
 

 

 University of Groningen

The Predictive Brain and Psychopathology
Geng, Haiyang

DOI:
10.33612/diss.131330743

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2020

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Geng, H. (2020). The Predictive Brain and Psychopathology: Searching for the hidden links across anxiety,
hallucination and apathy. [Thesis fully internal (DIV), University of Groningen]. University of Groningen.
https://doi.org/10.33612/diss.131330743

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://doi.org/10.33612/diss.131330743
https://research.rug.nl/en/publications/ddbd9542-b510-452a-b211-21f80e660d89
https://doi.org/10.33612/diss.131330743


	

	

 
 
 
 
 
 

 
 

The Predictive Brain and Psychopathology 
 

Searching for the hidden links  
across anxiety, hallucination and apathy 

 
 
 
 
 
 
 
 
 

Haiyang Geng 
 
 
 
 
 
 
 

  



	

	

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
Haiyang Geng is supported by PhD scholarship from the University of 
Groningen and Shenzhen University  
 
Cover Design: Ningli Zhu 
Printed by: Ipskamp Printing  
©Haiyang Geng, Groningen, 2020   



	

	

 
 
 

The Predictive Brain and 
Psychopathology 

 
Searching for the hidden links  

across anxiety, hallucination and apathy 
 
 

PhD thesis 
 
 

to obtain the degree of PhD at the 
University of Groningen 
on the authority of the 

Rector Magnificus Prof. C. Wijmenga 
and in accordance with 

the decision by the College of Deans. 
 

This thesis will be defended in public on  
 

Tuesday 25 August 2020 at 09:00 hours  
 
 

by 
 

 
Haiyang Geng 

 
born on 24 March 1988 
in Heilongjiang, China 



	

	

Supervisors 

Prof. A. Aleman  

Prof. Y.J. Luo  

 
Co-supervisors 
Dr. B. ĆurPPčić-Blake   

Dr. P. Xu  

 
Assessment Committee 
Prof. G.H.M. Pijnenborg  

Prof. D. Linden  

Prof. R. Jardri 
 
 
 
 

 

 
 

 
  



	

	

Table of Contents 
 

CHAPTER 1                                                                           7 
General introduction  

CHAPTER 2                                                                         21 
Altered brain activation and connectivity during         
anticipation of uncertain threats in trait anxiety 

CHAPTER 3                                                                         61 
Dorsal anterior cingulate cortex subserves interaction  
between top-down semantic prediction and bottom-up 
auditory perception in hallucination proneness  

CHAPTER 4                                                                         84 
Abnormal dynamic resting-state brain network  
organization in auditory verbal hallucination 

CHAPTER 5                                                                        111 
Associations between dynamic functional synchronization  
in large-scale brain networks during affective forecasting  
and apathy in patients with schizophrenia 

CHAPTER 6                                                                       137 
General discussion 

Appendix  
Dutch Summary                                                                   183                        
Acknowledgment                                                                 188  
Curriculum vitae                                                                  191 
 
  



	

	

 
  



	

	

 
	
	
	
	
	

	

Chapter 1 	

 

 

 

 

General introduction 
	
	
	
	 	



	

	

	
	 	



Chapter 1 

General introduction 10 

1.1 General introduction 
The term ‘predictive brain’ emphasizes the significance of “the brain always 
looks into the future”, and denotes an important concept in cognitive 
neuroscience (Bubić  et al., 2010). By ‘predictive brain’ we imply the processes 
that the brain incorporates in its use of existing knowledge/hypothesis of 
sensations to generate future states of environments and impact incoming 
sensory processing. The predictive nature of brain function has been 
demonstrated in various cognitive domains including visual processing, 
executive functions and motor processing (Pezzulo et al., 2008). Similarly, 
clinical neuroscience and psychiatric research increasingly acknowledge the 
important roles of prediction in psychopathology, such as: (1) Disrupted 
anticipatory processes of uncertain threats may contribute to anxiety (Grupe & 
Nitschke, 2013); (2) Stronger semantic expectation may increase false positive 
perception of hallucinations (Aleman et al., 2003; Aleman & Vercammen, 2013; 
Daalman et al., 2012; Powers et al., 2017a); (3) Altered ability to imagine 
affective future events may be associated with reduced goal-directed behavior of 
apathy (Raffard et al., 2013b). Collectively, these findings from cognitive 
neuroscience and clinical neuroscience converge to emphasize the essential roles 
of prediction in normal and abnormal cognitive functioning.  
 
One decade ago, the Research Domain Criteria (RDoC) framework was 
proposed to address the limitations of research based on the Diagnostic and 
Statistical Manual of Mental Disorders (DSM), including failure to consistently 
predict clinical treatments and match with basic neuroscience findings (Insel et 
al., 2010). The RDoC suggested that understanding neural circuit mechanisms 
would be a significant step forward in its ability to inform and aid diagnosis and 
treatment of psychiatric disorders. Following the RDoC, transdiagnostic 
neuroimaging studies have found that common disruption of key large-scale 
brain networks including the frontoparietal network (FPN), the default mode 
network (DMN) and the salience network (SN) were manifested widely across 
autism, anxiety disorders, and schizophrenia (Menon, 2011b; Sha et al., 2019). 
However, it still remains unsolved whether there are common cognitive 
mechanisms in relation to these shared alterations of large-scale brain networks. 
This also holds for the question of whether prediction plays a significant role in 
different disorders and symptoms.  
 
Building on these advances in cognitive and clinical neuroscience, this thesis 
exploited functional Magnetic Resonance Imaging (fMRI) measurements 
including brain activation, functional connectivity and dynamic brain networks 
(see the details in section 1.7) to examine putative common neurocognitive 
mechanisms across the prevalent symptoms of anxiety, apathy, and 
hallucinations (Corlett et al., 2019; Grupe & Nitschke, 2013; Kos et al., 2016a), 
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with an emphasis on the role of prediction. We hypothesized that involvement of 
predictive processing may be common to all three, which might be linked to a 
shared disruption of core-large-scale brain networks across anxiety, apathy and 
hallucinations. The findings from this thesis may provide new insights into 
understanding shared neurocognitive mechanisms across neuropsychiatric 
disorders and could subsequently help inform clinical diagnosis and aid the 
development of treatments.  
 
1.2 What is prediction? 
Prediction can be considered as any kind of process that incorporates information 
about the past and the present to generate possible future states of the external 
and internal environments. Distinct terms, including anticipation (Nitschke et al., 
2006, 2009), expectation (Aleman et al., 2003; Aleman & Vercammen, 2013; 
Daalman et al., 2012), and future thinking or prospection (Schacter et al., 2007, 
2012), have been used to refer to predictive processes in different studies. I will 
briefly introduce them and explain how they were used in this thesis. For a more 
detailed discussion of these concepts, please consult the review paper by Bubić  
et al. (2010). (1) Expectation describes the representations of what is predicted 
to occur in the future. For instance, in Chapter 3, semantic expectation is the 
verbal representation of what is triggered by the context of sentences. (2) The 
process of an expectation being constructed and communicated to other brain 
regions (i.e. sensory areas) is known as anticipation. Such as, in Chapter 2, 
paradigms focusing on anticipation of uncertain threats in the future are used to 
examine how ‘expectation brain regions’ interact with other regions. (3) 
While expectation and anticipation are described on relatively short timescale, 
imagination of potentially distant future events could be termed as future 
thinking or prospection on longer timescale. For example, in Chapter 5, in 
affective forecasting task, participants were asked to imagine affective personal 
events in the near future (up to one month). (4)The common term prediction 
could be used for describing the general orientation towards the future including 
a wide range of predictive processes as described above.  
 
Noteworthy, although different studies used different terms, cognitive processes 
engaged in each task used in this thesis can be conceived as a unified predictive 
process, which has been suggested by the predictive coding theory (Karl J. 
Friston & Stephan, 2007) and the review paper mentioned before (Bubić  et al., 
2010). For instance, in Chapter 2, anticipation of uncertain threats includes 
constructing the representation (i.e. expectation) of threats, and communicating  
with other emotional regions (i.e. anticipation) and future thinking in the near 
future involved by task stimuli. The same reasoning can be applied to other 
paradigms in the thesis including semantic expectation (Chapter 3) and affective 
forecasting (Chapter 5). In each chapter of the thesis, the conventional usage of 
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these terms used in previous studies was followed (occasionally exchanged with 
prediction), in order to be consistent with the literature. In the Introduction and 
Discussion of the thesis, when considering the shared neurocognitive processes 
across these predictive processes, the general term ‘prediction/predictive 
processing’ is used. 
 
1.3 A brief history of prediction  
Research on prediction has a long history. One of the first scientific proposals of 
a relationship between prediction and action dates back to the Ideomotor 
principle proposed by William James in the 19th century, which suggested that 
perception and action share common processes (James, 1890). In the 20th 
century, pioneers in the motor control field started to emphasize the close 
interplay between sensory and motor processes. For instance, the theories of 
“Efference copy” and “Corollary discharge” suggested that motor activity can 
directly influence sensory processing (Feinberg, 1978; von Holst & Mittelstaedt, 
1950). The studies of prediction were greatly inspired by von Helmholtz who 
argued that sensory systems were invoked during prediction to infer the causes 
of changes in sensory inputs (Helmholtz, 1867). Recently, one of most influential 
models of prediction is the predictive coding framework proposed by Friston 
(Friston & Stephan, 2007), which suggests that the brain, as a “Bayesian 
inference machine”, constantly builds and updates prediction of the future states 
of the environment and the body. Notably, Helmholtz’s and Friston’s theories of 
prediction emphasize the continuous exchange between incoming sensory 
and existing knowledge/hypothesis of sensations by feedback neuronal 
connections. Because ambiguity and noise are always present both in the 
environment and neural system, prior biases/ prediction are crucial for 
facilitating and optimizing current processing. However, disrupted prediction 
could make people hyper-act or hypo-act before really facing the reality, which 
may be the case for the symptoms we consider in this thesis; namely, anxiety, 
hallucinations and apathy (Grupe & Nitschke, 2013; Powers et al., 2017a; 
Raffard et al., 2013b). 
 
1.4 Neurocognitive basis of prediction  
The neural basis of prediction can be examined in two ways and will be discussed 
in the following paragraphs. First and foremost, prediction can be conceptualized 
by distinguishing ‘sources’ , ‘targets’ and communication between them (Bubić  
et al., 2010) (see Figure 2A). Next, prediction can be considered as a Bayesian 
inference, accomplished by a hierarchical and interactive organization of brain 
networks (K. Friston, 2010). These two perspectives can be integrated: within a 
bi-directional brain hierarchy, any source can be a target modulated by higher-
level sources, and any target can be a source modulating lower-level targets (see 
Figure 2B).  
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1.4.1 The ‘source and target’ predictive brain 
Prediction can be implemented by a neurocognitive system consisting of three 
key elements (Figure 1 & 2A): (1) Sources, certain brain regions that generate 
expectations and send bias signals; (2) targets, brain regions which are modulated 
by sources; (3) communication between sources and targets. These three 
elements interact during various cognitive and emotional predictive processes. 
Primarily, sensomotor cortices including visual, auditory and motor regions 
generally serve as targets in predictive processing (Brunia, 1999; González et al., 
2004). Several high-order brain regions may serve as the sources including: (1) 
The orbitofrontal cortex (OFC) formulates expectations about incoming sensory 
objects (Summerfield & Koechlin, 2008). (2) The supplementary motor area and 
the anterior cingulate cortex (ACC) initiate the preparation for perception 
(Gómez González et al., 2004). (3) The dorsolateral prefrontal cortex (dlPFC) 
and the inferior parietal lobule (IPL) sustain the activation of the target sensory 
or motor cortices (Brunia, 1999; Gómez González et al., 2004).  (4) The 
ventromedial prefrontal cortex (vmPFC), the posterior cingulate cortex 
(PCC)/precuneus, the medial temporal regions (i.e. hippocampus) recall stored 
memory elements to think the future (Schacter et al., 2007, 2012). Moreover, 
subcortical and para-limbic regions might be engaged in reward and negative 
emotional anticipation: (1) The basal ganglia (e.g. the ventral striatum) are 
important for reward prediction (Gu et al., 2019). (2) The amygdala, the insula 
and the anterior cingulate cortex are implicated in anticipating negative 
emotional stimuli (Grupe & Nitschke, 2013). Finally, the communication 
between targets and sources can be accomplished through changes in the brain’s 
oscillatory activity. They include increases in phase synchronization of neuronal 
populations in the source regions and increased effective synaptic gain of 
neurons in the target regions (Liang et al., 2002; Summerfield & Koechlin, 
2008).  

 
Figure 1. The predictive brain.  Notes: dlPFC, dorsolateral prefrontal cortex; 
IPL, inferior posterior parietal lobe; AI, anterior insula; dmPFC, dorsomedial 
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prefrontal cortex; vmPFC, ventromedial prefrontal cortex; ACC, anterior 
cingulate cortex; PCC, posterior cingulate cortex. 
 
1.4.2 The hierarchical predictive brain 
Prediction is not restricted to two levels of source and target but occurs across 
multiple levels of hierarchies (Friston, 2010) (see Figure 2B). Top-down 
prediction biases (i.e. through cortical feedback connections) are communicated 
with bottom-up error signals (i.e. through cortical feedforward connections) to 
update priors and accomplish inference in the ‘hierarchical brain’. In particular, 
Carhart-Harris and Friston (Carhart-Harris & Friston, 2010) proposed that the 
brain is hierarchical, with the DMN at the top and the SN and the FPN at 
intermediate levels, above sensory cortices. During prediction, each system is 
trying to modulate its subordinates by optimizing predictions to reduce 
prediction-errors. Recurrent information transmission and reciprocity of 
excitation/inhibition between these systems result in self-organized stable 
(balanced) activation patterns to enable efficient prediction, perception and error-
based learning. Disrupted balance between brain networks may contribute to the 
development of psychiatric disorders such as schizophrenia (Menon, 2011b; 
Palaniyappan, 2012).   

 
Figure 2. Brain models of prediction. Notes: dlPFC, dorsolateral prefrontal 
cortex; IPL, inferior posterior parietal lobe; vmPFC, ventromedial prefrontal 
cortex; PCC, posterior cingulate cortex. Colors mark regions involved in 
different processes: cognition (blue), emotion (red), reward (yellow). 
	
1.5 Shared brain network mechanisms across different psychiatric disorders 
Current neuroimaging findings point toward common neural alterations across 
different psychiatric disorders. Building on brain activation and connectivity 
evidence, Menon summarized and compared the dysfunction of the SN, the FPN 
and the DMN across different mental disorders including schizophrenia, anxiety, 
and autism (Menon, 2011b). The results suggested that disrupted interactions 
among these three networks are linked to the inappropriate assignment of 
saliency to external stimuli or internal mental events: (1) hyper-salience to 
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emotional events in anxiety; (2) hypo-salience to social cues in autism, and (3) 
hyper-saliency to internal speech in hallucinations in schizophrenia. In line with 
Menon’s transdiagnostic brain network model, a review study focusing on 
human connectome proposed that disruption in the large-scale brain’s network 
properties (i.e. the altered balance between network segmentation and integration) 
plays a common role in a wide range of psychiatric disorders (van den Heuvel & 
Sporns, 2019). These ‘common brain network’ models have indeed been 
supported by a trans-diagnostic neuroimaging meta-analysis study, which 
summarized functional connectivity evidence from over 100 experimental fMRI 
studies of 8 different psychiatric disorders, including schizophrenia and anxiety 
disorders (Sha et al., 2019). This meta-analysis found that the SN, the DMN, and 
FPN exhibit similar alterations in functional connectivity architecture (e.g. 
increased connectivity in the SN, reduced connectivity between the SN and the 
FPN as well as the DMN) across different psychiatric disorders. However, it 
remains unclear whether there are common cognitive processes linked to shared 
neurological architectures across different symptoms and disorders and whether 
predictive processing could play this role. 
 
1.6 Prediction and its relation to psychopathology 
Prediction has been advocated to be pivotal for human behavior, as it may be 
part and parcel of many cognitive (e.g. sensory processing, attention and motor) 
(Bubić et al., 2010) and emotional processes (e.g. anticipation of threats and 
reward) (Grupe & Nitschke, 2013; Gu et al., 2019). Prediction may serve as a 
significant candidate for a common cognitive computation, and may be altered 
across different symptoms and disorders. I will briefly address its possible 
involvement in anxiety, hallucination and apathy. 
 
1.6.1 Anxiety and prediction   
Anxiety is defined as an emotional state that includes feelings of apprehension, 
tension, nervousness and worry, accompanied by physiological arousal 
(Spielberger, 2010). One of the fundamental properties of anxiety is its 
association with the anticipation of uncertain threats. Anxiety can be considered 
as the ensemble of multiple sustained, diffused and anticipatory cognitive and 
emotional responses to potential negative outcomes, including disrupted 
estimates of (i.e. probability and cost) and heightened feelings (Grupe & 
Nitschke, 2013). The anticipation model of anxiety (Grupe & Nitschke, 2013) 
proposed that multiple brain systems involved in anticipation of uncertain threats: 
(1) The dorsomedial prefrontal cortex and the orbitofrontal cortex estimate value 
of threats. (2) The insula and the amygdala invoke anticipatory emotional 
responses. (3) The dACC integrates information from these regions to trigger 
response. However, no experimental study has directly investigated the putative 
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association between neural processing during anticipation of uncertain threats 
and trait anxiety levels. In Chapter 2, this issue was examined by using brain 
activation and Psychophysiological Interaction (PPI) analysis.  
 
1.6.2 Hallucinations and prediction 
Hallucinations are sensory experiences which occur without external simulation 
of the relevant sensory organ but have a sufficient sense of reality for a veridical 
perception in absence of subjective feelings of voluntary control (David, 2004). 
Stronger prediction of auditory stimuli has been widely found to contribute to 
the production of auditory verbal hallucinations. Two decades ago, Grossberg 
proposed that top-down expectations may sensitize target sensory cortex to 
facilitate processes of expectation-matched sensory information (Grossberg, 
2000a). He hypothesized that excessive priming of expectations without 
volitional control would facilitate emergence of hallucinations. Another 
approach that emphasizes the role of top-down effects was advanced by Behrendt 
& Young (2004), who suggested that hallucinations are ‘underconstrained’ 
perceptions, resulting from a lack of constraining influence from bottom-up 
processing (information coming through the senses) and hence, top-down 
influences override the impact of sensory input. In compliance with this, a series 
of experimental studies from our group revealed that subjects with high 
hallucination proneness were more likely to produce stronger semantic 
expectations as compared to subjects with low hallucination proneness. This 
stronger expectation was related to a higher proportion of false-positive inference 
of auditory verbal perception (Aleman et al., 2003; Aleman & Vercammen, 2013; 
Daalman et al., 2012). Bayesian theories of perceptional inference propose that 
priors and sensory inputs are compared, and a mismatch (i.e. prediction errors) 
between them contributes to belief updating. Following this line of reasoning, 
hallucinations could occur when prior beliefs are overweighed relative to 
incoming sensory information (Corlett et al., 2019; Fletcher & Frith, 2009a). In 
spite of multiple behavioral and modeling studies working on the influence of 
top-down prediction on bottom-up perception, the neural basis of this interaction 
in relation to hallucinations remains unknown. Altered processing in dACC has 
been suggested to contribute to altered self-monitoring in hallucinations (Allen 
et al., 2007). Cognitive control and reinforcement learning studies have found 
that dACC is involved in attentional control, error-based learning and belief 
updating (Botvinick et al., 2004). Therefore, in Chapter 3, a semantic expectation 
task and fMRI were used to examine brain activation and connectivity of dACC 
during this interaction in order to determine whether this would be related to 
susceptibility to hallucinations.  
 
1.6.3 Hallucinations and dynamics of brain networks during resting-state  
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Currently, there are over 60 studies reporting alterations in functional and 
anatomical connectivity in schizophrenia patients with Auditory Verbal 
Hallucinations (AVH) (Ćurčić-Blake et al., 2017a). These involve a diversity of 
findings, including connectivity between areas involved in auditory perception, 
language, emotion, memory and top-down control (Jardri et al., 2011; Rotarska-
Jagiela et al., 2010; Zhang et al., 2018; Zmigrod et al., 2016). Dynamic changes 
in interactions within and between brain networks in schizophrenia patients have 
been examined (Damaraju et al., 2014; Du et al., 2016; Su et al., 2016). However, 
it still remains unclear what dynamic changes may be specific for  AVH. This is 
of special interest as it may help explain why AVH have a fluctuating nature. 
Additionally, dynamic changes of activity and network connectivity during 
resting-state may have a functionally significant effect on cognitive processing 
and behavior, such as prediction in hallucinations (He, 2018). Building on this 
hypothesis, Chapter 4 examined whether the resting-state dynamics of key brain 
networks differed between patients with and without hallucinations.  
 
1.6.4 Apathy and prediction 
Apathy is a behavioral syndrome characterized by a quantitative reduction of 
goal-directed behaviors (Levy & Dubois, 2006), which serves as one of the most 
central features of negative symptoms, with detrimental functional outcome 
(Aleman, 2014). It has been found that altered ability to imagine affective future 
events, a complex adaptive process that relies heavily on adequate executive 
control (Spreng et al., 2010a), memory functioning (Schacter et al., 2007), and 
reward anticipation (Husain & Roiser, 2018; Raffard et al., 2013b), was 
associated with high levels of apathy in schizophrenia (Raffard et al., 2013b). At 
the neural level, the fronto-parietal network (FPN), the default-mode network 
(DMN) and the reward network (RN) have been reported to be altered in 
schizophrenia patients during working memory tasks, resting-state and monetary 
incentive delay tasks. These alterations in the three brain networks may 
contribute to diminished cognitive functions such as executive control and 
abstract thinking (de Leeuw et al., 2015; Esslinger et al., 2012; Grimm et al., 
2014; Mucci et al., 2015) and reduced reward anticipation (Bluhm et al., 2007; 
Broyd et al., 2009; Camchong et al., 2011; Kim et al., 2003; Repovs & Barch, 
2012). However, it remains unclear whether neural processing of these networks 
including the FPN, the DMN and the RN during imagining affective future 
events may contribute to apathy in schizophrenia patients. In Chapter 5, this issue 
was examined by using an affective forecasting task and a novel phase 
synchronization analysis of brain networks in schizophrenia patients with apathy.  
 
1.7 Neuroimaging technologies and methodologies	
The Research Domain Criteria (RDoC) framework has suggested that 
neuroimaging approaches can aid understanding neural mechanisms of disrupted 
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cognitive processes in psychiatric disorders (Insel et al., 2010). Functional 
neuroimaging measures including brain activation, functional connectivity and 
dynamics of brain networks during cognitive tasks hold great promise to examine 
neurobiological dysfunctions and provide insight into neurocognitive 
mechanisms of psychiatric disorders. Taking advantage of these techniques, this 
thesis examined neurocognitive mechanisms of dysfunction of prediction in 
different symptoms (i.e. anxiety, hallucination and apathy) by combining 
cognitive tasks and multiple functional imaging approaches.  
 
1.7.1 Magnetic resonance imaging  
Magnetic resonance imaging (MRI) is a safe, noninvasive imaging technology 
wherein a radiofrequency (RF) pulse perturbs the orientation of hydrogen 
protons in a magnetic field. Based on the fact that different brain tissues have 
different properties in absorbing and releasing energy after perturbation of RF 
pulse, three-dimensional images of the brain are constructed (Huettel et al., 2009). 
A blood oxygenation level-dependent (BOLD) functional MRI is reversed to 
calculate brain activation signals by exploiting the fact that hemoglobin has 
different magnetic properties in its oxygenated (i.e. diamagnetic) and 
deoxygenated (i.e. paramagnetic) forms (Poldrack et al., 2011). The resulting 
activation signals are used to determine the fluctuation of  activation, functional 
connectivity and the dynamic of brain networks when participants are engaged 
in different cognitive activities, such as perceiving visual stimuli, memorizing 
and making movements and during resting-state (Poldrack et al., 2011). These 
neuroimaging approaches have been found to be extremely helpful when 
examining neurocognitive mechanisms underlying symptoms in psychiatric 
disorders including anxiety, hallucination and apathy (Allen et al., 2008; Grupe 
& Nitschke, 2013; Kos et al., 2016a).  
 
1.7.2 Brain activation analyses  
Brain activation analyses have widely been used in cognitive neuroscience to 
examine altered cognitive processing, which may underlie symptoms of 
neuropsychiatric disorders. For instance, (1) It has been found that increased 
amygdala activation was associated with attention bias toward threats in anxiety 
disorders (Bishop, 2007). (2) False positive perception in auditory verbal 
hallucinations has also been found to be attributed to hyperactivation in superior 
temporal gyrus (Jardri et al., 2011). (3) Altered activation in the striatum was 
associated with reduced reward processing in apathy (Kos et al., 2016a). 
Together, the combination of brain activation analyses and cognitive tasks serves 
as a promising means to explore neurocognitive mechanisms underpinning 
neuropsychiatric disorders. In Chapter 2 and 3, brain activation analyses were 
used to investigate dysfunction of local brain engagement during prediction in 
relation to anxiety and hallucination respectively.  
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1.7.3 Functional connectivity analyses 
Connectivity approaches, including resting-state and task-state functional 
connectivity, explore interactions or covariance between brain regions (Biswal 
et al., 1995). Resting-state functional connectivity (rsFC) examines intrinsic 
correlation (e.g. Pearson correlation) between brain activation signals while 
participants are in a resting state, without any cognitive manipulation (Raichle, 
2015). Task-state connectivity may be quantified by Psychophysiological 
Interaction (PPI), which identifies brain regions whose activity depends on an 
interaction between psychological context (i.e. cognitive tasks) and 
physiological state (i.e. the time course of brain activity) of the seed region 
(McLaren et al., 2012). It has been found that disruptions of functional networks 
both during resting-state and task-state can be characteristic of neuropsychiatry 
disorders, such as anxiety disorders and schizophrenia (Menon, 2011b). 
Therefore, PPI was used to examine how functional connectivity of key brain 
regions was disrupted during anticipation of uncertain threats in anxiety (Chapter 
2) and during interaction between semantic expectation and auditory perception 
in hallucinations (Chapter 3).  
 
1.7.4 Dynamic functional connectivity analyses 
While the human brain consists of a relatively fixed structure, it exhibits highly 
dynamic functional activity and connectivity (Hutchison et al., 2013b). It is this 
dynamic nature of the brain that provides the backbone for a variety of complex 
and flexible cognitive processes (Shine et al., 2016), which have been found to 
be altered or abnormal in mental disorders (Damaraju et al., 2014; Kaiser et al., 
2016). While static functional connectivity identifies correlations between 
average time courses between brain regions for the entirety of the scanning 
period, dynamic connectivity analysis takes temporal fluctuations into account. 
This is usually done by calculating the variability of functional connectivity over 
time using methods such as sliding window and k-means (Allen et al., 2014) or 
phase synchronization (Glerean et al., 2012). Dynamic functional connectivity 
has two core advantages over static connectivity in investigating the neural 
mechanisms that underpin symptoms of neurological disorders : 1) it provides 
more information about various aspects of brain connectivity (Rashid et al., 
2016); and 2) it investigates high-order statistics of brain dynamics (dwelling and 
switching probability in sliding window approach (Allen et al., 2014), 
instantaneous synchronization in single-TR (Gonzalez-Castillo et al., 2015)). 
These measurements are useful in examining the fluctuation of cognitive 
processes that may underlie symptoms that are also dynamic in nature (i.e. 
hallucinations and apathy) (Kindler et al., 2011; Lefebvre et al., 2016; Nayani & 
David, 1996). Therefore, these dynamic connectivity approaches were used to 
examine dynamic interaction among brain networks during resting-state in 
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schizophrenia patients with hallucinations (Chapter 3) and during imagining 
affective future events (Chapter 4) in schizophrenia patients with high apathy 
levels respectively.  
 
1.8 Thesis outline 
This thesis aims to investigate the putative neural mechanisms of altered 
prediction processes across different symptoms - including anxiety, 
hallucinations and apathy - by using resting-state and task-state fMRI. In Chapter 
2, we examine how neural processing during the prediction of negative emotional 
stimuli is related to anxiety. In Chapter 3, we investigate how semantic prediction 
interacts with the bottom-up perception of auditory stimuli and the extent to 
which the alteration of interaction between semantic prediction and perception 
is associated with susceptibility to hallucinations. In Chapter 4, we explore 
dynamic interactions between brain networks during resting-state which might 
be involved in top-down prediction and bottom-up perception in hallucinations. 
In Chapter 5, we focus on the putatively altered dynamic interactions between 
brain networks, during the prediction of positive and neutral events (i.e., 
affective forecasting) in patients with schizophrenia with high levels of apathy. 
In Chapter 6, a summary and conclusion for the thesis are provided. I propose a 
common predictive brain model across neuropsychiatric disorders, with a general 
discussion of the findings and suggestions for future research.  
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2.1 Abstract 
In the research field of anxiety, previous studies generally focus on emotional 
responses following threats. A recent model of anxiety proposes that altered 
anticipation prior to uncertain threats is related with the development of anxiety. 
Behavioral findings have built the relationship between anxiety and distinct 
anticipatory processes including attention, estimation of threats, and emotional 
responses. However, few studies have characterized the brain organization 
underlying anticipation of uncertain threats sand its role in anxiety. In the present 
study, we used an emotional anticipation paradigm with functional magnetic 
resonance imaging (fMRI) to examine the aforementioned topics by employing 
brain activation and general Psychophysiological interactions (gPPI) analysis. In 
the activation analysis, we found that high trait anxious individuals showed 
significantly increased activation in the thalamus, middle temporal gyrus (MTG), 
and dorsomedial prefrontal cortex (dmPFC), as well as decreased activation in 
the precuneus, during anticipation of uncertain threats compared to the certain 
condition. In the gPPI analysis, the key regions including the amygdala, dmPFC, 
and precuneus showed altered connections with distributed brain areas including 
the ventromedial prefrontal cortex (vmPFC), dorsolateral prefrontal cortex 
(dlPFC), inferior parietal sulcus (IPS), insula, para-hippocampus gyrus (PHA), 
thalamus, and MTG involved in anticipation of uncertain threat in anxious 
individuals. Taken together, our findings indicate that during the anticipation of 
uncertain threats, anxious individuals showed altered activations and functional 
connectivity in widely distributed brain areas, which may be critical for abnormal 
perception, estimation, and emotion reactions during the anticipation of 
uncertain threats. 
Keywords: uncertainty and anticipation model of anxiety (UAMA); trait anxiety; 
amygdala; dmPFC; precuneus; functional connectivity 
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2.2 Introduction 
The knowledge of uncertain threats in the future impacts people’s anticipation 
and preparation for these threats. Alterations of this process contribute to the 
ontogeny and development of anxiety (Nitschke et al., 2006; Sarinopoulos et al., 
2010). Previous studies about anxiety mainly focused on emotional reactions 
following threatening stimuli, but one recent influential theory (i.e., uncertainty 
and anticipation model of anxiety (UAMA)) has proposed that abnormal 
anticipatory cognitive and affective processes prior to potential threats serve as 
the fundamental mechanism of anxious pathology (Grupe & Nitschke, 2013; 
Nitschke et al., 2009). The aberrant and excessive anticipatory processes 
involved in anxiety is proposed to include increased attention to, intense 
emotional responses to, and inflated estimation of uncertain threats (Grupe & 
Nitschke, 2013), which engage multiple brain regions including the temporal 
gyrus, emotional circuit (such as the amygdala, bed nucleus of the stria terminalis 
(BNST), and insula), and medial prefrontal cortex (mPFC). However, to our 
knowledge, few studies have built a direct association between anxiety levels 
and altered brain organization including local activation and inter-region 
connectivity underlying the anticipation of uncertain threats. 
 
Anxiety is distinguished from fear regarding its association with the anticipation 
of uncertain threats. Compared to fear, anxiety is more likely to be triggered by 
distal and unpredictable threats that continues until the state of uncertainty is 
resolved, which engages multiple sustained and diffuse anticipatory cognitive 
and emotional responses. Many behavioral studies have found that participants 
showed stronger anticipatory responses for cues predicting uncertain threats than 
those predicting certain events (Grillon et al., 2004; Shankman et al., 2011).  
These effects were more prominent in anxious patients who suffer from anxiety 
disorders than healthy controls (Grillon et al., 2008, 2009). Together, these 
behavioral findings indicate that the anticipation of uncertain threats contains 
distinct processes from the anticipation of certain events. Furthermore, alteration 
of this difference plays a central role in the pathology of anxiety. However, few 
neuroimaging studies have examined the direct relationship between anxiety and 
abnormal uncertain threats processing from the perspective of brain activation 
and connectivity, which has been proposed in the UAMA theory.  
 
Brain activation. Many studies have showed that anxiety is strongly related with 
hypevigilance to (Bar-Haim et al., 2007), heighted emotional reaction to (Butler 
& Mathews, 1983; Mitte, 2007; Stöber, 1997), and inflated computation of 
uncertain threats on the behavioral level (Grillon et al., 2004; Shankman et al., 
2011). These processes are commonly integrated in the anticipation of uncertain 
threats (Grupe & Nitschke, 2013). Regarding the neural mechanisms underlying 
anticipation of uncertain threats, previous neuroimaging studies have showed 
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that the temporal gyrus is involved in attentional and perceptual processing in 
the context of uncertain threats (Bjork & Hommer, 2007; Critchley et al., 2001; 
Kayser et al., 2010). Additionally, the UAMA model emphasizes that there are 
different neural systems consisting of the amygdala, insula, and medial prefrontal 
cortex (mPFC), which are important for various anticipation processes of 
uncertain threats (Grupe & Nitschke, 2013). Among these systems, the amygdala 
is proposed as a key region for attentional and emotional responses to potential 
threats (D C Blanchard & Blanchard, 1988; Grillon, 2002; Lissek et al., 2006). 
As another key region in emotional processing, the insula is also important for 
anticipatory emotional responses during uncertain threats processing (Kuhnen & 
Knutson, 2005; Preuschoff et al., 2008). Regarding the estimation of uncertainty, 
the dorsomedial prefrontal cortex (dmPFC) plays a key role in computing 
uncertainty when participants predicted the probability of cues (Volz et al., 2003), 
and the ventromedial prefrontal cortex (vmPFC) overlapping with the 
orbitofrontal cortex (OFC) represents multiple levels of uncertainty spanning 
across different types of value (Peters & Büchel, 2010). Briefly, the UAMA 
proposes that anxiety is associated with altered anticipatory cognitive and 
emotional processing prior to uncertain threats. However, it remains unknown 
whether abnormal activation in these regions critical for the anticipation of 
uncertain threats would manifest in high anxious individuals.  
 
Functional connectivity. The systems neuroscience framework proposes that, 
aside from the local engagement (i.e., activation) of isolated regions, the 
communications (i.e., connectivity) between key brain areas are also essential 
for cognitive functions such as the anticipation of uncertain threats (Dosenbach 
et al., 2008; Mesulam, 1998). Indeed, the amygdala-centered connectivity with 
cortical and subcortical regions are found to be involved in learning the 
relationship between cues and outcomes, initializing the emotional response to 
the cue before potential threatening stimulus (Grupe & Nitschke, 2013; LeDoux, 
2000). Altered connections within the amygdala-centered network are associated 
with deficient fear extinction and over-generalization of fear in individuals with 
anxiety disorders (Rauch et al., 2006). Meanwhile, the dmPFC-related 
connectivity is important for value estimation and computation of uncertain 
threats (Kuhnen & Knutson, 2005; Padoa-Schioppa & Assad, 2006; Peters & 
Büchel, 2010; Volz et al., 2003), and it also plays a significant role in the 
appraisal and regulation of anxiety (Amit Etkin et al., 2011). Another crucial hub 
is the precuneus, which has wide-spread connections with a number of functional 
regions involved in self-referential processes (Raichle et al., 2001). Some studies 
have found that high trait anxiety is linked to more negative appraisal of threats, 
which strongly involves aversive self-related memory (Ozawa et al., 2017). As a 
hub of self-referential and emotional processes, the precuneus may integrate 
different information from other regions involved in processing uncertain threats. 
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In the context of anticipating uncertain threats, it would be theoretically 
important to examine the mechanism of interactions between the amygdala, 
dmPFC, precuneus, and other cortical and subcortical regions. Investigating this 
issue may help us to detect neural circuits which bridges the anticipation of 
uncertain threats and emotion regulation, which are both core mechanisms 
underlying the pathology of anxiety. However, to our knowledge, few studies 
have examined whether the functional connectivity of key regions involved in 
the anticipation of uncertain threats would show abnormalities in anxious 
individuals.  
 
The current study examined the anticipation of uncertain threats in anxious 
individuals by combining an emotional anticipation paradigm with functional 
magnetic resonance imaging (fMRI). Our aim is to investigate whether 
individuals with high levels of trait anxiety (as a vulnerability factor for anxiety 
disorders (see(Bishop, 2009; A. Etkin et al., 2004)) would show dysfunction of 
brain systems involved in the anticipation of uncertain threats, including 
attention, uncertainty estimation, and anticipatory emotional feelings. To further 
examine the interaction between key regions involved in altered anticipation of 
uncertain threats in anxious individuals, we employed general 
Psychophysiological interactions (gPPI) analysis to detect brain circuits 
including amygdala-related, dmPFC-related, and precuneus-related connectivity, 
all of which play important roles in anticipation of uncertain threats. According 
to previous findings, we hypothesized that anxious individuals would show 
altered functions of brain areas (e.g., activation) involved in processing uncertain 
threats including the temporal gyrus, amygdala, insula, dmPFC, and vmPFC. 
Moreover, we also hypothesized that altered interaction (e.g., connectivity) 
between the amygdala, dmPFC, and precuneus, as well as other regions in the 
brain would be involved in processing uncertain threats in high anxious 
individuals.  

 
2.3 Materials and Methods 
2.3.1 Participants 
In this study, we defined high and low anxiety groups according to the 
distribution of individual scores in a large sample of 220 college students (age: 
22.31 ± 2.33 yrs; gender, 78 male/142 female; trait anxiety score, range: 21-72, 
Mean ± SD: 43.57 ± 9.64) by using the Chinese version of the trait form of 
Spielberger’s State and Trait Anxiety Inventory (STAI) [Spielberger, 1985].  
Participants who scored high in trait anxiety (in the upper 20% of the 
distribution) were assigned to the high anxiety group (HAG), while the 
participants who scored low (in the lower 20% of the distribution) were assigned 
to the low anxiety group (LAG) [Gu et al., 2010]. As a result, 39 participants 
(mean ± SD: 23.56 ± 0.30 yrs, 19 male/20 female) were included in the study, 
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such that 18 of them were in the HAG and 21 in the LAG. A t-test showed that 
the two groups differed significantly in trait anxiety scores (53.33 vs. 32.67, p < 
0.001), but not in age (23.78 vs. 23.38, p = 0.51). It turns out that the anxiety 
levels of the two groups in the present study were generally consistent with the 
standardized norm (high anxiety: 52.51; low anxiety: 34.11) proposed by Li and 
Qian (1995). All the participants in the current study reported no history of 
neurological or psychiatric disorders. This study has been approved by the Ethics 
Committee of the Institute of Psychology, Chinese Academy of Sciences, and 
has therefore been performed in accordance with the ethical standards laid down 
in the 1964 Declaration of Helsinki. 
 
2.3.2 Stimulus 
76 pictures including 72 for three conditions and 4 for square trials were chosen 
from the International Affective Picture System (IAPS) [Lang et al. 2008], and 
each picture was presented only once in the whole task. The stimulus set included 
36 aversive picture (valence rating (Mean ± SD): 2.77 ± 0.67, arousal rating: 6.49 
± 0.29) and 36 neutral pictures (valence rating: 5.29 ± 0.12�arousal rating: 3.34 
± 0.39). Of those 36 aversive pictures, 24 (valence rating: 2.77 ± 0.69, arousal 
rating: 6.49 ± 0.27) were presented on aversive trials and the remaining 12 
(valence rating: 2.78 ± 0.65, arousal rating: 6.49 ± 0.33) on uncertain trials. 
Similarly, 24 neutral pictures (valence rating: 5.27 ± 0.11, arousal rating: 3.38 ± 
0.38) were used on neutral trials and the remaining 12 (valence rating: 5.34 ± 
0.13, arousal rating: 3.27 ± 0.40) on uncertain ones. There were significant 
difference of valence and arousal rating between aversive pictures used in the 
aversive trials and neutral pictures in the neutral trials (valence rating:  ! "#,% = -
17.61, p < .001; arousal rating:  ! "#,% = 32.86, p < .001), similar difference 
between the aversive and neutral pictures in the uncertain trials (valence rating:  
! "#,% = -13.31, p < .001; arousal rating:  ! "#,% = 21.26, p < .001). There was no 
significant difference of valence and arousal rating between the aversive pictures 
used in the aversive trials and the uncertain trials (valence rating:  ! "#,% = -.06, 
p = .95; arousal rating:  ! "#,% = .050, p = .96), or between the neutral pictures 
used in the neutral trials and the uncertain trials (valence rating:  ! "#,% = -1.56, 
p = .13; arousal rating:  ! "#,% = .828, p = .41).   
 
2.3.3 Task procedure 
Each trial started with a cue presentation for 2 second, then a fixation that 
presented randomly from 2 to 8 seconds, followed by a picture presented for 2 
seconds and finally a fixation that presented randomly from 2 to 8 seconds. For 
the aversive anticipation condition, the cue “X” was always followed by an 
aversive picture. For the neutral anticipation condition, the cue “O” was always 
followed by a neutral picture. For the uncertain anticipation condition, the cue 
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‘‘?’’ was followed by either an aversive or neutral picture at exactly a 50/50 ratio. 
The participants were instructed about the relationship of cue-picture pairing 
before the scanning, but had no knowledge about stimulus probability in the 
uncertain anticipation condition. All cues were in white color and presented on 
the black background and had similar sizes. Trial order was pseudorandomized 
in order to make sure that no trial type was presented more than twice in a row. 
Before the fMRI task, participants finished a practice task to learn the association 
between cues and outcomes. 
 
There were a totally three functional scan runs, each of which consisting of 8 
aversive trials, 8 neutral trials, and 8 uncertain trials. Using a response box during 
the experiment, participants were instructed to press left button after each cue 
and each picture, and to press right button if they saw a square instead of the cue 
or picture. There were 2 square trials in the first functional run, 2 in the second 
run, and 3 in the third run. These square trials where square showed in either the 
position of cue (4 trials) or picture (3 trials) were used to make sure that 
participants would focus on the task. Because participants were not instructed to 
respond as quickly as they could, the reaction times were not analyzed.   

 
Figure 1. Task design. The paradigm presented to subjects during fMRI 
scanning. In each trial, subjects viewed an “X” (negative anticipation) or “O” 
(uncertain anticipation) or “?” (neutral anticipation) for 2 s, followed by a 2 to 8 
s ISI, then, for “X” or “O”, followed by an aversive picture or neutral picture in 
a 100 percent for 2 s, for “?”, followed by either an aversive or neutral picture at 
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exactly a 50/50 ratio for 2 s, finally a 2 to 8 s ISI following. 

2.3.4 Imaging data Acquisition 
Magnetic resonance images were acquired by a 3 Tesla SIEMENS MRI scanner 
(Erlangen, Germany). Functional images were collected with single-shot 
gradient-recalled echo planar imaging (GR-EPI) sequences (TR = 2000 ms, TE 
= 30 ms, FA = 90°, matrix = 64 × 64, FOV = 22 cm, 3 mm slice thickness, 1 mm 
spacing between slices, 32 transverse slices), aligned along the anterior 
commissure-posterior commissure (AC-PC) line. For spatial normalization, T1-
weighted anatomical images were collected in axial orientation using a 3D 
gradient-recalled sequence (TR = 2530 ms, TE = 3.37 ms, FA = 7°, matrix = 256 
× 192, 1.33 mm slice thickness) on each subject. 
 
2.3.5 Imaging data preprocessing  
Data preprocessing was performed using Statistical Parametric Mapping 8 
(SPM8; Wellcome Trust Centre for Neuroimaging), a free and open source 
software written in MATLAB (The MathWorks, Inc.). All volumes were first 
sliced, then realigned for correction of head motion. Subsequently, the mean 
image was co-registered to each participant’s T1-weighted MR image. The co-
registration parameters were used to register all aligned functional scans to the 
T1; images were transformed into a standard stereotaxic space with a resolution 
of 2 × 2 × 2	''", using the Montreal Neurological Institute (MNI) echo-planar 
imaging template in SPM. Functional images were spatially smoothed by 
convolution with an isotropic Gaussian kernel (FWHM = 6 mm).  
 
2.3.6 Brain activation analysis 
The smoothed volumes were used to build GLM model with regressors for 
anticipation conditions. To examine neural activation associated with uncertain 
and certain anticipation, respectively, three conditions were modeled as boxcar 
regressors and convolved with the canonical hemodynamic response function, 
fixation intervals as implicit baseline by using SPM8. Six realignment 
parameters were included to explain movement-related variability. The contrast 
parameter images for all the three conditions (uncertain anticipation, certainty 
negative anticipation and certainty neutral anticipation) relative to the fixation 
baseline generated at the individual level were submitted to a second-level group 
analysis. Previous studies using similar paradigm employed negative or neutral 
condition as a control condition, which is still debated (Krain et al., 2008; 
Sarinopoulos et al., 2010). The current study aims to examine anxiety-related 
differences between uncertain threats and certainty conditions, while both 
negative and neutral conditions are considered as certainty conditions. Therefore, 
certainty negative and certainty neutral anticipation conditions were averaged as 
the control condition, and the contrast of interest focused on the comparison 
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between two categories (uncertain threats / certainty condition) accordingly. A 
mixed analysis of variance (ANOVA) was conducted with anticipation 
(uncertain threats anticipation vs. certainty anticipation) as a within-group factor 
and group (high vs. low anxiety) as a between-group factor. All reported 
activations were thresholded at height threshold of p < 0.01 and an extent 
threshold of p < 0.05 with family-wise error correction using a nonstationary 
suprathreshold cluster-size approach based on Monte-Carlo stimulations 
[Nichols and Hayasaka, 2003]. Additionally, parameter estimates were extracted 
from those regions to characterize the response patterns of anticipation 
conditions in the two groups by using MarsBar (http://marsbar.sourceforge.net/), 
and the Spearman correlation analysis between parameter estimates of those 
regions and trait anxiety levels were performed for the uncertain and certain 
condition to characterize the association patterns. In order to check whether the 
observed experimental effects were driven by any difference between the 
certainty negative and neutral condition, first, we did the conjunction analysis 
between the difference map (negative anticipation vs. neutral anticipation) 
(showed in Figure S1 in the supplementary material) and the contrast map 
between the uncertain threats and certain condition, and also between the 
difference map and the interaction map. The conjunction analysis showed that 
these regions did not have any contribution to the significant effect of the 
uncertainty vs certainty or the interaction effect. Second, we further compared 
the difference of activation between certain negative and neutral conditions for 
the significant regions in our main results. The results showed that no significant 
difference among these regions except IFG was found (showed in the Table S2-
3 and Figure S3-4 in the supplementary materials), which further validated the 
reasonability of our approach. 
 
2.3.7 General psychological physiological interaction analysis 
To examine the modulation effect of trait anxiety on functional connectivity of 
key regions involved in the anticipation of uncertain threats with the rest parts of 
the brain during the task, we performed the general psychophysiological 
interaction (gPPI) analysis by using pre-defined regions of interest including the 
amygdala in two sides and the significant clusters including dmPFC and 
precuneus as seeds which were achieved from the interaction between 
anticipation and group. dmPFC and precuneus are the hub regions in the 
anticipation of uncertain threats, which have multiple connections with other 
regions in the brain, therefore, we only included these two regions in the main 
PPI analysis. Connectivity results of other regions including the thalamus and 
middle temporal gyrus (no significant interaction effect for middle temporal 
gyrus) were showed in the supplementary materials for the readers who may be 
interested in (Figure S6 in the supplementary materials). To exclude the 
possibility of bias effect driven by the selection of ROIs, we compared these 
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ROIs and the representative clusters of these regions in the Neurosynth, a large-
scale coordinates-based meta-analysis toolbox (by using the keywords ‘dmPFC’ 
and ‘precuneus’). It turns out that our ROIs largely overlapped with the 
representative clusters in the Neurosynth (showed in the figure S7 and S8 in the 
supplementary materials), which indicates these ROIs in the present study can 
properly represent a common definition of interest regions and specific 
functional areas involved in the present task. Finally, the seeds of amygdala, 
dmPFC and precuneus were used to extract the first eigenvariate of the individual 
voxel time-series within the ROI. This representative time-series was 
deconvolved from the HRF to generate an estimated neuronal time-series. The 
product of this estimated neuronal time-series and vectors representing each of 
the onsets for uncertain anticipation and certainty anticipation of threats were 
computed. These interaction terms were then reconvolved with the HRF and 
entered into a new GLM along with the vectors for the onsets for uncertain 
threats and certainty anticipation (i.e., the psychological vectors), the original 
eigenvariate time-series and covariates of no interest (i.e., 6 movement 
parameters derived from realignment corrections). This “generalized” form of 
PPI analysis differs from standard PPI analyses, such that it allows simultaneous 
modeling of context-dependent connectivity for all conditions and also shows 
increased sensitivity and specificity compared to traditional PPI analyses 
(http://www.nitrc.org/projects/gppi). Furthermore, in order to examine the 
interaction effect of functional connectivity of seeds, we followed the same 
analysis procedure as with the analysis of BOLD responses. Specifically, the 
contrast images of the PPI interaction term for anticipations (uncertain threats 
vs. certainty) in each participant were submitted to a mixed ANOVA model 
which resulted in an interaction effect map between anticipation (uncertain 
threats vs. certainty condition) and group to identify regions showing differential 
connectivity with seeds. Statistical thresholding and subsequent ROI analysis of 
this statistical map was carried out using the same criteria with the 
aforementioned activation analysis. Parameter estimates were also extracted 
from those regions to characterize the connectivity patterns of anticipation 
conditions of the two groups using MarsBar, and the correlation analysis between 
PPI parameter estimates of those regions and individual trait anxiety levels were 
performed for uncertain and uncertain condition to characterize the association 
patterns. In order to check whether the observed experimental effects were driven 
by any difference between the certainty negative and neutral condition, we 
performed the same validation analysis used in the activation analysis. Frist, the 
results of conjunction analysis showed that these regions did not have any 
contribution to the significant effect of the uncertainty vs certainty or the 
interaction effect. Second, the t-test results showed that no significant difference 
among these regions was found (showed in the Table S4-5 and Figure S5 in the 
supplementary materials), which validated the reasonability of our approach. 
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2.4 Results 
2.4.1 Brain activation 
By contrasting the uncertain threats and certainty anticipation conditions 
irrespective of the group factor, we found robust activations in the middle 
temporal gyrus (MTG), middle occipital gyrus (MOG), insula, hippocampus, 
dmPFC, inferior frontal gyrus (IFG), and precuneus (showed in Table 1 and 
Figure 2, p < 0.05 FWE-corrected). By contrasting the HAG and LAG while 
collapsing across experimental conditions, we identified activations in (1) the 
superior frontal cortex and inferior parietal lobule in the fronto-parietal network 
(FPN); (2) the parahippocampal gyrus and thalamus in subcortical emotion areas 
(showed in Table 1 and Figure 3, p < 0.05 FWE-corrected). To better illustrate 
the engagement of these regions as a function of anxiety levels, a Spearman 
correlation analysis was performed for regions showing the group effects. The 
results showed that neural activations in all of these regions during the both 
conditions were positively related with trait anxiety levels (showed in Figure 4). 
For the interaction effect, we identified significant activations in the dmPFC, 
precuneus, thalamus, and middle temporal gyrus (showed in Table 1 and Figure 
5, p < 0.05 FWE-corrected), when contrasting neural activity of uncertain threats 
anticipation vs. certainty anticipation in the LAG with that in the HAG (Figure 
5). These results indicate that neural activations in the dmPFC, thalamus, and 
middle temporal gyrus increased in the high anxious individuals when they were 
engaged in uncertainty anticipation compared to their low anxious counterparts. 
Furthermore, the results of the correlation analysis showed that neural activations 
of these three regions were positively related with trait anxiety levels during the 
uncertain condition but not the certain condition (showed in Figure 6). In 
contrast, the precuneus show weaker activations in high anxious individuals 
compared to the LAG, however, no significant correlation between activation of 
precuneus and trait anxiety levels was found in the two condition (ps > 0.13).  
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Figure 2. Brain systems showing significant main effect of uncertainty. 
Representative clusters show significant activation (coded in red) during 
contrasting between uncertain condition and certain condition, color bar 
represents T values. Parameter estimates of uncertain condition and certain 
condition for the high anxiety (coded in red) and low anxiety (coded in blue) 
group. Notes: HA, high anxiety; LA, low anxiety; a.u., arbitrary units; dmPFC, 
dorso-medial prefrontal cortex; IFG, inferior frontal gyrus; Prec, precuneus; Ins, 
insula; Hippo, hippocampus; MTG, middle temporal gyrus; MOG, middle 
occipital gyrus. Error bars, s.e.m. 
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Figure 3. Brain systems showing significant main effects of trait anxiety. 
Representative clusters show significant activation (coded in red) during 
contrasting between the high anxiety group and low anxiety group across 
anticipation conditions, color bar represents T values. Parameter estimates of 
uncertain condition and certain condition for the high anxiety (coded in red) and 
low anxiety (coded in blue) group. Notes: HA, high anxiety; LA, low anxiety; 
a.u., arbitrary units; dlPFC, dorso-lateral prefrontal cortex; IPS, inferior parietal 
sulcus; PHA, para-hippocampus; L, left; R, right. Error bars, s.e.m. 

 
Figure 4. Correlation between activation of regions in the main effects of 
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group and trait anxiety levels. Brain activation in the main effects of group 
versus trait anxiety scores. For each column, correlations were showed for 
uncertain condition (upper) and certain condition (lower).  In each panel, the 
solid lines represent linear fitting of the correlation, the shadows indicate one 
standard error. Notes: MFG, middle frontal gyrus (dorso-lateral prefrontal 
cortex); IPS, inferior parietal sulcus; PHA, para-hippocampus; L, left; R, right.
  

 

Figure 5. Brain regions showing significant interaction effect between 
anticipation conditions and anxiety groups. Representative clusters show 
significant activation (coded in red) in interaction contrast, color bar represents 
T values. Parameter estimates of uncertain condition and certain condition for 
the high anxiety (coded in red) and low anxiety (coded in blue) group. Notes: 
HA, high anxiety; LA, low anxiety; a.u., arbitrary units; dmPFC, dorso-medial 
prefrontal cortex; Prec, precuneus; MTG, middle temporal gyrus; L, left; R, right. 
Error bars, s.e.m. 
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Figure 6. Correlation between activation of regions in the interaction effects 
and trait anxiety levels. Brain activation in the interaction effects versus trait 
anxiety scores. For each column, correlations were showed for uncertain 
condition (upper) and certain condition (lower). The solid lines represent linear 
fitting of the correlation, the shadows indicate one standard error. Notes: Notes: 
HA, high anxiety; LA, low anxiety; dmPFC, dorso-medial prefrontal cortex; Prec, 
precuneus; MTG, middle temporal gyrus; L, left; R, right. 
 
2.4.2 Functional connectivity 
To further examine altered neural circuits in anxious individuals during uncertain 
threats anticipation, we performed the gPPI analysis by using the pre-defined 
amygdala and the significant clusters in the whole-brain contrast (including the 
dmPFC and precuneus) as seeds. Two-way mixed ANOVAs of functional 
connectivity of seeds with group as the between-subject factor and anticipation 
condition as the within-subject factor were performed. For left amygdala, we 
found significant interaction effect in the middle frontal cortex (MFC), superior 
temporal gyrus (STG) and thalamus. For right amygdala, a significant effect in 
inferior occipital lobe (IOL) (showed in Figure 7 and Table 2). For the dmPFC, 
the results showed significant interaction between anticipation and groups in the 
vmPFC (showed in Figure 9 and Table 2). For the precuneus, significant 
interactions were showed in several systems including the frontal-parietal 
network consisting of the dlPFC and IPS, as well as emotion- and uncertainty-
related areas consisting of the insula, para-hippocampus gyrus (PHA), and MTG 
(showed in Figure 10 and Table 2).  
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Furthermore, connectivity patterns of anticipation conditions in the two groups 
were characterized (showed in Figure 7, 9, 10 B panel). The findings suggested 
that the amygdala showed increased connectivity with the MFG, STG, IOL and 
thalamus in the uncertain threats condition in the HAG compared to the LAG. 
Furthermore, the correlation analysis found that functional connectivity between 
the amygdala and these regions was positively related with trait anxiety levels 
during the uncertain condition, but showed an opposite pattern in the certain 
condition (except thalamus) (showed in Figure 8). Additionally, the results 
indicate that the dmPFC showed significantly weaker connection with the 
vmPFC in the HAG during the anticipation of uncertainty compared to the LAG. 
Additionally, functional connectivity between the precuneus and dlPFC, IPS and 
insula significantly increased, connectivity between precuneus and PHA and 
MTG significantly decreased in the HAG than the LAG. The correlation analysis 
showed that during the uncertain condition, dmPFC-vmPFC, precuneus-PHA, 
and precuneus-MTG connectivity were negatively related with trait anxiety 
levels, while precuneus-insula, precuneus-dlPFC and precuneus-IPS 
connectivity were positively correlated with trait anxiety levels. In the certain 
condition, no connections, except precuneus-PHA, showed significant 
correlation with trait anxiety levels (showed in Figure 11).  

 
Figure 7. Brain region showing significant functional connectivity with 
amygdala in interaction effect between anticipation conditions and anxiety 
groups. (A) Representative clusters show significant connection with 
amygdala. (B) Parameter estimates of uncertain condition and certain condition 
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for the high anxiety (coded in red) and low anxiety (coded in blue) group. 
Notes: HA, high anxiety; LA, low anxiety; dlPFC, dorso-lateral prefrontal 
cortex; STG, superior temporal gyrus; IOL, inferior occipital lobe. Error bars, 
s.e.m.  

 
Figure 8. Correlation between amygdala-related connectivity and trait 
anxiety levels. Brain connectivity versus trait anxiety scores. For each column, 
correlations were showed for uncertain condition (upper) and certain condition 
(lower). The solid lines represent linear fitting of the correlation, the shadows 
indicate one standard error. Notes: HA, high anxiety; LA, low anxiety; dlPFC, 
dorso-lateral prefrontal cortex; STG, superior temporal gyrus; IOL, inferior 
occipital lobe. 
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Figure 9. Brain region showing significant functional connectivity with 
dmPFC in interaction effect between anticipation conditions and anxiety 
groups. (A) Representative clusters show significant connection with dmPFC. 
(B) Parameter estimates of uncertain condition and certain condition for the high 
anxiety (coded in red) and low anxiety (coded in blue) group. Notes: HA, high 
anxiety; LA, low anxiety; a.u., arbitrary units; dmPFC, dorso-medial prefrontal 
cortex; vmPFC, ventral-medial prefrontal cortex. Error bars, s.e.m. 
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Figure 10. Brain systems showing significant functional connectivity with 
precuneus in interaction effect between anticipation conditions and anxiety 
groups. (A) Representative clusters show significant connection with precuneus. 
(B) Parameter estimates of uncertain condition and certain condition for the high 
anxiety (coded in red) and low anxiety (coded in blue) group. Notes: HA, high 
anxiety; LA, low anxiety; a.u., arbitrary units; Prec, precuneus; dlPFC, dorso-
lateral prefrontal cortex; IPS, inferior parietal sulcus; Ins, insula; PHA, para-
hippocampus; MTG, middle temporal gyrus; L, left; R, right. Error bars, s.e.m. 
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Figure 11. Correlation between dmPFC-related and precuneus-related 
connectivity and trait anxiety levels. Brain connectivity versus trait anxiety 
scores. For each column, correlations were showed for uncertain condition 
(upper) and certain condition (lower). The solid lines represent linear fitting of 
the correlation, the shadows indicate one standard error. Notes: Notes: HA, high 
anxiety; LA, low anxiety; dmPFC, dorso-medial prefrontal cortex; vmPFC, 
ventral-medial prefrontal cortex; Prec, precuneus; dlPFC, dorso-lateral 
prefrontal cortex; IPS, inferior parietal sulcus; Ins, insula; PHA, para-
hippocampus; MTG, middle temporal gyrus; L, left; R, right. 
 
 
2.5 Discussion 
In the present study, our aim is to examine the brain organization underlying 
uncertain threats in anxious individuals. By integrating brain activation and 
functional connectivity analyses, we found that the anticipation of uncertain 
threats significantly engaged the dmPFC, precuneus, insula, and MTG. More 
critically, high anxious individuals showed stronger activations in the thalamus 
and PHA, as well as the dlPFC and IPS, compared to their low anxious 
counterparts during the anticipation regardless of uncertainty levels. Moreover, 
high anxious individuals showed significantly increased activation in the 
thalamus, MTG, and dmPFC, as well as decreased activation in the precuneus, 
during the anticipation of uncertain threats compared to the certain condition. In 
addition, the follow-up correlation analysis confirmed the engagement of these 
regions as a function of trait anxiety levels. We used gPPI functional connectivity 
analysis to further characterize the interactions between key regions in the 
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anxiety circuit and other parts in the brain. We found that these regions including 
the amygdala, dmPFC, and precuneus involved in the anticipation of uncertain 
threats in anxious individuals showed altered connections with distributed brain 
areas (including the MFG, thalamus, vmPFC, dlPFC, IPS, insula, PHA, and 
MTG). The follow-up correlation analysis further confirmed the strength of these 
connectivity as a function of trait anxiety levels. Taken together, our findings 
indicate that during the anticipation of uncertain threats, high anxious individuals 
showed altered activations and connectivity in widely distributed brain areas, 
which may be linked to abnormal perception, estimation, and emotion reactions.  
 
2.5.1 Engagement of brain areas during anticipation of uncertain threats 
We observed stronger activations in distributed regions when contrasting 
uncertain threats anticipation with certain anticipation across the two groups. 
These regions include the MTG, insula, dmPFC, and precuneus, which are 
thought to be involved in several fundamental anticipatory cognitive and 
emotional processes. Among these regions, the increased engagement of the 
MTG is consistent with its roles in attentional and perceptional vigilance to 
uncertain threats, as suggested by previous literature (Bjork & Hommer, 2007; 
Critchley et al., 2001; Kayser et al., 2010). The increased activation of insula 
during the anticipation for viewing negative stimulus may reflect emotional 
recruitment of participants, which is in line with the role of insula in anticipatory 
emotional feelings (Simmons et al., 2006). In addition, previous studies have 
found increased activation in the dmPFC, which is related with uncertainty 
estimation when the context is ambiguous (Michael et al., 2015; Volz et al., 
2003). In the present study, we found activation of the dmPFC in the uncertain 
threats condition, which probably plays a role in the computation of uncertainty 
for potential threats. Moreover, the precuneus is regarded as a functional hub 
connecting many brain systems, and is involved in a wide range of cognitive 
functions including future-oriented self-processing (Fox et al., 2005; Raichle et 
al., 2001). Seeing that the anticipation of potential threats is strongly related with 
self (Marchetti et al., 2012), the engagement of the precuneus may reflect future-
oriented threats related self-processing. Briefly, the current findings point out 
that the anticipation of uncertain threats engages distributed brain areas including 
the MTG, insula, dmPFC, and precuneus, which play important roles in attention, 
anticipatory emotional feeling, estimation of uncertainty, as well as uncertain 
threat-related self-processing.  
 
The amygdala is a typical brain region involved in negative emotion processing. 
Previous studies have found activations of the amygdala during the anticipation 
of potential threats (Grupe & Nitschke, 2013; Nitschke et al., 2006). However, 
in the present study, no activation of the amygdala was found when contrasting 
between the uncertain and certain conditions, which might be unexpected.  
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Considering that the importance of brain regions not only manifest on their local 
activation but also on how they interact with other regions in the brain, we chose 
pre-defined masks of the amygdala in the PPI analysis to examine whether the 
amygdala would show abnormal interaction with other regions during the 
anticipation of uncertain threats in anxious individuals. The findings are 
discussed in the PPI part of the discussion (see below).  
 
2.5.2 Trait anxiety modulates brain activations during anticipation  
To examine the effect of anxiety on neural processing of anticipation, we 
investigated brain activations by contrasting HAG and LAG across different 
conditions. We found that high anxious individuals showed stronger activations 
in the thalamus, PHA, dlPFC, and IPS, which are important for both emotional 
processing and cognitive control. The thalamus is a core hub in the ‘low road’ 
emotional path, which is critical for automatic processing of emotional stimulus 
(Mizuno-Matsumoto et al., 2013; Pessoa & Adolphs, 2010). Increased activation 
of the thalamus in this study may indicate rapid ‘high-way’ emotional reaction 
during the anticipation of the future. In addition, the dlPFC and IPS are regarded 
as parts of the executive control network involved in cognitive control (Seeley et 
al., 2007). Increased activations in this fronto-parietal system may reflect 
compensatory function of cognitive control (i.e. impaired neural efficiency) in 
high anxious individuals, which is in line with previous findings that individuals 
with high anxiety required higher activation of the dlPFC to achieve the same 
level of cognitive control compared to low anxious people (Basten et al., 2011). 
This deficit in anxious individuals happened in both threats and safe (neutral) 
condition (Berggren & Derakshan, 2013; Bishop, 2007, 2009), indicating a 
general alteration of cognitive control in these people. Furthermore, the 
correlation analysis between beta values of these regions and trait anxiety score 
revealed similar patterns with the main effects of anxiety group, which indicates 
that the activation of these regions was linearly modulated by trait anxiety levels. 
In short, anticipation is a complex process engaging emotional and cognitive 
aspects, and increased emotional response and impaired efficiency of cognitive 
control during anticipation may contribute to pathology of anxiety.  
 
2.5.3 Trait anxiety alters brain activations during anticipation of uncertain 
threats  
Most critically, we found that high anxious individuals showed increased 
activation in the MTG, thalamus, and dmPFC, and decreased activation in the 
precuneus during the anticipation of uncertain threats, as compared with low 
anxious individuals. These altered engagements may be linked to impaired 
perception, emotion processing, and computation of uncertainty. First, stronger 
activations of the MTG in high anxious individuals indicate that they engaged 
stronger perception for uncertain threats during the anticipation, seeing that 
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anxiety has been consistently related with heightened perceptions and attention 
to threats (Bar-Haim et al., 2007; Rosen & Schulkin, 1998). A pervious study 
has showed that anxious individuals estimated uncertain threats as more 
dangerous (Sarinopoulos et al., 2010), thus they draw more attention and stronger 
perceptual resources (indicated by hyper-activation in the MTG) to cues 
predicting uncertain threats.  
 
Second, high anxious individuals showed stronger thalamus activation in the 
uncertain threats condition. Given the aforementioned role of the thalamus in 
rapid emotional processing, this finding suggests that when facing uncertain 
threats situations, high anxious individuals engage stronger and more rapid 
anticipatory emotional reaction (Mizuno-Matsumoto et al., 2013). This statement 
is supported by previous behavioral studies which found that anxious individuals 
showed intense emotional reactions (i.e., startle) during the anticipation of 
uncertain threats than the certain condition (Grillon et al., 2004; Shankman et al., 
2011).  
 
Third, as mentioned before, the dmPFC is very important for the computation 
and estimation of uncertainty of potential threats (Michael et al., 2015; Volz et 
al., 2003). Some studies in anxiety disorders have revealed that high anxious 
individuals showed an inflated estimation of outcome when facing hypothetical 
uncertain situations about negative outcomes (Borkovec et al., 1999; Butler & 
Mathews, 1983; Mitte, 2007). Hereby, excessive activities of the dmPFC in our 
results may imply overly pessimistic expectations in high anxious individuals, 
which are highly related to the symptoms of anxiety (Shepperd et al., 2005).  
 
Last, the precuneus serves as a functional hub with high rates of metabolism in 
healthy subjects at resting state, showing distributed connections with different 
functional systems that involved in self-referential activities and future planning 
(Raichle et al., 2001). The decreased activation in the precuneus in high anxious 
individuals may reflect impaired uncertainty-related, future-oriented self-
processing. The impaired engagement of the precuneus may lead to dysfunctions 
of the integration of different information from various regions involved in 
uncertainty processing including perception, emotion processing, and 
estimation. Crucially, our findings of these interaction effects is supported by the 
findings of correlation analysis which indicate the engagements of MTG, 
thalamus, and dmPFC as a function of trait anxiety levels during the uncertain 
condition.  
 
To sum up, our findings suggest that when anticipating uncertain threats, high 
anxious individuals show altered neural activation in the MTG, thalamus, 
dmPFC, and precuneus, which may be involved in heighted perception, dramatic 
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emotion reaction, altered estimation, and impaired information integration. 
These impaired functions are interconnected and interact with each other. 
Increased attention and emotional reactions for a potential uncertain threats may 
facilitate the processing of threat-related stimulus, which further lead to inflated 
estimation of uncertainty of threats in the future. Furthermore, the experience-
related estimation bias during the anticipation of uncertain threats may also in 
turn result in drastic anticipatory attentional and emotional responses to a world 
that appears to be more dangerous to anxious individuals.  
 
2.5.4 Trait anxiety modulates brain connectivity during anticipation of 
uncertain threats 
To further characterize the roles of interactions between different brain systems 
involved in the anticipation of uncertain threats, we performed gPPI analysis by 
using key regions including the pre-defined amygdala, dmPFC, and precuneus 
as ROIs. We found that the amygdala showed significantly increased 
connectivity with the dlPFC, STG, IOL, and thalamus. Altered connectivity 
between the amygdala and these regions in high anxious individuals is consistent 
with previous studies showing the roles of amygdala in the anticipation of 
uncertain threats (Grupe & Nitschke, 2013; Nitschke et al., 2006). Cortical and 
subcortical circuits including the prefrontal cortex and thalamus showed 
abnormal connections with the amygdala involved in the anticipation of 
uncertain threats, which may allow for an interaction between emotional 
information processing, uncertain estimation, and executive control. Further 
correlation analysis showed that high trait anxiety level enhances the 
connectivity between the amygdala and these regions. In particular, the 
modulation effect of anxiety manifested in uncertain situations, which indicates 
that these connections are specific for uncertain-related information processing 
in anxious individuals. Considering the brain activation results, although we did 
not find any activation of the amygdala when contrasting between the uncertain 
and certain conditions, the abnormal connectivity between the amygdala and 
distributed cortical/subcortical regions were indeed involved in the uncertain 
condition in anxious individuals. Our findings show that the multivariable 
connectivity approach is more sensitive to detect altered neural patterns 
associated with anxiety than the classic univariate activation approach. We 
therefore suggest future studies to combine various advanced imaging analysis 
approaches to provide a more comprehensive understanding of neural 
mechanisms underlying emotional and cognitive functions.  
 
The dmPFC showed significantly weaker connection with the vmPFC in high 
anxious individuals compared to low anxious ones during the anticipation of 
uncertain threats. The decreased connectivity between the dmPFC and vmPFC 
implies that the impaired uncertain threats anticipation might be related to 
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abnormal emotion regulation in high anxious individuals. This interpretation is 
supported by the suggestion that the neural circuit between the dmPFC and 
vmPFC are both associated with uncertain threats processing and emotion 
regulation. During the uncertain threats processing, the vmPFC is suggested to 
estimate the value of potential threats and the dmPFC computes the probability 
of uncertain threats. By the same token, the vmPFC is critical for the suppression 
of emotion regulation and the dmPFC is highly involved in reappraisal-based 
emotion regulation. An influential neurocognitive model of emotion proposes 
that the route between the dmPFC and vmPFC may be critical for evaluating and 
inhibiting negative emotion (Amit Etkin et al., 2011). Therefore, our finding may 
bridge the research fields of the anticipation of uncertain threats and emotion 
regulation, which are both important for understanding the mechanisms of 
anxiety.  
 
Additionally, functional connectivity between the precuneus and dlPFC as well 
as IPS in the executive control network significantly increased in high anxious 
individuals than low anxious ones when anticipating uncertain threats. The 
precuneus is consisted of the default mode network (DMN) that is involved in 
self-processing, and also strongly interacts with the executive control network 
critical for cognitive and emotional regulation of anxiety (Fox et al., 2005). In 
this study, we found that the connectivity between the precuneus and dlPFC/IPS 
in the executive control network significantly increased in highly anxious 
individuals than low anxious ones. Increased interactions between these two 
networks may reflect more efforts of cognitive and emotional regulation in high 
anxious individuals when anticipating uncertain threats. Furthermore, the 
precuneus had weaker connections with the MTG (an area associated with 
uncertainty perception) and the PHA (involved in the emotion processing system) 
in high anxious individuals, which is likely to be associated with ineffective 
regulation of perception of uncertainty and emotional responses. To sum up, our 
findings are in line with many resting-state and task-related studies that highlight 
the precuneus as a functional hub in the whole brain network, and the hub region 
in anxiety-related context may abnormally interact with different brain systems 
including uncertainty perception, emotional reaction, and executive control 
systems underlying uncertain threats processing in anxious individuals (Cavanna 
& Trimble, 2006; S. Zhang & Li, 2012).  
 
Taken together, the amygdala, dmPFC, and precuneus are key nodes in the neural 
systems underlying emotional responses, estimating uncertain threats, and 
regulating emotion. All of them showed impaired connections with the neural 
systems responsible for uncertainty perception and emotion reaction, as well as 
compensatory increased connectivity with the executive control network in high 
anxious individuals. These altered neural interactions might originate from the 
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dysfunction of central amygdala-centered circuits and dmPFC-vmPFC circuit 
that are critical for emotional reactions and uncertainty estimation of potential 
threats. One potential explanation is that these neural routes-centered 
impairments contribute to the development of anxiety. People learn to associate 
cues with potential threats. The repeated associative learning during the early 
stages of lifespan contributes to estimation bias of cost or possibility of potential 
threats. It is possible to result in impaired amygdala-centered circuits and 
dmPFC-vmPFC connection and in turn further altering emotional reactions and 
computation of uncertain threats. From this perspective, an anxious individual 
builds up neural pathways of anxiety in a way similar with a concert pianist 
strengthens neural pathways of musicianship through hours of daily practice. The 
only difference is that pianists construct music-related neural circuits, while 
anxious people establish emotional reactions and uncertain estimation related 
neural routes. Considering this proposition, the interventions targeting these 
circuits are of great importance for both mechanism-directed and clinic-focused 
studies. 
 
2.5.5 Limitations 
In the present study, we have tried to address the concern that including 
extremely low anxious people as controls may have biased the brain activation 
and functional connectivity findings. First, we followed the similar criterion used 
in many previous studies to divide people into the low and high groups, which 
showed reliable group differences in various experimental tasks [e.g., Gu et al., 
2010; de Visser et al., 2010]. Second, on the brain level, the scatter plots (see 
Figure 4, 6, 8, and 11) in our study showed that the interaction effects were not 
driven by outliers, supported by the phenomenon that the beta values of 
activation and connectivity in the low and high anxiety groups were continuously 
rather than separately distributed, indicating that values in these two groups were 
comparable. Furthermore, the correlation analysis indicated that trait anxiety 
level was linearly associated with brain activation and connectivity patterns, 
which further help resolve the concern that the group effects reported in the 
ANOVA analysis were due to the influence of outliers. In a word, brain 
activation and connectivity patterns in low anxious individuals were comparable 
with those in high anxious individuals, making it reasonable to conduct ANOVA 
analysis in the present study. However, it is still worth to note that considering 
other potential confounding factors, full characterization of resilience, coping 
style, and other related features of participants would provide a more 
comprehensive understanding of the mechanism of anticipating uncertain threats 
in follow-up studies. 
 
There might be another concern about combining the certain neutral and negative 
conditions as the control condition, which was used to compare with the 
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“uncertain threats” condition in this study. As we mentioned in the Methods part, 
previous studies have used similar paradigm employing negative or neutral 
condition as a control condition, the reliability of which is still debated (Krain et 
al., 2008; Sarinopoulos et al., 2010). In the present study, we aimed to examine 
anxiety-related differences between uncertain threats and certain conditions; 
therefore, both negative and neutral conditions were combined as a “certain” 
condition. Consequently, it was possible that the observed experimental effects 
were driven by the difference between the certain negative and neutral conditions. 
To address this possibility, we finished several additional analyses as follows. 
First, we employed two conjunction analyses (1) between the difference map 
(negative anticipation vs. neutral anticipation) (showed in Figure S1 and S2 in 
the supplementary material) and the contrast map across the uncertain threats and 
certain conditions, and (2) between the difference map and the interaction map 
for both brain activation and connectivity. The results showed that these regions 
did not have any contribution to our major findings, that is, the main effect of the 
uncertainty vs certainty or the interaction effect. Second, we further compared 
the difference of brain activation and connectivity between certain negative and 
neutral conditions in the significant regions from our major results. The results 
showed no significant difference in these regions except the IFG was found 
(showed in the Table S2-5 in the supplementary materials), which further 
validated the reliability of our approach. In a word, the results of these validation 
analyses indicate that our findings were mainly driven by the difference between 
uncertain and certain conditions, rather than the difference between certain 
negative and neutral conditions. Still, it is worth noting that our major findings 
were based on contrasting the anticipation of uncertain threats and the averaged 
anticipation of certain conditions. 
 
Several other limitations related to the present study should be noted. First, we 
did not found any group effect or interaction effect on neural activations of the 
amygdala. Considering that the amygdala is important for emotional processing 
and anticipation of potential threats, this result might be out of expectation. 
However, functional connectivity between several key cortical and subcortical 
regions and the amygdala has been involved in the anticipation of potential 
threats, which was positively related with trait anxiety levels (see above). It is 
possible that high anxious individuals do not show altered local engagements of 
the amygdala, but abnormal global communication between the amygdala and 
distributed systems in the brain, which contributes to cognitive and emotional 
processing during the anticipation of uncertain threats. Second, the present 
threshold for multiple comparisons might be liberal, although it has been used in 
many previous studies (Qin et al., 2014a; Qin et al., 2014b). However, reducing 
false positives may also increase the risk of missing meaningful findings. A 
threshold which can balance between the probability of false alarm and that of 
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miss would facilitate novel findings. We agree that it would be important for 
follow-up studies to replicate the current findings with alternative methodologies. 
 
2.5.6 Conclusion 
By characterizing alterations in task-related brain activation and functional 
connectivity during the anticipation of uncertain threats in individuals with high 
and low trait anxiety levels, our findings show altered activations in the dmPFC, 
precuneus, thalamus, and MTG; impaired connections of amygdala-thalamus, 
amygdala-PFC, dmPFC-vmPFC, precuneus-FPN, precuneus-MTG, and 
precuneus-PHA during the anticipation of uncertain threats in anxious 
individuals, which may be involved in emotional reactions to, estimation of, and 
perception of uncertain threats. All of these altered neural patterns may together 
contribute to the pathology of anxiety. The current study also provides a new 
insight for neural and behavioral treatments focusing on the neural circuits that 
underlies uncertainty estimation and emotion regulation in anxiety-related 
disorders. 
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2.6 Tables  
Table 1 Brain regions showing main effects of uncertainty, anxiety and 
interaction effects between them.  

Regions Cluster 
size 
(voxel) 

Peak 
T 

Peak coordinates(x,y,z) 

Uncertainty > 
Certainty 

   

L Superior Frontal 
Gyrus 

359 3.70  -12 46 48 

R Superior Frontal 
Gyrus 

231 2.77  16 44 34 

R Middle Frontal 
Gyrus 

119 3.78  52 46 6 

R Precuneus 880 4.08  6 -56 38 
R Insula 108 4.38  38 -10 2 
R Hippocampus 153 3.52  34 -20 -16 
L Middle 
Temporal Gyrus 

256 3.39  -48 -8 -14 

L Middle 
Temporal Gyrus 

1444 4.87  -54 -34 -4 

HAG > LAG      
L Middle Frontal 
Gyrus 

243 3.54 -36 36 20 

L Inferior Parietal 
Lobule 

760 3.60 -50 -40 40 

R Inferior Parietal 
Lobule 

282 3.31 46 -38 50 

L Thalamus 276 3.17 -10 -16 16 
L 
Parahippocampal 
Gyrus 

730 4.07 -30 -50 -2 

R 
Parahippocampal 
Gyrus 

664 4.29 32 -50 0 

L Inferior 
Temporal Gyrus 

432 4.06 -44 -54 -4 

Interaction      
L Superior Frontal 
Gyrus 

630 3.19 -6 34 56 

L Precuneus 615 2.64 -10 -24 60 
L Thalamus 461 2.96 -10 -12 4 



Chapter 2 

Anxiety and anticipation of uncertain threats 51 

R Middle 
Temporal Gyrus 

430 2.59 54 -50 22 

Notes: the coordinates are in the MNI system, HAG, high anxiety group; LAG, 
low anxiety group; L, left; R, right. 
 
Table 2 Brain regions showing interaction effect between uncertainty and 
anxiety for connectivity analysis  
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Notes: the coordinates are in the MNI system. L, left; R, right. 
	  

Regions Cluster 
size 
(voxel) 

Peak T Peak 
coordinates(x,y,z) 

L Amygdala as seed    

L Dorso-lateral 
prefrontal cortex  

130 4.32 -24              34                26 

L Superior Temporal 
Gyrus 

99 3.86 -62             -30                32 

L Thalamus 68 4.81 -20             -16                  2 

R Amygdala as seed    

L IOL 61 4.13 -42             -66                 -2 

dmPFC as seed    

R Medial Frontal 
Gyrus 

379 3.22  4 50 4 

Precuneus as seed      
R Middle Frontal 
Gyrus 

134 3.13  40 12 46 

R Inferior Parietal 
Lobule 

255 2.89  60 -52 40 

R Insula 391 3.29  34 -20 20 
R Parahippocampal 
Gyrus 

117 2.88  22 -42 2 

L Superior Temporal 
Gyrus 

130 3.18  -58 -26 14 
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2.7 Supplementary materials 

 
 

Figure S1. Brain regions for contrast between negative anticipation and 
neutral anticipation condition in activation analysis. 

Figure S2. Brain regions for contrast between negative anticipation and 
neutral anticipation condition in PPI analysis. 
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Figure S3. Parameter estimates (beta value) in the certain negative, neutral 
and uncertain condition for significant clusters in the contrast between the 
uncertain and certain ones in the activation analysis. the high anxiety group 
is coded in red and low anxiety group is coded in blue. Notes: HA, high anxiety; 
LA, low anxiety; a.u., arbitrary units; dmPFC, dorso-medial prefrontal cortex; 
IFG, inferior frontal gyrus; Prec, precuneus; Ins, insula; Hippo, hippocampus; 
MTL, middle temporal lobel; MOG, middle occipital gyrus. Error bars, s.e.m. 
 
 

 
Figure S4. Parameter estimates (beta value) in the certain negative, neutral 
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and uncertain condition for significant clusters in the contrasts of anxiety 
effect and interaction effect in the activation analysis. the high anxiety group 
is coded in red and low anxiety group is coded in blue. Notes:  HA, high anxiety; 
LA, low anxiety; a.u., arbitrary units; dlPFC, dorso-lateral prefrontal cortex; IPS, 
inferior parietal sulcus; PHA, para-hippocampus; dmPFC, dorso-medial 
prefrontal cortex; Prec, precuneus; MTG, middle temporal gyrus; L, left; R, right. 
Error bars, s.e.m. 
 
 

 
Figure S5. Parameter estimates (beta value) in the certain negative, neutral 
and uncertain condition for significant clusters in the contrasts of 
interaction effect in the PPI analysis. (A) the beta values of clusters showing 
significant connection with amygdala. (B) the beta values of clusters showing 
significant connection with dmPFC. (C) the beta values of clusters showing 
significant connection with precuneus. The high anxiety group is coded in red 
and low anxiety group is coded in blue. Notes: HA, high anxiety; LA, low anxiety; 
a.u., arbitrary units; dlPFC, dorso-lateral prefrontal cortex; STG, superior 
temporal gyrus; IOL, inferior occipital lobe; vmPFC, ventral-medial prefrontal 
cortex; IPS, inferior parietal sulcus; Ins, insula; PHA, para-hippocampus; MTG, 
middle temporal gyrus; L, left; R, right. Error bars, s.e.m.  
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Figure S6. Brain systems showing significant functional connectivity with 
thalamus in interaction effect between anticipation conditions and anxiety 
groups. (A) Representative clusters show significant connection with thalamus. 
(B) Parameter estimates of uncertain condition and certain condition for the high 
anxiety (coded in red) and low anxiety (coded in blue) group. Notes: HA, high 
anxiety; LA, low anxiety; IFG, inferior frontal cortex; Ins, insula; PHA, para-
hippocampus; MTG, middle temporal gyrus; L, left; R, right. 
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Figure S7. ROI of dmPFC and cluster of dmPFC from Neurosynth. Notes: 
red clusters represent regions which showed activation in the present task, blue 
clusters represent regions which showed activation in the Neurosynth by using 
keyword of ‘dmPFC’ and purple represent the overlapped clusters between the 
both. 

 
Figure S8. ROI of precuneus and cluster of precuneus from Neurosynth. 
Notes: red clusters represent regions which showed activation in the present task, 
blue clusters represent regions which showed activation in the Neurosynth by 
using keyword of ‘precuneus’ and purple represent the overlapped clusters 
between the both. 
 
Table S1. Standard deviation of connectivity during certain and uncertain 
conditions in the two groups. 
 

 
Notes: HA, high anxiety group; LA, low anxiety group; dmPFC, dorso-medial 

Gr
ou
p 

dmPFC_v
mPFC_cer 

dmPFC_vm
PFC_unc 

Pre_Ins
_cer 

Pre_Ins
_unc 

Pre_PH
A_cer 

Pre_PHA
_unc 

HA 0.27 0.22 0.26 0.22 0.17 0.19 
LA 0.24 0.38 0.24 0.37 0.14 0.35 

 
Pre_lMTG
_cer 

Pre_lMTG_
unc 

Pre_rIP
S_cer 

Pre_rIP
S_unc 

Pre_rdlP
FC_cer 

Pre_rdlP
FC_unc 

HA 0.21 0.20 0.30 0.48 0.25 0.23 
LA 0.22 0.39 0.18 0.45 0.24 0.37 
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prefrontal cortex; vmPFC, ventral-medial prefrontal cortex; Prec, precuneus; 
dlPFC, dorso-lateral prefrontal cortex; IPS, inferior parietal sulcus; Ins, insula; 
PHA, para-hippocampus; MTG, middle temporal gyrus 
 
Table S2. Results of one sample t-test to compare the difference of activation 
between certain negative and neutral conditions for the ROIs in the contrast 
between uncertain and certain ones.   

Region group t-value p-value 
l_dmPFC HA -1.38 0.18 
r_dmPFC HA -1.75 0.09 
IFG HA -2.35 0.02 
Pre HA 0.31 0.76 
Ins HA -1.52 0.14 
HPA HA -1.28 0.21 
MTL HA -1.78 0.08 
MOL HA -0.84 0.41 
l_dmPFC LA -1.06 0.29 
r_dmPFC LA -0.13 0.90 
IFG LA -0.66 0.51 
pre LA -0.60 0.56 
Ins LA -0.48 0.63 
HPA LA -0.94 0.35 
MTL LA 0.23 0.82 
MOL LA -0.42 0.68 

Notes: HA, high anxiety; LA, low anxiety; dmPFC, dorso-medial prefrontal 
cortex; IFG, inferior frontal gyrus; Prec, precuneus; Ins, insula; HPA, 
hippocampus; MTL, middle temporal lobel; MOG, middle occipital gyrus; l, left; 
r, right. 
 
 Table S3. Results of one sample t-test to compare the difference of activation 
between certain negative and neutral conditions for the ROIs in the contrast 
of anxiety effect and interaction effect in the activation analysis.  

  region group t-value p-value 
dlPFC HA 0.84 0.41 
PHA HA -0.95 0.35 
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Notes:  HA, high anxiety; LA, low anxiety; a.u., arbitrary units; dlPFC, dorso-
lateral prefrontal cortex; PHA, para-hippocampus; Prec, precuneus; IPS, inferior 
parietal sulcus; dmPFC, dorso-medial prefrontal cortex; MTG, middle temporal 
gyrus;  
 
Table S4. Results of one sample t-test to compare the difference of 
connectivity between certain negative and neutral conditions for the 
amygdala in the contrast of interaction effect in the PPI analysis.  

region group t-value p-value 
IOL HA -0.70 0.49 
thalamus HA 0.16 0.88 
STG HA -0.10 0.92 
dlPFC HA 0.44 0.66 
IOL LA -0.36 0.72 
thalamus LA -0.08 0.94 
STG LA -1.03 0.31 
dlPFC LA -1.23 0.23 

Notes: HA, high anxiety group; LA, low anxiety group; IOL, inferior occipital 
lobe; STG, superior temporal gyrus; dlPFC, dorso-lateral prefrontal cortex; 

Prec HA 0.33 0.75 
thalamus  HA -0.99 0.33 
IPS HA 0.65 0.52 
thalamus HA 0.02 0.98 
dmPFC HA -1.84 0.08 
MTG HA -1.35 0.19 
dlPFC LA -0.38 0.70 
PHA LA 0.16 0.87 
Prec LA 1.13 0.27 
thalamus LA -0.95 0.35 
IPS LA -0.96 0.34 
thalamus LA -0.60 0.55 
dmPFC LA -1.73 0.09 
MTG LA -1.10 0.28 
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Table S5. Results of one sample t-test to compare the difference of 
connectivity between certain negative and neutral conditions for the dmPFC 
and precuneus in the contrast of interaction effect in the PPI analysis. 
 
 
 

region group t-value p-value 
PHA HA -1.16 0.25 
lMTG HA -0.77 0.45 
Ins HA -0.59 0.56 
rIPS HA -0.96 0.34 
rdlPFC HA -0.46 0.65 
vmPFC HA -0.95 0.35 
PHA LA 0.78 0.44 
lMTG LA -1.29 0.20 
Ins LA -0.29 0.77 
rIPS LA -0.47 0.64 
rdlPFC LA -0.20 0.84 
vmPFC LA -1.17 0.25 

Notes: HA, high anxiety group; LA, low anxiety group; Ins, insula; IPS, inferior 
parietal sulcus; dlPFC, dorso-lateral prefrontal cortex; vmPFC, ventral-medial 
prefrontal cortex; PHA, para-hippocampus; MTG, middle temporal gyrus; 
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3.1 Abstract  
Background: Auditory-verbal hallucinations (AVH) are a prevalent 
phenomenon in people with psychosis including schizophrenia, but can also 
occur in less intrusive form in non-psychotic individuals. While neurocognitive 
mechanisms underlying AVH have been widely investigated, they still remain 
unresolved, especially how altered interaction between semantic prediction and 
perception contributes to hallucinations. Previous models, including the 
predictive coding theory, have suggested stronger perception priors and failure 
in error-based learning during this interaction in people with hallucinations. 
However, the neural basis underlying these altered processing during interaction 
between semantic prediction and perception in hallucinations remains unknown.   
Methods: In this study, we used functional Magnetic Resonance Imaging 
(fMRI) measurements during a semantic prediction task to examine this issue, 
by combining brain activation and general Psychophysiological interaction 
analysis, with focus on the dorsal anterior cingulate cortex (dACC) circuit. 
Results: We found that hallucination proneness was negatively correlated with 
accuracy of perception during unpredictable perception, which was associated 
with altered activation and connectivity in the dACC-related circuit. In 
particular, high hallucination proneness was correlated with decreased brain 
activation in the dACC and reversed connectivity between the dACC and the 
precuneus from negative to positive.  
Conclusions: The involvement of the dACC circuit in hallucinations is 
consistent with the role of this region in mistakenly tagging internal speech from 
an external source, and resonates known roles of the dACC in error-based 
updating of priors in predictive coding. Our findings provide new evidence for 
the brain networks model of altered predictive coding in hallucinations.  
Keywords: predictive coding, hallucinations, dorsal anterior cingulate cortex, 
precuneus, general Psychophysiological interaction 
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3.2 Introduction 
Auditory-verbal hallucinations (AVH) are compelling perceptual experiences in 
the absence of corresponding external auditory-verbal stimuli. 5%–15% of the 
general population experience AVH during their lifetime (Johns et al., 2004), 
and approximately 70% of schizophrenia patients report AVH in their illness 
course. The continuum hypothesis of psychosis suggests that AVHs are a trait 
continuously distributed from healthy people trough diagnosis (Sorella et al., 
2019). The study of subclinical population can aid to understand neurocognitive 
mechanisms underlying AVH in schizophrenia patients without the confounding 
effects of psychotropic medication or chronic illness. Even though many 
neuroimaging studies of AVH have been published over the past 15 years and 
progress has been made (Ćurčić-Blake et al., 2017b; Jardri et al., 2011; Zmigrod 
et al., 2016), the precise neurocognitive mechanisms underlying AVH still 
remain to be fully elucidated. Espeically, one of the essential questions that needs 
to be addressed regards how altered interaction between top-down semantic 
prediction and bottom-up perception of auditory events contributes to AVH.  
 
Previous neurocognitive hypotheses of AVH have proposed that abnormal 
interaction between top-down and bottom-up processes may underlie 
hallucinations (Behrendt, 1998; Corlett et al., 2019; Grossberg, 2000b). In 
particular, spontaneous hyperactivity of the superior temporal gyrus was found 
to contribute to bottom-up ‘over-perceptualization’, accompanied by reduced 
top–down modulation from Broca's areas involved in language processing and 
the anterior cingulate cortex (ACC), the Supplementary Motor Area (SMA) 
involved in monitoring speech (P. Allen et al., 2008). Whereas these hypotheses 
regarded top-down and bottom-up processes as separate components mediated 
by separate modules (i.e. brain regions), Friston proposed the predictive coding 
theory (i.e. hierarchical Bayesian model) to integrate top-down and bottom-up 
processing in a unified framework. This model suggested that people use a 
hypothesis (i.e. prediction) to enable rapid perception and understand sensations. 
They can adjust these so as to minimize prediction error by updating priors. Top-
down prediction and bottom-up perception interact in a hierarchical way 
spanning from low-level brain regions (i.e. sensory areas) to high-level brain 
regions (i.e. prefrontal cortex) (Carhart-Harris & Friston, 2010; Corlett et al., 
2019). A disruption in this mechanism (i.e. predictive coding), including stronger 
priors and deficit in updating, leads to false positive perception in hallucinations 
(Corlett et al., 2019; Karl J. Friston, 2005).  
 
Semantic prediction has been characterized for modulating behavioral 
performance and neural activity in sensory regions during perception (Dikker et 
al., 2009, 2010; Lupyan & Spivey, 2008), making semantic prediction tasks an 
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ideal model for studying the neurocognitive mechanisms that underlie interaction 
between top-down prediction and bottom-up perception which may characterize 
pathology of hallucinations. By using this task, a number of previous studies 
examined how top-down semantic predication would be related to an 
individual’s susceptibility to hallucinations (Aleman et al., 2003; Aleman & 
Vercammen, 2013; Daalman et al., 2012). These studies consistently revealed 
that subjects who are more susceptible to hallucinations were more likely to 
produce false-positive perception (i.e. high false alarm rate), which may be 
influenced by strong prediction (i.e. priors). In spite of multiple behavioral 
studies working on the influence of top-down prediction on bottom-up 
perception, the neural basis of this interaction in hallucinations remain unknown. 
 
Dysfunction of the ACC has been proposed to be important for erroneously 
tagging internal speech from an external source in AVH (P. Allen et al., 2008; 
Jardri et al., 2011). Indeed, patients with hallucinations demonstrated that 
attenuated activation in the ACC and reduced effective connectivity between the 
ACC and the superior temporal gyrus was associated with misattribution of self-
speech (P. Allen et al., 2007; Mechelli et al., 2007). This misattribution could be 
caused by a disturbance of corollary discharge and altered predictive coding 
(Corlett et al., 2019; Fletcher & Frith, 2009b). The corollary discharge 
hypothesis suggests that inappropriate external attribution arises from a failure 
to predict the sensory consequences of one’s own actions (i.e. speech) (Fletcher 
& Frith, 2009b). The predictive coding theory, as applied to hallucinations 
(Corlett et al., 2019), proposes that the failure in prediction of sensory 
consequences leads to prediction errors at low-level perceptional regions, which 
can be compensated by stronger belief (i.e. priors) of experience as unintended 
and thus externally generated. This view has been supported by the finding that 
the dACC was involved in processing priors of perception in a visual-auditory 
associative task (Powers et al., 2017b). Thus, the dACC may serve as the neural 
basis where top-down prediction and bottom-up perception interact, which may 
be disrupted in individuals with high hallucinations. However, no study has 
examined the association between hallucination proneness and activation of the 
dACC during the interaction of top-down and bottom-up processing to inspect 
this hypothesis.  
 
Studies have reported evidence for the involvement of the default mode network 
(DMN) including the ventral medial prefrontal cortex and the posterior cingulate 
cortex (precuneus) in schizophrenia (Broyd et al., 2009; Whitfield-Gabrieli et al., 
2009) and hallucinations (Metzak et al., 2015). Building on these evidence, 
Northoff and colleagues proposed the ‘resting state hypothesis’ of AVH 
(Northoff & Qin, 2011). They suggested that these less suppression of the DMN 
may sensitize activity in the auditory cortex, which further leads to confusion 
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between spontaneous activity and stimulus-induced activity in auditory regions. 
In addition, the dACC in task positive network showed anti-correlated activation 
(i.e. antagonism) with the posterior cingulate cortex (PCC)/precuneus and 
ventromedial prefrontal cortex in the DMN in healthy people (Fox et al., 2005). 
The altered antagonism between these networks (i.e. switching from negative to 
positive correlation) has been extensively showed in schizophrenia patients 
(Anticevic et al., 2012), which was also proposed to contribute to self-monitoring 
errors in hallucinations (Palaniyappan, 2012). Especially, Carhart-Harris and 
Friston (32) proposed interaction between these large-scale brain networks are 
associated with hierarchical Bayesian predictive coding, abnormality in which 
may be involved in disrupted interaction between top-down semantic prediction 
and bottom-up perception. However, it remains to be examined whether 
abnormality in interaction between the dACC and the DMN may be directly 
associated with hallucination proneness. 
 
In this study, we used functional Magnetic Resonance Imaging (fMRI) and a 
semantic prediction task to examine how hallucination proneness modulates 
brain engagement and connectivity of the dACC during interaction between top-
down prediction and bottom-up perception. Especially, we investigated the 
neural correlates of altered processing during this interaction in individuals with 
high hallucination proneness. We hypothesized that people with high 
hallucination proneness would show worse behavior performance during 
unpredictable perception (i.e. low accuracy and high false alarm rate). We also 
predicted that poorer performance would be accompanied with alteration in the 
dACC circuit including brain activation and functional connectivity with brain 
regions of the default mode network. More specifically, we hypothesized that the 
dACC would show decreased activation and reduced antagonism (i.e. anti-
correlation) with DMN in high hallucination proneness. This builds on previous 
evidence of attenuated activation of the dACC in misattributing self-speech and 
alteration of error-based updating priors, as well as attenuated inhibition between 
the SN and the DMN in patients with schizophrenia and hallucinations. 
 
3.3 Methods 
3.3.1 Participants 
The English version of Launay-Slade Hallucination Scale (LSHS)-Revised has 
been widely used to measure hallucinations proneness in healthy people (Bentall 
& Slade, 1985a). In the present study, this English version of LSHS-Revised was 
first translated into Chinese by a bilingual native Chinese psychologist, further 
reviewed and revised by two other bilingual psychologist familiar with 
hallucinations, and confirmed by graduate students in psychology. A pilot test 
was performed on Chinese subjects with the Chinese version of LSHS-Revised. 
We found that it was comprehensible and easy to complete, therefore, we did not 



Chapter 3 

Hallucination and semantic prediction 67 

change it further.  A short form of the Chinese LSHS-Revised (1, 2, 7-10 and 12 
item related to auditory hallucinatory experiences) (Aleman et al., 2001; Bentall 
& Slade, 1985b; Fonseca-Pedrero et al., 2010) was used to screen 293 college 
students (182/111 males/females, age (mean/SD): 22.20/2.70 years, LSHS-
total(mean/SD): 27.49/9.27, LSHS-AVH(mean/SD): 14.03/5.46) from 
universities in Beijing, China. A total of 52 participants were selected for the 
fMRI study (26/26 males/females, age (mean/SD): 21.97/2.64 years, LSHS-
total(mean/SD): 30.66/9.9, LSHS-AVH(mean/SD): 15.76/5.98). 13 of them 
were scored lower than 25% quartile (10) and 25 of them were more than 75% 
quartile of the abbreviated LSHS (17), 12 of them were in between 25% quartile 
and 75% quartile. This sampling procedure was used to achieve sufficient 
variability in hallucination scores in the final sample. Importantly, none of them 
reported to have a current or past psychiatric disorder. The study was approved 
by the medical ethics committee of the Department of Psychology at the 
Shenzhen University and performed according to the Declaration of Helsinki. 
 
3.3.2 Task procedure 
The general procedure of semantic prediction task is shown in the Figure 1. All 
the acoustic stimuli were presented to participants through MRI-compatible 
Sensimetrics S14 insert earphones (Sensimetrics Corporation) with foam canal 
tips (Hearing Components, Oakdale, MN), which are widely used in fMRI 
studies to deliver high-quality acoustic stimulus while attenuating scanner noise 
(Kousaie et al., 2019; Langers et al., 2007; Vaden et al., 2017). In each trial, 
during the semantic prediction period, participants were presented auditorily 
with a sentence that was spoken clearly up to the penultimate word, i.e. the last 
word was not presented the same way. The aim of this procedure is to induce 
semantic prediction (see (Vercammen & Aleman, 2010a) for a different version 
of such a task). During the target period (the last word presented), one word 
embedded in white noise was presented to participants within 1 second, with that 
signal-to-noise ratios (SNR) was approximately 5.5 dB (Mean/SD = 5.5/0.45) 
across all the trials, and they were asked to select the appropriate option to 
indicate what word they heard as soon as possible. Because of the concurrent 
noise, the last word was more difficult to discern and thus people had to rely to 
a stronger extent on top-down processing. There were two conditions, one was 
the predictable condition where target word matched well the sentence, the other 
was the unpredictable condition where the target word did not match the 
sentence.  We focused on the target period, to examine brain activation and 
connectivity during this phase. There were in total 120 trials in the experiment, 
in one half of them, the predictable word was presented, in another half of them, 
the unpredictable word was presented. These 60 sentences were tested in a pilot 
study in an independent sample of 48 university students. These participants 
were presented with these sentences up to the penultimate word and were asked 
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to fill in the first word that came into mind. Sentences for which at least 75% of 
participants filled in the same word were regarded as highly predictable. The 
unpredictable condition was constructed from the same sentences, by filling in a 
final word that none of the participants had reported. To ensure that each 
individual have adequate auditory perception of sentences, auditory thresholds 
were obtained for each participant within the speech frequency range by using 
the following procedure. Before the actual fMRI experimental, participants lay 
in the scanner during a piloting scanning, were presented a sentence auditorily, 
was asked to press button to indicate whether they can clearly hear what the 
sentence is. The experimenter adjusted the volume up or down based on which 
the participant indicated. The volume always started from 25 dB SPL, all the 
thresholds of the participants were larger than the beginning value (Mean/SD: 
61.54/12.35 dB SPL).  Then, the stimuli in the actual experiment were presented 
on individual auditory threshold to guarantee everyone can hear the sentence 
clearly. After fMRI scanning, we checked with the participants whether they can 
hear the sentence during the task and confirmed the manipulations were 
efficient.   

 
Figure 1 Task design 

 
3.3.3 Imaging data acquisition  
All the participants were scanned in a Siemens 3.0 Tesla PRISMA MRI scanner 
(Erlangen, Germany) at the Brain Imaging Center of Peking University. 
Functional brain images were acquired with a gradient-recalled echo planar 
imaging (GR-EPI) sequence (axial slices = 34, repetition time = 1000 ms, echo 
time = 30 ms, flip angle = 73°, slice thickness = 3.5 mm, field of view = 224 × 
224 mm, and voxel size = 3.5 × 3.5 × 3.5 mm3). Each functional brain imaging 
scanning session lasted 410 seconds (that is, 410 volumes), there were in total 4 
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sessions during the semantic prediction task. To improve individual 
coregistration and spatial normalization, a high-resolution anatomical image was 
acquired in the sagittal orientation using a T1-weighted 3D magnetization-
prepared rapid gradient echo sequence (slices = 192, repetition time = 2530 ms, 
echo time = 2.98 ms, flip angle = 7°, slice thickness = 1 mm, field of view = 256 
× 256 mm, and voxel size = 0.5 × 0.5 × 1 mm3).  
 
3.3.4 Correlation analyses between hallucination proneness and behavioral 
performance 
To examine the association between hallucination proneness and behavioral 
performance of the task, we performed correlation analyses by calculating 
Spearman correlation coefficients between LSHS-AVH scores and accuracy, 
response times, and false alarm rate, which is the same measure with previous 
studies (Daalman et al., 2012; Vercammen & Aleman, 2010b) to examine the 
top-down errors. Considering auditory thresholds may confound the correlation 
results, we did the same analyses by controlling auditory thresholds as the 
covariates.  
 
3.3.5 Imaging data analysis 
Preprocessing: Imaging data analysis was performed using Statistical Parametric 
Mapping 12 (SPM12, Wellcome Trust Centre for Neuroimaging). The functional 
volumes were first realigned to correct for head motion,  six head motion 
parameters were achieved, two subjects were excluded because of head motion 
≥ 2 mm in translation or 2°in rotation. The realigned volumes were subsequently 
used for normalization. During the normalization, the mean functional image was 
coregistered to each participant’s T1-weighted structural image and then 
normalized to a standard stereotaxic Montreal Neurological Institute (MNI) 
space with a resolution of 2 × 2 × 2 mm". The functional images were then 
spatially smoothed by an isotropic Gaussian kernel with 6 mm full-width at half-
maximum. 
 
Statistical analysis: Smoothed images were statistically analyzed under the 
framework of the general linear model (GLM) in SPM12(K. J. Friston et al., 
1994). The predictable and unpredictable conditions (during perception of target 
word) as well as sentence processing, semantic prediction, choosing options and 
reporting confidence periods were modeled separately as boxcar regressors and 
convolved with the canonical hemodynamic response function built in SPM12. 
Furthermore, six realignment parameters from preprocessing were included to 
account for movement-related variability. The analysis included high-pass 
filtering using a cutoff of 1/128 Hz and a serial correlation correction using a 
first-order autoregressive model (AR[1]). Due to our particular interest in the 
predictable and unpredictable conditions (during perception of the target word), 
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beta images from these two regressors were submitted into the following 
correlation analysis between brain activation and accuracy on the group level.  
 
3.3.6 Correlation analyses between hallucination proneness and brain 
activation  
To further investigate the neural basis underlying behavioral performance during 
interaction between top-down semantic prediction and bottom-up perception, we 
built regression models by taking accuracy as regressors and brain activation 
(whole brain analysis) during the unpredictable condition and predictable 
conditions as dependent variables. We did the same analyses by controlling 
auditory thresholds as the covariates to examine the impacts of auditory 
thresholds on the correlation results.  
 
3.3.7 Psychophysiological interaction of the dACC and correlated with 
hallucination proneness 
We performed a general psychophysiological interaction (gPPI) analysis 
(http://www.nitrc.org/projects/gppi) by using the significant cluster of the dACC 
(from above correlation analysis) as seed. The first eigenvariate of the individual 
voxel time-series within the ROI was extracted. This representative time-series 
were deconvolved from the HRF to generate an estimated neuronal time-series 
of the dACC. The product of this estimated neuronal time-series and vectors 
representing each of the onsets for unpredictable and predictable conditions 
(during perception of target word) were computed. These interaction terms were 
then convolved with the HRF and entered into a new GLM along with the vectors 
for the onsets for unpredictable and predictable conditions (i.e., the 
psychological vectors), the original eigenvariate time-series and covariates of no 
interest (i.e., other regressors including sentence processing, semantic prediction, 
choosing options and reporting confidence periods and six movement parameters 
derived from realignment corrections).  
 
The contrasts images of the PPI interaction term for unpredictable condition in 
each participant were submitted to a regression model with LSHS-AVH scores 
as regressors and beta values of the dACC PPI during the unpredictable condition 
as dependent variables to identify regions showing connectivity with the seed 
covariates with LSHS-AVH scores. Significant clusters were determined using 
a height threshold of P < 0.001 and an extent threshold of P < 0.05 with family-
wise error correction (FWE) for multiple comparisons. Parameter estimates of 
significant clusters were also extracted by using MarsBar. Further Spearman 
correlation analyses between PPI parameter estimates of those regions and 
individual hallucination proneness were performed for both unpredictable and 
predictable conditions to characterize the patterns of association. Same analyses 
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were performed by controlling auditory thresholds as the covariates to check the 
impacts of auditory thresholds on the correlation results. 
 
3.4 Results 
3.4.1 Behavioral performance  
We found that hallucination proneness was negatively correlated with the 
accuracy (r=-0.408, p=0.003) and response times (RTs) (r=-0.331, p=0.016) of 
perceiving target word during the unpredictable condition (i.e. high prediction 
error), but not during the predictable condition (accuracy: r=-0.160, p=0.256; 
RTs: r=-0.087, p=0.538) (Fig 2). After controlling auditory thresholds of 
participants, the results remained the same in unpredictable condition (accuracy: 
r=-0.391, p=0.004; RTs: r=-0.315, p=0.023) and predictable condition (accuracy: 
r=-0.123, p=0.384; RTs: r=-0.080, p=0.575). Because that RTs only measured 
how long participants made a selection from four options but not actual time of 
perceiving auditory stimuli, we did not use RTs in the further analysis. We also 
calculated the false alarm rate and correlated it with hallucination proneness, and 
found marginally significant positive correlations before (r=0.247, p=0.078, Fig 
S1) and after (r=0.266, p=0.057) regressing out auditory thresholds of 
participants. To check potential associations, we also did correlation analyses 
between auditory threshold and LSHS-AVH, accuracy, RTs and false alarm rate 
during unpredictable and predictable conditions and found that no significant 
correlations (all |r|<0.177, p>0.209), except a marginally significant association 
between auditory threshold and accuracy during the unpredictable condition 
(r=0. 242, p=0.084)   

 
Figure 2 Correlation between hallucination proneness and behavioral 
performance during word detection. (A) hallucination proneness and accuracy 
(B) hallucination proneness and reaction time 
 
3.4.2 Association between accuracy and brain activation  
During the unpredictable condition, accuracy was positively correlated with 
activation in the dACC and anterior insula (AI) in the salience network, and 
negatively correlated with activation in the posterior cingulate cortex and the 
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angular cortex in the default mode network across all the participants (Fig 3, 
table 1). During the predictable condition, accuracy was negatively correlated 
with activation in the middle frontal gyrus, the posterior cingulate cortex and the 
angular cortex. No regions showed positively correlation with accuracy. After 
controlling auditory thresholds of participants, the results did not change (see 
Table S1 in the supplementary materials). 

 

 
Figure 3. Significant clusters correlated with accuracy during unpredictable 
and predictable conditions. (A) Positive correlation between significant 
regions and accuracy. (B) Negative correlation between significant regions and 
accuracy. Notes: dACC, dorsal anterior cingulate cortex; AI, anterior insula; 
PCC, posterior cingulate cortex, L, left, R, right.  
 
3.4.3 Association between LSHS-AVH and brain activation and connectivity 
of the dACC 
Beta values of the dACC were found to be related to LSHS-AVH scores. That 
is, high hallucination proneness was correlated with decreased activation in the 
dACC (r=-0.371, p=0.007) during the unpredictable condition, but not during the 
predictable condition (r=-0.222, p=0.114) (Fig 4). After controlling for auditory 
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thresholds of participants, the results remained the same (unpredictable 
condition: r= -0.385, p= 0.005; predictable condition: r= -0.264, p= 0.059). 
Additionally, the whole brain PPI analysis of the dACC revealed that 
connectivity between the dACC and the precuneus was significantly related to 
LSHS-AVH scores during the unpredictable condition. That is, instead of 
negative connectivity, in individuals with high hallucination proneness, positive 
connectivity between the dACC and the precuneus was observed (r=0.527, 
p<0.001) (Fig 5, table 2). However, the dACC-the precuneus connectivity 
during the predictable condition did not correlate with LSHS-AVH scores 
(r=0.222, p=0.113). After controlling auditory thresholds of participants, the 
results did not change (see Table S2 in the supplementary materials, 
unpredictable condition: r= 0.507, p<0.001; predictable condition: r=0.210, 
p=0.135).  

 
Figure 4.  Activation in significant region associated with hallucination 
proneness during unpredictable condition. Notes: dACC, dorsal cingulate 
cortex.  
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Figure 5. PPI between the dACC and Precuneus during unpredictable 
condition associated with hallucination proneness. Notes: dACC, dorsal 
anterior cingulate cortex.   
 
3.5 Discussion 
In this study, we investigated the neurocognitive mechanisms underlying 
interaction between top-down semantic prediction and bottom-up perception of 
auditory verbal stimuli in relation to hallucination proneness, with a particular 
focus on activation and connectivity of the dACC. Behaviorally, individuals with 
high hallucination proneness showed lower accuracy during the unpredictable 
perception. The worse performance (i.e. lower accuracy) was associated with 
altered neural processing characterized by low engagement of the dACC and 
high connectivity between the dACC and the precuneus (i.e. from negative to 
positive) in individuals with high hallucination proneness. Our findings suggest 
that high hallucination proneness might bias top-down semantic prediction at the 
cost of bottom-up perception, which is subserved by the altered dACC-related 
circuit. This findings is in line with altered predictive coding, including strong 
priors (Corlett et al., 2019) and deficit in error-based learning (Fletcher & Frith, 
2009b) in hallucinations as proposed by Friston (Karl J. Friston, 2005) and other 
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(Corlett et al., 2019; Fletcher & Frith, 2009b). Our results provide a preliminary 
evidence for the brain network model of predictive coding in psychosis (i.e. 
hallucinations).   
 
3.5.1 Hallucination proneness might modulate top-down semantic 
prediction over bottom-up perception 
We observed that hallucination proneness was negatively related to accuracy in 
the unpredictable but not the predictable condition. Poorer performance in 
individuals with high hallucination proneness may be due to stronger priors and 
disrupted error-based learning (i.e. updating of priors) during interaction 
between semantic prediction and perception. This statement is consistent with 
the hypothesis of abnormal predictive coding in hallucinations, as proposed by 
Friston (Karl J. Friston, 2005), Corlett and Powers (Corlett et al., 2019). In these 
predictive coding accounts, perception is optimized by prior knowledge which 
aids fast and accurate perception. These priors are compared to incoming 
sensation, and prediction errors are computed in order to update priors. In people 
with hallucinations, strong priors (i.e. predictions) may exert an inordinate 
influence over perceptual inferences, resulting in percepts that are not 
constrained by incoming sensory information from corresponding stimuli 
(Behrendt & Young, 2004), and the failure to learn from unpredictable bottom-
up perceptual events further reinforces strong priors (Corlett et al., 2019). Indeed, 
the negative correlation between hallucination proneness and accuracy was 
observed during the unpredictable condition, which is characterized by strong 
conflicts (i.e. errors) between semantic prediction and perception, compared to 
predictable condition. Thus, individuals with high hallucination proneness may 
have failed in processing these prediction-errors to allow updating of their 
(putatively) strong priors (indicated by a trend of high false alarm rate), 
eventually leading to lower accuracy during perception. This idea is supported 
by altered error-based learning found in patients with hallucinations (Averbeck 
et al., 2011; Waltz et al., 2011). Future studies are required to use reinforcement 
learning algorithms to formally investigate prediction error (i.e. surprise) based 
learning in hallucinations.  
 
Noteworthy, we found a marginally significant correlation between LSHS-AVH 
and false alarm rate, which was named top-down errors in previous studies 
(Aleman et al., 2003; Aleman & Vercammen, 2013; Daalman et al., 2012). We 
did find a significant correlation between LSHS-AVH and accuracy during the 
unpredictable condition. We argue that the dysfunction of perception may not 
only be determinated by top-down factors (i.e. stronger prediction) but also the 
disrupted perception and error-based learning. Thus, reduced accuracy may be 
better to characterize the dysfunction of interaction between top-down and 
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bottom-up by simultaneously considering these aspects, whereas false alarm rate 
purely measures top-down errors (i.e. strong priors).  
 
3.5.2 Brain networks involved in the interaction between top-down 
prediction and bottom-up perception 
We found that accuracy was positively correlated with activation in the dACC 
and the AI in the salience network, while negatively correlated with activation in 
the PCC/precuneus and the angular gyrus in the default mode network. These 
results are consistent with the roles of the SN (of which the dACC and AI are 
part) in attention control (Eckert et al., 2009; Shenhav et al., 2018) and conflict 
processing (Botvinick et al., 2004) and the role of the DMN in self-referential 
subjective experience. Decreased activation in the dACC/AI may be associated 
with altered error-based learning during interaction semantic prediction and 
perception, which led to poor performance during perception. This statement is 
in line with published findings showing that the dACC and the AI are involved 
in reinforcement learning processes, in which people used Bayes’ rules to 
combine priors and prediction errors (i.e. the mismatch between priors and 
inputs) to update priors (Critchley et al., 2005; Holroyd et al., 2004). Deficit in 
attention control of bottom-up perception may also contribute to this altered 
learning, which is consistent with the hypothesized association between ‘new 
perceptions grabbing attention’ and error-based learning proposed by Frith 
(Fletcher & Frith, 2009b) and Friston (Karl J. Friston, 2005). Moreover, we 
found that less de-activation of the DMN was associated with low accuracy 
during the unpredictable condition, which is consistent with the idea that failure 
in suppression of the DMN may play a role in producing spontaneous false 
positive perception (Anticevic et al., 2012; Palaniyappan, 2012). Together, our 
results suggest that decreased engagement in the dACC and less suppression of 
the PCC/precuneus and the angular gyrus may together contribute to altered 
interaction between top-down prediction and bottom-up perception. We will 
expand on the possible role of the dACC on the one hand, and connectivity with 
the PCC/precuneus on the other in development of hallucinations, by building 
the direct link between these neural processing and hallucinations proneness.  
 
3.5.3 Reduced activation of the dACC during unpredictable perception in 
people with high hallucination proneness   
We found that activation in the dACC was negatively correlated with 
hallucination proneness in the unpredictable condition. Previous accounts of 
AVH have proposed that reduced activation in the dACC was linked to disrupted 
processing of tagging internal speech from external sources (P. Allen et al., 
2007), which might be supported by altered prediction of sensory outcome of 
self-speech (Fletcher & Frith, 2009b). Consistent with this, fMRI and EEG 
studies have found that the dACC was highly involved in processing conflict 
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(Botvinick et al., 2004), where top-down prediction and bottom-up perception 
do not match. More specifically, the dACC is important for using surprise signals 
to adjust prediction (i.e. priors) (Alexander & Brown, 2011; Hayden et al., 2011). 
Our results expand and bridge these two related research streams by showing a 
direct association between decreased activation of the dACC and high 
hallucination proneness during conflict between semantic prediction and 
perception and hallucination proneness.  
 
3.5.4 High hallucination proneness reversed connectivity between the dACC 
and precuneus from negative to positive 
We found that while hallucination proneness increased, connectivity between the 
dACC and precuneus changed from negative into positive. This result might be 
interpreted by that failure of the dACC in suppressing activation of precuneus 
leads to spontaneous self-processing of the precuneus over the dACC-related 
prediction error-based learning. It is consistent with the role of the 
PCC/precuneus in the ‘resting state hypotheses’ of AVH (Northoff & Qin, 2011). 
This hypothesis proposes that less suppression of the DMN and increased 
connectivity of the DMN play important roles in spontaneous over-perception in 
auditory regions. This idea has been supported by studies which found that both 
hyperconnectivity and decreased task deactivation of the DMN are correlated 
with positive symptoms (Broyd et al., 2009; Whitfield-Gabrieli et al., 2009). In 
line with these findings, we found that the dACC-precuneus circuit was engaged 
and positively correlated with hallucination proneness during the unpredictable 
condition, which had higher conflicts (i.e. prediction error) between semantic 
prediction and perception. Combining this with the finding of decreased 
activation of the dACC, we proposed that dysfunction of the dACC circuit 
(including decreased engagement and ‘negative-to-positive’ connectivity with 
the DMN) may play an important role in the altered interaction between semantic 
prediction and perception in the individuals with high hallucination proneness. 
This idea greatly echoes the neurocognitive models of aberrant organization and 
interconnectivity of the SN and the DMN is characteristic of hallucinations in 
schizophrenia (Menon, 2011a; Palaniyappan, 2012). 
 
3.5.5 Our findings resonate the hierarchical brain network model of 
predictable coding in psychosis 
Our findings of altered engagement of the dACC and connectivity between the 
dACC and precuneus during interaction between semantic prediction and 
perception confirm the key roles of the salience network and the default mode 
network in subserving precision and updating of inference in predictive coding 
(Carhart-Harris & Friston, 2010). Carhart-Harris and Friston (Carhart-Harris & 
Friston, 2010) proposed that there is a hierarchy in the brain, with the DMN at 
the top and the salience network at intermediate levels, above sensory cortices. 
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During predictive coding, each system is trying to modulate its subordinates by 
optimizing predictions to reduce prediction-errors. Recurrent information-
transmit (i.e. feedforward and backward) and reciprocity excitation/inhibition 
between these systems results in self-organized activation patterns to enable 
efficient prediction, perception and error-based learning. Patients with 
schizophrenia, especially with hallucinations, have shown alterations in the 
interactions between these brain networks (Menon, 2011a; Palaniyappan, 2012). 
Our study provides new evidence for the brain network model of disrupted 
predictive coding in psychosis, by showing that altered engagement and 
connectivity of the dACC during interaction between semantic prediction and 
perception were associated hallucination proneness. It remains to be examined 
in future studies whether and how the hierarchical organization of these brain 
networks causally modulate predictive coding and results in hallucinations.  
 
3.5.6 Limitation and in the future 
Several concerns about our study should be mentioned. First, we used healthy 
participants rather than clinical patients, which may limit generation of our 
conclusion to hallucinations in patients with schizophrenia.  Nevertheless, the 
continuous measure of hallucination proneness allowed us to investigate a linear 
association between hallucination proneness and behavior as well as neural 
processing, which resonates continuum hypothesis of psychosis (Sorella et al., 
2019). Second, we did not directly model prediction error based learning by 
using hierarchical Bayesian algorithms (Powers et al., 2017b). Nevertheless, 
conflicts between semantic prediction and perceptual inputs were high during the 
unpredictable condition, as compared with the predictable condition, suggesting 
a role of prediction error, consistent with previous studies (Averbeck et al., 2011; 
Dikker et al., 2009). The third concern is that auditory thresholds may confound 
our main correlation results, for instance, it may modulate the accuracy of 
perception. Indeed, we found a trend of correlation between auditory threshold 
and accuracy during the unpredictable condition. However, to correct for this, 
we performed partial correlation analyses by regressing out effects of auditory 
thresholds on behavioral and neural measurements, and found that LSHS-AVH 
still significantly modulated accuracy of perception, as well as the dACC 
activation and connectivity with precuneus. Thus, auditory thresholds did not 
confound the main findings.  
 
3.5.7 Conclusion  
By combining fMRI and a semantic prediction task, we investigated the 
neurocognitive mechanisms of how hallucination proneness may modulate brain 
engagement and connectivity of the dACC during the interaction of top-down 
prediction and bottom-up auditory-verbal perception. We found that individuals 
with high hallucination proneness showed worse performance in perception 
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during the unpredictable perception, accompanied by low engagement of the 
dACC and reversed connectivity (i.e. from negative to positive) between the 
dACC and precuneus. Our findings suggest that high hallucination proneness 
might bias top-down semantic prediction over bottom-up perception, which is 
underlined by deficit in using prediction error (i.e. surprise) to update semantic 
priors. These findings are in line with the framework of Friston’s predictive 
coding theory of hallucinations and provide a preliminary evidence for the brain 
network model of predictive coding in psychosis.  
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Tables 1. Brain activation correlated with accuracy during unpredictable 
condition  
 
 

Notes, all clusters survived after FWE-corrected p<0.05 
 
 
 

 Regions Cluster 
size 

T-
value 

Peak 
coordinates (x, 
y, z)  

Positively correlated 
with accuracy during 
unpredictable 
condition 

L AI 64 4.85 -34 18 0 

 dACC 60 4.64 -6 12 46 
 R AI 77 4.44 38 16 -2 
       
Negatively 
correlated with 
accuracy during 
unpredictable 
condition 

PCC 451 4.85 -12 -46 32 

 L 
Angular 
gyrus 

273 4.64 -54 -58 26 

 R 
Angular 
gyrus 

118 4.22 50 -58 18 

       
Positively correlated 
with accuracy during 
predictable condition 

None      

       
Negatively 
correlated with 
accuracy during 
predictable condition 

Middle 
frontal 
gyrus 

310 4.65 -26 20 52 

 PCC 265 4.48 -12 -46 32 
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Tables 2. Brain connectivity of the dACC correlated with LSHS-AVH 
during unpredictable and predictable conditions 
 

 
Notes, all clusters survived after FWE-corrected p<0.05 
 
3.7 Supplementary Materials 
Tables 1. Brain activation correlated with accuracy during unpredictable 
and predictable conditions controlling auditory thresholds 
 
 Regions Cluster 

size 
T-value Peak coordinates 

(x, y, z)  
Positively 
correlated 
with accuracy 

l AI 91 5.04 -34 18 0 

 dACC 68 4.79 -6 12 46 
 r AI 99 4.67 36 16 0 

 Region
s 

Cluster 
size 

T-
value 

Peak coordinates 
(x, y, z)  

Positively 
correlated with 
LSHS-AVH during 
unpredictable 
condition 

precune
us 

129 4.39 18 -60 34 

       
Negatively 
correlated with 
LSHS-AVH during 
unpredictable 
condition 

None      

Positively 
correlated with 
LSHS-AVH during 
predictable 
condition 

None      

Negatively 
correlated with 
LSHS-AVH during 
predictable 
condition 

None      
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Negatively 
correlated 
with accuracy 

PCC 358 4.73 4 -64 32 

 Angular 
gyrus 

245 4.59 -54 -58 26 

 Angular 
gyrus 

104 4.16 50 -58 18 

       
Positively 
correlated 
with accuracy 
during 
predictable 
condition 

None      

       
Negatively 
correlated 
with accuracy 

Middle 
frontal 
gyrus 

217 4.42 -26 20 52 

 PCC 210 4.3 -12 -46 32 
Notes, all clusters survived after FWE-corrected p<0.05 
 
Tables 2. Brain connectivity of the dACC correlated with LSHS-AVH 
during unpredictable and predictable conditions controlling auditory 
thresholds 
 
 
 
 
 Regions Cluster 

size 
T-value Peak coordinates (x, y, 

z)  
Positively 
correlated 
with LSHS-
AVH during 
unpredictabl
e condition 

precuneus 96 4.12 16 -68 40 

       
Negatively 
correlated 
with LSHS-

None      
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AVH during 
unpredictabl
e condition 
Positively 
correlated 
with LSHS-
AVH during 
predictable 
condition 

None      

Negatively 
correlated 
with LSHS-
AVH during 
predictable 
condition 

None      

Notes, all clusters survived after FWE-corrected p<0.05 
 
 
 

 
Figure S1. Correlation between hallucination proneness and false alarm 

rate 
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4.1 Abstract 
Auditory verbal hallucinations (AVH) are a key symptom of schizophrenia. 
Recent neuroimaging studies examining dynamic functional connectivity 
suggest that disrupted dynamic interactions between brain networks characterize 
complex symptoms in mental illness including schizophrenia. Studying dynamic 
connectivity may be especially relevant for hallucinations, given their fluctuating 
phenomenology. Indeed, it remains unknown whether AVH in schizophrenia are 
directly related to altered dynamic connectivity within and between key brain 
networks involved in auditory perception and language, emotion processing and 
top-down control. In this study, we used dynamic connectivity approaches 
including sliding window and k-means to examine dynamic interactions among 
brain networks in schizophrenia patients with and without a recent history of 
AVH. Dynamic brain network analysis revealed that patients with AVH spent 
less time in a ‘network-antagonistic’ brain state where the default mode network 
(DMN) and the language network were anti-correlated, and had lower 
probability to switch into this brain state. Moreover, patients with AVH showed 
lower connectivity within the language network and the auditory network, and 
lower connectivity was observed between the executive control and the language 
networks in certain dynamic states. Our study provides the first neuroimaging 
evidence of altered dynamic brain networks for understanding neural 
mechanisms of AVH in schizophrenia. The findings may inform and further 
strengthen cognitive models of AVH that aid the development of new coping 
strategies for patients. 
Keywords:  auditory verbal hallucinations, dynamic connectivity, network-
antagonistic state, default model network, language network.   
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4.2 Introduction 
Auditory-verbal hallucinations (AVH) are perceptual experiences in the absence 
of external auditory-verbal stimuli, which are sufficiently compelling to be 
considered as true perceptions. AVH are a characteristic symptom in 
schizophrenia, and approximate 70% of patients report AVH at some point in 
their illness course (Slade & Bentall, 1988). A particular characteristic of AVH 
is that they show dynamic fluctuations in their occurrence (Nayani & David, 
1996; McCarthy-Jones et al. 2014). Despite decades of investigations, neural 
mechanisms underlying hallucinations remain unclear (Ćurčić-Blake et al., 
2017a). In recent years, resting-state functional connectivity has been commonly 
used in functional Magnetic Resonance Imaging (fMRI) studies to characterize 
interactions between brain networks in schizophrenia patients. These studies 
reported evidence of disruption of brain networks including cortico-thalamo and 
fronto-limbic connectivity in patients (Chang et al., 2017; Sarpal et al., 2015; 
Sheffield & Barch, 2016; van den Heuvel et al., 2016), consistent with the 
hypothesis of schizophrenia as a disorder of brain dysconnection (Stephan et al., 
2009). Currently, there have been over 60 studies illustrating alterations in 
functional and anatomical connectivity in schizophrenia patients with AVH 
(Ćurčić-Blake et al., 2017a), which are involved in auditory perception, language, 
emotion, memory and top-down control (Jardri et al., 2011; Rotarska-Jagiela et 
al., 2010; W. Zhang et al., 2018; Zmigrod et al., 2016). While there are studies 
looking into dynamic changes in interactions within and between brain networks 
in schizophrenia patients (Damaraju et al., 2014; Du et al., 2016; Su et al., 2016), 
it is relevant and significant to investigate such dynamic changes specifically in 
AVH which have a fluctuating nature.  
 
Our previous model of hallucinations (Aleman et al. 2003; Allen et al. 2008b) 
proposed that abnormal interaction between top-down and bottom-up processes 
may underlie AVH (Behrendt 1998; Grossberg 2000; Corlett et al. 2019). In 
particular, we suggested that spontaneous hyperactivity of the superior temporal 
gyrus may contribute to ‘over-perceptualization’, accompanied by reduced 
modulation from Broca's areas involved in language processing and the anterior 
cingulate cortex (ACC), the Supplementary Motor Area (SMA) involved in 
monitoring speech (Allen et al. 2008b). Over the past decades, a number of 
resting-state and task fMRI studies have shown altered function of language, 
auditory networks and emotion, executive control and default mode networks in 
AVH of schizophrenia patients (see Ćurčić-Blake et al., 2017, for a review). 
Some of these studies found altered fronto-temporal connectivity in the language 
network across different language tasks (Hashimoto et al., 2010; Lawrie et al., 
2002) as well as during resting-state (Mechelli et al., 2007) in schizophrenia 
patients with AVH. Additionally, aberrant connectivity in the default mode 
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network (DMN) and the auditory network have been shown to be related to 
severity of hallucinations (Rotarska-Jagiela et al., 2010), which may be linked to 
intrusion of language-related memory (Northoff & Qin, 2011). Moreover, some 
studies showed that AVH in schizophrenia were related to altered activation and 
connectivity of the emotion network including the amygdala and cingulate cortex 
during processes of auditory and emotional stimuli (Amad et al., 2014; Escartí et 
al., 2010; Kang et al., 2009). Finally, beside roles of the auditory and language 
networks in production of auditory verbal hallucinations, the executive control 
network, including the prefrontal and parietal cortex, is thought to be essential 
for inhibitory control and attention to the voice in AVH (Alderson-Day et al., 
2015; Hugdahl, 2009). It currently remains unknown to which extent dynamic 
(i.e. time-varied) interactions within and between these key networks contribute 
to AVH. 
 
The human brain shows a highly dynamic functional activity and connectivity. 
The dynamic nature of brain provides the backbone for a variety of complex and 
flexible cognitive processes (Hutchison et al., 2013b; Shine et al., 2016), which 
have been found abnormal in mental disorders (Damaraju et al., 2014; Kaiser et 
al., 2016). Typical static resting-state functional connectivity reflects the 
correlation between averaged time courses of brain regions, which has an 
implicit but oversimplified assumption of spatial and temporal stationarity 
throughout entire scanning period (E. A. Allen et al., 2014; Hutchison et al., 
2013b). In contrast, dynamic connectivity analysis takes temporal fluctuations 
within one scanning session into account by calculating the variability of 
functional connectivity over time. Dynamic functional connectivity has several 
merits over static connectivity for investigating neural mechanisms underlying 
symptoms of mental disorders including hallucinations. First, dynamic 
functional connectivity measures have been found more informative about 
various aspects of brain connectivity, which outperformed static connectivity for 
classifying schizophrenia and healthy controls (Rashid et al., 2016). More 
importantly, dynamic connectivity analysis, especially clustering approaches 
such as sliding window and k-means, can look into high-order statistics of brain 
dynamics, dwelling and switching within and between dynamic brain states (or 
cognitive states). It can resolve different brain connectivity patterns 
corresponding to distinct mental processes (Gonzalez-Castillo et al., 2015), 
which may be useful for examining fluctuation of hallucinations (Kindler et al., 
2011; Lefebvre et al., 2016; Nayani & David, 1996), and that cannot be detected 
by static connectivity analyses. Finally, it has been shown that the differences in 
connectivity between patients and controls may not be localized in a single 
dynamic state but distributed across different dynamic states. The static 
functional connectivity calculates the averaged connectivity for the entire 
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scanning session and might not detect distributive nature of the group differences 
(Rashid et al., 2014). 
 
Indeed, dynamic connectivity analyses have provided new evidence to 
understanding brain dynamics in schizophrenia, but no fMRI studies have 
investigated dynamic connectivity in AVH patients. These studies in 
schizophrenia have indicated that patients show alterations in the dynamic graph 
metrics as well as functional connectivity primarily in frontoparietal and 
temporal lobe regions compared to healthy controls (HCs) (Ma et al., 2014; Yu 
et al., 2015). For dwelling and switching among dynamic brain states, 
schizophrenia patients were found to spend less time in an integrated state and 
more time in a weak connectivity state (Damaraju et al., 2014; Du et al., 2016). 
Importantly, abnormal functional connectivity patterns are more pronounced 
during these dynamic brain states showing altered dwell times (Damaraju et al., 
2014). Additionally, schizophrenia patients showed alterations in connectivity 
during one specific dynamic brain state (out of 5 states), where the DMN regions 
showed mostly asynchronous activation with other functional networks (Rashid 
et al., 2014). Phenomenological surveys and EEG studies have found that AVH 
are also very dynamic on different time scales across sub-minutes, days and 
weeks (Kindler et al., 2011; Koenig et al., 1999; McCarthy-Jones et al., 2014; 
Nayani & David, 1996).  EEG studies showed that in a specific microstate with 
a fronto-central distribution was shorter in schizophrenia patients when 
compared to HCs (Kindler et al., 2011; Koenig et al., 1999). Notably, this 
shortening was correlated to positive psychotic symptoms including AVH 
(Kindler et al., 2011). However, considering limited space resolution of EEG, it 
still remains unknown in which way dynamic interactions between key brain 
networks are involved in AVH. Such networks include the language network, 
the auditory network, the default-mode network, the emotion network and the 
executive control network, which play key roles in AVH (P. Allen et al., 2008; 
Ćurčić-Blake et al., 2017a).  
 
In the present study, we used dynamic connectivity analysis including sliding 
window and k-means to unveil the dynamic characterization of interactions 
among key brain networks related to AVH in schizophrenia patients. Static 
connectivity analysis was also used to complement and be compared with results 
from dynamic connectivity analysis. We expected that inter- and intra- network 
connectivity would exhibit alterations in dynamic and static connectivity patterns 
during certain brain states in AVH patients, especially within the auditory and 
language networks as well as between these two networks and other networks. 
Differences in network connectivity between groups might be most pronounced 
in the brain states which showed differences in dwell times and switching. These 
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hypothesized alteration of brain dynamic in AVH patients may be of relevance 
to fluctuations that characterize hallucinatory activity.  
 
4.3 Methods and Materials 
4.3.1 Participants  
Schizophrenia patients with (n = 22) and without (n = 17) a recent history of 
AVH were included in the present study. Only right-handed patients were 
recruited, because handedness has previously been proven to influence the brain 
lateralization (Parker et al. 2005). These patients are selected from three datasets 
at our institute (Lange et al., 2015; Liemburg et al., 2015; Pijnenborg et al., 2011) 
if there was a clear information about current history of AVH. They were further 
divided into the AVH and non-AVH groups according to item M6 (Have you 
ever heard things other people couldn't hear?) of the Mini International 
Neuropsychiatric Interview-Plus (MINI) and the patients’ dossiers (Sheehan et 
al., 1998). For the twenty patients, MINI interview data was available. If the 
MINI was not available, we consulted the principal clinician and the patient 
dossier. Only if it was possible to confirm with certainty that participants did not 
experience AVH in their life (12 out of 17 patients) or not recently (i.e. in the 
last 6 months, 5 of 17 patients), they were included in the non-AVH group. In 
contrast, if it was certain that they did experience AVH in the last 6 months (22 
patients, 15 of which experienced AVH in the week before fMRI scanning), we 
included them in the AVH group. Noteworthy, there were five patients in the 
non-AVH group who experienced hallucinations in other modalities (tactile, 
olfactory or presence) but never had AVH. This is why some patients in the non-
AVH group had P3>=3. The severity of symptoms was also  assessed using the 
Positive and Negative Syndrome Scale (PANSS) interview (Kay et al., 1987). 
Medication effects were examined according to a standardized quantitative 
method for comparing dosages of different drugs (Andreasen et al. 2010). Each 
medication dose was expressed in equivalent doses of haloperidol. The study was 
approved by the medical ethics committee of the University Medical Center 
Groningen and performed according to the Declaration of Helsinki. 
 
4.3.2 Imaging data acquirement and preprocessing 
Magnetic resonance images were acquired by a 3 Tesla Phillips Intera Quaser 
MRI scanner (Philips Intera, Best, the Netherland). The fMRI data came from 
three datasets (Lange et al., 2015; Liemburg et al., 2015; Pijnenborg et al., 2011). 
All functional images were collected with single-shot gradient-recalled echo 
planar imaging (GR-EPI) sequences, aligned along the anterior commissure-
posterior commissure (AC-PC) line. Nine AVH patients and eight non-AVH 
patients came from the dataset one (200 scans; TR = 1500 ms, TE = 28 ms, FA 
= 85°, matrix = 64 × 62, FOV = 220 mm, 3 mm slice thickness, 0 mm spacing 
between slices, 43 transverse slices), none AVH patient and  five non-AVH 
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patients from the dataset two (200 scans; TR = 2300 ms, TE = 28 ms, FA = 85°, 
matrix = 64 × 62, FOV = 220 mm, 3 mm slice thickness, 0 mm spacing between 
slices, 43 transverse slices), thirteen AVH patients and  four non-AVH patients 
form the dataset (200 scans; TR = 2000 ms, TE = 30 ms, FA = 70°, matrix = 64 
× 62, FOV = 220 mm, 3 mm slice thickness, 0 mm spacing between slices, 37 
transverse slices). For spatial normalization, T1-weighted anatomical images 
were collected in axial orientation using a 3D gradient-recalled sequence (251 
scans; TR: 9 ms; TE = 3.5 ms, FA = 8°, slice thickness = 1 mm, FOV = 232 mm, 
matrix = 256 × 256, 170 transverse slices) on each subject. 
  
Dpabi software was used to perform resting-state preprocessing and connectivity 
analysis (Yan et al., 2016). Slice timing correction, realignment and spatial 
normalization and smoothing (full-width-half-maximum, FWHM = 6 mm) were 
conducted. Considering that the head motion could impact connectivity, we 
excluded two patients who have head motion more than 3 mm and 3 degrees. 
Then we calculated framewise displacement (FD) from the derivatives of the six 
rigid-body realignment parameters estimated during standard volume 
realignment, as well as the root-mean-square change in BOLD signal from 
volume to volume (DVARS). The outliers were replaced by missing values 
corrected using interpolation. After artifact detection, we regressed out nuisance 
covariates including twelve linear head movement parameters (and their 
temporal derivatives), FD and DVARS, as well as the noises from the CSF and 
WM using the CompCor strategy (Behzadi et al., 2007). Finally, Data were de-
trended and filtered (0.01–0.08 Hz). 
  
4.3.3 Key nodes in three networks as regions of interest 
The regions of interest (ROIs) were produced by using coordinates in previous 
influential meta-analysis (Jardri et al., 2011; Zmigrod et al., 2016) and 
experimental fMRI studies (McMenamin et al., 2014; Qin et al., 2012)  (Figure 
1A, Table 2). Every region was defined as a 6 mm radius sphere. Broca’s region 
and Wernicke’s region were chosen as the nodes in the language network. Middle 
temporal gyrus and superior temporal gyrus were chosen as nodes in the auditory 
network (Jardri et al., 2011; Zmigrod et al., 2016). Medial prefrontal cortex 
(MPFC), posterior cingulate cortex (PCC) in the default mode network (DMN), 
dorsal-lateral prefrontal cortex (dlPFC) and inferior parietal sulcus (IPS) in the 
executive control network (ECN) and dorsal cingulate cortex (dACC) 
(McMenamin et al., 2014) and amygdala (Qin et al., 2012) were chosen as nodes 
in the emotion network. 
 
4.3.4 Dynamic functional connectivity analysis 
Dynamic functional connectivity between key nodes was computed using a 
sliding window approach with a window size of 22 TRs in steps of 1 TR (E. A. 
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Allen et al., 2014), functional connectivity (Pearson correlation) between these 
ROIs were calculated one by one in each window (Figure 1C). Then we used a 
k-means algorithm to cluster these dynamic FC windows with functional 
connectivity as features, by partitioning the data into a set of separate clusters so 
as to maximize the correlation within a cluster to the cluster centroid. We 
determinated number of clusters as six by using Dunn index ( )*+ =
	 min
/01230+

4(61, 73)/ max
%0<0+

∆<) (see the Supplemental Materials). After dividing 

all the time windows into six distinct FC states, in each state, the intra- and inter- 
network FC were calculated by averaging FC within and between networks. For 
follow up analysis, we selected State 3 and State 6 because they showed different 
dwell times between the two groups. To characterize the meaning of brain states 
(i.e. State 3 and State 6), weighed connectivity matrix was used to calculate graph 
theory measurements including short path length and clustering coefficient (J. 
Wang et al., 2015), which was further compared cross states. We also compared 
functional connectivity between the default mode network and other networks, 
especially the language network cross states. For the dwell times, we used 
npIntFactRep (R package) to do a nonparametric aligned rank test for examining 
interaction in two-way factorial design with Group as the between subject factor 
(AVH vs. non-AVH group) and State as the within subject factor (State 3 vs. 
State 6). Furthermore, we compared the dwell times of State 3 and State 6 
between patients with AVH and without AVH by using nonparametric 
permutation test, we calculated and transformed the transition probability 
between different states and connectivity within and between networks (in State 
3 and 6) into z scores and compared them between the two groups by using two 
sample t test. We performed t-tests between male patients with and without AVH 
to investigate whether the main results hold for males.  
  
4.3.5 Static functional connectivity analysis 
We also characterized the static functional connectivity (FC) of intra- and inter- 
network and compared differences of these FC between patients with AVH and 
without AVH (Figure 1B). For each individual, the Pearson correlations of 
averaged time-series between ROIs were calculated and transformed to z values. 
Then, the intra- and inter- network FC were computed by averaging FC within 
networks and between these networks, and compared between patients with and 
without AVH by using two-sample t-test. There are too few females in the AVH 
and non-AVH groups to directly examine the gender effects on the static FC 
during the group comparisons. But we performed t-tests between male patients 
with and without AVH to investigate whether the main results hold for males.  
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Figure 1. The pipeline of static and dynamic connectivity analysis. A) An 
illustration of inter- and intra- network interaction using predefined regions of 
interest involved in auditory-verbal hallunicition. B) Static and C) dynamic 
functional connectivity analysis.  Notes: dlPFC, dorso-lateral prefrontal cortex; 
IPS, inferior parietal sulcus; mPFC, medial prefrontal cortex; PCC, posterior 
cingulate cortex; dACC, dorsal anterior cingulate cortex; STG, superior temporal 
gyrus; MTG, middle temporal gyrus; FC, functional connectivity. 
 
4.4 Results  
4.4.1 Patients 
AVH (Mean(SD) of age: 32.2 (11.9), gender: 14 Male/8 Female) and non-AVH 
(Mean(SD) of age: 32.1 (7.5), gender: 16 Male/ 1 Female)) patients did not differ 
in age, education, duration of illness and haloperidol equivalents. But two groups 
showed significant difference in P3 and gender (details are shown in the Table 
1).  
 
4.4.2 Dynamic dwelling and switching 
To investigate dynamic connectivity, we employed the sliding window and k-
means approach to characterize dynamic interaction among key brain networks. 
The entire time windows were divided into six different brain states based on 
functional connectivity patterns. The centroid patterns are largely distinguished 
from each other (Figure 2). In State 3, the brain was more segmented, which is 
indicated by that State 3 showed lower cluster coefficient (all p < 0. 038) and 
longer path length in the graph theory analysis (all p < 0. 037) (See Figure 4A-
B). In the State 6, the brain showed anti-correlation between the DMN and other 
networks including the language network, which is suggested by that the DMN 
showed the strongest anti-correlation with the language network in State 6 (all p 
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< 0. 001) besides compared with State 1 (p = 0.138) (see Figure 3C-D). 
Additionally, for dwell time, interaction analysis between State (State 3 vs. 6) 
and Group (AVH vs. non-AVH) showed a significant interaction effect (F(1, 37) 
= 5.22, p = 0.03). Post-hoc permutation test showed that the State 6 lasted shorter 
(diff = -42.809 windows*TR, p = 0.008) while State 3 appeared to last longer 
(diff = 46.707 windows*TR, p = 0.089) (Figure 4) in the AVH group compared 
with non-AVH group. After correction for multiple comparison, the difference 
in dwell times between AVN and non-AVH group remained significant for the 
State 6 (pFDR = 0.016). Repeated analysis in male patients showed a significant 
difference in State 6 (diff = -42.698 windows*TR, p = 0.037). Finally, we used 
of translation probability (TP) between brain states to measure the probability of 
switching between brain states. We found that AVH group showed less 
probability to switch from State 3 to 6 (a trend) (t(37) = -1.840, p = 0.074) and 
from 6 to itself (t(37) = -3.410, p = 0.002) (Figure 5). After correction for 
multiple comparison, the difference of TP for the State 6 to itself between the 
two groups remained significant (pFDR = 0.019). Repeated analysis in male 
patients showed a significant difference of TP for the State 6 to itself (t(28) = -
2.859, p = 0.008). Spearman correlation analysis showed no significant 
correlation between P3 and dwell times of State 3 and State 6 as well as TP for 
State 3 to State 6 and State 6 to itself (all r < 0.204, all p > 0.206) in the AVH 
group. 

 
Figure 2.  Connectivity patterns of six brain states in dynamic brain. Notes: 
dlPFC, dorso-lateral prefrontal cortex; IPS, inferior parietal sulcus; mPFC, 
medial prefrontal cortex; PCC, posterior cingulate cortex; dACC, dorsal anterior 
cingulate cortex; STG, superior temporal gyrus; MTG, middle temporal gyrus; 
FC, functional connectivity. 
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Figure 3. Characterizing brain states. (A-B) Graph theory measurements 
during State 3 compared with ones during other brain states. (C-D) Functional 
connectivity between the DMN and the language network as well as other brain 
network during State 6 compared with ones during other brain states. Notes: 
***P < 0.001; **P < 0.01; **P < 0.05; m.s., marginally significant (P < 0.1); n.s, 
not significant. 
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Figure 4.  Dwell time of each brain states in AVH and non-AVH group. 
Notes: **P < 0.01; m.s., marginally significant (P < 0.1). 
 

 
Figure 5.  Transition probability between brain states in AVH and non-AVH 
groups. Notes: *P < 0.05 
 

4.4.3 Dynamic functional connectivity 
To further characterize connectivity pattern during particular dynamic brain 
states including State 3 and 6, we compared the inter- and intra- network 
connectivity during these two states between two groups. In State 3, FC within 
the auditory network decreased in AVH patients (t(37) = -2.320, p = 0.029). 
Repeated analysis in male patients showed a similar but marginally significant 
difference (t(28) = -1.757, p = 0.096). FC between the executive control network 
and the language network (t(37) = -2.669, p = 0.013) was decreased in AVH 
group (Figure 6). Repeated analysis in male patients showed a similar significant 
difference (t(28) = -2.938, p = 0.009). In the State 6, FC was decreased in the 
language network in AVH group (t(37) = -2.067, p = 0.048) (Figure 7). Repeated 
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analysis in male patients showed a similar but a trend of significant difference 
(t(28) = -1.675, p = 0.107). Spearman correlation analysis showed no significant 
correlation between P3 and connectivity within the auditory network, between 
the executive control network and the language network during State 3, within 
the language network during State 6 (all r < 0.219, all p >0.544) in the AVH 
group. 

 
Figure 6.  Dynamic inter- and intra- network connectivity between five core 
brain networks in AVH and non-AVH groups during the state 3. Notes: ECN, 
executive control network; EMO, emotion network; DMN, default mode 
network; LANG, language network; AUD, auditory network; *P < 0.05. 
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Figure 7.  Dynamic inter- and intra- network connectivity between five core 
brain networks in AVH and non-AVH groups during the state 6. Notes: ECN, 
executive control network; EMO, emotion network; DMN, default mode 
network; LANG, language network; AUD, auditory network; *P < 0.05; m.s., 
marginally significant (P < 0.1). 
 

4.4.4 Static functional connectivity  
For static functional connectivity, we examined intra- and inter-network FC. We 
used intra-network connectivity to investigate the communication between 
regions within each particular functional network. The two-sample t-test showed 
that AVH patients have a decreased connectivity in the language network 
compared with non-AVH group (t(37) = -2.348, p = 0.024) (Figure 8). 
Comparison between the two groups in male patients showed a marginally 
significant difference (t(28) = -2.031, p = 0.052). Spearman correlation analysis 
showed no significant correlation between P3 and connectivity in the language 
network (r = 0.031, p = 0.932) in the AVH group, which is in line with our data 
in which P3 is not specific for measuring AVH. 

Regarding the inter-network connectivity, AVH patients showed decreased 
connectivity between the emotion network and the language network (t(37) = -
2.288, p = 0.028) (Figure 8). Repeated analysis in male patients showed a similar 
but marginally significant difference (t(28) = -1.873, p = 0.071). Again, 
Spearman correlation analysis showed no significant correlation between P3 and 
connectivity between the emotion network and the language network (r = 0.094, 
p = 0.797) in the AVH group. 
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Figure 8. Static inter- and intra- network connectivity between five core 
brain networks in AVH and non-AVH groups. Notes: ECN, executive control 
network; EMO, emotion network; DMN, default mode network; LANG, 
language network; AUD, auditory network; *, P < 0.05, **,  P < 0.01; n.s., not 
significant; m.s., marginally significant (P < 0.1). 
 

4.4.5 Quality control of main results due to difference in TRs  
Dynamic analysis could be affected by different scanning parameters. In order 
to be sure that our findings are not driven by difference in scanning parameters, 
we compared the dwell time (State 3 and 6), and transition probability (from 
State 3 to 6 and from State 6 to itself) between different studies using ANCOVA 
with TR as a factor and AVH as covariate. The results showed that the main 
effects of TRs were not significant (all F (2, 35) < 2.26, all p > 0.12), which 
suggested that different TRs did not significantly affect these measurements in 
dynamic analysis.   To regress out the difference of TRs, we also did the group 
comparisons of dwell time, translation probability and static and dynamic 
connectivity by using ANCOVA with AVH as a factor and TRs as covariate. 
After controlling TRs, the main effects of AVH still remain. For dynamic 
dwelling and switching, AVH group showed higher dwell time during State 3 (p 
= 0.069), lower dwell time during State 6 (p = 0.014), lower probability to switch 
from State 3 into State 6 (p = 0.076) and from State 6 to itself (p = 0.002). For 
the dynamic connectivity, AVH group decreased connectivity within the 
auditory network (p = 0.025) and between the executive control and language 
network (p = 0.012) during State 3, decreased connectivity within the language 
network (p = 0.024) during State 6. For static connectivity, AVH group showed 
decreased connectivity in the language network (p = 0.009) and between the 
emotion and language networks (p = 0.009). Another issue concerns the choice 
of window length. In the present study, we used window length as 22 TRs by 
following the Allen’s study (E. A. Allen et al., 2014), which is also consistent 
with Hutchison’s suggestion that window lengths around 30–60 second can 
produce robust results in conventional acquisitions (Hutchison et al., 2013b). We 
also chose window length as 15, 20, 25 TRs to further check how window length 
may affect our findings. The results showed that using these different window 
lengths can replicate our main findings (window length as 22 TRs) including 
dynamic brain state patterns, dwell times and functional connectivity in dynamic 
states (see Figure S3-4).  

4.5 Discussion 
In this study, we examined dynamic intra- and inter- network functional 
interactions in relationship to AVH in patients with schizophrenia. Importantly, 
we also investigated how AVH patients dwelled in and switched between 
specific brain states (i.e., the ‘network-antagonistic’ and segmented brain states) 
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and other brain states. Given the dynamic nature of hallucinations, dynamic 
connectivity analysis may be of special interest to elucidate the neural basis of 
hallucinations. The results showed that AVH patients spent less time in a 
‘network-antagonistic’ brain state which showed anti-correlation between the 
DMN and the language network, and had lower probability to switch into this 
state. This may imply that language processing is less distinct from resting-state 
processes (e.g. the DMN represents) in these patients, which could explain higher 
levels of verbal intrusions in people with hallucinatory predisposition (Waters et 
al., 2012). In addition, AVH patients had decreased connectivity within the 
language network during the ‘network-antagonistic’ brain state, weaker 
connectivity in the auditory network as well as between the executive control 
network and the language network in the segregated brain state. Thus, our results 
suggest altered interaction among brain networks during certain brain states in 
AVH, which may be of relevance to fluctuations of hallucinatory activity. These 
findings validate and extend previous models of hallucinations (P. Allen et al., 
2008; Northoff & Qin, 2011; Waters et al. 2012) by corroborating the relevance 
of the language and executive control networks. Beyond that, we provide novel 
evidence of altered brain dynamics in AVH, including dwelling and switching 
between specific brains states. 

4.5.1 Less dwelling in a ‘network antagonistic' brain state in AVH 
We examined the dynamic of brain networks during resting-state in AVH and 
non-AVH patients and pinpointed two important brain states: a segregated brain 
state and a ‘network-antagonistic’ brain state. We found that lower cluster 
coefficient and longer shortest path length in State 3, which indicated that the 
brain was disconnected. In particular, lower clustering coefficient indicated 
fewer connections among the nearest neighbors of a node. Longer shortest path 
length indicated that more steps are needed to transmit information from one 
node to another. In line with the disconnection hypothesis of schizophrenia 
(Stephan et al. 2009), many previous resting-state fMRI findings have suggested 
that the segregated brain state, similar with the State 3, was more specific in 
patients with schizophrenia compared to healthy controls. During the ‘network-
antagonistic’ brain state (State 6), DMN showed anti-correlation with the 
language network. The ‘network-antagonistic’ connectivity pattern in State 6 is 
very similar with an anti-correlated activation pattern (i.e. antagonism) between 
the DMN (e.g. vmPFC and PCC) and task positive networks (e.g. dlPFC and 
IPS) in healthy people (Fox et al. 2005).  

The group comparisons showed that AVH group dwelled less time in State 6 and 
had lower probability of switching from State 6 to itself. The dominant feature 
of  State 6, antagonism between the DMN and the language network, may play 
an important role in functional specialization of these networks and thereby 
minimizing overlap that could engender confusion as to the source and nature of 
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information processed. Less dwelling in State 6 may suggest that AVH patients 
are not able to stay in a ‘healthy’ brain state which can distinguish self-related 
processing (putatively related to DMN) and verbal processing (putatively related 
to the language network). Our findings is line with extensive evidence which 
have suggested that schizophrenia patients showed altered antagonism between 
the DMN and other networks, e.g. switching from negative to positive correlation 
(Anticevic et al. 2012). In the context of AVH, the DMN was considered to be 
involved in self-related processing and memory replay of language information, 
which was proposed to be directly linked to production of AVH (Northoff and 
Qin 2011; Northoff 2014; Ćurčić-Blake et al. 2017a). The alteration of 
antagonism between the DMN and other networks has been proposed to 
contribute to wrong assignment of saliency to internal speech in hallucinations 
(Palaniyappan and Liddle 2012).  Similarly, the ‘resting state hypotheses’ of 
AVH (Northoff and Qin 2011) proposed that less suppression of the DMN and 
increased connectivity of the DMN play important roles in spontaneous over-
perception in auditory regions, which has been supported by several 
experimental studies (Whitfield-Gabrieli et al. 2009; Broyd et al. 2009). 
Extending these findings of altered antagonism between the DMN and other 
networks in static functional connectivity studies, our study is the first to provide 
novel evidence that patients with AVH showed altered dynamic nature of 
antagonism between the DMN and the language network, which might 
contribute to transient experience of AVH.  

4.5.2 Decreased interaction within the auditory network and between the 
language and executive control networks in certain dynamic states in AVH 
During the segregated brain state (State 3), which showed lower cluster 
coefficient and longer path length, we found that AVH patients showed much 
lower connectivity in the auditory network compared with non-AVH patients. 
The STG in the auditory network is a core region involved in AVH, which serves 
as a hub in the AVH-related brain system. Hypo-activation in this region is 
important for bottom-up ‘over-perceptualiztion’ in the development of AVH 
(Allen et al., 2008). This speculative hypo-activation of STG may contribute to 
disrupted connectivity between STG and MTG in the auditory network during 
this segmented state.  

Interestingly, dysconnectivity of the auditory network was not present in the 
static resting state (see below) but in particular during the segregated brain state 
(State 3), which may mediate the actual occurrence of hallucinations (cf. Jardri 
et al., 2011). This hypothesis needs to be examined in a future study which tracks 
hallucination state "on-line" (i.e., during brain scanning). Interestingly, these 
different findings from static and dynamic connectivity analysis suggest that 
dynamic connectivity approach can unveil abnormality of brain networks which 
static connectivity approaches cannot provide (Damaraju et al., 2014; Hutchison 
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et al., 2013b). In this segregated state, we also found decreased connectivity 
between the executive control network and the language network, which may be 
related with dysfunction of top-down control of language processing in AVH. 
These results support models implying altered fronto-parietal top-down control 
in hallucinations (Allen et al. 2008; Hugdahl, 2009).  

During the ‘network-antagonistic’ brain state (State 6), altered interaction in the 
language network occurred, where the DMN showed less anti-correlation with 
the language network in patients with AVH. This may indicate that less 
antagonism between the DMN and the language network may be related to 
dysfunction of either network, or both being less distinctive in terms of 
specialized function, by which the DMN could be "invaded" by intrusions of 
language information from memory (Ćurčić-Blake et al., 2017; Northoff, 2014; 
Northoff & Qin, 2011).  

Additionally, our aforementioned dynamic connectivity analyses have showed 
that AVH in schizophrenia was characterized by weakened connectivity in core 
AVH-related brain networks. This dysconnection of AVH was further supported 
by that AVH patients trend to spend more time in a segmented state (State 3). 
These dysconnection in AVH is consistent with that schizophrenia is generally 
modeled as a dysconnection disorder, which was supported by both previous 
static and dynamic brain network studies (Stephan et al., 2009). 

4.5.3 Static functional connectivity and AVH 
Static functional connectivity analysis showed that AVH patients had decreased 
connectivity within the language network and between the language and emotion 
networks. Our results are in line with altered connectivity between key language 
regions and emotional regions, which may be involved in disrupted 
communication of language information (Lawrie et al., 2002; Vercammen, 
Knegtering, den Boer, Liemburg, & Aleman, 2010) and emotion-related 
attention (Aleman & Kahn, 2005; N. C. Allen et al., 2008; Escartí et al., 2010; 
Kang et al., 2009; Smith et al., 2006) in AVH. Although findings of our static 
connectivity are highly consistent with previous literatures, we should remain 
cautious about drawing firm conclusion because they did not survive after 
multiple comparison correction.  

4.5.4 Limitations 
Several potential limitations of our study should be noted.  First, due to difficulty 
of collecting clinical patients, especially patients without hallucinations, the 
sample size in the present study is moderate, which may limit statistical power. 
However, the sample is still relatively large comparing with other AVH studies 
(cf. Ćurčić-Blake et al., 2017). Second, we used data from 3 datasets with 
different scanning parameters. The major difference is in TR which varies 
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between 1.5 and 2.3 seconds. Nevertheless, we checked if this difference affected 
the dwelling time and transition possibility, actually, this was not the case (see 
the section Quality control). To be on the conservative side, we compared these 
neural measurements between the two groups while correcting for different TRs, 
and the results remained the same. Third, although the limited number of females 
in the AVH and non-AVH groups did not allow us to directly examine effect of 
gender on the results, we performed group comparisons for males with and 
without AVH and found that the main results still held up. It would be instructive 
to examine whether our findings can be generalized to female patients in future 
investigations. Fourth, for the sliding window approach, selecting parameters of 
windows length and step is still under debate, but selection of these parameters 
in the present study is supported by previous experiential and stimulation studies 
(E. A. Allen et al., 2014; Damaraju et al., 2014). Fifth, in this study, we 
concentrated on trait rather than state hallucinations. Thus, we did not discern 
whether patients in AVH were hallucinating during the resting state and at which 
periods. Given that the dynamic connectivity could change during AVH periods 
(Ćurčić-Blake et al., 2017a) and there is dynamic causal analysis study found 
that effective connectivity between networks depended on the hallucinatory 
stage (Lefebvre et al., 2016), future studies should also investigate dynamic FC 
during different periods of AVH, even though this is challenging as many 
patients do not hallucinate in the scanner or only do so briefly. Finally, given that 
we focused on the trait rather than state of hallucinations, we did not find a 
significant correlation between P3 and dynamic brain measurements. In the 
future, samples with active hallucinations in the preceding days (as compared to 
patients without active hallucinations) should be compared, including 
hallucination measures that are more comprehensive regarding AVH. Examples 
of such measures are the PSYRATS and the AVHRS (Haddock et al., 1999; 
Steenhuis et al., 2019) 

4.5.5 Conclusion 
We found that patients with a recent history of AVH showed altered static and 
dynamic connectivity patterns within and between core brain networks compared 
to patients without a recent history of AVH during resting state. AVH patients 
showed dysconnection in the language network and the auditory network, 
between the emotion and language networks, and between the executive control 
and the language networks. The dysconnection of these brain networks during 
static and dynamic connectivity validates and extends previous brain model of 
hallucinations which suggested altered interaction between language perception 
networks and control networks. More importantly, AVH patients dynamically 
dwelled less time in the brain state where the DMN has strong antagonism with 
the language network, which may be crucial for avoiding memory replay of 
language information. This information of alterations in dynamics of brain 
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networks in AVH may potentially inform cognitive models that aid the 
development of new coping strategies for patients to control AVH. 
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Table 1 Demographic data of patients. 

 
 

 
 
 
 

 Mean (SD)  Significance (p 
value) 

 AVH (n=22) non-AVH 
(n=17) 

AVH vs non-AVH 

Age 32.2 (11.9) 32.1 (7.5) T(37) = 0.019 
(0.985) 

Male (Female) 14 (8) 16 (1) c2(1, 37) = 5.019 
(0.025) 

Education 5.0 (1.0) 5.4 (1.0) T(37) = -1.415 
(0.166) 

P3 3.2 (1.5) 2.1 (1.5) T(37) = 1.11 
(0.024) 

PANSS pos. 14.2 (4.1) 13.5 (5.4) P  = 0.711 (0.626) 

PANSS neg. 14.3 (4.9) 15.1 (4.8) P  = -0.845 
(0.569) 

PANSS gen. 28.8 (5.8) 29.7 (9.8) P  = -0.888 
(0.714) 

PANSS total 57.3 (11.0) 58.3 (18.5) P  = -1.021 
(0.826) 

Duration of 
illness (year) 

7.3 (7.6) 8.6 (8.3) T(37) = -0.515 
(0.61) 

Medication (mg) 
Haloperidol 
equivalent 

7.1 (4.7) 5.9 (3.9) P  = 1.243 (0.376) 

The left column lists the demographic variables. The 2nd–4th columns 
show average values of the variables across the group, with their 
standard deviations in brackets. Education level was rated according to 
a six-point scale defined by Verhage, which ranges from primary school 
(1) to university level (6). Nonparametric tests were used to test the 
group difference for PANSS (permutation test) and gender (Chi square) 



Chapter 4 

Hallucination and resting-state brain networks 106 

 
 
 
 
 

Table 2. Coordinates of ROIs. 
Regions x y z Networks 
dlPFC L -35 49 6 ECN 
dlPFC R 47 46 13 ECN 
IPS L -48 -51 52 ECN 
IPS R 37 -60 48 ECN 
PCC -3 -39 39 DMN 
MFG L -3 44 -2 DMN 
MFG R 2 57 24 DMN 
dACC 0 12 46 Emotion 
Amygdala L -24 0 -18 Emotion 
Amygdala R 24 0 -18 Emotion 
Broca area L -56 4 12 Language 
Wernicke area 
L -58 -46 20 Language 
IFG R 60 8 12 Language 
SMA L -2 8 60 Language 
SMA R 6 6 60 Language 
STG L -60 -56 20 Auditory 
MTG R 60 -32 -6 Auditory 

 
All the coordinates are in MNI atlas space. Notes: dlPFC, dorso-lateral prefrontal 
cortex; IPS, inferior parietal sulcus; mPFC, medial prefrontal cortex; PCC, 
posterior cingulate cortex; dACC, dorsal anterior cingulate cortex; STG, superior 
temporal gyrus; MTG, middle temporal gyrus; ECN, executive control network; 
DMN, default mode network. 
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4.7 Supplemental Materials 
Determining cluster number in k-means 
We used Dunn index ( )*+ = 	 min

/01230+
4(61, 73)/ max

%0<0+
∆< ) to evaluate 

clustering performance and determinate number of clusters, the m is cluster 
number which the DI is the highest, 4 is distance between cluster i and cluster j, 
∆  is distance within cluster k. The approach aimed to identify a number of 
clusters with minimum variances between members within the cluster and 
maximum variances between clusters. By using Dunn index, we firstly selected 
number of clusters as 4 and 6 across all the patients because they have 
comparably maximal Dunn values (see Figure S1). After that, we examined the 
FC patterns in 4 states and 6 states. Eventually we chose 6 states, because it 
included a state with a meaningful connectivity pattern (i.e. anti-correlation 
between the DMN and task positive networks, so called antagonistic state, Figure 
S2), consistent with  previous connectivity studies (Fox et al., 2005). 
Supplemental Figures 

 
 
 

 
Figure S1. Dunn index changing with cluster number 
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Figure S2.  Connectivity patterns during four and six brain states. 
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~  
Figure S3 Connectivity patterns of six brain states across different window 
lengths.  
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Figure S4 P values of group comparisons for dwell time, transition 
probability and function connectivity in dynamic states across different 
window lengths. Notes: FC, functional connectivity; ECN, executive control 
network; LG, language network.
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5.1 Abstract 
Apathy, a key negative symptom of schizophrenia, is characterized as a 
quantitive reduction of self-initiated goal-directed behavior. A lack of effective 
treatments for apathy requires a deeper understanding of the neurocognitive 
mechanisms underlying this debilitating symptom. Altered ability to imagine 
affective future events, which may disrupt concrete planning and reduce 
motivation, has been associated with apathy levels in schizophrenia patients. To 
date, no fMRI study has investigated the relation between dynamic 
synchronization in key brain networks underpinning emotional and cognitive 
processing and apathy in schizophrenia patients. To this end, we calculated phase 
synchronization on functional magnetic resonance imaging data during an 
affective forecasting task in patients with schizophrenia. Higher apathy levels 
were associated with increased synchronization of the default mode network-
frontal-parietal network (DMN-FPN) during actively thinking of future positive 
and neutral events, while lower synchronization in the reward network (RN) was 
observed when not actively engaged in future affective thinking (i.e. the 
baseline) . Our results suggest that altered synchronization of the DMN-FPN and 
RN may underlie impairments in self-initialization of future thinking on personal 
events and anticipatory reward processing in schizophrenia patients with higher 
levels of apathy. These findings contribute to our understanding of diminished 
cognitive and emotional processing, and ‘auto-activation’ observed in patients 
with schizophrenia suffering from apathy. 
Keywords: affective forecasting; default mode network, frontal-parietal 
network, reward network, phase synchronization. 
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5.2 Introduction 
Apathy, a core symptom of schizophrenia, has been defined as a quantitive 
reduction of self-initiated goal-directed behavior (Levy & Dubois, 2006). Apathy 
contributes to a high illness burden for patients, their families and society (Robert 
et al., 2009; van Reekum et al., 2005) by causing a myriad of physical, mental 
and socio-economic problems (Leroi et al., 2012). Currently, adequate treatment 
options for apathy are lacking, which signifies the need for a deeper 
understanding of this debilitating symptom, including its neurocognitive basis 
(Aleman et al., 2017). On a cognitive level, apathy in schizophrenia has been 
found associated with altered affective forecasting, (i.e. future thinking on 
affective events), a complex adaptive process that relies heavily on adequate 
executive control (Spreng et al., 2010a), memory functioning, and reward 
anticipation (Husain & Roiser, 2018; Raffard et al., 2013b). On a neural level, 
the fronto-parietal network (FPN) and the default-mode network (DMN) were 
found to be altered in schizophrenia patients during working memory tasks and 
resting-state (Bluhm et al., 2007; Broyd et al., 2009; Camchong et al., 2011; Kim 
et al., 2003; Repovs & Barch, 2012), which may contribute to diminished 
cognitive performance in domains including executive control and abstract 
thinking. Furthermore, during tasks of reward processing, the reward network 
(RN) was found to be disrupted in patients with schizophrenia (de Leeuw et al., 
2015; Esslinger et al., 2012; Grimm et al., 2014; Mucci et al., 2015), suggesting 
diminished reward anticipation. However, it remains unclear whether 
functioning of networks including the FPN, the DMN and the RN also underpin  
affective forecasting and may thereby contribute to apathy in schizophrenia 
patients.  
 
Affective forecasting depends on many complex cognitive processes such as 
initializing general knowledge about personal future (D’Argembeau & Mathy, 
2011a), flexibly extracting and recombining information stored in episodic 
memory (Cabeza et al., 2008; Schacter et al., 2012), and assigning 
emotional/reward value to future events (Husain & Roiser, 2018; Raffard et al., 
2013b). These different cognitive processes are supported by different brain 
systems including the FPN, the DMN and RN (Gu et al., 2019; Schacter et al., 
2007, 2012). These networks have been found altered in schizophrenia patients 
during various cognitive tasks and resting-state (Bluhm et al., 2007; Broyd et al., 
2009; Camchong et al., 2011; de Leeuw et al., 2015; Kim et al., 2003; Repovs & 
Barch, 2012). Disrupted functional connectivity within the FPN during working 
memory tasks has been repeatedly shown in schizophrenia patients, which 
suggests that the altered integration between frontal and parietal regions may 
underlie cognitive disorganization in schizophrenia (Kim et al., 2003; Repovs & 
Barch, 2012; Woodward et al., 2011; Zhou et al., 2007). The DMN, consisting 
of the ventromedial prefrontal cortex (vmPFC), the posterior cingulate cortex 
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(PCC)/precuneus,  the medial temporal lobe (MTL) and the retrosplenial cortex, 
is important for retrieving memory elements and re-combining them to imagine 
future events (Schacter et al., 2007, 2012). Reduced connectivity in the DMN 
during the resting-state has been found to be associated with diminished abstract 
thinking and a failure to recognize internally generated thoughts in schizophrenia 
patients (Bluhm et al., 2007; Orliac et al., 2013). Recruitment of the RN, 
consisting of the striatum, putamen and dorsal cingulate cortex (dACC), has been 
associated with anticipation of gains and losses of reward (Gu et al., 2019) as 
well as thinking affective events in the future (D’Argembeau et al., 2008a). 
Schizophrenia patients showed decreased activation and connectivity within the 
RN during anticipation of reward in context of the monetary incentive delay task, 
which was further associated with levels of avolition/anhedonia (de Leeuw et al., 
2015; Esslinger et al., 2012; Grimm et al., 2014; Mucci et al., 2015). Together, 
schizophrenia patients have shown dysfunction of the FPN, the DMN and the 
RN involved in processes of executive control, self-referential memory and 
reward anticipation that form the central processes implicated in affective 
forecasting. However, it is unknown how altered interaction within these brain 
networks during affective forecasting contributes to apathy in schizophrenia.  
 
When thinking of future events, individuals dynamically access and integrate 
self-relevant memory information and assign a reward value to representations 
of these future events (Cabeza et al., 2008; D’Argembeau & Mathy, 2011b; 
Husain & Roiser, 2018; Schacter et al., 2012). These complex and flexible 
cognitive processes require instantaneous integration of neural signals 
distributed in different brain regions among brain networks such as the FPN and 
DMN and the RN (Fell & Axmacher, 2011; Spreng et al., 2010b; Varela et al., 
2001). Static measures such as averaged functional connectivity calculated over 
longer periods of time (e.g. minutes) have provided important insights for 
understanding neurocognitive mechanisms underlying schizophrenia (Kos et al., 
2016b; Li et al., 2018; Yang et al., 2019; R. Zhang et al., 2020). However, static 
measures are less suited to capture instantaneous integration of information 
between brain regions at higher temporal resolution (e.g. seconds) (Hutchison et 
al., 2013a). This would require more dynamic characterization of the correlation 
of various brain regions, for which several methods have been proposed. One of 
these is phase synchronization, which has been widely used in 
electroencephalography (EEG) studies (Fell & Axmacher, 2011; Varela et al., 
2001) and more recently in fMRI studies  as well (Bolt et al., 2018; Glerean et 
al., 2012; Servaas et al., 2019). Phase synchronization of fMRI signals 
characterizes dynamic synchronization based on low-frequency fluctuations 
(<0.1 Hz) of different brain regions. This dynamic synchronization has been 
found crucial for coordinating activity between large-scale brain regions 
and carrying out large-scale information integration (B. J. He et al., 2008). EEG 
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studies has shown that synchronization is abnormal in patients with 
schizophrenia (Uhlhaas & Singer, 2006, 2010). However, very few studies have 
explored how phase synchronization of fMRI signals within several distributed 
brain networks relates to cognitive deficits and behavioral abnormalities in 
schizophrenia. Our previous studies used this approach on resting-state fMRI 
data and showed that reduced variability in synchronization in the DMN and the 
salience-reward network was associated with higher levels of apathy in patients 
with schizophrenia (Servaas et al., 2019). Another study applied this approach 
on fMRI data of a motor task and a social cognitive task and has suggested the 
advantage of this approach in examining dynamically synchronized brain 
networks during performing cognitive tasks (Bolt et al., 2018). However, no 
study has used phase synchronization to examine the association between 
synchronization of core brain networks including the DMN, the FPN and the RN 
during affective forecasting and apathy levels in patients with schizophrenia.  
 
In the present study, we applied phase synchronization on fMRI data acquired 
during an affective forecasting task in schizophrenia patients with d high levels 
of apathy (n=25) to examine the abovementioned issue. Building on the previous 
findings of disrupted executive control, memory and reward anticipation and 
their corresponding brain networks in schizophrenia patients, we hypothesized 
that lower synchronization of these networks including the FPN, the DMN and 
RN related to high apathy levels in schizophrenia patients. 

5.3 Methods and Materials 
5.3.1 Participants 
Data from the ‘Neural Substrate of Cognitive and Social-Emotional Apathy in 
Patients with Schizophrenia study’ (METC protocol number 2013.086) was 
available for twenty-five patients with schizophrenia, who scored high on apathy 
(study inclusion criteria: a score of ≥24 on the apathy subscale of the Apathy 
Evaluation Scale, AES). Participants (in- and outpatients) fulfilled the criteria of 
a diagnosis of schizophrenia or schizoaffective disorder according to DSM-IV-
TR criteria and were forwarded by their clinicians. Inclusion criteria were 1) age 
of 18 years or older; 2) Dutch proficiency; and 3) eligibility for magnetic 
resonance imaging (MRI). Exclusion criteria were 1) a history of neurological 
disorders or head injury; 2) a current diagnosis of an alcohol/substance 
dependence disorder; 3) visual and auditory problems that couldn’t be corrected; 
4) use of medication that would influence brain functioning (e.g. beta-blockers, 
insulin), except for typical and atypical antipsychotics; and 5) inability to 
undergo cognitive testing. The latter was assessed with the Digit Symbol 
Substitution Task of the WAIS-R (Wechsler, 1981). Participants had to obtain a 
score of at least 24, which is 2.5 standard deviations (SD) below the mean of a 
previous study by our group with a comparable patient sample (M = 50.28, SD 
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= 10.71) (van der Meer et al., 2009). Additionally, 14 participants in the healthy 
control group without history of any neurological or psychiatric disorders were 
also included to provide an estimate of non-clinical variation in dynamic brain 
synchronization (See the demographic information in Table S1). All patients 
gave informed consent after explanation of the experimental procedure. The 
study was approved by the Medical Ethical Committee of the University Medical 
Center Groningen and performed according to the declaration of Helsinki (World 
Medical Association Inc, 2009). For demographics of the sample, see Table 1. 

5.3.2 Clinical assessments 
The Mini International Neuropsychiatry Interview plus (MINI-plus) was used to 
confirm diagnosis of schizophrenia or schizoaffective disorder and to exclude an 
alcohol/substance dependence disorder (Lecrubier et al., 1997). Subsequently, 
the following symptoms were assessed: i) apathy with the Apathy Evaluation 
Scale, clinician rated (AES-C) (Marin, 1991); ii) negative symptoms with the 
Scale for the Assessment of Negative Symptoms (SANS) (Andreasen, 1989); iii) 
positive, negative and generalized psychopathology with the Positive and 
Negative Symptom Scale (PANSS) (Kay et al., 1987); and iv) depression with 
the Calgary Depression Scale for Schizophrenia (CDSS) (Addington et al., 
1990). 
 
5.3.3 Affective forecasting task  
5.3.3.1 Pre-scan interview  
The affective forecasting task used in the current study was an adaptation of the 
task developed by D’Argembeau et al (D’Argembeau et al., 2008a). During a 
pre-scan interview, participants were asked to think of five neutral routine events 
and five positive future events. The routine events were defined as emotionally 
neutral repetitive tasks that were performed every day or at least multiple times 
per week (e.g., brushing my teeth), while positive future events were defined as 
positive events that may occur in the near future (up to a month; e.g., having 
dinner with my family). Any event was allowed, given that its occurrence was 
plausible and that it would take place in a particular place and time, lasting 
maximally one day. Short cue statements were derived from the participant’s 
descriptions. These statements were used as a cue during the remainder of the 
pre-scan interview, during which they were asked to imagine every event and 
rate their vividness and emotional valence. During the pre-scan interview, 
participants were asked to imagine the event with as much detail as possible: 
taking into account the location, objects and people present during the event, 
what they would be doing, and how they would feel during the event. 
Subsequently, they were asked to rate vividness/amount of details of the 
imagination (ranging from 1 = vague with no details to 6 = vivid and highly 
detailed).  
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Figure 1. A trial in the affective forecasting task consisting of a fixation 
cross, the cue statement, the imagination phase, a tactile stimulus on the 
lower leg of the patient by the experimenter and the rating phase.  

5.3.3.2 fMRI session  
The task was part of a scanning protocol that also included an effort-reward task, 
an anatomy scan, and MR spectroscopy. Prior to the scanning session, 
participants were given explanations on the MR procedures and task, and the 
affective forecasting task was practiced. In the MR scanner, the instruction was 
briefly repeated, after which the affective forecasting task was presented (see 
Figure 1). The task consisted of four epochs, each containing all five neutral 
future events and all five positive future events. The order of the trials within the 
epochs was randomized. Each trial started with a fixation cross (1.5 s), followed 
by presentation of the cue statement (5 s). Then a screen appeared instructing the 
participant to imagine the event and close his/her eyes. The imagination phase 
lasted 15 seconds and was ended by a tactile stimulus (i.e. a tap on the lower leg 
of the participant by the experimenter), cuing the participant to open his/her eyes. 
Subsequently, the participant was asked to rate the vividness/amount of details 
of the imagination on a 7-point Likert-scale (ranging from 0 = vague with no 
details to 6 = vivid and highly detailed), by means of a button press. Rest periods 
of 10 TRs were presented at the beginning and end of the task and between 
epochs. A fixation cross was presented during all rest periods. The total task 
duration was about 21 minutes (range: 20.87-21.07 minutes).  

5.3.4 Image acquisition  
The fMRI data were collected using a 3.0 Tesla Philips Intera MR-scanner 
scanner (Best, NL), equipped with a 32-channel SENSE head coil. Whole-brain 
functional images were acquired using a T2*-weighted echo planar imaging 
sequence (47 descending axial slices, TR=2000 ms; TE=22 ms; flip angle=90°; 
FOV (rl, ap, fh)=192x192x141 mm; voxel size=3x3x3 mm; slice thickness=3 
mm; slice gap=0 mm; 642 volumes). Two participants were scanned with another 
EPI-sequence (39 descending axial slices; TR=2000 ms; TE=30 ms; flip 
angle=80°; FOV (rl, ap, fh)=224x224x136.5 mm; voxel size=3.5x3.5x3.5 mm; 
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slice thickness=3.5 mm; slice gap=0 mm; 642 volumes). Furthermore, a whole 
brain T1-weighted image was acquired for anatomical reference (170 axial 
slices; TR=9 ms; TE=3.5 ms; FOV=232x170x256 mm; voxel size=1 mm 
isotropic; flip angle=8°). All functional images were scanned approximately 30° 
from the Anterior Commissure-Posterior Commissure (AC-PC) plane in order to 
prevent artefacts due to nasal cavities.  

5.3.5 Behavioral and neuroimaging data Analysis  
5.3.5.1 Demographic, clinical and behavioral data  
Demographic, clinical and behavioral data were analyzed using R 
(https://www.r-project.org/) and JASP (https://jasp-stats.org/). Mean vividness 
ratings obtained during the pre-scan interview and mean vividness ratings during 
fMRI scanning were calculated separately for neutral and positive events. In 
order to assess a possible association between these ratings and apathy scores 
(AES), Spearman correlations were performed between the ratings and apathy 
scores (AES) for neutral and positive events separately. Because of the 
significant association between apathy scores (AES) and depressive symptoms 
(CDSS) (r=0.50, p=0.011), this analysis was repeated with taking CDSS scores 
as covariate by using partial Spearman correlation analysis in R. Significance 
was set at α=0.05.  

5.3.5.2 Image processing 
Image processing and analysis were performed using SPM12 (v6470; 
http://www.fil.ion.ucl.ac.uk), implemented in Matlab 7.8.0 (The Mathworks 
Inc., Natick, MA). The images were corrected for slice timing and realigned to 
the first image using rigid body transformations. The mean EPI image, created 
during the realignment, was coregistered to the anatomical T1 image. 
Subsequently, images were spatially normalized to common stereotactic space 
(MNI T1-template) and resampled to a voxel size of 2x2x2 mm. Bounding box 
parameters were changed to -90:90, -126:90, -72:108 to ascertain overlap of all 
ROIs with the bounding box for extraction of time series data. 
 
Next, a series of postprocessing steps were performed. First, regression of several 
nuisance variables was applied for each grey matter voxel to remove sources of 
spurious variance, comprising six rigid body head motion parameters, white 
matter (WM) signal and cerebrospinal fluid (CSF) signal. In order to obtain the 
latter two signals, we performed segmentation of the T1-weighted image to 
create a WM and CSF mask and extracted the first eigenvariate from the time 
series of the included voxels. In addition, the first temporal derivatives of 
abovementioned nuisance variables were removed. Second, following removal 
of the offset of the times series, temporal band-pass filtering was applied to 
detrend the signal and to retain frequencies between 0.04-0.07 Hz (30,44). Third, 
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smoothing was applied using an 8 mm full-width at half maximum (FWHM) 
Gaussian kernel. Fourth, scrubbing parameters were used to interpolate 
measurements on time-points, which are possibly affected by motion artifacts 
(see Supplementary Information S1). 
 
5.3.5.3 Time course extraction 
Time course extraction was previously described in Servaas et al.(Servaas et al., 
2019). In short, nodes (i.e. brain regions of interest) were built by creating a 
sphere of 5 mm radius around 264 coordinates provided by Power et al.(Power 
et al., 2011). After visual inspection of these non-overlapping regions of interest 
(ROIs), we noted the absence of three relevant subcortical structures for research 
on negative symptoms/apathy in schizophrenia: bilateral amygdala, 
hippocampus and caudate head (26-29). The coordinates for these regions were 
determined using the Harvard-Oxford Subcortical Structural Atlas, resulting in a 
total of 270 ROIs. No overlap was observed between the additional ROIs and the 
ROIs of Power et al. (Power et al., 2011). Subsequently, a whole-brain group 
mask was built based on the EPI images to locate the parts of the brain for which 
signal was measured in all subjects. We only include nodes that overlapped more 
than 50% (voxel-wise) with the group mask. This resulted in the exclusion of 28 
ROIs (see the Table S2). Next, we extracted the regional mean time series of the 
remaining 242 ROIs. 

5.3.5.4 Phase synchronization as a measure of dynamic functional connectivity  
We selected phase synchronization as a measure of dynamic functional 
connectivity (Glerean et al., 2012). This measure has previously been described 
in Servaas et al.(Servaas et al., 2019), was originally developed by Glerean et al 
(Glerean et al., 2012). In short, phase synchronization was calculated by applying 
the Hilbert Transform on pre-processed time signals of 242 ROIs, which is a 
mathematical transform that is used to obtain the instantaneous phase and 
amplitude of a narrowband signal per time point (i.e. volume) (Glerean et al., 
2012). In the current analysis, only the instantaneous phase was used and phase 
differences were calculated for each ROI pair per time point. The first 13 time 
points were discarded to ensure that at least one cycle has passed to obtain a 
reliable estimate of the instantaneous phase (1/0.04 (lowest frequency of the 
band-pass filter) = 0.25/ 2 TR = 12.5 time points). Phase differences approach 
zero, when phase synchronization is higher. The end result is a phase difference 
matrix specifying all ROI-pairs (n=242) per time point (n=618) for each subject.  

5.3.5.5 Definition of subnetworks 
A data-driven, iterative module decomposition procedure was applied to achieve 
an optimal modular structure in the following procedure. Frist, phase coherence 
adjacency matrices were binarized using a range of proportional threshold values 
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(T=0.01-0.30, in increments of 0.01). These matrices were averaged across 
subjects per threshold value and the entropy was calculated for each of them to 
indicate for which threshold value the edges showed the largest stability 
information-wise (lowest entropy). These results were compared to results 
obtained via randomized matrices (for details, see (Geerligs et al., 2015)). The 
optimal threshold is the threshold where i) the original matrix shows the largest 
stability across subjects (low entropy) and ii) the difference in entropy is the 
largest between the original matrix and the average over random matrices. The 
optimal threshold in the current study was 1%. Second, for each participant, the 
top 1% of the strongest connections were selected from the individual phase 
synchronization matrix. The values in the top 1% were set at 1, others were set 
at 0. Then the resulting binary phase coherence matrix were averaged across 
subjects as group phase coherence matrix was input to the modularity analysis 
algorithm. First, nodes were partitioned into modules using the algorithm of 
Blondel et al. (Blondel et al., 2008), wherein nodes are divided into groups with 
a maximum number of within-group edges (i.e. connections) and a minimum 
number of between-group edges. This calculation was repeated 500 times to 
mitigate the effect of local minima. The statistic was further optimized by 
applying the modularity fine-tuning algorithm of Sun et al. (Sun et al., 2009), 
wherein nodes are randomly assigned to other modules until modularity no 
further improves. The end result is a module decomposition index that provides 
information on which node belongs to which module. In total, six subnetworks 
were derived which we identified as based on the brain regions belonging to the 
module ) (Figure 3 and Table S2): a sensory-motor network (SMN), a reward 
network (RN), a 1st visual network (VS1); a 2nd visual network (VS2), a default 
mode network-frontal-parietal network (DMN-FPN), and an emotion-memory 
network (EMN).  
 
Consistent with previous studies that found that the DMN and FPN became 
positively coupled during future planning (Spreng et al., 2010a), our modularity 
analysis showed that the regions in these two networks belonged into a same 
module. Therefore, this module, including regions in the DMN and the FPN, was 
considered as one network named the DMN-FPN in the following analyses. 
Building on the roles of the FPN and the DMN and executive control, 
information integration and memory during affective forecasting, we were 
particularly interested in the phase synchronization of the DMN-FPN (See Figure 
2). Additionally, given the role of the reward network including the putamen, 
striatum, dACC and other regions involved in reward anticipation, phase 
synchronization of the RN was also examined in this study. Finally, the 
emotional/memory network included ‘emotional’ regions (e.g. amygdala) and 
‘memory’ regions (e.g. hippocampus), which may be involved in emotional 
memory processing, this module was also considered. Finally, the visual network 
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(VS2) was included as a comparison. We hypothesized phase synchronization of 
the visual network would not show correlation with apathy levels.  

5.3.5.6 Calculation of phase synchronization estimates, task effect and the 
association with apathy 

We introduced a measure to quantify the  overall phase synchronization cross 
multiple pairs of ROIs within one module (i.e. network): the order parameter 
(Servaas et al., 2019). The order parameter was defined as the follow. First, the 
phase difference between node pairs within the module were calculated. Second, 
the real value of averaged phase difference of all node pairs was achieved.   

> t = real
1
D
	 E1(FG

(H))
I

<J%

	  

R is restricted to the range [-1..1] where a value close to zero implies 
asynchronicity and a value of 1 implies perfect synchronicity, t stands for time 
point, n stands for the number of ROI pairs,	K = −1, and 4<is the instantaneous 
phase difference for the kth node pair. 
 
The overall phase synchronization (the order parameter) across nodes belonging 
to the DMN-FPN RN, EMN and VS2 were calculated separately per time point 
and regressed against task predictors (cue, imagining positive events, imagining 
neutral events, rating positive events, rating neutral events, constant) using a 
General Linear Model (GLM). The baseline (the constant in the GLM) was 
considered as the spontaneous state of future thinking, the resulting betas of other 
task regressors can be interpreted as the change in synchronization with respect 
to the baseline. Associations between apathy scores and the betas of the DMN-
FPN, the RN, the EMN and the VS2 during the imagination of positive and 
neutral future events and the baseline were assessed with Spearman correlations. 
Similar with above behavioral analysis, the partial spearman correlation between 
apathy scores and the phase synchronization of the DMN-FPN, the RN, the EMN 
and the VS2 was calculated after controlling for the depression score (CDSS). 
Significance was set at α=0.05. Additionally, due to limited sample size in the 
control group (n=14), it was not proper to do any correlation analysis both on 
behavioral and neural levels. Therefore, only the averaged phase synchronization 
of the DMN-FPN, the RN, the EMN and the VS2 across the healthy control 
group (n=14) were calculated and plotted in the Figure 4-7 as the visualization 
comparisons. 
 
5.4 Results 
5.4.1 Behavioral correlations between AES and vividness scores 
Spearman correlation analyses showed that higher apathy scores were 
significantly associated with lower vividness ratings during the prescan-
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interview for both the imagination of positive (r = -0.45, p = 0.023) and neutral 
future events (r = -0.43, p = 0.033) (Figure 2). After controlling for levels of 
depression, these correlations became non-significant for both positive events (r 
= -0.23, p = 0.282) and neutral events (r = 0.34, p = 0.101). Additionally, apathy 
scores were not significantly associated with vividness ratings during fMRI 
scanning for positive events (r = -0.23, p = 0.19) or neutral future events (r = -
0.36, p = 0.073). After controlling for levels of depression, these correlations 
became not significant for positive events (r = -0.17, p = 0.420) and neutral 
events (r = -0.26, p = 0.216).  

 
Figure 2. Correlation between the vividness of future simulation during pre-
interview and apathy scores (AES) in schizophrenia patients.  
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Figure 3 Module decomposition. Notes, SMN, sensory-motor network; RN, 
reward network; VS1, 1st visual network; VS2, 2nd visual network, DMN-FPN, 
default mode network-frontal-parietal network; EMN, emotion-memory 
network.  
 
5.4.2 Correlations between apathy and phase synchronization of the DMN-
FPN and the RN 
Apathy scores were significantly associated with the synchronization in the 
DMN-FPN for the imagination of positive future events (r = 0.46, p = 0.020) and 
neural future events (r = 0.42, p = 0.035) (Figure 4). After controlling for levels 
of depression, the correlations remained significant for positive events (r = 0.52, 
p = 0.010) and neutral events (r = 0.48, p = 0.025). Furthermore, apathy scores 
were not significantly related to the synchronization in the DMN-FPN during 
baseline (constants in the GLM) (r = -0.30, p = 0.145). However, after controlling 
for depression scores, the correlation remained not significantly (r = -0.36, p = 
0.081). In addition, apathy scores were not significantly correlated to the 
synchronization of the RN for positive event (r = 0.27, p = 0.196), and controlling 
for depression did not affect this relation (r = 0.31, p = 0.138) (Figure 5). Apathy 
scores were marginally significantly correlated to the synchronization in the RN 
for neutral events (r = 0.38, p = 0.059), after controlling depression score, the 
correlation became non-significant (r = 0.34, p = 0.109). Importantly, apathy 
scores were significantly correlated to the synchronization of the RN during the 



Chapter 5 

Apathy and affective forecasting 125 

baseline (r = -0.47, p = 0.019), but after controlling depression scores, the 
correlation became marginally significant (r = -0.36, p = 0.080).  
 
 

 
Figure 4. Correlations between the synchronization of the default mode 
network-frontal-parietal network (DMN-FPN) and apathy scores (AES). A. 
The illustration of the DMN-FPN. Association between AES and 
synchronization of the DMN-FPN during positive events (B) and neutral events 
(C) and baseline (D). Notes: PA, patients; HC, healthy control.  
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Figure 5. Correlations between the synchronization of the reward network 
(RN) and apathy scores (AES). A. The illustration of the RN. Association 
between AES and synchronization of the RN during positive events (B) and 
neutral events (C) and baseline (D). Notes: PA, patients; HC, healthy control. 
 
5.4.3 Correlations between apathy and phase synchronization of the EMN 
and the VN 
Additionally, apathy scores were not significantly associated with the 
synchronization in the EMN and the VS2 for positive events (both r < 0.02, p > 
0.931), neural events (both r < 0.10, p > 0.629), and the baseline (both absolute 
r < 0.15, p > 0.478) (Figure 6-7). After controlling levels of depression, the 
correlations remained non-significant for positive events (both r < 0.21, p > 
0.337), neutral events (both r < 0.26, p > 0.213) and the baseline (both absolute 
of r < 0.12, p > 0.565).  
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Figure 6. Correlations between the synchronization of the emotion memory 
network (EMN) and apathy scores (AES). A. The illustration of the EMN. 
Association between AES and synchronization of the EMN during positive 
events (B) and neutral events (C) and baseline (D). Notes: PA, patients; HC, 
healthy control.  

 



Chapter 5 

Apathy and affective forecasting 128 

 
Figure 7. Correlations between the synchronization of visual network  (VS2) 
and apathy scores (AES). A. The illustration of the VS2. Association between 
AES and synchronization of the VS2 during positive events (B) and neutral 
events (C) and baseline (D). Notes: PA, patients; HC, healthy control.  
 
5.4.4 Behavioral and neural data in the healthy control group.  
Because of the limited sample size of the HCs (8 of 14 has available vividness 
data), the data from the healthy control group were only considered for 
visualization purposes. The averaged vividness (Mean/SD: 5.294/0.896 for 
positive events, 5.094/0.953 for neutral events) during the fMRI task in the HCs 
seemed higher than the patients with apathy during both prescan-interview 
(Mean/SD: 4.512/0.997 for positive events, 4.080/1.363 for neutral events) and 
the fMRI task (Mean/SD: 4.162/1.122 for positive events, 4.015/1.213 for 
neutral events). For the neural data, due to the small sample size (n=12), it is not 
proper to do any correlation analysis. Therefore,  the averaged phase 
synchronizations of the DMN-FPN (Mean/SD: -0.003/0.019 for positive events, 
0.0005/0.030 for neutral events, 0.080/0.032 for the baseline), the RN (Mean/SD: 
0.0005/0.087 for positive events, 0.003/0.092 for neutral events, 0.104/0.093 for 
the baseline), the EMN (Mean/SD: -0.030/0.091for positive events, -0.028/0.099 
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for neutral events, 0.189/0.116 for the baseline) and VS2 (Mean/SD: 0.023/0.116 
for positive events, 0.010/0.110 for neutral events, 0.281/0.135 for the baseline) 
across 14 participations in the healthy control group were showed in the Figure 
4-7 for visualization purposes. Noteworthy, all the results of the HCs should be 
considered cautiously because of the limited sample size. 
 
5.5 Discussion  
In the present study, we applied a novel phase synchronization approach on fMRI 
data during an affective forecasting task. We  examined how dynamic 
connectivity within core brain networks including the DMN, the FPN and the 
RN during thinking of future positive and neutral events was associated with 
levels of apathy in patients with schizophrenia. On the behavioral level, we found 
that patients with high levels of apathy reported less vivid details during 
imagining both positive and neutral future events, but only when assessed in the 
pre-task interview but not during the fMRI task. On the neural level, apathy was 
associated with lower synchronization of the RN during spontaneous state of 
future thinking (i.e. the baseline), but higher synchronization of the DMN-FPN 
during actively thinking future positive and neutral events. Our study is the first 
to build the association between high apathy levels with altered synchronization 
of the DMN-FPN and the RN in affective forecasting. These networks have been 
shown important for future thinking and reward anticipation (D’Argembeau et 
al., 2008a; Gu et al., 2019; Schacter et al., 2007). Alteration of synchronization 
of these networks might result in weaker vivid imagination of future events in 
patients with high apathy levels, which is likely to be mediated by disrupted 
information integration implicated in future thinking and reward anticipation. 
These behavioral and neural alterations may contribute to diminished cognitive 
planning and motivation, and finally lead to less goal-directed behavior, 
characteristic of apathy (Kos et al., 2016b; Levy & Dubois, 2006).  
 
5.5.1 Schizophrenia patients with high levels of apathy showed less vividness 
of future thinking  
We found that higher apathy levels were related to lower vividness of future 
positive and neutral thoughts during the pre-interview but not during the fMRI 
task. Lower vividness of thinking of one's own behavior in the future may 
contribute to reduced goal-directed behavior. This interpretation is consistent 
with the cognitive theory of motor which suggested that the ability to vividly 
simulate future action could lead to increased action (Lotze & Cohen, 2006), 
which may be mediated by facilitating planning and increasing motivation 
(Raffard et al., 2013a). Our results are in line with the findings that schizophrenia 
patients were more impaired in generating specific future events compared with 
healthy controls (D’Argembeau et al., 2008b). Similarly, poorer performance in 
mentally constructing scenarios of future events (i.e. fewer details) (Xie et al., 
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2014; Yang et al., 2019; R. Zhang et al., 2020) was showed in schizophrenia 
patients with high anhedonia, which was proposed to overlap with apathy in the 
aspects of altered anticipatory reward processing and loss of interest/motivation 
(Husain & Roiser, 2018). Importantly, our results indicated that not only 
difficulties in the future thinking on positive events but also on neutral events 
were characteristic of  schizophrenia patients as a function of higher levels of 
apathy, which suggested a general weaken ability of future thinking. 
Noteworthy, reduced vividness of future thinking in relation to apathy were only 
shown in the pre-task interview but not in the fMRI task. It may be explained by 
the fact that the demanding fMRI task is likely to require patients to engage in 
future thinking more actively and in a self-initiated manner compared with pre-
interview. In  these interview, patients were less guided to engage in future 
oriented thinking, which might result in a more variation in vividness ratings 
during the guided pre-interview session. This interpretation is in line with the 
following neural findings (see the next section), but requires future studies that 
directly address this issue. 
 
5.5.2 Reduced synchronization of the RN in patients with high apathy levels  
We found that higher levels of apathy in patients with schizophrenia were 
associated with lower synchronization of the RN during the baseline (i.e. 
spontaneous state) but not during actively thinking of future of positive and 
neutral events. Interestingly, this reverse pattern of the relation between 
synchronization of the RN and apathy levels echoes an important phenomenal 
observation in patients with high apathy levels in previous studies 
(Pagonabarraga et al., 2015; Starkstein, 2012; Starkstein & Pahissa, 2014): the 
spontaneous inertia can be temporarily reversed by external 
stimulation/instruction, in other words, when solicited, patients can normally 
produce relevant behaviors and responses. Therefore, we hypothesized that the 
baseline may indicate a spontaneous inertia state of patients during future 
thinking, and decreased synchronization of the RN in the baseline may suggest 
reduced self-initiating reward anticipation during this spontaneous state. When 
the fMRI task cues soliciting patients to actively perform future thinking, they 
may attempt to engage more reward anticipation processing and increase the 
synchronization of the reward network. Importantly, decreased synchronization 
of the RN during the spontaneous state (i.e. the baseline) may lead to difficulties 
in self-initiating actions or thoughts (i.e. auto-activation’), which may be 
mediated by reduced self-initiated reward anticipation. This hypothesis is 
supported by previous findings that the ‘auto-activation’ deficit of patients with 
high apathy levels is related to disruption of the basal ganglia-prefrontal cortex 
circuit including pallidum, striatum, the caudate, the thalamus, the anterior 
cingulate cortex and the supplementary motor area (SMA) (Levy & Dubois, 
2006). Strikingly, the proposed basal ganglia-prefrontal cortex circuit highly 
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overlaps with the RN found in the present study. Moreover, the‘ auto-activation’ 
has been proposed as the elementary function in apathy, disruption of cognitive 
and emotional processing in apathy can be considered as the non-motor 
expression of an ‘auto-activation’ deficit (Levy & Dubois, 2006). Together, our 
results may suggest the decreased synchronization of the RN during the 
spontaneous state may play a critical role in the deficits of reduced self-
initializing cognition, emotion and auto-activation in apathy.  
 
5.5.3 Increased synchronization of the DMN-FPN during future thinking in 
patients with high apathy levels  
We observed a similar pattern for the synchronization of the DMN-FPN: apathy 
levels were positively correlated with synchronization during the active 
imagining positive and neutral future events but seemed negatively associated 
with the synchronization during the baseline (marginally significant after 
controlling for depression). Previous fMRI studies found that the FPN was 
involved in executive control and working memory (Kim et al., 2003; Repovs & 
Barch, 2012; Woodward et al., 2011; Zhou et al., 2007) and that the DMN was 
important for episodic memory (Cabeza et al., 2008; Schacter et al., 2012). 
Positive coupling of the DMN and the FPN has been shown during the future 
planning tasks (Spreng et al., 2012), in which active re-combining memory 
elements may be involved. Increased synchronization of the DMN-FPN in 
patients with high apathy levels may suggest a compensatory mechanism which 
indicates more efforts of accomplishing executive control and memory functions 
to normalize their ability of future thinking during demanding tasks. This 
interpretation is consistent with our behavioral findings that the association 
between high apathy levels and vividness of future thinking was significant 
during pre-interview but became blunt during the fMRI task. It is also indicated 
by that he synchronization of the DMN-FPN tend to decrease in patients with 
high apathy levels during the baseline, which may indicate reduced self-
initializing executive control and memory functions during the spontaneous state 
of future thinking.  
 
5.5.4 Null findings of relation between the synchronization of the emotion 
memory network and the visual network and apathy levels 
As expected, we did not find any association between apathy levels and the 
synchronization of the visual network (VS2) both during imagining positive and 
neural future events and the baseline. It may be suggested that the visual system 
is not altered in schizophrenia patients with high levels of apathy. It is consistent 
with the meta-analytic study of altered connectivity in psychosis including 
schizophrenia, which found common disruption in the high-level brain networks 
including the FPN, the DMN and the salience network but not low-level sensory 
networks (Sha et al., 2019). Moreover, unexpectedly, we did not discover any 
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relation between apathy levels and the synchronization of the emotion memory 
network (EMN) (including hippocampus and amygdala) both during imagining 
positive and neural future events and the baseline. Combining with 
abovementioned findings of the DMN-FPN and the RN, the result may suggest 
that the patients did not disrupt in memory retrieval that may be underlined by 
the EMN but altered in recombining the recalled memory elements (related to 
the DMN-FPN) and assigning anticipatory reward value (related to the RN) to 
constructed future events. However, all the null findings should be considered 
with caution, because “no evidence of a difference” is not the same as “evidence 
of no difference” (Altman & Bland, 1995).  
 
5.5.5 Limitations and future study 
There are several concerns which we address here. First, there has been limited 
evidence to inform a clear linkage between synchronization in EEG and 
synchronization in fMRI. Future studies of simultaneous recording and 
comprising EEG and fMRI will greatly benefit the understanding of profound 
mechanisms underlying synchronization in fMRI, which would deepen the 
interpretation of the current findings. Second, regressing out the depression 
scores made some correlations subthreshold. Indeed, many previous studies have 
found the comorbidity between schizophrenia and depression with common 
symptoms including loss of motivation and interest. In future research, it would 
be of interest to investigate the commonality and specificity of neural 
mechanisms of apathy in schizophrenia and depression. Third, although we 
mainly focused on the association between apathy levels and behavioral and 
neural disruption in the schizophrenia patients, we also included 14 participants 
in the healthy control group to serve as qualitative comparison group. However, 
because the sample size was very small no formal tests were made, any 
conclusion based on the results should be considered with caution. A large 
sample size of healthy controls should be considered in future studies. Fourth, 
although there was considerable variation in apathy scores in the high severity 
ranges and these were approximately normally distributed (see Figure S1), the 
distribution of the apathy scores was narrow, future research is necessary to 
confirm our findings for a larger range of apathy scores.  
 
5.5.6 Conclusion 
We found that higher levels of apathy in patients with schizophrenia 
characterized by presence of apathy, were  related to less vividness of imagining 
positive and neutral future events. Furthermore, higher apathy was associated 
with lower synchronization of the RN (related to reward anticipation) during the 
spontaneous state of future thinking and compensatory increased 
synchronization of DMN-FPN (related to executive control and recombining 
memory elements) during active future thinking. These results are consistent 
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with the previous model of apathy, which suggested altered reward anticipation 
and future thinking may lead to less motivation and disrupted planning, which 
eventually leads to reduced goal-directed behavior in apathy. Our study provides 
novel evidence of altered network synchronization during these processes 
associated with high apathy levels in schizophrenia patients. The deeper neural 
mechanisms of synchronization of the fMRI signals remain to be examined in 
future studies.  
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5.6 Tables  
Table 1 Demographics of patients(N=25) 

Variables Mean SD Min Max 

Age 35.44 8.38 22 56 

Sex, M/F 17/8    

AES-C 37.88 8.83 24 58 

SANS-Apathy 10.92 5.16 1 20 

SANS-Total 39.92 16.35 13 64 

PANSS-Positive 13.68 4.56 7 23 

PANSS-Negative 14.24 3.97 8 23 

PANSS-General 30.88 7.03 17 44 

PANSS-Total 48.80 12.81 32 81 

CDSS 2.52 3.23 0 11 

AES-C: Apathy Evaluation Scale, clinician rated; F: female; M: male; SANS: 
Scale for the Assessment of Negative Symptoms; PANSS: Positive and 
Negative Syndrome Scale;  CDSS: Calgary Depression Scale for 
Schizophrenia;  
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5.7 Supplementary materials  
 
Table S1 Demographics of healthy controls (N=14) 

Variables Mean SD Min Max 

Age NA    

Sex, M/F NA    

AES-C 22.15 2.38 18.00 27.00 

SANS-Apathy 7.29 0.61 7.00     9.00 

SANS-Total 5.39 8.03 0.00 30.00 

PANSS-Positive 7.29 0.61 7.00 9.00 

PANSS-Negative 8.79 3.49 7.00 20.00 

PANSS-General 18.50 4.40 16.00 33.00 

PANSS-Total 34.57 7.76 30.00 60.00 

CDSS 0.23 0.58 0.00 2.00 

AES-C: Apathy Evaluation Scale, clinician rated; CDSS: Calgary 
Depression Scale for Schizophrenia; F: female; M: male; PANSS: Positive 
and Negative Syndrome Scale; SANS: Scale for the Assessment of Negative 
Symptoms;  
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Table S2 The results of modularity analysis (see 
https://github.com/coolspiderghy/affective-forecasting-and-
apathy/blob/master/power_coords_modulelabel_all_table.csv) 

 
Figure S1 The histogram AES in the patient group (n=25)
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6.1 General discussion 
In recent years, clinical neuroscience studies have increasingly been conducted 
within the Research Domain Criteria (RDoC) framework, which seek to uncover 
neurophysiological mechanisms underlying psychiatric disorders by linking 
multiple levels of specified genes, brain circuits and cognitive processing (Casey 
et al., 2013). In a similar vein, emerging transdiagnostic neuroimaging research 
has begun to identify shared brain alterations across different psychiatric 
disorders (Menon, 2011a; Sha et al., 2019). However, there are still two 
unresolved critical issues that limit the translational applicability of these 
findings. The first concerns generalizability, and the second involves specificity:  

1. Whether common cognitive processes exist, which can be linked to 
transdiagnostic brain alterations found across different conditions.  

2. Whether specific cognitive processes and their responding neural 
correlations can be identified that characterize different symptoms.  
 

As one building block for the above mentioned integration, this thesis explores 
the common and specific neurocognitive mechanisms underlying different 
symptoms (i.e. anxiety, hallucinations and apathy) both on the cognitive and 
neural levels. At the cognitive level, the focus is on prediction, given that this 
cognitive process is associated with all of these symptoms in previous studies 
(Corlett et al., 2019; Grupe & Nitschke, 2013; Raffard et al., 2013b). Multiple 
neuroimaging approaches were used, including analyses of brain activation, 
connectivity (i.e. psychophysiological interaction) and dynamic functional 
connectivity (i.e. sliding window, K-means and phase synchronization), to 
discover disruptions of common and specific brain systems across anxiety, 
hallucinations and apathy.  

 

The putative commonality and specificity of neural bases involved in prediction 
across different symptoms were investigated by linking and comparing the 
findings from four parallel studies. In Chapter 2, altered brain activation and 
connectivity during the prediction of uncertain threats in individuals with high 
trait anxiety levels were examined. In Chapter 3, disrupted interaction between 
semantic prediction and auditory perception in individuals with high auditory 
verbal hallucinations proneness was investigated, with a focus on activation and 
connectivity of the dorsal anterior cingulate cortex (dACC). As dynamic network 
analyses have provided novel temporal information of brain network 
organization associated with flexible cognitive computations (Hutchison et al., 
2013b; Shine et al., 2016), Chapter 4 focused on the dynamics of key brain 
networks during resting-state in patients with auditory verbal hallucinations, 
which may contribute to disrupted semantic prediction. In Chapter 5, the 
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prediction of affective personal events in patients with high apathy levels was 
examined by using novel phase synchronization analysis, in order to unveil 
dynamic coherence between large-scale brain networks involved in this process. 
While comparing and integrating the findings from these four studies, the focus 
was on core large-scale brain networks, including the frontal-parietal network 
(FPN), the default mode network (DMN) and the salience network (SN), as well 
as the interaction between these networks with other brain systems which may 
be more specific for unique cognitive processes associated with each symptom.  

 

6.2 Prediction and neural correlates in distinct symptoms 
In this section, the findings of Chapters 2-5 will be discussed by focusing on 
brain systems associated with the prediction process in anxiety, verbal auditory 
hallucinations and apathy.  

 

6.2.1 Prediction and anxiety 
The hypothesis of the common role of prediction across different symptoms is 
firstly inspired by the uncertainty and anticipation model of anxiety (UAMA) 
model, which hypothesizes that abnormal anticipation (i.e. prediction) prior to 
potential threats, including cognitive and affective processes, serves as the 
fundamental mechanism of anxious pathology (Grupe & Nitschke, 2013). The 
excessive anticipatory processes include increased attention to, intense 
emotional responses to, and inflated estimation of uncertain threats. These 
processes engage multiple brain regions including the temporal gyrus, emotional 
circuit (e.g. the amygdala, thalamus, insula), and medial prefrontal cortex 
(mPFC).  

 

Chapter 2 assessed the key hypothesis of the UAMA by investigating activation 
and functional connectivity during emotional anticipation tasks in relation to trait 
anxiety levels. It was found that individuals scoring higher on trait anxiety 
demonstrated altered activation and connectivity among multiple brain systems, 
which could be implicated in abnormal perception, estimation, and emotional 
reactions to potential threats. First, the activation results indicated that high 
anxiety levels were associated with increased activation in the thalamus possibly 
related to rapid emotional reaction, the dorso-medial prefrontal cortex (dmPFC) 
putatively related to estimation of potential threats and decreased activation in 
the precuneus putatively related to information integration of different brain 
regions. Second, high trait anxiety levels were linked with: (1) decreased 
dmPFC-vmPFC connectivity, which may underlie the impaired estimation of the 
cost and probability of uncertain threats; (2) increased amygdala-thalamus 
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connectivity, which may be implicated in integration of emotional information. 
These neurocognitive components may interact with each other, which together 
contribute to altered anticipation in anxiety, including: (1) increased attention 
and emotional reactions, which may facilitate the processing of aversive stimuli 
(i.e. threats), lead to an inflated estimation of uncertainty of threats; and (2) an 
experience-related estimation bias, which may result in excessive anticipatory 
attentional and emotional responses in anxious individuals. These altered neural 
interactions might originate from the amygdala-thalamus circuit and dmPFC-
vmPFC circuit (Bishop, 2007; Amit Etkin et al., 2011). The altered associative 
learning of cue-threat association contributes to an over-estimation of potential 
threats, which in turn alters amygdala-centered circuits and dmPFC-vmPFC 
connectivity and further alters emotional reactions and the computation of 
uncertain threats. From this perspective, an anxious individual builds up these 
neural pathways of anxiety similarly to how a concert pianist strengthens neural 
pathways of musicianship through hours of daily practice.  

 

In line with the hypothesis of the UAMA model, the distributed alteration of 
activation and connectivity among the amygdala, thalamus, dmPFC, vmPFC and 
precuneus was indeed discovered in Chapter 2. However, no alteration in the 
dACC, a hub in the anticipating brain networks, was found. The dmPFC, which 
has similar functions to dACC, such as emotional evaluation and reappraisal, 
may serve as the altered hotspot in the anticipation of uncertain threats. This 
statement is supported by the findings of decreased activation and connectivity 
of dmPFC in the current study. In future research, it would be advantageous to 
apply this paradigm in a longitudinal study to examine whether the dysfunction 
of amygdala-thalamus and dmPFC-vmPFC circuits can serve as a bio-signature 
to predict the development of anxiety disorders. It would also be of interest to 
use graph-theory analyses to examine how properties of large-scale brain 
networks are associated with anxiety levels during the anticipation of threats. For 
instance, do vmPFC, dmPFC and the amygdala show alteration in hub properties 
in the anticipating brain of individuals with high anxiety levels? 

 

6.2.2 Predictive processing and auditory verbal hallucinations  
Besides its role in addressing uncertain threats in anxiety, predictive processing 
may also play a critical role in hallucinations. Previous neurocognitive studies of 
auditory verbal hallucinations (AVH) have proposed that increased modulation 
of top-down prediction on bottom-up perception may underlie hallucinations 
(Behrendt, 1998; Corlett et al., 2019; Grossberg, 2000b). These studies 
consistently revealed that individuals who were more susceptible to 
hallucinations were more likely to experience false-positive perceptual events, 
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which was associated with strong expectations (Aleman et al., 2003; Aleman & 
Vercammen, 2013; Daalman et al., 2012).  Despite multiple behavioral studies 
investigating the role of prediction, the neural basis of this process in 
hallucinations remains unknown. While previous models consider the 
importance of the dACC circuit in error-based learning and self-monitoring in 
hallucinations (P. Allen et al., 2008; Jardri et al., 2011), it remains unclear how 
the dACC circuit contributes to interaction between semantic prediction and 
auditory perception in AVH.  

 

In Chapter 3, this question was examined by combining brain activation, PPI and 
a semantic prediction task. It was observed that individuals with high 
hallucination proneness demonstrated alterations in the modulation of semantic 
prediction on bottom-up perception on multiple levels of behavior, activation and 
connectivity. First, high hallucination proneness was related to lower accuracy 
in unpredictable perception. Second, individuals with high hallucination 
proneness showed decreased activation in the dACC, which is related to top-
down prediction (i.e. priors) and error-based learning. Third, these individuals 
also demonstrated increased connectivity between the dACC and the precuneus, 
which may be related to failure of the dACC in suppressing activation of the 
precuneus. This in turn, may lead to spontaneous self-processing by the 
precuneus while overshadowing the dACC-related prediction error-based 
learning.  

 

The findings are consistent with the key roles of the salience network and the 
default mode network in subserving prediction in the predictive coding model 
(Carhart-Harris & Friston, 2010). Carhart-Harris and Friston (Carhart-Harris & 
Friston, 2010) proposed a hierarchy in the brain, with the DMN at the top and 
the salience network at intermediate levels, above sensory cortices. During 
prediction, each system is trying to modulate its subordinates by optimizing 
priors to reduce prediction-errors. Patients with schizophrenia, especially with 
hallucinations, have shown alterations in the interplay between these brain 
networks (Menon, 2011a; Palaniyappan, 2012). Our study provided new 
evidence for the brain network model of disrupted predictive coding in 
psychosis, by showing altered engagement and connectivity of the dACC. The 
next step in future research could be to model prediction and learning by using 
formal reinforcement learning algorithms. Moreover, it is important to apply this 
paradigm to schizophrenia patients to compare similarities and differences 
between high-risk individuals and patients.  

 



Chapter 6 

General discussion 143 

6.2.3 Dynamics of brain networks during resting-state and verbal auditory 
hallucination 
The dynamic nature of the brain during rest provides the backbone for a variety 
of flexible cognitive processes including prediction (Hutchison et al., 2013b; 
Shine et al., 2016), which may be affected by mental disorders including 
schizophrenia and depression (Damaraju et al., 2014; Kaiser et al., 2016). A 
particular characteristic of AVH is that they show dynamic fluctuations in their 
occurrence (McCarthy-Jones et al., 2014; Nayani & David, 1996). However, the 
extent to which dynamic (i.e. time-varied) interactions within and between these 
key networks contribute to AVH remains unknown.  

 

The dynamic characterization of interactions among key brain networks related 
to AVH in schizophrenia patients was investigated during resting state in Chapter 
4. It was expected that dynamic features of key brain networks such as DMN 
would be altered during rest, and that it may impose constraints on alteration of 
brain networks during prediction. The results of the dynamic connectivity 
analysis showed that AVH patients spent less time in a ‘network-antagonistic’ 
brain state. During this state, the DMN was anti-correlated to the language 
network and AVH patients had a lower probability to switch into this state. 
Importantly, AVH patients had decreased connectivity within the language 
network during the ‘network-antagonistic’ brain state. Reduced dwelling time on 
antagonism between the DMN and the language network may be related to 
dysfunction of either network, or both being less distinctive in terms of 
specialized function (Ćurčić-Blake et al., 2017b; Northoff & Qin, 2011).This is 
consistent with the ‘resting state hypothesis’ of AVH (Northoff & Qin, 2011). 
Northoff and colleagues proposed that less suppression of the DMN may 
sensitize activity in the auditory cortex and language regions, which may further 
lead to confusion between spontaneous activity and stimulus-induced activity. In 
addition, consistent with our above hypothesis, dysfunction of the DMN was 
observed both in the resting-state (Chapter 4) and the prediction task-state 
(Chapter 3), which could indicate that the alteration of the DMN may serve as a 
key feature in AVH. In future studies, it would be useful to examine how brain 
networks (e.g. the DMN) reconfigure during task state in the hallucination 
patients. This would enable building a direct association between function of 
resting-state dynamics and cognitive processes such as prediction, which are 
both involved in the development of hallucinations. 

 

6.2.4 Apathy and prediction  
Apathy is a core negative symptom of schizophrenia and associated with a 
reduced goal-directed behavior (Levy & Dubois, 2006). One could hypothesize 
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that apathy may involve reductions in the ability for affective forecasting 
(D’Argembeau & Mathy, 2011a; Raffard et al., 2013b; Schacter et al., 2012), 
which serves as another type of prediction. Affective forecasting refers to the 
ability to foresee how one will feel at certain events in the near future, e.g. a 
party. The prediction can benefit goal attainment by increasing expectations of 
success and facilitating formation of concrete plans (D’Argembeau & Mathy, 
2011a). Chapter 5 examined the altered dynamic coupling of key brain networks 
in schizophrenia patients with high apathy levels,  by applying the novel phase 
synchronization (PS) approach to the fMRI data from an affective forecasting 
task.  

 

It was found that patients with high apathy levels reported less vivid imagery 
(i.e. prediction) of personal positive and neutral events in the future. In parallel, 
the synchronization of the reward network including striatum and putamen in the 
baseline was decreased in patients with high apathy levels, but the 
synchronization of the DMN-FPN including dlPFC, IPL, vmPFC and PCC 
increased during imagining positive and neutral events. Future 
thinking/prediction subserved as the core component of affective forecasting. 
Previous neuroimaging studies have reported engagement of the DMN, which is 
important for retrieving memory elements and re-combining them (Schacter et 
al., 2007, 2012). Moreover, the DMN showed positive coupling with the FPN 
during an autobiographical planning task (Spreng et al., 2012). In accordance 
with these findings, our results suggested that altered synchronization of the 
DMN-FPN may underlie disrupted future simulation (i.e. prediction) (Schacter 
et al., 2007) associated with apathy. Additionally, decreased synchronization of 
the RN during the spontaneous state of future thinking (i.e. the baseline) may be 
associated with reduced anticipatory reward. These findings are in line with a 
previous analysis, in which Servaas and colleagues used PS in resting-state fMRI 
data, and found an altered synchronization in the DMN and the salience reward 
network in patients with high apathy levels (Servaas et al., 2019). The disrupted 
prediction of affective events may specifically contribute to reduced motivation 
and planning for initiating actions given a low anticipated reward, resulting in 
apathy. Previous studies found that PS between brain regions is consistent with 
functional connectivity in a short window (8 seconds) (Glerean et al., 2012). 
(Glerean et al., 2012). In future research, simultaneous recording EEG and fMRI, 
and direct comparison of PS between EEG and fMRI, will greatly benefit the 
understanding of profound mechanisms underlying PS of fMRI, and would 
deepen the interpretation of the current findings. 
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6.3 Integrating the findings of the four studies 
In this section, the above results will be compiled and a transdiagnostic brain 
model will be proposed and discussed in relationship to other theoretical notions 
in the following three sections. First, the abovementioned findings are integrated 
and a unifying large-scale network model of disrupted prediction across different 
symptoms is proposed. Next, the models are compared with previous 
transdiagnostic brain models by highlighting two novel extensions. Finally, the 
model is contrasted with the flexible hub theory of cognitive control to propose 
disrupted common prediction/learning as essential for cognitive control. Such 
disruption may help explain well-documented deficits in general cognitive 
functions and their corresponding alterations in brain networks.  

 
Figure 1. A unifying large-scale network model and psychopathology. Notes: 
SN, salience network; FPN, fronto-parietal network; DMN, default-mode 
network; STG: superior temporal gyrus; AVH, auditory verbal hallucinations.  

 

6.3.1 A unifying large-scale network model and psychopathology 
In Figure 1, a large-scale brain network model of disrupted prediction is 
proposed, along with the responding neural correlations found in the four studies 
of this thesis. This suggests that: (1) shared alteration in core large-scale brain 
networks including the SN, the DMN and the FPN may underlie common 
disrupted prediction across anxiety, hallucination and apathy; and (2) specific 
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brain systems are relatively associated with unique cognitive components (i.e. 
threat processing in anxiety, auditory perception in AVH, motivational drive in 
apathy) which characterize distinct symptoms.  

 

6.3.1.1 Common brain networks may underpin shared prediction across different 
symptoms 

Disrupted activation and connectivity among the SN, DMN and FPN during 
prediction were commonly shown in anxiety, hallucination and apathy. First, the 
dmPFC (the SN) showed decreased connectivity with the vmPFC (the DMN) 
during the anticipation of uncertain threats in individuals with high trait anxiety. 
Second, the dACC (the SN) showed increased connectivity (i.e. switching from 
negative to positive) with the precuneus (the DMN) during interaction between 
semantic prediction and bottom-up perception in individuals with high 
hallucination proneness. Third, patients with hallucinations spent less time in a 
brain state of anti-correlation between the DMN and the language network 
during resting-state. Fourth, there was disrupted synchronization between the 
FPN and the DMN during the prediction of affective events in schizophrenia 
patients with high apathy levels. Taken together, I suggest that disrupted 
prediction subserved by core brain networks including the SN, DMN and FPN 
serve as a common neurocognitive mechanism underlying different symptoms 
including anxiety, hallucination and apathy. 

 

6.3.1.2 Specific brain systems underlie unique cognitive components for each 
symptom 

Besides the shared alteration in the core brain networks, the specific dysfunction 
of brain regions is related uniquely to cognitive processes that may be 
specifically involved in different symptoms. In particular, multiple previous 
studies have shown that altered attention to negative/threatening stimuli is 
associated with dysfunction of the amygdala and thalamus, which are apparent 
in individuals with high anxiety levels (Bishop, 2007). In Chapter 2, both 
increased activation of the thalamus and heightened connectivity between the 
amygdala and the thalamus during the anticipation of uncertain threats were 
found, which may underlie anticipatory emotional processes in anxiety. 
Furthermore, hyper-activation in the auditory and language regions has been 
found to be tightly linked to increased perception of auditory events in auditory-
verbal hallucinations (P. Allen et al., 2008). In Chapter 4, it was found that 
hallucination patients showed decreased connectivity in the language network in 
a brain state, which is characterized by anti-correlation between the DMN and 
the language. Finally, the link between disrupted activation in the striatum and 
reward processing has been widely shown as a key characteristic in apathy (Levy 
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& Dubois, 2006). In Chapter 5, a similar reduced synchronization of the reward 
network, including the striatum and the putamen, was found. Together, these 
specific neurocognitive components impose constraints on what is being 
predicted. The common and specific brain systems interact and collaborate to 
accomplish prediction in different domains. Ultimately, disruption within and 
between these two core systems may lead to distinct symptoms including 
anxiety, hallucination and apathy.  

 

6.3.1.3 The DMN is on the top of these large-scale brain networks during 
prediction 

The brain networks are hierarchically organized (X.-J. Wang, 2020). In the 
context of prediction, Carhart-Harris and Friston suggested that the DMN is 
hierarchically at the top, the SN and the FPN in the middle, and other 
sensorimotor systems at the bottom. Each system attempts to modulate its 
subordinates by optimizing predictions to reduce prediction-errors. In line with 
this model, the results across four fMRI studies have shown that the DMN was 
consistently engaged and showed disrupted connectivity with distributed brain 
networks during prediction and resting states. It can therefore be hypothesized 
that the DMN maybe exert influence over predicting brain networks.  

 

Given that the DMN plays an essential role in memory retrieval, it may couple 
with the FPN (related to task-set maintaining) to recombine elements of memory 
to accomplish future simulations (i.e. prediction), interacting with the SN 
(related to salience processing) to update priors based on prediction errors. 
Together, disrupted interaction between the DMN and other networks, which 
have essential roles in predictive processing, would contribute to different 
symptoms. Notably, the hierarchy of brain networks is highly task- and context-
dependent, while different models propose different hierarchies (Carhart-Harris 
& Friston, 2010; Cole et al., 2013; Menon, 2011a). For instance, in the Menon’s 
triple network model (Menon, 2011a), the SN is at the apex of network hierarchy 
to dynamically switch the FPN and the DMN by evaluating the internal and 
external salience. In the flexible hub model (Cole et al., 2013), the FPN is 
dynamic to reconfigure connectivity with other networks to switch task-sets. 
Moreover, recurrent connection in the high-level large-scale regions and 
common input from subcortical regions further complicates this issue. Therefore, 
it would be prescriptive to use the high time resolution approaches (i.e. 
MEG/iEEG) to clarify this question (see more details in the section of the future 
directions below).  
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6.3.2 Comparison between our model and other transdiagnostic brain 
models 
Our unifying brain model extends beyond previous brain models in two ways: 
(1) that general predictive processing shows abnormality across distinct 
symptoms by extending findings of shared alteration in salience processing in 
Menon’s model; and (2) that specific brain systems underlying the low-level 
cognitive components may characterize specific symptoms (see above). Menon 
proposed dysfunction of the SN, the CEN and the DMN across autism, anxiety 
disorders and schizophrenia. This triple network model suggests that altered 
salience processing is a common cognitive computation, and specific cognitive 
components manifest in different disorders. In particular, salience attribution 
concerns different stimuli: (1) the increased salience to threats in anxiety; (2) 
decreased salience to social cues in autism; and (3) increased salience to verbal 
auditory stimuli in AVH. However, the triple network model did not explicitly 
illustrate the neural basis of what are unique salience processes characterizing 
distinct disorders.  

 

Sha and He  (Sha et al., 2019) performed a meta-analysis and found common 
dysfunction of similar brain networks across many psychiatric disorders, 
including schizophrenia, depression and anxiety. They suggested that these 
shared brain networks may be associated with generalized cognitive deficits 
across these disorders. However, they did not interpret nor provide direct 
evidence to the key issue of how common cognitive deficits are linked to 
mechanisms of development into distinct disorders. Beyond these two models, 
the findings of this thesis suggest that disrupted prediction may serve as a key 
common cognitive mechanism across different symptoms. More specifically, our 
findings suggest that content-specific cognitive components, involved in what is 
being predicted, determine the specific nature of different symptoms.  

 

6.3.3 Common roles of prediction and cognitive control in neuropsychiatric 
disorders  
A neurocognitive architecture, consisting of common overarching processes on 
the one hand and specific compositional elements on the other, fits well with the 
concept of cognitive control (over subordinate processes) as accomplished by the 
brain. We suggest an essential role for predictive processing, as a mechanism 
contributing to the general deficit in cognitive function, which is found in many 
different disorders. This view is complementary to previous proposals, such as 
Cole et al's flexible hub theory of cognitive control (Cole et al., 2013). This 
model suggested that core cognitive control is accomplished by the high-level 
brain networks (e.g. the FPN). The specific and compositional cognitive 
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elements supported by other networks (e.g. sensorimotor) are dynamically 
integrated with the core brain networks according to task demands. Revisiting 
Menon’s triple network model, salience-based attention is essentially one type 
of cognitive control. Anxiety, autism and schizophrenia can be regarded as 
disorders of disrupted common cognitive control, and the distinct disorders are 
specified by unique cognitive components, i.e. what is being controlled (Menon, 
2011a).  

 

Notably, in our model, we proposed that predictive processing could conceivably 
be a type of cognitive control. Several lines of evidence support this statement. 
To begin with, associative learning studies have found that prediction error is 
important for allocating attention, and violation of prediction captures greater 
attention (Aston-Jones & Cohen, 2005). Alternatively stated, unexpected stimuli 
become more ‘salient’ to facilitate learning (i.e. update prediction) (Fletcher & 
Frith, 2009b; Holroyd & Coles, 2002). Next, previous models have suggested 
that altered cognitive control and attention greatly contribute to the development 
of anxiety, hallucination and apathy: (1) Bishop proposed that anxiety is 
associated with attention bias to threats (Bishop, 2007); (2) Frith  suggested that 
the relocation of attention to internal speech is significant in hallucinations 
(Fletcher & Frith, 2009b); and (3) Levy & Dubois (2006) suggested that ganglia-
frontal circuits are involved in altered cognitive control in apathy (Levy & 
Dubois, 2006).  Most importantly, the findings in this thesis provide evidence to 
suggest that prediction/error-based learning is disrupted across symptoms. 
Together, our model provides neurocognitive explanations on how alteration of 
common and specific brain networks, which are associated with prediction and 
cognitive control, can lead to distinct symptoms in different neuropsychiatric 
disorders.  
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Figure 2 The models of disrupted brain networks across psychiatric 
disorders and models of cognitive control. (A) Menon’s triple network model 
of psychopathology. It is adapted from (Menon, 2011a). (B) Disrupted functional 
architecture of brain networks across psychiatric disorders. It is adapted from 
(Sha et al., n.d.). (C) Flexible hub theory of cognitive control. It is adapted from 
(Cole et al., 2013). Notes: SN, salience network; CEN, central executive 
network; DMN, default-mode network; AI, anterior insula; ACC, anterior 
cingulate cortex; dlPFC, dorsolateral prefrontal cortex; PPC, posterior parietal 
cortex; vmPFC, ventromedial prefrontal cortex; PCC, posterior cingulate cortex; 
SMN, sensory-motor network.  

 
6.4 Future directions 
In this section, several directions are suggested and highlighted, in which the 
hypotheses in the proposed models can be more formally examined. Future 
research could further examine and extend the model at four levels: (1) latent 
cognitive processes; (2) macro-scale brain networks; (3) micro-scale neuronal 
computations; and (4) neuromodulator mechanisms. To begin with, 
standardizing experimental paradigms and data analysis is required in future 
transdiagnostic research in order to facilitate direct comparisons between 
different symptoms. On the cognitive level, formal computational modeling (i.e. 
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reinforcement learning and hierarchical Bayesian model) can be used to extract 
latent and detailed cognitive variables during prediction and learning. On the 
large-scale brain network level, novel neuroimaging technology (e.g. iEEG) can 
be employed to examine the hierarchy of brain networks during 
prediction/learning in high temporal resolution. On the micro-scale neuronal 
level, detailed neuronal models such as excitatory and inhibitory synaptic 
membrane currents (EI) balance can be used to examine whether it is linked to 
cognitive computation during prediction/learning. On the brain-wide level, we 
could examine whether neuromodulator mechanisms (i.e. dopamine and NE) 
underline the above-mentioned cognitive computation, macro and micro neural 
processing. Finally, considering the challenge and complexity of linking these 
multiple interacting levels from cognition, circuits and neurons, advanced data 
analysis approaches such as machine learning can be used to integrate findings 
from all these levels into a unified framework.  

 

6.4.1 Standardizing paradigms and data analysis pipelines across different 
symptoms 
Standardized approaches are critical for providing a direct comparison of 
dysfunction of cognitive processes and brain networks. In the current thesis, 
classical cognitive paradigms in each field of anxiety, hallucination and apathy 
have been employed, with the focus being on prediction. While this strategy has 
the advantage of being able to be directly compared with previous studies in each 
sub-field, it may impede a quantitative and formal comparison between results 
from different studies. This could be remedied by standardizing paradigms, 
computational modeling and neuroimaging data analyses in future studies. First, 
standard and well-controlled prediction paradigms should be designed, which 
own common features, including predicting, computing errors and updating 
priors. However, the paradigms should also be qualified for characterizing 
specific cognitive components related to particular symptoms, for instance, 
threats in anxiety, positive personal events in apathy, auditory perception in 
AVH. Next, unified computational models (e.g. reinforcement learning or 
hierarchical Bayesian models) can be used to decompose behavioral responses 
into latent parameters related to prediction and error-based learning, and directly 
extract and compare these parameters across different symptoms. Furthermore, 
standardized fMRI scanning sequences and data analysis pipelines should be 
used to characterize the commonality and specificity in brain activation, 
connectivity and brain networks during prediction and error-based learning 
across different symptoms. 

 

6.4.2 Formal modeling to examine the common cognitive computations (i.e. 
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prediction) across symptoms 
More formal modeling is required to construct and examine the explicit 
hypotheses of common cognitive computational mechanisms (e.g. prediction) 
underlying different symptoms in psychiatric disorders. Computational models, 
including reinforcement learning and predictive coding, are becoming powerful 
tools for guiding computational analyses of disrupted cognitive functions 
associated with psychiatric disorders (Montague et al., 2012). They have been 
proven useful in instantiating prior knowledge of underlying mechanisms, 
proposing and examining explicit hypotheses about these mechanisms in studies 
of anxiety and schizophrenia. In particular, behavioral studies of anxiety in 
animals and humans found that anticipation of uncertain threats is important for 
the development of anxiety. Emerging studies used the reinforcement learning 
model to revisit this question and found that anxiety may involve dysfunctional 
prediction and error-based learning of association between cues and outcomes 
(i.e. threats) (Bishop & Gagne, 2018). Moreover, stronger semantic predictions 
for auditory perception have been reported in the context of false positive 
inference in AVH (Aleman et al., 2003; Aleman & Vercammen, 2013; Daalman 
et al., 2012). Powers and colleagues used a predictive coding algorithm (i.e. 
hierarchical Bayesian model) to assess this hypothesis in hallucinations and 
found stronger predictions (i.e. priors) in people with hallucinations (Powers et 
al., 2017b). The next step in future research would be to use formal 
computational models (e.g. reinforcement learning and predictive coding) to 
examine common roles of prediction across different symptoms.  

 

6.4.3 Using MEG/iEEG to detect the hierarchy of brain networks in high 
temporal resolution 
In future studies, intracranial electroencephalography (iEEG) or 
Magnetoencephalography (MEG) during prediction tasks may be promising 
approaches to unveil mechanisms of information flow between these brain 
networks and whether the DMN is situated at the top of the hierarchy. How the 
hierarchy of large-scale brain networks is organized, is a complex question in 
current active research (X.-J. Wang, 2020). There are multiple recurrent neuronal 
connections between brain regions. Moreover, all regions in these networks 
receive subcortical input (i.e. from thalamus, basal ganglia and locus coeruleus 
(LC)) and are modulated by the brain-wide neuromodulators such as dopamine 
and norepinephrine (NE). MEG/iEEG has been used to examine causal 
information flow and the hierarchy of temporal interaction between brain 
networks during cognitive control, emotion processing and resting state by 
overcoming the limitations of low time resolution of fMRI. Additionally, the 
interactions between brain networks are highly dynamic and context dependent. 
For instance, the FPN was most flexible during task-set switching (Cole et al., 
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2013), the DMN was more active during tasks involving memory-based future 
stimulation (Schacter et al., 2007), while the SN was more involved in salience 
(reward)-based attention relocation (Menon & Uddin, 2010). Predication and 
error-based learning may engage all these components underlined by these core 
brain networks. One approach to examine the specific roles of each network in 
prediction is to use computational modeling to characterize specific model 
parameters related to each function. For instance, parameters of priors may be 
more related with the DMN, while parameters of error processing and error-
based learning are likely to be linked to the SN function. Parameters of task goals 
might be built by the FPN. Combining advantages of MEG/EEG and 
computational modeling has the potential to unveil the hierarchical organization 
of brain networks during predictive processing by decomposing prediction into 
detailed cognitive components.   

 

6.4.4 Linking the large-scale brain network model to neuronal 
computational models 
Neuronal computational mechanisms are directly relevant to the functions of 
neurotransmitters and can greatly inform drug-based treatments of psychiatric 
disorders. However, the current state of the fMRI field is still far from 
understanding neuronal computational mechanisms underlying different 
symptoms in psychiatric disorders. In particular, it remains unsolved how 
neurons compute and accomplish cognition, and which alterations in these 
neuronal computations are associated with behavior, cognition and symptoms 
(Murray & Wang, 2018). Currently, studies are being undertaken which focus on 
neuronal network models and recorded fMRI while patients are performing 
cognitive tasks in order to examine neuronal computation mechanisms 
associated with symptoms. For instance, excitatory and inhibitory synaptic 
membrane current (EI) balances were found to be disrupted on a neuronal 
population level in schizophrenia, autism and depression (Anticevic & Lisman, 
2017; Foss-Feig et al., 2017; Lener et al., 2017), which is associated with 
dysfunction of large-scale brain networks (e.g. default mode network) 
underlying cognitive, positive and negative symptoms. Building on the proposed 
models of common neurocognitive mechanisms (e.g. dysfunction of prediction) 
across symptoms in this thesis, the next question should be whether a common 
neuronal computation mechanism in large-scale brain networks governs the 
common disrupted prediction in different symptoms. The EI balance and N-
methyl-D-aspartate (NMDA) receptor might work as important candidates. It 
would be of interest to combine drug treatment with a computational modelling 
(neural network) approach in neuropsychiatric studies to directly examine the 
roles of the NMDA receptor and EI balance in modulating large-scale brain 
networks, leading to disrupted prediction and finally symptoms.  
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6.4.5 Neuromodulatory mechanisms of prediction  
Future research should also examine how neuromodulators contribute to the 
dysfunction of neuronal and cognitive computation (i.e. prediction) in 
psychiatric disorders. Neuromodulators, such as dopamine and norepinephrine, 
are the common basis of the brain. While they are widely distributed through the 
brain, they play specific roles in high-order functions, including cognitive 
control, working memory and decision making, as well as reward and negative 
emotion processing. Dopamine from the midbrain reaching different subcortical 
(including the striatum) and cortical regions, is strongly engaged in reward-based 
reinforcement learning and cognitive control (Buckholtz et al., 2010). 
Dysfunctions of dopamine have been proposed to be involved in anxiety, 
hallucination and apathy. NE, which is transmitted from the LC and is distributed 
throughout the brain, is important for gain-control in attention and cognitive 
control (Aston-Jones & Cohen, 2005). Disruption of LC-NE has been found in 
anxiety, hallucinations and apathy (de Mäki-Marttunen et al., 2019; Goddard et 
al., 2010). Building on these findings, it is reasonable to ascertain that 
dysfunction of dopamine/NE contributes to altered prediction, error computation 
and priors updating (Aston-Jones & Cohen, 2005; Buckholtz et al., 2010). 
Indeed, separate findings have been shown in anxiety, hallucination and apathy, 
however, few studies have examined the role of dopamine/NE across these 
symptoms to see commonality and specificity of neural computation. More 
importantly, another one key question remains unexamined: how do these 
neuromodulators interact and contribute to cognitive computation (i.e. 
prediction) associated with psychiatric symptoms? 

 

6.4.6 Multivariate machine learning model is a promising method to build 
the associations between the brain, cognition and symptoms 
From a mathematical perspective, the procedure by which the neurocognitive 
mechanisms underlying disorders is explored, essentially, is to build mapping 
functions between the brain, cognition, symptoms and disorders. Machine 
learning serves as an excellent tool to conduct this mission because it takes many 
variables into account simultaneously to predict/classify disorders and detects 
which behavioral and neural variables (features) contribute most to the prediction 
or classification (Chen et al., 2020). By focusing on cognitive processes 
associated with specific symptoms to reduce the mapping path and searching 
space, machine learning approaches can be used to efficiently explore the 
multiple dimensional and non-linear mapping functions between the brain, 
cognition and symptoms. The mapping functions can further be used to build and 
validate the detailed hypotheses, which are examined by the above-mentioned 
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formal computational models, standard behavioral tasks and neuroimaging data 
analysis pipeline. Together, all these endeavors will make it easier to detect the 
real mapping functions between the brain and symptoms in psychiatric disorders.  

 

6.5 Clinical implications 
A common neurocognitive model across symptoms in different disorders would 
greatly inform the current treatment of psychiatric symptoms by providing 
quantitative and formal mechanism-level understanding. Previous clinical 
practice uses the DSM and the ICD to diagnose mental illness into distinct 
categories based on syndromes but does not target specific symptoms or 
cognitive functions. It is a clinical concern that these categories rarely reliably 
predict treatment success and do not match findings in clinical neuroscience. To 
address these concerns, the RDoC was proposed, which suggests that cognitive 
and neuroimaging approaches should be used to detect common neural circuits 
underlying cognitive processes in psychiatric disorders. This thesis, which 
investigates common and specific neurocognitive structures, aims to contribute 
to understanding the mechanisms of how common and unique dysfunctions of 
prediction are related to developing distinct symptoms. There are two advantages 
of this model which can benefit clinical diagnosis and treatment. First, by 
focusing on key cognitive functions and their corresponding neural bases across 
specific symptoms, the mapping functions between the brain and disorders can 
be reduced. This makes it possible to target common and specific mechanisms 
and improve the feasibility of diagnoses and treatments. Secondly, and more 
importantly, this framework has great potential to be extended into (1) more basic 
mechanism levels (i.e. EI balance and neuromodulators), and (2) more 
comprehensive clinical levels (i.e. predicting symptoms by using machine 
learning), and (3) more formal computational levels (i.e. reinforcement learning 
and hierarchical Bayesian). Finally, this roadmap dovetails with the bigger 
picture of data-driven and model-based computational psychiatry (Huys et al., 
2016), which has the potential to provide solid evidence and leverage to benefit 
clinical diagnoses and treatments. Furthermore, in Chapters 3 and 4 respectively, 
hallucinations in both healthy populations and patients were examined. 
Comparing the findings across the psychiatric spectrum from high-risk to clinical 
would provide important insights into how high-risk individuals develop into 
clinical patients. For instance, a common disruption of the DMN was identified 
in this thesis which was involved in both populations, which may indicate that 
the DMN provides an important target: the high-risk period serves as a key 
window to focus on. For instance, it would be promising to use cognitive 
treatment, mediation/mindfulness, or transcranial magnetic stimulation and 
neurofeedback to normalize the DMN functions of high-risk individuals and 
prevent them from developing disorders.  
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6.6 Conclusions 
This thesis examined putatively shared neurocognitive mechanisms underlying 
different symptoms including anxiety, hallucination and apathy. To this end, 
task-state and resting-state fMRI studies were conducted across these symptoms, 
with a focus on predictive processing. During anticipation of uncertain threats, 
high anxiety individuals showed distributed alteration in brain activation 
including the dmPFC and the precuneus, and disrupted connectivity of the 
dmPFC-vmPFC and the amygdala-thalamus. During the interaction between 
semantic prediction and bottom-up perception, people with high hallucination 
proneness showed poorer performance during perception, which was associated 
with decreased activation in the dACC and increased connectivity between the 
dACC and the precuneus. During resting-state, patients with hallucinations 
dwelled less in the brain state of anti-correlation between the DMN and the 
language network, which may contribute to stronger priors and deficient error-
based learning during prediction. During the anticipation of affective events, 
patients with high levels of apathy showed decreased coupling of the reward 
network during the  spontaneous state of future thinking and increased coupling 
between the FPN and DMN during active affective forecasting, which was in 
parallel with deficits in performing vivid forecasting. In summary, by conducting 
trans-symptom fMRI studies focusing on predictive processing and brain 
systems, a hypothesis of a common neurocognitive mechanism across anxiety, 
hallucination and apathy was proposed: the predicting brain model (See Figure 
1). Core brain networks, including the SN, FPN and DMN and peripheral regions 
involved in specific cognitive elements, underlie the common prediction of 
uncertain threats in anxiety, auditory stimuli in hallucinations and motivational 
drive in apathy. This model is consistent with meta-analytic findings from 
resting-state studies and the triple network model focusing on disrupted saliency 
across psychiatric disorders. Ultimately, enhanced understanding of brain 
network organization during predictive processing underlying symptoms in 
psychiatric disorders may aid the development of more effective diagnostic and 
treatment strategies 
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In de afgelopen jaren zijn er in toenemende mate klinische 
neurowetenschappelijke onderzoeken uitgevoerd binnen het Research Domain 
Criteria (RDoC) -kader,wat neurofysiologische mechanismen probeert te 
ontdekken die ten grondslag liggen aan psychiatrische stoornissen door meerdere 
niveaus van gespecificeerde genen, hersencircuits en cognitieve verwerking aan 
elkaar te koppelen (Casey et al., 2013). Op dezelfde manier is opkomend 
transdiagnostisch neuroimaging-onderzoek begonnen met het identificeren van 
gemeenschappelijke hersenveranderingen bij verschillende psychiatrische 
stoornissen (Menon, 2011a; Sha et al., 2019). Er zijn echter nog twee 
onopgeloste crucicale problemen die de translationele toepasbaarheid van deze 
bevindingen beperken. De eerste heeft betrekking op de generaliseerbaarheid en 
de tweede op de specificiteit: 

1. Of er gemeenschappelijke cognitieve processen bestaan, die kunnen 
worden gekoppeld aan transdiagnostische hersenveranderingen die bij 
verschillende aandoeningen worden aangetroffen. 

2. Of specifieke cognitieve processen en hun reagerende neurale correlaties 
kunnen worden geïdentificeerd die verschillende symptomen 
kenmerken. 

 

Als een bouwsteen voor bovengenoemde integratie, onderzoekt dit proefschrift 
de gemeenschappelijke en specifieke neurocognitieve mechanismen die ten 
grondslag liggen aan verschillende symptomen (d.w.z. angst, hallucinaties en 
apathie), zowel op cognitief als neuraal niveau. Op cognitief niveau lag de focus 
op voorspelling, aangezien dit cognitieve proces geassocieerd was met al deze 
symptomen in eerdere studies (Corlett et al., 2019; Grupe & Nitschke, 2013; 
Raffard et al., 2013b) . Er werden meerdere neuroimaging methodes gebruikt, 
waaronder analyses van hersenactivatie, connectiviteit (d.w.z. 
psychofysiologische interactie) en dynamische functionele connectiviteit (d.w.z. 
schuifraam, K-middelen en fasesynchronisatie) , om verstoringen van 
gemeenschappelijke en specifieke hersensystemen te ontdekken bij angst, 
hallucinaties en apathie. 

 

De vermeende gemeenschappelijkheid en specificiteit van neurale bases die 
betrokken zijn bij de voorspelling van verschillende symptomen werden 
onderzocht door de bevindingen van vier parallelle studies te koppelen en te 
vergelijken . In Hoofdstuk 2 werdveranderde hersenactiviteit en connectiviteit in 
relatie tot de voorspelling van onzekere bedreiging  bij personen met een hoog 
angstdispositie onderzocht. In Hoofdstuk 3 werd de verstoorde interactie tussen 
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semantische voorspelling en auditieve perceptie bij individuen met hoge 
auditieve verbale hallucinaties vatbaarheid onderzocht, met een focus op 
activatie en connectiviteit van de dorsale cingulate cortex (dACC). Aangezien 
dynamische netwerkanalyses nieuwe temporele informatie hebben 
opgeleverd over de organisatie van het hersennetwerk die geassocieerd is met 
flexibele cognitieve berekeningen (Hutchison et al., 2013b; Shine et al., 2016) , 
richtte Hoofdstuk 4 zich op de dynamiek van belangrijke hersennetwerken 
tijdens rusttoestand bij patiënten met auditieve verbale hallucinaties. Deze 
hersennetwerken kunnen bijdragen aan een verstoorde semantische 
voorspelling. In Hoofdstuk 5 werd de voorspelling van affectieve persoonlijke 
gebeurtenissen bij patiënten met hoge apathieniveaus onderzocht met behulp van 
nieuwe fasesynchronisatie-analyse, om dynamische coherentie te onthullen 
tussen grootschalige hersennetwerken die bij dit proces betrokken zijn. Bij het 
vergelijken en integreren van de bevindingen van deze vier onderzoeken, lag de 
focus op de kern van grootschalige hersennetwerken, waaronder het frontale-
pariëtale netwerk (FPN), het default mode network (DMN) en het salience-
netwerk (SN), evenals de interactie tussen deze netwerken met andere 
hersensystemen die specifieker kunnen zijn voor unieke cognitieve processen die 
bij elk symptoom horen. 

  

Figuur 1. Een verenigend grootschalig netwerkmodel en 
psychopathologie. Notities: SN, salience-netwerk; FPN , fronto-pariëtaal 
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netwerk; DMN, default mode network; STG: superieure temporale gyrus; AVH, 
auditieve verbale hallucinaties. 

 

Een verenigend grootschalig netwerkmodel en psychopathologie 
In Figuur 1 wordt een grootschalig hersennetwerkmodel van verstoorde 
voorspelling weergegeven, samen met de reagerende neurale correlaties 
gevonden in de vier studies van dit proefschrift. Dit suggereert dat: (1) gedeelde 
verandering in grootschalige hersennetwerken, waaronder de SN, de DMN en de 
FPN, ten grondslag kunnen liggen aan de algemene verstoorde voorspelling over 
angst, hallucinatie en apathie; en (2) specifieke hersensystemen worden relatief 
geassocieerd met unieke cognitieve componenten (d.w.z. bedreigingsverwerking 
bij angst, auditieve perceptie bij AVH, motivatiedrift bij apathie) die 
verschillende symptomen kenmerken. 

 

Gemeenschappelijke hersennetwerken kunnen gedeelde voorspelling over 
verschillende symptomen ondersteunen 
Verstoorde activering en connectiviteit tussen de SN, DMN en FPN tijdens 
voorspelling werden vaak aangetoond bij angst, hallucinatie en apathie. Ten 
eerste vertoonde de dmPFC (de SN) verminderde connectiviteit met de vmPFC 
(de DMN) tijdens het anticiperen op onzekere bedreigingen bij personen met een 
grote angstgevoelens. Ten tweede vertoonde de dACC (de SN) verhoogde 
connectiviteit (d.w.z. overschakeling van negatief naar positief) met de 
precuneus (de DMN) tijdens interactie tussen semantische voorspelling en 
bottom-up perceptie bij individuen met een hoge neiging tot hallucinatie. Ten 
derde brachten patiënten met hallucinaties minder tijd door in een hersentoestand 
van anticorrelatie tussen de DMN en het taalnetwerk tijdens de rusttoestand. Ten 
vierde werd er verstoorde synchronisatie tussen de FPN en de DMN tijdens de 
predicti op affectieve gebeurtenissen bij schizofrenie patiënten met hoge apathie 
niveaus. Alles bij elkaar genomen, stel ik voor dat verstoorde voorspelling die 
wordt geboden door kernhersennetwerken, zoals SN, DMN en FPN, dient als een 
gemeenschappelijk neurocognitief mechanisme dat ten grondslag ligt aan 
verschillende symptomen, waaronder angst, hallucinatie en apathie. 

 

Specifieke hersensystemen liggen ten grondslag aan unieke cognitieve 
componenten voor elk symptoom 
Naast de gedeelde verandering in de belangrijkste hersennetwerken, is de 
specifieke disfunctie van hersengebieden uniek gerelateerd aan cognitieve 
processen die mogelijk specifiek betrokken zijn bij verschillende symptomen. In 
het bijzonder hebben eerdere onderzoeken een veranderde aandacht voor 
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negatieve / bedreigende stimuli aangetoond die verband houden met disfunctie 
van de amygdala en thalamus, wat voornamelijk het geval is bij bij mensen met 
veel last van angst (Bishop, 2007) . In Hoofdstuk 2 werden zowel verhoogde 
activering van de thalamus als verhoogde connectiviteit tussen de amygdala en 
de thalamus gevonden tijdens het anticiperen op onzekere bedreigingen, wat 
mogelijk ten grondslag liggen aan anticiperende emotionele processen bij 
angst. Bovendien is hyperactivering in de auditieve en taalregio's nauw 
verbonden met een verhoogde perceptie van auditieve gebeurtenissen bij 
auditief-verbale hallucinaties (P. Allen et al., 2008) . In Hoofdstuk 4 werd 
gevonden dat hallucinatiepatiënten verminderde connectiviteit vertoonden in het 
taalnetwerk in de hersentoestand die wordt gekenmerkt door anticorrelatie tussen 
de DMN en de taal. Tenslotte is het verband tussen verstoorde activering in het 
striatum en beloningsverwerking aangetoond als een belangrijk kenmerk van 
apathie (Levy & Dubois, 2006) . In Hoofdstuk 5 werd een 
vergelijkbare verminderde synchronisatie van het beloningsnetwerk gevonden, 
inclusief het striatum en het putamen . Samen leggen deze specifieke 
neurocognitieve componenten beperkingen op aan wat wordt voorspeld. De 
gemeenschappelijke en specifieke hersensystemen werken samen om 
voorspellingen te maken in verschillende domeinen. Uiteindelijk kan verstoring 
binnen en tussen deze twee kernsystemen leiden tot verschillende symptomen, 
waaronder angst, hallucinatie en apathie. 

 

Conclusies 
Dit proefschrift onderzocht veronderstelde gedeelde neurocognitieve 
mechanismen die ten grondslag liggen aan verschillende symptomen, waaronder 
angst, hallucinatie en apathie. Daartoe werden fMRI-onderzoeken met taakstatus 
en rusttoestand uitgevoerd over deze symptomen, met de nadruk op 
voorspellende verwerking. Tijdens anticipatie op onzekere bedreigingen, 
vertoonden individuen met een hoge angst een gedistribueerde verandering in 
hersenactivatie, waaronder de dmPFC en precuneus, en verstoorde connectiviteit 
van de dmPFC-vmPFC en de amygdala-thalamus. Tijdens de interactie tussen 
semantische voorspelling en bottom-up perceptie vertoonden mensen met een 
hoge neiging tot hallucinatie slechtere prestaties tijdens de perceptie, wat 
geassocieerd was met verminderde activering in de dACC en verhoogde 
connectiviteit tussen de dACC en precuneus. In rusttoestand woonden patiënten 
met hallucinaties minder in de hersentoestand van anti-gecorreleerde DMN- en 
taalnetwerken, wat kan bijdragen aan sterkere priors en gebrekkig error-based 
leren tijdens voorspelling. Tijdens de anticipatie op affectieve gebeurtenissen, 
vertoonden patiënten met een hoge mate van apathie verminderde koppeling van 
het beloningsnetwerk tijdens spontane toekomstige toekomstdenken en 
verhoogde koppeling tussen de FPN en DMN tijdens affectieve prognoses, wat 



	

Nederlandse Samenvatting 188 

parallel liep met tekortkomingen bij het uitvoeren van levendige 
prognoses. Kortom, door het uitvoeren van trans-symptoom fMRI studies gericht 
op voorspellende verwerking en systemen in de hersenen, een hypothese van een 
gemeenschappelijk neurocognitieve mechanisme over angst, hallucinaties en 
apathie, werd de volgende: voorspellende hersenen model voorgesteld 
(zie FIGUUR 1 ). Kernhersenen netwerken, inclusief de SN, FPN en DMN en 
perifere regio's die betrokken zijn bij specifieke cognitieve elementen, liggen ten 
grondslag aan de gemeenschappelijke voorspelling van onzekere bedreiging s in 
angst, auditieve stimuli in hallucinatie s en motiverende rijden in apathie. Dit 
model is consistent met meta-analytische bevindingen uit rusttoestandstudies en 
het drievoudige netwerkmodel dat zich richt op verstoorde salentie bij 
psychiatrische stoornissen. Uiteindelijk kan een beter begrip van de organisatie 
van het hersennetwerk tijdens voorspellende verwerking van onderliggende 
symptomen bij psychiatrische stoornissen de ontwikkeling van effectievere 
diagnostische en behandelstrategieën helpen. 
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