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Introduction and Background 

 

1.1. Context, knowledge gap, and motivation 

The human brain is one of the most complex systems in the known universe. Although 

this organ accounts for only two percent of body weight, it receives about 10 percent of 

cardiac output and consumes 20 percent of the total oxygen supply (Gusnard et al., 2001). The 

brain controls cognition, emotion, and sensorimotor domains, to name a few. On the other 

hand, it is a vulnerable system that can potentially be targeted by several pathological 

conditions that differ in terms of causes, phenotypic expression, and outcome (Fornito and 

Bullmore, 2015).  

Magnetic resonance imaging (MRI) is a noninvasive imaging technique that has greatly 

improved our understanding of brain structure and function. MRI is based on the phenomenon 

of nuclear magnetic resonance and allows us to obtain images of biological tissue with a high 

spatial resolution, capturing the physical and chemical properties of molecules (Brown et al., 

2014). The popular use of MRI in both clinical and experimental settings is due to a number 

of methodological factors, including the high contrast sensitivity of soft tissue, the non-

radioactive nature of in-vivo examination, and the relatively rapid data acquisition (Mulert 

and Shenton, 2014). Over the last two decades or so, MRI has emerged as an important tool 

for studying the neuroanatomy of psychiatric disorders in independent cohorts worldwide. In 

particular, the development of MRI-based analysis techniques with statistical parametric 

mapping (Friston et al., 1994a), such as voxel-based morphometry (VBM) (Ashburner and 

Friston, 2000, 2001), has allowed scientists to assess the presence of focal gray and white 

matter abnormalities in the clinical group of interest compared to the normative population. 

Overall, there is a substantial body of VBM literature supporting the notion that the 

neuroanatomical substrate is altered in individuals with psychiatric conditions (e.g., Birur et 

al., 2017; Bruin et al., 2020; Davies et al., 2020; Ecker et al., 2015; Madonna et al., 2019; 

Pereira-Sanchez and Castellanos, 2021; Qiu and Li, 2018; Siehl et al., 2020; Van den Eynde 

et al., 2012). However, the reproducibility of these results is far from satisfactory. As a result, 

there is a limited translational impact of MRI findings into clinical practice, and validation of 

brain-based biomarkers remains an open challenge (Kraguljac et al., 2021; Uddin et al., 2017; 

Zhuo et al., 2019). A plethora of factors play a role in this knowledge gap. A major issue is 

that neuroimaging experiments, including VBM, have low statistical power due to a limited 
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sample size (Samartsidis et al., 2017). Other confounding factors can be attributed to the 

impact of methodological choices, including image acquisition procedures (e.g., MRI scanner 

session and sequences, field strengths) (Tardif et al., 2009, 2010), statistical thresholding 

approaches (Bennett et al., 2009), preprocessing software packages (Diaz-de-Grenu et al., 

2014), and pipelines (Zhou et al., 2022). Moreover, the heterogeneity of patients in terms of 

duration of illness (Meisenzahl et al., 2008a), type of symptomatology (McAlonan et al., 

2008), medication status (Chang et al., 2021), neurodevelopmental stage (Ecker et al., 2015), 

and medical comorbidities (Niedtfeld et al., 2013), makes it challenging to detect a sound 

neuronal signature for the clinical population of interest. Therefore, rigorous statistical tools 

are needed to systematically evaluate the findings of previous research on psychiatric 

disorders.    

The term meta-analysis, coined by Gene V. Glass (1976), refers to a set of quantitative 

and data-driven techniques capable of integrating the analytical results of independent 

investigations on the same topic. The meta-analytic approach is widely used in psychological 

and biomedical research because it generally ensures high statistical power and reliability 

(O'Rourke, 2007). In recent years, the so-called coordinate-based meta-analysis (CBMA) has 

become a valuable tool in the field of brain mapping; its continuous development is justified 

by the vast but often conflicting body of neuroimaging literature. CBMA aims to identify 

brain areas of consistent alteration or activation across selected structural or functional 

neuroimaging experiments. For this purpose, it operates on the list of x-y-z foci, namely the 

three-dimensional spatial coordinates corresponding to the local maximum of brain cluster 

effects reported by the considered experiments (Manuello et al., 2022). This approach is not 

only beneficial from a computational perspective but also allows for the reconstruction of 

original data (i.e., maps with whole-brain image statistics) that are rarely shared by 

researchers in their published articles (Müller et al., 2018). At the same time, it should be 

noted that CBMA tools differ from canonical meta-analytic tools. 

Consequently, the unique environment of CBMA requires the development of methods 

capable of addressing the many challenges of brain research. With respect to the clinical 

population, there is a growing consensus that meta-level investigation of the neural substrate 

of mental disorders can play an important role in improving diagnosis, prediction, and 

outcomes (Crossley et al., 2016; Liu et al., 2022; Vanasse et al., 2021). This viewpoint is 

particularly relevant for neuropsychiatric pathology. For example, the National Institute of 



 4 

Mental Health (NIMH) Research Domain Criteria (RDoC) project seeks to introduce a novel 

classification system for psychiatric nosology and diagnosis in which neurobiological 

measures integrate behavioral signs and symptoms (Cuthbert, 2015; Insel, 2014). On the other 

hand, a number of researchers question the use of current MRI-based approaches as necessary 

tools to establish the neural pathophysiology of mental illness because of their limited 

predictive power (Henson, 2006; Poldrack, 2006), which does not allow for inferences about 

the disorder-specific neuroanatomical pattern of the illness under study (Cauda et al., 2020b; 

Sprooten et al., 2017; Zhuo et al., 2021).  

The main goal of this dissertation is to design, develop, and apply CBMA tools to study 

the neuroanatomical landscape of some major psychiatric and neurodevelopmental disorders. 

More specifically, the present work is an attempt to recharacterize more than 20 years of peer-

reviewed VBM literature in the psychiatric context from a meta-analytic perspective. Based 

on the idea that the development of the CBMA framework would improve our ability to 

identify core features of the psychiatric brain, this work aims to overcome some drawbacks of 

clinical neuroimaging in general, and the CBMA environment in particular, by: 

• Reviewing the current VBM literature on schizophrenia, attention-

deficit/hyperactivity disorder, and autism spectrum disorder. In this way, the 

merits and limitations of such a popular structural MRI technique for the study of 

these disabling conditions will be evaluated.  

• Using best practice protocols and current state-of-the-art methods in the field of 

CBMA to establish robust neuroanatomical signatures of the disorders of interest.  

• Evaluating the consistency of results between available CBMA methods. Thus, 

examining the potential impact of key clinical, methodological, and socio-

demographic variables on single study outcomes.  

• Developing and applying a CBMA framework that enables meta-connectomics, 

the network analysis of published VBM data. 

• Developing and applying a CBMA framework that enables reverse inference 

reasoning from neuroimaging data. Such inference may be useful to determine the 

selective neuroanatomical alteration profile of a particular brain disorder. 
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1.2. Thesis roadmap 

This thesis gradually incorporates a selection of peer-reviewed articles that I co-

authored during the Ph.D. program in Psychological, Anthropological and Educational 

Sciences (SPAE) at the University of Turin and Koelliker Hospital. These efforts are both 

methodological and applied in nature. The first part of the dissertation presents two articles 

using state-of-the-art CBMA methods that provide a foundation for the following chapters. 

The second part focuses on the development of innovative CBMA-related tools based on 

Bayesian statistics and their use in the context of autism spectrum disorder research. A 

graphical overview of the flow chart of the thesis is given in Fig. 1.1. 

 

 

Figure 1.1. Flow chart of thesis chapters. 
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In the following pages of this Chapter, the role of the voxel-based morphometry 

technique in understanding the neuroanatomical substrate of major psychiatric disorders is 

reviewed. As will become apparent, findings in this area of research are largely inconsistent. 

A discussion of the most likely explanations for these inconsistencies is provided. Thereafter, 

existing methods for neuroimaging meta-analysis are briefly introduced. Chapter 1 ends with 

a description of promising directions in the study of the neuroanatomy of psychiatric 

disorders, particularly with regard to the use of meta-connectomics and reverse inference 

approaches in neuroimaging.  

Chapter 2 introduces the CBMA technique called activation likelihood estimation 

(ALE), its principles and methodology. The application of ALE to the study of subsequent 

stages of schizophrenia disorder is presented. Moreover, other corollary neuroimaging 

CBMA-related techniques are described and applied. The results are discussed in the context 

of current and conflicting pathophysiological models of the disorder. Chapter 3 evaluates the 

results in terms of spatial convergence between ALE and another CBMA approach called 

signed differential mapping-permutation of subject images (SDM-PSI). Here, the current 

VBM literature on dyslexia and attention-deficit/hyperactivity disorder is considered. A 

discussion highlighting the strengths and weaknesses of these two approaches is also 

provided. 

Chapter 4 and Chapter 5 are devoted to the study of the complex neuronal substrate of 

autism spectrum disorder. In both Chapters, special attention is paid to some open questions 

in autism neuroimaging research and to introduce novel CBMA-based tools based on 

Bayesian statistics that may overcome them. Specifically, the former presents a meta-

connectomics method that aims to identify the largely unclear neuroanatomical co-alteration 

network that underlies the disorder and characterize it from a graph-theoretic perspective. The 

latter proposes instead a posterior probability analysis on a massive VBM dataset enriched 

with published findings on 132 different clinical conditions to identify the selective gray 

matter profile in ASD. Limitations of the method and possible future clinical applications are 

discussed. 

Chapter 6 concludes by summarizing the main contributions of the selected articles and 

by reflecting on the long-term challenges of the CBMA approach in the psychiatric context. 
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1.3. VBM and brain disorders: still an open issue 

MRI has evolved extensively over the past three decades, offering an unprecedented 

array of digital techniques for the study of the human brain. VBM is probably the most 

popular technique of structural MRI analysis in the experimental field, with more than 6,000 

peer-reviewed studies published to date (Zhou et al., 2022). The main goal of VBM is to 

detect voxel-wise focal differences in brain gray and white matter composition (i.e., tissue 

concentration or regional volume) by means of a between-group comparison (Ashburner and 

Friston, 2000); VBM has gained popularity in the human brain mapping community because 

it has several advantages over previous manual region-of-interest delineation techniques, 

including the hypothesis-free, whole-brain, and data-driven nature of the investigation 

accompanied by high spatial accuracy, even for complex or deep brain structures (Ashburner 

and Friston, 2001; Ridgway et al., 2008). 

Standard VBM analysis is based on the frequentist approach to inference (Costa et al., 

2021). It uses parametric statistics such as the two-sample t-test, thus brains of the subjects 

must be sampled from a normally distributed population. VBM takes advantage of T1-

weighted MRI scans that detect signals based on the T1 relaxation time of the different body 

tissues (Scarpazza and De Simone, 2016). Net of differences among publicly available 

software packages (e.g., SPM-VBM, Statistical Parametric Mapping; FSL-VBM, FMRIB 

Software Library voxel-based morphometry), VBM preprocessing consists of three basic 

steps. For a detailed technical description see also Mechelli et al. (2005) and Whitwell (2009).  

First, T1-weighted brain data of the subjects are normalized in a common stereotactic 

space (i.e., customized templates, Talairach - TAL (Talairach and Tournoux, 1988) or 

Montreal Neurological Institute - MNI (Evans et al., 1993)). This step is necessary to correct 

for inhomogeneities or differences in brain size between subjects. Second, the normalized 

images are segmented into three different tissue components (i.e., gray matter, white matter, 

and cerebrospinal fluid) using Bayesian cluster analyses that assess the different signal 

intensities of each voxel (Watkins et al., 2001). It is important to note that at this level of 

preprocessing, the researcher may decide to modulate the data to compensate for volumetric 

differences created during the normalization step. In this case, it is possible to measure the 

absolute volume of both gray matter and white matter. In contrast, non-modulation of the data 

allows the evaluation of the relative concentration of gray matter or white matter (Kurth et al., 

2015). The third and final preprocessing step is the application of an isotropic Gaussian 
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smoothing kernel to the images to ensure the normal distribution of the data and thus increase 

the validity of subsequent parametric tests (Mechelli et al., 2005). The smoothing process is 

also useful to compensate for the spatial normalization variability across analyzed brains 

(Salmond et al., 2002).  

After these steps, the voxel-wise statistical analysis between the experimental group and 

the control group is performed. Here, parametric statistics using the Gaussian random field 

(GRF) or general linear model (GLM) are often used to identify potential differences in 

gray/white matter volume or concentration between groups (Whitwell, 2009). Importantly, 

although VBM performs an operator-independent and largely automated analysis, each 

preprocessing step adds sources of variability that can lead to Type I errors. Another potential 

source of false positives comes from multiple testing of parametric statistics performed over 

100,000 voxels (Scarpazza et al., 2015). Therefore, results are usually corrected for multiple 

comparisons, including corrections for false discovery rate (FDR) (Genovese et al., 2002) and 

family-wise error (FWE) (Friston et al., 1994b).  

The output is a statistical parametric map (Friston et al., 1994a), a three-dimensional 

image of t-statistics, which reveals voxel-wise clusters of the brain where the null hypothesis 

is rejected. Specifically, VBM can be used to detect two types of focal effects or changes in 

the brain: the so-called morphometric reduction/atrophy (or decrease in gray/white matter; 

experimental group < control group) (Nani et al., 2021) and increment (or increase in 

gray/white matter; experimental group > control group) (Mancuso et al., 2020), respectively. 

A number of pathophysiological mechanisms have been proposed that may underlie the 

changes detected with VBM, such as deficits in synaptogenesis (Sarrazin et al., 2019), 

neuronal or glial genesis (Eriksson et al., 1998; Rocha et al., 1998), dendritic spine stability or 

density (Buoli et al., 2017; Grutzendler et al., 2002), and neurovasculature (Reiss et al., 2004; 

Zatorre et al., 2012). However, this highly relevant topic continues to be under investigation 

(Naegel et al., 2017), especially in the context of mental and neurological disorders (Mancuso 

et al., 2020). 

Since its initial application in 1995 (Wright et al., 1995), VBM has been used in many 

different areas of research, from biological sex differences (e.g., Good et al., 2001a), learning 

and practice (e.g., Maguire et al., 2000), structural plasticity (e.g., Zou et al., 2012) to healthy 

aging (e.g., Good et al., 2001b) and forensic sciences (e.g., Puri et al., 2008).  In particular, 

the study of brain disorders has benefited tremendously from the advent of this technique. An 
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impressive number of studies have investigated the presence of neuroanatomical patterns of 

decrease in neurological disorders compared to healthy controls. For this group of conditions, 

other VBM-oriented work has also examined distinct and common focal degenerations 

between two or more clinical phenotypes, as well as assessed the neural substrate that 

underlies the transition from subclinical or mild to the full-blown manifestation of the disease 

(Scarpazza and De Simone, 2016).  

Alzheimer’s disease is a paradigmatic case. A substantial body of studies has found that 

a set of temporoparietal areas typically show a volume and concentration decrease in this 

common form of dementia, including the medial temporal lobe, entorhinal cortex, 

hippocampus, posterior cingulate cortex, and thalamus (Li et al., 2012; Manuello et al., 2018). 

In order to better define the neuroanatomical aberrations underlying clinical stage or 

differential symptomatology, part of this literature has also compared Alzheimer’s disease 

with mild cognitive impairment (Ribeiro and Busatto, 2016), frontotemporal lobar 

degeneration (Rabinovici et al., 2007), dementia with Lewy bodies (Colloby et al., 2014), or 

hippocampal sclerosis (Woodworth et al., 2020), to name a few. However, a similar use of the 

VBM approach can be also found in other neurological and neurodegenerative disorders, such 

as Parkinson’s disease and atypical parkinsonian syndromes (Saeed et al., 2020), epilepsy 

(Yasuda et al., 2010), chronic pain conditions (Kang et al., 2010), multiple sclerosis (Barbi et 

al., 2022), and amyotrophic lateral sclerosis (Grolez et al., 2016). 

VBM is considered one of the most influential neuroimaging tools that have challenged 

the historically dominant perspective of psychiatric disorders as functional impairments with 

no demonstrable abnormal organic substrate (Beer, 1996; Berrios and Beer, 1994; Crossley et 

al., 2018; Kendler, 2012; Reynolds, 2018). In fact, starting from the seminal work of Wright 

et al. (1995), VBM has been employed extensively to examine the neuroanatomical landscape 

of psychiatric disorders, a clinically heterogeneous group of disabling conditions 

characterized by apparent impairments in behavior, cognition, and emotion domains due to 

biopsychosocial dysfunction of mental operation (American Psychiatric Association, 2013). 

Schizophrenia (SZ), attention-deficit/hyperactivity disorder (ADHD), and autism spectrum 

disorder (ASD) are three major neurodevelopmental and psychiatric disorders that have 

increased in prevalence in recent decades (Chiarotti and Venerosi, 2020; Chung et al., 2019; 

Wu et al., 2018) and impose a significant economic burden on society, both directly and 

indirectly (Christensen et al., 2020; Trautmann et al., 2016). Because of their unclear etiology, 
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complex symptomatology and neurodevelopmental trajectories, they are considered 

prototypical disorders in the human brain mapping community. 

At the time of writing, VBM research on SZ counts more than 90 peer-reviewed studies 

(see Chapter 2 for a systematic review and description) indicating consistent focal gray and 

white matter reductions in widespread neuronal networks compared to healthy controls, 

encompassing a range of high-level, sensorimotor, cerebellar, and limbic territories (Birur et 

al., 2017; Isobe et al., 2016; Shepherd et al., 2012). On the other hand, a small subset of this 

literature has also found increases in gray matter volume and concentration (Bassitt et al., 

2007; Giuliani et al., 2005; Henze et al., 2011; Horacek et al., 2012; Oertel-Knöchel et al., 

2012; Poeppl et al., 2014; Sheng et al., 2013; Wagshal et al., 2015) that are likely due to 

medication usage (Mancuso et al., 2020). Available etiological models of SZ hypothesize that 

both neurodevelopmental and progressive pathogenic factors play a role in the etiology of the 

disorder (Altamura et al., 2014; Anderson et al., 2014), with specific epicenters of brain 

damage occurring at the preclinical stage and atrophy accelerating at the chronic stage (Buoli 

et al., 2017; Nenadić et al., 2017). However, there is limited direct, and conflicting, evidence 

for this from VBM and other neuroimaging techniques adopting a longitudinal or a cross-

sectional stage-based design (Asami et al., 2012; Chang et al., 2016; Lei et al., 2015; Nenadic 

et al., 2015; Schaufelberger et al., 2011; Torres et al., 2016; Zhao et al., 2018). 

Abnormalities in neuroanatomy have been repeatedly observed in different cohorts of 

individuals with ADHD (Castellanos, 2002; Pereira-Sanchez and Castellanos, 2021). A 

number of VBM studies reveal consistent patterns of gray matter decrease in early childhood 

and adolescence, particularly in the basal ganglia, orbitofrontal area, and cingulate cortex (He 

et al., 2015; Johnston et al., 2014; Kumar et al., 2017; Overmeyer et al., 2001); hence in nodes 

considered to be forming part of the functionally defined salience (Seeley et al., 2007) and 

default-mode (Raichle et al., 2001) networks. On the other hand, no changes (Saad et al., 

2017; Villemonteix et al., 2015a) or atypical increases in gray matter (Brieber et al., 2007; 

Iannaccone et al., 2015; Kappel et al., 2015; Sutcubasi Kaya et al., 2018) were also observed 

in ADHD subjects compared with age-matched controls. VBM, which focuses on ADHD in 

adulthood, is an area of research that has received less attention (Moreno-Alcázar et al., 

2016). Here, results are inconclusive and often do not show significant structural changes 

(Amico et al., 2011; Onnink et al., 2014; Seidman et al., 2011). For a more detailed 

discussion, see Chapter 3. Overall, the trend of results from the VBM literature suggests a 



 11 

lack of reliable neuroanatomical effects in ADHD, possibly due to age and other clinical and 

socio-demographic variables. 

Starting with the pioneering work of Abell et al. (1999), VBM has produced more than 

50 peer-reviewed studies on ASD (details in Chapter 4 and Chapter 5). The broad spectrum of 

clinical manifestations of this cluster of neurodevelopmental conditions has its counterpart in 

the heterogeneous neuroanatomic signature. Several studies comparing pediatric individuals 

with ASD to age-matched neurotypical control subjects show a significant increase in gray 

matter in prefrontal, temporoparietal, limbic, and occipital areas in the disorder (Cheng et al., 

2011; Foster et al., 2015; Mengotti et al., 2011; Pappaianni et al., 2018; Salmond et al., 2005; 

Waiter et al., 2004; Wang et al., 2016a). However, a closer examination reveals results 

without significant (Albajara Sáenz et al., 2020; Groen et al., 2011; Poustka et al., 2012) or 

opposite effects at the level of the cerebellum, precuneus, frontal lobe, fusiform gyrus, 

cingulate, and occipital cortices (Bryńska et al., 2021; Cai et al., 2018; McAlonan et al., 2005; 

Ni et al., 2018; Yang et al., 2018). Other studies shed light on the relationship between 

neuroanatomy and the autistic phenotype in adulthood. Also for this developmental stage, 

VBM has noticed mixed patterns of gray matter decreases and increases in a variety of 

associative, perceptual, and cerebellar areas (Ecker et al., 2012; Lai et al., 2015; McAlonan et 

al., 2002; Mueller et al., 2013; Sato et al., 2017; Toal et al., 2010). Despite the neuroimaging 

literature on ASD has largely relied on analysis of high-functioning and male individuals 

(Müller, 2014), some studies have also explored the relationship between focal variations 

detected with VBM and biological sex (Beacher et al., 2012; Lai et al., 2013; Retico et al., 

2016) or symptom severity (Contarino et al., 2016; Riva et al., 2013; Riva et al., 2011), for 

example using multiple regression analysis with standardized assessment scores (Eilam-Stock 

et al., 2016; Rojas et al., 2006). In summary, VBM research on ASD has produced an 

extensive body of evidence; nevertheless, inconsistencies and unanswered questions remain. 

Methodological and conceptual improvements are sorely needed to unravel the close 

relationship between the neuroanatomical substrate and the disordered behavioral 

manifestations in ASD.    

 

1.4. The need for a CBMA approach 

Taken together, VBM-based findings on neuroanatomy in SZ, ADHD, ASD, and other 

brain disorders suggest widespread but frequently inconsistent patterns of gray matter 
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impairment across the lifespan. This complex background inevitably affects the 

implementation of VBM insights into daily clinical practice. In other words, existing primary 

neuroimaging findings have no relevant applications for early disease detection, diagnostic 

assessment, and treatment outcome evaluation in single individuals with mental illness (First 

et al., 2018; Scarpazza et al., 2020; Uddin et al., 2017; Woo et al., 2017). There are many 

reasons that at least partially explain this translational gap. The small sample size of single 

studies in brain research (i.e., median sample sizes of 14.5 and 47-50 subjects in clinical fMRI 

and VBM studies, respectively (Fusar-Poli et al., 2015; Szucs and Ioannidis, 2020)) has 

historically been considered a critical source of low statistical power, reducing the likelihood 

of detecting true effects (Button et al., 2013; Carp, 2012; Samartsidis et al., 2017) and 

inflating the number of false positive outcomes (Fusar-Poli et al., 2015; Lorca-Puls et al., 

2018; Szucs and Ioannidis, 2020). Over the past 15 years, however, the substantial increase in 

sample size in neuroimaging investigations has mitigated this issue (Woo et al., 2017). The 

analysis of thousands of clinical subjects per study has become feasible thanks to the 

development of multi-site large-scale MRI data sharing initiatives, such as SchizConnect 

(Wang et al., 2016b), Autism Brain Imaging Data Exchange (ABIDE) (Di Martino et al., 

2014), ADHD-200 Consortium (2012), Alzheimer’s Disease Neuroimaging Initiative (ADNI) 

(Weiner et al., 2017), international Study to Predict Optimized Treatment for Depression 

(iSPOT-D) (Williams et al., 2011), Parkinson’s Progression Markers Initiative (PPMI) 

(Marek et al., 2011), Pain and Interoception Imaging Network (PAIN) (Labus et al., 2016), 

and Enhancing NeuroImaging Genetics through Meta-Analysis (ENIGMA) Consortium 

(Thompson et al., 2014). 

In recent years, a number of authors have pointed out other causes of poor 

reproducibility in the VBM environment that are attributable to methodological factors. In 

particular, it has been adequately demonstrated that the use of different available processing 

pipelines, statistical thresholding strategies, and software packages for the same dataset 

impact profoundly on scientific results, both in terms of spatially distributed overlap and 

between-pipeline/algorithm reliability (Cheng et al., 2011; Contarino et al., 2016; Li et al., 

2020; Popescu et al., 2016; Rajagopalan and Pioro, 2015; Rajagopalan et al., 2014; Scott-

Wittenborn et al., 2017; Senjem et al., 2005; Yankowitz et al., 2021; Zhou et al., 2022). In 

addition, clinical and socio-demographic characteristics are known to influence VBM results 

when focusing on pathological populations. This is exactly the case of the biological sex 
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recruitment (i.e., sex-stratified vs. sex-mixed analysis), type of symptomatology, medication 

status of clinical subjects (i.e., drug naïve vs. treated vs. mixed), duration of illness (i.e., 

recent diagnosis vs. chronic stage vs. mixed stage), presence/absence of medical 

comorbidities, and developmental stage of the clinical group (i.e., age-stratified vs. age-mixed 

analysis) (Anagnostou and Taylor, 2011; Davies et al., 2020; Evans et al., 2014; Gupta et al., 

2014; John et al., 2015; Kappel et al., 2015; Kraguljac et al., 2021; Lai et al., 2013; Linke et 

al., 2017; Meisenzahl et al., 2008a; Villemonteix et al., 2015b; Wang et al., 2022; Wilson et 

al., 2009). 

Against this background, the meta-analytic approach provides a powerful assessment 

that can combine available VBM data in a quantitative and spatially unbiased manner. In the 

field of human brain mapping, there are two main categories for meta-analysis of published 

results, namely image-based meta-analysis (IBMA) and coordinate-based meta-analysis 

(CBMA). Collectively, these methods are considered voxel-based analyses and thus are 

capable of performing a statistical calculation for each brain voxel; however, they differ in 

terms of spatial accuracy (Radua and Mataix-Cols, 2012a). Whereas IBMA uses the statistical 

parametric maps of the original studies to perform the quantitative synthesis (Lazar et al., 

2002), CBMA analyzes the three-dimensional spatial coordinates (also called stereotactic 

coordinates or x-y-z foci) corresponding to the local maximum of brain cluster effects 

reported in the original study (Wager et al., 2007). By definition, ICBMA methods operate at 

a more precise level of information than CBMA and should therefore be preferred (Salimi-

Khorshidi et al., 2009). However, their use is severely hampered by the fact that authors 

rarely provide the voxel-wise whole-brain statistical maps in their articles and no effective 

system for published data sharing exists. On the other hand, stereotactic coordinates of 

interest can usually be retrieved from peer-reviewed articles indexed in scientific resources 

and databases (Manuello et al., 2022; Müller et al., 2018; Salimi-Khorshidi et al., 2009; 

Samartsidis et al., 2017).  

In light of this, CBMA has become the most employed meta-analytic approach in the 

field of neuroimaging (Müller et al., 2018), including for the study of the neuroanatomical 

alteration substrate in psychiatric disorders (Tahmasian et al., 2019). Over the past two 

decades, several CBMA-based techniques have been developed, including activation 

likelihood estimation (ALE) (Turkeltaub et al., 2002), analysis of brain coordinates (ABC) 

(Tench et al., 2022), clustering the brain (CluB) (Berlingeri et al., 2019), gaussian-process 
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regression (GPR) (Salimi-Khorshidi et al., 2011), multilevel kernel density analysis (MKDA) 

(Wager et al., 2007), parametric voxel-based meta-analysis (PVM) (Costafreda et al., 2009), 

and signed differential mapping (SDM) (Albajes-Eizagirre et al., 2019; Radua and Mataix-

Cols, 2009; Radua et al., 2012).  

As evidenced by the more than 1,250 publications in scientific peer-reviewed journals 

(see http://brainmap.org/pubs/ for the complete list), ALE is the most widely used CBMA 

technique in the world (Acar et al., 2018; Tahmasian et al., 2019) and the one that provides us 

a more precise spatial similarity to the IBMA results (Salimi-Khorshidi et al., 2009). 

Although ALE was originally conceived to summarize task-based findings from positron 

emission tomography (PET) and functional MRI studies, it has been successfully applied in 

VBM and clinical contexts (Vanasse et al., 2018). Statistical details of the ALE algorithm and 

a methodological comparison of ALE with other CBMA approaches can be found in the 

following Chapters. Briefly, the main objective of this technique is to evaluate “if” and 

“where” the spatial convergence of activation/alteration effects reported in the studies 

examined is greater than chance.  To achieve this goal, a likelihood map is constructed around 

the foci of activation/alteration for each study. It must be specified that these maps, called 

modeled activation/alteration (MA) (Laird et al., 2005a), are based on a three-dimensional 

Gaussian density distribution of (effect) likelihood with kernel variance inversely proportional 

to the study sample size:  a larger sample size corresponds to a smaller kernel and vice versa 

(Eickhoff et al., 2009). Finally, computing the probability of a union, MA maps are merged 

into the final ALE map, which should be corrected for multiple comparisons, possibly with 

the family-wise error (FWE) rate and cluster-level inference (Eickhoff et al., 2016). Another 

feature of this technique is the statistical determination of common and divergent spatial 

patterns between two or more different ALE maps using a subtraction algorithm (Eickhoff et 

al., 2011). 

The use of ALE has recently gained popularity thanks to the development of 

GingerALE (https://brainmap.org/ale/), a user-friendly and free software package for 

implementing the ALE algorithms (Eickhoff et al., 2012). In parallel with the continuous 

improvements and updates of the ALE environment (Eickhoff et al., 2012; Eickhoff et al., 

2011; Eickhoff et al., 2017; Eickhoff et al., 2009; Eickhoff et al., 2016; Frahm et al., 2022; 

Turkeltaub et al., 2012; Vanasse et al., 2018), the BrainMap project has made available an 

electronic coordinate-based archive containing peer-reviewed English-language experiments 

http://brainmap.org/pubs/
https://brainmap.org/ale/
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on functional and structural neuroimaging: the BrainMap database (Fox et al., 2005; Fox and 

Lancaster, 2002). Although BrainMap contains only a subset of the literature under 

consideration in this field (Derrfuss and Mar, 2009; Laird et al., 2008; Samartsidis et al., 

2020) (at the time of writing, 4,362 VBM experiments, 115,023 subjects, and 29,016 x-y-z 

foci), it allows us to build search queries according to a standardized taxonomy scheme and 

extract meta-data of interest in an automated manner, including foci in stereotactic space that 

are adopted for subsequent ALE analysis (Laird et al., 2005b). Overall, using the BrainMap 

database whenever possible is a valuable choice because it overcomes the disadvantages of 

user-based search and selection, which by definition are time-consuming and error-prone 

(Manuello et al., 2022). 

There are five key steps required to perform a CBMA correctly. See Fig. 1.2. for a 

graphical overview. First, a systematic literature search in scientific databases and resources 

(e.g., BrainMap, PubMed, Web of Science, Scopus, Google Scholar, etc.) should be 

conducted based on a clearly defined research question and a combination of appropriate 

keyword queries. The correct and transparent execution of this step is crucial in order to have 

high sensitivity with respect to the research question or to ensure the reproducibility of the 

search process. In this context, best practices, checklists, and reporting guidelines have 

recently been proposed. Detailed reports can be found in Manuello et al. (2022), Müller et al. 

(2018), Page et al. (2021), and in Tahmasian et al. (2019).  

Second, the literature identified should be systematically assessed. Records that are not 

primary research articles (e.g., reviews, letters to the editor, commentaries, etc.) are usually 

excluded after being evaluated at the title or abstract level. Therefore, the full texts of the 

remaining articles should be checked. Several rules have been proposed to minimize errors at 

this stage. For instance, two authors can make an independent assessment, and any 

discrepancies can be resolved by consulting a third author (Müller et al., 2018). Another key 

rule is to avoid repeated selection of coordinates from the same group of subjects, both within 

an article (e.g., two or more experiments in a single publication) and between different 

articles (e.g., the same group in different publications). Effective control of this problem is 

important because these types of effects are known to influence the results of CBMA (Müller 

et al., 2018; Turkeltaub and Coslett, 2010; Turkeltaub et al., 2012). Although the specific 

inclusion/exclusion criteria are necessarily based on the specific research question, the design 

of CBMA approaches dictates that the x-y-z foci analyzed are from whole-brain imaging 
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studies. A key methodological assumption of CBMA is that each brain voxel has an equal 

chance of being active/altered (Eickhoff et al., 2012; Müller et al., 2018; Radua and Mataix-

Cols, 2012a). Therefore, the meta-analysis of foci derived from region-of-interest (ROI) or 

small volume correction (SVC) studies violates this assumption and may introduce bias for 

specific brain areas (Manuello et al., 2022). 

The third step is to collect and organize the meta-data under consideration. Net of 

differences among the specific CBMA algorithms employed, a file containing the exact x-y-z 

foci and the number of subjects per study is mandatory. In contrast, other characteristics of 

the dataset depend on the technique. For example, to minimize spatial dissimilarity between 

experiments, ALE requires that foci be analyzed in a common stereotactic space (i.e., MNI or 

TAL); therefore, it is strongly recommended to convert the original foci from TAL to MNI 

space or vice versa (Laird et al., 2010; Lancaster et al., 2007). Instead, the SDM technique 

also requires a T-value for each focus (Albajes-Eizagirre et al., 2019). For details, see Chapter 

2 and Chapter 3. Moreover, collecting additional meta-data may be useful to perform 

subanalyses of interest. In the clinical context, this could be the case for clinical and 

demographic variables, such as stage of development, type of symptomatology, male-female 

ratio, and level of functioning. This step also requires a transparent organization to ensure the 

reproducibility of the research and usually consists of reporting meta-data in the form of 

tables and the availability of foci in supplementary materials (Manuello et al., 2022; 

Tahmasian et al., 2019). 

The fourth and fifth steps consist of a meta-analysis of foci and reporting of results, 

respectively. Apart from the analytical differences between the available techniques, CBMA 

requires correction for multiple comparisons in the same way as for between-group studies. 

This is a necessary step because uncorrected findings have good sensitivity but also a high 

false positive rate (Müller et al., 2018). There are several corrections in the field of CBMA, 

but overall it is recommended to find a balance between sensitivity and susceptibility to Type 

I errors. In this context, empirical simulation work (Eickhoff et al., 2016) has shown that 

cluster-level FWE correction is the most appropriate method for statistical inference for the 

ALE environment; in contrast, FDR-based corrections are not recommended. For the SDM 

environment, Albajes-Eizagirre et al. (2019) recently recommended instead the use of 

threshold-free cluster enhancement (TFCE) correction in statistical thresholding because 

FWE-based correction is generally more conservative. After CBMA calculation, statistically 
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significant brain clusters must be labeled based on a standardized anatomical atlas (e.g., 

Talairach Daemon, MNI 152 standard, Harvard/Oxford cortical and subcortical atlases, Julich 

atlases, etc.). Tables should also be created that include important information about the 

identified clusters, including anatomical location, stereotactic coordinates of maximum value, 

cluster size (mm3 or number of voxels), and studies that contribute to the result (Tahmasian et 

al., 2019).  

 

 

Figure 1.2. Pipeline workflow of coordinate-based meta-analysis (CBMA) method. 

Foci, MA maps, and ALE map are shown for illustrative purposes only and are not based on actual data. ALE, 

activation likelihood estimation; MA, modeled activation; MNI, Montreal Neurological Institute space; 

PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-Analyses; ROI, region-of-interest; SVC, 

small volume correction; TAL, Talairach space. 
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1.5. The need for development of the CBMA approach: meta-connectomics 

CBMA has proven to be a powerful and user-friendly tool capable of identifying, in a 

fully automated and replicable manner, reliable neuronal patterns across brain imaging studies 

examined. From a structural and clinical point of view, CBMA findings can be interpreted as 

spatially consistent patterns of neuroanatomical co-alteration in a given brain disorder 

(Manuello et al., 2022; Müller et al., 2018; Vanasse et al., 2018). It is necessary to note, 

however, that this type of secondary-level evidence (Fusar-Poli and Radua, 2018) cannot 

provide information about existing co-alteration patterns at the level of individual studies. As 

Caspers et al. (2014) have elegantly shown, the final meta-analytic pattern of co-alteration 

(e.g., a = brain cluster 1; b = brain cluster 2; c = brain cluster 3; d = brain cluster 4) might 

come from one pool of studies identifying the co-alteration between a, b, c and another pool 

reporting the co-alteration between b, c, d. As a result, no effective co-alteration between a 

and d might exist. Overall, this issue makes challenging the study of the existing mutual 

relationships between two or more brain areas and their topological network organization 

(Fox et al., 2014). However, the collection of such information could be particularly useful in 

better characterizing the human brain, with potentially significant implications for 

understanding brain disorders. 

Coined by Olaf Sporns, Giulio Tononi, and Rofl Kötter (2005), the term connectomics 

refers to the “comprehensive structural description of the network of elements and 

connections forming the human brain” (Sporns et al., 2005) or the so-called connectome. 

Currently, imaging connectomics refers to a range of neuroimaging approaches that aim to 

map the complex architecture of the brain at both the micro (Schröter et al., 2017) and macro 

(Rubinov and Sporns, 2010) levels of resolution. To this end, the brain is conceived as a 

highly interconnected graph consisting of a series of neuronal units (i.e., nodes) and their 

functional, structural, or statistical connections (i.e., edges) (Sporns, 2013). Although the 

“omic” perspective is not new in many areas of biological research (e.g., proteomics, 

genomics, transcriptomics) (Anderson and Anderson, 1998; Lander, 1996; Milward et al., 

2016), it has only been systematically applied to the field of human brain mapping in the last 

15 years. Here, methodological advances in functional and structural MRI sequences, 

combined with the use of graph-theoretic network modeling constructs, have allowed us to 

identify large-scale features of the brain system, including its small-word architecture (Bassett 
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and Bullmore, 2017), functional segregation of information (Jbabdi et al., 2013), and rich-

club hub organization (van den Heuvel and Sporns, 2011), just to name a few. 

The connectome-based approach has also emerged as a valid option for studying whole-

brain architecture in psychiatric disorders and has led to the new corollary field of 

pathoconnectomics (Rubinov and Bullmore, 2013). Pathoconnectomics postulates that 

psychiatric conditions can be viewed as disorders of brain networks by virtue of their 

anatomically distributed alterations in neural systems (Deco and Kringelbach, 2014; Filippi et 

al., 2013; Fornito and Bullmore, 2015; Fornito et al., 2017; Fornito et al., 2015; Lord et al., 

2017). This view is not without foundation; in fact, it is well known that psychiatric disorders 

tend to exhibit both structural and functional impairments in brain connectivity (Greicius, 

2008; Kumar and Cook, 2002; Woodward and Cascio, 2015). However, canonical 

connectivity approaches provide only a partial account of brain alteration complexity because 

of their voxel-wise and localized mapping (Fornito et al., 2015). In contrast, 

pathoconnectomics has the potential to provide a more detailed high-dimensional mapping, 

taking advantage of a wide armamentarium of graph-theoretic metrics for characterizing the 

aberrant topology of neural infrastructure (Fornito and Bullmore, 2015; van den Heuvel and 

Sporns, 2019). 

An important finding from this new area of research is that focal damages are rarely 

confined to isolated neuronal territories but, instead, tend to exhibit a non-random patterning 

of diffusion that resembles the connectivity pathways of the brain (Buckholtz and Meyer-

Lindenberg, 2012; Cauda et al., 2018; Fornito et al., 2015; Iturria-Medina and Evans, 2015; 

Iturria-Medina et al., 2014; Warren et al., 2013; Yates, 2012; Yuan et al., 2017). It should be 

noted that multidisciplinary efforts have suggested several pathophysiological mechanisms 

that may mediate the large-scale distribution of neuronal alterations in various clinical 

conditions and influence the progression of injury and associated clinical course.  

For example, transneuronal or “prion-like” degenerative mechanisms are thought to 

underlie the network-like structural atrophy typical of chronic conditions such as tauopathies, 

synucleinopathies, and amyloidopathies (e.g., Alzheimer’s disease, amyotrophic lateral 

sclerosis, frontotemporal dementia, Lewy body dementia, Parkinson’s disease) (Bourdenx et 

al., 2017; Clavaguera et al., 2013; Goedert et al., 2010) as well as psychiatric disorders such 

as schizophrenia (Korth, 2012). Here, misfolded toxic proteins tend to initially accumulate at 

specific sites in the brain and spread via synaptic pathways or extracellular uptake, leading to 
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progressive neuronal shrinkage or death (Fornito et al., 2015; Raj et al., 2012; Warren et al., 

2013; Zhou et al., 2012). Two other maladaptive mechanisms are also frequently cited in the 

pathoconnectomics literature, namely shared vulnerability and nodal stress. The first 

mechanism relies on evidence that structural deterioration of distributed, but also 

unconnected, brain areas may result from their shared genetic expression vulnerability (Cioli 

et al., 2014; Prieto et al., 2008). This type of mechanism has recently been linked to 

connectome-wide dysconnectivity in patients with neurodevelopmental and psychiatric 

disorders (de Lange et al., 2019; Radonjić et al., 2021; Romme et al., 2017). The latter 

mechanism is based on evidence that brain nodes with heavy network traffic in the form of 

structural connections or functional co-activations (i.e., network hubs) are the most stressed 

from a functional (Buckner et al., 2009) and metabolic (Tomasi et al., 2013) perspective. As a 

result, the hubs of the human connectome are extremely susceptible to structural damage in 

neurological and psychiatric disorders (Cauda et al., 2018; Crossley et al., 2014; Zhou et al., 

2012). 

Overall, the pathoconnectomics construct has been shown to be highly suitable for 

primary neuroimaging MRI-based datasets of various types to capture network-like 

abnormalities in the connectome in individual psychiatric disorders (e.g., Breukelaar et al., 

2021; Cao et al., 2014; Collantoni et al., 2022; Di Martino et al., 2017; Narr and Leaver, 

2015; Perry et al., 2019). In more recent years, it has been shown to be no less appropriate for 

CBMA datasets. The concept of meta-connectomics was introduced by Crossley et al. (2014; 

2016). In their seminal study (Crossley et al., 2014), the authors collected VBM-based foci of 

alteration from 392 studies (26 different brain disorders; 21,376 subjects) and examined them 

via ALE technique and structural connectome-wide analysis. The hub areas of the human 

connectome (i.e., the anterior cingulate cortex, insula, superior temporal gyrus, thalamus, 

dorsolateral prefrontal cortex, caudate, putamen, and superior parietal cortex) were found to 

be structurally damaged in many psychiatric and neurological disorders considered. In 

contrast, areas with non-hub features were generally spared.  

The meta-connectomics approach can be considered conceptually similar to the primary 

large-scale connectomics approach because it takes advantage of voxel-wise neuroimaging 

maps for subsequent detection of nodes (i.e., brain areas) and their edges (i.e., statistical 

relationships or connections). However, whereas in primary connectomics approaches the 

units of analysis are subjects, in a meta-connectomics approach the units of analysis are 
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studies. Therefore, this exciting analytic extension can leverage large existing neuroimaging 

datasets to provide attractive perspectives for a deep understanding of the connectome 

architecture and shed new light on network-level aberrations associated with the psychiatric 

brain (Crossley et al., 2016). At the same time, however, it is necessary to note that innovative 

and sound computational CBMA-based methodologies should be developed to achieve these 

goals. 

In this context, one of the main aims of my Ph.D. project was to develop and apply a 

meta-connectomics method capable of investigating the presence of neuroanatomical co-

alteration networks and their aberrant topology in psychiatric disorders. Statistical details and 

in-depth methodological considerations of this novel approach can be found in Chapter 4. 

Thus, a short overview is given here. 

Called Morphometric Co-alteration Networking analysis (MCN), this CBMA-based 

approach can be defined as a method able to identify the network-like architecture formed by 

focal gray matter co-altered neuronal areas. To this end, it uses ALE-derived findings as 

priors for an unbiased and connectome-wide analysis based on Bayesian statistics. In other 

words, MCN considers spatially consistent neuroanatomical abnormalities (i.e., nodes) and 

their statistical co-occurrence across published VBM studies (i.e., edges) as a network unit. 

This shift also allows the application of a series of graph-theoretic post hoc analyses for a 

topological characterization of the pathological network. Although MCN was originally 

designed to study the neuroanatomical substrate of single brain disorders, my research group 

has recently extended its use to other areas of connectomics research, including functional and 

homotopic connectivity (Bonelli et al., 2022; Cauda et al., 2021; Mancuso et al., 2019), 

transdiagnostic analysis (Cauda et al., 2020; Mancuso et al., 2020), and parcellation of single 

brain structures (Nani et al., 2021). 

Apart from the differences in its current use, the MCN method consists of three main 

steps. The first one concerns the preparation of the dataset and the computation of the ALE 

map, as described in the previous paragraph. It is worth noting that other CBMA or IBMA 

techniques could also be used; however, they must produce a voxel-wise whole-brain map for 

each study and a final meta-analytic map of the effect under investigation. Second, network 

nodes should be generated. For this purpose, the MCN approach uses a peak detection 

algorithm that identifies the local maxima of spatial convergence of the final ALE map and 

superimposes spherical regions-of-interest on them, respectively. This data-driven step is 
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crucial for subsequent analyses because it accounts for focal alterations with very high 

agreement among the selected studies. Finally, the statistical relationship of co-alteration for 

each pair of nodes is assessed using Patel’s 𝜅 index (Patel et al., 2006; Smith et al., 2011). 

Although this empirical Bayesian technique was originally developed for measuring 

functional connectivity patterns of the brain (Patel et al., 2006), its data-driven and 

hypothesis-unconstrained nature also makes it suitable for the meta-analytic and structural 

neuroimaging research areas.  Here, Patel’s 𝜅 index assesses the likelihood that two nodes can 

be structurally co-altered against the likelihood of their independent alteration. After assessing 

the likelihood of co-alteration between each pair of nodes, a general network matrix of 

neuroanatomical co-alteration is constructed. 

From a methodological point of view, an attractive aspect of treating neuroanatomical 

alterations as a biological network is that graph theory provides a wide range of user-

independent and data-driven metrics for identifying the hierarchical position of network 

elements. For example, measures of node centrality are extremely useful in capturing the 

hubness profile of some network units, namely their central position and associated strong 

influence on system communication due to the highest degree of connectivity (Hagmann et 

al., 2008; Rubinov and Sporns, 2010). In particular, degree, closeness, and betweenness are 

three relatively simple but effective measures of node centrality that are employed 

collectively for hub detection in human connectomics research (Sporns et al., 2007; van den 

Heuvel and Sporns, 2013). Statistical details of these metrics can be found in Chapter 4. 

Importantly, network hubs in the pathoconnectomics scenario should be characterized as 

pathological or pathoconnectivity hubs (van den Heuvel and Sporns, 2013, 2019; Worbe, 

2015) because they represent areas that play a critical role in propagating neuronal alteration 

within the network of damage (Fornito et al., 2015; Raj et al., 2012; Zhou et al., 2012). 

 

1.6. The need for development of the CBMA approach: reverse inference 

Various neuroimaging approaches, including CBMA, have undoubtedly driven many 

advances in understanding the neurobiological basis of brain disorders. However, despite 

considerable effort and important achievements, this decades-long field of research has not 

yielded significant insights for clinical practice (Etkin, 2019; First et al., 2018; Henderson et 

al., 2020a; Henderson et al., 2020b; Martinelli and Shergill, 2018). Psychiatric disorders are 

an exemplary case. Although complementary biological tests are usually performed, the 
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diagnosis of this group of mental illness conditions is based solely on the assessment of 

clinical symptoms and signs rather than measurable biomarkers (Iorio-Morin et al., 2022). 

Furthermore, traditional classification systems such as the diagnostic and statistical manual of 

mental disorders (DSM) (American Psychiatric Association, 2013) and the international 

classification of diseases (ICD) (World Health Organization, 1992) define psychiatric 

disorders as distinct and clearly delineated categories (Tyrer, 2018), even though that several 

different phenotypes may co-occur in each disorder (Henderson et al., 2020b).  

In recent years, this notion has been repeatedly challenged by multidisciplinary 

evidence, which demonstrated that the biological substrate of psychiatric disorders might not 

support the current mental illness nosology. Genome-wide association research has revealed a 

common pattern of genetic activity in psychiatric disorders, with a number of pleiotropic 

genes that tend to play prominent roles in their neurodevelopment (Anttila et al., 2018; Bulik-

Sullivan et al., 2015; Cross-Disorder Group of the Psychiatric Genomics Consortium, 2013; 

Doherty and Owen, 2014; Gandal et al., 2018; Lee et al., 2019; Lee et al., 2021; Radonjić et 

al., 2021). From a psychopathological point of view, several authors have proposed a 

hierarchical phenotypic dimensional approach to explain the nature of psychiatric disorders 

because it can overcome many limitations of traditional categorical taxonomies, including the 

inability to account for comorbidities, subthreshold cases, and symptomatic heterogeneity 

(Caspi et al., 2014; Kotov et al., 2017; Lahey et al., 2017; Ruggero et al., 2019; Waszczuk et 

al., 2020).  

CBMA research also plays a central role in this heated debate. Starting from the 

aforementioned work of Crossley et al. (2014) and that of Goodkind et al. (2015), a growing 

body of transdiagnostic CBMAs has identified a shared neuronal abnormal substrate for 

psychiatric and neurological disorders (Cauda et al., 2017; Dugré et al., 2022; McTeague et 

al., 2016; McTeague et al., 2017; McTeague et al., 2020; Opel et al., 2020). For example, two 

articles I co-authored during my Ph.D. program (Cauda et al., 2019b; Liloia et al., 2018) 

analyzed the entire VBM dataset stored in the BrainMap database (i.e., 82 disorders affecting 

the nervous system, 1,827 experiments, 19,325 subjects, and 20,238 x-y-z foci of gray matter 

alteration) using the ALE technique and alteration entropy metric (Shannon, 1948). The main 

objective was to identify the potential presence of neuronal territories that show a high level 

of alteration overlap between disorders. Findings suggest that a wide set of multimodal areas 

are altered in many (if not all) of the disorders under consideration, thus highlighting a high 
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degree of alteration entropy. This is exactly the case of the insular cortex, anterior/posterior 

cingulate cortex, hippocampal-amygdala complex, basal ganglia, temporal cortex, cuneus, 

prefrontal lobe, fusiform gyrus, thalamus, and orbitofrontal cortex (Cauda et al., 2019b). 

Instead, only a circumscribed set of areas tend to show a low degree of alteration entropy, 

encompassing visual, cerebellar, parietal, and sensorimotor areas (Liloia et al., 2018).  

These results, together with those of previous transdiagnostic CBMAs, have raised the 

question of the extent to which neuroimaging results could decipher the disorder-specific 

neuronal substrate and thus effectively contribute to the improvement of current diagnostic 

strategies. In this context, another critical point should be mentioned, namely the type of 

inferences that can be drawn from neuroimaging data. 

Brain mapping analysis methods, including VBM, generally rely on frequentist 

inference such as t-test statistics (Friston et al., 2007; Friston et al., 1994a). This type of 

inferential statistical approach is commonly used in quantitative research to determine 

significant differences between the means of two normally distributed groups by making a 

dichotomous decision about a particular null hypothesis. Specifically, a null hypothesis (e.g., 

no neuroanatomical differences between groups) is rejected at a user-dependent significance 

level or alpha value, which is the probability of rejecting the null hypothesis when it is 

actually true. With this definition in mind, no conclusion can be drawn about the force of 

evidence for the two hypotheses under investigation (Kass and Raftery, 1995) or the exact 

probability distribution of the competing hypothesis (Friston et al., 2002). Therefore, the 

frequentist approach makes it difficult to detect double dissociation or selectivity of the 

effect/phenomenon of interest (Friston et al., 2002). In the clinical VBM context, this means 

that researchers can only detect the presence of a neuroanatomical pattern of variation in the 

disorder under study compared to the control group (i.e., brain voxels in which the null 

hypothesis is rejected), but not “whether” and “to what extent” this pattern is selectively 

abnormal in the disorder under study, or also altered in other disorders (Costa et al., 2021). In 

other words, researchers perform a disease-to-alteration estimation, also known as forward 

inference (Henson, 2006). 

A different kind of inference is required to directly decipher the degree of selectivity of 

an identified neuroanatomical alteration pattern in the disorder under study and, thus make an 

alteration-to-disease estimation (i.e., reverse inference) (Aguirre et al., 2003). As Russel A. 

Poldrack has pointed out in his influential work (Poldrack, 2006), the use of Bayesian 
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statistics, an alternative method of statistical inference used to calculate conditional 

probabilities, can enable us to make reverse inferences in the context of neuroimaging. In 

particular, the author performed a Bayesian analysis of the entire BrainMap fMRI database to 

determine the selective activation of Brodmann’s area 44 (i.e., Broca’s area) for the language 

domain (Poldrack, 2006). Starting from this pioneering research, a number of authors have 

applied the Bayesian reverse inference approach to the field of neuroimaging and discussed 

its strengths and weaknesses (Bourgeois-Gironde, 2010; Calzavarini and Cevolani, 2022; 

Coraci and Cevolani, 2022; Del Pinal and Nathan, 2013; Montagna et al., 2018; Poldrack, 

2008, 2011; Wager et al., 2015; Yarkoni et al., 2011), with a particular emphasis on the 

setting of the prior probability distribution of hypotheses (Hutzler, 2014; Machery, 2014). 

Technical details on this issue in the field of neuroimaging can be found in Chapter 5 and in 

Cauda et al. (2020b). Overall, Bayesian reverse inference has provided important new 

information about the functional architecture of the human brain in normative populations by 

revealing in a quantitative manner the extent to which brain areas are selectively activated by 

a particular mental function or cognitive processes such as memory, emotion, and pain 

(Yarkoni et al., 2011). In contrast, the application of this type of inferential reasoning has 

been systematically neglected in the field of structural and clinical neuroimaging. However, 

its rigorous and user-friendly application could pave the way for groundbreaking research on 

possible disorder-specific brain markers for psychiatric disorders.   

In this context, another main goal of my Ph.D. project was to develop and apply a 

method capable of drawing reverse inferences from clinical VBM data to investigate the 

presence of selective patterns of neuroanatomical alteration in individual brain disorders. 

Statistical details and methodological explanations of this novel approach are provided in 

Chapter 5. A brief overview can be found here. 

Called Bayes fACtor mOdeliNg (BACON), this CBMA-based approach can be defined 

as a method able to identify the degree to which a gray matter pattern identified by the VBM 

technique is selectively altered in the brain disorder of interest (Costa et al., 2021). To this 

end, it uses ALE-derived findings for a data-driven, quantitative, and voxel-wise analysis 

based on Bayesian statistics. Although BACON was originally developed to study the 

selective neuroanatomical substrate of brain disorders, it is possible to extend its application 

to other areas of neuroimaging research, such as task-based fMRI in normative populations. 

BACON consists of two main steps. The first concerns the preparation of two datasets and the 



 26 

computation of two ALE maps, as described in paragraph 1.5. This should be precisely the 

case for the disorder under study (i.e., the IS-DISORDER dataset) and its negation (i.e., the IS 

NOT-DISORDER dataset), which consists of VBM-derived x-y-z foci of gray matter 

alteration related to other real-world brain disorders. It is important to point out that the 

systematic selection of the entire eligible VBM literature on brain disorders is a major 

challenge. Fortunately, there is a way to alleviate this issue by using freely available and 

online neuroimaging databases (Cauda et al., 2020b; Costa et al., 2021; Poldrack, 2006). Once 

again, the BrainMap database is the perfect candidate for this scientific purpose. By means of 

the Sleuth software package (https://www.brainmap.org/sleuth/) and its articulated taxonomy 

scheme, it is possible to retrieve and download x-y-z foci of alteration associated with over 

190 clinical conditions reporting appreciable gray matter changes. The second phase involves 

the estimation of the selectivity map of neuroanatomical alteration. For this purpose, BACON 

takes advantage of Bayesian statistics and, in particular, the Bayes’ Factor (Jeffreys, 1961). 

This Bayesian alternative to classical hypothesis testing provides a powerful approach for 

determining the ratio of the likelihood of one hypothesis of interest to the likelihood of the 

competing hypothesis. Thus, by performing a posterior probability analysis on two ALE maps 

(i.e., one representing the disorder under study and the second one being its negation), 

BACON can quantify the likelihood that brain voxels are altered due to the disorder under 

study and the likelihood that they are altered due to other disorders. 
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Updating and Characterizing Neuroanatomical Markers in High-Risk 

Subjects, Recently Diagnosed and Chronic Patients with Schizophrenia: 

A Revised Coordinate-Based Meta-Analysis1 

 

 

Abstract 

Background: Characterizing neuroanatomical markers of different stages of schizophrenia 

(SZ) to assess pathophysiological models of how the disorder develops is an important target 

for the clinical practice. Methods: We performed a meta-analysis of voxel-based 

morphometry studies of genetic and clinical high-risk subjects (g-/c-HR), recently diagnosed 

(RDSZ) and chronic SZ patients (ChSZ). We quantified gray matter (GM) changes associated 

with these four conditions and compared them with contrast and conjunctional data. We 

performed the behavioral analysis and networks decomposition of alterations to obtain their 

functional characterization. Results: Results reveal a cortical-subcortical, left-to-right 

homotopic progression of GM loss. The right anterior cingulate is the only altered region 

found altered among c-HR, RDSZ and ChSZ. Contrast analyses show left-lateralized insular, 

amygdalar and parahippocampal GM reduction in RDSZ, which appears bilateral in ChSZ. 

Functional decomposition shows involvement of the salience network, with an enlargement of 

the sensorimotor network in RDSZ and the thalamus-basal nuclei network in ChSZ. 

Conclusion: These findings support the current neuroprogressive models of SZ and integrate 

this deterioration with the clinical evolution of the disease. 

 

2.1. Introduction 

Schizophrenia (SZ) is a severe psychiatric disorder with a typical onset in late 

adolescence or early adulthood (Owen et al., 2016). The disability-associated burden of SZ 

was 13.4 million years lived with disability (YLDs) worldwide, equivalent to 1.7% of global 

YLDs in 2016 (Charlson et al., 2018). Considered the heavy burden of SZ, a better 

comprehension of the pathophysiology of this disorder is needed to improve treatments and 

outcomes (Wojtalik et al., 2017). Various current pathophysiological paradigms consider SZ 

 
1 This study was published in Neuroscience & Biobehavioral Reviews in 2021 (Volume 123, 

April 2021, Pages 83-103, doi: 10.1016/j.neubiorev.2021.01.010). Authors: Liloia D., Brasso 

C., Cauda F., Mancuso L., Nani A., Manuello J., Costa T., Duca S., Rocca P.  

https://doi.org/10.1016/j.neubiorev.2021.01.010
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as a neurodevelopmental disease with a progressive peculiar neurodegenerative component 

characterized by reduced dendritic spines density, altered synaptic homeostasis and glial 

dysfunction in the absence of gliosis and neuronal necrosis (Andreasen, 2010; Ashe et al., 

2001; Buoli et al., 2017; Velakoulis et al., 2000). According to this hypothesis, specific 

abnormalities, taking place in precise brain development stages, are associated with SZ onset 

and followed by processes of brain aging acceleration (Buoli et al., 2017; Nenadic et al., 

2017). This type of brain alteration can manifest as a progressive reduction in the gray matter 

(GM) volume of specific neural territories. SZ could be staged from an increased risk of 

developing psychosis, with milder observable neurobiological and clinical expressions, to a 

persistent and unremitting condition with more evident signs of neurodegeneration (Davis et 

al., 2014; McGorry et al., 2006; Ortiz et al., 2017; Wood et al., 2011).  

In-vivo neuroimaging techniques have provided an unprecedented insight into the brain 

alterations underlying neuropsychiatric disorders. Among them, one of the most employed 

approaches is the structural magnetic resonance imaging (sMRI) with voxel-based 

morphometry (VBM) (Isobe et al., 2016). VBM allows the detection of GM focal variations 

(i.e. volume or concentration) between-subject groups comparisons by means of a quantitative 

and voxel-wise analysis (for a detailed explanation of the method see Ashburner and Friston, 

2000). Starting from the seminal work of Wright et al. (1995), widespread morphometric 

reductions have been repeatedly reported in groups of patients with SZ compared to healthy 

controls (HC). Importantly, some abnormalities have been observed both at first presentation 

and in the chronic stage of illness. In this regard, the systematic review of Shepherd et al. 

(2012) suggested that multiple GM degenerations occur regardless of SZ stages, 

encompassing the insulae, frontal gyri (particularly the inferior and medial ones), right 

anterior cingulate and superior temporal cortices. However, the conclusive picture of shared 

brain markers was limited by the heterogeneity quality of voxel-based investigations being 

reviewed (Shepherd et al., 2012). Moreover, some authors detected volumetric loss only in 

isolated cerebral loci (Ferri et al., 2012; Nakamura et al., 2013; Zhang et al., 2015) or even 

clusters of GM increase (Oertel-Knöchel et al., 2012; Sheng et al., 2013; Watson et al., 2012). 

Despite substantial advances in sMRI research on SZ, replicability of results is still far 

from satisfactory (Hager and Keshavan, 2015; John et al., 2015; Kochunov et al., 2019). 

Potential sources of variability in findings may be partially due to differences in the assessed 

clinical population in terms of duration of illness (recently diagnosed or chronic SZ vs. 
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mixed) (Torres et al., 2016), diagnoses included (only SZ vs. SZ spectrum disorders) (Fervaha 

and Remington, 2013; Rink et al., 2016; Velakoulis et al., 2006), medical comorbidities or 

substance abuse (Bora et al., 2017; Koenders et al., 2015), gender distribution (Bora et al., 

2012), medication status (antipsychotic-naïve vs. -treated) (Torres et al., 2013), age  and type 

of symptomatology (Koutsouleris et al., 2014). Other confounding factors could derive from 

methodological choices regarding the type of analysis (whole-brain vs. region of interest - 

ROI or small volume correction -SVC) (McDonald et al., 2008; Voormolen et al., 2010), 

acquisition protocols (Jovicich et al., 2009), preprocessing software packages (Li et al., 

2019a), sample size (small vs. multicenter mega-analyses) (Torres et al., 2016) and statistical 

thresholding procedures (Bennett et al., 2009; Vijayakumari et al., 2015).  

Given these many confounding factors in the between-group comparisons, an objective 

assessment is needed to provide robust findings and summarize the recent growing literature 

about neuroanatomical alterations in SZ. A powerful approach is the quantitative synthesis of 

published neuroimaging results by means of coordinate-based meta-analysis (CBMA). In 

particular, the anatomical likelihood estimation (ALE) represents the most widely employed 

technique in the CBMA field (Tahmasian et al., 2019) and is able to quantify convergent 

morphometric alterations of neuropsychiatric disorders in a fully automated and replicable 

manner (Eickhoff et al., 2012). The ALE provides a rigorous environment to estimate the 

probability of spatial-unbiased distribution maps across experiments, mitigating the laboratory 

and group-level inhomogeneity (Fox et al., 2014).  

This technique and other CBMA approaches have been usefully employed in the last 

two decades, suggesting that distributed cortical, subcortical and cerebellar GM alterations are 

involved in SZ spectrum disorders (Bora et al., 2011; Chan et al., 2011; Ellison-Wright and 

Bullmore, 2010; Ellison-Wright et al., 2008; Fornito et al., 2009; Glahn et al., 2008; Li et al., 

2018; Nickl-Jockschat et al., 2011). Also, the presence of aberrations in unaffected relatives 

of patients with SZ (genetic-risk) and in individuals at risk of psychosis (clinical-risk) has 

been convincingly highlighted (Fusar-Poli et al., 2011a; Fusar-Poli et al., 2014; Saarinen et 

al., 2020). Although these meta-analytic findings are relevant, a considerable variability and 

inconsistency persist due to heterogeneity in the examined hypothesis and/or clinical sub-

populations, different inclusion/exclusion criteria and, consequently, in the number of the 

analyzed experiments. In addition, certain important issues remain to be addressed.  
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Previous CBMAs systematically included several VBM experiments comparing HC 

with a mixed experimental group composed of individuals with SZ and of others with 

diagnoses belonging to the SZ spectrum disorders (SSD), so that the “pure” contribution of 

the diagnosis of SZ in GM alterations was not completely explored. For this reason, samples 

including patients diagnosed with SSD were not included in the present CBMA. The choice to 

focus on the SZ diagnosis only meets the need for identifying patterns of GM alterations that 

are specific to SZ. Furthermore, given that SZ is the most represented mental disorder in 

terms of number of sMRI studies and SZ diagnostic criteria are relatively stable over time and 

between nosological classifications, samples studied in different periods tend to be 

homogeneous.  

We also decided to examine genetic and clinical high-risk (HR) states for psychosis 

because these two pre-psychotic conditions, albeit not necessarily evolving to psychosis, are 

characterized by GM alterations, which are not always consistent across studies (Cooper et 

al., 2014; Saarinen et al., 2020). From a clinical perspective, the detection of consensual 

neuroanatomical modifications can facilitate a prompt identification of these conditions by 

assessing their role in the transition to full-blown psychosis, as well as allow more effective 

strategies for prevention and care. Moreover, a number of studies on these HR samples are 

now available and sufficient to perform a robust CBMA.   

Observer-independent functional characterization of the GM loss in different stages of 

SZ is essential in order to better understand how large-scale brain networks are involved in 

different periods of the disease progression. It is also of fundamental importance to control 

clinical, socio-demographic and methodological effects on VBM results in SZ (John et al., 

2015; Kakeda and Korogi, 2010; Kambeitz et al., 2015; Vijayakumari et al., 2015). To our 

knowledge, no previous CBMAs on aberrant morphometric patterns linked to mental domains 

have been carried out so far. This line of research would provide a quantitative description of 

the functional and behavioral impact of anatomical variations at different stages of the 

disorder. 

Another important aspect concerns the recent methodological innovations for the 

CBMA and the publication of best-practice protocols for this field. In 2017 the BrainMap 

team reported some technical errors affecting the ALE algorithm as implemented in 

GingerALE software, whose codes for the thresholding procedure may have increased the rate 

of false positives (Eickhoff et al., 2017). Still, different authors (Eickhoff et al., 2017; 
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Eickhoff et al., 2016; Müller et al., 2017; Samea et al., 2019) have strongly discouraged the 

use of the previously customary false discovery rate (FDR) voxel-level thresholding in the 

context of ALE meta-analyses, advising instead the use of cluster-level family-wise error 

(FWE) thresholding, given its better sensitivity to true effects. Great care was recommended 

regarding the inclusion of studies to enhance reliability and reproducibility, as well as to 

facilitate subsequent research efforts (Müller et al., 2018; Nichols et al., 2017; Tahmasian et 

al., 2019). In light of this, computational, statistical and reporting advances support the need 

to carry out a novel meta-analytic investigation. This is particularly true for an updated and 

extended estimation on different SZ stages, as the most recent ALE analysis on this topic 

dates back to 2011 (Chan et al., 2011) and many new relevant VBM studies were published 

since then. 

We therefore conducted an exhaustive systematic search to revisit and characterize 

spatially consistent GM variations in four clinical groups: genetic high-risk subjects (g-HR), 

clinical high-risk subjects (c-HR), patients recently diagnosed with SZ (RDSZ, with a 

duration of illness - DOI < 2 years), and chronic SZ patients (ChSZ, DOI ≥ 2 years). The 

present ALE study is based on the largest data set of whole-brain VBM results included so far 

about this topic, on restrictive inclusion criteria, on stringent statistical procedure and on the 

most recent consensus-based protocols. Our aim has been to establish the most consistent 

neuroanatomical abnormalities related to the subsequent phases of the SZ. In order to derive 

common and potentially distinctive brain markers, contrast meta-analyses were conducted 

between the different groups. We also examined the effects of socio-demographic, clinical 

and methodological variables through voxel-wise meta-regressions. Finally, we assessed the 

cognitive/behavioral profiles associated with the GM clusters of alteration identified by the 

ALE. This combination of morphometric localization and functional characterization allowed 

for observer-independent inference, thus linking statistically the SZ pathophysiology to its 

clinical manifestations. 

 

2.2. Methods 

2.2.1. Data identification 

The study protocol adhered to the PRISMA Statement international guidelines (Moher 

et al., 2009) and current consensus recommendations for neuroimaging CBMA (Müller et al., 

2018; Tahmasian et al., 2019). We employed the software application Sleuth (v.3.0.3) to 
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query the VBM database of BrainMap (December 1, 2019) (Vanasse et al., 2018). We 

assembled a standardized search algorithm as follow:  

“Experiments Context IS Disease Effects” AND “Subjects Diagnosis IS Schizophrenia” 

AND “Experiments Contrast IS Gray Matter” AND “Experiments Observed Changes IS 

Controls > Patients AND Controls < Patients”. 

We also employed the PubMed search engine to perform a systematic literature search 

on the MEDLINE database. We used the Advanced Search Builder adopting the following 

terms to search in title/abstracts: 

(“voxel-based morphometry” OR “VBM” OR “voxel-wise”) AND (“schizophrenia” OR 

“chronic schizophrenia” OR “SZ” OR “first episode schizophrenia” OR “first episode 

psychosis” OR “high risk schizophrenia” OR “siblings schizophrenia” OR “first degree 

relatives” OR “genetic risk schizophrenia” OR “at risk of mental state” OR “ARMS” 

OR “ultra-high risk”). 

As final step, we screened references consulting previous review articles (Birur et al., 

2017; Shepherd et al., 2012) and CBMAs about the conditions of interest (Chan et al., 2011; 

Ellison-Wright et al., 2008; Fusar-Poli et al., 2011a; Fusar-Poli et al., 2014). 

 

2.2.2. Data selection 

The identified articles were systematically reviewed. Inclusion criteria for neuroimaging 

experiments were: (a) to be included in a research article published in a peer-review journal; 

(b) to use a specified whole-brain VBM analysis; (c) to report GM variations in HR subjects 

and/or patients with RDSZ and/or patients with ChSZ by means of a between-group 

comparison with healthy controls; (d) to report results in the form of stereotactic space (i.e. 

x,y,z coordinates in Talairach or MNI space); (e) to adopt analyses corrected for multiple 

comparisons or cluster-wise extent thresholds >100 voxels; (f) experimental group without 

other medical comorbidities; (g) diagnosis of SZ based on fulfilling ICD or DSM criteria. 

 Moreover, we applied rigorous and restrictive exclusion criteria according to which we 

excluded the articles with one or more of the following characteristics: (a) experimental 

groups with a sample size < 10 subjects; (b) use of ROI or SVC analysis; (c) mixed 

experimental sample (i.e. SZ and other SDDs and/or RDSZ and ChSZ). Still, to avoid the 

possibility of analyzing the same subjects several times in a single study, we selected only the 
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alteration foci reported by the analysis with the largest sample of that study. Furthermore, to 

prevent redundancy of subjects and related results across studies by the same authors we 

selected only the last study (more recent publication date) published by the same research 

group with the same sample. Detailed reporting of inclusion and exclusion criteria can be 

found in the best-practice checklist (Table S2.1).  

 

2.2.3. Clinical groups definition 

Following the seminal ALE study of Chan et al. (2011), we partitioned our data set into 

distinct clinical groups: HR, RDSZ and ChSZ. However, we divided HR subjects into two 

groups (genetic and clinical HR) according to the model proposed by Fusar Poli et al. 

(2011a).  The HR sample consisted of subjects at risk of developing SZ and was composed by 

the genetic HR group (g-HR) represented by monozygotic twins, siblings and first/second-

degree relatives of patients with SZ and the clinical HR group (c-HR) of individuals at risk 

mental state (ARMS) meeting the criteria of either the Personal Assessment and Crisis 

Evaluation (PACE) (Yung et al., 1998), the Comprehensive Assessment of At-Risk Mental 

States (CAARMS) (Yung et al., 2005) or the Structured Interview for Prodromal Symptoms 

(SIPS) (Miller et al., 2003). The RDSZ group was composed of subjects with DOI less than 2 

years. In the ChSZ group, patients had DOI equal or greater than 2 years. We included 

investigations that, though not reporting the DOI, referred clearly to a whole RDSZ or ChSZ 

sample. 

 

2.2.4. Anatomical likelihood estimation 

A series of ALE meta-analyses was conducted to determine a consistent pattern of GM 

variations for each of the four clinical groups and for all schizophrenia patients. A revised 

version of the ALE algorithm implemented in GingerAle (v.3.0.2) was applied (Turkeltaub et 

al., 2012). Following the recently recommended ALE setting (Eickhoff et al., 2017; Eickhoff 

et al., 2016), ALE results were family-wise error-corrected (FWE-c) for multiple 

comparisons, with a cluster-level inference of p < .05 and a cluster-forming threshold of p < 

.001 on the voxel-level. We conducted analyses in Talairach space. Thus, we used the 

icbm2tal algorithm to convert the MNI coordinates into TAL space, improving the accuracy 

of meta-analysis (Lancaster et al., 2007). 
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The ALE technique provides information about the spatial convergence of results of the 

existing literature, considering every coordinate reported in a given study as being the center 

of a Gaussian probability distribution calculated as: 

𝑝(𝑑) =
1

𝜎3√(2𝜋)3
𝑒
− 
𝑑2

2𝜎2 

in which d is the Euclidean distance between the coordinate and the surrounding voxels, 

and 𝜎  represents the spatial uncertainty. For each experiment, we calculated a modeled 

alteration (MA) map, considered as the union of every Gaussian distribution of probability 

related to a given experiment. The combination of all the MA maps resulted in the final ALE 

map. The significance of each voxel was then tested against a null hypothesis obtained by an 

iterative random distribution of the foci, and the cluster-level threshold was determined with a 

Monte Carlo simulation of a cluster size distribution (10,000 permutations). 

Finally, contrast analyses were performed (Eickhoff et al., 2011) in order to identify 

statistically significant differences and convergence between the clinical groups using a p < 

.01 and a minimum cluster-size of 10 mm3 (10,000 permutations).   

 

2.2.5. Standard voxel-wise permutation tests 

We further interrogated the presence of GM variations in our clinical groups by using 

voxel-wise permutation tests as implemented in the FSL’s randomise algorithm 

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise; Winkler et al., 2014). Starting from the 

unthresholded MA maps, this algorithm was able to conduct a standard permutation of 

subject-based images (PSI) to test the presence/absence of the effect in a given voxel, rather 

than testing the convergence of independent findings around the voxel as implemented in the 

current CBMA methods (Albajes-Eizagirre and Radua, 2018; Albajes-Eizagirre et al., 2019). 

For each clinical group, results of test statistics were family-wise error-corrected (FWE-c) for 

multiple comparisons on the cluster-level with 5,000 permutation runs. Maps were 

thresholded at p < .05, corresponding to a z-score value ≥ 2.3. 

 

2.2.6. Behavioral characterization 

Analysis of behavioral domain profiles aims to statistically link morphometric clusters with 

corresponding physiological mental processes by testing which functional neuroimaging task 

is more likely to activate a given cluster. The rationale behind this approach is to provide a 

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise
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quantitative and data-driven attribution of psychological processes to neural subpopulations, 

respect to a qualitative interpretation of structural results. 

We functionally characterized areas of alteration derived by our ALE meta-analyses 

using the Behavioral plugin (v.3.1) implemented in the Mango software package (Lancaster et 

al., 2012), capable of testing activation foci of the BrainMap database. At the time of analysis, 

BrainMap contained over 9400 functional experiments in healthy subjects, each of which has 

been classified according to the specific mental operations isolated by its experimental 

contrast into five behavioral domains: (1) cognition, which comprises neuro- and social 

cognition, with special attention to two cognitive processes: memory and language;  (2) 

perception, referred to external stimuli such as auditory and visual stimuli; (3) interoception, 

referred to internal stimuli such as hunger, heartbeat and sexual libido; (4) emotion, 

comprising positive and negative emotions; and (5) action, defined as mental faculty 

associated with overt movements of the body. Mental operations are further divided into 51 

subdomains (see full taxonomy list at http://brainmap.org/taxonomy/behaviors.html) 

belonging to the five aforementioned domains. Behavioral analyses were performed 

separately on each clinical group both on the entire pattern of alteration at a whole-brain level 

and on each derived ALE cluster. A threshold of p < .05 with Bonferroni correction for 

multiple comparisons was applied, corresponding to a subdomain z-score ≥ 3. 

 

2.2.7. Network decomposition 

We investigated the impact of GM alterations on functional large-scale networks, 

detecting how many altered volumes (mm3) derived from the ALE map of each clinical group 

fell within different networks. The rationale behind this approach is to provide a quantitative 

description of the functional localization of anatomical variations, as well as to evaluate a 

possible evolution and enlargement of the pattern at different stages of the disorder. We 

applied the 20-network parcellation proposed by Biswal et al. (2010), which parceled human 

brain cortex using resting-state functional MRI data from 1414 healthy subjects. 

Decomposition analyses were carried out separately for each clinical group, calculating the 

number of altered volumes belonging to each of the 20 functional networks and the 

percentage of alterations of each network, defined as the ratio between the number of altered 

voxels belonging to a given network and the total number of altered voxels of the ALE map 

of GM decrease of that clinical group.  

http://brainmap.org/taxonomy/behaviors.html
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2.2.8. Meta-regression 

Using the Signed Differential Mapping software (i.e., anisotropic kernel effect sizes 

version, AES-SDM, v.6.12) (Radua et al., 2014), a series of voxel-wise meta-regression 

analyses were conducted to explore the potential effects of gender, positive and negative 

symptoms, age and antipsychotic treatment in the whole SZ sample. Effects of sample size, 

MRI field strength, slice thickness and image smoothing level were also examined. VBM 

experiments that did not report these measures were excluded from analyses. A voxel-level 

threshold of p < .0005 with a minimum cluster size of 10 voxels was adopted as proposed by 

Radua et al. (2012), to offer an optimal balance of specificity and sensitivity in terms of 

results. 

AES-SDM is a relatively new CBMA method that borrows several characteristics from 

ALE, particularly the kernel-based rationale and the implementation of the coordinate-based 

random-effects approach; it is therefore able to combine the information of alteration foci in 

stereotactic space across independent experiments (for a detailed explanation of the methods 

see also Radua and Mataix-Cols 2012; Samartsidis et al., 2017). The novelty of SDM consists 

in incorporating t-value statistics related to alteration foci (i.e., effect size estimation), and in 

the possibility of addressing the confounding effect of potential moderators across included 

experiments. Meta-regression investigation was conducted via AES-SDM, as we thought it 

could complement our main analyses for two reasons: (a) meta-regression is to date a largely 

unexplored topic in CBMA research, particularly valuable when meta-analyzed experiments 

exhibit an appreciable heterogeneity (Samartsidis et al., 2017), as it is the case of SZ; (b) the 

comparison between the ALE and SDM yielded similar results in term of spatial convergence 

for both simulated and empirical data sets (Albrecht et al., 2019; Eickhoff et al., 2016; Enge et 

al., 2020; Radua and Mataix-Cols, 2012; Samartsidis et al., 2017; Vitolo et al., 2017). We 

thus expect that ALE map related to the whole SZ group is indicative of AES-SDM method as 

well. 

 

2.3. Results 

Based on the search strategy, 113 peer-reviewed VBM articles were included, for a total 

of 124 between-group experiments, 11,270 subjects (5,263 in the four clinical groups and 

6,007 HC) and 1,104 coordinates of GM variation (1,042 of decrease and 62 of increase) (Fig. 

2.1). In details, the g-HR group (average age = 28.7 years) included 18 experiments, 927 
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subjects compared with 910 HC and 76 coordinates of alteration (64 of GM decrease and 12 

of GM increase). The c-HR group (average age = 22.4 years) included 16 experiments, 580 

subjects compared with 621 HC and 67 coordinates of alteration (59 of GM decrease and 8 of 

GM increase). The RDSZ group (average age = 22.8 years; mean illness duration = 0.8 years) 

included 41 experiments, 1,636 subjects, 1,953 HC and 388 coordinates of alteration (359 of 

GM decrease and 29 of GM increase). The ChSZ group (average age = 38.6 years; mean 

illness duration = 15.0 years) included 49 experiments, 2,120 subjects, 2,563 HC and 573 

coordinates of alteration (560 of GM decrease and 13 of GM increase). The best-practice 

checklist for CBMA (Müller et al., 2018) was reported in Table S2.1. Detailed information 

about the sample of each included experiment is summarized in Table S2.2 and Table S2.3. 

Distribution of the included experiments in the four clinical groups is summarized in Table 

S2.4. ALE analysis was performed only for GM reduction foci, as the number of VBM 

experiments reporting GM increases (i.e., g-HR = 6 experiments; c-HR = 4; RDSZ = 7; ChSZ 

= 7; Table S2.3) was insufficient to achieve robust ALE estimates (Eickhoff et al., 2016).  

 

 

Figure 2.1. Study selection overview and meta-data organization - PRISMA flow chart. 

g-HR: genetic high-risk; c-HR: clinical high-risk; RDSZ: recently diagnosed schizophrenia; ChSZ: chronic 

schizophrenia. 
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2.3.1. ALE meta-analyses on different stages of schizophrenia 

GM reductions in g-HR, c-HR, RDSZ and ChSZ groups relative to HC are shown in 

Table 2.1 and Fig. 2.2, Fig. 2.3 and Fig .2.4. Results of the ALE meta-analysis performed on 

the whole sample of patients diagnosed with schizophrenia (RDSZ and ChSZ groups pooled 

together) are shown in Table S2.5 and Fig. S2.1. 

 

g-HR vs. controls  

The g-HR group showed no significant cluster of variation.  

 

c-HR vs. controls 

The c-HR group showed a single cluster of GM reduction (altered volume = 800 mm3), 

with the ALE maximum value located in the right anterior cingulate cortex (R-ACC, 

Brodmann area -BA 32).  

 

RDSZ vs. controls  

The RDSZ group showed seven clusters of GM reduction involving both cortical and 

subcortical regions with total altered GM volume of 8,360 mm3. ALE maxima were found in 

the: (a) left precentral gyrus (L-PrCG, BA 6), (b) left inferior frontal gyrus (L-IFG, BA 47), 

(c) bilateral superior temporal gyrus (STG, BA 22), (d) bilateral transverse temporal gyrus 

(TTG, BA 41), (e) right middle temporal gyrus (R-MTG, BA 21), (f) bilateral insular cortex 

(BA 13), (g) bilateral ACC (BA 32), (h) left parahippocampal gyrus (L-PHG, BA 34), and (i) 

left amygdala (L-Amy).  

 

ChSZ vs. controls  

Patients of the ChSZ group differed from HC in GM reduction in several cortical and 

subcortical regions grouped into seven clusters with a total altered GM volume of 14,912 

mm3. ALE maxima were found in the: (a) right medial frontal gyrus (R-MFG, BA 11), (b) L-

IFG (BA 47), (c) L-STG (BA 22), (d) bilateral anterior insula (AI, BA 13), (e) bilateral ACC 

(BA 32/25), (f) bilateral amygdala, (g) head of the left caudal nucleus (L-Caud) and (h) 

medial dorsal nucleus (MDN) of the left thalamus (L-Thal).  
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Table 2.1. Clusters of gray matter reduction derived from the Anatomical Likelihood Estimation (ALE) 

analyses. For each cluster obtained, cluster size (mm3), extrema ALE values, anatomical labels of the 

peaks of probability and their Talairach brain atlas coordinates were provided.   

Cluster  

# 

Volume  

(mm3) 

Talairach Daemon Label  

(Brodmann’s Area) 

Extrema  

Value 

Talairach 

 x y  z  

g-HR < HC          

No cluster found 

c-HR < HC (tot. 800 mm3) 

1 800 Right Anterior Cingulate Cortex (BA 32) 0.016 4 36 -6 

RDSZ < HC (tot. 8,360 mm3) 

1 1776 Left Precentral Gyrus (BA 6) 0.025 -48 -10 24 

   Left Inferior Frontal Gyrus (BA 44) 0.024 -48 4 18 

2 1624 Right Transverse Temporal Gyrus (BA 41) 0.025 48 -24 16 

   Right Middle Temporal Gyrus (BA 21) 0.018 54 -26 -2 

3 1296 Right Middle Temporal Gyrus (BA 22) 0.023 50 -8 -8 

   Right Insula (BA 13) 0.022 40 -10 -6 

4 1096 Left Insula (BA 13) 0.031 -32 22 4 

5 1032 Left Transverse Temporal Gyrus (BA 41) 0.024 -46 -18 10 

   Left Superior Temporal Gyrus (BA 22) 0.020 -52 -8 6 

6 784 Left Anterior Cingulate (BA 32) 0.022 -2 34 -4 

   Right Anterior Cingulate (BA 32) 0.020 2 40 2 

7 752 Left Amygdala 0.023 -20 -4 -18 

   Left Parahippocampal Gyrus (BA 34) 0.015 -12 0 -14 

ChSZ < HC (tot. 1,4912 mm3) 

1 4928 Left Insula (BA 13) 0.042 -34 18 6 

   Left Superior Temporal Gyrus (BA 22) 0.035 -48 4 2 

   Left Insula (BA 13) 0.027 -44 12 0 

   Left Inferior Frontal Gyrus (BA 47) 0.020 -40 20 -6 

2 3056 Right Insula (BA 13) 0.037 40 14 2 

   Right Insula (BA 13) 0.035 32 18 8 

3 2312 Left Thalamus (Medial Dorsal Nucleus) 0.036 -2 -16 6 

4 1656 Right Medial Frontal Gyrus (BA 11) 0.032 4 36 -14 

   Right Anterior Cingulate (BA 32) 0.031 4 32 -6 

5 1224 Left Caudate (Nucleus Head) 0.036 -4 6 -4 

6 1056 Left Amygdala 0.036 -20 -6 -12 

7 680 Right Amygdala 0.026 16 -4 -16 

g-HR, genetic high-risk; c-HR, clinical high-risk; RDSZ, recently diagnosed schizophrenia; ChSZ, chronic 

schizophrenia; HC, healthy controls.  
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Figure 2.2. Brain clusters of convergent GM reduction in the clinical high-risk (c-HR) group compared 

to healthy controls (HC). Results are FWE-corrected at .05 with cluster-forming value at p < .001. The 

ALE maps are visualized as three hemispheric surfaces (3-D cortical view) and five axial slices (2-D 

cortical and subcortical view). Brain templates are in neurological convention (i.e., R is right, L is left). 

 

 

Figure 2.3. Brain clusters of convergent GM reduction in the recently diagnosed schizophrenia (RDSZ) 

group compared to healthy controls (HC). Results are FWE-corrected at .05 with cluster-forming value 

at p < .001. The ALE maps are visualized as three hemispheric surfaces (3-D cortical view) and five 
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axial slices (2-D cortical and subcortical view). Brain templates are in neurological convention (i.e., R is 

right, L is left). 

 

 

Figure 2.4. Brain clusters of convergent GM reduction in the chronic schizophrenia (ChSZ) group 

compared to healthy controls (HC). Results are FWE-corrected at .05 with cluster-forming value at 

p < .001. The ALE maps are visualized as three hemispheric surfaces (3-D cortical view) and five axial 

slices (2-D cortical and subcortical view). Brain templates are in neurological convention (i.e., R is 

right, L is left). 

 

2.3.2. Between-groups comparisons and conjunction analyses 

Results of contrast and conjunction ALE analyses are shown in Table 2.2 and Fig. 2.5. 

 

c-HR vs. RDSZ  

c-HR U RDSZ: the conjunction analysis of c-HR and RDSZ groups showed a 

significant convergence of GM reductions in the R-ACC (BA 32) with a volume of common 

GM reduction of 144 mm3. 

c-HR < RDSZ: in the between-group comparison there were not significant GM 

reduction present exclusively in the c-HR as compared to the RDSZ group.   

RDSZ < c-HR: contrariwise, there were significant reductions in four clusters regarding 

the RDSZ group as compared to the c-HR group. The total GM volume altered exclusively in 
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the RDSZ group was 2,600 mm3 with ALE maxima located in the left hemisphere, principally 

in cortical areas in the frontal lobe: (a) in the L-IFG (BA 44) and (b) in the L-PrCG (BA 4); 

(c) in the left postcentral gyrus (L-PoCG, BA 43); (d) in the L-STG (BA 22); in (e) the L-AI 

(BA 13) and (f) in the left claustrum (L-Clau).  

RDSZ vs. ChSZ 

RDSZ U ChSZ: the conjunction analysis of RDSZ and ChSZ groups showed five 

significant clusters of convergence of GM reductions in the left hemisphere (total volume of 

common GM reduction: 1,184 mm3), namely (a) the L-PrCG (BA 6) and (b) the orbital part of 

the L-IFG (L-IFG, BA 44) in the frontal pole, (c) the L-AI (BA 13), (d) the L-ACC (BA 32), 

extending to right ACC and (e) the L-Amy. 

RDSZ < ChSZ: in the between-group comparison there were three clusters of 

significant reduction regarding the RDSZ group as compared to the ChSZ group (total volume 

of altered GM present exclusively in the RDSZ: 672 mm3), with ALE maxima located in the: 

(a) L-IFG (BA 44), (b) L-PrCG (BA 6), (c) L-PoCG (BA 43), (d) L-AI (BA 13); and right 

temporal lobe (e) in the R-MTG (BA 21).   

ChSZ < RDSZ: conversely, ChSZ group as compared to RDSZ group showed 

significant GM decreases in five clusters (total volume of altered GM present exclusively in 

the ChSZ: 1,464 mm3) with ALE maxima located both in the left and right hemispheres in 

cortical and sub-cortical encephalic regions. In particular, ChSZ specific peaks of alteration 

were found in the: (a) L-IFG (BA 44), (b) L-STG (BA 22); (c) in bilateral AI (BA 13), (d) R-

PHG (BA 34), (e) the right uncus (R-Unc, BA 34); (f) MDN and (g) pulvinar (Pulv) of the L-

Thal, and (h) Pulv of the R-Thal.  
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Table 2.2. Clusters of gray matter difference and conjunction derived from the Anatomical Likelihood 

Estimation (ALE) analyses. For each cluster obtained, cluster size (mm3), extrema values, anatomical 

labels of the peaks of probability and their Talairach brain atlas coordinates were provided. 

Cluster  

# 

Volume  

(mm3) 

Talairach Daemon Label  

(Brodmann’s Area) 

Extrema  

Value 

Talairach 

 x y z 

c-HR U RDSZ (tot. 144 mm3) 

1 144 Right Anterior Cingulate Cortex (BA 32) 0.014 2 36 -6 

c-HR < RDSZ 

   No cluster found      

RDSZ < c-HR (tot. 2,600 mm3) 

1 1032 Left Superior Temporal Gyrus (BA 22) p < .001 -50.2 -13.3 8.4 

   Left Insula (BA 13) p < .001 -47.3 -18.7 16 

2 768 Left Postcentral Gyrus (BA 43) p < .001 -50 -10 16 

   Left Precentral Gyrus (BA 4) p = .001 -51.6 -12 24.4 

3 576 Left Insula (BA 13) p = .001 -32 12 8 

   Left Insula (BA 13) p = .002 -36 13 5 

   Left Claustrum p = .005 -30 18 2 

   Left Inferior Frontal Gyrus (BA 45) p = .009 -32 24 6 

4 224 Left Insula (BA 13) p = .002 -46 4 14 

    Left Inferior Frontal Gyrus (BA 44) p = .003 -49.5 1 15.5 

 RDSZ U ChSZ (tot. 1,184 mm3) 

1 680 Left Insula (BA 13) 0.029 -32 20 4 

2 304 Left Amygdala 0.023 -20 -4 -16 

3 120 Left Anterior Cingulate (BA 32) 0.020 0 34 -4 

4 56 Left Precentral Gyrus (BA 6) 0.018 -52 -6 6 

5 24 Left Inferior Frontal Gyrus, orbital part (BA 47) 0.016 -48 6 14 

 RDSZ < ChSZ (tot. 672 mm3) 

1 520 Left Precentral Gyrus (BA 6) p = .001 -49 -5 24.4 

   Left Postcentral Gyrus (BA 43) p = .002 -50 -8.5 17.5 

   Left Inferior Frontal Gyrus (BA 44) p = .004 -49 0 20 

2 136 Left Postcentral Gyrus (BA 43) p = .006 -47 -17 14 

   Left Insula (BA 13) p = .007 -46 -14 10 

3 16 Right Medial Temporal Gyrus (BA 21) p = .006 44 -8 -12 

ChSZ < RDSZ (tot. 1,464 mm3) 

1 672 Right Parahippocampal Gyrus (BA 34) p < .001 12.8 -3.6 -16 

   Right Uncus (BA 34) p = .001 17.7 -4.4 -19 

2 480 Left Thalamus (Medial Dorsal Nucleus) p = .001 -7 -20 11 

   Right Thalamus (Pulvinar) p = .002 4 -24 9 

   Left Thalamus (Pulvinar) p = .003 -3.5 -23 4.5 

3 256 Left Precentral Gyrus (BA 44) p = .001 -46 12 8 

   Left Insula (BA 13) p = .005 -44 0 2 

4 40 Right Insula (BA 13) p = .003 36 20 2 

5 16 Left Superior Temporal Gyrus (BA 22) p = .01 -51 8 4 
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g-HR, genetic high-risk; c-HR, clinical high-risk; RDSZ, recently diagnosed schizophrenia; ChSZ, chronic 

schizophrenia; HC, healthy controls. <, Indicates that the gray matter (GM) reduction is wider in the group to 

the left of the symbol.   U, indicates the clusters of GM volume reduction found in the groups both to the left and 

to the right of the symbol. 

 

 

Figure 2.5. Conjunction and contrast analyses between clinical groups. (A) Convergence of GM 

reduction between clinical-high risk and recently diagnosed schizophrenia groups (colors from dark 

to light blue represent increasing ALE values). (B) Compared to the clinical-high risk group, GM 

reductions are exclusively present in the recently diagnosed schizophrenia patients (colors from dark 

to light red represent increasing z-point values). (C) Convergence of GM reduction between recently 

diagnosed and chronic schizophrenia groups (colors from dark to light blue represent increasing ALE 

values). (D) Compared to the chronic schizophrenia group, GM reductions are exclusively present in 

the recently diagnosed patients (colors from dark to light green represent increasing z-point values). 

Compared to the recently diagnosed schizophrenia group, GM reductions are exclusively present in 

the chronic patients (colors from dark to light red represent increasing z-point values). ALE results 

were computed using a p value < .01 and minimum cluster-size > 10 mm3. 
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2.3.3. Standard voxel-wise permutation tests 

GM reductions in HR and SZ groups relative to HC are shown in Table S2.6 and Fig. 

S2.2.  

 

HR groups vs. controls  

The g-HR group showed no significant cluster of variation. With regard to the c-HR 

group, a very small cluster was detected in the R-ACC. 

 

SZ groups vs. controls  

Overall, results reported statistically significant clusters largely overlapping with those 

identified by ALE. The RDSZ group showed eight clusters of GM reduction involving both 

cortical and subcortical regions with total altered GM volume of 2,246 mm3. Maximum 

values were found in the: (a) L-IFG (BA 45), (b) L-AI (BA 13), (c) L-TTG (BA 41), (d) R-

MTG (BA 22), (e) bilateral ACC (BA 32/24), and (f) L-PHG (BA 35). The ChSZ group 

showed eight clusters of GM reduction involving both cortical and subcortical regions with 

total altered GM volume of 17,913 mm3. Maximum values were found in the: (a) L-MFG 

(BA 10), (b) bilateral AI (BA 13), (c) bilateral ACC (BA 32), (d) MDN of the L-Thal, and (e) 

bilateral PHG (BA 34), extending to the (f) amygdalar complex. 

 

2.3.4. Behavioral characterization  

Data-driven behavioral analysis revealed that aberrant ALE-derived patterns found in 

the clinical groups can be quantitatively associated with a wide range of functional 

neuroimaging tasks as shown in Fig. 2.6 and Table S2.7 (RDSZ group) and Table S2.8 (ChSZ 

group). 

We found no significant results associated with the R-ACC cluster in the c-HR group, 

whereas the whole-brain patterns of GM loss in the RDSZ and in the ChSZ groups were 

characterized by a statistically significant involvement of numerous different subdomains 

belonging to all five studied domains: cognition, perception, emotion, action and 

interoception. General distribution of the number of subdomains involved in each domain in 

the two clinical conditions is shown in the radar chart of Fig. 2.6. The ChSZ group, compared 

to the RDSZ group, displayed a higher number of involved subdomains (33 vs. 23). The main 

difference concerned the emotional domain with nine subdomains involved in the ChSZ 
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group compared to the five of the RDSZ one. Fig. 2.6 (bottom panel) shows the ranking of the 

involved subdomains of the ChSZ group in decreasing order of z-score, coupled with the z-

score of the corresponding subdomain in the RDSZ group. All the 23 functional subdomains 

found the RDSZ group were also present in the ChSZ group. The 10 subdomains exclusively 

associated with the GM loss in the ChSZ group were negative emotions (i.e. sadness, anger, 

unspecified negative emotions), positive emotions (i.e. happiness and unspecified positive 

emotions) of the emotion domain; “social cognition” and “memory” of the cognitive domain; 

“olfaction” of the perceptive domain; “inhibition of movement” of the action domain; and 

“sexuality (libido)” of the interoception domain.  

Subdomains associated with single ALE-derived clusters are represented in Fig. S2.3 

(RDSZ group) and in Fig. S2.4 (ChSZ group). Of the seven ALE-derived clusters of GM 

reduction found in both the RDSZ and ChSZ groups, five clusters in each clinical group were 

significatively associated with at least one functional subdomain. In the RDSZ condition, the 

L-IFG was principally associated with action subdomains, bilateral TTG with perceptive 

subdomains, L-Ins with cognitive and action subdomains, and the L-Amy with emotional sub-

domains. In the ChSZ group, bilateral insulae were principally associated with cognitive 

(including social cognitive), perceptive, action and interoceptive subdomains, L-Amy with 

emotional and perceptive sub-domains, L-Thal with cognitive subdomains and the L-Caud 

with reward/gain positive emotion subdomain.  
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Figure 2.6. Behavioral characterization results of whole ALE-derived brain maps of GM reduction 

obtained in the RDSZ and ChSZ groups. (Upper panel) Alteration patterns are visualized as two axial 

slices (3-D cortical and subcortical view). (Central panel) Number of subdomains significantly 

associated in each domain. (Bottom panel) Z-scores of significant subdomains. A threshold of p < .05 

with Bonferroni correction for multiple comparisons was applied, corresponding to a subdomain z-

scores ≥ 3. 

GM, gray matter; ACC, anterior cingulate cortex; Ins, insula; IFG, inferior frontal gyrus; TTG, transverse 

temporal gyrus; Amy, amygdala; Caud, caudate; Thal, thalamus. 

 

2.3.5. Network decomposition 

The results of the functional network decomposition analysis are shown in Fig. 2.7 and 

in Table S2.9. Fig. 2.7 (A and B panels) shows the subdivision of the morphometric alteration 

of the clinical groups into the different functional networks, while Fig. 2.7C depicts the 

percentage of altered GM volume in each network (i.e. proportional to the total altered GM 

volume in each clinical group).  
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In the c-HR group the ALE-derived cluster of GM alteration belonged to (a) the 

orbitofrontal cortex network - OFC-N (548 mm3, 68.5% of the total altered volume) and to (b) 

the salience network - SN (252 mm3, 31.5%). Most of the altered GM volume of the RDSZ 

fell within (a) the SN (2710 mm3, 32.4%), (b) the OFC-N (1217 mm3, 14.6%), (c) the left 

ventral attention network - L-VAN (1198 mm3, 14.3%), (d) the motor network - MN (1115 

mm3, 13.3%), and (e) the sensorimotor network - SMN (932 mm3, 11.2%). In the ChSZ the 

most involved networks were: (a) the SN (4956 mm3, 33.2%), (b) the OFC-N (3971 mm3, 

26.6%), and (c) the thalamus/basal nuclei network - Th-BN-N (2667 mm3, 17.9%). 

 

 

Figure 2.7. Functional network decomposition of the ALE-derived clusters of GM reduction obtained 

in the c-HR, RDSZ and ChSZ groups. (A and B) Graphical representations of the number of altered 

volumes (mm3) falling within a functional network. (C) Graphical representation of the altered 

volumes falling within a functional network (percentage). 

AuN, auditory network; DMN, default mode network; preMN, premotor network; R-VAN, right ventral 

attention networks; DAN, dorsal attention network; SMN, sensorimotor network; MN, motor network; L-VAN, 

left ventral attention networks; Th-BN-N, thalamus-basal nuclei subcortical network; OFC-N, orbito-frontal 

cortex network; SN, salience network. 
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2.3.6. Effects of meta-regression on GM reduction  

Linear associations between selected clinical and methodological variables and VBM 

data of the included experiments of the whole SZ group are shown in Fig. S2.5 (lower panel), 

Table S2.10 (demographic and clinical variables) and Table S2.11 (methodological variables) 

and summarized as follows. As expected, the ALE results related to the whole SZ group were 

very similar in terms of spatial convergence with those of the AES-SDM (Fig. S2.5, upper 

panel). Voxel-wise correlation (i.e. Pearson’s r) between the unthresholded ALE and AES-

SDM z-score maps was r = .64 (calculated excluding the non-brain voxels). 

Effects of demographic and clinical variables 

Effect of sex: experiments with higher percentage of male patients were associated with 

a widespread GM loss in the: (a) L-STG (p = 1.0e-5, 52 voxels); (b) left inferior temporal 

gyrus (L-ITG; p = 1.0e-4, 46 voxels); (c) R-Ins (p = 6.0e-5, 50 voxels); (d) bilateral thalami (p 

= 5.0e-6, 94 voxels). 

Effect of antipsychotic treatment: in experiments with higher percentage of medicated 

patients compared with studies with a higher percentage of drug-naïve patients at the scan 

time, we found a more widespread decrease of the GM volumes of (a) the L-MFG (p = 2.0e-

4, 39 voxels) and of (b) the R-STG (p = 2.0e-5, 127 voxels). 

Antipsychotic dosage, age at scan and positive and negative symptoms: no linear 

associations with age at scan, medication dosage (chlorpromazine mg equivalents), positive 

and negative symptoms (PANSS positive and negative scores) were found.  

 

Effects of methodological variables 

Sample size: experiments with smaller sample size showed a more widespread GM 

decrease volume in (a) the right STG (R-STG), extending to (b) the R-Ins (p = 4.0e-7, 293 

voxels) and in a small cluster located (c) in the L-ACC (p = 1.0e-5, 28 voxels). 

Image smoothing level (FWHM): higher smoothing was significantly associated with 

GM reduction in (a) the R-Ins, extending to (b) the R-PrCG (p = 1.0e-4, 86 voxels) and in the 

(c) L-STG (p = 1.0e-4, 27 voxels). 

Field strength and slice thickness: linear associations with VBM data and these 

variables were not found. 
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2.4. Discussion 

By reviewing a vast literature of voxel-based neuroimaging studies about schizophrenia, 

this meta-analysis offers the most overarching picture of morphometric changes of GM 

currently available and lends support to pathophysiological models, which combine 

progressive brain alterations with the clinical evolution of SZ. Using a conservative study 

selection and the current state-of-the-art methods in the CBMA field, we have identified GM 

alterations associated with clinical high-risk subjects, recently diagnosed and chronic patients 

with SZ, providing meta-analytical evidence of progressive brain morphometric changes after 

prodromal symptoms and signs onset. As a distinguishing feature of this study, we have 

established an objective link between the SZ symptomatology and the underlying neural 

pathophysiology, associating the resulting GM changes with data-driven functional profile 

characterizations. Our findings also demonstrate between-study effects of sex, sample size 

and medication on published VBM results. 

 

2.4.1. GM alterations partly reproduce previous CBMA results on SZ stages 

Our findings are only in part consistent with those of the previous meta-analyses on the 

different stages of SZ, providing new important information about the progression of GM 

alteration during the course of the disorder. Interestingly, our analyses showed that there were 

no morphometric differences between g-HR and HC groups. This result is in line with a 

recent CBMA of VBM studies on first degree relatives of patients with SZ (Saarinen et al., 

2020), but not with previous investigations reporting GM tissue loss at the level of the R-

ACC and L-PHG (Fusar-Poli et al., 2011a; Fusar-Poli et al., 2014). The lack of significant 

findings may be explained by a variety of factors. For example, as early meta-analytic 

syntheses have been published with significant smaller data sets (i.e. less than 10 VBM 

experiments each) due to the limited availability of research data, our results are particularly 

robust and reasonably non-driven by singly experiments (Eickhoff et al., 2016). It is worth 

noting that the mean age at the scan of the first/second degree relative varies widely across 

experiments (Table S2.2), which increases the between-study variability. Also, it has been 

suggested that specific morphometric brain variations in g-HR subjects may be present only 

in those who develop psychosis later in life (Smieskova et al., 2010; Smieskova et al., 2013). 

However, as these subjects represent a small portion of the g-HR population (Fusar-Poli et al., 
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2012), their contribution could be covered by the substantial number of the non-transitioning 

subjects. 

Regarding c-HR group, we confirmed the GM loss in the R-ACC found in previous 

CBMAs (Chan et al., 2011; Fusar-Poli et al., 2011a). However, the R-AI, L-Amy and L-IFG 

clusters found by Chan et al. (2011), and the R-STG, L-PHG, L-AI, R-IFG ones found by 

Fusar-Poli et al. (2011a) have not survived our rigorous thresholding procedure. Moreover, 

unlike early meta-analyses (Boos et al., 2007), we have not replicated the hippocampal 

reduction in HR groups, probably due to our whole-brain approach, which has selectively 

excluded studies using ROI or SVC analyses on this region (McDonald et al., 2008).  

In the RDSZ group, we confirmed the findings that the L-IFG, L-Amy and bilateral 

ACC show GM decreases (Chan et al., 2011; Ellison-Wright et al., 2008), but not the findings 

of GM reduction in the caudate, thalamus and cerebellum. In this group, we have also 

revealed GM alterations in the temporal cortices, bilateral insula and L-PHG, which were 

associated with ChSZ patients only in those previous investigations. For what concerns the 

ChSZ group, we confirmed the presence of bilateral GM alterations in the AI, ACC, and 

amygdala. The left IFG was also found by early CBMAs (Chan et al., 2011; Ellison-Wright et 

al., 2008). Furthermore, we revealed a cluster of GM reduction in the bilateral thalamus, 

which was only left-lateralized in Chan et al. (2011), and in the left caudate head, which was 

not found in the previous ALE studies. It should be noted that the involvement of the 

aforementioned regions in SZ groups was confirmed by the standard voxel-wise permutation 

tests. Taking this into account, it is reasonable to assume that our state-of-the-art multiple-

comparison corrections ensure an adequate type I error control than the liberal (but previously 

employed) FDR correction, as the latter is prone to reveal false positive findings in meta-

analytic neuroimaging investigations (Eickhoff et al., 2016; Eickhoff et al., 2017; Müller et 

al., 2017; Nani et al., 2019; Samea et al., 2019). 

Another important result of the present work that contrasts with previous ALE 

investigations (Chan et al., 2011; Ellison-Wright and Bullmore, 2010; Fornara et al., 2017; 

Fornito et al., 2009) is the systematic absence of the lingual and fusiform gyri, cuneus, 

posterior cingulate and cerebellum in the SZ clinical groups. As to this aspect, we note that 

these posterior areas were found altered in a relatively small number of included studies. 

Therefore, the discrepancy may be due to the fact that our statistical inference was more 
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sensitive to large effects, and less affected by individual experiments (Eickhoff et al., 2017; 

Eickhoff et al., 2016). 

Finally, our results fit well with findings of white matter (WM) degeneration. In 

previous studies (Bora et al., 2011; Vitolo et al., 2017) the anterior part of the corpus 

callosum, the anterior thalamic radiation, inferior longitudinal and fronto-occipital fasciculi, 

cingulate bundle and fornix were associated to SZ.  Notably, these tracts connect GM regions 

that have been found to be decreased in at least one of the stages. For instance, the anterior 

corpus callosum might contribute to abnormalities in interhemispheric communication 

between the AIs during the progression of the disorder, in agreement with studies reporting 

volumetric alteration of right deep prefrontal-insular WM and a widespread disruption of right 

genu of the corpus callosum in ChSZ individuals (Mitelman et al., 2009; Spalletta et al., 2015; 

Sugranyes et al., 2012). To note, long association tracts connecting bilateral ACC, AI and 

medial prefrontal cortex have been found altered in SZ (Bora et al., 2011; Reid et al., 2016), 

and also the aberration of bilateral anterior thalamic radiation is a well-replicated finding in 

chronic stage of the disease (Canu et al., 2015; Li et al., 2017). Taken in this context, GM 

findings of the present study are in line with fronto-striatal and temporo-limbic systems 

disruption as well as evidence regarding progressive disconnection of the brain in SZ.   

 

2.4.2. Differences and overlaps between clinical groups: evidence for a typical progression 

of the GM loss  

While none of the meta-analytic works to date assessed an objective overlap estimation 

between the c-HR, RDSZ and ChSZ groups, here we have quantitatively evaluated the 

conjunction areas of alteration, in parallel with the differential areas emerging from the 

between groups comparisons. The contrast ALE analyses showed that the RDSZ group report 

a larger brain volume characterized by GM reduction compared to c-HR group, suggesting an 

important enlargement of altered encephalic areas during the first period of full-blown non-

affective psychosis. We found a similar trend in the second comparison: recently diagnosed 

versus chronic SZ. In this case, the two groups differ significantly for mean age, duration of 

illness and for the total volume of GM decrease.  

The strong increment in the GM reduction found in the post-onset phase of SZ may be 

explained by the fact that the c-HR groups include heterogeneous subclinical 

psychopathological states that not necessarily, and in a relatively small proportion 
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(approximately 36% after 3 years from the first evaluation), will transition into a diagnosis of 

SZ (Falkenberg et al., 2015; Fusar-Poli et al., 2012). In addition, the first months after the 

onset of the disorder are considered the most critical in influencing prognosis and the most 

correlated to neurotoxic processes, especially if the patient is not correctly and promptly 

diagnosed and treated (Anderson et al., 2014).  

The R-ACC is the only cluster found among c-HR subjects and is also present in the SZ 

groups, suggesting a potential significant role of this area in the development and progression 

of the disorder. Both structural and functional aberrations of the R-ACC are well-replicated 

findings in different cohorts of individuals at high clinical-risk for psychosis (Allen et al., 

2010; Fornito et al., 2008; Fusar-Poli et al., 2011a; Fusar-Poli et al., 2011b; Fusar-Poli et al., 

2014; Jessen et al., 2006; Shim et al., 2010; Takayanagi et al., 2017). Moreover, this 

anatomical region was recently proposed as being the epicenter of neuronal volume loss in SZ 

(Shafiei et al., 2020). Therefore, the ACC volumetric loss could represent a neuroimaging 

marker of SZ both before (that is, in the prodromal phase with a putative prognostic 

significance of transition to SZ) and after the onset of the disorder. However, further research 

is needed to unravel this issue, especially on patients who later develop psychosis and with 

the help of harmonized longitudinal protocols to increase comparability across multiple sites 

(Andreou and Borgwardt, 2020; Cannon et al., 2014; Fusar-Poli et al., 2012). 

When compared to the c-HR group, the RDSZ condition shows 4 leftward clusters of 

higher GM reduction, located in the frontal, parietal, temporal, insular cortices and in the 

subcortical region of the claustrum (Table 2.2). These results suggest a typical diffusion of 

GM decrease across left hemispheric cortical areas, which can be detected in the first months 

after the onset of the disorder (Takahashi and Suzuki, 2018). Interestingly, our findings align 

with both theoretical and experimental proposals suggesting a prominent abnormal left 

asymmetry of neural systems in SZ driven by volumetric reductions (Oertel et al., 2010; 

Oertel-Knöchel and Linden, 2011; Ribolsi et al., 2014). The cortical involvement of the left 

hemisphere in early stages of SZ was also described by recent resting-state functional 

connectivity MRI studies (Li et al., 2019c; Li et al., 2017; Wang et al., 2019), which outlined 

a prevalence of reduced leftward interactions between the functional networks involved in 

language, interoceptive awareness, auditory and sensory processing. Furthermore, the 

volumetric reduction of highly connected anatomical structures (such as the AI, STG, IFG 

and claustrum) is consistent with the pathophysiological model proposed by Palaniyappan 
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(2017), according to which a GM dysfunctional remodeling takes place in topologically 

important hubs of the brain, mostly in the immediate post-onset phase of SZ, thus 

representing an adaptive but inefficient compensatory response to the disorder itself.  

RDSZ and ChSZ conditions share convergent patterns of volumetric GM loss 

preferentially in the left hemisphere (i.e. IFG, PrCG, AI and Amy), except for the bilateral 

cluster of ACC (Fig. 2.5). These higher-order integration areas were repeatedly found altered 

in both the recently diagnosed and chronic populations, and related to the wide range of signs 

and symptoms of SZ (Jeong et al., 2009; Killgore et al., 2009; Shepherd et al., 2012; Wylie 

and Tregellas, 2010; Yan et al., 2012). It is worth noting that these regions partially overlap 

with the cortical distribution of the Von Economo Neurons (VENs), large spindle-bipolar 

neuronal cells, mostly located in layer V of the AI and of the ACC (Allman et al., 2010, 

2011). VENs are also present in great apes and other mammalians and are associated with 

“social brain” abilities (Butti et al., 2013; Cauda et al., 2014b). Alterations of this neuronal 

subpopulation in post-mortem histological studies were associated with SZ (Brüne et al., 

2010; Brüne et al., 2011; Krause et al., 2017). Overall, results are to be interpreted with 

caution as these neuroanatomical regions were also recently classified as brain hubs with high 

structural alteration variety, which is to say that they can be affected by a wide range of 

psychiatric and neurological disorders (Cauda et al., 2019b; Crossley et al., 2014; Liloia et al., 

2018). Following this view, the development of ‘reverse inference’ methodologies (e.g., 

advanced computational tools based on Bayesian statistic inference) is needed to better define 

neural substrates that are specific to SZ. 

Contrast analyses between SZ groups highlight the presence of areas of volumetric loss, 

which are specific to either the recent diagnosis or to the chronic conditions. A selective GM 

reduction, found in the RDSZ group only, belongs to cortical areas of the frontal, parietal and 

insular lobes of the left hemisphere and, to a lesser extent, to the right temporal lobe. The 

leftward temporal and prefrontal clusters observed in the RDSZ patients might suggest some 

form of dysfunctional compensation or reorganization mechanism that might take place just 

after the disruption caused in the acute phase of the first episode of psychosis (Palaniyappan, 

2017). 

In the ChSZ group five clusters of more marked GM reduction have been found in both 

cerebral hemispheres, showing a left-to-right and cortical-to-subcortical enlargement that 

appears to affect the bilateral AI, PHG, Amy, Thal (pulvinar and medial dorsal nuclei) and the 
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STG. This robust finding is significant, given that GM reductions occurring homotopically 

have been underemphasized by previous voxel-based investigations. It also worth noting that 

both cross-sectional and longitudinal approaches have so far collected conflicting results for 

parahippocampal and amygdalar involvement at different phases of SZ (Shepherd et al., 

2012). In accordance with some studies (Asami et al., 2012; Chan et al., 2011; Davidson and 

Heinrichs, 2003; Velakoulis et al., 2000; Wright et al., 2000), our results underline that 

abnormalities of the left amygdala-parahippocampal complex are present during the first 

stages of SZ and that the involvement of the right complex is likely to reflect the chronicity of 

the disorder. Furthermore, recent studies reported a disrupted interhemispheric coordination in 

terms of altered functional connectivity and white matter tracts in subjects with SZ (Hoptman 

et al., 2012; Liu et al., 2018; Sun et al., 2015). Interestingly, new lines of research support the 

idea that GM tissue damage in SZ is constrained by brain pathways (Cauda et al., 2018b; 

Shafiei et al., 2020), and intimately related to homotopic interactions (Mancuso et al., 2019). 

These findings emphasize the role of aberrant connections linking homotopic areas in the 

development of SZ. 

 Although thalamic anomalies are well known to be implicated in the SZ condition 

(Pergola et al., 2015), some meta-analytical investigations found significant volumetric 

reductions of this diencephalic structure starting from the early phase of illness (Adriano et 

al., 2010; Ellison-Wright et al., 2008), and others in the chronic stage only (Bora et al., 2011) 

or exclusively left-lateralized in ChSZ (Chan et al., 2011). This inconsistency is not entirely 

surprising: different results could be due to the limited MRI resolution, heterogeneity in meta-

data selection, study design, as well as to different methodological procedures. The present 

ALE meta-analysis highlights a selective involvement of L-MDN and bilateral pulvinar in the 

ChSZ condition, which accords well with some neuroimaging and post-mortem studies 

(Brickman et al., 2004; Byne et al., 2001; Byne et al., 2009; Horga et al., 2011; Kemether et 

al., 2003; Pergola et al., 2015; Shimizu et al., 2008). 

Even if the neurobiological agents underlying these changes remain largely unknown 

and the role of structural and functional connectivity in the GM progression is still an open 

issue in SZ and other neuropsychiatric disorders (Cauda et al., 2019a), the marked increase of 

the GM volume reduction found in the three stages of the disorder here analyzed (c-HR < 

RDSZ < ChSZ) is consistent with the contemporary pathophysiological models of SZ, which 
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describe altered neurodevelopmental long term processes accompanied by neuroprogression 

phenomena (Andreasen, 2010; Ashe et al., 2001; Keshavan, 1999; Palaniyappan, 2017). 

 

2.4.3. Behavioral characterization: unbiased evidence for a link between GM alterations 

and psychological features of the disorder  

The progression of GM alteration from the RSDZ condition to the ChSZ one has its 

counterpart in the functional characterization, as all the behavioral subdomains found in the 

RDSZ group are shared by the ChSZ subjects, who show many other involved mental 

processes.  

Auditive perceptive and phonologic linguistic subdomains exhibit the higher z-scores in 

the RDSZ condition. The GM reduction associated with the auditive alteration is in agreement 

with a higher prevalence of positive symptoms in the first months after the onset of the 

disorder, such as paracusia (Fountoulakis et al., 2019; Fountoulakis et al., 2020), while the 

phonologic linguistic involvement may be lead to the negative symptoms affecting language 

processes (Compton et al., 2018). Among these symptoms, aprosody, a specific aspect of the 

vocal blunted affect, defined as the reduced ability to produce the melodic line of speech 

thanks to variations in pitch, rhythm, and stress of pronunciation, has been recently associated 

with patients with a shorter DOI (Compton et al., 2018).   

   Focusing on GM alteration at a single cluster-level in RDSZ, we find the involvement of 

linguistic and action speech subdomains associated with the GM reduction in the L-IFG 

cluster, and of perceptive subdomains (audition and pain) connected with the bilateral TTG 

clusters. The L-IFG is considered a central node of human brain, implicated in semantic and 

affective integration during communication (Belyk et al., 2017); its volumetric reduction and 

dysconnectivity in the first phases of SZ has been associated to linguistic, memory and 

encoding impairment (Bonner-Jackson et al., 2005; Chen et al., 2014; Jeong et al., 2009).  

 With regard to common subdomains shared by the two SZ groups, two clusters of GM 

reduction emerge: L-Ins and L-Amy. The L-Ins cluster suggests an involvement of several 

cognitive functions, including attention, reasoning, language, working and explicit memory 

and music comprehension, as well as of action subdomains like execution of speech and 

inhibition of movement. These data-driven associations accord well with the findings of Liao 

et al. (2015), who found positive correlations between the GM volume of the L-Ins and 
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performance at the Digit Symbol Substitution Test (DSST; Jaeger, 2018) in a large cohort of 

patients with SZ. 

To note, this region has been recently found to predict treatment response and clinical 

prognosis of both RDSZ and ChSZ patients (Li et al., 2019b; Mikolas et al., 2016), showing 

an important role in the pathophysiology of SZ. In both SZ groups, the L-Amy cluster was 

linked to negative emotional, explicit memory and visual perception functions. Functional 

MRI studies report aberrant amygdalar activation in SZ, showing patterns of hypo-

connectivity with the insula and IFG during emotional and social recognition tasks (Mier et 

al., 2019; Mukherjee et al., 2014). 

In ChSZ several mental processes, relating to neurocognition (i.e. attention and 

reasoning), language (i.e. speech and semantics), reward/gain positive emotion and sexuality 

(i.e. libido) show a high z-score at cluster-level. The neurocognitive impairment, especially 

the deficits in attentional functions, is a typical trait of SZ (Green et al., 2019; Kahn and 

Keefe, 2013), which is present since the prodromal phase with important worsening at the 

illness onset and a slower increment during its progression (Seidman and Mirsky, 2017). In 

this regard, we observe that a previous voxel-based investigation of ChSZ subjects (Schiffer 

et al., 2010) showed significant associations between GM volume of frontal/cingulate cortex 

and planning performance, reasoning, and executive inhibition. 

The involvement of cognitive functions related to language production can partially 

explain the negative symptomatology of SZ, in particular some expression deficits like alogia, 

and aprosody (Compton et al., 2018). We suppose a similar correlation between the 

involvement of the reward/gain emotional processes and the pole of reduced motivation of the 

negative symptoms, interpreted as a product of the reduced ability to expect and feel pleasure 

during activities (anhedonia) and the reduced ability to start actions and projects (avolition) 

(Lee et al., 2015). The high engagement of emotional subdomains, defined as the “mental 

faculty of experiencing an affective state of consciousness” 

(http://brainmap.org/taxonomy/behaviors.html), including positive and negative emotion like 

reward/gain, happiness, fear, sadness, disgust, anxiety and anger, may represent a 

neuroanatomical counterpart of the blunted affect dimension of negative symptoms. More 

generally, the significant involvement in the ChSZ group of mental processes theoretically 

related to negative symptoms is concordant with the high prevalence of this type of symptoms 

in the chronic condition (Fountoulakis et al., 2019; Fountoulakis et al., 2020). Indeed, primary 

http://brainmap.org/taxonomy/behaviors.html
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persistent negative symptoms still represent an unmet need in the care of patients with SZ 

(Mucci et al., 2017). Finally, the GM reduction of cerebral areas correlated with sexual 

interoception is in line with the evidence of deficits in sexual cognition and fantasy arousal 

found in unmedicated patients with SZ: these deficits, therefore, are not necessarily secondary 

to the antipsychotic treatment (Dembler-Stamm et al., 2018). 

 

2.4.4. Functional networks and their relationship with different SZ stages 

Most of the altered GM volume in each clinical group belongs to encephalic regions 

that are key nodes of the SN, which is composed by the ACC, the ventral part of the PrCG 

(BA 6, pre-SMA) and the AI (Seeley et al., 2007). The pivotal role played by this functional 

network in the psychopathology of SZ is supported by numerous studies that found 

associations between structural and functional alteration of the SN and the core symptoms and 

the prognosis of the disorder (Li et al., 2019b; Palaniyappan and Liddle, 2012). Moreover, in 

agreement with our results, alteration of the SN was found in all the SZ stages (Mallikarjun et 

al., 2018; Spreng et al., 2019; Wang et al., 2016). The SN is thought to be responsible for 

dynamic switching between default mode and task-related states of the brain, and is engaged 

in a plethora of tasks involving interoceptive, action, perceptive and cognitive domains 

(Menon and Uddin, 2010; Uddin, 2015). Our behavioral characterization accords well with 

this evidence.  

In terms of absolute number of volumes associated, the OFC-N was the most functional 

network involved in the c-HR group, with the following progression between the three 

clinical groups: c-HR < RDSZ < ChSZ. The importance of the OFC-N in the prodromal phase 

of SZ was emphasized by Collin et al. (2018), who found that the OFC resting-state 

functional connectivity (rsFC) is a distinctive trait of the c-HR subjects that, after the MR 

scan, transition into overt psychosis. The OFC-N is involved in the inference of the expected 

outcomes’ values. This inference ability is impaired when the rsFC of the OFC is reduced 

with targeted transcranial magnetic stimulation (Howard et al., 2020). Therefore, a GM 

decrease of OFC-N cortical areas could be related to the prodromal negative symptoms, 

particularly to the motivational deficits that are frequently found in c-HR subjects and heavily 

impact on quality of life (Glenthoj et al., 2020). 

Morphometric variations of RDSZ appear to accumulate preferentially in specific 

functional systems, namely L-VAN, MN and SMN.  GM reductions of the BA 44, 45 and 47 
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located in the L-IFG correspond to a selective involvement of the L-VAN, that is thought to 

be involved in reorienting attention toward unattended stimuli (Corbetta et al., 2002). This 

result accords well with the evidence of altered connectivity of the VAN in patients in the SZ 

early-stage (Hummer et al., 2020). However, it should be noted that the involvement of the R-

VAN is almost exclusive to the ChSZ condition; it might therefore be considered as the 

functional counterpart of the homotopic progression (from left to right) of the GM alteration.    

A significant GM decrease of the BAs 6 and 4, which are parts of the MN, is 

specifically found in the RDSZ condition. In particular, the primary motor area (M1) 

corresponds to the BA 4 and the premotor area (PMA), while the supplementary motor area 

(SMA) and the pre-SMA partly belong to the BA 6. Our findings are in agreement with 

previous studies showing alteration of M1 and SMA connectivity in SZ, after controlling for 

age and antipsychotic medications (Bernard et al., 2017), as well as alteration of the BA 6 

correlated with abnormal involuntary movements in RDSZ patients (Kindler et al., 2019).  

The specific GM reduction of the pars opercularis of the PoCG (BA 43), which 

constitutes part of the secondary somatosensory area (S2), corresponds to the selective 

involvement of the SMN found in the RDSZ group. This network is involved in auditory, 

visual, tactile and direct pain perception, social perception (observation of the stimulus 

percepted by others), and empathetic accuracy tasks (judging the meaning of the social 

stimulus) (Keysers et al., 2010; Paracampo et al., 2017). The SMN dysconnectivity has been 

associated with multiple transdiagnostic dimensions of psychopathology in different major 

psychiatric disorders, including SZ (Kebets et al., 2019). Furthermore, a recent study on 

RDSZ subjects demonstrated how, in this specific phase of the disorder, sensorimotor 

conflictual stimuli could induce failure in bodily self-monitoring by generating presence 

hallucination, that is, by making patients wrongly perceive a person standing behind 

themselves (Salomon et al., 2020).  

GM reductions in the bilateral thalami (MDN and pulvinar) and in the head of the left 

caudate have been specifically associated with the ChSZ group. In this group such GM loss 

may reflect the greater involvement of the Th-BN-N at both absolute and relative levels. This 

result is in line with a recent study on ChSZ patients (mean DOI > 15 years) that reported a 

hypo-connection of the SN with the MDN of the thalamus, the ventral parts of striatum and 

the pallidum, and a hyper-connection of the SMN with the anterior ventral nucleus of the 

thalamus and the dorsal striatum, which includes the caudate nucleus (Avram et al., 2018). 
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Thus, according to this evidence and to our results, it is likely a progressive involvement of 

subcortical “relays” structures as SZ develops. This engagement might play a role in the 

dysconnectivity and altered integration of other functional networks, such as the SN, MN and 

the SMN (Ferri et al., 2018; Hua et al., 2019; Skåtun et al., 2018). 

 

2.4.5. Effects of clinical and methodological variables 

Our voxel-wise meta-regression approach suggests that gender, antipsychotics, sample 

size and imaging smoothing level had significant effects on GM alterations across 

experiments. The result of widespread brain abnormalities in patients’ groups with higher 

percentage of male is not surprising in SZ literature. Similarly to Bora et al. (2011), our 

results reveal a GM negative relationship related to the L-IFG, R-Ins, and bilateral thalamus 

in samples with a higher percentage of male patients. Volumetric variations have been related 

to different GM decreases in male/female patients with SZ (Mendrek and Mancini-Marïe, 

2016), which to some extent may reflect different gender health development (Lotze et al., 

2019).   

   Groups with a high percentage of patients undergoing antipsychotic treatment have been 

associated with more severe GM loss in the L-MFG, R-STG, and R-Ins. At present, the 

association between the antipsychotic medication and regional anatomical changes in SZ 

remains inconsistent (Lawrie, 2018). Taken in this context, our results provide voxel-based 

evidence of localized effects related to antipsychotic drug usage. Cautious interpretations are 

needed due to the lack of longitudinal approach and the unappreciated contribution of other 

variables such as the severity of symptoms, which could variously correlate with an 

antipsychotic treatment and its duration, dosage and typology, as well as a more or less 

marked GM alteration (Fusar-Poli et al., 2013; Vita et al., 2015).   

   Small sample size impacts on GM findings in a double cluster of alteration, corresponding 

to the R-STG and the L-ACC. This result is consistent with a number of studies highlighting 

the importance of sufficiently large sample sizes in neuroimaging investigations in order to 

enhance reproducibility and decrease between-study heterogeneity (Chen et al., 2018; Ingre, 

2013; Lorca-Puls et al., 2018). Although the CBMA approach tends to mitigate these issues, 

our findings further highlight that it is advisable to increase the number of patients to provide 

more robust results.   

   The absence of significant linear effect on GM volumes with chlorpromazine equivalents 
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could be explained by the heterogeneity of antipsychotic drugs and of the times of exposure to 

the drugs (Vita et al., 2015). A similar explanation concerns the absence of linear association 

between positive and negative symptoms and GM alterations. These two dimensions of 

symptoms were evaluated with the PANSS positive and negative subscales, that include many 

items poorly correlated with these two symptomatic constructs, therefore introducing “noise” 

in the data (Fountoulakis et al., 2019). More specific and targeted evaluations of signs and 

symptoms of SZ, possibly based on the factor analysis of the PANSS (Kay et al., 1987) and 

taking into account also disorganized, depressive and cognitive symptoms, should be 

recommended in all neuroimaging studies on SZ in order to better detect significant 

correlation between imaging and specific aspects of the disorder.  

 

2.4.6. Innovation and strengths  

Our work partially confirms the results of the previous CBMAs about SZ stages and 

provides new evidence for their better characterization. First, we were able to include the 

largest number of published experiments due to the rapid growth of the field. The balance 

between sensitivity and susceptibility to false positive effects was therefore maximized and 

the power of the meta-analysis increased (Müller et al., 2018).  

Second, published articles that pooled together both patients with short and long 

duration of illness were excluded and studies about HR were included, allowing us to study 

morphological and functional patterns related to specific stages of the disorder, including the 

prodromal phase, so as to exclude possible confounding elements derived from other 

diagnosis belonging to the SSD. For the comparisons between clinical groups we added a set 

of conjunction and contrast analyses, allowing us to statistically derive common and 

potentially distinctive neuroanatomical markers.  

Third, we employed a new revised version of the ALE method and implemented a 

conservative thresholding. To our knowledge, this is the first ALE study on SZ using both the 

corrected GingerALE version and cluster-level FWE correction, ensuring an adequate type I 

error control and the maximum statistical rigor (Eickhoff et al., 2017; Eickhoff et al., 2016). 

Importantly, the involvement of ALE-derived brain regions was further demonstrated via 

voxel-wise permutation tests.   

Fourth, we found the neuroanatomical effects of male sex, sample size, image 

smoothing level and medication. Although these results should be interpreted with caution, as 
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meta-regression tested the mean-relation between samples (Radua et al., 2012) and a different 

algorithm than ALE was employed, they might shed light on the impact of certain variables 

on GM findings, as well as improve future sampling and methodological strategies. 

Fifth, the quantitative functional characterization used in this study ensured a 

comprehensive and objective behavioral association to GM findings, and explored mental 

functions prominently linked to different stages of SZ. This choice was motivated by the 

long-standing debate concerning the limits of observer-dependent and region-to-behavior 

inference in the field of neuroimaging (Scarpazza and De Simone, 2016).  

 

2.4.7. Limitations and challenges 

The present study has general limitations inherent to meta-analytic approach.  

The ALE technique is based on stereotactic foci reported by published articles and, therefore, 

may be potentially affected by the publication bias against null results (i.e. file-drawer 

problem) (Müller et al., 2018). Other bias could relate to the selective local maxima 

evaluation, excluding the remaining significant voxels of variation. However, it should be 

noted this standardized procedure in the neuroimaging field and in CBMA, can decrease the 

probability of making spatial errors (Eickhoff et al., 2009; Radua et al., 2012). 

   We also note that the incomplete reporting of included investigations data may hamper 

some meta-regression results. For instance, a number of studies do not provided information 

about medication dosage (49/90 studies, 54.5% of the total) or PANSS positive and negative 

scores (34/90 studies, 37.7% of the total).  

Finally, it is important to point out that our approach cannot determine causality of 

illness progression due to the lack of longitudinal design. However, robust cross-sectional 

meta- and mega-analyses are also essential to further clarify this issue and build a more 

integrative view (Meisenzahl et al., 2008a; Pantelis et al., 2005; Torres et al., 2016; Zhao et 

al., 2018). In this regard, our approach has been highly sensitive in quantifying more 

widespread structural changes in the chronic condition than in the first period after the onset 

of the disorder; in addition, it has been able to identify certain common alteration patterns that 

could represent critical starting points in the propagation of damage and clinical 

manifestations of the disease. 

Although we have consolidated the existing literature by identifying the ‘if’ and ‘where’ 

of GM changes in SZ, future investigations are needed to detect ‘how’ these changes co-occur 
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in a network-like architecture and diffuse at different stages of disease. Moreover, the 

development of novel ‘reverse inference’ methodologies is greatly needed in order to 

disentangle the pathological brain landscape, as well as to identify the cerebral regions 

exhibiting high alteration specificity for the SZ condition. 

 

2.5. Conclusion 

This meta-analysis provides a quantitative summary of voxel-based results on different 

stages of SZ published over the last two-decades. Our findings support the current framework 

that considers SZ as a neurodevelopmental disease with a neuroprogressive component, but 

also update and characterize the pathological landscape of SZ stages. The heterogeneity in the 

underlying literature notwithstanding, we have found high-quality evidence for convergent 

GM loss in cortico-striatal-limbic hub regions. It is worth noting that the GM reduction in the 

R-ACC is present both in the c-HR group and in SZ groups; if confirmed, this result would 

make the alteration of R-ACC a possible marker of disease progression. A widespread GM 

loss has been found in the RDSZ patients, mainly in frontal and temporal areas of the left 

cerebral hemisphere. A further spread of the GM reduction in homotopic areas of the right 

hemisphere as well as into subcortical region has been found in the ChSZ subjects. Albeit in 

cross-sectional and meta-analytic manner, these results are likely to reflect the temporal 

progression of SZ and the interhemispheric and subcortical diffusion of its neuroanatomical 

alteration. The development of novel neuroimaging methodologies and of longitudinal 

multicenter and multimodal studies is needed to advance in this field. We are therefore 

hopeful that the approach employed here may pave the way for research on possible 

diagnostic and neuroimaging biomarkers of SZ staging, as well as on the identification of new 

therapeutics target that could be addressed not only with psychopharmacological treatments 

but also with focused magnetic and/or non-invasive electric stimulation and with evidence-

based psychosocial rehabilitation programs. 
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2.6. Supplementary material 

2.6.1. Supplementary tables 

Table S2.1. Checklist for neuroimaging coordinate-based meta-analysis (adapted from Muller et al. 

2018). 

1 

The research 

question is 

specifically 

defined 

 

YES and it includes the following contrasts: 

General Meta-Analyses:  

a) g-HR group < HC group;  

b) c-HR group < HC group;  

c) RDSZ group < HC group;  

d) ChSZ group < HC group.  

Contrast Meta-Analyses:  

e) (c-HR group < HC group) < (RDSZ group < HC group); 

f) (RDSZ group < HC group) < (c-HR group < HC group); 

g) (c-HR group < HC group) U (RDSZ group < HC group); 

h) (RDSZ group < HC group) < (ChSZ group < HC group); 

i) (ChSZ group < HC group) < (RDSZ group < HC group); 

j) (RDSZ group < HC group) < (ChSZ group < HC group); 

k) (RDSZ group < HC group) U (ChSZ group < HC group). 

 

2 

The literature 

search was 

systematic 

 

YES, it includes the following keywords in the following databases  

(PRISMA international guidelines used): 

Databases: BrainMap (http://www.brainmap.org/), PubMed MEDLINE 

(https://www.ncbi.nlm.nih.gov/pubmed/), reference within the selected literature. 

Keywords BrainMap:  

[Experiments Contrast is Gray Matter] AND [Experiments Context is Disease Effects] 

AND [Subjects Diagnosis is Schizophrenia] AND [Subjects Diagnosis is NOT Schizotypal 

Personality Disorder] AND [Subjects Diagnosis is NOT Schizoaffective Disorder] AND 

[Experiments Observed Changes is Controls > Patients] AND [Experiments Observed 

Changes is Controls < Patients].  

Keywords PubMed:  

(“voxel-based morphometry” OR “VBM” OR “voxel-wise”) AND (“schizophrenia” OR 

“chronic schizophrenia” OR “SZ” OR “first episode schizophrenia” OR “first episode 

psychosis” OR “high risk schizophrenia” OR “siblings schizophrenia” OR “first degree 

relatives” OR “genetic risk schizophrenia” OR “at risk of mental state” OR “ARMS” OR 

“ultra-high risk”). 

 

 

3 

Detailed 

inclusion and 

exclusion 

criteria are 

included 

 

YES, and reason for non-standard criterion was: 

Standard inclusion criteria applied:  

a) Only experiments that used whole-brain analysis;  

b) Only experiments published in a peer-review journal; 

c) Only experiments that reported results in a stereotactic space. 

Non standard inclusion criteria applied:  

d) Only experiments that used VBM - in order to maximize the power of the meta-

analysis and to exclude meta-data with other structural and functional MRI 

methods, whose results have a different meaning; 

http://www.brainmap.org/
https://www.ncbi.nlm.nih.gov/pubmed/
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e) Only experiments that performed a between-group comparison with clinical 

groups of interest and healthy controls - in accordance with research question; 

f) Only experiments (i.e., g-HR group) that included subjects that were monozygotic 

twins, siblings and first/second-degree relatives of patients with SZ - in accordance 

with research question; 

g) Only experiments (i.e., c-HR group) that included at risk of mental state subjects 

based on PACE, CAARMS or SIPS criteria - in order to specifically study the 

clinical risk contribution according to the model proposed by Fusar-Poli et al. 

(2011a); 

h) Only experiments (i.e., RDSZ and ChSZ groups) that included subjects with 

diagnosis of SZ based on DSM and ICD criteria - in order to specifically address 

the contribution of SZ (diagnosed with the most employed and stable over time 

diagnostic criteria) to neuroimaging alteration and not that of the whole SSD; 

i) Only experiments (i.e., RDSZ and ChSZ groups) that included in the experimental 

group subjects with specific a specified duration of illness (DOI) in order to study 

the disorder at different stages (i.e. RDSZ = DOI < 2 years and ChSZ = DOI ≥ 2 

years); 

j) Only experiments (i.e., RDSZ and ChSZ groups) that included subjects without 

other medical comorbidities - in order to exclude confounding factors and to 

increase the specificity of the coordinate-based meta-analysis; 

k) Only experiments that adopted analyses corrected for multiple comparisons or 

cluster-wise extent thresholds >100 voxels, in order to reduce the likelihood to 

include experiments presenting false positives; 

l) Only experiments with sample size ≥ 10 participants (per group) - in order to 

reduce the likelihood to include experiments presenting false positives, according 

to previous coordinate-based meta-analyses; 

m) Only experiments with non-mixed experimental sample (i.e., RDSZ + ChSZ 

subjects) - in order to exclude confounding factors related to the stage of illness 

and to increase the specificity of the coordinate-based meta-analysis; 

n) Only more recent experiments published by the same research group with the same 

sample - in order to prevent redundancy of subjects and related results. 

 

4 

Sample overlap 

was taken into 

account 

 

YES, using the following method: 

For each selected article, only the contrast of interest that the meta-analysis aims to 

investigate has been included. In some cases, more contrasts were selected for a single 

article: in all these cases, the authors run the analysis on two or more independent samples 

(i.e., g-HR, C-HR, RDSZ and/or ChSZ vs HC) and this is clearly stated in the article. 

 

 

5 

All experiments 

use the same 

search coverage  

 

 

YES, the search coverage is the following: 

Whole-brain voxel-based morphometry analysis.  

If an experiment reported whole brain + ROI or SVC analysis, the whole-brain analysis 

only has been included in the meta-analysis; if an experiment reported the ROI analysis or 

SVC only, the experiment was excluded from the meta-analysis in accordance with our 

inclusion/exclusion criteria. Experiments reporting only conjunctional analysis have been 

excluded. 

 

 

6 

 

YES, using the following conversion: 
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Studies are 

converted to a 

common space 

 

Meta-analyses were conducted in Talairach (TAL) space.  

The icbm2tal algorithm, as implemented in GingerALE software (v.3.0.2), was used to 

convert the native Montreal Neurological Institute (MNI) coordinates into TAL space. 

 

 

7 

Data extraction 

have been 

conducted by 

two 

investigators  

 

 

YES, the following authors: 

 

DL, CB and PR checked inclusion criteria; 

DL, CB extracted coordinates; 

DL, CB extracted other info: clinical, socio-demographic and methodological meta-data 

reported in Supplementary tables S2.2 and S2.3. 

 

 

8 

The paper 

includes a table 

with basic study 

descriptions  

 

 

YES, and also the following data:  

Article reference; number of subjects included; sex distribution, mean age at scan, 

classification and instrument of classification (i.e., PACE, CAARMS, SIPS, DSM or ICD) 

for experimental subjects (i.e., g-HR, c-HR, RDSZ and ChSZ groups), duration of illness, 

percentage of subjects on antipsychotic treatment, contrast performed, number of foci of 

GM variation for each experiment included, type of VBM software, p value threshold, MRI 

static field, smoothing, slice thickness and coordinate system. 

 

 

9 

The study 

protocol was 

previously 

registered and 

all analyses 

planned  

 

 

a) The present coordinate-based meta-analysis was not registered before starting 

the search. According with PROSPERO database 

(https://www.crd.york.ac.uk/prospero/), both systematic and scoping literature 

review and meta-analysis should be not registered, which is the present case; 

b) We declared that we planned all the analysis before starting the literature search 

and that we did not run any non-planned or non-prespecified analysis; 

c) The meta-analysis used the default methods and parameters of the software with 

the following exceptions: none. 

 

10 

The meta-

analysis 

includes 

diagnostics 

 

YES, we used post hoc analyses providing more detailed information on the revealed 

clusters of convergence or effect: 

Voxel-wise meta-regression analyses, using the Signed Differential Mapping software 

(SDM v.6.12). 

 

 

 

 

 

 

 

 

 

 

(https:/www.crd.york.ac.uk/prospero/
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Table S2.2. Articles included in the meta-analysis: demographic and clinical meta-data.  

Study 
Subjects Classification 

or 

Instrument 

DOI 
Antipsychotic 

treatment (%) 

Healthy Controls 

N M(F) Age  N M(F) Age  

Genetic and Clinical High-Risk Group 

Benetti et al. (2013)  21 9 (12) 
22.1 

(3.3) 
cHRS (PACE) N.A. 9% 23 

12 

(11) 

24.2 

(4.2) 

Bogwardt et al. 

(2007a) 
12 9 (3) 

24.6 

(5.3) 
cHRS (PACE) N.A. 8% 22 13 (9) 

23.0 

(4.3) 

Bogwardt et al. 

(2007b) 
35 22 (13) 

23.7 

(5.6) 
cHRS (PACE) N.A. 9% 22 13 (9) 

23.0 

(4.3) 

Bogwardt et al. (2008) 10 7 (3) 
25.2 

(6.7) 
cHRS (PACE) N.A. 10% 10 5 (5) 

24.2 

(6.1) 

Bogwardt et al. (2010) 28 22 (6) 
37.7 

(9.1) 
F-RELATIVE N.A. N.A.  34 

24 

(10) 

39.3 

(9.5) 

Chang et al. (2016) 

(HR exp.) 
31 21 (10) 

18.4 

(3.4) 
F-RELATIVE N.A. 3% 71 

27 

(44) 

20.6 

(3.5) 

Dukart et al. (2017) 59 43 (16) 
24.7 

(5.7) 
cHRS (PACE) N.A. 23% 26 

12 

(14) 

27.7 

(4.5) 

Fusar-Poli et al. 

(2011a) 
15 N.A. N.A. cHRS (PACE) N.A. 0% 15 N.A. N.A. 

Fusar-Poli et al. 

(2011b) 
39 24 (15) 

24.5 

(4.5) 
cHRS (PACE) N.A. 46% 41 33 (8) 

25.9 

(5.2) 

Guo et al. (2014)  25 17 (8) 
23.2 

(3.3) 
F-RELATIVE N.A. 0% 43 

25 

(18) 

23.7 

(2.8) 

Guo et al. (2015)  

(HR exp.) 
46 29 (17) 

22.9 

(4.0) 
F-RELATIVE N.A. 0% 46 

23 

(23) 

23.3 

(2.3) 

Honea et al. (2008) 213 87 (126) 
36.5 

(9.7) 
F-RELATIVE N.A. 0% 212 

101 

(111) 

33.3 

(9.9) 

Hu et al. (2013)  

(HR exp.) 
48 30 (18) 

22.3 

(3.9) 
F-RELATIVE N.A. 0% 59 

38 

(21) 

23.2 

(2.6) 

Hulshoff Pol et al. 

(2006) 
22 12 (10) 

39.0 

(11.7) 
F-RELATIVE N.A. N.A. 22 

11 

(11) 
37.0 

Jacobson et al. (2010) 11 N.A. 12.0 
cHRS 

(CAARMS) 
N.A. 0% 14 N.A. 11.0 

Job et al. (2003)  

(HR exp.) 
146 74 (72) 

21.2 

(2.9) 

F/S 

RELATIVE 
N.A. 0% 36 

17 

(19) 

21.2 

(2.4) 

Jung et al. (2012) 16 9 (7) 
21.6 

(4.1) 

cHRS 

(CAARMS) 
N.A. 19% 23 

13 

(10) 

22.9 

(3.7) 

Lee et al. (2013) 32 22 (10) 
20.6 

(2.5) 
cHRS (SIPS) N.A. 0% 32 

20 

(12) 

21.9 

(2.4) 

Lei et al. (2015)  

(HR exp.) 
44 26 (18) 

23.1 

(6.9) 
F-RELATIVE N.A. 0% 44 

26 

(18) 

22.5 

(6.2) 

Li et al. (2012) 21 7 (14) 
21.1 

(5.5) 
F-RELATIVE N.A. 0% 48 

24 

(24) 

22.0 

(5.1) 

Lincoln et al. (2014) 22 N.A. 
22.0 

(4.5) 
cHRS (SIPS) N.A. N.A. 21 N.A. 

22.2 

(3.0) 

Lui et at al. (2009a) 

(HR exp.) 
10 4 (6) 

41.4 

(3.7) 

F/S-

REALTIVE 
N.A. 0% 10 4 (6) 

43.2 

(6.3) 

Marcelis et al. (2003) 32 14 (18) 
35.5 

(10.0) 
F-RELATIVE N.A. N.A. 27 

12 

(15) 

35.5 

(9.8) 

McIntosh et al. (2006) 50 N.A. 
38.9 

(12.9) 

F/S-

RELATIVE 
N.A. 0% 48 N.A. N.A. 

McIntosh et al. (2007) 75 57 (20) 22.0  
F/S-

RELATIVE 
N.A. N.A. 15 9 (6) 21.8 
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Study 

Subjects Classification 

or 

Instrument 

DOI 
Antipsychotic 

treatment (%) 

Healthy Controls 

N M(F) Age N M(F) Age 

Mechelli et al. (2011) 182 66 (116) 23.0 cHRS (PACE) N.A. 8% 167 
104 

(63) 
23.5 

Meisenzahl et al. 

(2008b) 
40 25 (15) 

25.0 

(5.6) 
cHRS (PACE) N.A. 0% 75 

46 

(29) 

25.1 

(3.8) 

Nenadic et al. (2015)  43 21 (22) 
23.7 

(3.3) 

cHRS 

(CAARMS) 
N.A. 0% 49 

26 

(23) 

23.8 

(3.0) 

Oertel-Knochel et al. 

(2012) (HR exp.) 
29 14 (15) 

40.4 

(15.8) 
F-RELATIVE N.A. 0% 37 

17 

(20) 

39.9 

(10.5) 

Pantelis et al. (2003) 23 13 (10) 
19.3 

(3.7) 
cHRS (PACE) 

1.8 

(2.1) 
N.A. 52 

30 

(22) 

21.6 

(3.3) 

Sugranyes et al.(2015) 38 25 (13) 
11.0 

(3.3) 
F-RELATIVE N.A. 56% 83 

44 

(39) 

11.8 

(3.2) 

Tian et al. (2011) 55 27 (28) 
50.3 

(5.1) 
F-RELATIVE N.A. 0% 29 

14 

(15) 

51.8 

(5.6) 

Wagshal et al. (2015) 14 8 (6) 
12.1 

(2.4) 
F-RELATIVE N.A. 0% 46 

25 

(21) 

12.9 

(2.6) 

Witthaus et al. (2009) 

(HR exp.) 
30 20 (10) 

25.1 

(4.3) 
cHRS (SIPS) N.A. 40% 29 

17 

(12) 

25.7 

(5.2) 

Recently Diagnosed Schizophrenia Group 

Asami et al. (2012) 33 28 (5) 
22.5 

(6.7) 

DSM-III-R 

DSM-IV 

0.4 

(0.4) 
100% 36 30 (6) 

22.9 

(3.8) 

Chang et al. (2016) 

(RDSZ exp.) 
60 29 (31) 

18.3 

(3.4) 
DSM-IV 

0.7 

(1.1) 
45% 71 

27 

(44) 

20.6 

(3.5) 

Chen et al. (2014) 86 47 (39) 
24.5 

(0.9) 
DSM-IV 

0.9 

(0.2) 
0% 86 

46 

(40) 

25.0 

(1.0) 

Douaud et al. (2007) 25 18 (7) 
16.5 

(1.3) 
DSM-IV 

1.4 

(0.7) 
100% 25 

16.2 

(1.7) 
17 (8) 

Farrow et al. (2005) 25 18 (7) 
20.0 

(3.0) 
DSM-III 0.6 100% 22 13 (9) 

20.0 

(4.0) 

Ferri et al. (2012) 19 14 (5) 
27.2 

(5.4) 
DSM-IV 

0.6 

(0.4) 
100% 19 11 (8) 

28.7 

(5.0) 

Guo et al. (2013) 33 16 (17) 
24.3 

(8.8) 
DSM-IV 0.5 (0.2 100% 33 

16 

(17) 

23.8 

(8.4) 

Guo et al. (2015) 

(RDSZ exp.) 
49 30 (19) 

22.7 

(4.6) 
DSM-IV 

1.8 

(0.5)  
0% 46 

23 

(23) 

23.3 

(2.3) 

Guo et al. (2019) 33 16 (17) 
24.3 

(8.8) 
DSM-5 

0.4 

(0.1) 
100% 33 

16 

(17) 

23.8 

(8.4) 

Henze et al. (2011) 13 8 (5) 
17.1 

(0.5) 
ICD-10 

0.6 

(0.6) 
100% 13 8 (5) 

17.6 

(0.5) 

Hu et al. (2013) 

(RDSZ exp.) 
55 34 (17) 

22.3 

(3.9) 
DSM-IV-TR 

0.1 

(0.6) 
0% 59 

38 

(21) 

23.2 

(2.6) 

Huang et al. (2015) 18 12 (6) 
22.5 

(4.5) 
DSM-IV 

0.7 

(0.4) 
0% 26 17 (9) 

23.1 

(5.4) 

Jayakumar et al. 

(2005) 
18 9 (9) 

24.9 

(6.3) 
DSM-IV 

0.9 

(0.4)  
0% 18 9 (9) 

25.7 

(7.5) 

Janssen et al. (2008) 25 19 (6) 
15.4 

(1.8) 
DSM-IV 

0.3 

(0.2) 
100% 51 

35 

(16) 

15.4 

(1.6) 

Job et al. (2003) 

(RDSZ exp.) 
34 23 (11) 

21.3 

(3.6) 
DSM-IV < 1 0% 36 

17 

(19) 

21.2 

(2.4) 

Kasparek et al. (2009) 32 32 (0) 
23.8 

(4.7) 
ICD-10 

0.7 

(1.1) 
100% 18 18 (0) 

24.1 

(1.6) 

Kubicki et al. (2002) 16 14 (2) 26(7.5) DSM-III-R  0.1 100% 18 16 (2) 24(4.5) 
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Study 

Subjects Classification 

or 

Instrument 

DOI 
Antipsychotic 

treatment (%) 

Healthy Controls 

N M(F) Age N M(F) Age 

Lei et al. (2015) 

(RDSZ exp.) 
88 52 (36) 23.0 DSM-IV 

1.8 

(0.6) 
9% 44 

26 

(18) 

22.5 

(6.2) 

Lei et al. (2019) 14 10 (4) 
21.8 

(5.3) 
DSM-IV < 1 0% 32 23 (9) 

21.6 

(4.6) 

Li et al. (2019) 86 46 (40) 
23.5 

(6.9) 
DSM-5 

1.1 

(1.2) 
100% 86 

45 

(41) 

24.0 

(6.3) 

Liao et al. (2015) 93 57 (36) 
27.0 

(6.6) 
DSM-IV-TR 

1.7 

(1.4) 
100% 99 

53 

(46) 

25.8 

(5.4) 

Lui et al. (2009a) 

(RDSZ exp.) 
10 5 (5) 

21.2 

(7.5) 
DSM-IV 

0.4 

(0.2) 
N.A. 10 5 (5) 

23.0 

(7.9) 

Lui et al. (2009b) 68 30 (38) 
24.2 

(8.6) 
DSM-IV 

0.7 

(1.2) 
0% 68 

31 

(37) 

24.7 

(8.8) 

Meda et al. (2008) 

(RDSZ exp.) 
22 14 (8) 

25.1 

(7.0) 

DSM-III-R 

DSM-IV  
< 2 0% 21 13 (8) 

26.2 

(7.5) 

Meisenzahl et al. 

(2008a)  

(RDSZ exp.) 

93 67 (26) 
28.2 

(7.6) 
DSM-IV 

0.7 

(1.0)  
85% 177 

123 

(54) 

31.5 

(9.2) 

Molina et al. (2010) 30 20 (10) 
25.8 

(5.0) 
DSM-IV 

1.4 

(0.9) 
0% 40 

23 

(17) 

29.4 

(9.0) 

Nakamura et al. 

(2013) 
34 20 (14) 

24.7 

(5.5) 
ICD-10 < 1 0% 51 

30 

(21) 

23.9 

(1.8) 

Poeppl et al. (2014) 20 15 (5) 
27.7 

(7.1) 

DSM-IV-TR 

ICD-10 

0.1 

(0.1) 
100% 30 

19 

(119 

30.2 

(7.6) 

Price et al. (2010) 41 N.A. 26.2 DSM-IV 0.2 100% 47 
27 

(20) 
24.8 

Ren et al. (2013) 100 41 (59) 
24.3 

(7.4) 
DSM-IV 

0.5 

(0.9)  
0% 100 

41 

(59) 

24.4 

(7.6) 

Schaufelberger et al. 

(2007) 
62 44 (18) 

27.6 

(8.0) 
DSM-IV 

0.5 

(1.2) 
39% 94 

53 

(41) 

30.2 

(8.4) 

Sheng et al. (2013) 33 15 (18) 
22.8 

(3.5) 
DSM-IV 

0.7 

(0.8) 
100% 41 

25 

(16) 

23.5 

(2.8) 

Tang et al. (2012) 29 13 (16) 
16.5 

(0.9) 
DSM-IV-TR 

0.8 

(0.4) 
83% 34 

16 

(18) 

16.6 

(0.8) 

Torres et al. (2016) 

(RDSZ exp.) 
62 44 (18) 

27.7 

(8.1) 
DSM-IV 

0.5 

(1.2) 
100% 151 N.A.  N.A.  

Voets et al. (2008) 25 18 (7) 
16.0 

(1.4) 
DSM-IV 

1.4 

(0.7) 
100% 25 17 (8) 

16.0 

(1.5) 

Wang et al. (2017a) 18 7 (11) 
24.5 

(6.7) 
DSM-IV 

0.6 

(0.5)  
N.A.  21 

10 

(11) 

22.4 

(3.9) 

Watson et al. (2012) 25 19 (6) 
28.8 

(9.0) 
ICD-10 

1.6 

(0.7) 
100% 25 19 (6) 

28.2 

(8.5) 

Whitford et al. (2005) 31 20 (11) 
19.3 

(3.5) 
DSM-IV 

0.5 

(0.7)  
87% 30 

20 

(10) 

19.3 

(3.0) 

Witthaus et al. (2009)  

(RDSZ exp.) 
23 16 (7) 

26.4 

(6.1) 
DSM-IV 0.7 26% 29 

17 

(12) 

25.7 

(5.2) 

Yoshihara et al. (2008) 18 9 (9) 
15.8 

(1.8) 
DSM-IV 

1.2 

(0.9) 
94% 18 9 (9) 

15.8 

(1.3) 

Zhang et al. (2015) 37 17 (20) 
15.5 

(1.8) 
DSM-IV-TR 

1.3 

(1.2) 
0% 30 

17 

(13) 

15.3 

(1.6) 

Chronic Schizophrenia Group 

Amann et al. (2016) 45 26 (19) 
43.2 

(9.1) 
DSM-IV 

21.5 

(9.8) 
100% 45 

26 

(19) 

43.3 

(9.9) 
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Study 

Subjects Classification 

or 

Instrument 

DOI 
Antipsychotic 

treatment (%) 

Healthy Controls 

N M(F) Age N M(F) Age 

Ananth et al. (2002) 20 10 (10) 
37.8 

(9.5) 
 ICD-10-R 15.8 100% 20 

10 

(10) 

38.6 

(9.7) 

Anderson et al. (2015) 15 13 (2) 
34.3 

(7.1) 
DSM-IV 

11.4 

(4.5) 
100% 20 17 (3) 

33.3 

(8.4) 

Bassitt et al. (2007) 50 38 (12) 
31.7 

(7.1) 
DSM-IV 

11.4 

(7.4) 
100% 30 21 (9) 

31.2 

(7.6) 

Brown et al. (2011) 17 8 (9) 
44.8 

(6.8) 
DSM-IV 

19.1 

(6.2) 
100% 21 

10 

(11) 

45.0 

(10.2) 

Cascella et al. (2010) 50 37 (13) 39.7 DSM-IV 15.7 100% 90 
43 

(47) 

46.3 

(12.7) 

Delvecchio et al. 

(2017) 
61 36 (25) 

40.8 

(11.2) 
DSM-IV 

14.6 

(11.2) 
100% 59 

35 

(24) 

40.2 

(11.3) 

Donohoe et al. (2011) 70 46 (24) 
40.4 

(11.7) 
DSM-IV 

17.8 

(10.6) 
100% 38 

20 

(18) 

32.5 

(12.7) 

Egashira et al. (2014) 24 8 (16) 
58.2 

(8.4) 
DSM-IV-TR 

34.6 

(10.3) 
N.A. 41 8 (33) 

58.8 

(8.8) 

Garcia-Marti et al. 

(2008) 
17 17 (0) 

35.7 

(6.1) 
DSM-IV 

18.8 

(7.7) 
100% 19 19 (0) 

33.1 

(7.6) 

Giuliani et al. (2005) 41 32 (12) 
39.0 

(5.6) 

DSM-III-R 

DSM-IV  

17.3 

(7.6) 
N.A. 34 

17 

(17) 

34.7 

(7.2) 

Hidese et al. (2018) 83 47 (36) 
38.6 

(11.2) 
DSM-IV 

14.5 

(9.8) 
91% 130 

67 

(63) 

42.1 

(15.2) 

Hirao et al. (2008) 20 10 (10) 
36.7 

(7.6) 
DSM-IV 

10.6 

(7.4) 
100% 20 

10 

(10) 

35.0 

(7.1) 

Horacek et al. (2011) 44 22 (22) 
30.8 

(9.8) 
DSM-IV 

6.6 

(4.4) 
91% 56 

23 

(33) 

27.9 

(7.3) 

Jiang et al. (2018) 30 29 (1) 
49.0 

(8.3) 
DSM-IV > 20 100% 126 

84 

(42) 

38. 

(14.9) 

Kenneth Martin et al. 

(2014) 
26 N.A. 

44.6 

(10.7) 
DSM-IV 22.8 N.A. 50 

28 

(22) 

46.5 

(9.6) 

Kim et al. (2017b) 22 12 (10) 
31.7 

(10) 
DSM-IV-TR 

9.2 

(6.6) 
91% 22 

12 

(10) 

31.6 

(9.5) 

Kong et al. (2015) 22 16 (6) 
53.9 

(8.5) 
DSM-IV 

31.5 

(13)  
100% 20 12 (8) 

52.7 

(8.1) 

Koutsouleris et al. 

(2007) 
175 130 (45) 

31.7 

(10.2) 
DSM-IV 4.3 81% 177 

123 

(54) 

31.5 

(9.2) 

Martì-Bonmatì et al. 

(2007) 
21 21 (0) 39 (10) DSM-IV 

15.0 

(8.0) 
100% 10 10 (0) 

35.0 

(7.0) 

McDonald et al. 

(2005) 
25 18 (7) 

37.3 

(10.2) 
DSM-IV 

20.0 

(5.0) 
100% 52 

24 

(28) 

39.3 

(14.8) 

Meda et al. (2008) 

(ChSZ exp.) 
34 24 (10) 

41.3 

(5.3) 

DSM-III-R 

DSM-IV  
> 2 100% 34 

17 

(17) 

42.5 

(6.7) 

Meisenzahl et al. 

(2008a) (ChSZ exp.) 
72 56 (16) 

35.6 

(10.3) 
DSM-IV 9.5  86% 177 

123 

(54) 

31.5 

(9.2) 

Molina et al. (2010) 26 17 (9) 
36.3 

(11.6) 
DSM-IV 

10.9 

(7.9) 
100% 41 

23 

(18) 

29.4 

(9.0) 

Neugebauer et al. 

(2019) 
18 11 (7) 

36.9 

(9.9) 
ICD-10 

12.6 

(9.6) 
100% 19 12 (7) 

35.8 

(11.6) 

Oertel-Knochel et al. 

(2012) (ChSZ exp.) 
31 16 (15) 

38.0 

(11.2) 
DSM-IV 

13.7 

(6.8) 
100% 37 

17 

(20) 

39.4 

(9.9)  

Ortiz-Gil et al. (2011) 23 17 (6) 
40.1 

(10.2) 
DSM-IV 

18.3 

(10.0) 
100% 39 30 (9) 

40.1 

(11.6) 
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Study 

Subjects Classification 

or 

Instrument 

DOI 
Antipsychotic 

treatment (%) 

Healthy Controls 

N M(F) Age N M(F) Age 

Poletti et al. (2016) 96 67 (29) 
37.2 

(9.3) 
DSM-IV 

12.6 

(8.6) 
100% 136 

68 

(68) 

33.3 

(12.9) 

Pomarol-Clotet et al. 

(2010) 
31 21 (11) 

41.5 

(8.8) 
DSM-IV 

21.7 

(9.0) 
100% 31 

21 

(11) 

41.0 

(11.0) 

Rametti et al. (2010) 23 11 (12) 
32.1 

(7.1) 
DSM-IV 

10.5 

(5.9) 
96% 23 

11 

(12) 

31.6 

(7.1) 

Rose et al. (2014) 163 55 (108) 
38.5 

(10.8) 
DSM-IV 15.1 100% 150 

84 

(66) 

33.5 

(13.1) 

Salgado-Pineda et al. 

(2011) 
14 9 (5) 

37.3 

(8.9) 
DSM-IV 

14.0 

(6.7)  
100% 14 9 (5) 

34.6 

(6.0) 

Sans-Sansa et al. 

(2013) 
31 24 (7) 

40.7 

(8.6) 
DSM-IV 

23.8 

(7.8) 
100% 59 

42 

(17) 

38.3 

(10.5) 

Sarro et al. (2013) 81 59 (24) 42.9 DSM-IV 21.6 100% 61 
44 

(17) 

40.7 

(10.1) 

Schiffer et al. (2010) 12 12 (0) 
37.5 

(8.4)  
DSM-IV 

16.8 

(7.2) 
100% 14 14 (0) 

36.7 

(11.4)  

Schuster et al. (2012) 27 14 (13) 
59.9 

(9.1) 
DSM-IV 

29.2 

(9.6) 
93% 40 

17 

(23) 

62.2 

(7.8) 

Shapleske et al. (2002) 72 72 (0) 
34.1 

(8.5) 
DSM-IV 

11.5 

(7.8) 
N.A.  32 32 (0) 

33.3 

(8.7) 

Sigmussond et al. 

(2002) 
27 26 (1) 

34.9 

(7.6) 
DSM-IV 

13.9 

(6.6) 
N.A. 27 25 (2) 

32.2 

(6.7) 

Singh et al. (2014) 14 8 (6) 
34.1 

(9.9) 
DSM-IV 

9.6 

(4.3) 
100% 14 7 (7) 

32.6 

(7.6) 

Singh et al. (2015) 14 11 (3) 
31.5 

(9.4) 
DSM-IV 

9.3 

(6.4) 
100% 14 10 (4) 

27.2 

(4.8) 

Spalthoff et al. (2018) 51 34 (17) 
35.2 

(10.9) 
DSM-IV 8.8  91% 102 

69 

(33) 

33.1 

(9.6) 

Tan et al. (2015) 18 11(7) 
40.5 

(5.5) 
DSM-IV 

15.9(6.

3) 
100% 17 10 (7) 

41.2 

(3.8) 

Torres et al. (2016) 

(ChSZ exp.) 
99 67 (32) 

32.1 

(8.0) 
DSM-IV 

11.0 

(8.2) 
100% 151 N.A.  N.A.  

Tregellas et al. (2007) 32 21 (11) 
39.6 

(8.8) 
DSM-IV 12.0 100% 32 

14 

(18) 

35.3 

(9.3) 

van Tol et al. (2014) 51 44 (7) 
34.0 

(11.4) 
DSM-IV 8.8 100% 51 

37 

(14) 

36.1 

(10.9) 

Venkatasubramanian 

et al. (2010) 
30 21 (9) 

30.1 

(8.3) 
DSM-IV 3.5 0% 27 19 (8) 

27.4 

(7.0) 

Yang et al. (2019) 37 21 (16) 
42.0 

(8.4) 
DSM-IV 

18.4 

(8.9) 
100% 28 

16 

(12) 

40.5 

(10.9) 

Yamada et al. (2007) 20 10 (10) 
38.8 

(7.2) 
DSM-IV 

11.6 

(8.7) 
100% 20 

10 

(10) 

39.1 

(7.1) 

Zhuo et al. (2017) 95 54 (41) 
33.6 

(7.8) 
DSM-IV 

10.1 

(7.7) 
90% 93 

45 

(48) 

33.0 

(10.2) 

M(F), male and female; Age, mean age and standard deviation in years; Classification criteria PACE, Personal 

Assessment and Crisis Evaluation; CAARMS, Comprehensive Assessment of At-Risk Mental States; SIPS, 

Structured Interview for Prodromal Symptoms; DSM, Diagnostic and Statistical Manual of Mental Disorders; 

ICD, International Classification of Diseases; DOI, mean duration of illness and standard deviation in years; 
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cHRS, clinical high-risk subjects; F-RELATIVE, first relative subjects; F/S-RELATIVE, first and second relative 

subjects; N.A., meta-data not associated. 

 

Table S2.3. Articles included in the meta-analysis: foci of alteration and methodological meta-data. 

Study  

GM 

variations p value 

(correction) 

VBM 

software 

Slice 

thickness 

(mm3) 

Smoothing 

(FWHM) 

Scanner 

(Tesla) 
Space 

HC>

SZ 

SZ>

HC 

Benetti et al. (2013)  3 0 
P<0.001 (multiple 

comparisons) 
SPM8 1.1 6 3 MNI 

Bogwardt et al. (2007a) 7 0 
P<0.05 (cluster-

level) 
BAMM 1 5 1.5 TAL 

Bogwardt et al. (2007b) 8 1 
P<0.05 (cluster-

level) 
SPM2 1 5 1.5 TAL 

Bogwardt et al. (2008) 7 0 
P<0.05 (cluster-

level) 
SPM5 1 5 1.5 TAL 

Bogwardt et al. (2010) 11 0 
P<0.05 (multiple 

comparisons) 
SPM2 1.5 8 1.5 MNI 

Chang et al. (2016) (HR exp.) 1 3 
P<0.01 

(AlphaSim) 
SPM8 1 8 3 MNI 

Dukart et al. (2017) 2 2 P<0.05 (FWE) SPM12 N.A. 8 3 MNI 

Fusar-Poli et al. (2011a) 5 0 P<0.05 (FWE) SPM5 1.5 10 1.5 MNI 

Fusar-Poli et al. (2011b) 4 0 P<0.05 (FWE) SPM5 1.5 8 1.5 MNI 

Guo et al. (2014)  1 0 
P<0.001 (cluster-

level) 
SPM8 1.1 8 3 MNI 

Guo et al. (2015)  

(HR exp.) 
2 1 P<0.005 (GRF) SPM8 N.A. N.A. 3 MNI 

Honea et al. (2008) 3 0 P<0.05 (FDR) SPM2 1.5 6 1.5 MNI 

Hu et al. (2013)  

(HR exp.) 
1 0 P<0.05 (FDR) SPM8 1.1 8 3 TAL 

Hulshoff Pol et al. (2006) 1 0 
P<0.05 (multiple 

comparisons) 
SPM2 N.A. 8 1.5 TAL 

Jacobson et al. (2010) 1 4 
P<0.05 (multiple 

comparisons) 
FSL-VBM 0.9 4.2 3 TAL 

Job et al. (2003)  

(HR exp.) 
6 0 

P<0.05 (multiple 

comparisons) 
SPM99 1.88 8 1 TAL 

Jung et al. (2012) 3 0 P<0.05 (FDR) SPM8 N.A. 10 1.5 MNI 

Lee et al. (2013) 1 0 P<0.05 (FWE) FSL-VBM N.A. 3 3 MNI 

Lei et al. (2015)  

(HR exp.) 
1 0 P<0.05 (FWE) SPM8 1 6 3 MNI 

Li et al. (2012) 0 3 P<0.05 (FDR) SPM8 N.A. 8 1.5 MNI 

Lincoln et al. (2014) 1 0 P<0.05 (FWE) SPM8 N.A. 8 3 MNI 

Lui et at al. (2009a) (HR exp.) 2 0 
P<0.05 (multiple 

comparisons) 
SPM2 1 8 3 TAL 

Marcelis et al. (2003) 5 1 
P<0.005 (cluster-

level) 
BAMM 3 4.2 1.5 TAL 

McIntosh et al. (2006) 5 0 
P<0.05 (multiple 

comparisons) 
SPM99 1.7 8 1.5 TAL 

McIntosh et al. (2007) 2 0 
P<0.05 (multiple 

comparisons) 
SPM99 1.88 8 1 TAL 
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Study 

GM 

variations p value 

(correction) 

VBM 

software 

Slice 

thickness 

(mm3) 

Smoothing 

(FWHM) 

Scanner 

(Tesla) 
Space 

HC>

SZ 

SZ>

HC 

Mechelli et al. (2011) 5 0 P<0.05 (FWE) SPM8 N.A. 8 3/1.5 MNI 

Meisenzahl et al. (2008a) 5 0 P<0.05 (FWE) SPM2 1.5 12 1.5 MNI 

Nenadic et al. (2015)  1 1 P<0.05 (FWE) SPM8 N.A. 12 3 MNI 

Oertel-Knochel et al. (2012)  

(HR exp.) 
4 2 

P<0.01 (cluster-

level) 
SPM8 1 8 3 TAL 

Pantelis et al. (2003) 4 0 
P<0.001 (cluster-

level) 
SPM2 3 N.A. N.A. TAL 

Sugranyes et al.(2015) 1 0 P<0.05 (FWE) SPM8 N.A. 4 3 MNI 

Tian et al. (2011) 9 0 
P<0.05 

(AlphaSim) 
SPM5 1 6 3 MNI 

Wagshal et al. (2015) 9 2 P<0.05 (FWE) FSL-VBM 1 3 3 MNI 

Witthaus et al. (2009) (HR exp.) 2 0 P<0.05 (FWE) SPM2 1 12 1.5 TAL 

Asami et al. (2012) 6 0 P<0.05 (FDR) SPM5 1.5 8 1.5 MNI 

Chang et al. (2016) (RDSZ exp.) 9 0 
P<0.01 

(AlphaSim) 
SPM8 1 8 3 MNI 

Chen et al. (2014) 2 0 P<0.05 (FWE) SPM2 1 8 3 MNI 

Douaud et al. (2007) 23 0 
P<0.01 (multiple 

comparisons) 
FSL-VBM 1 8 1.5 MNI 

Farrow et al. (2005) 19 0 
P<0.001 (multiple 

comparisons) 
SPM99 N.A. 12 1.5 TAL 

Ferri et al. (2012) 1 0 P<0.01 (FWE) SPM8 N.A. 8 1.5 MNI 

Guo et al. (2013) 6 0 
P<0.01 

(AlphaSim) 
SPM8 1.8 8 1.5 MNI 

Guo et al. (2015) (RDSZ exp.) 6 0 P<0.005 (GRF) SPM8 N.A. N.A. 3 MNI 

Guo et al. (2019) 21 0 P<0.05 (FWE) FSL-VBM 1 3 3 MNI 

Henze et al. (2011) 2 4 P<0.05 (FWE) SPM5 1 10 1.5 TAL 

Hu et al. (2013) (RDSZ exp.) 6 0 P<0.05 (FDR) SPM8 1.1 8 3 TAL 

Huang et al. (2015) 3 0 
P<0.001 (cluster-

level) 
SPM8 1 8 3 MNI 

Jayakumar et al. (2005) 10 0 P<0.05 (FDR) SPM2 1 8 1.5 TAL 

Janssen et al. (2008) 2 0 
P<0.05 (multiple 

comparisons) 
SPM2 1.5 8 1.5 MNI 

Job et al. (2003) (RDSZ exp.) 8 0 
P<0.05 (multiple 

comparisons) 
SPM99 1.88 8 1 TAL 

Kasparek et al. (2009) 5 0 P<0.05 (FWE) SPM2 N.A. 12 1.5 TAL 

Kubicki et al. (2002) 1 0 
P<0.05 (multiple 

comparisons) 
SPM99 N.A. 12 1.5 TAL 

Lei et al. (2015) (RDSZ exp.) 1 0 P<0.05 (FWE) SPM8 1 6 3 MNI 

Lei et al. (2019) 1 0 P<0.05 (FWE) SPM8 1 6 3 MNI 

Li et al. (2019) 34 7 P<0.05 (FDR) FSL-VBM N.A. 3 3 MNI 

Liao et al. (2015) 12 0 P<0.05 (FWE) SPM8 N.A. 8 3 MNI 

Lui et al. (2009a) (RDSZ exp.) 3 0 
P<0.05 (multiple 

comparisons) 
SPM2 1 8 3 TAL 

Lui et al. (2009b) 9 0 P<0.05 (multiple SPM2 1 8 3 TAL 
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comparisons) 

Study 

GM 

variations p value 

(correction) 

VBM 

software 

Slice 

thickness 

(mm3) 

Smoothing 

(FWHM) 

Scanner 

(Tesla) 
Space 

HC>

SZ 

SZ>

HC 

Meda et al. (2008) (RDSZ exp.) 31 0 P<0.05 (FWE) SPM2 1.5 8 1.5 TAL 

Meisenzahl et al. (2008a)  

(RDSZ exp.) 
48 0 P<0.05 (FWE) SPM2 1.5 12 1.5 MNI 

Molina et al. (2010) 3 0 P<0.05 (FDR) SPM5 1.1./1.5 6 1.5 MNI 

Nakamura et al. (2013) 1 0 P<0.05 (FWE) SPM8 1 10 1.5 MNI 

Poeppl et al. (2014) 3 5 P<0.05 (FWE) SPM8 N.A. 8 1.5 MNI 

Price et al. (2010) 4 3 P<0.05 (FWE) SPM2 1.2 12 1.5 TAL 

Ren et al. (2013) 6 2 P<0.05 (FDR) SPM8 N.A. N.A. 3 MNI 

Schaufelberger et al. (2007) 6 0 P<0.05 (FWE) SPM2 N.A. 8 1.5 TAL 

Sheng et al. (2013) 15 6 P<0.05 (FWE) SPM8 N.A. 6 1.5 MNI 

Tang et al. (2012) 1 0 P<0.05 (FDR) SPM5 1.8 8 1.5 MNI 

Torres et al. (2016) (RDSZ exp.) 5 0 P<0.05 (FWE) SPM8 1 8 1.5 MNI 

Voets et al. (2008) 20 0 
P<0.05 (multiple 

comparisons) 
FSL-VBM N.A. 8 1.5 MNI 

Wang et al. (2017a) 3 0 
P<0.05 

(AlphaSim) 
SPM8 1 8 3 MNI 

Watson et al. (2012) 2 2 P<0.05 (FDR) SPM5 1.5 4 1.5 TAL 

Whitford et al. (2005) 12 0 
P<0.05 (multiple 

comparisons) 
SPM99 N.A. 12 1.5 TAL 

Witthaus et al. (2009)  

(RDSZ exp.) 
7 0 P<0.05 (FWE) SPM2 1 12 1.5 TAL 

Yoshihara et al. (2008) 1 0 P<0.01 (FWE) BAMM 3 2 1.5 TAL 

Zhang et al. (2015) 1 0 
P<0.05 

(AlphaSim) 
SPM8 N.A. 8 3 MNI 

Amann et al. (2016) 9 0 P<0.01 (FWE) FSL-VBM  1 9.4 1.5 MNI 

Ananth et al. (2002) 13 0 P<0.05 (FWE) SPM99 1.5 8 2 MNI 

Anderson et al. (2015) 7 0 P<0.05 (FWE) FSL-VBM N.A. 7 3 MNI 

Bassitt et al. (2007) 4 1 P<0.05 (FWE) SPM2 1.2 7 1.5 MNI 

Brown et al. (2011) 9 0 
P<0.05 (multiple 

comparisons) 
SPM5 1 8 1.5 MNI 

Cascella et al. (2010) 12 0 P<0.05 (FWE) SPM5 1.5 8 1.5 TAL 

Delvecchio et al. (2017) 1 0 P<0.05 (FWE) SPM12 5 6 1.5 MNI 

Donohoe et al. (2011) 10 0 P<0.05 (FWE) SPM6 1 8 1.5 MNI 

Egashira et al. (2014) 5 0 P<0.05 (FWE) SPM8 1 8 1.5 MNI 

Garcia-Marti et al. (2008) 5 0 P<0.05 (FDR) SPM2 1.25 12 1.5 TAL 

Giuliani et al. (2005) 14 3 P<0.005 (FDR) SPM2 1.5 12 1.5 TAL 

Hidese et al. (2018) 8 0 P<0.05 (FWE) SPM12 N.A. 8 1.5 MNI 

Hirao et al. (2008) 6 0 P<0.05 (FDR) SPM2 1 6 3 TAL 

Horacek et al. (2011) 13 1 P<0.05 (FWE) SPM5 1 8 1.5 TAL 

Jiang et al. (2018) 26 0 P<0.00001 (FDR) SPM12 1 8 3 MNI 
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Study 

GM 

variations p value 

(correction) 

VBM 

software 

Slice 

thickness 

(mm3) 

Smoothing 

(FWHM) 

Scanner 

(Tesla) 
Space 

HC>

SZ 

SZ>

HC 

Kenneth Martin et al. (2014) 9 0 P<0.05 (FWE) SPM8 3 8 3 TAL 

Kim et al. (2017b) 4 0 P<0.05 (FWE) SPM8 N.A. 6 3 MNI 

Kong et al. (2015) 17 0 P<0.05 (FDR) SPM8 1 8 3 TAL 

Koutsouleris et al. (2007) 34 0 P<0.05 (FWE) SPM2 1.5 12 1.5 MNI 

Martì-Bonmatì et al. (2007) 8 0 P<0.005 (FDR) SPM2 1.25 12 1.5 TAL 

McDonald et al. (2005) 12 0 
P<0.01 (cluster-

level) 
SPM99 1.5 8 1.5 TAL 

Meda et al. (2008) (ChSZ exp.) 37 0 P<0.05 (FWE) SPM2 1.5 8 1.5 TAL 

Meisenzahl et al. (2008a) (ChSZ 

exp.) 
67 0 P<0.05 (FWE) SPM2 1.5 12 1.5 MNI 

Molina et al. (2010) 11 0 P<0.01 (FWE) SPM8 1 6 1.5 MNI 

Neugebauer et al. (2019) 21 0 P<0.01 (FWE) SPM12 1 6 3 MNI 

Oertel-Knochel et al. (2012) 

(ChSZ exp.) 
8 4 

P<0.01 (cluster-

level) 
SPM8 1 8 3 TAL 

Ortiz-Gil et al. (2011) 1 0 
P<0.05 (multiple 

comparisons) 
SPM5 N.A. 4 1.5 MNI 

Poletti et al. (2016) 8 0 P<0.05 (FWE) SPM8 0.8 8 3 MNI 

Pomarol-Clotet et al. (2010) 3 0 
P<0.05 (multiple 

comparisons) 
FSL-VBM N.A. 5 1.5 MNI 

Rametti et al. (2010) 1 0 P<0.05 (FWE) SPM5 1.5 8 1.5 MNI 

Rose et al. (2014) 15 0 P<0.05 (FWE) SPM5 0.9 8 3/1.5 MNI 

Salgado-Pineda et al. (2011) 5 0 P<0.05 (FDR) SPM5 3 6 3 MNI 

Sans-Sansa et al. (2013) 5 0 
P<0.05 (multiple 

comparisons) 
FSL-VBM 1 4 1.5 MNI 

Sarro et al. (2013) 3 2 
P<0.05 (multiple 

comparisons) 
FSL-VBM 1 4 1.5 MNI 

Schiffer et al. (2010) 11 0 P<0.05 (FDR) SPM5 1 14 1.5 MNI 

Schuster et al. (2012) 16 0 P<0.05 (FDR) SPM2 N.A. 8 1.5 TAL 

Shapleske et al. (2002) 9 1 
P<0.005 (cluster-

level) 
AFNI 3 4.2 1.5 TAL 

Sigmussond et al. (2002) 4 1 
P<0.001 (cluster-

level) 
N.A. 3 N.A. 1.5 TAL 

Singh et al. (2014) 3 0 P<0.05 (FWE) SPM8 3 10 3 MNI 

Singh et al. (2015) 22 0 P<0.05 (FWE) SPM8 3 10 3 MNI 

Spalthoff et al. (2018) 6 0 P<0.05 (FWE) SPM12 N.A. 8 3 MNI 

Tan et al. (2015) 5 0 
P<0.01 

(AlphaSim) 
SPM5 1 8 2 MNI 

Torres et al. (2016) (ChSZ exp.) 15 0 P<0.05 (FWE) SPM8 1 8 1.5 MNI 

Tregellas et al. (2007) 9 0 P<0.05 (FDR) SPM2 1.5 12 1.5 MNI 

van Tol et al. ( 2014) 7 0 P<0.05 (FWE) SPM8 N.A. 8 3 MNI 

Venkatasubramanian et al. 

(2010) 
14 0 P<0.05 (FDR) SPM2 1 8 1.5 TAL 

Yang et al. (2019) 12 0 
P<0.001 (AFNI 

3D cluster) 
SPM12 1 8 3 MNI 
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Study 

GM 

variations p value 

(correction) 

VBM 

software 

Slice 

thickness 

(mm3) 

Smoothing 

(FWHM) 

Scanner 

(Tesla) 
Space 

HC>

SZ 

SZ>

HC 

Yamada et al. (2007) 6 0 P<0.05 (FDR) SPM2 1 12 3 TAL 

Zhuo et al. (2017) 10 0 P<0.05 (FDR) SPM8 1 6 3 MNI 

HC, healthy controls; FWHM, full width at half maximum; N.A., meta-data not associated. 

 

Table S2.4.  Statistical distribution of the experiments included in the meta-analysis.  

Group 

VBM 

Experiments 

Subjects 

(Patients) 

Average 

(Years) 

GM 

decrease 

(Foci) 

(N) (%) (N) (%) 
Mean 

Age 

Mean 

DOI 
(N) (%) 

g-HRS 18 14.5 927 17.6 28.7 - 64 6.0 

c-HRS 16 12.9 580 11.0 22.4 - 59 5.7 

RDSZ 41 33.0 1,636 31.1 22.8 0.8 359 34.5 

ChSZ  49 39.6 2,120 40.3 38.6 15.0 560 53.8 

TOTAL 124 100 5,263 100 - - 1,042 100 

g-HRS, genetic high-risk subjects; c-HRS, clinical high-risk subjects; RDSZ, recently diagnosed 

schizophrenia; ChSZ, chronic schizophrenia; DOI, duration of illness. 
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Table S5. ALE results for general meta-analysis on schizophrenia (RDSZ and ChSZ groups pooled 

together). For each cluster obtained, cluster size (mm3), extrema ALE values, anatomical labels of the 

peaks of probability and their Talairach brain atlas coordinates were provided.   

Cluster  

# 

Volume  

(mm3) 

Talairach Daemon Label  

(Brodmann’s Area) 

Extrema  

Value 

Talairach 

 x y  z  

1 

  

  

  

  

  

  

  

  

  

10,024 Left Insula (BA 13) 0.065 -34 18 6 

Left Superior Temporal Gyrus (BA 22) 0.041 -50 4 0 

Left Superior Temporal Gyrus (BA 22) 0.037 -52 -6 4 

Left Inferior Frontal Gyrus (BA 44) 0.035 -50 6 16 

 Left Inferior Temporal Gyrus (BA 21) 0.032 -40 -4 -10 

Left Insula (BA 48) 0.032 -44 12 -2 

Left Superior Temporal Gyrus (BA 38) 0.030 -40 4 -10 

Left Insula (BA 13)  0.029 -40 -10 -4 

Left Precentral Gyrus (BA 6) 0.028 -50 4 26 

Left Claustrum 0.024 -36 -8 6 

2 

  

  

3,488 Right Medial Frontal Gyrus (BA 11) 0.044 4 36 -14 

Left Anterior Cingulate (BA 32) 0.043 0 34 -6 

Left Anterior Cingulate (BA 10) 0.038 -6 42 2 

3 3,392 Right Insula (BA 13)  0.049 40 12 2 

Right Insula (BA 13)  0.042 34 16 10 

Right Precentral Gyrus (BA 44) 0.024 50 0 6 

4 2,840 Right Transverse Temporal Gyrus (BA 41) 0.037 44 -22 14 

Right Insula (BA 40)  0.035 54 -20 16 

Right Superior Temporal Gyrus (BA 22) 0.031 54 -26 0 

5 2,120 Left Thalamus (Medial Dorsal Nucleus) 0.050 0 -16 6 

6 1,872 Left Amygdala 0.053 -20 -4 -14 

7 1,120 Left Anterior Cingulate (BA 25) 0.043 -4 6 -4 

8 1,040 Right Superior Temporal Gyrus (BA 21) 0.030 50 -8 -8 

Right Insula (BA 13)  0.026 40 -10 -4 

Right Insula (BA 13)  0.023 40 -8 4 

9 816 Right Anterior Cingulate (BA 32) 0.033 8 40 16 
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Table S2.6. Standard univariate voxel-wise tests: GM results. For each clinical group, results of test 

statistics were family-wise error-corrected (FWE-c) for multiple comparisons on the cluster-level with 

5,000 permutation runs. Maps were thresholded at p < .05, corresponding to a z-score value ≥ 2.3.  

Cluster 

# 

Volume 

(mm3) 

Talairach Daemon Label  

(Brodmann’s Area) 

Maximum 

Value 

(Z-points) 

Talairach 

x y z 

g-HR < HC       

  No cluster found 

c-HR < HC       

1 10 Right Anterior Cingulate (BA 32) 2.516 8 42 0 

RDSZ < HC       

1 1,028 Left Transverse Temporal Gyrus (BA 41) 2.776 -50 -10 17 

2 447 Right Middle Temporal Gyrus (BA 22) 2.976 48 -18 2 

3 261 Left Insula (BA 13) 2.843 -32 17 3 

4 171 Left Anterior Cingulate (BA 32) 2.393 -4 42 8 

5 96 Left Inferior Frontal Gyrus (BA 45)  2.408 -42 20 12 

6 93 Left Parahippocampal Gyrus (BA 35) 2.680 -26 -12 -22 

7 79 Right Anterior Cingulate (BA 32) 2.683 8 34 26 

8 71 Right Anterior Cingulate (BA 24) 2.301 8 28 8 

ChSZ < HC       

1 6,594 Left Insula (BA 13) 3.671 -36 16 0 

2 4,376 Right Insula (BA 13) 3.280 42 10 -4 

3 3,243 Left Thalamus (Medial Dorsal Nucleus) 3.068 -4 -16 14 

4 1,921 Right Anterior Cingulate (BA 32) 3.065 4 32 -10 

5 1,042 Left Amygdala 3.012 -25 -5 -11 

6 335 Left Medial Frontal Gyrus (BA 10) 2.693 -6 48 6 

7 218 Right Insula (BA 13) 2.891 44 -18 6 

8 184 Right Parahippocampal Gyrus (BA 34) 2.653 14 -6 -20 

All SZ <HC       

1 12,854 Left Insula (BA 13) 4.336 -36 16 0 

2 8,864 Right Insula (BA 13) 3.507 38 10 -4 

3 5,257 Left Anterior Cingulate (BA 32) 3.315 -6 46 16 

4 3,192 Left Parahippocampal Gyrus (BA 35) 3.395 -26 -12 -20 

5 3,012 Right Thalamus (Medial Dorsal Nucleus) 3.254 6 -16 8 

6 128 Left Anterior Cingulate (BA 32) 2.969 -2 6 40 

7 116 Right Superior Temporal Gyrus (BA 38) 2.950 42 12 -16 

8 86 Left Anterior Cingulate (BA 24) 2.881 -4 -8 42 

g-HR, genetic high-risk; c-HR, clinical high-risk; RDSZ, recently diagnosed schizophrenia; ChSZ, chronic 

schizophrenia; HC, healthy controls. 
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Table S2.7. Behavioral characterization results of the whole ALE pattern of RDSZ group.  Colors from 

red to blue represent different behavioral domains. A threshold of p < .05 with Bonferroni correction 

for multiple comparisons was applied, corresponding to a subdomain z-scores ≥ 3. 

Category  

(sub-category) 
Domain Z-score 

Language (Speech) Cognition 7.644 

Audition Perception 6.423 

Language (Semantics) Cognition 6.110 

Attention Cognition 5.972 

Execution (Speech) Action 5.287 

Somesthesis (Pain) Perception 5.165 

Music Cognition 5.143 

Memory (Expliicit) Cognition 4.221 

Language (Phonology) Cognition 4.124 

Somesthesis (Unspecified) Perception 3.978 

Reasoning Cognition 3.934 

Memory (Working) Cognition 3.761 

Vision (Unspecified) Perception 3.564 

Vision (Shape) Perception 3.419 

Gustation Perception 3.380 

Language (Syntax) Cognition 3.370 

Execution (Unspecified) Action 3.325 

Negative (Fear) Emotion 3.139 

Thermoregulation Interoception 3.136 

Negative (Disgust) Emotion 3.108 

Negative (Anxiety) Emotion 3.064 

Imagination Action 3.034 

Positive (Reward/Gain) Emotion 3.015 
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Table S2.8. Behavioral characterization results of the whole ALE pattern of ChSZ group.  Colors from 

red to orange represent different behavioral domains. A threshold of p < .05 with Bonferroni 

correction for multiple comparisons was applied, corresponding to a subdomain z-scores ≥ 3. 

Category 

(sub-category) 
Domain Z-score 

Attention Cognition 10.901 

Language (Speech) Cognition 9.371 

Somesthesis (Pain) Perception 9.018 

Positive (Reward/Gain) Emotion 8.882 

Language (Semantics) Cognition 8.464 

Reasoning Cognition 7.895 

Sexuality Interoception 7.118 

Music Cognition 6.991 

Memory (Expliicit) Cognition 6.708 

Negative (Fear) Emotion 6.151 

Execution (Speech) Action 6.131 

Audition Perception 5.904 

Inhibition Action 5.862 

Memory (Working) Cognition 5.749 

Gustation Perception 5.583 

Negative (Saddness) Emotion 5.232 

Negative (Unspecified) Emotion 5.132 

Thermoregulation Interoception 4.963 

Vision (Unspecified) Perception 4.593 

Negative (Disgust) Emotion 4.461 

Execution (Unspecified) Action 4.414 

Olfaction Perception 4.318 

Positive (Happiness) Emotion 4.284 

Social Cognition Cognition 4.118 

Language (Syntax) Cognition 4.113 

Somesthesis (Unspecified) Perception 4.025 

Negative (Anxiety) Emotion 3.913 

Language (Phonology) Cognition 3.826 

Imagination Action 3.711 

Positive (Unspecified) Emotion 3.641 

Vision (Shape) Perception 3.586 

Negative (Anger) Emotion 3.224 

Memory (Unspecified) Cognition 3.100 
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Table S2.9. Network-based decomposition results. For each clinical group the number of voxels has 

been reported, as well as the relative percentages of alterations of the ALE maps and network ROIs 

defined by the Biswal’s parcellation. 

c-HRS 

group 

Voxel 

(N) 

ALE map 

(%) 

ROI map 

(%) 

RDSZ 

group 

Voxel 

(N) 

ALE map 

(%) 

ROI map 

(%) 

ChSZ 

group 

Voxel 

(N) 

ALE map 

(%) 

ROI map 

(%) 

AuN 0 0 0 AuN 214 2.56 0.81 AuN 138 0.92 0.52 

Cerebel

-N 0 0 0 

Cerebel

-N 0 0 0 

Cerebel

-N 0 0 0 

DAN 0 0 0 DAN 342 4.09 0.22 DAN 209 1.4 0.13 

DMN 0 0 0 DMN 186 2.22 0.09 DMN 214 1.43 0.1 

MN 0 0 0 MN 1115 13.34 1.22 MN 543 3.64 0.59 

OFC-N 548 68.5 0.68 OFC-N 1217 14.56 1.51 OFC-N 3971 26.63 4.92 

PreMN 0 0 0 PreMN 202 2.41 0.77 PreMN 220 1.47 0.84 

SN 252 31.5 0.32 SN 2710 32.42 3.42 SN 4956 33.24 6.25 

SMN 0 0 0 SMN 932 11.15 3.10 SMN 463 3.1 1.54 

Th-BN-

N 0 0 0 

Th-BN-

N 240 2.87 0.34 

Th-BN-

N 2667 17.9 3.75 

L-VAN 0 0 0 L-VAN 1198 14.33 0.85 L-VAN 1051 7.05 0.74 

R-VAN 0 0 0 R-VAN 4 0.05 0.003 R-VAN 480 3.22 0.41 

Visual-

N 0 0 0 

Visual-

N 0 0 0 

Visual-

N 0 0 0 

TOTAL 800 100 1 TOTAL 8360 100 12.33 TOTAL 14912 100 19.79 

AN, auditory network; Cerebel-N, cerebellar network; DAN, dorsal attention network; DMN, default mode 

network; MN, motor network; OFC-N, orbito-frontal cortex network; PreMN, premotor network; SN, salience 

network; SMN, sensorimotor network; Th-BN-N, thalamus-basal nuclei subcortical network; L-VAN, left 

ventral attention network; R-VAN, right ventral attention network; Visual-N, visual network. 
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Table S2.10. Gray matter abnormalities in the whole SZ group (RDSZ and CHSZ groups pooled 

together): meta-regression results of demographic and clinical variables. 

Voxel-wise results and peaks 
Talairach 

(x,y,z) 
Z Value 

P 

Value 

No. of 

voxels 

Cluster 

 (No. Of voxels) 

EFFECT OF SEX      

(male patients < female patients and controls)      

Bilateral thalami -1,-9.6,7 -4.379 0.000005 94 Right thalamus (48) 

     Left thalamus (46) 

Left superior temporal gyrus -51,-30.7,13 -4.128 0.00001 52 Left BA 42 (32) 

     Left BA 48 (20) 

Right insula 32,14.7,8 -3.819 0.00006 50 Right BA 48 (39) 

     Right BA 47 (11) 

Left inferior temporal gyrus  -30,-9,-35 -3.611 0.0001 46 Left BA 34 (46) 

EFFECT OF MEDICATION (PERCENTAGE OF)      

(medicated patients < naive patients and controls)      

Right superior temporal gyrus  43.6,14,-8 -4.039 0.00002 127 Right BA 38 (62) 

     Right BA 13 (15) 

     Right BA 47 (13) 

Left medial frontal gyrus -3.5,-19.5,51 -3.530 0.0002 39 Left BA 6 (39) 

EFFECT OF  

AGE, SYMPTOMS, DOSAGE MEDICATION  
No clusters found 
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Table S2.11. Gray matter abnormalities in the whole SZ group (RDSZ and CHSZ groups pooled 

together): meta-regression results of methodological variables. 

Voxel-wise results and peaks 
Talairach 

(x,y,z) 
Z Value 

P 

Value 

No. of 

voxels 

Cluster 

 (No. Of voxels) 

EFFECT OF SAMPLE SIZE      

(small < big sample size)      

Right superior temporal gyrus 38,11,-12 4.892 0.0000004 293 Right BA 38 (213) 

     Right BA 48 (42) 

     Right BA 21 (36) 

Left anterior cingulate cortex -4.9,37.3,27 3.636 0.0001 28 Left BA 32 (28) 

EFFECT OF SMOOTHING (FWHM)      

(high < low smoothing)      

Right insula  46.9,-22,17 -3.661 0.0001 86 Right BA 48 (76) 

     Right BA 42 (10) 

Left superior temporal gyrus -47.4,5,13 -3.709 0.0001 39 Left BA 38 (27) 

     Left BA 48 (12) 

EFFECT OF  

MRI FIELD STRENGHT, SLICE THICKNESS  
No clusters found 
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2.6.2. Supplementary figures 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S2.1. ALE results: GM reductions in the whole SZ group. ALE results were family-wise error 

corrected with a cluster-forming threshold of p < 0.001 and cluster-level inference of 0.05. Colors from 

red to yellow represent increasing ALE values. Slices are shown in neurological convention. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S2.2. Standard univariate voxel-wise tests: GM reductions in the RDSZ, ChSZ and whole SZ 

groups. Results were family-wise error corrected with a threshold of p < 0.05. Colors from red to 

yellow represent increasing z values. Slices are shown in neurological convention. 
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Figure S2.3. Behavioral characterization results of the ALE-derived clusters of GM loss in the RDSZ 

group. The dashed line indicates the threshold of statistical significance for each functional subdomain 

(z-point value ≥ 3). Colors refer to different behavioral domains. Cluster 3 and 6 show no significant 

effects.  

L, left; R, right; IFG, inferior frontal gyrus; TTG, transverse temporal gyrus; Ins, insula; Amy, amygdala 
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Figure S2.4. Behavioral characterization results of the ALE-derived clusters of ChSZ group.  The 

dashed line indicates the threshold of statistical significance for each functional subdomain (z-point 

value ≥ 3). Colors refer to different behavioral domains. Cluster 4 and 7 show no significant effects.  

L, left; R, right; Ins, insula; Thal, thalamus; Caud, caudatus; Amy, amygdala. 
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Figure S2.5. Results of meta-regression analyses in the whole SZ group. Upper panel: Spatial 

comparison between ALE and AES-SDM unthresholded results. Lower panel: Gender results (% of 

males in each study); Medication results (% of subjects taking antipsychotics in each study); Sample 

size results; Image smoothing level results (Full Width Half Maximum). Red represents lower volume 

in patients relative to controls and negative relationships with the variables in meta-regressions; blue 

represents lower volume relative to controls and positive relationships with variables in the meta 

regression; yellow represents volume shared by ALE and AES-SDM thresholded maps. Meta-

regression results are voxel-level thresholded at p < .0005 with a minimum cluster-size > 10 voxels. 
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Seeking for Overlapping Neuroanatomical Alteration Between  

Dyslexia and Attention-Deficit/Hyperactivity Disorder:  

A Meta-Analytic Replication Study2 

 

 

Abstract 

Background: The present work is a replication article based on the paper “Are there shared 

neural correlates between dyslexia and ADHD? A meta-analysis of voxel-based morphometry 

studies” by McGrath and Stoodley (2019). In the original research, the authors used 

Activation Likelihood Estimation (ALE), a technique to perform coordinate-based meta-

analysis (CBMA), to investigate the existence of brain regions undergoing gray matter 

alteration in association with both attention-deficit/hyper-activity disorder (ADHD) and 

dyslexia. Methods: Here, the same voxel-based morphometry dataset was analysed, while 

using Permutation-Subject Images version of Signed Differential Mapping (PSI-SDM) in 

place of ALE. Results: Overall, the replication converged with the original paper in showing a 

limited overlap between the two conditions. In particular, no significant effect was found for 

dyslexia, therefore precluding any form of comparison between the two disorders. The 

possible influence of biological sex, age and medication status was also rule out. Conclusion: 

Our findings are in line with literature about gray matter alteration associated with ADHD and 

dyslexia, often showing conflicting results. Therefore, although neuropsychological and 

clinical evidence suggest some convergence between ADHD and dyslexia, more future 

research is sorely needed to reach a consensus on the neuroimaging domain in terms of 

patterns of gray matter alteration. 

 

3.1. Introduction 

In their original research, McGrath and Stoodley (2019) aimed to identify regions of 

altered gray matter shared between dyslexia and attention-deficit/hyper-activity disorder 

(ADHD). The conjoint investigation of these two neurodevelopmental disorders (NDDs) is 

 
2 This study was published in Brain Sciences in 2022, as part of the special issue The Brain 

Imaging Replication Crisis (Volume 12, Articles 1367, Pages 1-20, doi: 

10.3390/brainsci12101367). Authors: Liloia D., Crocetta A., Cauda F., Duca, S., Costa, T., 

Manuello, J. 

https://doi.org/10.3390/brainsci12101367
https://doi.org/10.3390/brainsci12101367
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not only supported by their frequently reported comorbidity, but also by shared genetic and 

neural pathomechanism risk factors. In this regard, converging evidence suggests that NDDs 

tend to report a shared etiological basis in neurodevelopment abnormality caused by complex 

multifactorial interactions of genetic defects, as well as of environmental, epigenetic, 

cognitive, and behavioral factors (Battaglia et al., 2022; Carlsson et al., 2020; Micai et al., 

2020; Parenti et al., 2020; Sánchez-Morán et al., 2018; Tanaka et al., 2022). New potential 

metabolic targets and neuroprotective agents against NDDs, including ADHD and learning 

disorders, are starting to appear in the animal model research literature (Salem et al., 2022; 

Tanaka et al., 2022; Tanaka et al., 2021), thereby opening perspectives for future treatment. 

The advent of magnetic resonance imaging (MRI) technologies has provided an 

unprecedented opportunity to assess the neurophysiological underpinnings of these two NDDs 

in vivo and noninvasively. Numerous studies about pediatrics and adults with ADHD suggest 

functional abnormalities in fronto-striatal and fronto-limbic systems (Bush et al., 2005; 

Cubillo et al., 2012; Rubia, 2018; Sebastian et al., 2014) that may underlie impulsivity, 

hyperactivity, and inattention deficits typical of the disorder (American Psychiatric 

Association, 2013). By contrast, subjects suffering from dyslexia tend to report deficits in 

orthographic and visuo-phonological domains, in which the occipito-temporal functional 

network seems to have a pivotal role (Maisog et al., 2008; Paulesu et al., 2014; Richlan et al., 

2009). From the structural point of view, abnormalities in brain morphology have been 

reported in both disorders, encompassing multiple areas such as the basal ganglia, cerebellum, 

parietal cortex, corpus callosum, prefrontal-cingulate cortex, and parieto-temporal regions 

(Cubillo et al., 2012; Eckert, 2004; Elnakib et al., 2014). However, this voluminous literature 

remains largely inconclusive. Moreover, only a limited pool of studies has examined 

neuroanatomical convergence across disorders reporting conflicting findings (Goradia et al., 

2016; Jagger-Rickels et al., 2018; Kibby et al., 2009; Langer et al., 2019). 

To fill this gap, McGrath and Stoodley (2019) realized a coordinate-based meta-analysis 

(CBMA) of previously published voxel-based morphometry (VBM) findings. VBM is a 

widely used MRI technique in the field of human brain mapping, which allows the 

identification of focal differences in volume or concentration between the brains of two 

groups of subjects (Ashburner and Frinston, 2000). In the specific case of McGrath and 

Stoodley (2019), the considered experiments had compared either subjects diagnosed with 

dyslexia against typically developing controls (TDCs), or subjects diagnosed with ADHD 
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against TDCs. The dataset was then processed according to the CBMA approach. In general 

terms, this class of techniques allows us to quantify the consensus between multiple 

experiments based on structural or functional neuroimaging techniques (Caspers et al., 2014; 

Salimi-Khorhidi et al., 2009). Therefore, they represent a valuable tool for human brain 

mapping, offering a way to overcome the variability frequently found among single 

experiments (Samartsidis et al., 2017; Smith et al., 2005). Unlike image-based meta-analyses, 

which take in three-dimensional (3D) maps representing the results, CBMAs process instead 

the so-called “list of foci”. Here, each focus is a peak of the maximum measured cluster 

effect, localized through a triplet of stereotactic coordinates (x,y,z) (Manuello et al., 2022). 

CBMAs makes therefore possible to recover the full 3D information starting from a much 

sparser (but often the only available) representation of the data (Müller et al., 2018). 

Among the various CBMA algorithms, McGrath and Stoodley (2019) resorted to the 

activation likelihood estimation (ALE) technique (Eickhoff et al., 2009; Eickhoff et al., 2012). 

Notably, this approach uses a Gaussian kernel to model the effect, adjusting the full-width 

half-maximum (FWHM) of the Gaussian based on the sample size of the experiment 

considered time to time. This means that the higher the number of subjects analyzed in the 

experiment, the more spatially precise (and reliable) are considered the related results, and 

therefore smoothed through a tighter Gaussian (Turkeltaub et al., 2002). 

In the original paper, a two-step procedure was followed. First, the ALE analysis was 

separately applied to estimate the spatial convergence associated with each of the four 

possible conditions: dyslexia < TDCs; ADHD < TDCs; dyslexia > TDCs; ADHD > TDCs. 

The first two contrasts investigated the so-called decrease effect (Nani et al., 2021), meaning 

that the pathological state is associated with a reduction in gray matter; conversely, the 

remaining two targeted the increase effect, where an increment of gray matter is searched for 

instead (Mancuso et al., 2020). The obtained ALE maps were thresholded using both a more 

conservative option (i.e., puncorrected < 0.001; minimum cluster size k = 50 mm3) and a less 

conservative one (i.e., puncorrected < 0.005; k = 50 mm3). In the second step, a conjunction 

analysis was implemented between the previously obtained dyslexia < TDCs and ADHD < 

TDCs maps (separately for the conservative and lenient thresholding). This allowed us to 

identify voxels with a statistically significant overlap between the two disorders (Eickhoff et 

al., 2011). The resulting conjunction maps were thresholded using a false discovery rate 

(FDR) of p < 0.05 (based on 5000 permutations) and k = 50 mm3 as above. No conjunction 
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analysis was run for the increase condition due to lack of any overlap already at visual 

inspection. McGrath and Stoodley (2019) did not find any overlap between dyslexia and 

ADHD when using ALE maps thresholded at puncorrected < 0.001; k = 50 mm3 (i.e., the most 

conservative option). A sole cluster in the right caudate was instead observed for puncorrected < 

0.005; k = 50 mm3. In addition to the described main analyses, the authors aimed to assess the 

possible effect of brain volume and age on the results. Since ALE technique does not allow us 

to model confounding variables during the estimation of the spatial convergence, different 

subsets of the original dataset were extracted and separately analyzed. In the first case, only 

those VBM experiments that originally controlled for total brain volume or total gray matter 

volume were retained. In the second case, VBM experiments were divided into two groups 

based on the reported mean age of subjects (≤12 years; ≥18 years). Experiments were 

discarded if the necessary information was missing. The previously observed cluster in the 

right caudate was still significant in the brain volume-controlled subset. On the contrary, no 

overlap was found between dyslexia and ADHD in the adult subgroup. In children, a cluster 

of overlap was observed in the left middle frontal gyrus/supplementary motor area, for ALE 

map thresholded at puncorrected < 0.005; k = 50 mm3. 

In the present paper, we first aimed to test the original dataset analyzed by McGrath and 

Stoodley (2019) using a different CBMA technique. Specifically, permutation-subject images 

version of signed differential mapping (PSI-SDM) (Albajes-Eizagirre et al., 2019) was 

employed as an alternative to ALE. To the best of our knowledge, no previous study has 

evaluated the constancy in terms of results between the two algorithms despite substantial 

methodological differences. From the clinical point of view, we expected limited or 

completely absent neuroanatomical overlap between disorders in line with the limited 

available literature on the topic (McGrath and Stoodley, 2019; Samea et al., 2019; Stoodley, 

2014). Given the peculiar nature of PSI-SDM, additional analyses were also performed. In 

fact, we directly estimated the possible interfering effect of key socio-demographic and 

clinical variables via voxel-wise meta-regression approach (Radua et al., 2012). Finally, an 

additional analysis was made including in the dataset the nine VBM experiments with null 

results that were identified but excluded by McGrath and Stoodley (2019). 
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3.2. Methods 

As mentioned above, the core element of this replication attempt is the change of 

technique used to compute the CBMA. This implied several methodological differences that 

are detailed below. 

 

3.2.1. Dataset construction 

The present replication used exactly the same set of VBM experiments analyzed by 

McGrath and Stoodley (2019). The lists of foci necessary as input to run any CBMA was 

retrieved from the Supplementary Files of the original paper. The following adjustments were 

necessary due to technical differences between ALE and PSI-SDM. First, while the list of foci 

used by ALE only contains the stereotactic coordinates (x,y,x) of the peaks of effect, the PSI-

SDM method also requires a measure of effect size. Therefore, the T-value of each focus was 

retrieved from the original manuscripts. When missing, these were computed from Z-values 

or p-values, as implemented in the dedicated conversion utility of SDM 

(https://www.sdmproject.com/utilities/?show=Statistics). 

To note, McGrath and Stoodley (2019) designed four different main contrasts: ADHD < 

TDCs (23 experiments; 718 subjects; 128 foci); dyslexia < TDCs (18 experiments; 388 

subjects; 81 foci of variation); ADHD > TDCs (5 experiments; 75 subjects; 21 foci); dyslexia 

> TDCs (5 experiments; 101 subjects; 16 foci). Because of the inclusion of T-values, PSI-

SDM does not require separate inputs for gray matter increase and decrease. Therefore, only 

ADHD vs. TDCs (24 experiments; 1661 subjects; 149 foci) (Table 3.1 A and B for socio-

demographic and clinical details; Table S3.1 for methodological details), and dyslexia vs. 

TDCs (18 experiments; 833 subjects; 97 foci) (Table 3.1 A and B for socio-demographic and 

clinical details; Table S3.1 for methodological details) were needed for the replication.  

 

 

 

 

 

 

 

 

https://www.sdmproject.com/utilities/?show=Statistics
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Table 3.1. Voxel-based morphometry experiments included in the original coordinate-based 

meta-analysis by McGrath and Stoodley (2019): demographic and clinical details for the 

attention-deficit/hyper-activity disorder (A) and dyslexia (B) datasets. 

VBM 

Experiments 

(Group) 

Clinical Group Control Group 
Brain 

volume 

analysis 

Co-morbid 

disorders 

reported in 

sample  N 
% 

Male 

Mean 

Age 

(yrs) 

Age 

SD 

(yrs) 

FSIQ 
% 

Medication 
N 

% 

Male 

Mean 

Age 

(yrs) 

Age 

SD 

(yrs) 

(A) ADHD                

Ahrendts et al. 

(2011) 
31 65% 31.2 9.7 N/A 0% 31 65% 31.5 8.6 yes Anxiety 

Bonath et al. 

(2018) 
18 100% 13.6 1.7 N/A 55.6% 18 100% 14.1 1.3 yes 1 ODD 

Bralten et al. 

(2016) 
307 68% 17.1 3.4 97.08  88.6% 196 51% 16.7 3.1 no - 

Brieber et al. 

(2007) 
15 100% 13.1 1.4 N/A 66.7% 15 100% 13.3 1.8 yes - 

Carmona et al. 

(2005) 
25 84% 10.8 3.0 > 80 100% 25 84% 11.2 3.2 yes 

11 anxiety, 2 

MDD, 4 

phobias, 6 tics, 

7 obsessions 

He et al. 

(2015) 
37 100% 9.9 2.4 > 90 0% 35 100% 10.7 2.6 yes - 

Iannaccone et 

al. (2015) 
20 61% 14.5 1.5 108.46  65% 20 50% 14.8 1.2 yes 

2 affective 

disorder, 3 

AD, 3 

anxiety/phobia, 

2 dyscalculia, 

2 CD 

Johnston et al. 

(2014) 
34 100% 12.5 2.3 N/A 29.4% 34 100% 13.2 1.0 no 

1 dyslexia, 3 

ODD/CD 

Kappel et al. 

(2015)(adults) 
16 94% 23.5 4.1 N/A 0% 20 100% 23.7 3.4 no 

2 alcohol 

abuse, 1 

multiple drug 

abuse 

Kappel et al. 

(2015)(children) 
14 71% 9.8 1.3 N/A 0% 10 80% 11.0 1.3 no - 

Kaya et al. 

(2018) 
19 71% 10.3 2.0 N/A 0% 18 67% 10.2 2.0 no - 

Kobel et al. 

(2010) 
14 100% 10.4 1.3 N/A 100% 12 100% 10.9 1.6 yes 

3 OCD-CD, 2 

GAD, 2 OCD-

GAD 

Kumar et al. 

(2017) 
18 100% 9.6 1.8 N/A 0% 18 100% 9.7 1.9 yes - 

Lim et al. 

(2013) 
29 100% 13.8 1.8 N/A 20% 29 100% 14.4 2.5 no - 

McAlonan et al. 

(2007) 
28 100% 9.9 2.0 N/A 100% 31 100% 9.6 1.8 yes 16 OCD, 2 CD 

Montes et al. 

(2010) 
20 50% 29.0 4.0 N/A N/A 20 50% 27.6 2.6 no - 

Moreno-Alcazar 

et al. (2016) 
44 66% 31.6 11.4 N/A 65.9% 44 66% 32.6 10.6 no - 

Overmeyer et 

al. (2001) 
18 83% 10.4 1.7 N/A N/A 16 94% 10.3 2.2 yes 

1 dyslexia, 2 

ODD, 2 CD 

Roman-

Urrestarazu et 
49 76% 22.2 0.7 96.4  0% 34 50% 22.9 0.4 no - 
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al. (2016) 

VBM 

Experiments 

(Group) 

Clinical Group Control Group 
Brain 

volume 

analysis 

Co-morbid 

disorders 

reported in 

sample 
N 

% 

Male 

Mean 

Age 

(yrs) 

Age 

SD 

(yrs) 

FSIQ 
% 

Medication 
N 

% 

Male 

Mean 

Age 

(yrs) 

Age 

SD 

(yrs) 

Sasayama et al. 

(2010) 
18 72% 10.6 2.9 90.05 0% 17 71% 10.0 2.4 yes 6 ODD, 4 CD 

van Wingen et 

al. (2013) 
14 100% 32.0 7.0 N/A 0% 15 100% 37.0 6.0 yes - 

Villemonteix et 

al. (2015a) 

(naïve) 

33 55% 10.3 1.4 N/A 0% 24 50% 10.0 1.2 no - 

Villemonteix et 

al. (2015a) 

(medicated) 

20 80% 10.4 1.4 N/A 100% 24 50% 10.0 1.2 no - 

Yang et al. 

(2008) 
57 61% 11.1 N/A 97.9 87.7%  57 60% 11.7 N/A yes 

5 LD, 14 

ODD, 1 tic, 1 

GAD 

Totals, sample 

size, averages 
898 76% 16.5 - - - 763 71% 16.6 - - - 

(B) Dyslexia                

Brambati et al. 

(2004) 
10 50% 31.6 N/A 107,1 N/A 11 45% 27.4 N/A yes - 

Brown et al. 

(2001) 
16 100% 24.0 5.0 > 90 N/A 14 100% N/A N/A no - 

Eckert et al. 

(2005) 
13 100% 11.4 0.7 N/A N/A 13 100% 11.3 0.7 yes - 

Evans et al. 

(2013)(male 

adults) 

14 100% 42.9 10.4 108.0 0% 14 100% 41.1 9.0 yes - 

Evans et al. 

(2013)(female 

adults) 

13 0% 34.0 11.6 99.6 0% 13 0% 27.9 9.7 yes - 

Evans et al. 

(2013)(male 

children) 

15 100% 9.6 1.3 101.7 0% 15 100% 8.3 2.1 yes - 

Evans et al. 

(2013)(female 

children) 

17 0% 10.1 2.1 101.9 0% 17 0% 9.1 3.0 yes - 

Hoeft et al. 

(2007) 
19 53% 14.4 1.9 N/A N/A 19 53% 14.4 2.4 yes - 

Jednorog et al. 

(2015) 
130 57% 10.3 0.9 > 85 N/A 106 48% 10.2 0.9 yes - 

Kronbichler et 

al. (2008) 
13 100% 15.9 0.8 N/A N/A 15 100% 15.5 0.6 yes - 

Liu et al.  

(2013) 
18 72% 11.8 0.6 > 90 0% 18 83% 11.8 0.3 yes - 

Silani et al. 

(2005) 
32 100% 24.4 5.0 110 N/A 32 100% 26.3 5.0 no - 

Siok et al. 

(2008) 
16 50% 11.0 0.5 N/A N/A 16 81% 11.0 0.6 yes - 

Steinbrink et al. 

(2008) 
8 75% 20.1 3.9 N/A N/A 8 75% 23.7 4.3 yes - 

Tamboer et al. 

(2015) 
37 16% 20.6 1.5 N/A N/A 57 12% 20.3 1.1 yes - 

Vinckenbosch 

et al. (2005) 
13 100% N/A N/A N/A N/A 10 100% N/A N/A yes - 
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VBM 

Experiments 

(Group) 

Clinical Group Control Group 
Brain 

volume 

analysis 

Co-morbid 

disorders 

reported in 

sample 
N 

% 

Male 

Mean 

Age 

(yrs) 

Age 

SD 

(yrs) 

FSIQ 
% 

Medication 
N 

% 

Male 

Mean 

Age 

(yrs) 

Age 

SD 

(yrs) 

Xia et al.  

(2016) 
24 58% 12.5 0.7 > 80 N/A 24 50% 12.5 0.4 no - 

Yang et al. 

(2016) 
9 33% 12.6 0.6 N/A N/A 14 43% 12.3 1.0 yes - 

Totals, sample 

size, averages 
417 61% 16.4 - - - 416 57% 16.5 - - - 

ADHD, attention-deficit/hyper-activity disorder; anxiety, anxiety disorders; CD, conduct disorder; FSIQ, full-

scale intelligent quotient; GAD, generalized anxiety disorder; LD, learning disability; MDD, major depressive 

disorder; N, sample size; N/A, data not available; ODD, oppositional defiant disorder; psychiatric, no history of 

psychiatric disorders; SD, standard deviation; yrs, years; VBM, voxel-based morphometry. 

 

3.2.2. Coordinate-based meta-analysis via PSI-SDM 

As mentioned above, this replication used the PSI-SDM method in place of the ALE 

originally applied by McGrath and Stoodley (2019). While ALE computes for each voxel the 

likelihood to find a statistically significant effect in it, based on the spatial convergence 

among the considered experiments (Eickhoff et al., 2009; Eickhoff et al., 2012), PSI-SDM 

evaluates the presence or absence of the effect for each brain voxel performing standard 

univariate voxel-wise tests (Albajes-Eizagirre et al., 2019; Winkler et al., 2014). In other 

words, PSI-SDM estimates the effect size. To do so, the lower and upper bounds of possible 

effect sizes for all voxels were evaluated with multiple imputations. Then, a map of brain 

alteration was reconstructed for each experiment. This was made by means of an anisotropic 

Gaussian kernel, which attributes higher effect sizes to the voxels that appear to be more 

correlated with the peak coordinates. This step is conceptually similar to the creation of the 

modelled activation (MA) maps in ALE, although values in the MA maps represent the 

likelihood of finding an effect, rather than the estimated effect size. As a further difference, in 

ALE the FWHM of the Gaussian kernel is changed based on the sample size of each 

experiment (Eickhoff et al., 2009). On the contrary, PSI-SDM keeps a fixed FWHM, typically 

set at 20 mm (Albajes-Eizagirre et al., 2019). Continuing with the PSI-SDM procedure, the 

most likely effect size (based on the level of statistical significance and its standard error, the 

coordinates and effect sizes of the reported peaks, and the anisotropic covariance between 

adjacent voxels) was computed for each included experiment through the maximum 

likelihood techniques (Radua et al., 2013). At this point, the obtained effect size maps of each 
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imputation dataset were combined with a random-effects model. Then, the obtained maps 

were combined in a final meta-analytic map by applying Rubin’s rules. Briefly, this technique 

allows us to impute the overall effect sizes for each brain voxel, based on the possible 

different effect sizes that voxels may have had in the original unavailable 3D maps associated 

with each experiment. Finally, the meta-analytic map was thresholded applying a family-wise 

error (FWE) correction for multiple comparisons, with 1000 permutations, and the threshold-

free cluster enhancement (TFCE) statistic (p ≤ 0.05; minimum cluster size = 10 voxels) 

(Albajes-Eizagirre et al., 2019). 

These steps were repeated twice, for dyslexia vs. TDCs, and ADHD vs. TDCs contrasts. 

The PSI-SDM algorithm was set to the default parameters (i.e., VBM—gray matter modality; 

SDM gray matter mask; anisotropy = 1; isotropic FWHM = 20 mm; voxel size = 2 mm; 

number of imputations = 50). 

Finally, we aimed to formally test whole-brain communalities in gray matter variation 

between dyslexia and ADHD by calculating the overlap between both conditions in each 

brain voxel. To do so, the two TFCE-corrected maps (i.e., dyslexia vs. TDCs and ADHD vs. 

TDCs, respectively) have to be added on top of each other and compared via the multimodal 

function of PSI-SDM software that calculate the most probable gray matter overlap taking 

into account the presence of noise in the estimation of the p-values of each meta-analytic map 

(Albajes-Eizagirre et al., 2019). 

 

3.2.3. Impact of socio-demographic and clinical variables 

While ALE does not permit the modelling of additional covariates, these can be 

included in PSI-SDM to perform meta-regression analyses (Radua et al. 2013). First, in order 

to test the hypothesis originally made by McGrath and Stoodley (i.e., the influence of 

subjects’ age for ADHD and dyslexia on gray matter differences), one variable was created to 

account for age, taking the mean age of the clinical groups as reported in the original Table 

1 of McGrath and Stoodley (2019), as to obtain the overall mean age for each experiment. 

VBM experiments that did not report these data were excluded from this specific analysis. To 

note, the impact of age was separately tested for ADHD and dyslexia datasets. Therefore, the 

age variable was treated as independent variable in a univariate linear regression over the 

voxel-wise magnitude of gray matter brain alteration. The potential impact of biological sex 

(percentage of male), full-scale intelligence quotient (FSIQ; mean score), and medication 
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(percentage of medicated subjects at the scan session) was also explored for ADHD and 

dyslexia datasets when at least 50% of the experiments for each dataset provided the required 

information. 

The results of the meta-regressions were thresholded at puncorrected < 0.0005 and 

minimum cluster size = 10 voxels, as suggested by the SDM team to reach the optimal 

balance between specificity and sensitivity (Radua and Mataix-Cols, 2012a). 

 

3.2.4. Brain volume sub-analysis 

McGrath and Stoodley (2019) also tested the possible confounding effect of total brain 

volume, or gray matter volume. To do so, they reduced the dataset to the group of 

experiments that explicitly corrected results to account for the volumetric difference between 

the clinical and control groups. Since this kind of hypothesis can’t be tested by means of a 

meta-regression, we followed the same original approach, but using PSI-SDM in place of 

ALE to analyze the identified subset. 

 

3.2.5. Additional analysis: impact of null experiments 

Knowing that some attempts to find a given effect of interest have yielded null results is of 

great relevance when running a CBMA (Acar et al., 2018; Laitin et al., 2021). Quantifying the 

exact number of null experiments is generally hard, as formalized in the so-called “file-drawer 

effect” bias (Acar et al., 2018; Laitin et al., 2021; Müller et al., 2018). Nonetheless, McGrath 

and Stoodley (2019) identified nine of them during their literature search. However, it is not 

possible to process null experiments with the ALE method, as this would result into empty 

MA maps that can’t be modelled by the algorithm. On the contrary, PSI-SDM allows the 

consideration of null results as well. Therefore, an additional analysis was performed after the 

inclusion of those nine experiments into the dataset, correctly divided between dyslexia and 

ADHD (see also Table 3.2 for demographic and clinical details; Table S3.2 for 

methodological details). 
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Table 3.2. Voxel-based morphometry experiments with null results and therefore not 

included in the original coordinate-based meta-analysis by McGrath and Stoodley (2019): 

demographic and clinical details for the attention-deficit/hyper-activity disorder (A) and 

dyslexia (B) datasets. 

VBM 

Experimen

ts 

(Group) 

Clinical Group Control Group 
Brain 

volume 

analysis 

Co-morbid 

disorders 

reported 

in sample  N 
% 

Male 

Mean 

Age 

(yrs) 

Age 

SD 

(yrs) 

FSIQ 
% 

Medication 
N 

% 

Male 

Mean 

Age 

(yrs) 

Age 

SD 

(yrs) 

(A) ADHD                

Amico et 

al. (2011)  
20 75% 33.6 10.2 N/A N/A 20 75% 34.7 10.7 yes 

6 MDD, 7 

depressive 

episodes 

Depue et al. 

(2010)  
31 61% 20 1.7 114.2 77.4% 21 39% 19.3 1.1 yes - 

Maier et al. 

(2015) 
131 48% 34.5  10.0 113.1 0%  95 47% 37.7 10.5 no 

History of 

depression 

and/or 

pharmacoth

erapy 

Onnink et 

al. (2013) 
119 38% 

36.2

9 

10.90

  
107.5 69% 107 42% 36.9 

11.54

  
yes - 

Saad et al. 

(2017) 
34 73% 

13.2

8 
2.75 N/A 0%  28 68% 13.09 2.63 yes ODD 

Seidman et 

al. (2011)   
24 51% 37,3 12.6 116.0 87.5% 54 46% 34.3 11.3 yes LD, MDD 

Villemonteix 

et al. (2015b) 
33 54% 10,1 1.3 105.6 0%  27 48% 10.1 1.3 yes - 

Totals, 

sample size, 

averages 

392 51% 28.4 - - - 352 44% 31.6 - - - 

(B) Dyslexia  

Eckert et al. 

(2016) 
164 60% 10.8 2.59 N/A N/A 129 60% 10.8 2.73 yes - 

Pernet et al. 

(2009) 
38 89% 27.3 7.9 N/A 0% 39 89% 27.8 5.8 yes - 

Totals, 

sample size, 

averages 

202 66% 13.9 - - - 168 67% 14.7 - - - 

ADHD, attention-deficit/hyper-activity disorder; FSIQ, full-scale intelligent quotient; LD, learning disability; 

MDD, major depressive disorder; N, sample size; N/A, data not available; neurological disorder, no history of 

neurological disorders; ODD, oppositional defiant disorder; psychiatric, no history of psychiatric disorders; SD, 

standard deviation; yrs, years; VBM, voxel-based morphometry. 
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3.3. Results 

We aimed to replicate each of the analyses described in McGrath and Stoodley (2019). 

Moreover, we performed some additional analyses that the authors of the original work had 

been unable to carry out due to methodological limitations. 

 

3.3.1. Gray matter variations in ADHD groups 

When looking at the gray matter decrease effect associated with ADHD (i.e., ADHD < 

TDCs) McGrath and Stoodley (2019) found 11 clusters, encompassing the left frontal gyrus, 

the right superior orbitofrontal gyrus, the right medial frontal gyrus, the right gyrus rectus, the 

bilateral cingulate gyrus, the left precentral gyrus, the left superior temporal gyrus, the right 

putamen, the left amygdala, and the right caudate head. The increase effect (i.e., ADHD > 

TDCs) was observed instead in 18 clusters, covering the left superior frontal gyrus, the right 

precentral gyrus, the bilateral postcentral gyrus, the right supplementary motor area, the left 

paracentral lobule, the left posterior cingulate gyrus, the bilateral precuneus, the left cuneus, 

the right mid-occipital gyrus, the left medial dorsal nucleus of the thalamus, and the left 

insula. As highlighted by McGrath and Stoodley, these results were obtained applying a 

threshold of puncorrected < 0.001. For the sake of clarity, it should be mentioned that the use of 

the uncorrected thresholding is no longer recommended in the ALE field (Eickhoff et al., 

2016). Therefore, any interpretation of the results obtained for individual disorders should be 

made with caution. The conjunction analysis was FDR corrected instead, in line with current 

guidelines. 

Since PSI-SDM, as mentioned in the Methods section, can analyze decrease and 

increase effects together, the replication of this step consisted of a unique ADHD vs. TDCs 

contrast. Our results showed no effect applying a TFCE p ≤ 0.05; minimum cluster size = 10 

voxels thresholding. Five clusters of decrease effect were instead observed at the intermediate 

step of the analyses when the puncorrected < 0.005; minimum cluster size = 10 voxels threshold 

was used. Although it is not infrequent in literature to describe results surviving this lenient 

thresholding, the current recommended statistical standard is TFCE (Albajes-Eizagirre et al., 

2019). Therefore, we have decided to include those less robust results in the Supplementary 

Materials only (Table S3.3 and Figure S3.1, respectively), for the sake of clarity and 

completeness. 
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3.3.2. Gray matter variations in dyslexia groups 

When looking at the gray matter decrease effect associated with dyslexia (i.e., dyslexia 

< TDCs) McGrath and Stoodley (2019) found 12 clusters, localized over the right superior 

frontal gyrus, the right orbitofrontal gyrus, the bilateral supramarginal gyrus, the bilateral 

superior temporal gyrus, the left middle temporal gyrus, the right inferior occipital gyrus, the 

bilateral caudate body, the left medial dorsal nucleus of the thalamus, the left insula, and the 

left lobule VI in the cerebellum. The increase effect (i.e., dyslexia > TDCs) was observed 

instead in 13 clusters, encompassing the bilateral medial superior frontal gyrus, the right 

precentral gyrus, the right supplementary motor area, the right paracentral lobule, the right 

precuneus, the left inferior parietal lobule, the bilateral superior temporal gyrus, the left 

middle temporal gyrus, and the left crus I in the cerebellum. As for ADHD, a threshold 

of puncorrected < 0.001 was used. 

In our replication, no effect was found for the contrast dyslexia vs. TDCs, neither at 

TFCE p ≤ 0.05 nor at puncorrected < 0.005 (Table S3.4). 

 

3.3.3. Common gray matter differences in dyslexia and ADHD groups 

Although McGrath and Stoodley (2019) found wide patterns of effect for both ADHD 

and dyslexia, the conjunction analysis highlighted no convergence between the two 

neurodevelopmental conditions when considering decrease ALE maps thresholded 

at puncorrected < 0.001. When the authors lowered the threshold to puncorrected < 0.005 a sole 

cluster of decrease in the right caudate survived FDR p < 0.05 (k = 50 mm3; 5000 

permutations) correction. No conjunction analysis for the increase effect was carried out 

instead. 

Concerning our results, since no effect was found in the main PSI-SDM about dyslexia, 

it was not possible to compute the conjunction analysis, neither at TFCE p ≤ 0.05 nor 

at puncorrected < 0.005 thresholding. 

 

3.3.4. Additional results: impact of null experiments  

As described in the Methods section, PSI-SDM allows us to also model experiments 

that found null results. Therefore, we repeated the analyses described above after having 

complemented the database with the null experiments reported in McGrath and Stoodley 

(2019). This was an additional analysis, not implemented in the original research due to 
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methodological constrain. Concerning ADHD, still no effect was found at TFCE p ≤ 0.05, in 

line with what observed for the original database. Coherently, four clusters of decrease effect 

were observed at puncorrected < 0.005 threshold (Table S3.5 and Figure S3.2). The inclusion of 

the null experiments did not affect dyslexia that still showed no cluster of effect at any level 

of thresholding (Table S3.6). As in the case of the original database, it was not possible to 

complete the conjunction analysis due to the lack of effect at previous stages. 

 

3.3.5. Impact of socio-demographic and clinical variables 

In order to evaluate the potential effect of age, McGrath and Stoodley (2019) created 

and separately analyzed subsets of experiments depending on the mean age of the sample. 

When focusing on the decrease effect in adult groups (i.e., mean age > 18 years), the 

conjunction analysis showed no convergence between ADHD and dyslexia, irrespective of the 

threshold level applied to the ALE maps. The same happened for children groups based on the 

ALE maps thresholded at puncorrected < 0.001. When using the more lenient puncorrected < 0.005, a 

cluster of convergent decrease was observed in the left middle frontal gyrus and 

supplementary motor area. The authors did not consider the increase effect for this analysis 

due to the paucity of data. As explained in the Methods section, we decided to leverage on the 

features of PSI-SDM and perform a meta-regression, rather than separately analyzing the 

subset. This was in fact the most direct way to test the potential effect of age, as originally 

hypothesized by McGrath and Stoodley (2019). Our results showed that no effect of age was 

found at puncorrected ≤ 0.0005 either in ADHD or dyslexia. 

Additionally, meta-regression analyses about biological sex and medication indicated 

no significant effect in both ADHD and dyslexia VBM findings. FSIQ meta-regression was 

not performed instead due to a large amount of unavailable data about the pertaining variable 

(Table 3.1). 

 

3.3.6. Brain volume sub-analysis 

In order to evaluate the possible effect of total brain volume, McGrath and Stoodley 

(2019) reduced the analysis to the subset of experiments that explicitly corrected the results 

for the volumetric difference between the clinical and control group. Even in this condition, 

convergence was observed in the sole cluster in the right caudate, based on the less 

conservative version of the maps (i.e., puncorrected < 0.005). 
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In our replication, as in the case of using the whole dataset, it was not possible to 

perform the conjunction analysis at TFCE p ≤ 0.05 since no significant effect was found for 

dyslexia at that threshold. The only two clusters that survived at this corrected thresholding, 

based on the subset for ADHD, were localized in the left crus I and crus II of the cerebellum 

(Table 3.3 and Figure 3.1). It is important to note that no significant heterogeneity of effect 

size (i.e., I2 = 4.5% for the peak 1; I2 = 17.9% for the peak 2) and no obvious publication bias 

(i.e., Egger’s test p = 0.6 for the peak 1; p = 0.6 for the peak 2) (Radua et al., 2013) were 

found for these brain volume related findings.  

At the uncorrected level of statistical significance (p < 0.005), we found three clusters 

of gray matter decrease in dyslexia (Table S3.7; Figure S3.3) and 13 clusters of gray matter 

decrease in ADHD (Table S3.8; Figure S3.4) respectively, when accounting for brain volume. 

For the sake of completeness, we ran the conjunction analysis comparing the two maps at the 

uncorrected level. Results showed no common brain area of variation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1. Brain cluster of gray matter reduction in subjects with attention-deficit/hyper-

activity disorder compared to typically developing controls (brain volume sub-analysis). 

Results are TFCEbased FWER corrected at 0.05. The PSI-SDM findings are visualized as 

coronal, sagittal, and axial slices (2-D cortical, subcortical, and cerebellar view). 
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Table 3.3. Brain clusters of gray matter variation in attention-deficit/hyper-activity disorder 

compared with typically developmental controls at TFCE corrected p≤0.05 and minimum 

cluster size = 10 voxels (brain volume sub-analysis). 

Region 
MNI coordinate  SDM P ≤ 0.05  

Voxels 
Cluster breakdown 

x y z Z score (Corrected) (Voxels) 

ADHD > TDCs 

No cluster found        

ADHD < TDCs 

 

Left crus II    

(Cerebellum) 

 

-22 -78 -36 -3.569 0.02 120 

 

Left crus II (73) 

Left crus I (44) 

Left lobule VIIB (3) 

Left crus I    

(Cerebellum) 
-32 -58 -44 -3.525 0.03 84 

 

Left crus II (51) 

Left crus I (11) 

Left lobule VIIB (10) 

Left lobule VI (9) 

Left lobule VII (2) 

Middle cerebellar peduncles (1) 

ADHD, attention-deficit/hyper-activity disorder; TDCs, typically developing controls; BA, Brodmann area; 

MNI, Montreal Neurological Institute; SDM, Seed-based d Mapping. 

 

3.4. Discussion 

In the present study, we aimed to replicate the original VBM meta-analysis by McGrath 

and Stoodley (2019), using PSI-SDM in place of ALE as a method to carry out the analyses. 

Overall, the current attempt confirmed a limited overlap between the alteration correlates of 

ADHD and dyslexia. This was primarily due to the lack of significant effects for dyslexia that 

prevented the execution of the conjunction analysis. Even for ADHD, the only main results 

were obtained at uncorrected thresholding, and should therefore be interpreted with caution. 

Nevertheless, this outcome was not completely surprising. As correctly stated by 

McGrath and Stoodley (2019) throughout their work, the magnitude of the identified effect 

was limited. In fact, the conjunction analysis highlighted the only cluster in the right caudate, 

and only when comparing maps with the more lenient and very liberal thresholding 

(i.e., puncorrected < 0.005). The authors did not test their results with more conservative 

correction thresholds, such as the false discovery rate (Laird et al., 2005), voxel- or cluster-

level FWE (Eickhoff et al., 2016). Therefore, any consideration about the behavior of the data 

in that scenario would be speculative (Eickhoff et al., 2017). As a further and related aspect, it 

should be noted that the number of experiments originally included in the various analyses 
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was very close to the lower bound recommended in the ALE literature (Eickhoff et al., 2016; 

Liloia et al., 2021b; Tahmasian et al., 2019). In similar cases, the stability of the results can be 

limited, and findings can be driven by single experiments (Eickhoff et al., 2017; Müller et al., 

2018; Tahmasian et al., 2019). In light of these considerations, the opposite outcomes we 

found could be more related with the size of the dataset than with the influence of 

methodological differences between ALE and PSI-SDM. 

Although for some of the additional analyses we performed the null experiments for 

were included, the particular nature of these studies did not really contribute to expand the 

dataset. On the contrary, the effect of considering null results is rather to further increase the 

threshold to be reached by the remaining experiments. In line with this, one cluster of gray 

matter decrease in ADHD was lost after the inclusion of the seven null experiments. In our 

analyses, the only two clusters surviving the TFCE corrected p ≤ 0.05 thresholding were 

found in the left cerebellar crus II and crus I, based on the subset of ADHD experiments that 

accounted for total brain volume differences. Although the involvement of the cerebellum in 

this disorder was not reported by McGrath and Stoodley (2019), this is well described in 

ADHD literature (Bruchhage et al., 2018; Goetz et al., 2014; Mostofsky et al., 1998; 

Stoodley, 2014; Stoodley, 2016). The fact that, in our replication, the alteration of the 

cerebellum only emerged in the sub-analysis could be due to the homogenization induced 

through the selection process. In fact, an effect of excluding the experiments that had not 

taken into account differences in total brain volume could be to retain more similar brains, in 

spatial terms. This could in turn increase the chance of finding convergence among the 

various experiments, therefore surviving to statistical thresholding. On the other hand, it 

should also be considered that when reducing the number of experiments analyzed, the chance 

to find some significant results increases, in virtue of reduced variance (Eickhoff et al., 2017). 

A very strict interpretation of the paucity of significant results in our replication would 

be that neither ADHD nor dyslexia are consistently associated with a pattern of gray matter 

alteration in the brain. This stance is coherent with a recent ALE cluster-level FWE corrected 

study by Samea et al. (2019) on pediatric subjects with ADHD. By contrast, prior CBMAs 

described significant, albeit largely different, patterns of neuroanatomical alteration in 

dyslexia (Linkersdörfer et al., 2012; Richlan et al., 2013; Yan et al., 2021). The discrepancy in 

VBM findings between current and early meta-analyses could be explained by a number of 

factors. First, the CBMAs of Linkersdörfer et al. (2012) and Richlan et al. (2013) analyzed 
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small datasets due to the limited availability of appropriate data (i.e., nine experiments for a 

total of 62 gray matter decrease foci and nine experiments for a total of 45 gray matter 

decrease/increase foci, respectively), hence prone to type I error (Eickhoff et al., 2017). 

Second, Yan et al. (2021) evaluated the neuroanatomical landscape of dyslexia from a cross-

linguistic writing perspective, partitioning the current VBM literature about disorder in two 

datasets, namely the alphabetic language (21 experiments) and morpho-syllabic (6 

experiments) groups. Third, Richlan et al. (2013) and Yan et al. (2021) used the effect-size 

version of SDM at uncorrected level; Linkersdörfer et al. (2012) used the ALE instead. While 

these CBMA methods test the spatial convergence across coordinates, our PSI-SDM approach 

conducts standard univariate voxel-wise tests (Albajes-Eizagirre et al., 2019; Winkler et al., 

2014). From a methodological point of view, this means that we were able to overcome 

certain spatial drawbacks which may have decreased the statistical power of the meta-

analysis, leading to either spuriously conservative or spuriously liberal results (Albajes-

Eizagirre and Radua, 2018; Albajes-Eizagirre et al., 2019; Winkler et al., 2014). As a further 

relevant note, the current lack of consensus would be further reinforced by the complex and 

not fully understood nature of these neurodevelopmental multi-faceted disorders. For 

example, some authors have suggested that both ADHD and dyslexia might not be discrete 

entities but, rather, their symptomatology occurs on a continuum (Kern et al., 2015; 

McLennan, 2016; Peterson et al., 2013; Shaywitz et al., 1992; Whitely, 2015). Moreover, 

medical comorbidity in these clinically heterogeneous conditions is frequent (Darweesh et al., 

2020; Gnanavel et al., 2019). In this regard, we note that 15 out of 31 original VBM 

experiments about ADHD (i.e., the 48% of the dataset) have recruited at least one subject 

with other psychiatric and neurological disorders (Table 3.1) (McGrath and Stoodley, 2019). 

This aspect adds inevitable heterogeneity to the meta-analytic sample. 

A further aspect to be mentioned is the role of the gray matter increase. While some 

clusters of decrease were found at the uncorrected level of thresholding, no increase was 

detected in our replication. On the contrary, McGrath and Stoodley (2019) found several 

clusters of increase in both ADHD and dyslexia. As discussed in Mancuso et al. (2020), the 

biological meaning of the increment of gray matter in the pathological brain remains elusive, 

as well as its relationship with the opposed phenomenon of decrease. However, the divergent 

findings could be explained by the different approach followed by ALE and PSI-SDM. While 

the former analyses increase and decrease separately, PSI-SDM processes the two effects 
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together. In virtue of this, if the prevalence of experiments reports the decrease of a given 

brain region, this could hide the presence of some increase effect in that same region. The two 

directions could also be counterbalancing, showing zero effect in total. Since it is known that 

increase effect is less represented in literature than decrease one (Mancuso et al., 2020; Nani 

et al., 2021), the absence of significant increase results should always be considered with 

caution. 

 

3.4.1 Limitations and future directions 

Disorder-specific issues and clinical heterogeneity aside, we should note that the 

CBMA approach in general, and PSI-SDM technique in particular, have some limitations. By 

definition, coordinate-based techniques have a limited accuracy because they only consider 

significant foci (i.e., x,y,z peak values) instead of the entire voxel-wise statistic parametric 

maps (Manuello et al., 2022). However, we observe that this procedure is standardized in the 

field and capable of reducing the probability of making spatial errors (Eickhoff et al., 2009; 

Radua et al., 2012). Second, although McGrath and Stoodley (2019) identified nine VBM 

studies with null result experiments about ADHD and dyslexia, we cannot exclude that this 

research topic is affected by the publication bias against null or contra-evidence results (i.e., 

file-drawer problem) (Manuello et al., 2022; Müller et al., 2018). Third, exploratory meta-

regression analyses did not find a significant impact of some key socio-demographic and 

clinical variables on published findings in both clinical conditions of interest. It is necessary 

to note that these results are based on a limited number of eligible experiments and, therefore, 

should be taken with caution and deserves future attention. Fourth, in performing the SDM-

PSI analyses we cannot rule out that taking into account a few experiments may slightly bias 

effect sizes towards zero, even though simulations made by the SDM team with the maximum 

likelihood/multiple imputation algorithm have already shown that this kind of bias is almost 

negligible (Albajes-Eizagirre et al., 2019). Lastly, although the meta-analytic approach has 

permitted a quantitative synthesis of over 20 years of research about the topic, the cross-

sectional nature of the data hampers the possibility to characterize possible disorder-specific 

and common patterns of neuroanatomical variation from a developmental perspective. In this 

regard, future longitudinal studies scanning the same individuals across the lifespan, along 

with new reproducible data analytic pipelines, may open new lines of research able to propose 

new neuroimaging-based targeted interventions. 
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3.5. Conclusion 

Here, we aimed to replicate the important findings pertaining the existence of brain 

regions undergoing gray matter alteration in association with both ADHD and dyslexia 

reported in the McGrath and Stoodley study (2019). Using a different state-of-the-art meta-

analytic method and additional statistical procedures, we found no significant alteration 

overlap between these two neurodevelopmental conditions. These results remained unchanged 

under the addition of nine experiments not included in the original analyses. Furthermore, we 

have argued that the evidence for the existence of socio-demographic and clinical 

confounding effects on published findings is not convincingly demonstrated. Despite common 

genetic, environmental, cognitive, and pathomechanism risk factors between these two NDDs, 

current outcomes support the existence of a marked distinction at the neural level, which may 

be useful for a clinical point of view especially when comorbidity is present. In sum, we 

believe that the overall replication of the original study may be a further step forward that will 

help us to find precise neural markers of these neurodevelopmental conditions. 
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3.6. Supplementary material 

3.6.1. Supplementary tables 

Table S3.1. VBM experiments included in the original coordinate-based meta-analysis by 

McGrath and Stoodley (2019): methodological details for the attention-deficit/hyper-activity 

disorder (A) and dyslexia (B) datasets. 

Experiments GM variations VBM 

software 

Thickness Smoothing Scanner Original 

 TDCs > PZ PZ > TDCs  (mm) (FWHM) (Tesla) data 

(A) ADHD   

Ahrendts et al. (2011) 2 0 SPM 2 1 12 mm 1.5 MNI 

Bonath et al. (2018) 12 0 SPM 8 1 8 mm 3.0 BRETT 

Bralten et al. (2016) 5 0 SPM N/A 8 mm 1.5 MNI 

Brieber et al. (2007) 9 6 SPM 2 1 12 mm 1.5 MNI 

Carmona et al. (2005) 17 0 SPM 2 N/A 12 mm 1.5 MNI 

He et al. (2015) 4 0 SPM 8  1 8 mm 3.0 MNI 

Iannaccone et al. (2015) 3 2 SPM 8 1 8 mm 3.0 MNI 

Johnston et al. (2014) 12 0 SPM 8 1 8 mm 1.5 MNI 

Kappel et al. (2015) 

(adults) 
4 0 SPM 8 1 6 mm 3.0 MNI 

Kappel et al. (2015) 

(children) 
1 4 SPM 8 1 6 mm 3.0 MNI 

Kaya et al. (2018) 0 7 SPM 8 N/A 8 mm 1.5 MNI 

Kobel et al. (2010) 1 0 SPM 5 N/A 12 mm 3.0 TAL 

Kumar et al. (2017) 4 0 SPM 8 N/A 12 mm 3.0 OTHER 

Lim et al. (2013) 6 0 SPM 8 N/A 8 mm 3.0 TAL 

McAlonan et al. (2007) 8 0 BAMM 3 4.4 mm 1.5 TAL 

Montes et al. (2010) 2 0 SPM 5 1 8 mm 1.0 MNI 

Moreno-Alcazar et al. (2016) 3 1 FSL 1 9.4 mm 1.5 MNI 

Overmeyer et al. (2001) 9 0 N/A 3 N/A 1.5 TAL 

Roman-Urrestarazu et al. (2016) 2 0 FSL-VBM 1 3 mm 1.5 MNI 

Sasayama et al. (2010) 14 0 SPM 2 1 12 mm 1.5 MNI 

van Wingen et al. (2013) 2 2 SPM 8 1.2 8 mm 3.0 MNI 

Villemonteix et al. (2015a) 

(naïve) 
2 0 SPM 8  N/A 5 mm 3.0 MNI 

Villemonteix et al. (2015a) 

(medicated) 
2 0 SPM 8  N/A 5 mm 3.0 MNI 

Yang et al. (2008) 6 0 SPM 2 5 8 mm 1.5 MNI 

(B) DYSLEXIA    

Brambati et al., 2004 9 0 SPM 2 1.5 12 mm 1.5 TAL 

Brown et al., 2001 8 0 SPM 99 2 8 mm 1.5 TAL 

Eckert et al., 2005 5 1 SPM2b N/A 12 mm 1.5 MNI 

Evans et al., 2014  

(male adults) 
2 0 SPM 8 1 8 mm 1.5/3.0 TAL 

Evans et al., 2014  

(female adults) 
2 0 SPM 8 1 8 mm 1.5/3.0 TAL 

Evans et al., 2014  

(male children) 
1 0 SPM 8 1 8 mm 1.5/3.0 TAL 
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Experiments GM variations VBM 

software 

Thickness Smoothing Scanner Original 

 TDCs > PZ PZ > TDCs  (mm) (FWHM) (Tesla) data 

Evans et al., 2014 

(female children) 
3 0 SPM 8 1 8 mm 1.5/3.0 TAL 

Hoeft et al., 2007 6 0 SPM 2 N/A 8 mm 3.0 TAL 

Jednoróg et al., 2015 1 0 SPM 8 1 4 mm 1.5/3.0 MNI 

Kronbichler et al., 2008 11 8 SPM 2 1.3 12mm 1.5 MNI 

Liu et al., 2013 8 0 SPM 5 1 12 mm 3.0 MNI 

Silani et al., 2005 1 1 SPM 2 1.5 12 mm 1.5/2.0 TAL 

Siok et al., 2008 3 0 SPM 2 2 10 mm 2.0 MNI 

Steinbrink et al., 2008 2 0 SPM 5 N/A 12 mm 3.0 MNI 

Tamboer et al., 2015 8 3 FSL-VBM N/A 4 mm 3.0 MNI 

Vinckenbosch et al., 2005 1 1 SPM99 1 8 mm 1.5 TAL 

Xia et al., 2016 3 0 SPM8  1.33 8 mm 3.0 MNI 

Yang et al., 2016 7 3 SPM8  4 8 mm 1.5 MNI 

ADHD, attention-deficit/hyper-activity disorder; FWHM, full width at half maximum; MNI, 

Montreal Neurological Institute; N/A, data not available; PZ, patients; TAL, Talairach; TDCs, 

typically developing controls; VBM, voxel-based morphometry.  

 

Table S3.2. VBM experiments with null results and not included in the original coordinate-

based meta-analysis by McGrath and Stoodley (2019): methodological details for the 

attention-deficit/hyper-activity disorder (A) and dyslexia (B) datasets. 

Experiments GM variations VBM 

software 

Thickness Smoothing Scanner Original 

 TDCs > PZ PZ > TDCs  (mm) (FWHM) (Tesla) data 

(A) ADHD  

Amico et al. (2011)  0 0 SPM5 1.5 8 mm 1.5 TAL 

Depue et al. (2010)  0 0 FSL-VBM 1.7 4.6 mm N/A MNI 

Maier et al. (2015) 0 0 SPM12 N/A 8 mm N/A OTHER 

Onnink et al. (2013) 0 0 SPM8 N/A 8 mm 1.5 MNI 

Saad et al. (2017) 0 0 SPM8 1 N/A 3.0 MNI 

Seidman et al. (2011)  0 0 FSL-VBM 1.33 7.05 mm 1.5 MNI 

Villemonteix et al. (2015b) 0 0 SPM8 N/A 12 mm 3.0 MNI 

(B) DYSLEXIA 

Eckert et al. (2016) 0 0 SPM8 N/A 8 mm 1.5/3.0 MNI 

Pernet et al. (2009) 0 0 SPM5 N/A 8 mm 1.5 MNI 

ADHD, attention-deficit/hyper-activity disorder; FWHM, full width at half maximum; MNI, 

Montreal Neurological Institute; N/A, data not available; PZ, patients; TAL, Talairach; TDCs, 

typically developing controls; VBM, voxel-based morphometry.  
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Table S3.3. Brain clusters of gray matter variation in attention-deficit/hyper-activity disorder 

compared with typically developmental controls at puncorrected <0.0005 and minimum cluster 

size = 10 voxels (replication analysis). 

Region 
MNI coordinate  SDM P < 0.005  

Voxels 
Cluster breakdown 

x y z Z score (Uncorrected) (Voxels) 

ADHD > TDCs 

No cluster found        

ADHD < TDCs 

 

Right superior frontal 

gyrus, medial orbital  

(BA 11) 

 

6 24 -10 -3.708 0.0001 127 

Right SFG (66) 

Right gyrus rectus (32) 

Right olfactory cortex (15) 

Bilateral ACC (12) 

Right Striatum (2) 

Right lenticular 

nucleus (Putamen) 
30 0 -2 -3.385 0.0003 82 

Right Putamen (65) 

Right Striatum (17) 

Left lobule VI 

(Cerebellum) 
-34 -46 -34 -2.783 0.002 22 

Left  lobule VI (16) 

Left  crus I (6) 

Left postcentral gyrus  

(BA 6) 
-46 -14 50 -2.942 0.001 12 Left PoCG (12) 

Right gyrus rectus 

(BA 11) 
4 38 -24 -2.781 0.002 10 Right gyrus rectus (10) 

ADHD, attention-deficit/hyper-activity disorder; TDCs, typically developing controls; BA, Brodmann 

area; MNI, Montreal Neurological Institute; SDM, Seed-based d Mapping; SFG, superior frontal gyrus; 

ACC, anterior cingulate cortex; PoCG, posterior central gyrus. 
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Table S3.4. Brain clusters of gray matter variation in dyslexia compared with typically 

developmental controls at puncorrected <0.0005 and minimum cluster size = 10 voxels (replication 

analysis). 

Region 
MNI coordinate  SDM P < 0.005  

Voxels 
Cluster breakdown 

x y z Z score (Uncorrected) (Voxels) 

Dyslexia > TDCs 

No cluster found 

Dyslexia < TDCs 

No cluster found  

TDCs, typically developing controls; SDM, Seed-based d Mapping. 

 

Table S3.5. Brain clusters of gray matter variation in attention-deficit/hyper-activity disorder 

compared with typically developmental controls at puncorrected <0.0005 and minimum cluster 

size = 10 voxels (additional analysis). 

Region 
MNI coordinate  SDM P < 0.005  

Voxels 
Cluster breakdown 

x y z Z score (Uncorrected) (Voxels) 

ADHD > TDCs 

No cluster found 

ADHD < TDCs 

 

Right superior frontal 

gyrus, medial orbital  

(BA 11) 

 

6 24 -10 -4.051 0.00002 148 

Right SFG (87) 

Right gyrus rectus (38) 

Right olfactory cortex (10) 

Bilateral ACC (9) 

Right Striatum (4) 

 

Right lenticular 

nucleus (Putamen) 

 

30 0 -2 -3.817 0.00006 152 
Right Putamen (131) 

Right Striatum (21) 

Left lobule VI 

(Cerebellum) 
-34 -46 -34 -3.023 0.001 50 

Left  lobule VI (29) 

Left  crus I (21) 

Right gyrus rectus 

(BA 11) 
4 38 -24 -3.281 0.0005 19 Right gyrus rectus (19) 

Abbreviations: ADHD, attention-deficit/hyper-activity disorder; TDCs, typically developing controls; BA, 

Brodmann area; MNI, Montreal Neurological Institute; SDM, Seed-based d Mapping; SFG, superior 

frontal gyrus; ACC, anterior cingulate cortex. 
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Table S3.6. Brain clusters of gray matter variation in dyslexia compared with typically 

developmental controls at puncorrected <0.0005 and minimum cluster size = 10 voxels 

(additional analysis). 

Region 
MNI coordinate  SDM P < 0.005  

Voxels 
Cluster breakdown 

x y z Z score (Uncorrected) (Voxels) 

Dyslexia > TDCs 

No cluster found 

Dyslexia < TDCs 

No cluster found  

TDCs, typically developing controls; SDM, Seed-based d Mapping. 

 
  

Table S3.7. Brain clusters of gray matter variation in dyslexia compared with typically 

developmental controls at puncorrected <0.0005 and minimum cluster size = 10 voxels (brain 

volume sub-analysis). 

Region 
MNI coordinate  SDM P < 0.005  

Voxels 
Cluster breakdown 

x y z Z score (Uncorrected) (Voxels) 

Dyslexia > TDCs 

No cluster found 

Dyslexia < TDCs 

 

Left superior 

temporal gyrus (BA 

38) 

 

-46 10 -14 -3.578 0.0001 207 
Left STG (181) 

Left MTG (26) 

 

Right lobule VI 

(Cerebellum) 

 

36 -58 -24 -2.839 0.002 34 

 

Right lobule VI (22) 

Right crus I (12) 

 

Middle cerebellar 

peduncles 
-24 -44 -32 -2.715 0.003 14 

Middle cerebellar peduncles 

(14) 

TDCs, typically developing controls; BA, Brodmann area; MNI, Montreal Neurological Institute; SDM, 

Seed-based d Mapping; STG, superior temporal gyrus; MTG, middle temporal gyrus. 
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Table S3.8. Brain clusters of gray matter variation in attention-deficit/hyper-activity disorder 

compared with typically developmental controls at puncorrected <0.0005 and minimum cluster 

size = 10 voxels (brain volume sub-analysis). 

Region 
MNI coordinate  SDM P < 0.005  

Voxels 
Cluster breakdown 

x y z Z score (Uncorrected) (Voxels) 

ADHD > TDCs 

No cluster found 

ADHD < TDCs 

 

Left crus II 

(Cerebellum) 

 

-22 -78 -36 -3.569 0.0001 693 

 

Left crus II (372) 

Left crus I (199) 

Left lobule VIIB (52) 

Left lobule VI (36) 

Left lobule VIII (34) 

 

 

Left 

parahippocampal 

gyrus (BA 36) 

 

-20 -12 -24 -4.468 0.000003 372 

 

Left parahippocampus (247) 

Left hippocampus (55) 

Left medial cingulum (33) 

Left fusiform gyrus (22) 

Left amygdala (15) 

 

Right caudate 

nucleus 
16 14 10 -4.509 0.000003 276 Right caudate (276) 

Left cuneus cortex 

(BA 17) 
-10 -98 14 -4.362 0.000006 227 

Left cuneus (135) 

Left SOG (78) 

Left MOG (7) 

Left caudate nucleus -12 20 6 -4.213 0.00001 157 
Left caudate (152) 

Left striatum (5) 

Right gyrus rectus 

(BA 11) 
10 38 -24 -3.414 0.0003 165 

Right gyrus rectus (153) 

Right SFG (12) 

Right lenticular 

nucleus (Putamen) 
30 -2 -4 -3.400 0.0003 136 

Right putamen (108) 

Right striatum (28) 

Left anterior 

cingulate cortex (BA 

32) 

-4 40 4 -3.218 0.0006 124 
Left ACC (109) 

Right ACC (15) 

Right lobule IX 

(Cerebellum) 
10 -50 -50 -3.343 0.0004 104 Right lobule IX (104) 
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Region 
MNI coordinate SDM P < 0.005 

Voxels 
Cluster breakdown 

x y z Z score (Uncorrected) (Voxels) 

Left lobule IX 

(Cerebellum) 
-10 -48 -52 -3.566 0.0001 58 Left lobule IX (58) 

Right superior 

temporal gyrus (BA 

38) 

28 8 -26 -3.067 0.0007 38 
Right STG (26) 

Right parahippocampal (12) 

Right 

parahippocampal 

gyrus (BA 20) 

30 -26 -24 -3.013 0.001 17 Right parahippocampal (17) 

Left supplementary 

motor area (BA 6)  
-8 -12 50 -3.645 0.0001 14 Left SMA (11) 

ADHD, attention-deficit/hyper-activity disorder; TDCs, typically developing controls; BA, Brodmann 

area; MNI, Montreal Neurological Institute; SDM, Seed-based d Mapping; SOG, superior occipital 

gyrus; MOG, middle occipital gyrus; ACC, anterior cingulate cortex; STG, superior temporal gyrus; 

SMA, supplementary motor area. 
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3.6.2. Supplementary figures 

 

Figure S3.1. Brain clusters of gray matter variation in attention-deficit/hyper-activity disorder 

compared with typically developmental controls at puncorrected <0.0005 and minimum cluster 

size = 10 voxels (replication analysis). 

The PSI-SDM map is visualized as six axial slices (2-D cortical, subcortical, and cerebellar view). Colors from 

dark to light red represent voxels with a common pattern of neuroanatomical reduction (gray matter in 

attention-deficit/hyper-activity disorder < typically developmental controls). Brain slices are in neurological 

convention (i.e. Right is right, Left is left). SFG, superior frontal gyrus. 

 

 

 

 

 



 118 

 

Figure S3.2. Brain clusters of gray matter variation in attention-deficit/hyper-activity disorder 

compared with typically developmental controls at puncorrected <0.0005 and minimum cluster 

size = 10 voxels (additional analysis). 

The PSI-SDM map is visualized as six axial slices (2-D cortical, subcortical, and cerebellar view). Colors from 

dark to light red represent voxels with a common pattern of neuroanatomical reduction (gray matter in 

attention-deficit/hyper-activity disorder < typically developmental controls). Brain slices are in neurological 

convention (i.e. Right is right, Left is left). SFG, superior frontal gyrus. 
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Figure S3.3. Brain clusters of gray matter variation in dyslexia compared with typically 

developmental controls at puncorrected <0.0005 and minimum cluster size = 10 voxels (brain 

volume sub-analysis). 

The PSI-SDM map is visualized as six axial slices (2-D cortical, subcortical, and cerebellar view). Colors from 

dark to light green represent voxels with a common pattern of neuroanatomical reduction (gray matter in 

dyslexia < typically developmental controls). Brain slices are in neurological convention (i.e. Right is right, Left 

is left). STG, superior temporal gyrus. 
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Figure S3.4. Brain clusters of gray matter variation in attention-deficit/hyper-activity disorder 

compared with typically developmental controls at puncorrected <0.0005 and minimum cluster 

size = 10 voxels (brain volume sub-analysis). 

The PSI-SDM map is visualized as six axial slices (2-D cortical, subcortical, and cerebellar view). Colors from 

dark to light red represent voxels with a common pattern of neuroanatomical reduction (gray matter in 

attention-deficit/hyper-activity disorder < typically developmental controls). Brain slices are in neurological 

convention (i.e. Right is right, Left is left). ACC, anterior cingulate cortex; SMA, supplementary motor area. 
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Gray Matter Abnormalities Follow Non-Random Patterns of 

Co-Alteration in Autism: Meta-Connectomic Evidence3 

 

 

Abstract 

Background: Autism spectrum disorder (ASD) is a neurodevelopmental disorder 

characterized by atypical brain anatomy and connectivity. Graph-theoretical methods have 

mainly been applied to detect altered patterns of white matter tracts and functional brain 

activation in individuals with ASD. The network topology of gray matter (GM) abnormalities 

in ASD remains relatively unexplored. Methods: An innovative meta-connectomic analysis 

on voxel-based morphometry data (45 experiments, 1,786 subjects with ASD) was performed 

in order to investigate whether GM variations can develop in a distinct pattern of co-alteration 

across the brain. This pattern was then compared with normative profiles of structural and 

genetic co-expression maps. Graph measures of centrality and clustering were also applied to 

identify brain areas with the highest topological hierarchy and core sub-graph components 

within the co-alteration network observed in ASD. Results: Individuals with ASD exhibit a 

distinctive and topologically defined pattern of GM co-alteration that moderately follows the 

structural connectivity constraints. This was not observed with respect to the pattern of 

genetic co-expression. Hub regions of the co-alteration network were mainly left-lateralized, 

encompassing the precuneus, ventral anterior cingulate, and middle occipital gyrus. Regions 

of the default mode network appear to be central in the topology of co-alterations. 

Conclusion: These findings shed new light on the pathobiology of ASD, suggesting a 

network-level dysfunction among spatially distributed GM regions. At the same time, this 

study supports pathoconnectomics as an insightful approach to better understand 

neuropsychiatric disorders. 

 

4.1. Introduction 

Autism spectrum disorder (ASD) is the diagnostic label that refers to a set of 

neurodevelopmental conditions characterized by impairment in social abilities, repetitive 

 
3 This study was published in NeuroImage: Clinical in 2021 (Volume 30, Article 102583, 

Pages 1-19, doi: 10.1016/j.nicl.2021.102583). Authors: Liloia D., Mancuso L., Uddin L.Q., 

Costa T., Nani A., Keller R., Manuello J., Duca S., Cauda F. 

https://doi.org/10.1016/j.nicl.2021.102583
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behaviors, restricted interests and abnormal sensory processing (American Psychiatric 

Association, 2013). This cluster of conditions reports clinical features persisting throughout 

the lifespan (Brighenti et al., 2018; Keller et al., 2020; Lord et al., 2018) and afflicting 

approximately 1 in 54 children aged 8 years (Baio et al., 2018). 

Over the past decades, neuroimaging studies have suggested that ASD is associated 

with both anatomical and functional brain abnormalities (for a review see Ecker et al., 2015). 

In particular, voxel-based morphometry (VBM), a univariate technique capable of quantifying 

morphometric differences between diagnostic groups (Ashburner and Friston, 2000), has been 

used extensively to elucidate the neuroanatomy of autism. In addition, coordinate-based meta-

analyses (CBMAs) have identified concordant structural effects across independent ASD 

studies, showing focal aberrations in multiple areas such as the cerebellum, amygdala-

hippocampus complex, cingulate cortex, parieto-occipital pole, temporal and prefrontal 

cortices (Carlisi et al., 2017; Cauda et al., 2014a; Cauda et al., 2011; DeRamus and Kana, 

2015; Liu et al., 2017; Lukito et al., 2020; Nickl-Jockschat et al., 2012; Via et al., 2011). 

These important findings notwithstanding, the intrinsic mechanisms and network topological 

organization that underpin the distribution of gray matter (GM) abnormalities in ASD remains 

largely unappreciated.  

In recent years, advances in graph-theoretical analysis have begun to provide a 

conceptual framework for studying the topological properties of complex brain systems, 

which has led to the new field of connectomics. This line of research has been aiming to 

comprehensively map large-scale brain networks as a collection of nodes (brain regions or 

sub-areas) and edges (neural pathways or statistical relationships) (Sporns, 2013). The 

conceptual and empirical development of connectomics presents novel opportunities for 

understanding neuropsychiatric conditions, which now tend to be conceived of as brain 

networks disorders (Deco and Kringelbach, 2014; Fornito et al., 2017; Rubinov and 

Bullmore, 2013; van den Heuvel and Sporns, 2019). Moreover, there is an emerging 

consensus that the investigation of neuropathological patterns is ever more essential to 

improve diagnosis and prediction of mental illness (Cao et al., 2015; Huys et al., 2016; 

Yahata et al., 2017). This view is particularly relevant for psychiatric disorders. The U.S. 

National Institute of Mental Health’s Research Domain Criteria (RDoC) takes into account 

network-level abnormalities as a core feature for understanding the neurobiology of mental 

disorders, with the aim to integrate the current symptom-based diagnostic classifications 
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(Insel et al., 2010; Insel, 2014). 

Despite advances in neuroimaging, graphs of GM alterations are particularly difficult to 

investigate. So far only a few studies have explored differences in GM systems in ASD using 

source-based morphometry (SoBM) (Grecucci et al., 2016; Pappaianni et al., 2018) and 

anatomical covariance, an MRI measure of cortical thickness or density relationships between 

brain areas (Evans, 2013). Although the neurobiological basis of anatomical covariance is still 

poorly understood (Alexander-Bloch et al., 2013), research on this topic has produced 

important findings in characterizing abnormal brain structures in ASD that appear to be part 

of the salience and default mode (Valk et al., 2015; Zheng et al., 2020; Zielinski et al., 2012), 

fronto-temporal (Bernhardt et al., 2014; Sharda et al., 2017), striatal (Eisenberg et al., 2015), 

parieto-occipital and limbic (Balardin et al., 2015; Bethlehem et al., 2017; Cardon et al., 

2017) networks. A network neuroscience approach can better assess the anatomical alterations 

of ASD, reporting not only the sites of the alterations but also their mutual relationships.   

An innovative computational methodology has been devised recently to perform 

morphometric co-alteration networking (MCN) analysis of human brain pathology, which can 

be defined as the investigation of abnormal conjoint patterns formed by localized GM co-

altered regions (Cauda et al., 2018a). This type of analysis is a meta-connectomic and data-

driven method, able to extend the information available from voxel-wise data. MCN can 

statistically derive the pathological network of a given brain disease using Patel’s κ, an 

empirical Bayesian technique suitable for detecting the probability that alterations of two 

brain regions can co-occur (Patel et al., 2006; Smith et al., 2011). Different from the 

anatomical covariance method, MCN can identify a network in which the pathological 

modifications of GM are statistically related. It is therefore possible to examine the 

topological properties of GM co-alterations rather than those related to within-group 

anatomical covariance (Cauda et al., 2018a).  

This innovative approach is well-suited to the study of pathophysiological alterations of 

brain disorders, which tend to be distributed across the brain according to network-like 

patterns (Fornito and Bullmore, 2015; Iturria-Medina and Evans, 2015; Raj et al., 2012; Stam, 

2014). It has been proposed that mutual relationships of morphometric variation between two 

or more structurally defined regions reflects their shared vulnerability to damage due to 

processes of neuronal degeneration or neurodevelopmental factors (e.g., atypical dendritic 

growth, cellular migration, myelination, synaptogenesis and axonal pathfinding), and is 



 125 

mediated by molecular/cellular trophic and genetic effects (for a review see Fornito et al., 

2015; Raj and Powell, 2018). Evidence for such mutual alteration distributions in autism 

exists (Casanova, 2006; Cauda et al., 2014a; Galvez-Contreras et al., 2017; Nickl-Jockschat 

and Michel, 2011; Palmen et al., 2004; Wegiel et al., 2014; Zielinski et al., 2012); however, 

these distributions have not yet been comprehensively understood both from a micro- and 

macro-level perspective. Therefore, the identification of statistically robust and anatomically 

plausible co-alteration networks by means of the MCN methodology has the potential to 

reveal more about ASD pathophysiology than a canonical GM approach, since it better 

assesses the complex nature of morphometric abnormalities underlying the clinical hallmarks 

of disease. 

Moreover, an emerging literature suggests that certain brain regions are preferentially 

vulnerable to a wide range of psychiatric and neurological disorders (Cauda et al., 2019b; 

Crossley et al., 2014; Goodkind et al., 2015; Liloia et al., 2018; Uddin, 2015). Typically, 

these regions are highly connected and play a pivotal role in supporting the integrity of brain 

network architecture (Buckholtz and Meyer-Lindenberg, 2012; Bullmore and Sporns, 2012; 

Crossley et al., 2014). In relation to their high topological centrality, these regions are to be 

conceived as pathological hubs capable of influencing the distribution of alterations within the 

cerebral parenchyma (Manuello et al., 2018; van den Heuvel and Sporns, 2013; Worbe, 2015; 

Zhou et al., 2012). 

To date, the MCN methodology has been applied to find evidence of abnormal conjoint 

patterns in transdiagnostic meta-analyses (Cauda et al., 2020a; Cauda et al., 2018a; Cauda et 

al., 2018b; Mancuso et al., 2020; Nani et al., 2020) and in studies on single neurological 

conditions such as Alzheimer’s disease (Manuello et al., 2018) and chronic pain (Tatu et al., 

2018). However, the presented approach has never been used to analyze data from individuals 

with ASD or other psychiatric conditions. Following the hypothesis that dysfunction at the 

systems’ level characterizes this neurodevelopmental disorder (Ecker et al., 2013; Geschwind 

and Levitt, 2007), here we aim to provide a unique and comprehensive description of network 

topology of regional GM co-alterations in individuals with ASD. To further clarify the 

neurobiological basis of co-alterations, we also investigate the possible correspondence of 

MCN with normative structural and genetic co-expression connectivity. This choice is 

motivated by recent experimental proposals suggesting that the development of pathological 

alteration patterns are influenced by brain connectivity constraints (Cauda et al., 2020a; 
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Cauda et al., 2018b; Shafiei et al., 2020), as well as by degeneration processes and 

maladaptive mechanisms (Fornito et al., 2015; Zhou et al., 2012). Finally, since we believe 

that the application of network science tools offer a powerful way of better understanding 

how pathology affects the brain (Filippi et al., 2013; Fornito and Bullmore, 2015; Fornito et 

al., 2017), this study takes advantage of graph-theoretical measures of centrality and 

clustering in order to provide new insights into large-scale GM co-alteration patterns in ASD. 

 

4.2. Methods 

4.2.1. Data sources and search strategy 

Meta-data of interest were identified in BrainMap (Fox et al., 2005; Laird et al., 2005b) 

and MEDLINE databases. First, the VBM BrainMap sector (Vanasse et al., 2018) was 

queried employing the software package Sleuth (v.3.0.3). The search logic was composed as 

follows: 

[Experiments Contrast is Gray Matter] AND [Experiments Context is Disease Effects] 

AND [Subjects Diagnosis is Autism Spectrum Disorder] AND [Experiments Observed 

Changes is Controls > Patients] 

A further systematic search was also carried out on the PubMed search engine 

(https://www.ncbi.nlm.nih.gov/pubmed/). Keywords terms were used as follows:   

(“Autism spectrum disorder” [title/abstract] OR “ASD” [title/abstract] OR 

“Autism” [title/abstract]) AND (“voxel-based morphometry” [title/abstract] OR 

“VBM” [title/abstract]). 

The search protocol adheres to the PRISMA Statement international guidelines (Liberati 

et al., 2009; Moher et al., 2009). This study is also compliant with the consensus-based rules 

for neuroimaging CBMA in psychiatric disorders (Muller et al., 2018; Tahmasian et al., 

2019). 

Up until December 2019, 118 full-text articles were reviewed systematically. We 

included experiments published in a peer-review journal a) using a whole-brain VBM 

analysis; b) reporting GM variations (i.e., decreased morphometric values) in subjects with 

ASD; c) adopting a between-group comparison with healthy controls; d) including 

stereotactic results in Talairach (TAL) or Montreal Neurological Institute (MNI) space. 

We removed all the experimental groups having a sample size smaller than 10 
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participants as previous recommended (Muller et al., 2018; Norman et al., 2016; Tahmasian et 

al., 2019). We also excluded experiments based on region-of-interest (ROI) analysis that did 

not analyze the whole brain (Muller et al., 2018). Additionally, to avoid the possibility of 

analyzing the same participants several times in a single study, we selected only the alteration 

foci reported by the largest experiment or the ones divided into diagnostic subcategories (for 

further details see also Table S4.1). 

 

4.2.2. Morphometric co-alteration network identification 

Node definition 

The anatomical likelihood estimation (ALE) results were used as priors for the meta-

connectomic analysis. ALE is the most employed CBMA technique (Tahmasian et al., 2019); 

it can identify the spatial concordance of the morphological brain alterations between 

different neuroimaging experiments (Eickhoff et al., 2012; Eickhoff et al., 2009). For each 

included experiment, the ALE algorithm generated a modeled alteration (MA) map as the 

union of the 3-D Gaussian probability distribution of each stereotactic coordinate (Fig. 4.1A). 

The final ALE map was obtained from the union of the MA maps. 

To produce the MCN set of nodes, we individuated the local maxima of the ALE maps 

using a peak detection algorithm. Only the local maxima exhibiting the highest values 

survived this stage (i.e., values greater than the 90 percentile of the unthresholded ALE 

distribution). This step was crucial to consider only the altered loci with a very high 

consensus among the selected experiments. Thus, we reduced the number of nodes by adding 

a minimum spatial distance of 10 mm and a spherical ROI with a diameter of 10 mm was 

superimposed on the resulting peaks. The aforementioned threshold values employed are 

based on the quantitative estimates of the spatial uncertainty associated with the stereotactic 

coordinate in CBMA provided by Eickhoff et al. (2009), who evidenced an uncertainty in a 

spatial location with a mean of 10.2 mm (StDev = 0.4 mm). Therefore, the rationale behind 

this step is to minimize the redundancy of the co-alterations relating to the same cluster of 

variation that could potentially affect our subsequent topological analysis (Manuello et al., 

2018). The Talairach Daemon (Lancaster et al., 2000) was finally used to label the anatomical 

areas.  

To determine whether these nodes were altered in a given experiment, an MA map was 

produced for each experiment (Laird et al., 2005a). A 3-D Gaussian distribution of probability 
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was built around each reported coordinate of a given experiment, for which standard deviation 

is smaller for a larger number of subjects, as proposed by Eickhoff et al. (2009). Then, MA 

was thresholded at p = 0.01 and overlaid on the set of nodes. Each node was considered to be 

altered for that experiment if at least 20% of its volume overlapped with a significant MA 

voxel. This step was crucial to avoid the detection of a false positive, given the possibility of 

considering a node as altered if it only includes the periphery of a distribution probability 

(Mancuso et al., 2019). For an in depth and comprehensive discussion of the methodological 

steps, see also Manuello et al. (2018).  

 

Co-alteration probability quantification 

The set of nodes was used to build the MCN in ASD. We generated an alteration matrix 

N × M, where each column corresponds to a node and each row represents an included 

experiment (Fig. 4.1B). By means of a Bernoulli generation data model, we determined the 

probability distribution of joint values of alteration for each pair of nodes. For each couple of 

nodes (a and b) it is possible to describe their state of co-occurrence with two binary variables 

representing four cases: both a and b altered; a altered and b non-altered; a non-altered and b 

altered; 4) both a and b non-altered: 

𝜃1 = 𝑃(𝑎 = 1, 𝑏 = 1) 

𝜃2 = 𝑃(𝑎 = 1, 𝑏 = 0) 

𝜃3 = 𝑃(𝑎 = 0, 𝑏 = 1) 

𝜃4 = 𝑃(𝑎 = 0, 𝑏 = 0) 

Starting from the marginal probabilities, we calculated the co-alteration probability 

strength between each pair of nodes using the Patel’s κ index (Patel et al., 2006; Smith et al., 

2011) as: 

𝜅 =
(𝜃1 − 𝐸)

𝐷(max(𝜃1) − 𝐸) + (1 − 𝐷)(𝐸 − min(𝜃1))
 

where 

𝐸 = (𝜃1 + 𝜃2)(𝜃1 + 𝜃3) 
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{
 
 

 
 𝜗1 − 𝐸

2(𝑚𝑎𝑥(𝜗1) − 𝐸)
+ 0.5, 𝑖𝑓𝜗1 ≥ 𝐸

0.5 −
𝜗1 − 𝐸

2(𝐸 −𝑚𝑖𝑛(𝜗1))
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

 

min(𝜃1) = max(0.2𝜃1 + 𝜃2 + 𝜃3 − 1) 

max(𝜃1) = min (𝜃1 + 𝜃2, 𝜃1 + 𝜃1 + 𝜃3) 

The numerator of the fraction calculates the difference between the probability that 𝑎 

and 𝑏 occur to be co-altered and the expected probability E that 𝑎 and 𝑏 occur to be co-altered 

independently. E is the prior information of this Bayesian equation, which, in a frequentist 

framework, would be disregarded or treated as not fixed by the data. The denominator 

calculates a weighted normalizing constant so as to have the κ ranging from –1 and 1: an 

index that is close to 1 denotes high co-alteration (i.e., co-occurrence) between the nodes (Fig. 

4.1C). The statistical significance of κ is assessed by means of a Monte Carlo simulation 

algorithm, a multinomial and generative model, which determines an estimate of 𝑝(𝜅|𝑧) by 

sampling a Dirichlet distribution and by calculating the proportion of the samples in which 

𝜅 > 𝑒, where e is the threshold of statistical significance set to 0.01 (1,000 permutation runs). 

The obtained co-alteration matrix reports values proportional to the statistical occurrence 

between the alterations of the brain areas taken into account (Cauda et al., 2018a). 

 

4.2.3. Topological analysis 

Nodes and edges are the basic units of every network, and their accurate definition is of 

fundamental importance for a valid model of a complex system (Butts, 2009). Here, a large-

scale brain analysis was employed: every node was defined as a peak of GM alteration, while 

the undirected binary edges represented the values of the thresholded Patel’s κ. To determine 

the topological properties of the MCN in ASD, the corresponding co-alteration matrix was 

analyzed with Cytoscape (v.3.7.2.) (https://cytoscape.org/). Cytoscape is a bioinformatics 

software platform, which allows the analysis, modeling and visualization of biological 

networks and complex systems (Su et al., 2014). Then, the software application CentiScaPe 

(v.2.2) (Scardoni et al., 2014) was used to examine the topological properties of the nodes 

(Fig. 4.1D). 
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Measures of centrality 

For each node of alteration, degree, closeness, and betweenness were determined in 

order to quantify the relevance of the node in the context of the MCN. These measures are 

cardinal indices of topological centrality (Freeman, 1978) and have been used collectively to 

examine the central network position of brain areas in both structural and functional 

connectomes (for a review see van den Heuvel and Sporns, 2013). Among them, degree 

centrality (DC) is the simplest measure, which is formally defined as: 

𝐶𝐷(𝑖) = 𝑘𝑖 =∑𝐴𝑖𝑗
𝑖 ≠𝑗

 

In the formula, 𝐴𝑖𝑗  is a matrix of adjacency. The DC is defined as the number of 

undirected links that are incident to a node, assuming that nodes with high connections exert 

more influence over network structure and function. 

The closeness index can be conceived as the average tendency to node proximity or 

isolation. The closeness is calculated by determining the shortest path between the given node 

and all the others in the graph. The reciprocal of the summa is then calculated. Closeness 

centrality (CC) is formally defined as the inverse of the average shortest path length: 

𝐶𝐶(𝑖) =
𝑁 − 1

∑ 𝑙𝑖𝑗𝑖≠𝑗
 

In the formula, 𝑙𝑖𝑗 is the shortest path length between nodes 𝑖 and 𝑗. Of note, distance is 

related to the topological proximity. The CC reflects the integration capacity of a node, as it 

can be conceived as the probability of the node to be relevant for several other nodes.  

The betweenness index is determined by considering a pair of nodes (𝑖, 𝑗) and counting 

the number of shortest paths connecting 𝑖  and 𝑗  that pass through another node ( ℎ ). 

Betweenness centrality (BC) measures the proportion of shortest paths between all pairs of 

nodes in the network that pass through a given node. Therefore, the BC of a node 𝑖 can be 

formally defined as: 

𝐶𝐵(𝑖) =
1

(𝑁 − 1)(𝑁 − 2)
∑ 𝑙𝑖𝑗

ℎ≠𝑖,ℎ≠𝑗,𝑗≠𝑖

𝑝ℎ𝑗(𝑖)

𝑝ℎ𝑗
 

In the formula, 𝑝ℎ𝑗(𝑖) indicates the number of shortest paths between ℎ and 𝑗  going 

through 𝑖, 𝑝ℎ𝑗 indicates the number of shortest paths between ℎ and 𝑗, and (𝑁 − 1)(𝑁 − 2) 
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indicates the number of couples of nodes that do not include node 𝑖. The normalization by 𝑝ℎ𝑗 

accounts for the possibility that several shortest paths may exist between any couple of nodes. 

Of note, the BC value is associated with the total number of shortest paths connecting 𝑖 and 𝑗. 

However, though a node can be crossed by only one path connecting 𝑖 and 𝑗, if this path is the 

only one to link 𝑖 and 𝑗, the node will have a high betweenness value. This implies that the 

node is essential in order to maintain the network connections. 

Degree, closeness and betweenness are all measures of node prominence because they 

indicate which focal points, or brain areas in our case, occupy a central position in the 

network (i.e., hubness profile). Conceptually, these measures exhibit a considerable overlap in 

both real and simulated networks (Bolland, 1988); however, paying attention to different 

process by which key nodes might influence the distribution of the network. In particular, 

degree and closeness tend to be highly intercorrelated because they are directed centrality 

measures between nodes. By contrast, betweenness remains relatively uncorrelated with the 

degree and closeness, as it is an inherently asymmetric metric, measuring the frequency with 

which a node lies along paths that link other nodes (Valente et al., 2008). 

Therefore, we defined node centrality on the grounds of different topological properties, 

aggregating rankings across all the measures to devise a more robust classification (Fornito et 

al., 2016). Specifically, we considered regions as pathological hubs when they reported the 

highest level of centrality (i.e., one standard deviation above the mean) across all three 

metrics (Fornito et al., 2016; van den Heuvel and Sporns, 2013). 

 

Graph clustering 

To provide a more specific characterization of the core architecture of the MCN, a network 

clustering analysis was performed. We applied the k-core decomposition algorithm as 

implemented in the Brain Connectivity Toolbox (Hagmann et al., 2008; Rubinov and Sporns, 

2010), to reveal the hierarchical nucleus organization of the graph by gradually focusing on 

their central cores. This decomposition consists in identifying specific subsets of the graph 

(i.e., k-cores), each obtained by recursively eliminating all the nodes with a degree smaller 

than k, until the degree of all the surviving nodes is higher than or equal to k. Higher values of 

coreness indicate the nodes having greater degree and a more central position in the network’s 

organization. 
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Figure 4.1. Pipeline workflow of the method. (A) Meta-analytic estimation: For each VBM 

experiment included, the anatomical likelihood estimation (ALE) algorithm generated a 

modeled alteration (MA) map as the union of the 3-D Gaussian probability distribution of 

each alteration focus. (B) Alteration matrix creation: The general ALE map was created from 

the union of the MA maps and was fed to a peak detection algorithm to generate regions of 

interest (nodes). For each VBM experiment, nodes were considered altered if at least the 20% 

of their volume overlap with a MA map included. Thus, a binary vector was generated, able 

to describe if each node is altered/unaltered in each experiment. (C) Network detection:  

Using the Patel’s κ index, the network of co-alteration probability was obtained. Specifically, 

the co-alteration strength was calculated between each one of such vectors and all the others. 

(D) Topological analysis:  Using the resulting co-alteration matrix, graph-theoretical 

measures of centrality and clustering were computed. 
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4.2.4. Correlation with brain connectivity profiles 

To determine a possible correspondence of the MCN with normative patterns of brain 

connectivity, the Mantel’s test – MT (Mantel, 1967) was applied. Specifically, we tested the 

relationship of similarity (i.e., Pearson’s r) of the ASD co-alteration matrix with the structural 

and genetic co-expression connectivity matrices, respectively. The MT is a statistical test able 

to detect the correlation between two distance matrices. By means of a permutation test (i.e., 

Monte Carlo simulation), the significance of similarity was assessed. This step was crucial to 

overcome the problem of non-independence of elements in a distance matrix (Mantel, 1967). 

In this investigation we evaluated the statistical significance of any apparent departure from a 

zero correlation. To do so, each column and row of one of the two analyzed matrices was 

randomly permuted 5,000 times. The correlation was recalculated after each permutation, 

with a statistical significance consisting in the proportion of the permutations leading to a 

higher correlation coefficient. P-value was estimated after 5,000 permutations.  

Analyses of the relationship of similarity between matrices were conducted in MNI 

space. Thus, we renormalized TAL coordinates of the co-altered nodes using the ‘icbm2tal’ 

algorithm developed by Lancaster et al. (2007). 

 

Structural connectivity matrix 

The structural connectivity matrix was generated from the diffusion tensor imaging 

(DTI) data set provided by the WU-Minn Human Connectome Project (900 Subjects data 

release, 2015 Q4) (Van Essen et al., 2013). DTI data were acquired from 842 healthy subjects 

using a multishell diffusion scheme (diffusion sampling directions: 90, 90, 90; in-plane 

resolution and slice thickness: 1.25 mm; b-values: 1000, 2000, 3000 s/mm2). The spatial 

normalization of the DTI data was conducted by the q-space diffeomorphic reconstruction 

method (Yeh and Tseng, 2011), which can obtain the spin distribution function in the MNI 

stereotactic space (resolution: 1 mm; sampling length ratio: 1.25). Averaging the spike density 

functions of all subjects, an atlas was created. Thus, the generalized q-sampling imaging 

(GQI) method (Yeh et al., 2010) was employed to detect the structural pathways. In this 

investigation the GQI was able to obtain 5,000 seeds in the whole-brain. Only the seeds 

corresponding to our co-altered nodes, obtained previously with the MCN approach, were 

employed to calculate the structural matrix by using the numbers of fiber tracts passing 

between two seeds normalized by the median length of the connecting paths. 
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Genetic co-expression connectivity matrix  

The genetic co-expression connectivity matrix was generated from the microarray data 

sets provided by the Allen Human Brain Atlas (AHBA) Project (Hawrylycz et al., 2012). 

Complete normalized microarray data were acquired from six healthy human brains. The 

AHBA data set was processed using the workflow pipeline for relating brain-wide gene 

expression profile to neuroimaging results developed by Arnatkeviciute et al. (2019a). The 

processing steps were performed as implemented in the code available at github 

(https://github.com/BMHLab/AHBAprocessing) (for an in-depth discussion of the 

methodological steps, see also Arnatkeviciute et al. 2019a). To note, the differential stability 

measure (Hawrylycz et al., 2015) of gene filtering was used to derive gene patterns expressed 

consistently across all AHBA brains. Also, the 1,000 seeds parcellation (Schaefer et al., 2018) 

was applied to identify regions spatially corresponding to the MCN nodes. Only the seeds 

corresponding to our nodes were employed to generate the gene expression x node matrix. 

 

4.2.5. Distribution of the nodes across canonical networks  

To evaluate the impact of GM alterations on different functional large-scale networks, 

each co-altered node was assigned in data-driven manner to one of the 7 networks of the 

parcellation proposed by Yeo et al. (2011), who parceled the human cerebral cortex using 

resting-state fMRI data from 1000 healthy volunteers. Nodes falling in the basal nuclei and 

cerebellum were assigned to one of Yeo’s networks using the striatal (Choi et al., 2012) and 

cerebellar (Buckner et al., 2011) parcellations, respectively. We tested if the spatial 

distribution of the alteration nodes across canonical networks was different from chance by 

creating 28 random GM nodes (corresponding to the number of the co-altered nodes of our 

network, see below), and repeating the procedure 1000 times. The significance of the 

numerosity of each network’s nodes was tested against the resulting null distributions. 

For each network, its network-betweenness – NB (Cauda et al., 2020a; Mancuso et al., 

2020) was estimated as the ratio between the number of co-alteration edges connecting its 

nodes to the nodes belonging to other networks and the total number of edges incident upon 

its nodes. To test whether the NB of each network was significantly different from chance, the 

co-alteration network was randomized 1000 times using a Maslov-Sneppen algorithm 

(Maslov and Sneppen, 2002; Rubinov and Sporns, 2010); the NB of each network was 

recalculated in each iteration to obtain 7 NB distributions. A one-sample two-tailed t-test was 

https://github.com/BMHLab/AHBAprocessing
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used to assess the significance of the 7 NBs (Cauda et al., 2020a). 

 

4.3. Results 

We included 42 published articles. Specifically, we analyzed meta-data coming from 45 

VBM experiments, including 3,576 subjects (1,786 with diagnosis of ASD and 1790 healthy 

controls) and 244 coordinates of GM variation. The analysis was carried out in the TAL 

space. Original MNI coordinates were converted using the ‘icbm2tal’ algorithm (Lancaster et 

al., 2007) in order to correct the spatial disparity between coordinate (x-y-z) results (Laird et 

al., 2010), thus promoting accuracy of the meta-analytic synthesis (Muller et al., 2018; 

Tahmasian et al., 2019). For the systematic study selection see Fig. S4.1 and Table S4.1. For 

detailed information about the clinical and methodological characteristics of the selected 

meta-data, see also Table S4.2 and Table S4.3, respectively. 

 

4.3.1. General characterization of co-alterations 

Our meta-connectomic and data-driven approach reveals that it is possible to identify a 

quantifiable co-alteration network of GM abnormalities in ASD. On the grounds of the ALE 

meta-data, our ROI generation procedure derived 56 nodes (see also Table 4.1 for the 

morphometric location of nodes and their coordinates in TAL space). However, only 28 nodes 

exhibit statistically significant edges of co-alteration, encompassing cortical, basal nuclei and 

cerebellar regions. With regard to the anatomical distribution of the nodes, we observe that 

they can be found in both perceptual lower-level and multimodal regions and that some of 

them show a symmetric position across hemispheres. This is the case of the amygdala, 

precuneus and the cerebellar crus II. 

Fig. 4.2 reports the whole co-alteration pattern showing 91 edges (45 interhemispheric 

and 46 intrahemispheric). Most of the edges involve fronto-cerebellar, limbic-striatal and 

fronto-parietal regions. A complex pattern of co-alteration was also detected for occipital and 

superior temporal nodes. Patel’s κ values range from .79 of the right amygdala-

parahippocampal-basal ganglia structures to the .23 of the edges of the middle occipital-

inferior frontal regions. High κ values are also associated to the left precuneus (PCUN_L), 

lingual gyrus (LG_L) and posterior cingulate cortex (PCC_L), as well as to the right 

orbitofrontal gyrus (OFG_R), temporopolar pole (BA_38_R) and posterior cerebellar lobe 

(Crus2_R) (see Table 4.2 for the κ values graph).  
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Table 4.1. Brain areas (nodes) of the gray matter morphometric co-alteration network. Node 

labeling, morphometric location (Talairach Daemon Labels) and Talairach coordinates were 

expressed for both co-altered and non co-altered nodes.  

Node 

ID 

Node 

label 

Anatomical region  

(Brodmann area) 
Hemisphere 

Talairach Co-

altered x y z 

1 Crus2_L Crus II (cerebellum) Left -44 -58 -44 Yes 

2 Crus2_R Crus II (cerebellum) Right 48 -58 -44 Yes 

3 ML9 Medial lobule IX (cerebellum) Left -4 -56 -42 No 

4 FG Fusiform gyrus (BA 37) Right 26 -2 -38 Yes 

5 Crus1 Crus I (cerebellum) Right 48 -54 -32 No 

6 Crus1 Crus I (cerebellum) Left -44 -40 -32 Yes 

7 BA38 Temporopolar cortex (BA 38) Right 46 12 -30 Yes 

8 BA28 Parahippocampal gyrus (BA 28) Right 26 -12 -28 Yes 

9 Unc Uncus (BA 20) Right 28 -14 -26 No 

10 Dec Declive (cerebellum) Right 24 -84 -22 No 

11 Amy_R Amygdala Right 24 -8 -22 Yes 

12 OG Orbital gyrus (BA 11) Left -4 40 -22 No 

13 IFG Inferior frontal gyrus (BA 11) Left -12 36 -20 No 

14 RG Rectal gyrus (BA 11) Left -6 40 -20 No 

15 PHG Parahippocampal gyrus (BA 34) Right 20 -12 -14 Yes 

16 Hip Hippocampus Left -18 -6 -14 No 

17 BA10 Superior frontal gyrus (BA 10) Left -10 56 -12 No 

18 OFG_R Orbitofrontal gyrus (BA 10) Right 6 58 -12 Yes 

19 BA37 Fusiform gyrus (BA 37) Right 48 -60 -10 No 

20 MTG Middle temporal gyrus (BA 37) Right 60 -48 -10 No 

21 Amy_L Amygdala Left -20 -4 -10 Yes 

22 BA47 Inferior frontal gyrus (BA 47) Left -30 12 -10 No 

23 MFG_R Medial frontal gyrus (BA 10) Right 6 58 -10 No 

24 BA17 Inferior occipital gyrus (BA 17) Right 16 -88 -8 No 

25 Pu Putamen Left -20 4 -8 Yes 

26 OFG_L Middle orbital gyrus (BA 10) Left -32 52 -8 No 

27 IOG Inferior occipital gyrus (BA 18) Right 44 -72 -6 No 

28 Cd Caudate tail Right 38 -24 -6 Yes 

29 BA11 Middle frontal gyrus (BA 11) Left -34 52 -6 Yes 

30 Cl Claustrum Right 38 -26 -4 No 

31 AI_R Anterior insula (BA 13) Right 40 -26 -4 No 

32 STG Superior temporal gyrus (BA 22) Right 62 -24 -2 Yes 

33 ACC_L Anterior cingulate cortex (BA 10) Left -8 54 -2 No 

34 AI_L Anterior insula (BA 13) Left -40 22 0 Yes 

35 BA22 Middle temporal gyrus (BA 22) Right 64 -34 2 No 

36 IFG_Tri Inferior frontal gyrus (BA 47) Left -42 22 2 No 

37 IFG Inferior frontal gyrus (BA 45) Left -46 28 2 Yes 

38 LG Lingual gyrus (BA 18) Left 0 -72 8 Yes 
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Node 

ID 

Node 

label 

Anatomical region 

(Brodmann area) 
Hemisphere 

Talairach Co-

altered x y z 

39 PCC Posterior cingulate cortex (BA 30) Left 0 -62 10 Yes 

40 Pulv Pulvinar (thalamus) Right 12 -22 10 No 

41 MDN Medial dorsal nucleus (thalamus) Right 2 -16 10 No 

42 MFG_L Middle frontal gyrus (BA 10) Left -26 46 10 Yes 

43 BA18 Middle occipital gyrus (BA 18) Left -28 -92 12 No 

44 BA9 Medial frontal gyrus (BA 9) Left -16 44 20 Yes 

45 IPL Inferior parietal lobule (BA 40) Left -50 -28 22 No 

46 SM Supramarginal gyrus (BA 40) Left -54 -42 24 Yes 

47 vACC Ventral anterior cingulate (BA 24) Left -2 -4 26 Yes 

48 PCG Precentral gyrus (BA 6) Left -48 0 28 No 

49 PCUN_R Precuneus (BA 7) Right 6 -64 36 Yes 

50 BA6 Medial frontal gyrus (BA 6) Left -4 34 36 No 

51 SFG_R Superior frontal gyrus (BA 9) Right 24 46 36 Yes 

52 MOG Middle occipital gyrus (BA 19) Left -28 -68 38 Yes 

53 PCUN_L Precuneus (BA 7) Left 0 -62 38 Yes 

54 BA8 Superior medial frontal gyrus (BA 8) Left -10 32 38 Yes 

55 ACC_R Anterior cingulate cortex (BA 32) Right 8 8 40 No 

56 SFG_L Superior frontal gyrus (BA 9) Left -4 36 42 Yes 

 

 

 

Figure 4.2. The gray matter morphometric co-alteration network of autism spectrum disorder. 

Both co-alteration matrix and brain network related to gray matter abnormalities are shown. 

Edge colors from blue to red mean increasing Patel’s κ values (i.e., increasing co-alteration 

probabilities). Unconnected nodes are not reported. The images were generated by the 

BrainNet application (Xia et al., 2013). 
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Table 4.2. Edge co-alteration strength between co-altered nodes (Patel’s k). Node labeling, 

Talairach coordinates and Yeo’s network classification were expressed for each co-altered 

node. 

Node 
Talairach Yeo’s 

Network 
Patel's k Node 

Talairach Yeo’s 

Network x y z x y z 

Amy_R 24 -8 -22 Limbic 0.790 Cd_R 38 -24 -6 FPN 

PHG_R 20 -12 -14 Limbic 0.790 Cd_R 38 -24 -6 FPN 

Cd_R 38 -24 -6 FPN 0.755 LG_L 0 -72 8 Visual 

OFG_R 6 58 -12 DMN 0.742 LG_L 0 -72 8 Visual 

BA_11_L -34 52 -6 DMN 0.685 PCUN_L 0 -62 38 DMN 

BA_38_R 46 12 -30 DMN 0.669 PCC_L 0 -62 10 DMN 

Crus2_R 48 -58 -44 FPN 0.669 PCUN_L 0 -62 38 DMN 

BA_9_L -16 44 20 DMN 0.652 MOG_L -28 -68 38 Visual 

Amy_R 24 -8 -22 Limbic 0.634 PCUN_L 0 -62 38 DMN 

PHG_R 20 -12 -14 Limbic 0.634 PCUN_L 0 -62 38 DMN 

Cd_R 38 -24 -6 FPN 0.634 PCUN_L 0 -62 38 DMN 

OFG_R 6 58 -12 DMN 0.615 PCUN_L 0 -62 38 DMN 

Amy_R 24 -8 -22 Limbic 0.602 IFG_L -46 28 2 FPN 

PHG_R 20 -12 -14 Limbic 0.602 IFG_L -46 28 2 FPN 

Cd_R 38 -24 -6 FPN 0.602 IFG_L -46 28 2 FPN 

Amy_R 24 -8 -22 Limbic 0.602 LG_L 0 -72 8 Visual 

PHG_R 20 -12 -14 Limbic 0.602 LG_L 0 -72 8 Visual 

Pu_L -20 4 -8 SN/VAN 0.600 SM_L -54 -42 24 SN/VAN 

Crus1_L -44 -40 -32 SN/VAN 0.600 SFG_R 24 46 36 FPN 

Pu_L -20 4 -8 SN/VAN 0.600 BA_8_L -10 32 38 FPN 

SM_L -54 -42 24 SN/VAN 0.600 BA_8_L -10 32 38 FPN 

Pu_L -20 4 -8 SN/VAN 0.600 SFG_L -4 36 42 DMN 

SM_L -54 -42 24 SN/VAN 0.600 SFG_L -4 36 42 DMN 

OFG_R 6 58 -12 DMN 0.581 IFG_L -46 28 2 FPN 

BA_11_L -34 52 -6 DMN 0.580 STG_R 62 -24 -2 SMN 

Amy_L -20 -4 -10 Limbic 0.580 PCUN_L 0 -62 38 DMN 

Pu_L -20 4 -8 SN/VAN 0.580 PCUN_L 0 -62 38 DMN 

STG_R 62 -24 -2 SMN 0.580 PCUN_L 0 -62 38 DMN 

SM_L -54 -42 24 SN/VAN 0.580 PCUN_L 0 -62 38 DMN 

BA_11_L -34 52 -6 DMN 0.580 BA_8_L -10 32 38 FPN 

BA_11_L -34 52 -6 DMN 0.580 SFG_L -4 36 42 DMN 

Crus2_L -44 -58 -44 FPN 0.560 Crus2_R 48 -58 -44 DMN 

Crus2_R 48 -58 -44 DMN 0.560 BA_28_R 26 -12 -28 Limbic 

Crus2_R 48 -58 -44 DMN 0.560 Pu_L -20 4 -8 SN/VAN 

MFG_L -26 46 10 DMN 0.560 SM_L -54 -42 24 SN/VAN 

Pu_L -20 4 -8 SN/VAN 0.560 vACC_L -2 -4 26 SN/VAN 

SM_L -54 -42 24 SN/VAN 0.560 vACC_L -2 -4 26 SN/VAN 
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Node 
Talairach Yeo’s 

Network 
Patel's k Node 

Talairach Yeo’s 

Network x y z x y z 

Crus2_R 48 -58 -44 DMN 0.560 PCUN_R 6 -64 36 DMN 

vACC_L -2 -4 26 SN/VAN 0.560 PCUN_R 6 -64 36 DMN 

vACC_L -2 -4 26 SN/VAN 0.560 SFG_R 24 46 36 FPN 

vACC_L -2 -4 26 SN/VAN 0.560 BA_8_L -10 32 38 FPN 

vACC_L -2 -4 26 SN/VAN 0.560 SFG_L -4 36 42 DMN 

Amy_L -20 -4 -10 Limbic 0.538 IFG_L -46 28 2 FPN 

STG_R 62 -24 -2 SMN 0.538 IFG_L -46 28 2 FPN 

Amy_L -20 -4 -10 Limbic 0.538 LG_L 0 -72 8 Visual 

STG_R 62 -24 -2 SMN 0.538 LG_L 0 -72 8 Visual 

IFG_L -46 28 2 FPN 0.538 SFG_R 24 46 36 FPN 

LG_L 0 -72 8 Visual 0.538 SFG_R 24 46 36 FPN 

Pu_L -20 4 -8 SN/VAN 0.538 MOG_L -28 -68 38 Visual 

SM_L -54 -42 24 SN/VAN 0.538 MOG_L -28 -68 38 Visual 

PCUN_R 6 -64 36 DMN 0.538 MOG_L -28 -68 38 Visual 

SFG_R 24 46 36 FPN 0.538 MOG_L -28 -68 38 Visual 

MOG_L -28 -68 38 Visual 0.538 BA_8_L -10 32 38 FPN 

MOG_L -28 -68 38 Visual 0.538 SFG_L -4 36 42 DMN 

Crus1_L -44 -40 -32 SN/VAN 0.515 Cd_R 38 -24 -6 FPN 

Amy_R 24 -8 -22 Limbic 0.515 STG_R 62 -24 -2 SMN 

PHG_R 20 -12 -14 Limbic 0.515 STG_R 62 -24 -2 SMN 

Cd_R 38 -24 -6 FPN 0.515 STG_R 62 -24 -2 SMN 

Amy_R 24 -8 -22 Limbic 0.515 SFG_R 24 46 36 FPN 

Amy_R 24 -8 -22 Limbic 0.515 BA_8_L -10 32 38 FPN 

PHG_R 20 -12 -14 Limbic 0.515 BA_8_L -10 32 38 FPN 

Cd_R 38 -24 -6 FPN 0.515 BA_8_L -10 32 38 FPN 

Amy_R 24 -8 -22 Limbic 0.515 SFG_L -4 36 42 DMN 

PHG_R 20 -12 -14 Limbic 0.515 SFG_L -4 36 42 DMN 

Cd_R 38 -24 -6 FPN 0.515 SFG_L -4 36 42 DMN 

OFG_R 6 58 -12 DMN 0.490 STG_R 62 -24 -2 SMN 

OFG_R 6 58 -12 DMN 0.490 BA_8_L -10 32 38 FPN 

OFG_R 6 58 -12 DMN 0.490 SFG_L -4 36 42 DMN 

BA_38_R 46 12 -30 DMN 0.461 AI_L -40 22 0 SN/VAN 

AI_L -40 22 0 SN/VAN 0.461 BA_9_L -16 44 20 DMN 

FFG_R 26 -2 -38 Limbic 0.435 PCC_L 0 -62 10 DMN 

PCC_L 0 -62 10 DMN 0.435 BA_9_L -16 44 20 DMN 

BA_9_L -16 44 20 DMN 0.435 vACC_L -2 -4 26 SN/VAN 

vACC_L -2 -4 26 SN/VAN 0.435 PCUN_L 0 -62 38 DMN 

MOG_L -28 -68 38 Visual 0.408 PCUN_L 0 -62 38 DMN 

FFG_R 26 -2 -38 Limbic 0.379 PHG_R 20 -12 -14 Limbic 

BA_38_R 46 12 -30 DMN 0.379 PHG_R 20 -12 -14 Limbic 

FFG_R 26 -2 -38 Limbic 0.348 OFG_R 6 58 -12 DMN 

BA_38_R 46 12 -30 DMN 0.348 OFG_R 6 58 -12 DMN 
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Node 
Talairach Yeo’s 

Network 
Patel's k Node 

Talairach Yeo’s 

Network x y z x y z 

Crus2_R 48 -58 -44 DMN 0.342 MFG_L -26 46 10 DMN 

Crus2_R 48 -58 -44 DMN 0.342 vACC_L -2 -4 26 SN/VAN 

Crus2_R 48 -58 -44 DMN 0.311 IFG_L -46 28 2 FPN 

Crus2_R 48 -58 -44 DMN 0.311 LG_L 0 -72 8 Visual 

IFG_L -46 28 2 FPN 0.311 vACC_L -2 -4 26 SN/VAN 

LG_L 0 -72 8 Visual 0.311 vACC_L -2 -4 26 SN/VAN 

Crus2_R 48 -58 -44 DMN 0.311 MOG_L -28 -68 38 Visual 

PHG_R 20 -12 -14 Limbic 0.277 PCC_L 0 -62 10 DMN 

Cd_R 38 -24 -6 FPN 0.277 vACC_L -2 -4 26 SN/VAN 

OFG_R 6 58 -12 DMN 0.242 PCC_L 0 -62 10 DMN 

IFG_L -46 28 2 FPN 0.235 MOG_L -28 -68 38 Visual 

LG_L 0 -72 8 Visual 0.235 MOG_L -28 -68 38 Visual 

 

4.3.2. Level of the centrality of nodes 

Fig. 4.3 illustrates the level of topological position of the nodes. The co-altered nodes 

are represented in different colors and sizes according to their values of degree, betweenness 

and closeness centrality. The PCUN_L and ventral anterior cingulate cortex (vACC_L) show 

the highest values of degree (12 edges), followed by the left middle occipital gyrus (MOG_L, 

11 edges) and right Crus2, tail of caudate (Cd_R), left inferior frontal gyrus (IFG_L), LG_L 

and right parahippocampal area (PHG_R) (10 edges). By contrast, the left anterior insular and 

cerebellar regions (i.e., AI_L and Crus2_L) exhibit the lowest values of degree. Values of 

closeness range from .34 to .63, with the highest values associated with the PCUN_L, 

followed by the vACC_L, MOG_L, IFG_L, Cd_R and PHG_R. Also for this measure, the 

AI_L and Crus2_L show the lowest values. Relative to the betweenness, the Crus2_R reports 

the highest value, followed, in order, by the PCUN_L, PHG_R, vACC_L, MOG_L and 

OFG_R.  

Next, we investigated in detail the pathological hubness profile of the regions. To do so, 

we identified the nodes reporting the highest level of centrality (i.e., one standard deviation 

above the mean) across all three metrics. The analysis reveals a central network position for 

the PCUN_L [TAL x = 0; y = -62; z = 38], vACC_L [TAL x = -2; y = -4; z = 26] and 

MOG_L [TAL x = -28; y = -68; z = 38]. For a graphical representation of results and node-

specific values of degree, betweenness and closeness of each node of the MCN, see Fig. 4.4. 
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Figure 4.3. Superposition of the topological analysis of the gray matter morphometric co-

alteration network (MCN) on 3-D brain axial slices. Left template: Degree centrality values of 

the MCN in autism spectrum disorder. Central template: Betweenness centrality values of 

the MCN in autism spectrum disorder. Right template: Closeness centrality values of the 

MCN in autism spectrum disorder. The colors and dimensions of the nodes indicate their 

network centrality (bigger node: higher centrality; from red to yellow, from light blue to 

purple and from dark blue to green: from lower to higher values of degree, betweenness and 

closeness centrality, respectively). Slices are shown in neurological convention (i.e., right is 

right, left is left). 

 



 142 

 

Figure 4.4. Specific centrality values of degree (DC), closeness (CC) and betweenness (BC) of 

each of the 28 co-altered nodes of the morphometric co-alteration network in ASD. The red 

nodes and bars mark the brain areas that report the highest level of centrality across all three 

metrics (i.e., > one standard deviation of the mean). The figure also illustrates the anatomical 

position of the brain pathological hubs and their co-alterations using the circular layout 

algorithm of Cytoscape software application (https://cytoscape.org/). 

 

 

https://cytoscape.org/
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4.3.3. Core sub-graph 

Since highly interconnected nodes characterize the MCN of ASD, we investigated the 

possibility of identifying the most central sub-graph and its hierarchical components. The 

implementation of the k-core decomposition algorithm allowed us to detect a core nucleus 

composed of 15 nodes and 57 edges using a k degree = 6, including frontal (i.e., OFG_R, left 

superior, medial and inferior frontal gyri), subcortical (vACC_L, PHG_R, Cd_R, left putamen 

and right amygdala), occipital (LG_L and MOG_L), temporo-parietal (PCUN_L, right 

superior temporal gyrus and left supramarginal gyrus) and cerebellar (Crus2_R) areas (Fig. 

4.5). 

 

 

Figure 4.5. Brain network clustering results using the k-core decomposition algorithm. Upper 

panel: Superposition of the k-core values of the morphometric co-alteration network on 3-D 

brain template. Bottom panel: Graphical illustration of the clustering values using the 

hierarchical layout algorithm of Cytoscape software application (https://cytoscape.org/). The 

colors and dimensions of the nodes indicate their network centrality (red node: brain areas 

with highest hierarchy; bigger node: higher degree centrality).  

https://cytoscape.org/
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4.3.4. Correlation with brain connectivity profiles  

The Mantel test employed to investigate whether or not GM co-alterations overlap the 

structural or genetic connectivity profiles showed that the ASD co-alterations are significantly 

correlated with the anatomical connectivity (r = 0.14, 𝑝 < 0.027). Finally, the comparison 

with the genetic co-expression connectivity matrix reports non-significant results at 𝑝 = 0.05.   

 

4.3.5. Distribution of the nodes across canonical networks 

The parcellation search revealed the presence of at least one node for six out of seven 

canonical networks, namely the default mode network (DMN), frontoparietal network (FPN), 

salience/ventral attentional network (SN/VAN), limbic network, visual network and the 

sensorimotor network (SMN). In particular, the DMN reports the highest number of co-

altered nodes (10/28, 35.7% of the total) mainly located in fronto-parietal areas. The number 

of nodes of the DMN was greater than a random null model (𝑝 = 0.06). By contrast, the 

number of nodes related to the Limbic, SN/VAN FPN and Visual networks was not 

significantly different from chance. The SMN network showed only a single node located in 

the right STG (Fig. 4.6 left panel), while in the null model there were significantly more 

nodes (𝑝 = 0.04). The dorsal attentional network (DAN) had no co-altered nodes, which was 

significant when compared to the random extraction (𝑝 = 0.02). It is important to clarify that 

these results do not indicate that the functionally defined SMN and DAN regions are not 

altered in subjects with ASD, but rather that their alterations are not associated with that in 

other nodes. With regard to the 91 edges, only 17 edges connect nodes of the same functional 

network, whereas 81.6% of them connect nodes belonging to different networks (Fig. 4.6 

right panel). Table 4.3 indicates the NB of each one of the 7 networks identified by Yeo et al. 

(2011).  

With the exception of the DAN, which is not represented by any node of alteration, each 

one of the canonical networks have a very high NB, that is, the edges of co-alteration often 

connect nodes that are placed in two different functional networks rather than in the same one. 

The DMN is the more co-altered with itself, while the nodes belonging to the SMN only 

connect with nodes of other networks. However, the Maslov-Sneppen null model (Cauda et 

al., 2020a; Maslov and Sneppen, 2002) indicates that, given our starting nodes, only the 

DMN-NB is significantly higher than chance (𝑝 < 0.001). All the other networks’ NB, SMN 

included, are not different from the null model. The apparent contradiction of having the 
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DMN-NB as the lowest one of the 7 canonical networks, but also significantly higher than 

chance, is probably due to the fact that the DMN is the most represented network in terms 

nodes of alteration. Thus, the number of within-DMN co-alteration edges is obviously high 

(Fig. 4.6 bottom panel); however, given the node distribution across the networks, this is not a 

surprising result, as it could be expected to be even higher. 

 

 

Figure 4.6. Brain templates illustrating the anatomical location of the co-altered nodes within 

the main human large-scale functional networks (left panel) and the between/within network 

distribution of the co-alterations (right and bottom panels). 

DMN, default mode network; FPN, frontoparietal network; SN/VAN, salience/ventral attentional network; 

Limbic, limbic network; Visual, visual network; SMN, sensorimotor network. 
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Table 4.3. The network-betweenness of each one of the Yeo et al. (2011) networks.  

Canonical Network Network Betweenness 

DMN 0.82 

FPN 0.93 

SN/VAN 0.89 

DAN N.A. 

Limbic 0.96 

Visual 0.95 

SMN 1 

DMN, default mode network; FPN, frontoparietal network; SN/VAN, salience/ventral attentional network; 

DAN, dorsal attentional network; Limbic, limbic network; Visual, visual network; SMN, sensorimotor network; 

N.A., data not associated. 

 

4.4. Discussion 

To the best of our knowledge, this is the first meta-analytic study that mapped the 

unknown GM topology in individuals with ASD, using the canonical ALE framework as 

priors for an unbiased and connectome-wide analysis. Our findings provide evidence that 

neuroanatomical variations in ASD tend to form a complex network of co-alteration, 

encompassing multiple defined cortical, subcortical and cerebellar sites. Within this co-

alteration network, certain higher-order areas (i.e., vACC, PCUN and MOG) exhibit a 

substantial hierarchical profile, and thereby they are conceivable as pathological hubs. 

Further, we reveal that the organization of co-alterations reflects a biologically plausible 

distribution, mirroring in part the constraints of brain structural connectivity. Altogether, these 

results extend previous literature reporting morphometric variations in the ASD 

pathophysiology, emphasizing the necessity of considering this spectrum of disorders as a 

network-like dysfunction of spatially distributed GM sites.  

Significantly, our findings demonstrate that regional GM abnormalities are not 

independent in ASD. Instead, multiple neural subpopulations report a morphometric change 

that statistically co-occurs with an alteration in other brain sites. This result is consistent with 

recent neuroimaging literature suggesting a structural signature of brain architecture in other 

psychiatric disorders, such as schizophrenia (Cauda et al., 2020a; Shafiei et al., 2020; van den 

Heuvel et al., 2010), major depression (Korgaonkar et al., 2014; Zheng et al., 2019), 

obsessive-compulsive disorder (Cao et al., 2020; Reess et al., 2016) and bipolar disorder 
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(Ajilore et al., 2015; Collin et al., 2016; Fernandes et al., 2019). Our analysis reveals robust 

co-alterations between a distinct set of regions that have been consistently reported to be 

altered and associated with clinical manifestations in previous MRI-based investigations in 

ASD. However, different from classical anatomical neuroimaging techniques such as VBM or 

cortical thickness, which do not assess any kind of topological relationship between regions 

(Ashburner and Friston, 2001), our graphical analysis was able to consider neuroanatomical 

abnormalities (nodes) and their statistical mutual relationship (edges) as a network unit 

(Cauda et al., 2018b). Therefore, our results can be understood in the context of a spatially 

distributed model rather than of isolated neural loci. 

Anatomical abnormalities have been observed in different cerebral systems, 

encompassing a set of multimodal, cerebellar, perceptual and limbic nodes. This large-scale 

distribution and its conjoint patterns of alteration might be considered as a clinical implication 

of the phenotypic heterogeneity of ASD (Wylie et al., 2020) and might also derive from an 

abnormal neural development (Frith, 2004; Kim et al., 2017a; Neniskyte and Gross, 2017; 

Thomas et al., 2016) or compensatory responses (Fornito et al., 2015; Zhou et al., 2012).  

The present findings, along with recent proposals (Balardin et al., 2015; Ecker et al., 

2010; Geschwind and Levitt, 2007; Minshew and Williams, 2007; Picci et al., 2016), are 

largely consistent with the notion of ASD as a syndrome due to perturbations of different 

cytoarchitectonic and neurocognitive systems. According to this view, a reasonable 

interpretation of our results is that topological organization of interregional GM co-alterations 

may arise from volumetric aberrations of the regional-level morphology. This hypothesis 

accords well with the experimental evidence of Ecker et al. (2013), who, performing measures 

of cortical separation distances on a sample of adults with ASD, reported an abnormal 

architecture of GM showing reduced cortico-cortical connectivity and low intrinsic wiring 

costs of the cortex. Interestingly, these authors observed low intrinsic wiring costs in the 

fronto-posterior areas that are also key components of our MCN, including the left precuneus 

(BA 7), right temporal pole (BA 22), bilateral orbitofrontal and dorsolateral prefrontal 

cortices (BA 10, BA 11).  

Moreover, our analysis confirms and extends previous results of altered anatomical 

covariance patterns as a key mechanism in the ASD condition. For example, in the seminal 

paper of Zielinski et al. (2012), the authors found distributed abnormal components in GM 

structure using seed-ROIs anchored in the fronto-insular and posterior cingulate cortices. In 



 148 

line with their findings, our data show a non-negligible overlap with pathological covariance 

sites in ASD. Morphometric components with reduced covariance are clearly present and co-

altered in our MCN; some of these are core units within the co-alteration pattern. This is the 

case with regard to the left precuneus, right STG, left supramarginal area, left vACC, left IFG, 

right MFG, right OFG and the left SFG. Similar results obtained with the same seeds were 

also reported by Palande et al. (2017), who carried out a graph correlation analysis combined 

with a statistical inference approach in addition to the anatomical covariance analysis. This 

general overlap is not surprising, as significant correlations between the MCN and anatomical 

covariance has been recently evidenced by our group (Cauda et al., 2018a). However, we note 

that the present methodology differs from the anatomical covariance approach because it 

enables the examination, in a whole-brain and data-driven manner, of multiple large-scale 

network affected architectures, thus overcoming the limited resolution of network-level 

effects given by prior ROI correlations (Evans, 2013; Palande et al., 2017; Tatu et al., 2018; 

Zielinski et al., 2012). 

Another important issue addressed by this study concerns the identification of brain 

sites that have a pivotal position in the MCN of ASD. By combining three different measures 

of node centrality (i.e., degree, closeness and betweenness), we observe that a subset of areas 

influences significantly the architecture of co-alterations; for this reason, these multimodal 

areas can be conceived as pathological hubs (i.e., they are topologically central in the co-

alteration network) (Cauda et al., 2018a; Cauda et al., 2018b; Manuello et al., 2018). One of 

those regions is the left precuneus, a component of the medial posterior parietal cortex, which 

has been frequently associated with social reasoning and self-reflection (Patriquin et al., 

2016). The precuneus has also been reported to be involved in a range of integrated tasks, 

including awareness information processing, visuospatial imagery, mnemonic retrieval and 

voluntary attention (Cavanna, 2007; Cavanna and Trimble, 2006; Zhang and Li, 2012). From 

a clinical point of view, its morphometric alterations and decreased functional connectivity 

have been linked to autistic symptom severity (Cheng et al., 2017; Fang et al., 2020; Lynch et 

al., 2013), as well as to dysfunction in mentalizing processes (Wang et al., 2007), attention 

orienting (Fitzgerald et al., 2015) and empathy (Schulte-Rüther et al., 2011) in different ASD 

cohorts. 

The second pathological hub is the left vACC. Reduced activation of this region has 

been reported in patients with ASD while playing a social-exchange game (Chiu et al., 2008). 
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Authors have therefore associated this reduced cingulate response with ASD social 

impairment. Furthermore, it has been observed that developmental differences in the limbic 

nodes as well as in other integrative regions such as the cingulate cortex might produce a 

cascading effect on brain areas mediating social perception (Apps et al., 2013; Baron-Cohen 

et al., 2000; Rolls, 2019). These findings are in agreement with the pattern of our MCN, and 

with research finding alterations in the activity of the cingulate cortex in individuals with 

ASD, especially with regard to a reduced glucose metabolism (Haznedar et al., 2000), 

functional connectivity (Zhou et al., 2016) and disrupted white matter pathways (Barnea-

Goraly et al., 2004). It therefore should not be surprising that this region may be significantly 

co-altered in ASD, given the essential involvement of the vACC in integrative circuits that are 

supposed to help the regulation of cognitive, executive and emotional processes (for a review 

see Stevens et al., 2011). Interestingly, the cingulate cortex and the precuneus were proposed 

to be part of a whole-brain system of areas involved in joint attention, which disruption is an 

early and characteristic symptom of ASD (Mundy, 2018). 

The third hub node identified in the analysis is the left MOG, a second-order region 

implicated in the integration of multisensory stimuli (Kravitz et al., 2011). It has been recently 

suggested that microstructural dendritic dispersion of this site is associated with abnormal 

visual processing in ASD and also with social interaction dysfunction because of its long-

range disconnections (Matsuoka et al., 2020). It is worth noting that the central involvement 

of the MOG in the MCN may indicate an anatomical damage, which can be typical of the 

ASD condition. As recently reported by VBM transdiagnostic investigations (Cauda et al., 

2019b; Liloia et al., 2018), the left portion of the occipital lobe, including BA 18/19, is 

usually spared by most psychiatric and neurological disorders, and is thereby considered a 

region with low structural alteration variety. Therefore, the present finding further supports 

the importance of abnormalities at the perceptual level in ASD, as well as of their fronto-

posterior patterns. Those abnormalities have been hypothesized to be the basis of sensory 

aberrations and of failure in socio-communicative integration (Courchesne and Pierce, 2005; 

Hadjikhani et al., 2004; Lombardo et al., 2019; Marco et al., 2011).  

As the aforementioned nodes are also network hubs in the healthy connectome (van den 

Heuvel and Sporns, 2013), our results are consistent with a recent line of research showing 

that morphometric damage of brain disorders preferentially accumulates in areas with greater 

topological value (Crossley et al., 2014), probably due to their long-range connections (Cauda 
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et al., 2020a) and related high metabolic cost (Arnatkeviciute et al., 2019b; Liang et al., 

2013). 

We found that the pathological hubs are selectively located in the left hemisphere. 

Interestingly, this finding is in line with both experimental and theoretical proposals 

suggesting a typical leftward asymmetry and volumetric reduction in ASD, particularly in 

cognitive and linguistic-related areas (De Fossé et al., 2004; Floris et al., 2013; Floris et al., 

2020; Kong et al., 2020; Mellet et al., 2014; Postema et al., 2019; Prior and Bradshaw, 1979). 

Moreover, a recent transdiagnostic study from our group (Cauda et al., 2020a) found that the 

regional mean physical distance of co-alteration is higher in the left hemisphere compared to 

the right one. In other words, the GM decreases of the left hemisphere tend to show long-

range co-alterations across many psychiatric and neurological diseases. The concurrent 

existence of GM decreases and GM increases, which might be taken as evidence of functional 

and structural failures and compensations, has shown to be more lateralized in the left 

hemisphere in a range of psychiatric and neurodevelopmental diseases, including autism 

(Mancuso et al., 2020). Therefore, our current findings of ASD hubs mainly located in left-

brain sites suggest a left hemisphere dominance in the co-alteration process.  

However, this is not to say that the contribution to the MCN of the right hemisphere is 

negligible. In fact, there is also an important involvement of right-lateralized sites in the 

MCN, encompassing the cerebellar crus II, caudate, amygdala, STG and orbitofrontal gyrus. 

These structures and their dysfunctional connections have attracted much attention in ASD 

research and have been associated with specific features of social, emotional and motor 

dysfunctions of the disorder (Bachevalier and Loveland, 2006; D'Mello et al., 2016; D'Mello 

and Stoodley, 2015; Gibbard et al., 2018; Girgis et al., 2007; Hardan et al., 2006; Qiu et al., 

2010; Turner et al., 2006).  

To further characterize the topological structure of the MCN and to go beyond the 

peculiarities of the specific hub nodes, we employed k-core decomposition. Our network 

clustering analysis suggests that the core hierarchy in ASD contains regions predominantly 

associated with the highest values of node centrality. In particular, several components are 

higher-order associative areas, namely left precuneus, left superior and medial frontal gyri, 

left anterior cingulate cortex, right parahippocampus, along with visual regions such as 

lingual and middle occipital gyri (Fig. 4.5). Interestingly, the aforementioned components 

were recently categorized as units of high hierarchy within large-scale brain networks (Lahav 
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et al., 2016) because they essentially support the structural organization of inter-connections 

and, thereby, can efficiently allow data integration and monitor cognitive processing (Collin 

et al., 2014; Hagmann et al., 2008). Thus, our findings support the notion that the integration 

and monitoring of information might be disrupted in ASD, especially with regard to the social 

and affective domains associated with the DMN (Buckner and DiNicola, 2019; Padmanabhan 

et al., 2017), whose nodes appear to be the central components within the MCN of ASD. 

Overall, our findings emphasize the importance of the DMN in ASD. In fact, many co-

altered nodes have been located in this network, indicating its relevance in the system of 

reciprocal GM modifications produced by ASD. This is also pointed out by the combined 

centrality measures and the k-core that highlight brain regions associated with the DMN. 

Also, the DMN is the only network whose co-alterations are more likely to be between 

its nodes and those of other networks than within itself (Fig. 4.6). This means that the 

numerous alterations occurring in the DMN also co-occur with many others in the other 

networks, suggesting a pivotal role of the DMN in the spatial distribution of GM 

abnormalities in ASD. Despite the fact that direct associations between functional covariation 

and underlying morphometric substrates remains an open question in autism research (Uddin 

et al., 2013), the peculiar topology related to the DMN co-alterations might suggest an 

atypical morphometric substrate for aberrant between-network functional connectivity, which 

was found decreased in different age-stratified cohorts of individuals with ASD compared 

with neurotypical controls (Kennedy and Courchesne, 2008; Nomi and Uddin, 2015; von dem 

Hagen et al., 2013). 

Although it is tempting to speculate that the DMN might exert a causal effect in the 

development of alterations, our analyses do not provide information about the directionality 

of the co-alteration edges. Still, regardless of the direction of the pathological influence, the 

central position of the DMN in the pathoconnectome of ASD is significant. By contrast, other 

networks, namely the SMN and, in particular, the DAN, appeared to be much less involved in 

our network of co-alterations (Fig. 4.6 left panel). This seems to indicate that the alterations in 

these networks do not influence or are not influenced by those in other parts of the brain. It is 

worth pointing out that the only SMN node is connected to six other nodes spanning across all 

the remaining networks (Fig. 4.6 right and bottom panels). Considering its location in the 

right STG, such a node might be associated with auditory functions, thus suggesting an 

association between auditory dysfunctions such as hypersensitivity and impaired perception 
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(Marco et al., 2011; Nieto Del Rincón, 2008; Robertson and Baron-Cohen, 2017; Williams et 

al., 2020). On the contrary, the lack of edges incident upon the DAN nodes might suggest that 

any top-down attention deficit of ASD patients (Allen and Courchesne, 2001) might be not 

associated, at least with respect to morphological substrates, with other symptoms. 

Another finding of the present study is a rich pattern of co-alterations related to the 

limbic nodes including fusiform and orbitofrontal gyri, parahippocampal cortex and amygdar 

nuclear complex. Disrupted communication of these regions is thought to explain some 

clinical features of ASD, associated with deficits in emotional processing, social cognition 

and executive function (Ameis and Catani, 2015; Catani et al., 2016; Haznedar et al., 2000). 

In particular, the PHG_R node showed high centrality in our results, mostly due to several 

connections with the DMN. This is not a surprising result, as the parahippocampal gyrus is 

functionally coupled to the DMN and has been found to be involved in social cognition tasks 

regarding face versus non-face stimuli (Patriquin et al., 2016). The same brain area has been 

reported to exhibit altered activity in individuals with ASD during social reward learning task 

(Choi et al., 2015). These results can be understood in light of the evidence that the 

memory/encoding system supported by the medial temporal lobe represents a functional 

subnetwork, which is linked to the cortical nodes of the DMN through parahippocampal 

connections (Ward et al., 2014). 

Another intriguing observation is that the right caudate tends to co-alter with prefrontal 

areas, encompassing both superior and inferior frontal gyri (i.e., SFG_L, BA8_L and IFG_L). 

These nodes are components of the dorsolateral prefrontal loop, previously associated with a 

degraded neuronal organization in ASD (Hashemi et al., 2017; Morgan et al., 2012) and 

involved in a number of high-order cognitive functions deficient in the disorder, such as 

complex behavioral planning, working memory processing and procedural learning (Çırak et 

al., 2020). 

Our results also highlighted widespread co-alterations of the cerebellum, both between 

its hemispheres and through long-range pathways. Converging lines of research offer insight 

into the link between the cerebellum and ASD symptomatology (Becker and Stoodley, 2013), 

showing the crucial role of the posterior right lobules and their circuits in core deficits, such 

as those in language and social cognition processing, stereotyped behaviors and impairments 

in imitation planning and affective regulation (D'Mello and Stoodley, 2015). Our meta-

connectomic analysis accords well with these evidences, suggesting a tendency of the 
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Crus2_R to be co-altered with a set of contralateral fronto-posterior nodes (i.e., IFG, MFG, 

MOG and PCUN) structurally connected and intrinsically implicated in an abnormal cerebro-

cerebellar connectivity in mentalizing, verb generation, attention or resting-state tasks 

(D'Mello and Stoodley, 2015; Ecker et al., 2010; Itahashi et al., 2015; Khan et al., 2015; 

Noonan et al., 2009; Verly et al., 2014).  

The mechanisms that might explain the observed co-alterations are varied. In fact, the 

presence of an alteration in a brain region might influence another one due to the long-range 

effects of diaschisis (Carrera and Tononi, 2014), for instance, through the lack of trophic 

support to the connected regions (Fornito et al., 2015; Nave, 2010; Perlson et al., 2010; Salehi 

et al., 2003) via direct axonal fiber tracts. In this regard, previous in vivo studies suggest that 

variations in GM morphometry and white matter connectivity are closely linked in ASD 

(Ameis and Catani, 2015; Andrews et al., 2017; Bos et al., 2015; Ecker et al., 2016; Schaer et 

al., 2013), reflecting a consistent number of gray-white matter pathological concordances in 

several clusters throughout the brain (Cauda et al., 2014a). Therefore, the correlation between 

the MCN and structural connectivity might support the hypothesis that connected regions tend 

to be co-altered because they lack neurotrophic regulation, which has been shown to be 

essential in normal brain development and maintenance of neuronal connections (Nickl-

Jockschat and Michel, 2011). Neurotrophic failure has been also linked to the 

pathophysiology of ASD (Galvez-Contreras et al., 2017; Garcia et al., 2012; Kasarpalkar et 

al., 2014; Qin et al., 2016; Zheng et al., 2016), which indicates that a neurotrophic factor 

mechanism may convincingly explain the formation of the MCN pattern of ASD. Instead, the 

absence of a significant correlation with the genetic connectivity suggests that a model of 

shared genetic vulnerability to the disease (Zhou et al., 2012) falls short in explaining the 

development of the MCN pattern of ASD. 

 

4.4.1 Methodological considerations and future perspectives 

The present meta-connectomics analysis proposes a statistically robust view on the GM 

topology of autism, improving on previous works in several ways. The innovative method 

used here allowed us to extend spatial information given by canonical CBMAs, providing 

valuable insights on the mutual relationship between regional changes of the ASD phenotype, 

as well as on the peculiar role of each aberrant component and of brain connectivity. Also, 

from a network-level perspective, the MCN integrates current anatomical covariance 
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approaches, exercising a thorough and detailed topological resolution not limited by a prior 

choice of ROIs or by circumscribed ASD cohort analysis. However, methodologically 

speaking, it is important to point out that, given the different scale of statistical comparison 

(i.e., meta-analytic vs. group data level), the two types of analysis should not be confused but, 

rather, integrated for a better comprehension of the dynamic underlying brain disorders. 

Finally, although this study proposes a new outlook on the ASD brain architecture, the MCN 

methodology can be potentially applied to any other condition that reflects morphometric 

disturbances of the brain, opening attractive prospects for an in-depth comprehension of the 

human pathoconnectome.  

Despite these strengths, we acknowledge that some limitations should be recognized. 

By definition, meta-connectomic approaches have general limitations inherent to publication 

biases (i.e., the file-drawer problem) and to the quality/constraints of individual investigations 

(Crossley et al., 2016). In this regard, we note that our data set reports a certain degree of 

heterogeneity in terms of clinical- and age-related differences among participants. 

Specifically, 23 out of 45 VBM experiments contain a mixed (i.e., comprehensive of two or 

more diagnostic sub-categories) or an unspecified ASD sample (Table S4.2). Still, the marked 

presence of original experimental groups composed of mixed age-stratified participants or 

with unspecified age ranges (35.6% of the experiments included), hampers the possibility to 

interpret developmental co-alteration changes in neuroanatomy of ASD (Table S4.2). In other 

words, this heterogeneity makes it challenging to discriminate possible differences related to 

the clinical or age-stratified subpopulations. At the same time, however, it offers important 

advantages. In fact, in conjunction with the substantial statistical power provided by meta-

analytic synthesis (Eickhoff et al., 2016), the meta-level approach tends to afford more robust 

and reliable results in terms of generalization for the population of interest (Muller et al., 

2018). 

Another critical element of the present study relates to the continuous dimensionality of 

the psychopathology of ASD. Since the diagnosis of ASD includes a wide array of clinical 

manifestations and biological endophenotypes, it might be pointed out that our database could 

be affected by a large inter-subject variability. This does not constitute a limitation per se, as 

the aim of a meta-analysis is exactly to overcome the heterogeneity of samples in order to 

discover invariant findings across groups (Tahmasian et al., 2019). However, not considering 

the peculiarity of each individual or diagnostic subgroup might be simplistic and miss some 
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critical feature of ASD. Future research might develop subject-level methods to assess co-

alteration networks, and eventually investigate whether or not they can help discriminate 

between different categories or dimensions of ASD. At the moment, the main issue to extend 

the methodology used here to subject-level data is the identification of focal structural 

alteration in absence of normative intensity values to discriminate between T1 images of 

healthy and pathological subjects.  

The current work does not assess the directionality of the network co-alterations, but 

future research might test, for instance, the hypothesis that the DMN alterations may play a 

role in the distribution of the other GM alterations, or the other way round. Finally, the lack of 

a significant correlation between the co-alteration network and genetic co-expression 

connectivity is not indicative of an absence of a genetic role in ASD, but rather, that the 

genetic influence does not explain the statistical dependence between GM modifications. 

However, genetic connectivity could have a role in determining the first areas to be affected 

(Cauda et al., 2019a), while the diaschisis effect might induce other regions to be co-altered 

(Carrera and Tononi, 2014). Further research is needed to investigate these possibilities. 

The long-term aim of the co-alteration approach is to produce valuable insights for 

clinical practice, in terms of improvement in the diagnostic procedure and in monitoring the 

disease course. Future investigations may adopt the co-alteration nodes as ROIs to test the 

generalizability of the MCN pattern on longitudinal native data. In addition, multi-scale 

research may explore the role of the meta-analytic hubs in different clinical cohorts, testing in 

detail the impact of these key regions on the ASD pathoconnectome. Finally, a more profound 

comprehension of the role of brain connectivity could help us understand the maladaptive 

mechanisms underlying the distribution of co-alterations and could pinpoint how to intervene 

to halt those mechanisms.  

 

4.5. Conclusion 

This study investigated VBM abnormalities of individuals with ASD using a meta-

connectomic perspective, demonstrating a topologically characteristic structure of co-

alteration underlying a circumscribed set of GM sites in the autistic brain. We found that the 

co-alteration pattern is influenced in part by structural connectivity, which is in line with the 

hypothesis that the brain connectome plays an important role in the development of disease-

related alterations. Finally, we observed that the regions belonging to the DMN are central in 
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the topology of co-alterations, thus suggesting a significant contribution of DMN dysfunction 

in the pathophysiology of ASD. This effect may be due to the strong network-betweenness of 

the DMN, which makes GM alterations in these network regions to be pathoconnectivity 

centers. In conclusion, the present study provides new insight into the complex 

pathophysiology of ASD, emphasizing the need for a more integrative view based on large-

scale network dysfunction in order to better understand the complex clinical manifestations of 

this spectrum of disorders. 
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4.6. Supplementary material 

4.6.1. Supplementary tables 

Table S4.1. Checklist for neuroimaging coordinate-based meta-analysis (CBMA) (adapted 

from Muller et al. 2018). 

 

A 

The research 

question is 

specifically 

defined 

 

 

YES, and it was clearly reported in the introduction section. 

 

B 

The literature 

search was 

systematic 

 

YES, and it follows the PRISMA international guidelines. 

Search includes the following keywords in the following databases: 

 

Databases: BrainMap (http://www.brainmap.org/); PubMed MEDLINE 

(https://www.ncbi.nlm.nih.gov/pubmed/). 

 

Keywords BrainMap:  

[Experiments Contrast is Gray Matter] AND [Experiments Context is Disease Effects] 

AND [Subjects Diagnosis is Autism spectrum disorder] AND [Experiments Observed 

Changes is Controls > Patients]. 

Keywords PubMed:  

(“Autism spectrum disorder” [title/abstract] OR “ASD” [title/abstract] OR “autism” 

[title/abstract]) AND (“voxel-based morphometry” [title/abstract] OR “VBM” 

[title/abstract]). 

 

 

C 

Detailed inclusion 

and exclusion 

criteria are 

included 

 

YES, and reason was: 

 

Standard inclusion criteria applied:  

1 Only experimental contrasts that used whole-brain analysis of gray matter;  

2 Only data reported by articles published in a peer-review journal; 

3 Only experimental contrasts that reported results in a stereotactic brain space (i.e., 

coordinates in TAL or MNI). 

 

Non standard inclusion criteria applied:  

1 Only experimental contrasts that used VBM analysis (in order to maximize the power 

of the CBMA and to exclude meta-data with other structural and functional MRI-based 

methods, whose results have a different meaning); 

2 Only experimental contrasts that employed a between-group comparison with clinical 

groups of interest and healthy controls (in accordance with research question); 

3 Only experimental contrasts that included subjects with diagnosis of ASD (in 

accordance with research question); 

4 Only VBM contrasts with experimental sample size ≥ 10 subjects (in order to reduce 

the likelihood to include experiments presenting false positives, according to previous 

coordinate-based meta-analyses). 

http://www.brainmap.org/
https://www.ncbi.nlm.nih.gov/pubmed/


 158 

 

D 

Sample overlap 

was taken into 

account 

 

YES, using the following criteria: 

Only VBM results reported by the largest experiment or those divided into diagnostic 

subcategories published by the same articles (in order to prevent redundancy of subjects 

and related results). 

 

 

E 

All experiments 

use the same 

search coverage  

 

YES, the search coverage is the following: 

Only whole-brain VBM analysis.  

1 If an experimental contrast reported whole-brain + ROI analysis, the whole-brain 

analysis only has been included in the meta-analysis;  

2 If an experimental contrast reported the ROI analysis only, the experimental contrast 

was excluded from the meta-analysis in accordance with our inclusion/exclusion criteria;  

3 Experimental contrasts reporting only conjunctional analysis have been excluded. 

 

 

F 

Studies are 

converted to a 

common 

reference space 

 

YES, using the following conversion: 

CBMA was conducted in Talairach (TAL) space.  

We employed the icbm2tal algorithm, as implemented in GingerALE software (v.3.0.2), 

to convert the native Montreal Neurological Institute (MNI) coordinates into TAL space. 

 

 

G 

Data extraction 

have been 

conducted by two 

investigators  

 

YES, the following authors: 

 

LD, TC, FC checked inclusion criteria; 

LD, FC extracted coordinates; 

LD extracted other info: clinical, socio-demographic and methodological meta-data were 

reported in Supplementary tables S3.2 and S3.3. 

 

 

H 

The paper 

includes a table 

with basic study 

description 

 

 

YES, and also the following data:  

Article reference and MEDLINE id; number of subjects included (clinical and control 

groups); mean age and age range at scan (clinical and control groups); sex distribution 

(clinical and control groups); type of VBM software employed; voxel size or slice 

thickness (mm); smoothing (FWHM); MRI static field; original stereotactic space 

(coordinates in x, y, z); classification and instrument of classification (i.e., DSM or ICD) 

for experimental subjects; number of foci of GM variation for each experimental contrast 

included. 

 

 

I  

The study 

protocol was 

previously 

registered and all 

analyses planned 

beforehand 

 

NO:  

This CBMA was not registered before starting the search. According with PROSPERO 

database (https://www.crd.york.ac.uk/prospero/), both systematic and scoping literature 

review and CBMA should be not registered, which is the present case; 

We declared that we planned all the analysis before starting the literature search and that 

we did not run any non-planned or non-prespecified analysis. 
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Table S4.2. Articles included in the meta-analysis: demographic and clinical meta-data. 

First 

Author 

Medline 

ID 

Clinical group Control group 

N F M 
Age* 

(range)  
Diagnosis** N F M 

Age * 

(range)  

Abell et al. (1999) 10501551 15 3 12 
29±6.6 

(N/A) 
ASP 15 3 12 

25±3.1 

(N/A) 

Boddaert et al. (2004) 15325384 21 5 16 
9.3±2.2 

(7-15) 
Autism 12 5 7 

10.8±2.7 

(7-15) 

Brieber et al. (2007) 18093031 15 0 15 
14.2±1.9 

(10-16) 
ASP/HFA 15 0 15 

13.3±1.8 

(10-16) 

Cai et al. (2018) 30425664 38 6 32 
9.6±3.4 

(5-16) 
HFA 27 1 26 

8.3±2.3 

(5-14) 

Cheng et al. (2011) 

(HFA group) 21541322 15   0 15  
13.7±2.5 

(10-18) 
HFA 25  0  25  

13.5±2.1  

(11-18) 

Cheng et al. (2011) (ASP 

group) 21541322  10 0   10 
13.7±2.5 

(10-18) 
ASP 25   0 25  

13.5±2.1  

(11-18) 

Craig et al. (2007) 17766762 14 14 0 
37.9±11.4 

(N/A) 
ASP/Autism 19 19 0 

35±14 

(N/A) 

D'Mello et al. (2015) 25844317 35 5 30 
10.4±1.6 

(8-13) 
ASD 35 14 21 

10.4±1.5 

(8-13) 

D'Mello et al. (2016) 27868392 18 0 18 
11.0±1.6 

(8-13) 
ASD 35 14 21 

10.4±1.5 

(8-13) 

Ecker et al. (2010) 19683584 22 0 22 
27±7 

(18-42) 
ASD  22 0 22 

28±7 

(18-42) 

Ecker et al. (2012) 22310506 89 0 89 
26±7 

(18-43) 
ASP/HFA 89 0 89 

28±7 

(18-43) 

Eilam-Stock et al. (2016) 27313505 66 6 60 
27±8 

(18-64) 
HFA 66 6 60 

27±7 

(18-43) 

Foster et al. (2015) 26231265 38 0 38 
12.4±2.4 

(6-17) 
ASD 46 0 46 

12.6±2.6 

(7-17) 

Freitag et al. (2008) 18262208 15 2 13 
17.6±3.6 

(N/A) 
ASD 15 2 13 

18.6±1.2 

(N/A) 

Greimel et al. (2013) 22777602 47 0 47 
21.4±10.1 

(10-50) 

ASP/HFA/ 

Autism 
51 0 51 

18.3±7.5 

(8-47) 

Hyde et al. (2010) 19790171 15 0 15 
22.7±6.4 

(14-33) 
Autism 13 0 13 

19.2±5 

(14-34) 

Kaufmann et al. (2013) 23117423 10 2 8 
14.7±5.0 

(N/A) 
ASP 10 2 8 

13.8±5.3 

(N/A) 

Ke et al. (2008) 18520994 17 3 14 
8.88±1.96 

(6-14) 
HFA 15 3 12 

9.73±1.67 

(6-14) 

Kosaka et al. (2010) 20123027 32 0 32 
23.8±4.2 

(17-32) 
ASP/HFA 40 0 40 

22.5±4.3 

(18-34) 

Kurth et al. (2011) 21531390 52 14 38 
11.2±3.95 

(5.9-20.4) 
ASD 52 14 38 

11.14±3.58 

(6.1-19.7) 

Kwon et al. (2004) 15540637 11 0 11 
13.6±2.4 

(10-18) 
ASP/HFA  13 0 13 

13.6±3.1 

(10-18) 

Lai et al. (2013) 23935125 60 30 30 
27.5 

(18-49) 
ASP/Autism 60 30 30 

27.8 

(18-49) 

Lai et al. (2015) 25249409 80 0 80 
24.2 

(18-41) 
ASP/Autism 57 0 57 

N/A 

(N/A) 

McAlonan et al. (2002) 12077008 21 2 19 
32±10 

(18-49) 
ASP 24 2 22 

33±7 

(18-49) 

McAlonan et al. (2005) 15548557 17 1 16 
12±1.8 

(8-14) 
Autism 17 1 16 

11±1.2 

(8-14) 

McAlonan et al. 

(2008)(HFA group) 18673405 17 3 14 
11.4±2.5 

(7-16) 
HFA 55 8 47 

10.7±2.7 

(7-16) 

McAlonan et al. 

(2008)(ASP group) 18673405 16 3 13 
11.7±2.8 

(7-16) 
ASP 55 8 47 

10.7±2.7 

(7-16) 

Mengotti et al. (2011) 21146593 20 2 18 
7.0±2.7 

(4-14) 
Autism 22 2 20 

7.7±2.0 

(4-11) 

Muller et al. (2013) 23825652 12 3 9 
35.5±11.4 

(N/A) 
HFA 12 4 8 

33.3±9 

(N/A) 
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First 

Author 

Medline 

ID 

Clinical group Control group 

N F M 
Age* 

(range) 
Diagnosis** N F M 

Age * 

(range)  

Ni et al. (2018) 29129723 81 0 81 
12.5±2.1 

(7-17) 
HFA 61 0 61 

12.4±2.4 

(7-17) 

Osipowicz et al. (2015) 25630444 531 101 430 
17.0±8.0 

(7-64) 
ASD 571 109 462 

17.0±8.0 

(7-64) 

Pereira et al. (2018) 30042724 22 4 18 
17.4±3.3 

(14-25) 
HFA 29 10 19 

18.5± 2.8 

(14-25) 

Radeloff et al. (2014) 25188200 34 3 31 
19.06±5.12 

(14-33) 
ASP/Autism 26 4 22 

19.54±3.46 

(14-27) 

Riedel et al. (2014) 24953998 30 11 19 
35.4±9.1 

(21-52) 
HFA 30 11 19 

35.5±8.3 

(22-53) 

Riva et al. (2011) 21700792 21 8 13 
6.6±2.5 

(3.3-10.10) 

Autism/ 

PDD-NOS 
21 8 13 

6.10±2.1 

(3.9-10.10) 

Riva et al. (2013) 23572290 26 3 23 
5.1±2.6 

(2.7-10.10) 

Autism/ 

PDD-NOS 
21 8 13 

6.10±2.1 

(3.9-10.3) 

Rojas et al. (2006) 17166273 24 0 24 
20.79±10.58 

(7-47) 
Autism 23 0 23 

21.41±10.91 

(7.8-44) 

Salmond et al. (2005) 16101758 14 1 13 
12.9±0.7 

(8-18) 
ASP/HFA 13 0 13 

12.1±0.7 

(8-18) 

Salmond et al. (2007) 17710821 22 2 20 
11.8 

(8-18) 
ASD 22 3 19 

12.1 

(8-18) 

Sato et al. (2017) 28824399 36 11 25 
27.0±8.0 

(18-53) 

ASP/ 

PDD-NOS 
36 11 25 

24.9±5.5 

(20-43) 

Toal et al. (2010) 

(ASP group) 
19891805 39 4 35 

32.0±12.0 

(16-59) 
ASP 33 3 30 

30.0±3.0 

(19-58) 

Toal et al. (2010) 

(ASD group) 
19891805 26 5 21 

30.0±8.0 

(16-59) 
ASD 33 3 30 

30.0±3.0 

(19-58) 

Waiter et al. (2004) 15193590 16 0 16 
15.4±2.24 

(12-20) 
ASP 16 0 16 

15.5±1.6 

(12-20) 

Wilson et al. (2009) 19853418 10 2 8 
30.1±9.18 

(22.2-47.2) 
Autism 10 3 7 

29.4±7.91 

(21.8-43.8) 

Yang et al. (2018) 30001226 16 6 10 
10.4± 2.8 

(N/A) 
ASD 16 6 10 

10.5 ± 3.1 

(N/A) 

* The average age at scan session, its standard deviation and age range are reported on the basis of what is 

specified by the authors of the original articles. ** Reported diagnosis of clinical groups is based on what is 

specified by the authors of the original articles. ASP, Asperger’s Syndrome; Autism, Primary/Atypical Autism; 

HFA, High Functional Autism; PDD-NOS, Pervasive Developmental Disorder Not Otherwise Specified; ASD, 

Autism Spectrum Disorder (diagnosis not specified); N, number of subjects; F, female; M, male; N/A, meta-data 

not associated. 
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Table S4.3. Articles included in the meta-analysis: methodological meta-data. 

First 

Author 

VBM 

Software 

Voxel Size 

(mm)*  

Smoothing  

(FWHM) 

Scanner  

(Tesla) 
Foci  Space 

Abell et al. (1999) SPM 96 1x1x1.5 12 2 3 TAL 

Boddaert et al. (2004) SPM 99 0.86x1.33x1.20 12 1.5 4 TAL 

Brieber et al. (2007) SPM2 1x1.42x1 12 1.5 6 MNI 

Cai et al. (2018) SPM 8 1x1x1 8 3 3 MNI 

Cheng et al. (2011) (HFA 

group) 
SPM 2 Thickness 1.5 8 1.5 2 MNI 

Cheng et al. (2011) (ASP 

group) 
SPM 2 Thickness 1.5 8 1.5 10 MNI 

Craig et al. (2007) SPM2 Thickness 1.5 5 1.5 5 TAL 

D'Mello et al. (2015) SPM 8 1x1x1 8 3 3 MNI 

D'Mello et al. (2016) SPM 8 1x1x1 8 3 2 MNI 

Ecker et al. (2010) SPM5 1.09x1.09x1 8 3 14 TAL 

Ecker et al. (2012) FSL-VBM Thickness 1 3 3 11 MNI 

Eilam-Stock et al. (2016) SPM 8 N/A 8 N/A 3 MNI 

Foster et al. (2015) CIVET 1x1x1 8 3 5 MNI 

Freitag et al. (2008) SPM 99 1x1x1 8 1.5 1 MNI 

Greimel et al. (2013) SPM5 1x1x1 8 1.5/3 3 MNI 

Hyde et al. (2010) CIVET 1x1x1 12 3 3 MNI 

Kaufmann et al. (2013) SPM 8 N/A 6 1.5 1 MNI 

Ke et al. (2008) SPM5 0.94x0.94x1 8 1.5 1 TAL 

Kosaka et al. (2010) SPM5 0.75x1.25x1.06 8 3 5 MNI 

Kurth et al. (2011) SPM 8 Thickness 1.2 8 1.5 1 MNI 

Kwon et al. (2004) SPM99 Thickness 1.5 8 3 3 TAL 

Lai et al. (2013) SPM 8 N/A 4 3 1 MNI 

Lai et al. (2015) SPM 8 1x1x1 4 3 6 MNI 

McAlonan et al. (2002) 
SMaRT on 

SPARC 
Thickness 1.5 N/A 1.5 9 TAL 

McAlonan et al. (2005) 
BAMM on 

SPARC 
Thickness 3 4.4 1.5 13 TAL 

McAlonan et al. 

(2008)(HFA group) 

BAMM on 

SPARC 
0.86x0.86x3 4.4 1.5 8 TAL 

McAlonan et al. 

(2008)(ASP group) 

BAMM on 

SPARC 
0.86x0.86x3 4.4 1.5 4 TAL 

Mengotti et al. (2011) SPM 5 Thickness 5 8 1.5 2 MNI 

Muller et al. (2013) FSL-VBM 0.8x0.8x0.8 4 3 14 MNI 

Ni et al. (2018) SPM 8 1x1x1 4 3 6 MNI 

Osipowicz et al. (2015) SPM 8 1x1x1 8 3 5 MNI 

Pereira et al. (2018) SPM 8 1x1x1 10 3 16 MNI 

Radeloff et al. (2014) SPM 8 Thickness 1 8 3 4 MNI 

Riedel et al. (2014) SPM 8 1x1x1 8 N/A 1 MNI 

Riva et al. (2011) SPM 5 1x1x1 8 1.5 13 TAL 

Riva et al. (2013) SPM 8 Thickness 5 8 1.5 13 TAL 

Rojas et al. (2006) SPM2 0.94x0.94x1.7 8 1.5 4 MNI 

Salmond et al. (2005) SPM99 0.8x0.8x1 12 1.5 2 TAL 
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First 

Author 

VBM 

Software 

Voxel Size 

(mm)* 

Smoothing 

(FWHM) 

Scanner 

(Tesla) 
Foci Space 

Salmond et al. (2007) SPM99 0.8x0.8x1 12 1.5 6 MNI 

Sato et al. (2017) SPM 8 1x1x1 8 3 19 MNI 

Toal et al. (2010) 

(ASP group) 
SPM 2 0.859x0.859x1.5 8 1.5 1 TAL 

Toal et al. (2010) 

(ASD group) 
SPM 2 0.859x0.859x1.5 8 1.5 2 TAL 

Waiter et al. (2004) SPM 2 1x1x1 12 1.5 1 TAL 

Wilson et al. (2009) SPM 2 0.94x0.94x1.7 12 1.5 2 MNI 

Yang et al. (2018) FS-VBM Thickness 1 3 3 3 MNI 

* Where no information was provided, the slice thickness was expressed. FWHM, full width at half maximum; 

TAL, Talairach stereotactic space; MNI, Montreal Neurological Institute stereotactic space; N/A, meta-data not 

associated. 
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4.6.2. Supplementary figure 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S4.1. PRISMA flow chart of meta-data selection.  
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Revealing the Selectivity of Neuroanatomical Alteration in  

Autism Spectrum Disorder via Reverse Inference4 

 

 

Abstract 

Background: Although neuroimaging research has identified atypical neuroanatomical 

substrates in individuals with autism spectrum disorder (ASD), it is at present unclear whether 

and to what extent disorder-selective gray matter (GM) alterations occur in this spectrum of 

conditions. In fact, a growing body of evidence shows a substantial overlap between the 

pathomorphological changes across different brain diseases, which may complicate 

identification of reliable neural markers and differentiation of the anatomical substrates of 

distinct psychopathologies. Methods: Using a novel data-driven and Bayesian methodology 

with published voxel-based morphometry data (849 peer-reviewed experiments and 22,304 

clinical subjects), this study performs the first reverse inference investigation to explore the 

selective structural brain alteration profile of ASD. Results: We found that specific brain areas 

exhibit a > 90% probability of GM alteration selectivity for ASD: the bilateral precuneus 

(BAs 7), right inferior occipital gyrus (BA 18), left cerebellar lobule IX and Crus II, right 

cerebellar lobule VIIIA, and right Crus I. Of note, many brain voxels that are selective for 

ASD include areas that are posterior components of the default mode network. Conclusion: 

The identification of these spatial GM alteration patterns offers new insights into 

understanding the complex neurobiological underpinnings of ASD, and opens attractive 

prospects for future neuroimaging-based interventions. 

 

5.1. Introduction 

The ultimate goal of clinical neuroimaging is to elucidate in-vivo the relationship 

between atypicalities in the brain and disease. Structural magnetic resonance imaging (sMRI) 

methods such as voxel-based morphometry (VBM) (Ashburner and Friston, 2000), have been 

extensively employed to examine regional brain variations associated with clinical 

populations by means of voxel-wise intergroup comparison. From this type of data, 

 
4  This study was published in Biological Psychiatry: Cognitive Neuroscience and 

Neuroimaging in 2022 (doi: 10.1016/j.bpsc.2022.01.007). Authors: Liloia D., Cauda F., 

Uddin L.Q., Manuello J., Mancuso L., Keller R., Costa T.  

https://doi.org/10.1016/j.bpsc.2022.01.007
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researchers typically infer which neuroanatomical correlates are altered in clinical conditions 

under examination compared with the normative population. In other words, they can help us 

to draw “disease-to-alteration” estimations, also known as forward inferences (Henson, 

2006). 

Forward inference-based reasoning is widely used in the field of neuroimaging, and has 

an important role in understanding the neural substrates underlying brain disorders; however, 

such reasoning suffers from a significant drawback: the lack of selectivity (Poldrack, 2006). 

From the perspective of clinical sMRI, a critical limitation concerns the impossibility of 

determining the alteration specificity of brain areas in a given clinical condition (Cauda et al., 

2020b). This, and the fact that several psychiatric and neurological disorders tend to exhibit a 

common substrate of neuroanatomical variation (Cauda et al., 2017; Cauda et al., 2019b; Cole 

et al., 2014; Crossley et al., 2014; Goodkind et al., 2015; Liloia et al., 2018; McTeague et al., 

2016; Radonjić et al., 2021) make “alteration-to-disease” estimation challenging, and limit the 

effective contribution of sMRI findings to diagnostic and treatment strategies. 

Research on autism spectrum disorder (ASD) is an exemplary case. A substantial body 

of VBM investigations have evidenced that this spectrum of conditions is associated with 

atypical brain development, which leads to anomalies across widespread neural territories 

(Ecker et al., 2015). Coordinate-based meta-analyses (CBMAs) have identified aberrant 

volumetric concordances at the level of the insula, cingulate cortex, thalamus, amygdala, 

frontal and temporal gyri (Carlisi et al., 2017; DeRamus and Kana, 2015; Lukito et al., 2020). 

Although these variations are common in ASD, their involvement is not selective to the 

disorder. For example, prefrontal, cingulo-insular, amygdalar and thalamic alterations are also 

shared with other conditions, such as schizophrenia (Liloia et al., 2021a), post-traumatic stress 

disorder (Meng et al., 2016) and chronic pain (Smallwood et al., 2013). Overlapping 

alterations have been found with attention-deficit/hyperactivity disorder (Brieber et al., 2007), 

with obsessive-compulsive (Cauda et al., 2017) and social anxiety (Wang et al., 2018) 

disorders.   

A complementary approach is therefore needed to disentangle the alteration landscape 

of brain pathology. One way to achieve this aim is with analytic tools based on Bayesian 

statistics, which can apply a form of reasoning leading from alteration data to neural 

disorders, also known as reverse inference (Poldrack, 2006). Since Poldrack’s seminal paper 

(2006), the use of such reasoning in the field of neuroimaging has been explored and 
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extensively debated (Del Pinal and Nathan, 2013; Hutzler, 2014; Machery, 2014; Poldrack, 

2008, 2011; Wager et al., 2016; Yarkoni et al., 2011). Although different efforts highlight the 

issue of reverse inference as necessary for brain research, some challenges remain. For 

example, the absence of a comprehensive formal cognitive ontology limits the possibility of 

inferring psychological functions from neuroimaging data (Poldrack and Yarkoni, 2016). 

Another limitation is due to the extreme difficulty in taking into account the entire body of 

specialized literature that would permit strong claims about the selective mapping of interest. 

Fortunately, this issue can be mitigated by the advent of open-access repositories such as 

BrainMap (Fox et al., 2005; Fox and Lancaster, 2002) and Neurosynth (Yarkoni et al., 2011), 

which currently contain a broad sample of peer-reviewed experiments (detailed accounts on 

this topic can be found in (Cauda et al., 2020b; Poldrack, 2011)).  

From its earliest implementations in neuroimaging, reverse inference approaches have 

been limited to functional MRI data and to normative populations so as to estimate the 

selective engagement of a given cognitive function on the basis of the activation of specific 

neuronal assemblies. Only recently, such approaches have been applied to anatomical 

alterations associated with brain disorders. Specifically, Cauda et al. (2020b) have explored 

the alteration profiles of Alzheimer’s disease and schizophrenia, applying the calculation of 

the Bayes’ factor (Jeffreys, 1961) to sMRI meta-analytic data. 

A further step is the implementation of this technique in a tool called BACON (Bayes 

fACtor mOdeliNg; (Costa et al., 2021)). This novel resource allows the generation, in a data-

driven and replicable manner through posterior probability analyses, of brain maps showing 

the voxel-wise alteration selectivity landscape of a given neuropathology. Based on the 

Bayes’ factor, BACON calculates the likelihood between two competing hypotheses: the 

probability that voxels are altered because of the disorder of interest and the probability that 

they are altered because of another disorder. By switching from forward to reverse inference, 

BACON provides different evidence from that obtained with conventional CBMA techniques 

such as activation likelihood estimation (ALE) (Eickhoff et al., 2012; Eickhoff et al., 2016). 

Despite intense effort in sMRI research, the extent of disorder-differentiated 

morphological alterations occurring in ASD remains unclear. Establishing the 

neuroanatomical signature of this group of neurodevelopmental conditions may pave the way 

for future research on neuroimaging-based biomarkers, as well as for devising new-targeted 

interventions. Here we explore the spatial location of selective brain abnormalities in ASD by 
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conducting a standardized search of clinical primary data on gray matter (GM) VBM 

alterations. We analyzed a large amount of data with BACON, which enabled us to assess, for 

the first time, the posterior probability distribution of GM alterations that are selectively 

associated with ASD. 

 

5.2. Methods 

This research adhered to the PRISMA guidelines (Moher et al., 2009). First, the 

BrainMap and MEDLINE databases were queried to identify VBM meta-data related to ASD, 

through January 30, 2021. Another standardized search was carried out on BrainMap to 

retrieve VBM meta-data related to other conditions reporting appreciable GM changes. For 

details and search algorithms see Supplementary methods (i.e., data search strategy section). 

 

5.2.1. Data inclusion 

Standard criteria  

Eligible experiments were published in a peer-reviewed article, statistically contrasted 

GM brain volume/concentration between a patient group and a healthy control (HC) group, 

and reported a whole-brain VBM analysis and stereotactic results (x-y-z foci in Talairach or 

MNI spaces). This preliminary screening was aimed at removing bias related to region-of-

interest analysis and to spatial error (Eickhoff et al., 2009; Muller et al., 2018). 

 

Clinical criteria.  

Regarding the ASD sample, eligible experimental groups comprised subjects with a 

diagnosis of ASD that met standardized DSM and/or ICD criteria. Regarding other brain 

conditions, all eligible experiments that were coded as ‘disease effects context’ in the 

BrainMap VBM sector were included. There were no restrictions on age, gender or diagnosis 

of the participants. Inclusion of clinical conditions that may report associations with ASD was 

allowed (e.g., epilepsy, tuberous sclerosis, Down, Fragile X, and 22q11.2 deletion 

syndromes), provided that none of the experimental participants had a history of autism. We 

did not exclude experiments on medicated subjects, as they represent a non-negligible part of 

the literature. However, inclusion was only permitted when experiments reported between-

group differences (i.e., effect of diagnosis) and not effects of pharmacologic treatment 

(Muller et al., 2018).  
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Technical criteria.  

Potential bias related to overlapping populations was minimized both within and 

between experiments. When different articles were published by the same first author, making 

use of the same clinical group and reporting the same stereotactic results, only the earliest 

published experiment was included. In the case of multiple experiments included in a single 

article, those carried out on the same patient group or its subgroups were excluded: in other 

words, we included only those experiments that reported data from non-redundant clinical 

groups. Post hoc assessments were conducted via GingerALE (v.3.0.2), to exclude duplicate 

results related to the same clinical group that was included in other studies published by 

different first authors. Lastly, stereotactic results of hypotrophy and hypertrophy were pooled 

in a single experiment when the results were related to the same comparison of diagnosed 

individuals relative to HCs. 

 

5.2.2. Data groupings 

Two distinct datasets were created to estimate the selectivity of GM abnormalities in 

ASD: i) ASD dataset, composed of experiments reporting brain alterations in patients with 

ASD (vs. HC); ii) non-ASD dataset, composed of experiments reporting brain alterations in 

all BrainMap conditions (vs. HC) without those reporting brain alterations in ASD (vs. HC). 

Analyses were conducted in Talairach space. Thus, the spatial accuracy of the data was 

improved by converting coordinates reported in MNI into Talairach space (Laird et al., 2010).  

 

5.2.3. Statistical methods 

Activation likelihood estimation 

The calculation of the BF, as implemented in BACON, is based on two unthresholded 

ALE maps: the first obtained from the ASD dataset, the second from the non-ASD dataset. 

The ALE algorithm (Eickhoff et al., 2012) (GingerALE software package; v.3.0.2), models 

each experiment alterations as a series of 3-D Gaussian distribution of probabilities centered 

on the peaks of alterations reported by the included experiments. This permits generation of a 

modeled activation (MA) map for each experiment. The size of the Gaussian kernel varies 

between the MA maps, taking into account the sample size originally used in each experiment 

(Eickhoff et al., 2009). Every final ALE map can be seen as a union of all per-experiment MA 

maps (see also Fig. 5.1). 
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Bayes factor modeling 

BACON was devised as a method for obtaining posterior probability distributions on 

the selectivity alteration with regard to a particular brain disorder (Costa et al., 2021); it 

implements the BF and uses ALE derived-maps. Formula 1 expresses the Bayes’ theorem in 

terms of relative belief, also referred to as the BF: 

𝑃(𝐻0|𝐷)
𝑃(𝐻1|𝐷)

=
𝑃(𝐷|𝐻0)
𝑃(𝐷|𝐻1)

𝑃(𝐻0)

𝑃(𝐻1)
   (1) 

Where D is a measurement of structural alteration in a voxel, 𝐻0 is the hypothesis 

affirming the occurrence of ASD in such voxel, and 𝐻1  is the hypothesis affirming the 

occurrence of any other disorder (i.e., the negation of 𝐻0). BACON allows us to compute the 

probability that, given the measurement (D) of a certain voxel, ASD is actually occurring (i.e., 

𝐻0  is true). Because knowledge of priors is not available for the two hypotheses, we 

considered them to be identical (see also Cauda et al. (2020b) for further consideration and 

validation of this choice). Therefore, the BF01 can be expressed as: 

        𝐵𝐹01 =
𝑃(𝐷|𝐻0)

𝑃(𝐷|𝐻1)
             (2) 

Because the sum of the two posterior probabilities must be equal to 1, and based on 

formula 1, we can re-write formula 2 as: 

𝐵𝐹01 =
𝑃(𝐻0|𝐷)
1−𝑃(𝐻0|𝐷)

                             (3) 

BF01 provides the degree of evidence for the two hypotheses: if 𝐵𝐹01is greater than 1, 

the evidence favors 𝐻0; if 𝐵𝐹01is less than 1, the evidence favors 𝐻1. Inverting formula 3, we 

obtain: 

𝑃(𝐻0|𝐷) =
𝐵𝐹01

𝐵𝐹01+1
  (4) 

This expression allows us to directly obtain a posterior probability via the BF (see Fig. 

5.1 for a graphical interpretation of the formulas). 
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Figure 5.1. Graphical representation of the data analytic pipeline, from the alteration foci to 

the selectivity map. The final map, which represents the values of the probabilities and is 

obtained with the BF01 computation (as implemented in BACON), can be thresholded 

depending on the desired level of selective alteration probability. 

 

Functional network decomposition 

To determine the functional localization of GM selective patterns in ASD, we applied 

the 7-networks parcellation of Yeo et al. (2011). Alterations within the cerebellar cortex and 

striatal nuclei were assigned to each of Yeo’s canonical networks according to the cerebellar 

(Buckner et al., 2011) and striatal (Choi et al., 2012) parcellations, respectively. A data-driven 

decomposition was undertaken to investigate how many volumes (mm3) derived from 

BACON map fell within the following networks: visual network, somatomotor network 

(SMN), dorsal attention network (DAN), salience/ventral attention network (SN/VAN), 

limbic network, frontoparietal network (FPN) and default mode network (DMN). 
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Robustness analyses 

CBMA findings can potentially be affected by the file-drawer problem, a literature bias 

relating to the contra-evidence results that are unpublished (Acar et al., 2018; Samartsidis et 

al., 2020). To overcome this issue, we tested the robustness of our findings using the Fail-Safe 

technique for the ALE method (Acar et al., 2018;). According to the simulation study by 

Samartidis et al. (2020), who estimated the rate of missing experiments in the BrainMap 

database to be around the 6%, analyses were retested adding the same percentage of “noise” 

injection for both datasets. Robustness of the findings was also estimated with noise injection 

up to 30%, as recently proposed (Gray et al., 2020). Details of this analysis can be found in 

the Fail-Safe analysis section (Supplementary methods). 

The ASD dataset included four experiments analyzing subjects from the ABIDE 

database (Di Martino et al., 2014). Although clinical and sociodemographic differences were 

found between experiments, we were unable to determine whether and to what extent 

population overlap occurred between experiments. Therefore, a leave-one-out analysis was 

performed to test the reproducibility of main findings, which consisted of repeating the 

BACON analysis after systematically removing each of the four experiments that used the 

ABIDE dataset. 

 

Age-related and alteration-related contribution to findings 

Because the autistic brain architecture may not be static within individuals across the 

lifespan (Dajani and Uddin, 2016; Lange et al., 2015; Nomi and Uddin, 2015; Nunes et al., 

2020), we assessed the contribution of the age-related and alteration-related data to BACON 

results.  

Based on the BF index (Jeffreys, 1961), conceived as the ratio between the likelihoods 

of two alternative hypotheses, we examined the force of evidence on general alteration 

selectivity clusters of two subsets of meta-data stratified by age, namely the pediatric group  

(generated by grouping foci related to ASD subjects with an age < 18 years) and the adult 

group (age ≥ 18 years). VBM experiments composed of mixed age-stratified individuals were 

not included in this analysis. Starting from the untresholded p-value ALE maps of pediatric 

and adult groups, the calculus of the BF was performed, capable of reporting an index ranging 

from 0 to ∞ for each ALE-related voxel and representing how much the age-stratified data 

could support the BACON clusters. The force of evidence was interpreted following the 
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Jeffreys’ classification scheme (1961) (Table S5.1).  

We also evaluated the contribution of the type of alteration (i.e., GM decrease/increase). 

Following the same steps of the age-related analysis, two subsets of meta-data were organized 

and analyzed via BF:  the GM decrease group (generated by grouping foci of GM decrease 

related to ASD dataset; ASD < HC) and the GM increase group (generated by grouping foci 

of GM increase; ASD > HC) (Table S5.2). 

 

5.3. Results 

The comprehensive search yielded a total of 849 published experiments including 131 

clinical conditions (Fig. 5.2). The distribution of the ASD datasets was: 55 experiments, 2,407 

patients, 546 stereotactic coordinates (Table S5.3). No neurological, psychiatric, seizure or 

genetic comorbidities were identified, except for 18 subjects distributed in three different 

experiments (details in Table S5.3).  The Non-ASD dataset was composed of 794 

experiments, 19,897 patients, 8,035 coordinates (Table S5.4). Details about the meta-data 

distribution are shown in Table S5.5, Table S5.6 and Table S5.7. 

 

 

Figure 5.2. PRISMA flowchart: overview of literature selection and coding organization of 

meta-data. 
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5.3.1. Selective structural alteration profile of ASD  

Our reverse inference voxel-wise approach revealed both cortical and cerebellar areas 

of GM alteration selectivity in ASD. In particular, taking into account a selectivity value of 

90% (i.e., map thresholded at p (𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) ≥ .90), eight clusters showed a k size > 

100 mm3 (Fig. 5.3 and Table 5.1). A graphical representation of the results thresholded at 

different levels of posterior probability is shown in Fig. S5.1. The peak reporting (highest 

percentage) of morphometric alteration selectivity (i.e., 98%; p (𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) = .98) was 

found in the right inferior occipital gyrus (R-IOG; Brodmann area - BA 18), which is part of 

the largest alteration cluster, along with the right lobule VI of the cerebellum (declive). Other 

high values of selectivity were found bilaterally in the posterior cerebellar lobes, 

encompassing the left lobule IX (p = .97), left Crus II (pyramis; p = .97), right Crus I 

(culmen; p = .96), and the right lobule VIIIA (p = .93). High values were also exhibited by 

three clusters located bilaterally in the precuneus (PCUNs - BAs 7; p > .92). 

 

 

Figure 5.3. Brain clusters of selective gray matter alteration in autism spectrum disorder 
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(ASD) derived from Bayes factor modeling (BACON) analysis and thresholded at 

𝑝(𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) = 0.9 (90%). BACON map is visualized as hemispheric surfaces (3-D 

cortical view) and coronal/axial/sagittal slices (2-D cortical and cerebellar view). Templates 

are in neurological convention (L is left; R is right).  

IOG; inferior frontal gyrus; PCUN, precuneus; L-IX, lobule IX (cerebellar tonsil); VIIIA, lobule VIIIA; VI, 

lobule VI (declive); Crus I, Crus I (culmen). 

 

5.3.2. Functional characterization 

Most of the ASD-selective volumes fell within the DMN according to the Yeo’s 

parcellation (2011), followed by the visual network, SN/VAN, and FPN. For other networks, 

no volume of alteration was found at this probability threshold. Detailed representation of the 

results of network decomposition thresholded at different levels of posterior probability is 

provided in Table S5.8. 

 

5.3.3. Robustness testing 

The Fail-Safe analysis suggests that our findings are sound, as they very well resist 

injections of contra-evidence data performed concurrently on two datasets (Table 5.1). The 

percentage of random experiments that could be added without altering the appearance of the 

alteration peaks ranged from 10% for cluster 5 (R-PCUN) to more than 30% for several brain 

areas, encompassing the cerebellar regions and the R-IOG. In each case, all identified peaks 

survived at a 6% injection of noise, corresponding to the missing contrasts estimated for the 

BrainMap database (Gray et al., 2020). 

The leave-one-out analysis showed that the main results were highly robust against the 

deletion of individual experiments with ABIDE subjects, as the eight clusters were preserved 

in all combinations of the dataset (Table S5.9).  
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Table 5.1. Clusters of gray matter alteration selectivity in autism spectrum disorder (ASD) 

derived from the Bayes factor modeling (BACON) analysis and thresholded at 

𝑝(𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) = 0.9 (90%). For each cluster obtained, anatomical location (Talairach 

Daemon Atlas), stereotactic coordinates, cluster size, BACON value and Fail-Safe results 

were provided. 

 

Lobe 
Brain Region  Talairach Cluster BACON Value Robustness 

 (Local Maxima) x y z Size (mm3) Maximum Minimum (Fail-Safe) 

1 Right Occipital 
Inferior Occipital Gyrus  

(BA 18) 
30 -86 -15 1,197 .9868 .90004 > 30% 

2 Left Cerebellar Lobule IX (Tonsil) -4 -53 -42 640 .97371 .90013 > 30% 

3 Right Cerebellar Crus I (Culmen) 47 -50 -30 421 .96917 .90001 > 30% 

4 Left Cerebellar Crus II (Pyramis) -2 -83 -31 273 .97031 .90005 > 30% 

5 Right Parietal Precuneus (BA 7) 6 -60 44 201 .92559 .90001 20% > FS > 10% 

6 Right Parietal Precuneus (BA 7) 8 -48 52 140 .93446 .90018 30% > FS > 20% 

7 Left Parietal Precuneus (BA 7) -8 -58 50 126 .94660 .90015 30% > FS > 20% 

8 Right Cerebellar Lobule VIIIA 30 -50 -50 112 .93605 .90029 > 30% 

 

5.3.4. Contribution of participant age and type of alteration to findings 

According to the BF analysis, both the ASD age-stratified groups contribute to the 

observed BACON findings. The pediatric data exert strong (BF = 10.7), very strong (BF = 

30.1) and extreme (BF > 100) evidences on the R-IOG, L-Crus II and L-Lobule IX results, 

respectively. The adult data exert extreme evidence on the R-Crus I result (BF < .01). The R-

Lobule VIIIA shows a BF index around 1, corresponding to the ‘no evidence’ category. 

Voxels in the precuneus clusters report a BF index ranging from < .01 to 52, corresponding to 

extreme/very strong evidence for both pediatric and adult data. This result suggests that foci 

of both groups, and/or of the experiments with mixed-age ASD subjects, contribute to clusters 

5-8.  

With regard to the alteration-related analysis, we found that the GM decrease data exert 

extreme evidences on the L-Lobule IX, R-Crus I and R-PCUN (cluster 5) results. The R-

Lobule VIIIA shows a BF index = 32.7, corresponding to a very strong evidence for the GM 

decrease contribution. The GM increase data exert very strong evidence on the L-Crus II 

results (BF = 0.018). Voxels in the R-IOG, L-PCUN and R-PCUN (cluster 6) report a BF 

index ranging from 36 to 0.06, suggesting that both types of alteration contribute to these 
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clusters. 

 

5.4. Discussion 

The current study is the first to reveal the selective GM alteration profile of autism 

spectrum disorder. We used peer-reviewed VBM data from 22,304 clinical subjects as the 

basis for our data-driven, whole-brain, and Bayesian analysis. Our CBMA approach shows 

multiple brain sites of disorder-differentiated morphometric alteration in ASD compared with 

131 other clinical conditions. Functional characterization of these abnormalities suggests a 

significant involvement of the posterior components of the DMN, or medial frontoparietal 

network (Uddin et al., 2019).  

Since Poldrack’s seminal paper (Poldrack, 2006), reverse inference approaches in 

neuroimaging research have been employed to estimate the likelihood of a certain cognitive 

process from a specific pattern of brain activity. Here we shifted the objective, inferring the 

likelihood of a brain disorder of interest from a specific pattern of brain structural alteration. 

Our analysis shows that neural territories with high probability of alteration selectivity in 

ASD exist and tend to concentrate in posterior brain sites. By contrast, other regions that are 

generally considered neuroanatomical markers of this psychiatric spectrum (e.g., thalamus, 

prefrontal, superior temporal, insular, and cingulate cortex) (Lukito et al., 2020) exhibit no 

selectivity voxels at p (𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) ≥ .90, suggesting that these sites are affected not 

only by ASD, but also by other brain disorders (Cauda et al., 2019b). Note that the present 

findings accord well with a recent line of research, whereby areas classified as “hub nodes” of 

the human connectome are generally more susceptible to psychopathology (Buckholtz and 

Meyer-Lindenberg, 2012; Crossley et al., 2014; Goodkind et al., 2015; McTeague et al., 2017; 

McTeague et al., 2020; van den Heuvel and Sporns, 2019); as a consequence, alterations of 

these regions are scarcely informative about the specific development and impact of a single 

disorder per se (Cauda et al., 2020b; Cauda et al., 2019b; Liloia et al., 2018). 

The R-IOG exhibits the highest value of alteration selectivity. Abnormal morphometric 

increases and decreases of this area have been consistently linked to different cohorts of 

children with ASD (Bonilha et al., 2008; Riva et al., 2013; Zielinski et al., 2014). This is in 

line with our BF results. Altered functional connectivity of this area has been also 

documented (Bi et al., 2018; Long et al., 2016). This result is significant, given that the R-

IOG does not have an established role in current models of autistic pathophysiology. The IOG 
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is conventionally related to primary-level sensory aberrations in ASD (Samson et al., 2012). 

However, a number of studies are now challenging this view, highlighting instead a central 

role of visual association circuitry in socio-communicative-emotional impairments that are 

characteristic of ASD (Hadjikhani et al., 2007; Jou et al., 2011; Koshino et al., 2008; 

Lombardo et al., 2019; Pierce et al., 2004). Convincing evidence now points to the R-IOG 

being a key brain region involved in ASD and shows that variation in neuroanatomical and 

functional metrics may be highly relevant to various aspects of the core functional 

impairments of the spectrum. Further research is needed to directly address this issue, for 

example by adopting our coordinates as regions-of-interest for structural and functional 

analyses of pediatric ASD cohorts. 

BACON also revealed a selective involvement of the posteromedial parietal cortex in 

the autistic brain landscape. Three clusters bilaterally encompassing the precuneus (BAs 7) 

were identified. This is consistent with sMRI investigations over the past 20 years, which 

show abnormalities in neuronal volume/concentration, thickness and cortical organization of 

this multimodal region across the lifespan in ASD (Bonilha et al., 2008; Ecker et al., 2013; 

Foster et al., 2015; Jiao et al., 2010; McAlonan et al., 2005; McAlonan et al., 2002; Riva et 

al., 2011; Uddin et al., 2011). 

Although Brodmann’s cytoarchitectonic mapping classified the PCUN as a unitary 

structure (i.e., medial area 7; Brodmann, 2007), evidence from MRI studies suggests 

differentiated patterns of functional connectivity associated with anterior, central and 

posterior subparts of the BA 7 (Margulies et al., 2009). Our functional decomposition reveals 

that the identified clusters are mainly located in the central portion of the posteromedial 

cortex, which is functionally associated with the DMN. It is thus not surprising that this 

region has a pivotal role in ASD pathophysiology and behavioral manifestations (Burrows et 

al., 2016): it has been related in different age-stratified ASD groups to impairments of social 

cognition (Patriquin et al., 2016), moral reasoning (Schneider et al., 2012), self-involvement 

ability (Just et al., 2014), emotion processing (Wang et al., 2004), self-referential cognition 

and empathy (Schulte-Rüther et al., 2011), as well as to symptom severity (Cheng et al., 2017; 

Rolls et al., 2020), and to decreased functional connectivity (Jann et al., 2015; Li et al., 

2019d; Lynch et al., 2013; Weng et al., 2010). The present results are also reminiscent of 

those we have recently obtained using a VBM connectomics analysis (Liloia et al., 2021b), 

which showed a pathological hubness position of the PCUN in the morphometric alteration 
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network of ASD. In sum, the selective involvement of the bilateral central PCUN is a notable 

finding for both past and future research investigating this cerebral subregion’s role in autism, 

highlighting at the same time the importance of precise anatomical methods in clinical sMRI. 

Another finding of this study is that most alteration selectivity results at 

p  (𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) ≥  .90 are in the bilateral posterior lobe of cerebellum. We found a 

double cluster in the left hemisphere encompassing lobule IX and Crus II, sites that have been 

correlated with communication-interaction deficits and observed to be altered in volume in 

children/adolescents with ASD (Becker and Stoodley, 2013; Cauda et al., 2011; Liu et al., 

2017; Riva et al., 2013). This is in agreement with our BF analysis, suggesting a decisive 

contribution of pediatric data to the current results. Lobule IX and Crus II are both involved in 

social cognition and mentalizing tasks (Becker and Stoodley, 2013; Klucharev et al., 2009; 

Van Overwalle et al., 2020); they maintain functional connections with prefrontal and 

temporoparietal nodes of the DMN and areas considered to be part of the social brain network 

(D'Mello and Stoodley, 2015; Pantelis et al., 2015). 

We also found voxels of selective alteration in the right cerebellum, including areas that 

are associated with different symptomatic features of the disorder. For example, changes in 

the volume of Purkinje cells in Lobule VIIIA are related to deficits in language function 

(D'Mello et al., 2016), social interaction, stereotyped behaviors and restricted interests 

(D'Mello et al., 2015). We identified voxels of alteration at the level of Crus I. In line with 

previous ASD research (Cauda et al., 2011), the BF analysis suggested that this subunit of 

Lobule VII shows GM volumetric decreases. Although the largest part of this area is 

associated with the DMN, our network decomposition suggests that the Crus I cluster 

correlates with the SN/VAN (Buckner et al., 2011), whose cortical nodes (i.e., anterior insula 

and dorsal ACC) are significantly associated with cognitive deficits and autistic traits in the 

neurotypical population (Di Martino et al., 2009; Tu et al., 2016; Uddin, 2015). Our results 

provide a new characterization of structural atypicalities in the autistic brain by identifying 

selective cerebellar markers, which are related to core aspects of ASD symptomatology.  

 

5.4.1. Limitations 

Several limitations should be considered when interpreting this work. The BrainMap 

database adopted for the creation of the non-ASD dataset may not correspond to the “real-

world” distribution of brain disorders. Although there are no strong reasons to presume that 
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potential biases systematically impacted the reporting of experiments (Mancuso et al., 2020), 

one might argue against the generalizability and soundness of the findings. In addressing this, 

we performed the Fail-Safe analysis, which confirmed that our results are sound despite a 

substantial amount of contra-evidence data injection in both experimental datasets.  

Although we assembled one of the largest VBM datasets, the design constraints of the 

original data hamper the possibility to discriminate possible differences related to clinical- or 

sex-stratified populations. In this regard, we point out that 36 out of 55 ASD experiments 

report findings associated with unspecified/mixed diagnoses. Also, over 84 % of the total 

experiments report a clinical sample composed of both male and female subjects. The meta-

level approach embraced here was motivated by the interest in general neuroanatomical 

substrates of ASD in order to offer more reliable results in terms of generalization for the 

population of interest (Muller et al., 2018 Tahmasian et al., 2019). 

Lastly, we note that 225 out of 849 VBM experiments report at least one focus of 

alteration in the cerebellum. Although no obvious biases were observed in our datasets (Table 

S5.10), we are unable to determine the amount of whole-brain published experiments where 

the cerebellum is neglected (entirely or in its inferior part) during the MRI scanning 

procedure. As this study demonstrates, the cerebellum plays a crucial role in the anatomy of 

brain disorders, and should be included in MRI scanning, as well as in subsequent analytic 

steps, in its entirety. 

 

5.5. Conclusion 

This study robustly pinpoints selective neuroanatomical patterns of alteration related to 

ASD in parietal, occipital and cerebellar brain regions. Considering the broad overlap 

between GM modifications associated with different brain disorders (Cauda et al., 2019b), 

this is a relevant result that may have potential clinical applications. Our results also 

objectively illustrate that the functional network associated with selective brain regions 

mainly corresponds with the DMN, further supporting the hypothesis that the alteration of 

posterior DMN components may be peculiar features of the ASD brain landscape (Liloia et 

al., 2021b). BACON can provide valuable insights into the understanding of ASD 

pathophysiology and, at the same time, opens new lines of research into the neuroanatomy of 

brain disorders.   
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5.6. Supplementary material 

5.6.1. Supplementary methods 

Data search strategy 

A literature search was performed from inception to January 30, 2021, with no 

restrictions on publication year. First, BrainMap - VBM sector (http://brainmap.org/) 

(Vanasse et al., 2018) and MEDLINE (https://pubmed.ncbi.nlm.nih.gov/) databases were 

queried to identify voxel-based morphometry data related to subjects with autism spectrum 

disorder (ASD). The two searches were constructed as follow:  

“ASD” BrainMap query (via Sleuth v.3.0.4 software package; Fox and Lancaster, 

2002): (Diagnosis matches either is Autism spectrum disorders or is Asperger’s Syndrome) 

“+” (Experiments context is disease effects) “+” (Experiments contrast is gray matter) “+” 

(Observed changes matches either controls > patients or controls < patients); 

“ASD” MEDLINE query (via PubMed Advance Search Builder): (“Autism spectrum 

disorder” [title/abstract] OR “ASD” [title/abstract] OR “Autism” [title/abstract]) AND 

(“voxel-based morphometry” [title/abstract] OR “VBM” [title/abstract]); 

Another standardized search was carried out on the BrainMap database to retrieve 

voxel-based morphometry data related to other conditions reporting appreciable gray matter 

changes and stored in the VBM sector (Vanasse et al., 2018). 

“Non-ASD” BrainMap query (via Sleuth v.3.0.4 software package; Fox and Lancaster, 

2002): (Diagnosis matches either is not Autism spectrum disorders or is not Asperger’s 

Syndrome) “+” (Experiments context is disease effects) “+” (Experiments contrast is gray 

matter) “+” (Observed changes matches either controls > patients or controls < patients). 

Of note, the search interface of the Sleuth software package organizes BrainMap’s 

paradigm class entries in order to pool experiments of interest, rather than segregate them 

according to domain-specific keywords (Laird et al., 2009).  

 

Fail-Safe analysis 

The Fail-Safe is a statistical procedure that can be applied in both medical and 

psychological meta-analyses (Orwin, 1983). This technique has recently been adapted to the 

neuroimaging coordinate-based meta-analysis (CBMA) field in order to evaluate the 

robustness of results with regard to the “file-drawer” publication bias (Acar et al., 2018). The 

http://brainmap.org/
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Fail-Safe assumes the existence of unpublished experiments with opposite findings and 

estimates how many of contra-evidence results can be added to the CBMA before it is invalid. 

More specifically, the method makes increasing noise additions to the sample (i.e., unreported 

experiments) and evaluates the statistical robustness of the original result. In our case, the 

Fail-Safe has been employed to take into account the hypothesis that BrainMap does not store 

a quantity of contra-evidence experiments. We specifically applied the R code created by 

Acar et al. (2018) (https://github.com/NeuroStat/GenerateNull). Two phases form the analytic 

pipeline: noise generation and robustness estimation. 

In the first phase, noise experiments are created. In doing this, the algorithm is limited 

by the distributions of x-y-z foci of alteration as well as by the number of the experimental 

subjects actually included in our sample. For example, if the experiments in our meta-analytic 

dataset reported between 1 and 30 foci, the noise experiments will also report between 1 and 

30 foci. These constraints make the noise data more realistic. Subsequently, the foci positions 

are randomly derived from the same gray matter mask employed in the BACON analysis. 

This phase is independently repeated for every dataset (i.e., ASD and Non-ASD). 

In the second phase, both the contra-evidence experiments and those of the original 

meta-analytic sample are combined and fed into the algorithm performing the activation 

likelihood estimation (ALE) (Eickhoff et al., 2016). Thus, this phase makes it possible to 

carry out CBMAs taking into consideration all the potential contrasting experiments that were 

not originally stored in our database. The procedure is repeated four times for every dataset of 

our study, each time by adding a greater amount of noise data (i.e., 6%, 10%, 20%, and 30%). 

For example, at 30% level, 17 and 239 noise experiments are added to the ASD dataset (55 

experiments) and Non-ASD dataset (794 experiments), respectively. Subsequently, the couple 

of ALE maps obtained at each level are fed into BACON in order to understand the 

robustness of the findings, that is, to discover how much noise can be included before the 

peaks of alteration selectivity found by BACON vanish. To do so, a BACON map is finally 

calculated for every level of noise and compared with the original BACON map obtained 

before adding noise (a threshold of p (𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) ≥ .90 has been used for every map). 

In this way, the Fail-Safe permits assessment of the degree to which BACON results may be 

affected by a potential “file-drawer” publication bias. 

 

 

https://github.com/NeuroStat/GenerateNull
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5.6.2. Supplementary tables 

Table S5.1. The evidence categories for the Bayes Factor (BF12): Age-related contribution.  

Adapted from Jeffreys (1961). 

BF12 INTERPRETATION 

>100 Extreme evidence for pediatric (Group1) 

30-100 Very strong evidence for pediatric (Group1) 

10-30 Strong evidence for pediatric (Group1) 

3-10 Moderate evidence for pediatric (Group1) 

1-3 Anecdotal evidence for pediatric (Group1) 

1 No evidence 

1/3-1 Anecdotal evidence for adult (Group2) 

1/10-1/3 Moderate evidence for adult (Group2) 

1/30-1/10 Strong evidence for adult (Group2) 

1/100-1/30 Very strong evidence for adult (Group2) 

<1/100 Extreme evidence for adult (Group2) 

Group1; ASD pediatric group (generated by grouping x-y-z foci related to ASD subjects with an age at scan < 18 

years old); Group2; ASD adult group (generated by grouping x-y-z foci related to ASD subjects with an age at 

scan ≥ 18 years old).   

 

Table S5.2. The evidence categories for the Bayes Factor (BF12): Alteration-related 

contribution. Adapted from Jeffreys (1961). 

BF12 INTERPRETATION 

>100 Extreme evidence for GM decrease (Group1) 

30-100 Very strong evidence for GM decrease (Group1) 

10-30 Strong evidence for GM decrease (Group1) 

3-10 Moderate evidence for GM decrease (Group1) 

1-3 Anecdotal evidence for GM decrease (Group1) 

1 No evidence 

1/3-1 Anecdotal evidence for GM increase (Group2) 

1/10-1/3 Moderate evidence for GM increase (Group2) 

1/30-1/10 Strong evidence for GM increase (Group2) 

1/100-1/30 Very strong evidence for GM increase (Group2) 

<1/100 Extreme evidence for GM increase (Group2) 

Group1; ASD gray matter (GM) decrease group (generated by grouping x-y-z foci of GM decrease related to 

ASD subjects; ASD < Controls); Group2; ASD gray matter (GM) increase group (generated by grouping x-y-z 

foci of GM increase related to ASD subjects; ASD > Controls).  
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Table S5.3. Experiments included in Bayes factor modeling analysis: ASD dataset. 

ID 
First 

Author 

BrainMap 

or PMID ID 

Medical 

Comorbidity 

Age 

Group 

Age, years 

(Range) 

Subj 

(N) 

Foci 

(N) 

1 Abell et al. (1999) 12060002 0% Mixed 29 15 9 

2 Boddaert et al. (2004) 8060159 0% Pediatric 9(7-15) 21 4 

3 Bonilha et al. (2008) 11040085 25% Pediatric 12(6-23) 12 69 

4 Brieber et al. (2007) 10010005 0% Pediatric 14(10-16) 15 8 

5 Cai et al. (2018) 19120003 0% Pediatric 10(5-16) 38 6 

6 Calderoni et al. (2012) 12060003 0% Pediatric 5(2-7) 38 1 

7 Cheng et al. (2011) 12060004 0% Pediatric 14(10-18) 11 17 

8 Cheng et al. (2011) 12060004 0% Pediatric 14(10-18) 12 4 

9 Craig et al. (2007) 11080274 0% Mixed 40 14 5 

10 D'Mello et al. (2015) 25844317* 0% Pediatric 10(8-13) 35 6 

11 Ecker et al. (2010) 13100108 0% Adult 27(18-42) 22 25 

12 Ecker et al. (2012) 13100107 0% Adult 26(18-43) 89 37 

13 Eilam-Stock et al. (2016) 19120004 NR Adult 27(18-64) 66 13 

14 Foster et al. (2015) 19120005 0% Pediatric 12(6-17) 38 47 

15 Freitag et al. (2008) 19120006 0% Mixed 18 15 1 

16 Greimel et al. (2013) 19120006 4% Mixed 21(10-50) 47 3 

17 Hyde et al. (2010) 11040196 0% Mixed 23(14-33) 15 11 

18 Katz et al. (2017) 27105136* 0% Adult 27(18-45) 23 2 

19 Kaufman et al. (2013) 23117423* 0% Mixed 15 10 3 

20 Ke et al. (2008) 11040048 0% Pediatric 9(6-14) 17 7 

21 Kosaka et al. (2010) 10060044 0% Mixed 24(17-32) 32 5 

22 Kurth et al. (2011) 12060005 0% Mixed 11(6-21) 52 1 

23 Kwon et al. (2004) 8050081 0% Pediatric 14(10-18) 11 3 

24 Kwon et al. (2004) 8050081 0% Pediatric 14(10-18) 9 2 

25 Lai et al. (2013) 20070024 0% Adult 28(18-49) 60 2 

26 Lai et al. (2015) 25249409* 0% Adult 24(18-41) 80 13 

27 Lim et al. (2015) 19120014 0% Pediatric 15 19 2 

28 Lin et al. (2016) 27825394* 0% Mixed 13(9-20) 18 1 

29 McAlonan et al. (2002) 12060006 0% Adult 32(18-49) 21 9 

30 McAlonan et al. (2005) 12060007 0% Pediatric 12(8-14) 17 13 

31 McAlonan et al. (2008) 11040026 0% Pediatric 12(7-16) 17 8 

32 McAlonan et al. (2008) 11040026 0% Pediatric 12(7-16) 16 4 

33 Mengotti et al. (2011) 12060001 0% Pediatric 7(4-14) 20 9 

34 Muller et al. (2013) 19120018 0% Mixed 36 12 14 

35 Ni et al. (2018) 29129723* 0% Pediatric 13(7-17) 53 9 

36 Osipowicz et al. (2015) 25630444* 0% Mixed 17(7-64) 531 17 

37 Pappaianni et al. (2018) 28921735* NR Pediatric 10(8-12) 39 6 

38 Pereira et al. (2018) 30042724* 0% Mixed 18(14-25) 22 18 

39 Radeloff et al. (2014) 25188200* 0% Mixed 19(14-33) 34 5 

40 Retico et al. (2016) 26788282* 0% Pediatric 5(2-7) 76 9 

41 Riddle et al. (2017) 26941174* NR Mixed 19 390 1 
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ID 
First 

Author 

BrainMap 

or PMID ID 

Medical 

Comorbidity 

Age 

Group 

Age, years 

(Range) 

Subj 

(N) 

Foci 

(N) 

42 Riedel et al. (2014) 24953998* 43% Adult 35(21-52) 30 1 

43 Riva et al. (2011) 12060008 0% Pediatric 7(3-10) 21 12 

44 Riva et al. (2013) 21700792* 0% Pediatric 5(3-10) 26 13 

45 Rojas et al. (2006) 17166273* 0% Mixed 21(7-47) 24 13 

46 Salmond et al. (2005) 8050117 0% Pediatric 13(8-18) 14 18 

47 Salmond et al. (2007) 12060009 0% Pediatric 12(8-18) 26 10 

48 Sato et al. (2018) 28824399* 0% Adult 27(18-53) 36 19 

49 Schmitz et al. (2006) 10060069 0% Adult 38(18-50) 10 5 

50 Toal et al. (2010) 12060010 0% Mixed 32(16-59) 26 4 

51 Toal et al. (2010) 12060010 0% Mixed 30(16-59) 39 1 

52 Waiter et al. (2004) 12060011 0% Mixed 15(12-20) 16 14 

53 Wang et al. (2017a) 19120023 0% Pediatric 5(3-8) 31 2 

54 Wilson et al. (2009) 30001226* 0% Adult 30(22-47) 10 2 

55 Yang et al. (2018) 19120025 NR Pediatric 10 16 3 

* For the articles non-included in the BrainMap, the PubMed identification number (PMID ID) was provided. 

** For the articles including independent groups with the same main diagnosis, the specific subdiagnosis was 

provided. ASD, autism spectrum disorder; Subj (N), number of subjects in the clinical group; Foci (N), number 

of x-y-z coordinates of gray matter alteration. NR, data not reported. , 3 subjects with epileptic activity; , 1 

subject with tic disorder; 1 subject with depressive disorder; , 9 subjects with non-acute depression; 3 subjects 

with other psychiatric disorders (secondary to diagnosis of ASD). 
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Table S5.4. Experiments included in Bayes factor modeling analysis: Non-ASD dataset. 

ID 
First 

Author 
Year 

BrainMap 

ID 

Experimental group 

Diagnosis (vs. HC)* 

Age, years 

(Range) 

Subj 

(N) 

Foci 

(N) 

1 Abele M 2007 11040215 Spinocerebellar Ataxia 60 14 1 

2 Adlam A L R 2006 8060152 Primary Progressive Aphasia 72(62-82) 7 6 

3 Adleman N E 2012 17050001 Bipolar Disorder 14 55 3 

4 Adler C M 2005 8050001 Bipolar Disorder 14 27 9 

5 Adler C M 2007 8050002 Bipolar Disorder 20(13-41) 33 21 

6 Agosta F 2007 8060153 Amyotrophic Lateral Sclerosis 54(27-75) 25 4 

7 Agosta F 2010 13100084 Progressive Supranuclear Palsy 63(53-82) 20 16 

8 Agosta F 2011 13100085 Alzheimer's Disease 75 23 32 

9 Agosta F 2011 13100085 Mild Cognitive Impairment 70 15 1 

10 Agostini A 2013 16030040 Crohn's Disease 32 18 4 

11 Ahmed F 2012 14110027 Post-Traumatic Stress Disorder 16 21 3 

12 Ahrendts J 2011 13100086 Attention Deficit Hyperactivity Disorder 31(18-55) 31 2 

13 Alcauter S 2011 11080265 Spinocerebellar Ataxia 41(18-69) 9 65 

14 Alemany S 2013 13120217 Major Depressive Disorder  34 12 4 

15 Almeida J R C 2009 9050086 Bipolar Disorder 32 27 2 

16 Alonso-Lana S 2016 17050002 Bipolar Disorder 46 28 1 

17 Altena E 2010 11040009 Insomnia Disorder 60(52-74) 24 3 

18 Ambrosi E 2013 14050011 Bipolar Disorder 42 20 3 

19 Amico F 2011 11080296 Major Depressive Disorder  31 33 1 

20 Ananth H 2002 8050004 Schizophrenia 38 20 13 

21 Antonini G 2004 8050005 Myotonic Dystrophy 33(20-55) 22 21 

22 Antonova E 2005 8060154 Schizophrenia 41 40 6 

23 Arnone D 2009 13100002 Major Depressive Disorder  31 25 5 

24 Arnone D 2013 14120037 Major Depressive Disorder  31 39 5 

25 As-Sanie S 2012 13110201 Endometriosis (With Pain) 26 17 7 

26 As-Sanie S 2012 13110201 Endometriosis (Without Pain) 26 15 4 

27 As-Sanie S 2012 13110201 Chronic Pelvic Pain Syndrome 37 6 1 

28 Asami T 2009 11040040 Panic Disorder 33 24 14 

29 Ash S 2011 13100089 Dementia with Lewy Bodies 74 11 43 

30 Ash S 2009 13100090 Progressive Non-Fluent Aphasia 71 6 3 

31 Ash S 2009 13100090 Semantic Dementia 67 7 3 

32 Ash S 2009 13100090 Frontotemporal Dementia 67 9 7 

33 Aubert-Broche B 2011 16010003 Multiple Sclerosis 15(10-18) 30 4 

34 Audoin B 2006 8050006 Multiple Sclerosis 36(27-55) 21 1 

35 Audoin B 2010 10060033 Clinical Isolated Syndrome 29 62 26 

36 Aydin K 2009 11040187 Subacute Sclerosing Panencephalitis  10(7-14) 17 11 

37 Baldeweg T 2006 11080292 Sickle Cell Disease (With Lesions)  18 16 1 

38 Baldeweg T 2006 11080292 Sickle Cell Disease (Without Lesions) 17 20 1 

39 Barad M J 2013 16030041 Complex Regional Pain Syndrome 44(20-68) 15 9 

40 Barbeau E 2008 11040158 
Mild Cognitive Impairment  

(Normal DMS48 Performance) 
72 12 17 

41 Barbeau E 2008 11040158 Mild Cognitive Impairment  67 16 13 
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(Impaired DMS48 Performance) 

ID 
First 

Author 
Year 

BrainMap 

ID 
Experimental group 

Diagnosis (vs. HC)* 
Age, years 

(Range) 
Subj 

(N) 
Foci 

(N) 

42 Baron J C 2001 8050007 Alzheimer's Disease 73(63-85) 19 14 

43 Barros-Loscertales A 2011 11080268 Substance Abuse 33 20 2 

44 Bassitt D P 2007 8090152 Schizophrenia 32(18-50) 30 5 

45 Baxter L C 2006 8050011 Alzheimer's Disease 76(64-91) 15 6 

46 Beacher F D 2009 11040065 Neurocardiogenic Syncope 29 18 3 

47 Beal D S 2007 11040010 Developmental Stuttering 30 26 5 

48 Bell-McGinty S 2005 8060155 Mild Cognitive Impairment (Converters) 76(73-78) 9 7 

49 Bell-McGinty S 2005 8060155 Mild Cognitive Impairment (Non-Converters) 72(66-78) 28 10 

50 Belton E 2003 8060156 Verbal/Orofacial Dyspraxia 18(9-21) 10 9 

51 Bergé D 2011 11080269 Schizophrenia 25 20 2 

52 Berlingeri M 2008 12070013 Alzheimer's Disease 76 21 16 

53 Bernasconi N 2004 8050013 Temporal Lobe Epilepsy (Left-Sided) 35(16-54) 45 26 

54 Bernasconi N 2004 8050013 Temporal Lobe Epilepsy (Right-Sided) 35(16-54) 40 13 

55 Bertsch K 2013 15090036 
Antisocial Personality Disorder  

(With Borderline Personality Disorder) 
29(18-54) 13 20 

56 Bertsch K 2013 15090036 
Antisocial Personality Disorder  

(Without Borderline Personality Disorder) 
27(18-54) 12 30 

57 Betting L E 2006 8050015 Idiopathic Generalized Epilepsy 32(18-63) 24 6 

58 Betting L E 2010 11050260 Idiopathic Generalized Epilepsy 27(10-62) 17 44 

59 Beyer M K 2007 8050016 Parkinson's Desease 77 16 18 

60 Bitter T 2010 10060034 Anosmia 40(19-64) 17 35 

61 Bitter T 2010 11040084 Hyposmia 43(18-55) 24 15 

62 Bitter T 2010 11040084 Hyposmia (Sinunasal) 41 17 12 

63 Bitter T 2011 11080271 Parosmia 54 22 1 

64 Biundo R 2011 13100192 Parkinson's Disease 61 57 4 

65 Boccardi M 2005 13100092 Frontotemporal Dementia 56 9 19 

66 Boddaert N 2004 8050020 Smith Magenis Syndrome 13(12-17) 5 4 

67 Bodini B 2009 11040159 Multiple Sclerosis 44 35 16 

68 Boghi A 2011 13100004 Anorexia Nervosa 36(27-54) 21 19 

69 Bonath B 2018 19120002 Attention Deficit Hyperactivity Disorder 13(11-17) 18 12 

70 Bonavita S 2011 16030013 Multiple Sclerosis 41 36 24 

71 Bonekamp D 2010 10030025 Mild Cognitive Impairment 73 10 1 

72 Bonilha L 2004 8050021 Temporal Lobe Epilepsy (Right Lobe) 32(17-55) 21 14 

73 Bonilha L 2004 8050021 Temporal Lobe Epilepsy (Left Lobe) 38(18-54) 22 20 

74 Bonilha L 2008 11040111 Schizophrenia 40 13 9 

75 Borgwardt S J 2007 13100005 At-Risk of Mental State 24 35 7 

76 Borgwardt S J 2007 14010001 At-Risk of Mental State 25 12 9 

77 Borgwardt S J 2010 13100093 Schizophrenia (With Family History) 38 28 11 

78 Borgwardt S J 2010 13100093 Schizophrenia (Without Family History) 33 9 10 

79 Borroni B 2008 11040066 Corticobasal Degeneration Syndrome 63 20 14 

80 Bose S K 2009 13100094 Schizophrenia 40(27-65) 33 3 

81 Bouilleret V 2008 11040160 Temporal Lobe Epilepsy 32(18-56) 12 12 

82 Boxer A L 2003 8050023 Alzheimer's Disease 70 11 3 

83 Boxer A L 2003 8050023 Semantic Dementia 66 11 4 
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ID 
First 

Author 
Year 

BrainMap 

ID 
Experimental group 

Diagnosis (vs. HC)* 
Age, years 

(Range) 
Subj 

(N) 
Foci 

(N) 

84 Boxer A L 2006 8060161 Corticobasal Degeneration Syndrome 65 14 11 

85 Boxer A L 2006 8060161 Progressive Supranuclear Palsy 71 15 8 

86 Bozzali M 2006 10010013 Alzheimer's Disease 70 22 19 

87 Bozzali M 2006 10010013 Mild Cognitive Impairment (Converter) 68 14 14 

88 Bozzali M 2006 10010013 Mild Cognitive Impairment (Non-converter) 71 8 2 

89 Brambati S M 2004 8050024 Dyslexia 32(13-57) 10 9 

90 Brambati S M 2009 14070012 Semantic Dementia (Left Temporal Lobe Variant) 65(35-95) 13 15 

91 Brambati S M 2009 14070012 Semantic Dementia (Right Temporal Lobe Variant) 65(35-95) 6 15 

92 Brazdil M 2009 10030016 Temporal Lobe Epilepsy 39(17-55) 20 9 

93 Brenneis C 2004 8050025 Progressive Supranuclear Palsy 68 12 12 

94 Brenneis C 2003 8050027 Multiple System Atrophy 62 12 16 

95 Brenneis C 2006 8050028 Multiple-system Atrophy (Cerebellar Variant) 61 13 16 

96 Brenneis C 2006 8050028 Spinocerebellar Ataxia 51 22 15 

97 Brenneis C 2003 8050029 Spinocerebellar Ataxia NR 9 15 

98 Brenneis C 2004 8050030 Dementia with Lewy Bodies 70 10 7 

99 Brenneis C 2004 8050030 Alzheimer's Disease 73 10 14 

100 Brenneis C 2005 8050031 Narcolepsy 35 12 3 

101 Brieber S 2007 10010005 Attention Deficit Hyperactivity Disorder NA 15 15 

102 Brooks S J 2011 13100007 Anorexia Nervosa 26 14 6 

103 Brooks S J 2013 18100012 Obesity 75 59 1 

104 Brown G G 2011 15080026 Schizophrenia 44(25-70) 17 9 

105 Brown G G  2011 15080026 Bipolar Disorder 46(25-70) 17 19 

106 Brown W E 2001 8050033 Dyslexia 24(18-40) 16 8 

107 Brunner R 2010 11040043 Borderline Personality Disorder  17(14-18) 20 3 

108 Brys M 2009 11040113 Alzheimer's Disease 70 8 9 

109 Burton E J 2002 9010001 Dementia with Lewy Bodies 72 25 29 

110 Burton E J 2004 11040044 Parkinson's Disease (With Dementia) 78 26 37 

111 Burton E J 2004 11040044 Parkinson's Disease (Without Dementia) 75 31 8 

112 Butler C R 2009 9050019 Amnesia 40 20 7 

113 Cai Y 2015 15080027 Major Depressive Disorder  30(18-45) 23 1 

114 Cai Y 2015 15080027 Bipolar Disorder 26(18-45) 23 2 

115 Calhoun V D 2006 8050037 Schizophrenia 37 15 33 

116 Camicioli R 2009 13100096 Parkinson's disease 71 43 3 

117 Canessa N 2011 13100097 Obstructive Sleep Apnea 42 17 6 

118 Canu E 2010 11080297 Alzheimer's Disease (Late Onset) 78 24 22 

119 Canu E 2010 11080297 Alzheimer's Disease (Early Onset) 76 18 15 

120 Carmona S 2005 8060164 Attention Deficit Hyperactivity Disorder 11 25 17 

121 Caroli A 2007 15010013 Alzheimer's Disease 69(62-76) 9 5 

122 Caroli A 2007 15010013 Mild Cognitive Impairment 69 14 2 

123 Carrion V G 2009 13100098 Post-Traumatic Stress Disorder NR(7-14) 24 4 

124 Cascella N 2010 11040228 Schizophrenia (Deficit) 35 19 24 

125 Cascella N 2010 11040228 Schizophrenia (Non-Deficit) 44 31 15 

126 Castro-Fornieles J 2009 9050023 Anorexia Nervosa 15(11-17) 12 5 
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ID 
First 

Author 
Year 

BrainMap 

ID 
Experimental group 

Diagnosis (vs. HC)* 
Age, years 

(Range) 
Subj 

(N) 
Foci 

(N) 

127 Castro-Manglano P  2011 13100191 First-Episode Psychosis (Non-Affective) 19 10 13 

128 Castro-Manglano P  2011 13100191 First-Episode Psychosis (Affective) 19 18 10 

129 Ceccarelli A 2009 13100099 Multiple Sclerosis 50(38-73) 18 3 

130 Ceccarelli A 2008 16030058 Multiple Sclerosis (Benign) 42 19 2 

131 Ceccarelli A 2008 16030058 Multiple Sclerosis (Relapsing Remitting) 33 15 2 

132 Ceko M 2013 16030043 Fibromyalgia (Older) 55(51-60) 14 14 

133 Ceko M 2013 16030043 Fibromyalgia (Younger) 42(29-49) 14 9 

134 Celle S 2010 11040114 Restless Legs Syndrome 66 17 3 

135 Cerasa A 2013 16030014 Multiple Sclerosis (Without Cerebellar Signs) 39 14 2 

136 Cerasa A 2013 16030014 Multiple Sclerosis (With Cerebellar Signs) 39 12 6 

137 Chan C H 2006 8050038 Childhood Absence Epilepsy 18(9-27) 13 5 

138 Chaney A 2014 14120038 Major Depressive Disorder  40(26-64) 17 4 

139 Chang C C 2009 11040116 Multiple System Atrophy (Cerebellar Variant) 57 10 11 

140 Chang C C 2009 11040116 Multiple System Atrophy (Parkinsonian Variant) 60 13 6 

141 Chang J L 2005 8060166 Amyotrophic Lateral Sclerosis 49 20 14 

142 Chang S E 2008 11040013 Childhood-Onset Fluency Disorder 11(9-12) 7 14 

143 Chanraud S 2007 8050039 Substance Abuse 48 31 10 

144 Chanraud S 2009 11040189 Substance Abuse 48 24 14 

145 Chao L L 2012 14110028 Post-Traumatic Stress Disorder (Medicated) 35 17 3 

146 Chao L L 2012 14110028 Post-Traumatic Stress Disorder (Unmedicated) 35 15 2 

147 Chen S 2006 8050042 Post-Traumatic Stress Disorder 35 12 4 

148 Chen S 2009 11040190 Post-Traumatic Stress Disorder 35 12 3 

149 Chen X 2007 8050040 Bipolar Disorder (Family Hisory) 38(19-59) 24 2 

150 Chen X 2007 8050040 Bipolar Disorder (Without Family Hisory) 38(19-59) 24 5 

151 Chen Y 2012 14110029 Post-Traumatic Stress Disorder 41 10 1 

152 Chen Z 2012 15080028 Bipolar Disorder 32 27 4 

153 Cheng B 2015 16010005 Post-Traumatic Stress Disorder 26 30 3 

154 Cheng Y 2010 13100014 Major Depressive Disorder  30 68 1 

155 Chetelat G 2002 8050043 Mild Cognitive Impairment 71(55-87) 22 10 

156 Chetelat G 2002 8050043 Alzheimer's Disease 72(63-85) 16 15 

157 Christian C J 2008 9050025 Obsessive Compulsive Disorder 38 14 4 

158 Chua S E 2007 11080293 First-Episode Psychosis 32 26 10 

159 Chua S E 2007 11080293 Schizophrenia 32 26 10 

160 Clausi S 2009 11040191 Right Cerebellar Damage 57(42-71) 8 9 

161 Coan A C 2009 11040088 Temporal Lobe Epilepsy (Left-Sided) 37(16-49) 20 15 

162 Coan A C 2009 11040088 Temporal Lobe Epilepsy (Right-Sided) 43(32-64) 13 11 

163 Compta Y 2012 13100193 Parkinson's disease (With Dementia) 73(65-78) 15 12 

164 Compta Y 2012 13100193 Parkinson's disease (Without dementia) 69(65-75) 18 5 

165 Cooke M A 2008 11040068 Schizophrenia 38(19-61) 30 2 

166 Corbo V 2005 8050044 Post-Traumatic Stress Disorder 33 14 5 

167 Cordato N J 2005 8050045 Progressive Supranuclear Palsy 70 21 9 

168 Cordato N J 2005 8050045 Parkinson's Desease 68 17 1 

169 Cormack F 2005 8090163 Mesial Temporal Sclerosis (Left) 12(7-18) 20 9 
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ID 
First 

Author 
Year 

BrainMap 

ID 
Experimental group 

Diagnosis (vs. HC)* 
Age, years 

(Range) 
Subj 

(N) 
Foci 

(N) 

170 Cormack F 2005 8090163 Mesial Temporal Sclerosis (Right) 12(7-17) 10 7 

171 Cosottini M 2012 13100102 Amyotrophic Lateral Sclerosis 58 20 21 

172 Critchley H D 2003 8050046 Pure Autnomic Failure 62(42-79) 15 10 

173 Cui L 2011 11080308 Bipolar Mania 28 24 9 

174 Cui L 2011 11080308 Schizophrenia 25 23 3 

175 Curie A 2009 9050026 Intellectual disability 33 5 3 

176 D'Agata F 2011 13100103 Spinocerebellar Ataxia 48 12 19 

177 Dalwani M 2011 15090038 Conduct Disorder 17(14-18) 25 5 

178 Dash S K 2018 18100010 Multiple System Atrophy  54(48-60) 30 4 

179 Dash S K 2018 18100010 
Multiple System Atrophy (Without Cerebellar 

Atrophy) 
56(51-61) 20 4 

180 Davis K D 2007 16030044 Irritable Bowel Syndrome NR(30-58) 9 2 

181 
De Araujo-Filho G 

M 
2009 13100190 Juvenile Myoclonic Epilepsy 27 54 8 

182 De Brito S A 2009 11040089 Conduct Disorder (Callous Traits)  11(10-13) 23 12 

183 De Brito S A 2009 11040089 Conduct Disorder (Unemotional Traits) 11(10-13) 23 21 

184 De Oliveira-Souza R 2008 11040185 Antisocial Personality Disorder 32 15 22 

185 Della Nave R 2008 9050027 Friedreich's Ataxia 46 22 2 

186 Della Nave R 2008 11040117 Spinocerebellar Ataxia (Type 1)  46 10 7 

187 Della Nave R 2008 11040117 Spinocerebellar Ataxia (Type 2) 46 10 5 

188 Delmaire C 2007 11080275 Dystonia 48 30 6 

189 Deng M Y 2009 14070015 Schizophrenia 29 10 11 

190 Dermody N 2016 20070016 Alzheimer's Desease 66 25 4 

191 Dermody N 2016 20070016 Frontotemporal Dementia 63 24 1 

192 Desgranges B 2007 12070014 Semantic Dementia (Without Hypometabolism) 66(54-79) 10 6 

193 Desgranges B 2007 12070014 Semantic Dementia (With Hypometabolism) 66(54-79) 10 2 

194 Di Paola M 2007 8090166 Alzheimer's Desease 64(46-77) 18 18 

195 Dickstein D P  2005 8050048 Bipolar Disorder 13(9-18) 20 3 

196 Doris A 2004 13100105 Bipolar Disorder 41 11 33 

197 Douaud G 2007 11080276 Schizophrenia 16(13-18) 25 23 

198 Draganski B 2006 8050051 Limb Amputation 42(18-68) 28 2 

199 Draganski B 2003 8050052 Dystonia 44 10 8 

200 Ebdrup B H 2010 13100017 Schizophrenia (Substance Abuse) 26(18-37) 38 2 

201 Ebdrup B H 2010 13100017 Schizophrenia (Non-Substance Abuse) 26(18-37) 38 4 

202 Eckart C 2011 13100106 Post-Traumatic Stress Disorder 36 20 5 

203 Eckert M A 2005 8060170 Dyslexia 10 13 5 

204 Eckert M A 2006 8060171 Williams Syndrome 31 8 34 

205 Egger K 2007 11080277 Dystonia 40 31 9 

206 Ellis C M 2001 13100109 Amyotrophic Lateral Sclerosis 55 16 3 

207 Eshaghi A 2014 16030018 Multiple Sclerosis 43(39-47) 36 6 

208 Etgen T 2005 8060172 Restless Legs Syndrome (Regensburg Sample) 53 28 4 

209 Etgen T 2005 8060172 Restless Legs Syndrome (Munich Sample) 59 23 4 

210 Etgen T 2006 10060056 Blepharospasm 67 16 3 

211 Euler M 2009 11040070 Schizophrenia 43(22-63) 19 12 

212 Fahim C 2012 20060011 Oppositional Defiant Disorder 8 18 2 
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ID 
First 

Author 
Year 

BrainMap 

ID 
Experimental group 

Diagnosis (vs. HC)* 
Age, years 

(Range) 
Subj 

(N) 
Foci 

(N) 

213 Fairchild G 2011 15090039 Conduct Disorder (Early-Onset) 18(16-21) 27 10 

214 Fairchild G 2011 15090039 Conduct Disorder (Adolescent-Onset) 18(16-20) 27 9 

215 Fallon N 2013 16030045 Fibromyalgia 38 16 4 

216 Farrow T F D 2007 13100110 Alzheimer’s Disease (Early-State) 78(69-88) 7 10 

217 Farrow T F D 2007 13100110 Alzheimer’s Disease (Elderly-State) 78(69-88) 7 10 

218 Farrow T F D 2005 10010007 Schizophrenia NR(13-25) 22 19 

219 Farrow T F D 2005 10010007 Bipolar Disorder NR(14-20) 8 12 

220 Feldmann A 2008 11040163 Posterior Cortical Atrophy 57 1 7 

221 Feldmann A 2008 11040163 Alzheimer's Disease 61 6 11 

222 Focke N K 2011 13060001 Parkinson's Disease 65 21 2 

223 Frangou S 2012 17050003 Bipolar Disorder (Relatives) 48 48 1 

224 Frangou S 2012 17050003 Bipolar Disorder 46 47 1 

225 Friedrich H C 2012 13100020 Anorexia Nervosa (Without Weight-Restored) 25 12 8 

226 Friedrich H C 2012 13100020 Anorexia Nervosa (With Weight-Restored) 24 13 2 

227 Frisoni G B 2002 8090170 Alzheimer's Disease 74(53-86) 29 34 

228 Frodl T 2008 13100021 Major Depressive Disorder  46 38 65 

229 Fusar-Poli P 2011 14010002 At-Risk of Mental State 24 15 4 

230 Fusar-Poli P 2011 14010003 At-Risk of Mental State 25 39 5 

231 Gale S D 2005 8050053 Traumatic Brain Injury 29 9 16 

232 Gao W 2013 17050004 Bipolar Disorder 15 18 1 

233 Garcia-Marti G 2008 9080091 Schizophrenia 36(21-42) 17 5 

234 Garraux G 2004 8050054 Dystonia 53 36 7 

235 Garraux G 2006 8060178 Tourette's Syndrome  32 31 3 

236 Garrido L 2009 11040091 Developmental Prosopagnosia 31(20-46) 17 11 

237 Gaudio S 2011 13100024 Anorexia Nervosa 15(12-18) 15 3 

238 Gavazzi C 2007 8050055 Huntington's Disease 56(45-67) 9 4 

239 Gee J 2003 8050056 Alzheimer's Disease 71 12 7 

240 Gee J 2003 8050056 Frontotemporal Dementia 65 29 11 

241 Geha P Y 2008 13100112 Complex Regional Pain Syndrome NR 26 1 

242 Geha P Y 2008 13100112 Complex Regional Pain Syndrome  NR 11 1 

243 Ghosh B C 2012 14050007 Progressive Supranuclear Palsy 71 23 2 

244 Gilbert A R 2008 9050032 Obsessive Compulsive Disorder 38(27-62) 25 9 

245 Ginestroni A 2008 9050034 Spinocerebellar Ataxia 46 15 4 

246 Giordano A 2013 14050008 Progressive Supranuclear Palsy 69 15 6 

247 Giuliani N R 2005 13100025 Schizophrenia 39 34 17 

248 Gobbi C 2014 16030020 Multiple Sclerosis (Non-Depressed) 42 54 56 

249 Gobbi C 2014 16030020 Multiple Sclerosis (Depressed) 42 69 56 

250 Gobbi C 2014 16030020 Multiple Sclerosis (Non-Fatigued) 41 59 56 

251 Gobbi C 2014 16030020 Multiple Sclerosis (Fatigued) 42 64 56 

252 Goel G 2011 13100114 Spinocerebellar Ataxia (Chromosome 1) 35 12 11 

253 Goel G 2011 13100114 Spinocerebellar Ataxia (Chromosome 2) 33 9 12 

254 Goel G 2011 13100114 Spinocerebellar Ataxia (Chromosome 3) 38 10 14 

255 Gold B T 2010 11040071 Mild Cognitive Impairment 77(72-88) 12 4 
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ID 
First 

Author 
Year 

BrainMap 

ID 
Experimental group 

Diagnosis (vs. HC)* 
Age, years 

(Range) 
Subj 

(N) 
Foci 

(N) 

256 Gong Q 2011 15070023 Depressive Disorder (Refractory) 40 23 7 

257 Gong Q 2011 15070023 Depressive Disorder (Non-Refractory) 39 23 9 

258 Gorno-Tempini M L 2006 8060186 Progressive Nonfluent Aphasia (Mute) 69 6 11 

259 Gorno-Tempini M L 2006 8060186 Progressive Nonfluent Aphasia (Non-Mute) 62 5 7 

260 Granert O 2011 13100117 Dystonia 43(28-73) 11 7 

261 Gregory S 2012 15090040 Antisocial Personality Disorder and Psychopathy 39(20-50) 17 18 

262 Grieve S M 2013 14120039 Major Depressive Disorder  34(18-65) 102 41 

263 Gross R G 2010 10060039 Corticobasal Degeneration Syndrome 67 20 6 

264 Grosskreutz J 2006 8050063 Amyotrophic Lateral Sclerosis 61(34-77) 17 16 

265 Grossman M 2004 9050035 Corticobasal Degeneration Syndrome 64 9 9 

266 Grossman M 2004 9050035 Semantic Dementia 65 8 4 

267 Grossman M 2004 9050035 Progressive Non-Fluent Aphasia 69 7 6 

268 Grossman M 2004 9050035 Frontotemporal Dementia 65 14 5 

269 Guedj E 2009 14080019 Mild Cognitive Impairment 69(60-78) 19 7 

270 Guo W 2014 14120050 Major Depressive Disorder (First-Episode) 28 24 1 

271 Guo W 2014 14120050 Major Depressive Disorder (Recurrent) 28 21 1 

272 Guo X 2010 11040119 Alzheimer's Disease 72(58-81) 13 16 

273 Gurling H 2006 11080294 Schizophrenia 41 13 2 

274 Gustin S M 2011 11080299 Trigeminal Nuropathic Pain 55(42-75) 21 7 

275 Gwilym S E 2010 11020004 Osteoarthritis 68 16 14 

276 Ha T H 2010 11040045 Bipolar Disorder (Type I) 35 23 18 

277 Ha T H 2010 11040045 Bipolar Disorder (Type II) 25 24 7 

278 Ha T H 2004 11040072 Schizophrenia 28 35 16 

279 Hajek T 2015 15080029 At-Risk of Mental State (Halifax Sample) 19(15-26) 30 1 

280 Hajek T 2015 15080029 Bipolar Disorder (Halifax Sample) 21(15-30) 21 1 

281 Hajek T 2015 15080029 At-Risk of Mental State (Prague Sample) 20(15-30) 20 1 

282 Hajek T 2015 15080029 Bipolar Disorder (Prague Sample) 22(15-30) 15 1 

283 Hakamata Y 2007 11040195 Post-Traumatic Stress Disorder 46 14 2 

284 Haldane M 2008 13100119 Bipolar Disorder 43 44 19 

285 Hall A M 2008 11040017 Alzheimer's Disease (Converted) 83 21 2 

286 Hall A M 2008 11040017 Alzheimer's Disease (Non-Converted) 83 26 2 

287 Haller S 2011 15080030 Bipolar Disorder 69 19 1 

288 Halpern C H 2004 8060190 Corticobasal Degeneration Syndrome 67 5 4 

289 Halpern C H 2004 8060190 Semantic Dementia 68 3 1 

290 Hamalainen A 2007 9010002 Alzheimer's Disease 73 15 19 

291 Hamalainen A 2007 9010002 Mild Cognitive Impairment 72 14 6 

292 Hamalainen A 2007 14080024 Mild Cognitive Impairment (Progressive) 72(68-76) 13 29 

293 Hamalainen A 2007 14080024 Mild Cognitive Impairment (Stable) 72(68-76) 43 35 

294 Han X 2017 17070010 Multiple Sclerosis 40 20 11 

295 He N 2015 19120007 Attention Deficit Hyperactivity Disorder 10(7-16) 37 4 

296 Henley S M 2009 11040122 Huntington's Disease 49 40 27 

297 Henry R G 2008 9080093 Multiple Sclerosis 37 41 15 

298 Herold R 2009 9050036 Schizophrenia 29 18 38 
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299 Herringa R 2012 14110033 Post-Traumatic Stress Disorder 29 13 4 

300 Hirao K 2006 8050067 Alzheimer's Disease 71(48-87) 61 2 

301 Hirao K 2008 9050037 Schizophrenia 37 20 6 

302 Holzapfel M 2006 8060194 Turner's Syndrome 16(7-24) 10 8 

303 Honea R A 2009 11040123 Alzheimer's Disease 73 60 13 

304 Honea R A 2008 10010008 At-Risk of Mental State 36 213 15 

305 Honea R A 2008 10010008 Schizophrenia Spectrum Disorder 36 169 32 

306 Horn H 2010 10060041 Schizophrenia 30 20 2 

307 Horn H 2009 11040124 Schizophrenia 30 13 12 

308 Hornyak M 2007 8060195 Restless Legs Syndrome 50 14 4 

309 Horstmann A 2010 10030029 Cardiac Arrest 51(21-74) 12 28 

310 Huang W 2011 15070020 Generalized Seizure Disorder 26 31 12 

311 Huebner T 2008 11040094 Conduct Disorder 15(12-17) 23 4 

312 Huey E D 2009 11040125 Corticobasal Degeneration Syndrome 66 48 19 

313 Hufner K 2009 11040020 Unilateral Vestibular Deafferentation Syndrome 58 16 12 

314 Hüfner K 2007 11040021 Idiopathic Downbeat Nystagmus 65(45-84) 11 7 

315 Hulshoff Pol H E 2001 8060196 Schizophrenia 36(16-68) 158 27 

316 Hulshoff Pol H E 2004 8060197 Schizophrenia 34(16-68) 158 10 

317 Hwang J 2010 13100029 Major Depressive Disorder  79 70 5 

318 Iannaccone R 2015 19120008 Attention Deficit Hyperactivity Disorder 15(12-16) 18 5 

319 Inkster B 2011 13100031 Major Depressive Disorder  48 148 1 

320 Isaacs E B 2003 8060198 Preterm/Low Birthweight 16 11 4 

321 Ishii K 2005 10060059 Alzheimer's Disease 60 30 3 

322 Ivo R 2013 16030046 Chronic Low Back Pain 54(41-73) 14 16 

323 Jacobson S 2010 11040022 At-Risk of Mental State 13(11-13) 11 5 

324 Jagger-Rickels A C 2018 19120001 Attention Deficit Hyperactivity Disorder 10(8-12) 41 15 

325 Jagger-Rickels A C 2018 19120001 Reading Disability 10(8-12) 17 12 

326 Jang D P 2007 11080278 Substance Abuse 44 20 12 

327 Janssen J 2008 11040219 Psychosis 16(11-18) 25 3 

328 Janssen J 2008 11040219 Bipolar Disorder 17(15-18) 20 1 

329 Janssen J 2008 11040219 Schizophrenia 15(12-18) 25 2 

330 Jauhiainen A M 2008 14080025 Mild Cognitive Impairment 78(73-83) 7 4 

331 Jayakumar P N 2005 10060060 Schizophrenia 24 18 10 

332 Job D E 2003 8060202 Schizophrenia 21 36 6 

333 Johnston B A 2014 19120009 Attention Deficit Hyperactivity Disorder 13 34 12 

334 Joo E Y 2010 11040127 Obstructive Sleep Apnea 45(31-56) 36 27 

335 Joos A 2010 10060042 Anorexia Nervosa NR(18-25) 12 7 

336 Joubert S 2006 8050072 Frontotemporal Dementia 64(59-73) 3 7 

337 Jurkiewicz M T 2006 8050073 Spinal Cord Injury 33 17 2 

338 Kanda T 2008 9050040 Alzheimer's Desease 65 20 7 

339 Kanda T 2008 9050040 Frontotemporal Dementia 65 13 9 

340 Kappel V 2014 19120010 Attention Deficit Hyperactivity Disorder (Adults) 10 16 5 

341 Kappel V 2014 19120010 Attention Deficit Hyperactivity Disorder (Children) 23 14 8 
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342 Karlsson H 2014 18090003 Obesity 46 23 7 

343 Kasai K 2008 12070015 Post-Traumatic Stress Disorder 52 18 7 

344 Kasparek T 2007 8050074 Schizophrenia 24 18 7 

345 Kassubek J 2005 11040221 Huntington's Disease 45(25-66) 44 2 

346 Kassubek J 2007 11080280 Kennedy Disease 50 18 10 

347 Kassubek J 2002 8090174 Temporal Lobe Epilepsy 31(14-51) 7 8 

348 Kassubek J 2004 8050075 Huntington's Disease 45(26-66) 44 17 

349 Kassubek J 2007 12070016 Spastic Paraparesis (Complicated Hereditary) 29 12 7 

350 Kassubek J 2007 12070016 Spastic Paraparesis (Pure Hereditary)  49 21 5 

351 Kato S 2012 13110214 Parkinson's Disease 64 9 11 

352 Kaufmann C 2002 8050076 Narcolepsy 36(22-65) 12 19 

353 Kawachi T 2006 8050077 Alzheimer's Disease 67 32 14 

354 Kawada R 2009 11040129 Schizophrenia 36 26 13 

355 Kawasaki Y 2004 11080309 Schizotypal Personality Disorder 26(18-36) 25 4 

356 Kawasaki Y 2007 8050078 Schizophrenia 25 30 9 

357 Kawasaki Y 2004 11080309 Schizophrenia 26(18-36) 25 19 

358 Kawasaki Y 2008 15010009 Schizophrenia 27(18-45) 30 3 

359 Keller S S 2002 8060206 Temporal Lobe Epilepsy (Left) 32(15-48) 58 22 

360 Keller S S 2002 8060206 Temporal Lobe Epilepsy (Right) 34(20-49) 58 21 

361 Keller S S 2007 8090175 
Temporal Lobe Epilepsy (Seizures Free-Post 

Surgery) 
30 10 4 

362 Keller S S 2007 8090175 
Temporal Lobe Epilepsy (Persistent Post-Surgical 

Seizures) 
33 12 3 

363 Kempton M J  2009 11040049 Bipolar Disorder 39 30 3 

364 Kesler S R 2008 11040096 Preterm/Low Birthweight 12 10 3 

365 Khaleeli Z 2007 16030022 Multiple Sclerosis 44(19-65) 46 7 

366 Kim D 2013 15080031 Bipolar Disorder 34 49 3 

367 Kim E J 2007 13100035 Frontotemporal Lobar Degeneration (Tau Positive) 68 6 7 

368 Kim E J 2007 13100035 Frontotemporal Lobar Degeneration (Tau Negative) 60 8 8 

369 Kim J H 2008 9050043 Migraine 34(15-53) 20 20 

370 Kim J H 2007 11080281 Juvenile Myoclonic Epilepsy 23(16-35) 25 7 

371 Kim J J 2001 13100128 Obsessive Compulsive Disorder 27 25 10 

372 Kim M J 2008 11040168 Major Depressive Disorder  39(21-55) 22 4 

373 Kim S 2011 13100127 Alzheimer's Disease 70 61 10 

374 Kim S J 2009 11040050 Narcolepsy 25(17-35) 17 29 

375 Kirchner H 2011 13100129 Ataxia 70 31 21 

376 Kobel M 2010 13100130 Attention Deficit Hyperactivity Disorder 11(9-11) 14 1 

377 Koenig P 2008 11050243 Alzheimer's Disease 77 6 8 

378 
Koenigkam-Santos 
M 

2008 9050084 Kennedy Disease 38(11-60) 21 7 

379 Koprivova J 2009 11040051 Obsessive Compulsive Disorder 29 14 30 

380 Koskenkorva P 2009 11040052 Unverricht-Lundborg Disease 33(16-51) 34 10 

381 Kostic V S 2010 13100197 Parkinson's Disease (Depressed) 66(50-78) 16 15 

382 Kostic V S 2010 13100197 Parkinson's Disease (Non-Depressed) 65(54-79) 24 15 

383 Koutsouleris N 2008 9050044 Schizophrenia (Negative Symptoms) 33 59 26 



 195 

ID 
First 

Author 
Year 

BrainMap 

ID 
Experimental group 

Diagnosis (vs. HC)* 
Age, years 

(Range) 
Subj 

(N) 
Foci 

(N) 

384 Koutsouleris N 2008 9050044 Schizophrenia (Positive Symptoms) 33 61 20 

385 Koutsouleris N 2008 9050044 Schizophrenia (Disorganized Symptoms) 29 55 16 

386 Kozicky J M 2013 15080032 Bipolar Disorder 23(17-35) 41 1 

387 Kroes M C W 2010 16040061 
Post-Traumatic Stress Disorder/Major Depressive 

Disorder 
38(25-57) 53 3 

388 Kronbichler M 2008 11080295 Dyslexia 16(14-16) 13 9 

389 Kubicki M 2002 8050079 Psychosis 24 16 2 

390 Kubicki M 2002 8050079 Schizophrenia 26 16 9 

391 Kuchinad A 2007 13110205 Fibromyagia 52 10 5 

392 Kumar U 2017 19120011 Attention Deficit Hyperactivity Disorder 9(7-13) 18 4 

393 Labate A 2010 11040074 Temporal Lobe Epilepsy (Mild) 35 19 3 

394 Labate A 2010 11040074 Temporal Lobe Epilepsy (Refractory) 38 19 1 

395 Ladoucer C D 2008 13100036 Bipolar Disorder 13 20 1 

396 Lagarde J 2013 14050009 Progressive Supranuclear Palsy 66 19 5 

397 Lagarde J 2013 14050009 Frontotemporal Dementia 69 16 8 

398 Lai C H 2012 16080066 Panic Disorder 47 21 1 

399 Lai C H 2015 17050006 Panic Disorder 43 53 2 

400 Lai C H 2012 13100132 Panic Disorder 47 30 4 

401 Lai C H 2010 13100037 Major Depressive Disorder  38 16 12 

402 Lai C H 2015 17050006 Major Depressive Disorder  43 53 6 

403 Lazaro L 2009 11040025 Obsessive Compulsive Disorder 14(9-17) 15 3 

404 Lee H Y 2011 13100133 Major Depressive Disorder  46 47 21 

405 Lee J E 2013 13110212 
Parkinson's disease  

(Mild Cognitive Impairment Converters) 
73 15 8 

406 Lee J E 2013 13110212 
Parkinson's disease  
(Mild Cognitive Impairment Non-Converters) 

71 36 3 

407 Lentini E 2020 20070025 Klinefelter's Syndrome (XXY) (Male) 39(21-55) 33 16 

408 Lentini E 2020 20070025 Klinefelter's Syndrome (XXY) (Female) 39(21-55) 33 12 

409 Li C T 2010 13100039 Major Depressive Disorder (Non-Remiting) 47 19 3 

410 Li C T 2010 13100039 Major Depressive Disorder (Remitting) 43 25 3 

411 Li L 2006 8050084 Post-Traumatic Stress Disorder 35 12 4 

412 Li M 2011 13100135 Bipolar Disorder 27 22 5 

413 Li X 2015 19120024 Attention Deficit Hyperactivity Disorder 10(8-14) 30 2 

414 Liao M 2013 20070026 Anxiety Disorder 17 26 1 

415 Libon D J 2009 13100040 Progressive Non-Fluent Aphasia 69 11 13 

416 Libon D J 2009 13100040 Semantic Dementia 66 10 7 

417 Libon D J 2009 13100040 Frontotemporal Lobar Degeneration 61 51 13 

418 Lim L 2013 19120012 Attention Deficit Hyperactivity Disorder 14(10-18) 29 3 

419 Lin A 2013 16030024 Multiple Sclerosis 39(21-59) 11 5 

420 Lin C H 2013 13100196 Essential Tremor 67 10 22 

421 Lin C H 2013 13100196 Parkinson's Disease 63 10 24 

422 Lin K 2009 11040169 
Juvenile Myoclonic Epilepsy (With 

Photosensitivity) 
23 19 10 

423 Lin K 2009 11040169 
Juvenile Myoclonic Epilepsy (Without 

Photosensitivity) 
28 41 10 

424 Liu C H 2014 14120042 Major Depressive Disorder (Current Diagnosis) 35(18-65) 19 2 

425 Liu C H 2014 14120042 Major Depressive Disorder (Previous history) 38(20-62) 19 1 
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426 Liu M 2011 15070021 Generalized Seizure Disorder 21(18-31) 10 6 

427 Liu M 2011 15070021 Juvenile Myoclonic Epilepsy  21(17-32) 15 5 

428 Lochhead R A 2004 8050085 Bipolar Disorder 38 11 8 

429 Lu C 2010 11040053 Developmental Stuttering 25(19-31) 12 11 

430 Ludolph A G 2006 8060209 Tourette Syndrome 13 14 4 

431 Lui S 2009 11040222 Schizophrenia 22 10 15 

432 Lui S 2009 12070017 Schizophrenia 24 68 3 

433 Lyoo I K 2004 8050086 Bipolar Disorder 38 39 4 

434 Maeda Y 2013 16030047 Carpal Tunnel Syndrome 48 28 1 

435 Maier S 2016 19120015 Attention Deficit Hyperactivity Disorder 34 131 1 

436 Mak A K 2009 11040133 Major Depressive Disorder  46 17 18 

437 Mallik S 2015 16060063 Multiple Sclerosis (Relapsing-Remitting)  42(21-64) 51 7 

438 Mallik S 2015 16060063 Multiple Sclerosis (Secondary Progressive) 53(36-65) 28 4 

439 Maneru C 2003 10060046 Hypoxic-Ischemic Encephalopathy 16 13 9 

440 Mannerkoski M K 2009 11040199 Mental Retardation 12(5-29) 26 5 

441 Marcelis M 2003 8060212 Psychosis 31 31 7 

442 Marti-Bonmati L 2007 11080300 Schizophrenia 39(21-51) 10 8 

443 Martikainen I K 2013 16030048 Chronic Back Pain 38(20-50) 16 3 

444 Martino D 2011 13100138 Primary Blespharospasm 65(46-78) 25 11 

445 Massana G 2003 8050087 Panic Disorder 37 18 1 

446 Massimo L 2009 11040200 
Frontotemporal Lobar Degeneration  

(Apathyic Disturbance) 
63 9 22 

447 Massimo L 2009 11040200 
Frontotemporal Lobar Degeneration  

(Disinhibition Disturbance) 
64 5 24 

448 Matsuda H 2002 8090180 Alzheimer's Disease 71(59-81) 15 13 

449 Matsumoto R 2010 13100139 Obsessive Compulsive Disorder 33 16 4 

450 Matsunari I 2007 9050048 Alzheimer's Disease 69 27 9 

451 May A 1999 8050089 Headache 47(25-74) 25 1 

452 Mazere J 2008 13100140 Alzheimer's Disease 81 8 6 

453 McAlonan G M 2007 13100043 Attention Deficit Hyperactivity Disorder 10(6-13) 28 8 

454 McDonald C 2005 9010003 Schizophrenia 37(24-55) 25 12 

455 McIntosh A M 2004 8050090 Bipolar Disorder 41(22-64) 19 2 

456 McIntosh A M 2004 8050090 Schizophrenia 37 26 4 

457 McMillan A B 2004 8050091 Temporal Lobe Epilepsy (Left) 32 13 7 

458 McMillan A B 2004 8050091 Temporal Lobe Epilepsy (Right) 32 12 15 

459 Meda S A 2008 9080098 Schizophrenia (JHU Group) 42 133 51 

460 Meda S A 2008 9080098 Schizophrenia (MPRC Group) 34 34 37 

461 Meda S A 2008 9080098 Schizophrenia (WPIC Group) 41 21 31 

462 Meisenzahl E M 2008 9080099 Schizophrenia (First-Episode) 28(18-49) 93 48 

463 Meisenzahl E M 2008 9080099 Schizophrenia (Chronic) 36(19-65) 72 67 

464 Meppelink A M 2011 13100199 Parkinson's Disease (Without Visual Hallucinations) NR 13 13 

465 Meppelink A M 2011 13100199 Parkinson's diease (With Visual Hallucinations) NR 11 17 

466 Mesaros S 2008 13100143 Multiple Sclerosis (Secondary Progressive) 47(30-63) 35 64 

467 Mesaros S 2008 13100143 Multiple Sclerosis (Benign) 46(35-63) 60 31 

468 Mesaros S 2008 9050051 Multiple Sclerosis 14(7-16) 28 2 
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469 Mezzapesa D M 2007 9050052 Amyotrophic Lateral Sclerosis 59 16 13 

470 Miettinen P S 2011 13100144 Alzheimer's Disease 75(63-83) 16 5 

471 Miettinen P S 2011 13100144 Mild Cognitive Impairment 72(57-82) 18 5 

472 Migliaccio R 2009 11050261 Alzheimer's Disease 61 16 18 

473 Migliaccio R 2009 11050261 Progressive Non-Fluent Aphasia 64 10 18 

474 Migliaccio R 2009 11050261 Posterior Cortical Atrophy 61 14 18 

475 Milham M P 2005 8050094 Anxiety Disorder 13 17 6 

476 Minnerop M 2007 10010002 Multiple System Atrophy (Cerebellar) 62 16 18 

477 Minnerop M 2007 10010002 Multiple System Atrophy (Parkinsonian) 61 16 22 

478 Minnerop M 2008 11040057 Dystonia 53 13 5 

479 Molina V 2011 13100145 Bipolar Disorder 38 19 2 

480 Molina V 2010 10030030 Schizophrenia 29 30 3 

481 Molina V 2011 13100145 Schizophrenia 34 24 5 

482 Molko N 2003 8090182 Turner Syndrome 25 14 4 

483 Molko N 2004 8060217 Turner Syndrome 25(18-36) 14 25 

484 Moorhead T W 2005 8090183 Learning Diability NR 18 9 

485 Moorhead T W 2005 8090183 Schizophrenia NR 25 14 

486 Mordasini L 2012 16030049 Chronic Pelvic Pain Syndrome 40(20-73) 20 3 

487 Morgen K 2006 8060218 Multiple Sclerosis 32(22-46) 19 2 

488 Morrell M J 2010 13100146 Obstructive Sleep Apnea 49 60 2 

489 Mueller S G 2006 8050095 Mesial Temporal Sclerosis with Epilepsy 36(26-46) 26 28 

490 Muhlau M 2013 16030026 Clinically Isolated Syndrome 37(18-68) 249 12 

491 Muhlau M 2007 8050096 Huntington's Disease 44(24-68) 46 32 

492 Muhlau M 2006 8060219 Tinnitus 40(26-53) 28 1 

493 Muller-Vahl K R 2009 11040201 Tourette Syndrome 30(18-60) 19 14 

494 Mummery C J 2000 8060220 Semantic Dementia 60(58-65) 6 17 

495 Musen G 2006 9010005 Type 1 Diabetes 33 82 8 

496 Na K S 2013 17050007 Panic Disorder (Without Agoraphobia) 37(18-65) 22 2 

497 Na K S 2013 17050007 Panic Disorder (With Agoraphobia) 43(18-65) 12 7 

498 Nagano-Saito A 2005 8050097 Parkinson's Disease 63 19 3 

499 Nardo D 2010 11050255 Post-Traumatic Stress Disorder 40 21 5 

500 Narita K 2011 15080033 Bipolar Disorder (With Rapid Cycling) 40 14 10 

501 Narita K 2011 15080033 Bipolar Disorder (Without Rapid Cycling) 41 17 3 

502 Neckelmann G 2006 10060062 Schizophrenia NR(19-51) 12 3 

503 Nestor P J 2003 8090184 Progressive Non-Fluent Aphasia 71 10 1 

504 Niedtfeld I 2013 14110036 Borderline Personality Disorder 30 60 2 

505 Nishio Y 2010 10060054 Parkinson's Disease 66(55-75) 40 36 

506 Nosarti C 2008 11040058 Preterm/Low Birthweight 15 207 69 

507 Nugent 2006 8050098 Bipolar Disorder (Unmedicated) 37(18-60) 21 9 

508 Nugent 2006 8050098 Bipolar Disorder (Medicated) 41(18-60) 20 6 

509 O'Daly O 2007 13100052 Schizophrenia 32 28 9 

510 O'Muircheartaigh J 2011 13100150 Juvenile Myoclonic Epilepsy 34 28 2 

511 Obermann M 2007 8060221 Blepharopasm 53(41-67) 11 9 
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512 Obermann M 2007 8060221 Dystonia 58(43-63) 9 9 

513 Obermann M 2013 16030050 Trigeminal Neuralgia 62(31-86) 60 14 

514 Ohnishi T 2001 8050099 Alzheimer's Disease 72(59-79) 26 2 

515 Ohnishi T 2006 13100053 Schizophrenia 45 19 19 

516 Okada T 2004 8050100 Chronic Fatigue Syndrome 34(24-46) 16 2 

517 Ortiz-Gil J 2011 13100151 Schizophrenia 40 23 1 

518 Overmeyer S 2001 13100054 Attention Deficit Hyperactivity Disorder 10(7-14) 18 9 

519 Padovani A 2006 8050102 Progress Supranuclear Palsy 73 14 22 

520 Pail M 2010 11080301 Temporal Lobe Epilepsy (Left) 40 20 1 

521 Pail M 2010 11080301 Temporal Lobe Epilepsy (Right) 40 20 1 

522 
Paillere-Martinot M 

L 
2001 13100154 Schizophrenia 29(18-45) 20 9 

523 Pan W J 2007 11040203 Blindness 47(39-58) 14 3 

524 Pannacciulli N 2006 8050103 Obesity 32 24 13 

525 Pantano P 2011 13100055 Dystonia 53 19 8 

526 Pardini M 2009 11040175 Corticobasal Degeneration Syndrome 62 25 4 

527 Pardini M 2009 11040175 Frontotemporal Dementia 60 22 5 

528 Parisi L 2014 16030028 Multiple Sclerosis (Classic) 49 9 3 

529 Parisi L 2014 16030028 Multiple Sclerosis (Cortical) 49 9 5 

530 Peinemann A 2005 9010007 Huntington's Disease 44 25 7 

531 Pell G S 2008 9050055 Temporal Lobe Epilepsy 39 19 18 

532 Peng J 2010 10060048 Major Depressive Disorder  47 22 18 

533 Penhune V B 2003 8090185 Deafness 29 12 2 

534 Pennanen C 2005 8050105 Mild Cognitive Impairment 72 51 10 

535 Pereira J B 2009 11040060 Parkinson's Disease 73 36 30 

536 Pereira J M 2009 11050263 Alzheimer's Disease 65 3 1 

537 Pereira J M 2009 11050263 Frontotemporal Dementia (With Tau Inclusions) 62 6 4 

538 Pereira J M 2009 11050263 
Frontotemporal Dementia (With Ubiquitin 

Inclusions) 
64 9 3 

539 Pereira J M 2009 11050263 Progressive Non-Fluent Aphasia 68 3 2 

540 Pereira J M 2009 11050263 Semantic Dementia (With Tau Inclusions) 58 3 4 

541 Pereira J M 2009 11050263 Semantic Dementia (With Ubiquitin Inclusions) 66 5 5 

542 Pereira J M 2009 11050263 Frontotemporal Dementia (Behavioral Variant) 60 4 2 

543 Perico C A M 2011 13120220 Bipolar Disorder 27 26 1 

544 Perico C A M 2011 13120220 Major Depressive Disorder  30 20 2 

545 Peterson E 2006 11080311 At-Risk of Mental State 40 23 19 

546 Pleger B 2014 16030051 Complex Regional Pain Syndrome  41(22-53) 20 1 

547 Pomarol-Clotet E 2010 11040138 Schizophrenia 42(28-60) 31 2 

548 Prakash R S 2010 16030029 Multiple Sclerosis 44 21 12 

549 Prell T 2013 16030052 Dystonia 52 24 15 

550 Preziosa P 2016 17070011 Multiple Slerosis (Cognitively Impaired) 40 23 10 

551 Preziosa P 2016 17070011 Multiple Sclerosis (Cognitively Preserved) 40 38 4 

552 Prinster A 2006 8050107 Multiple Sclerosis 39(23-53) 51 8 

553 Protopopescu X 2006 10060064 Panic Disorder 36(21-50) 10 1 

554 Ptito M 2008 9050058 Blindness 36(20-54) 11 10 
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555 Pujol J 2004 13100059 Obsessive Compulsive Disorder 30(18-60) 72 6 

556 Qiu L 2014 14120051 Major Depressive Disorder  23 46 6 

557 Qiu L 2011 13100155 Schizophrenia 35 29 23 

558 Quarantelli M 2006 8050108 Facioscapulohumeral Dystrophy 44(20-72) 30 9 

559 Quattrone A 2008 9080100 Essential Tremor (Arm) 62 43 1 

560 Quattrone A 2008 9080100 Essential Tremor (Head) 71 50 3 

561 Rabinovici G D 2007 11040099 Alzheimer's Disease 65 11 19 

562 Rabinovici G D 2007 11040099 Frontotemporal Lobar Degeneration 63 18 38 

563 Raji C A 2009 11040030 Alzheimer's Disease 83 33 41 

564 Rami L 2009 11040232 Alzheimer's Disease 74 31 6 

565 Rami L 2009 11040232 Mild Cognitive Impairment 73 14 5 

566 Ramirez-Ruiz B 2007 13100195 Parkinson's Disease (Without Visual Hallucinations) NR 20 2 

567 Ramirez-Ruiz B 2007 13100195 Parkinson's Disease (With Visual Hallucinations) NR 18 10 

568 Redlich R 2014 15080035 Major Depressive Disorder  38 58 8 

569 Redlich R 2014 15080035 Bipolar Disorder 38 58 8 

570 Reetz K 2011 13100157 Spinocerebellar Ataxia 40 16 12 

571 Reiss A L 2004 8060222 Williams Syndrome 29(12-50) 43 40 

572 Remy F 2005 8090188 Alzheimer's Disease 72 8 21 

573 Riccitelli G 2011 16030059 Multiple Sclerosis (Fatigued) 38 10 7 

574 Riccitelli G 2011 16030059 Multiple Sclerosis (Non-Fatigued) 39 14 5 

575 Riccitelli G 2012 13100158 Multiple Sclerosis 40(20-63) 78 42 

576 Ridler K 2001 8090189 Tuberous Sclerosis 42 10 2 

577 Riederer F 2012 16030053 Headache 41 29 26 

578 Riederer F 2008 9050060 Temporal Lobe Epilepsy (Left) 38 9 15 

579 Riederer F 2008 9050060 Temporal Lobe Epilepsy (Right) 38 13 7 

580 Rocca M A 2015 16030034 Multiple Sclerosis 31(18-47) 37 3 

581 Rocca M A 2015 16030034 Clinically Isolated Syndrome 31(18-47) 37 1 

582 Rocca M A 2014 16030033 Multiple Sclerosis (Non-Fatigued) 40(27-58) 32 4 

583 Rocca M A 2014 16030033 Multiple Sclerosis (Fatigued) 41(23-63) 31 12 

584 Rocca M A 2006 8060223 Migraine (With Aura) 43(28-58) 7 9 

585 Rocca M A 2006 8060223 Migraine (Without Aura) 43(28-58) 9 14 

586 Rocha-Rego V 2012 14110031 Post-Traumatic Stress Disorder 43 16 2 

587 Rodriguez-Raecke R 2009 13110208 Osteoarthritis 65 32 16 

588 Rodriguez-Raecke R 2013 16030054 Osteoarthritis (Left Primary) 63 7 2 

589 Rodriguez-Raecke R 2013 16030054 Osteoarthritis (Right Primary)  63 20 11 

590 
Roman-Urrestarazu 

A 
2016 19120019 Attention Deficit Hyperactivity Disorder 22 49 2 

591 Rosen H J 2002 8060224 Frontotemporal Lobar Degeneration 62(45-73) 20 8 

592 Rossi R 2012 17050008 Borderline Personality Disorder 36 26 39 

593 Rossi R 2006 8060225 White Matter Hyperintensity (Anterior) 58 39 10 

594 Rossi R 2006 8060225 White Matter Hyperintensity (Posterior) 61 14 9 

595 Rowan A 2007 8050111 Cerebral Infarction 9(7-12) 10 5 

596 Rusch N 2004 8050112 Temporal Lobe Epilepsy NR 24 4 

597 Ruscheweyh R 2011 11080302 Chronic Back Pain 66 45 26 
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598 Salgado-Pineda P 2003 8050114 Schizophrenia 24 13 21 

599 Salgado-Pineda P 2004 8050115 Schizophrenia 25 14 38 

600 Salgado-Pineda P 2011 13100159 Schizophrenia 37(22-56) 14 5 

601 Salmond C H 2000 8050118 Amnesia 12 5 8 

602 Salvadore G 2011 13100062 Major Depressive Disorder (Chronic) 39(20-60) 27 12 

603 Salvadore G 2011 13100062 Major Depressive Disorder (Remitted) 40(18-61) 58 12 

604 Sanchis-Segura C 2016 17070012 Multiple Sclerosis (Female) 41(20-60) 34 4 

605 Sanchis-Segura C 2016 17070012 Multiple Sclerosis (Male) 39(23-60) 22 6 

606 Santana M 2010 10060066 Temporal Lobe Epilepsy (Left) 38(18-59) 59 16 

607 Santana M 2010 10060066 Temporal Lobe Epilepsy (Right) 36(20-62) 41 10 

608 Saricicek A 2015 15080034 Bipolar Disorder 36(18-65) 28 4 

609 Saricicek A 2015 15080034 At-Risk of Mental State 32(18-65) 25 5 

610 Sasayama D 2010 13100160 Attention Deficit Hyperactivity Disorder 9(6-12) 10 9 

611 Saykin A J 2006 8050119 Mild Cognitive Impairment (Cognitive Complaints) 73 40 12 

612 Saykin A J 2006 8050119 
Mild Cognitive Impairment (Non-Cognitive 

Complaints) 
73 40 15 

613 Schafer A 2010 10030031 Binge Eating Disorder 26 17 3 

614 Schafer A 2010 10030031 Bulimia Nervosa 23 14 4 

615 Scheuerecker J 2010 13100063 Major Depressive Disorder  38 13 18 

616 Schiffer B 2007 8050120 Pedophilia 38(22-54) 18 5 

617 Schiffer B 2013 15090044 Schizophrenia 36 25 15 

618 Schmidt-Wilcke T 2006 8050122 Chronic Back Pain 50(34-59) 18 8 

619 Schmidt-Wilcke T 2007 9050062 Fibromyalgia 54 20 6 

620 Schmidt-Wilcke T 2005 11030006 Headache 34(15-70) 20 16 

621 Schmidt-Wilcke T 2008 11030005 Migraine 32(18-49) 35 4 

622 Schmidt-Wilcke T 2009 11040205 Mild Cognitive Impairment 66 18 4 

623 Schmidt-Wilcke T 2010 10060067 Persistant Idiopathic Facial Pain 52 11 9 

624 Schuster C 2012 13100064 Schizophrenia 60(50-82) 27 12 

625 Schwartz D L 2010 10030032 Substance Abuse 33(20-63) 61 4 

626 Schweinhardt P 2008 11030007 Vestibulodynia 26(19-36) 14 4 

627 Seeley W W 2008 13100065 
Frontotemporal Lobar Degeneration (CDR score of 

0.5) 
66 15 29 

628 Seeley W W 2008 13100065 
Frontotemporal Lobar Degeneration (CDR score of 
1) 

64 15 33 

629 Seeley W W 2008 13100065 
Frontotemporal Lobar Degeneration (CDR score of 

2-3) 
62 15 43 

630 Seidman L J 2019 19120020 Attention Deficit Hyperactivity Disorder 37(18-59) 74 6 

631 Seminowicz D A 2010 13100161 Irritable Bowel Syndrome NR 56 26 

632 Senda J 2011 14030006 Amyotrophic Lateral Sclerosis 61(40-78) 17 6 

633 Sepulcre J 2006 8050123 Multiple Sclerosis 44 31 9 

634 Serra-Blasco M 2013 13120218 Major Depressive Disorder (Chronic) 49 22 12 

635 Serra-Blasco M 2013 13120218 Major Depressive Disorder (Remitted) 48 22 3 

636 Sethi A 2017 19120021 Attention Deficit Hyperactivity Disorder 33 30 2 

637 Shah P J 1998 13100067 Major Depressive Disorder  49 20 15 

638 Shapleske J 2002 13100068 Schizophrenia (With Hallucinations) 35 32 7 

639 Shapleske J 2002 13100068 Schizophrenia (Without Hallucinations) 32 31 2 
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640 Shibata D K 2007 10010012 Deafness 21(18-27) 53 1 

641 Shiino A 2006 9050064 Alzheimer's Desease 71 40 16 

642 Shiino A 2006 9050064 Mild Cognitive Impairment 68 20 10 

643 Shin S 2012 13110215 Parkinson's Disease (With Hallucinations) 71 46 20 

644 Shin S 2012 13110215 Parkinson's Disease (Without Hallucinations) 71 64 1 

645 Shott M E 2015 18100011 Obesity 29 18 8 

646 Sigmundsson T 2001 13100165 Schizophrenia 35 27 4 

647 Silani G 2005 8060227 Dyslexia 24 32 2 

648 Silva C B 2013 14120053 Friedreich's Ataxia 29 22 6 

649 Simon T J 2005 8090193 22q11.2 Deletion Syndrome 9(7-14) 18 8 

650 Singh M K 2012 17050009 Bipolar Disorder 16 26 1 

651 Smesny S 2010 10060070 Schizophrenia (First-Episode) 31 13 18 

652 Smesny S 2010 10060070 Schizophrenia (Chronic) 46 11 38 

653 Soria-Pastor S 2009 11040102 Preterm/Low Birthweight 9(8-10) 20 3 

654 Soriano-Mas C 2011 13100069 Major Depressive Disorder  62(37-82) 70 2 

655 Sowell E R 2001 8050125 Fetal Alcohol Syndrome 13 21 17 

656 Spano B 2010 11040207 Multiple Sclerosis 45 10 12 

657 Specht K 2003 8050127 Multiple-System Atrophy 59 14 1 

658 Spencer M D 2006 8050129 Intellectually Disablility 16 63 2 

659 Stanfield A C 2009 11040147 Bipolar Disorder 36 66 2 

660 Steinbrink C 2008 9050065 Dyslexia 71(64-74) 7 2 

661 Stevens M C 2019 19120016 Attention Deficit Hyperactivity Disorder 15(12-18) 24 2 

662 Stratmann M 2014 14120045 Major Depressive Disorder  38(18-60) 132 5 

663 Suchan B 2010 11040077 Anorexia Nervosa 27 15 2 

664 Sui S G 2010 13100070 Post-Traumatic Stress Disorder 26(12-31) 11 11 

665 Summerfield C 2005 8050131 Parkinson's Disease (Without Dementia) 73 13 3 

666 Summerfield C 2005 8050131 Parkinson's Disease (With Dementia) 70 16 10 

667 Suzuki M 2005 8090195 Schizophrenia 39 5 2 

668 Suzuki M 2002 13100168 Schizophrenia 26 42 9 

669 Szeszko P R 2008 11040103 Obsessive Compulsive Disorder 13 37 8 

670 Tae W S 2006 8050133 Juvenile Myoclonic Epilepsy 23 19 6 

671 Takahashi R 2010 13100171 Alzheimer's Disease  73 51 6 

672 Takahashi R 2010 13100171 Lewy Body Dementia 73 43 6 

673 Takahashi R 2011 13100172 Progressive Supranuclear Palsy 65 16 7 

674 Tanabe J 2009 9050067 Substance Abuse 35 19 1 

675 Tang L R 2014 14120054 Bipolar Disorder 32(20-57) 27 3 

676 Tanskanen P 2010 13100173 Schizophrenia 33 54 7 

677 Tavanti M 2012 13100174 Post-Traumatic Stress Disorder 38 25 26 

678 Tavazzi E 2012 16020009 Amyotrophic Lateral Sclerosis 55 20 7 

679 Tavazzi E 2012 16020009 Multiple Sclerosis 47 18 17 

680 Tessitore A 2012 13100200 Parkinson's Disease NR 12 2 

681 Thivard L 2007 13100175 Amyotrophic Lateral Sclerosis 52(37-69) 15 19 

682 Thomaes K 2010 13100176 Post-Traumatic Stress Disorder 35 31 5 
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BrainMap 
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Age, years 

(Range) 
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(N) 
Foci 

(N) 

683 Tian L 2011 13100177 Schizophrenia 23 30 50 

684 Tiihonen J 2008 9050069 Psychopathy 33 12 2 

685 Tiihonen J 2008 9050069 Antisocial Personality Disorder 33 26 31 

686 Tir M 2009 11040150 Multiple System Atrophy 64(44-77) 14 1 

687 Tir M 2009 11040150 Parkinson's Desease 62(47-73) 19 2 

688 Togao O 2010 13100178 Obsessive Compulsive Disorder 33 23 6 

689 Tomelleri L 2009 11040063 Schizophrenia 40 25 2 

690 Tomoda A 2009 11050264 Childhood Sexual Abuse 20 23 1 

691 Torelli F 2011 13100179 Obstructive Sleep Apnea 56 16 1 

692 Tost H 2010 15010004 Bipolar Disorder (With Psychotic Symptoms) 42(29-55) 30 6 

693 Tost H 2010 15010004 Bipolar Disorder (With Persecutory Delusions) 46(34-58) 15 10 

694 Tregallas J R 2007 9050070 Schizophrenia 40 32 9 

695 Truong W 2013 14120046 Major Depressive Disorder  35 28 8 

696 Tu C H 2010 11030008 Primary Dysmenorrhea 24 32 16 

697 Tzarouchi L C 2010 11040064 Multiple System Atrophy 62(38-79) 11 31 

698 Uchida R R 2008 9050085 Panic Disorder 37 19 4 

699 Ung H 2012 16030055 Chronic Low Back Pain 37(19-60) 47 3 

700 Valente A A Jr 2005 8060229 Obsessive Compulsive Disorder 33 7 6 

701 Valet M 2009 11020003 Pain Disorder 51(28-68) 14 13 

702 Valfre W 2008 9050072 Migraine 35 27 21 

703 van de Pavert S H 2015 16030039 Multiple Sclerosis (Primary Progressive) 53 25 7 

704 van de Pavert S H 2015 16030039 Multiple Sclerosis (Relapsing Remitting) 43 30 3 

705 van de Pavert S H 2015 16030039 Multiple Sclerosis (Secondary Progressive) 53 25 10 

706 van den Heuvel O A 2009 11040186 Obsessive Compulsive Disorder 34(19-54) 55 5 

707 van Eijndhoven P 2013 14120049 Major Depressive Disorder  34(18-56) 20 5 

708 van Haren N E 2007 11080259 Schizophrenia 32(17-56) 96 7 

709 van Tol M J 2010 13100073 Anxiety Disorder 36 68 1 

710 van Tol M J 2010 13100073 Major Depressive Disorder  37 88 2 

711 van Wingen G 2013 19120027 
Attention Deficit Hyperactivity Disorder  

(Without Cocaine Dependence) 
32 14 4 

712 van Wingen G 2013 19120027 
Attention Deficit Hyperactivity Disorder  

(With Cocaine Dependence) 
37 10 2 

713 Vannorsdall T D 2010 11040211 Traumatic Brain Injury 44(25-64) 14 6 

714 Vargha-Khadem F 2003 8090199 Hypoxic-Ischemic Encephalopathy 14(8-19) 11 9 

715 Vartiainen N 2009 11040151 Herpes Simplex Virus 47(41-53) 8 7 

716 
Venkatasubramanian 
G 

2008 9050073 Schizophrenia NR 27 6 

717 Voets N L 2008 9050074 Schizophrenia 16 25 9 

718 
von dem Hagen E A 

H 
2005 8050141 Albinism 36(18-65) 19 2 

719 Wagner G 2011 11080303 Major Depressive Disorder  37 30 9 

720 Wang F 2011 13100182 Bipolar Disorder 17(10-21) 41 17 

721 Wang J 2007 13100076 Attention Deficit Hyperactivity Disorder 13 12 6 

722 Wang L 2019 19120013 Attention Deficit Hyperactivity Disorder 10(6-16) 30 3 

723 Waragai M 2009 10030024 Alzheimer's Disease 71 15 2 

724 Watkins K E 2002 8060231 Affected Speech and Language Disorder NR(9-21) 10 20 
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725 Watson D R 2012 13100183 Schizophrenia 29 25 18 

726 Watson D R  2012 13100183 Bipolar Disorder 36 24 2 

727 Wattendorf E 2009 15010006 Parkinson's Disease (Early) 60(44-71) 15 1 

728 Wattendorf E 2009 15010006 Parkinson's Disease (Moderately Advanced) 62(46-69) 12 1 

729 Weber Y G 2010 10060073 Myotonic Dystrophy (Type 1) 37 14 17 

730 Weber Y G 2010 10060073 Myotonic Dystrophy (Type 2) 53 9 15 

731 Weygandt M 2014 16030037 Multiple Sclerosis (Early Onset Pediatric) 12 16 7 

732 Weygandt M 2014 16030037 Multiple Sclerosis (Late Onset Pediatric) 16 17 10 

733 White N S 2003 8050143 Down Syndrome 42(34-52) 19 39 

734 Whitford T J 2006 8050144 Schizophrenia 20(13-25) 41 28 

735 Whitwell J L 2005 8090202 Frontotemporal Dementia (Ubiquitin-Positive) 61 9 3 

736 Whitwell J L 2005 8090202 Pick Disease 52 7 6 

737 Whitwell J L 2005 8090202 Frontotemporal Dementia (Ubiquitin-Negative) 61 5 2 

738 Whitwell J L 2007 11080304 
Frontotemporal Lobar Degeneration (With 

Hyperphagia) 
63 7 2 

739 Whitwell J L 2007 11080304 
Frontotemporal Lobar Degeneration (With a 

Pathological Sweet Tooth) 
62 9 13 

740 Whitwell J L 2007 8050145 Alzheimer's Desease 65 38 1 

741 Whitwell J L 2007 8050145 Posterior Cortical Atrophy 64 38 1 

742 Whitwell J L 2013 14050010 Primary Progressive Apraxia 72 16 4 

743 Whitwell J L 2013 14050010 Progressive Supranuclear Palsy 72 16 8 

744 Whitwell J L 2009 11040214 
Frontotemporal Dementia (IVS10+16 MAPT 
Mutation) 

56(51-62) 4 1 

745 Whitwell J L 2009 11040214 
Various Neurodegenerative Diseases  

(IVS10+3 MAPT Mutation) 
46(36-49) 3 1 

746 Whitwell J L 2009 11040214 
Frontotemporal Dementia (N279K MAPT 

Mutation) 
49(43-51) 3 1 

747 Whitwell J L 2009 11040214 Frontotemporal Dementia (P301L MAPT Mutation) 52(45-65) 4 1 

748 Whitwell J L 2009 11040214 Frontotemporal Dementia (S305N MAPT Mutation) 36(34-37) 2 1 

749 Whitwell J L 2009 11040214 
Frontotemporal Dementia (V337M MAPT 
Mutation) 

56(49-60) 3 1 

750 Whitwell J L 2004 13100185 Frontotemporal Lobar Degeneration (Tau-Negative) 62 8 3 

751 Whitwell J L 2004 13100185 Frontotemporal Lobar Degeneration (Tau-Positive) 52 9 10 

752 Wiest R 2005 8090203 Temporal Lobe Epilepsy 36(29-53) 7 7 

753 Wilke M 2001 8050146 Schizophrenia 33 48 16 

754 Wilson L B 2009 11040152 Fragile X Syndrome 29(22-44) 10 5 

755 Wilson S M 2009 13100186 Semantic Dementia 67 5 15 

756 Woermann F G 2000 9080103 
Temporal Lobe Epilepsy  

(With Intermittent Explosive Disorder) 
27(18-49) 25 2 

757 Woermann F G 2000 9080103 
Temporal Lobe Epilepsy  

(Without Intermittent Explosive Disorder) 
33(19-56) 25 1 

758 Woermann F G 1999 15070022 Juvenile Myoclonic Epilepsy 25(15-37) 20 1 

759 Wolf R C 2008 9050079 Schizophrenia 33 14 12 

760 Wood P B 2009 11040235 Fibromyalgia 42 30 4 

761 Xiao J X 2007 11080287 Amblyopia  6(4-8) 13 4 

762 Xie S 2006 8090204 Alzheimer's Disease 72(62-82) 13 9 

763 Xu L 2009 9090104 Schizophrenia 42(20-81) 120 55 

764 Yamada M 2007 11080312 Schizophrenia 39 20 6 

765 Yang F C 2013 16030056 Migraine (Left-Sided Attack) 35(20-55) 26 13 
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766 Yang F C 2013 16030056 Migraine (Right-Sided Attack) 35(20-55) 23 33 

767 Yang X 2017 20070035 Major Depressive Disorder  28 82 11 

768 Yaouhi K 2009 11040106 Obstructive Sleep Apnea 55 16 7 

769 Yasuda C L 2010 11040153 
Temporal Lobe Epilepsy  

(With Negative Family History of Epilepsy) 
36 29 13 

770 Yasuda C L 2010 11040153 
Temporal Lobe Epilepsy  

(With Positive Family History of Epilepsy) 
33 40 13 

771 Yasuda C L 2010 11040039 Temporal Lobe Epilepsy (Seizure Free) 34 34 23 

772 Yasuda C L 2010 11040039 
Temporal Lobe Epilepsy (With Worthwhile 
Improvement) 

34 23 12 

773 Yasuda C L 2010 11040039 Temporal Lobe Epilepsy (Without Improvement) 34 10 30 

774 Yatham L N 2007 8050149 First-Episode Mania 36 15 3 

775 Yoneyama E 2003 8090206 Schizotypal Personality Disorder 25(16-32) 14 3 

776 Yoo H K 2005 8050150 Panic Disorder 33 18 7 

777 Yoo S Y 2008 11040184 Obsessive Compulsive Disorder (Aggressive) 26 29 8 

778 Yoo S Y 2008 11040184 Obsessive Compulsive Disorder (Contamination) 26 26 6 

779 Yoon E J 2013 16030057 Spinal Cord Injury 39(31-53) 10 4 

780 Yoshihara Y 2008 9050083 Schizophrenia 16 18 1 

781 Younger J W 2010 10060053 Chronic Myofascial Temporomandibular Pain 38(23-61) 14 12 

782 Yuan Y 2008 9050082 Depressive Disorder 67 19 4 

783 Zahn R 2005 13100189 Alzheimer's Disease 67 10 4 

784 Zahn R 2005 13100189 Progressive Non-Fluent Aphasia 65 5 4 

785 Zamboni G 2008 11040079 Frontotemporal Dementia 60 62 11 

786 Zhang J 2011 13100080 Post-Traumatic Stress Disorder 41 10 3 

787 Zhang T 2009 13100079 Major Depressive Disorder  34(18-51) 15 10 

788 Zhang X 2016 17070013 Multiple Sclerosis 38 39 4 

789 Zhang X 2012 13120222 Depressive Disorder 20 30 2 

790 Zhang X 2012 13120222 Major Depressive Disorder  21 33 2 

791 Zhang X 2011 11080290 Smoke Addiction 31 48 2 

792 Zhao Y 2019 19120026 Attention Deficit Hyperactivity Disorder 12(8-17) 36 6 

793 Zou K 2010 13100081 Major Depressive Disorder  31(18-55) 23 2 

794 Zubiaurre-Elorza L 2011 11080305 Preterm/Low Birthweight 9(6-14) 22 8 

* For the articles including independent groups with the same main diagnosis, the specific subdiagnosis or 

clinical manifestation was provided. Sub (N), number of subjects in the clinical group; Foci (N), number of x-y-

z coordinates of gray matter alteration; NR, meta-data not reported. 
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Table S5.5. General distribution of the VBM meta-data included in both datasets. 

BACON 

Datasets 

VBM Experiments  Clinical Subjects Foci x-y-z 

N % N % N % 

ASD 55 6.4 2407 10.7 546 6.3 

Non-ASD 794 93.6 19897 89.3 8035 93.7 

Total 849 100 22304 100 8581 100 

 

Table S5.6. Statistical distribution of the VBM meta-data included in the Non-ASD dataset. 

Non-ASD 

Dataset 

VBM Experiments  Clinical Subjects Foci x-y-z 

N % N % N % 

Neurologic 441 55.5 9366 47.1 4720 58.7 

Psychiatric 327 41.2 9706 48.8 3079 38.4 

Other 26 3.3 825 4.1 236 2.9 

Total 794 100 19897 100 8035 100 

 

Table S5.7. Age-related distribution of the VBM meta-data included in the ASD dataset. 

ASD 

Dataset 

VBM Experiments  ASD Subjects Foci x-y-z 

N % N % N % 

Pediatric 26 47.3 648 26.9 292 53.5 

Adult 11 20.0 447 18.5 128 23.4 

Mixed 18 32.7 1312 54.6 126 23.1 

Total 55 100 2407 100 546 100 

 

Table S5.8. Functional large-scale network decomposition results. For each threshold the 

number of volumes has been reported, as well as the relative percentages of alterations of the 

BACON map and network ROIs defined by the Yeo’s parcellation (Buckner et al., 2011; Choi 

et al., 2012; Yeo et al., 2011). 

(ASD I Alt) Volume BACON  (ASD I Alt) Volume BACON  (ASD I Alt) Volume BACON  

p = .70 (mm3) Map (%) p = .80 (mm3) Map (%) p = .90 (mm3) Map (%) 

Visual 17817 18.5 Visual 7323 19.2 Visual 944 30.3 

SMN 10237 10.6 SMN 3780 9.9 SMN 0 0 

DAN 1852 1.9 DAN 4678 12.3 DAN 0 0 

SN/VAN 12815 13.3 SN/VAN 4998 13.1 SN/VAN 533 17.2 

Limbic 6096 6.3 Limbic 1216 3.2 Limbic 0 0 

FPN 16835 17.6 FPN 5696 14.9 FPN 273 8.8 

DMN 30635 31.8 DMN 10422 27.4 DMN 1360 43.7 

TOTAL 96287 100 TOTAL 38113 100 TOTAL 3110 100 

Visual, visual network; SMN, sensorimotor network; DAN, dorsal attention network; SN/VAN, salience 

network/ventral attention network; Limbic, limbic network; FPN, frontoparietal network; DMN, default mode 
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network. 

 

Table S5.9. Leave-one-out analysis of VBM experiments with subjects from ABIDE. 

 

Discarded VBM  
Right Left Right Left Right Right Left Right  

Experiment IOG 
Lobule 

IX 
Crus I 

Crus 

II 
PCUN PCUN PCUN 

Lobule 

VIIIA 

Eliam-Stock et al 2016 Yes Yes Yes Yes Yes Yes Yes Yes 

Osipowicz et al 2015 Yes Yes Yes Yes Yes Yes Yes Yes 

Pappaianni et al 2018 Yes Yes Yes Yes Yes Yes Yes Yes 

Riddle et al 2017 Yes Yes Yes Yes Yes Yes Yes Yes 

ABIDE, the autism brain imaging data exchange database; IOG, inferior occipital gyrus; PCUN, precuneus. 

 

Table S5.10. Cerebellum-related distribution of the VBM meta-data included in both datasets. 

BACON 

Datasets 

VBM Experiments*  Foci x-y-z** 

N % N % 

ASD 22 9.6 35 7.1 

Non-ASD 205 90.4 455 92.9 

Total 227 100 490 100 

* Experiments with at least one focus of gray matter alteration in the cerebellum; ** Foci of gray matter 

alteration in the cerebellum. 
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5.6.3. Supplementary figure 

Figure S5.1. Brain clusters of selective gray matter alteration in autism spectrum disorder 

(ASD) derived from Bayes factor modeling (BACON) analysis, thresholded at 

𝑝(𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) = 0.7 (70%) - Left panel; and at 𝑝(𝐴𝑆𝐷|𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) = 0.8 (80%) - Right 

panel. BACON map is visualized as hemispheric and cerebellar surfaces (3-D cortical view). 

Templates are in neurological convention (L is left; R is right). 
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Discussion and Conclusions 

 

6.1. Thesis synopsis 

The overarching theme of this thesis was the examination of the altered 

neuroanatomical substrate in major psychiatric disorders. To this end, I applied the 

neuroimaging coordinate-based meta-analysis (CBMA) approach, a well-established 

collection of computational techniques based on a solid and rigorous methodological 

background deriving from a long-running refinement of the human brain mapping community 

(Fox et al., 2014; Fox et al., 1985; Laird et al., 2009; Radua and Mataix-Cols, 2012a). Yet, I 

developed and applied novel CBMA- and Bayesian-based tools that allowed characterizing 

the gray matter substrate of autism spectrum disorder from a network-based and disorder-

specific perspective, enhancing the ability to grasp the complex neuronal architecture of this 

group of neurodevelopmental conditions. 

This concluding chapter recapitulates the main outcomes of the selected articles that 

compose the dissertation. It then presents some methodological considerations related to the 

CBMA approach in general and this project in particular. The Chapter also includes a 

discussion of possible directions for future CBMA research in the psychiatric context.  

In Chapter 2, I examined the sequence of gray matter alteration patterns emerging from 

different stages of schizophrenia using a structural, functional, and behavioral CBMA 

approach. At the structural level, I employed the revised version of the activation likelihood 

estimation (ALE) algorithm (Eickhoff et al., 2017), stringent statistical procedures (Eickhoff 

et al., 2016), and field best-practice protocols (Müller et al., 2018). This state-of-the-art 

design has provided an unprecedented picture of the progressive neuronal damage of the 

disorder after its onset, which offers valuable insights that may potentially integrate the 

“neural component” into current pathophysiological models of schizophrenia. At the 

functional and behavioral level, I established a data-driven link between the identified neural 

structural damage and its functional behavior and psychological/cognitive functioning, by 

applying large-scale network decomposition (Biswal et al., 2010) and behavioral domain 

profiling analysis (Lancaster et al., 2012), respectively. These unbiased characterizations 

represent not only good practice to overcome the limitations of the usually qualitative 

interpretation of neuroimaging findings, but may also pave the way for future 

neuropsychological or functional interventions, for example, by applying meta-analytic 
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clusters as target areas for noninvasive brain stimulation sessions or as regions-of-interest for 

future functional magnetic resonance imaging research. 

In Chapter 3, I presented the results of a CBMA replication study. The voxel-based 

morphometry (VBM) literature on dyslexia and attention-deficit hyperactivity disorder was 

used as a testing ground to provide a data-driven and real-world comparison between the 

recently developed PSI-SDM technique (Albajes-Eizagirre et al., 2019) and the ALE 

algorithm. A substantial spatial congruence was found between the two techniques 

demonstrating that, despite common neurobiological and environmental risk factors, no areas 

of gray matter decrease or increase overlapped in the two disorders.  Specific clinical issues 

aside, I highlighted that the canonical design of CBMA techniques suffers from some 

drawbacks that do not enable to capture the whole spectrum of complexity underlying brain 

pathology. 

In Chapter 4, I incorporated the graph theory framework into the ALE environment by 

manipulating the identified clusters of gray matter variation as nodes and their statistical co-

occurrence across studies as edges. In this manner, it was possible to conceptualize the 

neuroanatomical alteration landscape of autism spectrum disorder (ASD) as a 

pathoconnectome (Rubinov and Bullmore, 2013). In light of this, I was able to directly 

measure the central role of each nodal area in the pathological network. Consistent with the 

notion that ASD is a syndrome resulting from perturbations of different spatially distributed 

neural systems (Ecker et al., 2016), a non-random and topologically defined network of co-

alteration was found in the disorder, with a subset of multimodal areas significantly 

influencing the overall architecture of damage. As a further relevant note, the identified 

network-like pattern of co-alteration follows a biologically plausible distribution that 

resembles structural connectivity pathways. Taken together, these results offer a new outlook 

on the impact of clinical expression on brain structure that goes beyond the voxel-wise 

“static” picture of canonical neuroimaging approaches and opens attractive perspectives for 

future neuropsychiatric research. 

Considering the non-negligible overlap of neuroanatomical alteration between brain 

disorders (Cauda et al., 2019b) and the limited inferential power of classical frequentist 

neuroimaging analysis (Poldrack et al., 2006), I proposed in Chapter 5 a posterior probability 

analysis to identify the selective profile of gray matter changes in ASD. To achieve this goal, 

I collected one of the largest CBMA-based datasets enriched with published VBM findings on 
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133 different clinical conditions, and I analyzed it employing the ALE and Bayes Factor 

(Jeffreys, 1961) methods. Findings revealed that in ASD there are brain areas with a high 

probability of alteration selectivity, mainly concentrated in the cerebellum and parietal 

territories that are forming part of the functionally defined default-mode network. The 

statistical approach applied here allowed to shed new light on the neuroanatomical profile of 

ASD demonstrating that Bayesian statistics can be a powerful tool to identify key regions that 

are selective for the alteration development of specific brain disorders. This provides essential 

information that could theoretically be useful to complement behavioral diagnosis, as well as 

to improve the assessment of treatment strategies. 

 

6.2. Methodological considerations and future perspectives  

The coordinate-based meta-analysis approach was introduced to human brain mapping 

research nearly two decades ago (Turkeltaub et al., 2002). Advances in its design, 

methodology, and statistical rigor have been ongoing since then, proving an unprecedented 

and multidisciplinary effort that has captured some core features of the healthy and 

pathological brain (Acar et al., 2018; Albajes-Eizagirre et al., 2019; Caspers et al., 2014; 

Eickhoff et al., 2012; Eickhoff et al., 2011; Eickhoff et al., 2009; Eickhoff et al., 2016; Fox et 

al., 2005; Fox et al., 2014; Laird et al., 2009; Laird et al., 2008; Laird et al., 2010; Lancaster 

et al., 2012; Manuello et al., 2022; Müller et al., 2018; Radua and Mataix-Cols, 2009; Radua 

and Mataix-Cols, 2012a; Radua et al., 2013; Salimi-Khorshidi et al., 2009; Tahmasian et al., 

2019; Turkeltaub et al., 2012; Vanasse et al., 2018; Wager et al., 2007). By means of the 

analysis of tens of thousands of neuroimaging data published worldwide, recent CBMA 

advances now compute coactivation-based parcellation, independent component analysis, 

large-scale topological modeling, meta-analytic connectivity modeling, functional ontologies, 

meta-connectomics, and reverse inference analysis (Bzdok et al., 2013; Cauda et al., 2018b; 

Clos et al., 2013; Costa et al., 2021; Crossley et al., 2016; Crossley et al., 2014; Crossley et 

al., 2013; Kotkowski et al., 2018; Laird et al., 2011; Robinson et al., 2012; Robinson et al., 

2010; Smith et al., 2009; Torta et al., 2013). Although CBMA is currently at the forefront of 

brain sciences research, some exciting challenges remain. Please note that general limitations 

of the CBMA environment (e.g., the limited spatial accuracy, cross-sectional design, and file 

drawer effect) have been extensively discussed in previous Chapters. Here, potential 

directions for future CBMA research are detailed.   
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Since their inception, CBMAs have provided a quantitative and data-driven synthesis of 

primary neuroimaging findings; however, a qualitative interpretation of the meta-analytic 

results obtained is traditionally given. In recent years, technological advances have opened 

great opportunities for objective integration of voxel-wise neuroimaging maps, including 

CBMA ones, with other types of experimental brain data. Among others, transcriptomics 

analysis pipelines are providing an unprecedented ability to statistically link brain-wide gene 

expression data and human brain mapping results of any sort (Arnatkeviciute et al., 2019a). 

Several software platforms have been developed (French and Paus, 2015; Larivière et al., 

2022; Markello et al., 2021; Rizzo et al., 2016) with the same basic idea in mind, namely to 

capture spatial correlations between structural/functional brain maps and gene expression 

levels by using the Allen Human Brain Atlas transcriptome dataset (Hawrylycz et al., 2012), 

which consists of 20,737 measurements of gene expression taken from six adult human brains 

without known neurological disease history. This approach has yielded important research 

insights into the relationship between gene expression and normative brain connectivity (e.g., 

Goel et al., 2014; Richiardi et al., 2015; Vértes et al., 2016) or psychiatric and neurological 

neuronal substrate (e.g., Arnatkeviciute et al., 2022; McColgan et al., 2018; Romero-Garcia et 

al., 2019; Romme et al., 2017). However, its usage has been limited to primary functional and 

structural data; it has only recently been applied by my research group in the field of CBMA 

(Camasio et al., 2022; Cauda et al., 2018b; Liloia et al., 2021b). Interestingly, other 

methodological approaches are rapidly evolving to quantitatively enrich neuroimaging results 

with cytoarchitectonic properties. For example, a novel toolbox called BigBrainWarp 

(Larivière et al., 2022; Paquola et al., 2021) has been devised for integrating multimodal 

neuroimaging data with microstructural organization brain information derived from the post 

mortem ultrahigh-resolution histology dataset of Amunts et al. (2013). This toolbox could 

pave the way for molecular and cellular characterization of statistical brain maps that reveal, 

for example, a co-alteration pattern of a brain disorder under study. Given these 

considerations, future application in the field of clinical CBMA is warranted. 

A more precise phenotypic characterization of the general CBMA findings remains a 

major challenge. In its current implementations, the CBMA framework does not finely 

manipulate important features of individual experimental subjects (e.g., biological sex, 

developmental stage, type of symptomatology, scores on clinical/psychological assessments, 

etc.). This is due to the fact that this secondary level of research is not able to model variables 
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better than individual primary studies (Fusar-Poli and Radua, 2018). Although the CBMA 

design can partially overcome this issue in psychiatric research by performing user-dependent 

subanalyses of clinical or socio-demographic interest (e.g., Fornito et al., 2009; Gray et al., 

2020; Samea et al., 2019; Yan et al., 2021), data-driven CBMA tools conjointly using 

phenotypic and behavioral meta-data need to be developed. This may be particularly useful 

for meta-connectomics research, which computes the overall network of alteration in a given 

brain disorder taking exclusively into account the clinical diagnosis. However, in-depth 

characterization based on key variables may lead to the identification of peculiar sub-

networks of alteration, paving the way for future personalized brain medicine interventions 

based on imaging pathoconnectomics (Fornito et al., 2017). Once again, the implementation 

of Bayesian statistics in CBMA could help us to address this issue. For example, the 

development of multinomial logistic regression and posterior predictive distribution 

approaches (Bishop and Nasrabadi, 2006) has the potential to identify specific co-alteration 

patterns by distinguishing between included clinical groups with different phenotypic 

characteristics. 

Another critical issue that should be addressed in meta-connectomics research is the 

transition from undirected to directed brain co-alteration or co-activation networks. This 

methodological improvement has the potential to reveal the evolution of the damage 

fingerprint of a given brain disorder across the lifespan (Cauda et al., 2018b), target specific 

circuits for neurorehabilitation and pharmacological interventions (Fornito et al., 2017), as 

well as to discern disorder-specific pathophysiological mechanisms of alteration propagation 

underlying both psychiatric and neurological disorders (Fornito et al., 2015). Although 

efficient direction-oriented metrics have been proposed in MRI (Friston, 2011), their validity 

in the CBMA scenario needs to be further evaluated. For example, previous simulation (Patel 

et al., 2006; Smith et al., 2011) and experimental (Cauda et al., 2021; Mancuso et al., 2020) 

studies have shown that Patel’s 𝜏 is a suitable high-order Bayesian statistic to infer effective 

connectivity (i.e., the directionality or causal influence exerted by a set of brain nodes on 

another) (Friston, 2011) in both the functional and structural connectome. However, the 

soundness of this method is still debated and its neurobiological basis remains unclear, 

especially in the context of fMRI research (Wang et al., 2017b). 
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