traits, rather than psychotic symptoms in the P-HCP. To make up for these 

shortcomings, the complementary approach where variance associated with more severe 

psychopathology is tested in subclinical samples is necessary. If anything, access to the 

healthy and disease HCP datasets serves to accelerate this two-way approach. 

Future directions 

In this dissertation, we relied on ICA to parcellate the brain cortex into 

functionally homogenous units. Some has questioned the validity of this data reduction 

approach, arguing that the spatial independence assumption in ICA is merely to force 

unique solutions and does not have legit neurobiological foundation (Helwig & Hong, 

2013). A different set of approaches called multiway data analysis holds promises to 

overcome the problem in ICA and greatly improve our ability to model rsfMRI data 



 

 

111 

(McIntosh & Mišić, 2013). Multiway data analysis decomposes N-way (N≥3) arrays and 

establishes the association between them and other variables/arrays of interest. A number 

of characteristics of multiway data analysis make it particularly attractive for rsfMRI 

analysis. First of all, multiway analysis provides direct modeling of structural variation 

and higher-way linkage across subjects, trials, etc., omitting the need to reconstruct these 

values post hoc. Second, multiway methods can be easily extended to any dimension, 

making it highly flexible for various neuroimaging datasets. Third, unlike bilinear 

models, certain multiway models such as PARAFAC and PARAFAC2 (Carroll & Chang, 

1970; Harshman, 1970) have unique solutions under very mild prerequisites (Kruskal, 

1977; Stegeman, 2007), and these unique solutions often have real-world interpretations. 

Applying multiway analysis may lead to more neurobiologically sound and reliable brain 

components, which then improve our ability to explain variance in psychopathology. 

Conclusion 

In this dissertation, we demonstrated the feasibility of studying psychopathology 

with healthy as well as diseased large-scale neuroimaging datasets, integrating the 

dimensional model of psychopathology, neurometrics, data mining, and cross-validation 

across samples. We reported a rsFC composite score underlying PLEs in the general 

population and also explaining psychoticism in patients with psychosis and first-degree 

relatives. Abundant opportunities exist to further explore the neurobiological implication 

and clinical utility of the rsFC composite score in the healthy and disease HCP datasets. 
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