
 

 

 

 

Topographic Organization of the Human 

Insular Cortex and Subcortex in Health  

and Neuropsychiatric Illness 
 

 

 

Ye Tian  
orcid.org/0000-0003-3107-5550 

 

 

DOCTOR OF PHILOSOPHY 

May 2020 

 

Melbourne Neuropsychiatry Centre, Department of Psychiatry 

Faulty of Medicine, Dentistry and Health Science 

The University of Melbourne 

 

 

 
Thesis submitted in total fulfilment of the requirement of the degree of Doctor of Philosophy



 

 

i 

Abstract 

The structure, function and connectivity of the human brain are topographically organized. 

This topographic organization provides profound insight into cortical information processing, 

representation of mental states, and accounts for individual variation in behavioral traits and 

cognition. Whereas classical models of brain topography focus on distinct cortical patches 

defined by discrete boundaries, contemporary evidence from neuroimaging suggests that 

topographic variation may be better conceptualized in terms of a set of continuous gradients 

of gradual change that overlap in space. My work aims to reconcile these two 

conceptualizations of brain topography, particularly with respect to the insular cortex, a 

topographically complex and functionally heterogeneous cortical lobe whose organization 

has remained disputed for centuries.  

 

Using modern functional neuroimaging techniques, I showed that the insula’s topography is 

best conceptualized as a continuum of gradual change oriented along an anterior-posterior 

axis. I found that individual variation in the insula’s functional topography associates with 

human cognitive and emotional traits as well as somatosensory functions.  

 

Having characterized the functional architecture of the insular cortex in healthy adults, my 

next aim was to investigate whether neuropsychiatric illness is associated with alterations in 

the insula’s functional organization. To this end, I compared the insula’s functional 

connectivity gradients between individuals with schizophrenia and healthy controls. I found 

evidence suggesting subtle reorganization of the insula’s functional topography in 

schizophrenia. In particular, the connectivity profile along the anterior-posterior topographic 

axis of the insular cortex was altered and less differentiated in individuals with schizophrenia. 

I showed that the extent of reorganization of the insula’s functional topography significantly 

associates with the severity of clinical symptoms, particularly negative symptoms of psychosis 

and intellectual impairment.  

 

Finally, I applied the new methodology that I developed to map the insula’s topography to 

study other brain regions, including the entire human subcortex. This unveiled four 

hierarchical scales of subcortical organization, recapitulating well-known anatomical nuclei at 
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the coarsest scale and delineating 27 new bilateral regions at the finest. Based on this work, 

I developed a new MRI subcortical atlas to enable holistic connectome mapping and 

characterization of cortico-subcortical circuits. The new subcortex atlas was personalized to 

account for connectivity differences across individuals and utilized to uncover a reproducible 

association between subcortical functional connectivity and tobacco use.   

 

Overall, this thesis provides fundamental insight into the functional organization of the 

human insular cortex and subcortex in health and neuropsychiatric illness, particularly 

focusing on the distinction between classical models of topographic variation based on 

discrete regions and contemporary representations involving continuous gradients. The new 

methodology that I developed is not limited to the insular cortex and the subcortex and can 

be applied to other cortical and subcortical regions in humans as well as other species.          
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CHAPTER 1 

GENERAL INTRODUCTION 
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Chapter 1 

 

Brain topography 

The brain constitutes a major part of the central nervous system, hosting the mind and 

controlling most activities of the rest of the body. While the concept of brain topography is  

relatively broad, it most commonly refers to spatial variation in brain structure, function 

and/or connectivity, which is evident from cyto- and myeloarchitecture at the microscale, and 

the organization of neuronal connections at the macroscale (Eickhoff et al. 2018a). This spatial 

organization of brain structure, function and connectivity is crucial in maintaining mental 

states and information processing (Fox and Friston 2012), and accounts for cross-species (Van 

Essen and Glasser 2018) and cross-individual distinctiveness and individual variation in 

behavioral traits (Finn et al. 2015; Wang et al. 2015; Gordon et al. 2017; Kong et al. 2019). 

Over the last century, researchers have devoted a great amount of effort to understand the 

structural and functional topography of the human brain. Brain topography is classically 

represented in terms of a map or parcellation atlas and the process of constructing such maps 

is referred to as brain cartography. Each delineated area in a topographic map of the brain is 

deemed to be different in structure and/or function, compared to its neighboring areas. This 

is exemplified by early endeavors focusing on mapping local cytoarchitectonic and 

myeloarchitectonic differences across the cerebral cortex from postmortem specimens 

decades ago (Brodmann 1909; Vogt 1910; Von Economo and Koskinas 1925), to 

contemporary non-invasive brain mapping using advanced in vivo neuroimaging modalities, 

such as magnetic resonance imaging (MRI) (Eickhoff et al. 2018b). Indeed, since the early 

nineteenth century, brain cartography and parcellation have remained an ongoing topic and 

a major goal in neuroscience.   

 

The topographic organization of the human brain is complex, and the complexity of brain 

topography is marked by varied spatial scales and modalities, from molecules and cells, to 

large-scale brain networks (Eickhoff et al. 2018a); in multiple overlapping organizational axes 

(Huntenburg et al. 2018); and in the particular brain area studied, which can be as broad as 

the whole brain (Craddock et al. 2012), the entire cerebral cortex (Glasser et al. 2016), or as 

specific as one cortical lobe, such as the insular cortex (Nieuwenhuys 2012) or subcortical 

nuclei, such as the thalamus (Morel et al. 1997; Behrens et al. 2003) and striatum (Haber and 
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Knutson 2010; Choi et al. 2012). Indeed, comprehending brain organization appears to be an 

insurmountable ambition that has engrossed scientists for centuries.   

   

Brain topography is usually conceptualized using one of two paradigms: i) spatially distinct 

partitions with discrete areal boundaries (Brodmann 1909; Van Essen et al. 1981; Yeo et al. 

2011; Craddock et al. 2012; Glasser et al. 2016; Gordon et al. 2016; Schaefer et al. 2018; King 

et al. 2019); and more recently, ii) continuous gradients of gradual change (Mesulam and 

Mufson 1985; Cerliani et al. 2012; Strange et al. 2014; Margulies et al. 2016; Guell et al. 2018; 

Haak et al. 2018; Huntenburg et al. 2018; Paquola et al. 2019; Paquola et al. 2020). The first 

concept posits that the brain is structurally and functionally specialized into a mosaic of 

discrete patches, each of which shows a distinct pattern of structure, function and/or 

connectivity. As one moves from one patch to another, abrupt changes in one or more 

biological features would be expected, corresponding to locations of cortical boundaries. In 

contrast, the latter representation assumes that brain structure and function vary gradually 

across the brain’s topography, in the absence of sharp boundaries. Instead of a sharp and 

clearly defined boundary separating two cortical areas, this representation proposes that 

cortical structure, function and connectivity vary gradually across the spatial extent of the 

brain. The two topographic representations complement each other and both feature in 

many recent brain maps (atlases), ranging from microstructure to large-scale structural and 

functional connectivity (Strange et al. 2014; Eickhoff et al. 2018a; Eickhoff et al. 2018b; 

Huntenburg et al. 2018). Indeed, the two conceptualizations of brain topography have largely 

simplified and facilitated the characterization of brain organization in recent years. Figure 1.1 

exemplifies several well-known topographic maps of the human brain, particularly for the 

cerebral cortex, which are characterized by the two representations.  
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Figure 1.1. Topographic maps of the human cerebral cortex. A, Classic models of brain topography parse spatial 
variation in brain structure, function and connectivity into distinct partitions with discrete boundaries. Examples 
of brain atlases delineated based on cytoarchitecture (Brodmann 1909), gyral morphology (Desikan et al. 2006), 
functional connectivity (Gordon et al. 2016), structural connectivity (Fan et al. 2016) and multiple structural and 
functional imaging modalities (Glasser et al. 2016). B, Contemporary evidence from neuroimaging suggests that 
brain structure and function may potentially vary in a gradual manner across the brain’s spatial extent, in the 
absence of sharp boundaries. Principal gradient of variation in brain’s cytoarchitecture (Paquola et al. 2019), 
myeloarchitecture (Paquola et al. 2019), functional connectivity (Margulies et al. 2016), structural connectivity 
(Paquola et al. 2020) and activity in response to semantic stimuli (Huth et al. 2016). 
 

Nevertheless, questions and challenges associated with topographic representations and 

models of the brain are yet to be solved (Chapter 2). It remains disputed whether topographic 

change in brain structure, function and connectivity is better conceptualized in terms of 

continuous gradients that potentially overlap in space (Huntenburg et al. 2018) or a mosaic 

of discrete cortical patches (Eickhoff et al. 2018a). The insular cortex is one such 

topographically complex and functionally heterogeneous cortical lobe. Neuroanatomists 

have encountered great difficulties in subdividing the insula into individual subregions in early 
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studies (Brodmann 1909; Von Economo and Koskinas 1925; Rose 1928). While the insula’s 

topography has been studied for over a century, controversy remains about whether the 

insula comprises distinct subregions and the precise location of putative boundaries between 

subregions (Nieuwenhuys 2012; Cauda and Vercelli 2013). In the first part of this thesis, I 

therefore aimed to investigate and characterize the topographic organization of the insular 

cortex using modern in vivo neuroimaging techniques applied to healthy adult humans.  

 

Aim 1  

To investigate the topographic organization of the insular cortex in healthy humans using 

functional MRI. Specifically, I aimed to determine whether the functional architecture of the 

insula is best represented as a continuum of gradual change or by parcellating into discrete 

subregions. I also aimed to evaluate whether inter-individual variation in the insula’s 

topographic organization would associate with behavioral traits and cognitive performance 

(Chapter 3).   

 

Topographic organization of the insular cortex  

The insular cortex, together with the other four cortical lobes, including the frontal, parietal, 

temporal and occipital cortices, form the entire cerebral cortex. The insula comprises 2% of 

the total cortical area (Nieuwenhuys 2012) and is completely obscured by the frontal, 

temporal and parietal opercula in the lateral view of the exposed cerebral cortex. The five to 

six gyri comprising the insula are arranged in a vertical fan-like appearance, being separated 

from other cortical lobes by the superior circular, inferior circular sulcus and orbitoinsular 

sulcus (Figure 1.2). Based on the location of the central insula sulcus, the insular cortex is 

conventionally divided into an anterior portion comprising 3-4 short gyri and a posterior 

insula with two long gyri (Clark 1896; Afif and Mertens 2010). This anterior-posterior 

distinction provides one of the coarsest representations of insula’s topography (Afif and 

Mertens 2010), where the location of central insula sulcus is considered a fundamental 

landmark between the two portions.      
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Figure 1.2. Human insular cortex. A, Lateral view of the right hemisphere with the overlying opercula removed. 
b1, b2 and b3, short gyrus; l1 and l2, long gyrus; sce, sulcus centralis insulae; of, operculum orbitofrontal; ofp, 
operculum frontoparietale; ot, operculum of temporale; scia, scii and scis: sulcus circulars insula. Reproduced 
from (Retzius 1896). B, Sagittal view of a standard T1-weighted in vivo MR image. Anatomical location of the 
insular cortex is outlined by a white rectangular box.   
 

However, this coarse division does not capture the extensive functional and structural 

heterogeneity of the insula. The insular cortex is connected to many cortical and subcortical 

regions, receiving both interoceptive and exteroceptive sensory information (Mufson et al. 

1981; Mufson and Mesulam 1982; Mesulam and Mufson 1985; Augustine 1996; Mufson et al. 

1997). It is broadly involved in many functions, ranging from lower-order sensorimotor 

function (e.g. viscerosensory, somatosensory and somatomotor) to higher-order cognitive-

affective processes (Augustine 1996; Craig 2009; Mutschler et al. 2009; Singer et al. 2009; 

Kurth et al. 2010a; Kurth et al. 2010b; Xue et al. 2010; Stephani et al. 2011; Uddin et al. 2014; 

Segerdahl et al. 2015). Studies have sought to map these diverse functions onto distinct gyri 

and insular subregions, yielding a putative anterior-to-posterior differentiation in the insula’s 

function. Specifically, the anterior insula is primarily associated with viscerosensory functions 

such as gustatory and abdominal sensation (Small et al. 2003; Stephani et al. 2011), subjective 

emotion (Uddin et al. 2014) and cognitive abilities (Uddin 2015). In contrast, the posterior 

insula responds to a variety of somesthetic stimuli (Craig et al. 2000; Ostrowsky et al. 2000; 

Stephani et al. 2011) that are associated with general somatosensory process as well as 

thermal and pain perception. 

 

This anterior-posterior division of the insula’s function is consistent with and partly supported 

by the cytoarchitecture and connectional architecture of the insular cortex. Studies of 

histology and axonal tracing suggest that the cytoarchitecture and axonal fiber connections 
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of the insular cortex are topographically organized along an anterior-posterior axis (Mesulam 

and Mufson 1982; Mufson and Mesulam 1982; Mesulam and Mufson 1985; Friedman et al. 

1986; Gallay et al. 2012). While studies suggest that the cytoarchitecture of the insular cortex 

varies from agranular to granular with a transitional dysgranular zone in between them, the 

exact cytoarchitectonic boundaries of the insular cortex have yet to be characterized (Kurth 

et al. 2010a; Nieuwenhuys 2012). This is reflected by the enormous discordance among 

previous studies in the number of putative subregions comprising the insular cortex, ranging 

from 2 to 31 (Brodmann 1909; Von Economo and Koskinas 1925; Rose 1928) as illustrated in 

Figure 1.3. Rather than imposing hard boundaries between putative insular subregions, some 

neuroanatomists claimed that the insula’s cytoarchitecture and axonal connectivity varies 

gradually and continuously across its spatial extent, consistent with studies in macaque 

(Mesulam and Mufson 1982; Mufson and Mesulam 1982; Mesulam and Mufson 1985; 

Friedman et al. 1986). This may explain the “great difficulties” early neuroanatomists had in 

consistently subdividing the human insular cortex (Brodmann 1909; Von Economo and 

Koskinas 1925; Rose 1928) and the discrepancy among studies in the number of putative 

subregions. Perhaps alternative models and topographic representations are required to 

represent the insula? 
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Figure 1.3. Cytoarchitecture of the human insular cortex. A, Broadmann (1909) delineated anterior and 
posterior insular subregions. J.ant, agranular anterior insula; J.post, granular posterior insula; sce, sulcus 
centralis insulae. B, von Economo and Koskins (1925) divided the insular cortex into three cytoarchitectonic 
zones, including the frontoinsularis (FJ), pracentralis insulae (JA) and postcntralis insule (JB). C, Three insular 
subdivisions: including an agranular (Iag), a dysgranular (Idg) and a granular (Ig) zone delineated by Bonthius et 
al. (2005). D, 31 subregions of the insula delineated by Rose (1928). Images are adapted from Nieuwenhuys 
(2012). 
 
 
Early studies of the insula’s topography mainly relied on histological investigations of 

postmortem human brain or axonal tracing techniques in experimental animals, usually non-

human primates. Due to their invasiveness and requirement of postmortem tissue, while 

directly observable, these studies are limited and cannot be directly compared with living 

subjects. Using magnetic resonance imaging (MRI), studies are now able to characterize the 

topography of the human insular cortex in vivo. Specifically, the insular cortex was segmented 

into six subregions based on gyral morphology using standard T1-weighted MR images 

(Faillenot et al. 2017). The six subregions are (Figure 1.4A) largely consistent with patterns of 

the insula’s gyrification observed in postmortem specimens (Figure 1.2A). However, 

significant technical challenges remain with respect to imaging cytoarchitecture in vivo. 

Recent technical advances have facilitated the mapping of the microstructural organization 

of the insular cortex using myelin-sensitive MR contrasts, such as the T1 relaxation time (Bock 
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et al. 2009; Stüber et al. 2014), the ratio of T1- and T2-weighted image intensities (Glasser 

and Van Essen 2011) and the magnetization transfer technique (Schmierer et al. 2007). 

Although these MR techniques cannot directly measure microstructure, they are sensitive to 

variation in gray matter myelin content. Consistent with the anterior-posterior organizational 

axis in macaque (Mesulam and Mufson 1982; Mufson and Mesulam 1982; Mesulam and 

Mufson 1985; Friedman et al. 1986), a recent study found that this in vivo proxy of 

myeloarchitecture varies gradually and continuously across the topography of the insula 

(Royer et al. 2020).   

 

Likewise, the structural and functional connectivity of the insular cortex can be mapped using 

diffusion (Le Bihan and Breton 1985) and functional MRI (Thulborn et al. 1982; Ogawa et al. 

1990) techniques, respectively. In brief, diffusion MRI measures the diffusion process of water 

molecules, which presumably reflects the organization of white matter tracts interconnecting 

regions, referred to as structural connectivity. In contrast, functional MRI measures brain 

activity over time and the temporal co-activation between brain regions is referred to as 

functional connectivity (see Chapter 2). Many studies have investigated the structural and 

functional connectivity architecture of the human insular cortex using one of the two 

neuroimaging approaches. Although cytoarchitectural boundaries within the insula are not 

clearly demarcated (Kurth et al. 2010a; Nieuwenhuys 2012), it is possible that the macroscale 

insular connectivity maps inferred from functional or diffusion MRI would yield undisputable 

and reproducible insular subregions. However, findings from recent neuroimaging studies do 

not seem to support this notion. Some studies reported bipartite subdivisions of the insular 

cortex comprising an anterior and a posterior subregion (Nanetti et al. 2009; Cauda et al. 2011; 

Cauda et al. 2012; Jakab et al. 2012; Kelly et al. 2012; Alcauter et al. 2015), whereas the 

anterior insula was further divided into dorsal and ventral components in other studies (Deen 

et al. 2011; Chang et al. 2013; Moran et al. 2013; Ryali et al. 2015). The bipartite and tripartite 

subdivisions appear to be in line with most histological findings (Brodmann 1909; Von 

Economo and Koskinas 1925; Bonthius et al. 2005), however, maps comprising more than 

three subregions have also been proposed, resulting in insula maps with a mosaic of distinct 

subdivisions (Mutschler et al. 2009; Nelson et al. 2010; Power et al. 2011; Yeo et al. 2011; 

Kelly et al. 2012; Ryali et al. 2013; Glasser et al. 2016; Nomi et al. 2016; Vercelli et al. 2016; 

Yamada et al. 2016). Figure 1.4 exemplifies the substantial variation in contemporary 
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parcellations of the insula mapped with modern neuroimaging techniques. See Table 1 in 

Chapter 3 for a detailed summary of these previous studies.   

 

 
 
Figure 1.4. Parcellating the human insular cortex with MRI. A, Insula segmentation based on gyral and sulcus 
inferred from T1-weighted MR images (adapted from Faillenot et al.2017). B, Bipartite insular subdivisions based 
on functional connectivity inferred from resting-state fMRI (adapted from Cauda et al. 2012). C, Tripartite insular 
subdivisions based on functional connectivity inferred from resting-state fMRI (adapted from Deen et al. 2011). 
D, Twelve insular subdivisions based on functional connectivity inferred from resting-state fMRI (adapted from 
Vercelli et al. 2016). E, Varied parcellation solutions for the insula cortex using different structural or functional 
MRI modalities (adapted Kelly et al. 2012).      
 

Given the ambiguities in delineating sharp areal borders and disagreement about the number 

of subregions comprising the insula among both early neuroanatomists and contemporary 

researchers, I hypothesized that representations based on discrete subregions differentiated 

by hard boundaries might not provide the most parsimonious model of the insula’s 

topography. Therefore, I sought to consider alternative topographic representations, 

particularly focusing on models based on continuous gradients of gradual change 

(Huntenburg et al. 2018).  

 

As alluded to above, the function of the insula is diverse, and insular activation is associated 

with a wide range of psychological events (Chang et al. 2013; Uddin et al. 2014; Uddin 2015). 
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In particular, studies suggest that functional heterogeneity of the insular cortex is 

topographically organized, in which the anterior insula, especially the ventral component is 

primarily co-activated with limbic areas in the brain that correspond to affective processing, 

whereas the dorsal component is more activated in relation to higher-order cognitive tasks 

and executive control and co-activated with fronto-parietal association cortices. In contrast, 

the activation of the posterior extreme of the insula is preferentially co-activated with 

sensorimotor cortices, in response to somatosensory, pain, auditory and language-related 

events (Chang et al. 2013; Uddin et al. 2014; Uddin 2015). Given this topographic segregation 

of the insula’s functional roles, I hypothesized that inter-individual variation in the insula’s 

topography, particularly the anterior aspect, would associate with human behaviors relating 

to cognitive and affective processes, whereas individual variation in the topography among 

the posterior aspect of the insula would more likely explain behavioral variance relating to 

sensorimotor functions.   
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Aim 2  

Having characterized the functional organization of the insular cortex in healthy adults 

(Chapter 3), I next aimed to test whether neuropsychiatric illness, particularly schizophrenia, 

associates with alterations in the functional organization of the insular cortex. I also aimed to 

test whether alterations in the insula’s functional topography are associated with the severity 

of clinical symptoms and cognitive deficits in the disorder (Chapter 4).  

 

Schizophrenia  

Schizophrenia is a severe, devastating and chronic neuropsychiatric illness affecting more 

than 20 million people worldwide (Theo Vos et al. 2017). Despite a relatively low prevalence 

(0.24-0.31%) globally compared to other mental conditions (James et al. 2018), schizophrenia 

contributes to substantial global burden (Charlson et al. 2018) and was ranked the 12th most 

disabling illness among more than 300 diseases and injuries globally in 2016 (Theo Vos et al. 

2017). Schizophrenia is often characterized by a collection of symptoms, including distortions 

in perception, thinking and abnormal emotional, motor and social behaviors. Common clinical 

manifestations of schizophrenia are typically grouped into three categories, which include i) 

positive symptoms: delusions, hallucinations, disorganized thinking and speech and abnormal 

motor behaviors; ii) negative symptoms: diminished emotional expression and avolition as 

well as alogia, anhedonia and asociality; and, iii) cognitive and intellectual impairment. While 

cognitive impairment, such as deficits in memory and attention, is not included in the current 

Diagnostic and Statistical Manual of Mental Disorder (DSM-V; American Psychiatric 

Association, 2013), it has been increasingly recognized as one of the core features of this 

disorder (Keefe and Fenton 2007; Kahn and Keefe 2013). Nevertheless, the disorder’s etiology 

remains unknown (Insel 2010). 

 

Schizophrenia has long been considered as a disorder of brain connectivity  (Wernicke 1906). 

Modern functional and structural neuroimaging techniques have greatly expanded and 

supported the notion of brain connectivity abnormalities in individuals with schizophrenia 

(reviewed by (Fornito et al. 2012; van den Heuvel and Fornito 2014). It has been suggested 

that aberrant patterns of connectivity between spatially distributed brain regions and 

functional systems result in disturbances in information integration between cognitive 
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processes and sensory perception (Allen et al. 2008; Javitt 2009; Kaufmann et al. 2015), 

potentially giving rise to the complex symptomatology associated with schizophrenia (Friston 

1998). While the precise brain regions and neural circuits implicated in the pathophysiology 

of schizophrenia remain debated, mounting evidence suggests that the insular cortex is a key 

region that requires further investigation not only in schizophrenia, but in neuropsychiatric 

disorders more generally (Nagai et al. 2007; Wylie and Tregellas 2010; Menon 2011; Goodkind 

et al. 2015; Uddin 2015).  

    

Dysfunction of the insular cortex in schizophrenia  

Given the rich repertoire of functional roles performed by the insular cortex in sensory 

perception and cognitive-emotional processing, it is not surprising that the insula is 

commonly affected in a spectrum of psychiatric conditions. Gray matter atrophy of the insula 

has been consistently observed in individuals with schizophrenia across different illness 

stages (Kasai et al. 2003; Honea et al. 2005; Ellison-Wright et al. 2008; Glahn et al. 2008; 

Goodkind et al. 2015). One recent ROI-based meta-analysis further confirmed significant gray 

matter reduction in bilateral insula in both first episode and chronic schizophrenia patients, 

with the greatest magnitude of reduction in anterior insula (Shepherd 2012). Abnormal gray 

matter loss in the insula may affect information processing within the insula and other brain 

regions to which the insula is tightly connected. Indeed, dysconnectivity of the insular cortex 

has been repeatedly reported  in individuals with first-episode (Kasparek et al. 2013; 

Mallikarjun et al. 2018); chronic schizophrenia (Fornito et al. 2009; Palaniyappan et al. 2011; 

Palaniyappan and Liddle 2012; Moran et al. 2013; Palaniyappan et al. 2013), as well as 

individuals at high risk for the disorder (Seiferth et al. 2008; Dandash et al. 2014; Wotruba et 

al. 2014; Heinze et al. 2015). Most commonly, the insular cortex shows reduced functional 

connectivity with the cingulate cortex as well as regions comprising the central executive 

network and the default mode network in individuals with schizophrenia, compared to 

healthy controls (Moran et al. 2013; Palaniyappan et al. 2013; Dandash et al. 2014; Wotruba 

et al. 2014). However, the extent of functional dysconnectivity shows significant 

heterogeneity between individuals and depends on illness stage and other clinical factors, 

such as severity of illness. In particular, recent studies suggest that aberrant connectivity 

patterns of the insular cortex relate to the severity of psychotic symptoms (Palaniyappan et 
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al. 2013; Manoliu et al. 2014; Wotruba et al. 2014) and cognitive deficits (Moran et al. 2013; 

Wotruba et al. 2014) in the spectrum of psychosis disorders. However, most studies have 

mainly focused on the anterior aspect of the insular cortex (Figure 1.5) or the broader salience 

network (Seeley et al. 2007) of which the anterior portion of the insula comprises (Moran et 

al. 2013; Palaniyappan et al. 2013; Dandash et al. 2014; Manoliu et al. 2014; Wotruba et al. 

2014; Wang et al. 2016). Therefore, variations in patterns of connectivity across the spatial 

extent of the insular cortex require investigation.  

 

 
Figure 1.5. Altered functional connectivity of the insular cortex in psychosis inferred from functional MRI. A, 
Reduced functional connectivity between right ventral anterior insula (vAIns) and regions of the default mode 
network. Reproduced from Moran et al. 2013. PCC, posterior cingulate cortex; MPFC, medial prefrontal cortex; 
NC, normal control; SZ, schizophrenia. B, Altered functional coupling between right anterior insula and the 
posterior cingulate cortex in individuals at high risk (HR) and ultra-high risk (UHR) for psychosis compared to 
healthy comparison individuals (CTRL). Reproduced from Motruba et al. 2014. C, Altered functional connectivity 
pattern of the right anterior insula in individuals with schizophrenia compared to healthy controls (reproduced 
from Palaniyappan et al. 2013).    
 

In Chapter 3, I show that the insula’s connectional topography is best represented as a 

continuum of gradual change oriented along an anterior-posterior axis. The anterior-

posterior topographic organization facilitates, at least in part, the functional specialization of 

the insular cortex, ranging from sensorimotor processing to higher-order cognitive function. 

I hypothesized that connectivity profiles of the insula along the anterior-posterior 

topographic axis would differ in individuals with schizophrenia compared to healthy controls, 

potentially resulting in altered topographic orientation and/or altered magnitude of spatial 
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variation in functional connectivity across the topography of the insula. This could produce 

connectivity profiles that are less differentiated along the insula’s main topographic axis in 

schizophrenia, given the overall reduced segregation between functional brain networks that 

is typically found in the disorder (Fornito et al. 2012). Moreover, schizophrenia often shows 

widespread reductions in functional connectivity across many brain regions (van den Heuvel 

and Fornito 2014; Ganella et al. 2017), I therefore hypothesized that the altered topographic 

organization of the insula would be coupled with overall reduced functional connectivity 

between the insula and other brain regions to which it typically connects. Finally, I 

hypothesized that the extent of reorganization of insula’s connectional topography would 

associate with the severity of clinical symptoms and cognitive impairment. In particular, given 

the patterns of functional differentiation between the anterior and posterior aspect of the 

insula, I hypothesized that alterations in functional connectivity of the anterior portion of the 

insula would more likely associate with symptoms relating to distortions in thinking, emotion 

and cognitive deficits, whereas the posterior part of the insula would link to abnormalities in 

sensory perception.  
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Aim 3 

Having successfully characterized the topographic organization of the insular cortex in health 

(Chapter 3) and neuropsychiatric illness (Chapter 4), I next applied the new methodology and 

concepts that I developed to study the insula to the entire subcortex. Compared to cortical 

structures, the human subcortex remains one the brain’s remaining terra incognita 

(Alkemade et al. 2013; Forstmann et al. 2016) and the functional topography of some 

subcortical areas is not well characterized. The main aim in Chapter 5 was to utilize the 

methods developed and refined on the insula, to establish a new MRI atlas of the human 

subcortex, and to use the atlas to investigate the organization of the subcortex. Most MRI 

atlases focus on the cerebral cortex (see Figure 1.1), and thus there is a pressing need to 

develop a comprehensive atlas of the subcortex. I aimed to use the new subcortex atlas to 

enable holistic connectome mapping and characterization of cortico-subcortical circuits, and 

to investigate the relationship between subcortical organization and human behavioral traits 

and cognition.  

 

Subcortex neuroanatomy 

The subcortex lies deep below the cerebral cortex. The subcortex comprises approximately 

25% of the entire brain volume (Dunbar 1992) in humans but  consists of more than 400 small, 

unique and functional heterogeneous nuclei (FCAT 1998). These nuclei form three gross 

anatomical and functional divisions including i) basal ganglia; ii) diencephalon; and, iii) limbic 

structures. Nuclei located in the brainstem such as the red nucleus and ventral tegmental 

area are not discussed in this thesis. 

 

The basal ganglia is a group of interconnected gray matter nuclei, including the caudate 

nucleus, nucleus accumbens, putamen, globus pallidus, substantia nigra and subthalamic 

nucleus. While the substantia nigra and the subthalamic nucleus are not anatomical 

constituents of the rest of the basal ganglia, their functions are closely related. The basal 

ganglia has long been considered crucial in voluntary and involuntary movement control, 

evident from their unequivocal role in Parkinson’s disease (Obeso et al. 2000), in which the 

extrapyramidal motor system is primarily affected. In addition to the prominent motor 

control function, the basal ganglia is also involved in a variety of reward and goal-directed 
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behaviors through their dense reciprocal connections with the thalamus and the cerebral 

cortex, known as the cortico-basal ganglia-thalamo-cortical circuit (Maia and Frank 2011).  

 

The thalamus is part of the diencephalon and serves as a relay centre in the brain for sensory 

information and motor control signals. The thalamus also participates in higher-order 

cognitive function via reciprocal and nonreciprocal connections with a wide range of cortical 

regions (Sherman 2016). Other subcortical structures belonging to diencephalon include 

hypothalamus, epithalamus, subthalamus as well as metathalamus. Each of them comprises 

even smaller nuclei, functionally specialized through associated neuronal pathways. For 

example, the hypothalamus, which is located below the thalamus, links the central nervous 

system to the body’s endocrine system via synthesizing and secreting neurohormones. It 

regulates many aspects of metabolic processes and autonomic nervous system function such 

as body temperature, hunger, thirst, anger, feeding and sexual behaviors (Hennig 2001).    

 

The remaining part of the subcortex consists of the limbic system, including the hippocampus 

and the amygdala (amygdaloid complex). The hippocampus or a more-broad definition of 

hippocampal formation is a bulb-like structure buried deep within the medial temporal lobe. 

Broadly, it consists of dentate gyrus, hippocampus, subiculum, presubiculum, parasuiculum 

and entorhinal cortex (Andersen et al. 2007). While the hippocampus is a layered structure 

and is traditionally considered part of the medial temporal lobe, the hippocampus is often 

studied separately from the cerebral cortex in modern neuroimaging studies due to its deep 

location, unique cytoarchitectonic composition, complex anatomical organization, as shown 

in Figure 1.6. In terms of the function, the hippocampus, especially the dorsoposterior portion, 

plays a critical role in episodic memory and spatial navigation, whereas the ventroanterior 

hippocampus mediates anxiety-related emotional response (Strange et al. 2014) via its 

connections with the amygdala. Indeed, the amygdala, which is an almond-like structure 

comprising a collection of interconnected nuclei, located directly rostral to the hippocampal 

formation, plays an essential role in detecting and learning of objects with emotional 

significance, including both fearful (negative) and rewarding (positive) environmental stimuli 

(Janak and Tye 2015). Studies also suggest the existence of a sublenticular extended 

amygdaloid continuum within the stria terminalis to the bed nucleus of the stria terminalis. 
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This group of structures is referred to as extended amygdala and is considered an important 

output channel for the limbic system (Heimer et al. 2008).       

 

Topographic organization of the human subcortex 

Current anatomical and functional knowledge of the more than 400 subcortical structures 

have been obtained mainly through laboratory work in postmortem brain tissues using 

histological techniques or invasive tract-tracing and lesion studies in experimental animals. 

However, fewer than 7-10% of these structures are delineated in non-invasive, in vivo MRI-

based atlases (Evans et al. 2012; Forstmann et al. 2016). For example, the thalamus is 

conventionally divided into approximately 30 cytoarchitectonic nuclei (Morel et al. 1997), 

whereas boundaries between thalamic nuclei are hardly distinguishable in standard MRI 

images. Even less is known about the functional organization and connectivity architecture of 

the subcortex in living humans. Subcortical structures are widely implicated in the 

pathophysiology of many neurological and neuropsychiatric disorders and are greatly 

involved in cortical information processing that gives rise to cognition (Shepherd 2013). 

Nevertheless, many leading brain atlases delineate only cortical regions (Yeo et al. 2011; 

Glasser et al. 2016; Gordon et al. 2016; Langs et al. 2016; Schaefer et al. 2018); examples are 

shown in Figure 1.1. The subcortex features in fewer than five of the more than twenty 

parcellation atlases surveyed in a recent review (Eickhoff et al. 2018b). The field’s 

preponderance for the cerebral cortex, coupled with technical challenges inherent to imaging 

the subcortex, such as its deep location and iron-rich properties (Forstmann et al. 2016; 

Puckett et al. 2018), has led to the subcortex remaining a terra incognita (Alkemade et al. 

2013; Forstmann et al. 2016).  

 

Modern neuroimaging techniques such as the high-resolution MRI have enabled the 

delineation of broad anatomical structures in the subcortex in vivo. In particular, 

segmentations based on T1-weighted structural images provide delineations of caudate 

nucleus, nucleus accumbens, putamen, globus pallidus, thalamus, hippocampus and 

amygdala (Fischl et al. 2002; Jenkinson et al. 2012), whereas combining T1- and T2-weighted 

images facilitates the delineation of much smaller nuclei, such as the substantia nigra and 

subthalamic nucleus (Pauli et al. 2018) as well as hippocampal subfields (Iglesias et al. 2015) 
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and sub-nuclei comprising the amygdala (Saygin et al. 2017) when integrating information 

from ex vivo MRI (Figure 1.6A).  

 

 
Figure 1.6. Representative structural, diffusion and functional MRI atlases of subcortical structures. A, 
Anatomical structures in the subcortex delineated based on standard T1-weighted MRI images available in FSL 
(Harvard-Oxford atlas, Jenkinson et al. 2012) and FreeSurfer (Fischl et al. 2002). Combining T1- and T2-weighted 
images facilitates the delineation of additional small nuclei (CIT168 atlas, adapted from Pauli et al. 2018), as well 
as hippocampal subfields (Iglesias et al. 2015) and sub-nuclei comprising the amygdala with ancillary labeling 
inferred from ex vivo MRI (Saygin et al. 2017). HIP, hippocampus; AMY, amygdala; NAC, nucleus accumbens; Ca, 
caudate nucleus; Pu, putamen; THA, thalamus; GP, globus pallidus. Gpe, globus pallidus external; Gpi, globus 
pallidus internal; SNc, substantia nigra compacta; SNr, substantia nigra reticulata; HTH, hypothalamus; STH, 
subthalamic nucleus; VeP, ventral pallidum; PBP, parabrachial pigmented nucleus; HN, habenular nuclei; EXA, 
extended amygdala; VTA, ventral tegmental area; RN, red nucleus; MN, mammillary nucleus; B, Subdivisions of 
thalamus (Behrens et al. 2003), striatum (Tziortzi et al. 2013), hippocampus (adapted from Adnan et al. 2016)  
and amygdala (adapted from Solano-Castiella et al. 2010) based on structural connectivity inferred from 
diffusion MRI. C, Functional subdivisions of thalamus (adapted from Hwang et al. 2017), striatum (Choi et al. 
2012), hippocampus (Plachti et al. 2019) and amygdala (adapted from Mishra et al. 2014) based on functional 
connectivity inferred from resting-state functional MRI.  
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Moreover, the development of diffusion MRI techniques first enabled non-invasive mapping 

of subcortical connectivity architecture in living humans, resulting in in vivo maps of white 

matter connectivity. Earlier work focused on applying tractography to characterize the 

structural connectivity architecture of the thalamus (Behrens et al. 2003), striatum (Lehericy 

et al. 2004; Leh et al. 2007; Tziortzi et al. 2013), hippocampus and amygdala (Smith et al. 2009; 

Colnat-Coulbois et al. 2010; Solano-Castiella et al. 2010; Adnan et al. 2016) as exemplified in 

Figure 1.6B. Many of these pioneering studies sought to recapitulate neural circuits 

predominantly reported in rodents and non-human primates, thereby yielding 

correspondence between humans and these species. For the first time, the thalamus was 

parcellated non-invasively into seven subregions, and each subregion is thought to be most 

strongly connected to one of the seven broadly defined anatomical areas in the cortex 

(Behrens et al. 2003). The delineated thalamic subregions were found to be spatially 

consistent with thalamic nuclei identified from histology (Morel et al. 1997). Similarly, based 

on cortical regions to which subcortical nuclei are connected, the connectivity architecture of 

the striatum was topographically characterized in terms of posterior-sensorimotor, anterior-

associative and ventral-limbic pathways (Lehericy et al. 2004), paralleling axonal tracing 

studies in experimental animals (Alexander et al. 1986). In contrast to the abundant long 

distance thalamo-cortical and striato-cortical connections, the hippocampus and amygdala 

appear to be more densely connected to surrounding cortical and subcortical structures. For 

example, tract-tracing studies in rodents and monkeys have repeatedly shown that the 

hippocampus and other limbic structures are topographically interconnected, forming a 

complex system of hippocampal-diencephalic-cingulate network for memory and emotion 

processes (Bubb et al. 2017). While it remains technically challenging to map all efferent and 

afferent fibers of the hippocampus in living humans using diffusion MRI, fiber tracts 

connecting the hippocampus to mammillary bodies (postcommissural fornix), anterior 

thalamic nuclei (fornix), and the cingulate cortex (cingulum) have been successfully 

reconstructed (Granziera et al. 2011; Christiansen et al. 2016; Wei et al. 2017; Maller et al. 

2019). 

 

The emergence of functional MRI facilitated further investigation of the connectivity 

architecture of the human subcortex from the perspective of a complementary MRI modality. 

As aforementioned, diffusion MRI captures the diffusion process of water molecules (Le Bihan 
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and Breton 1985), which can be used to generate tractograms that represent white matter 

tracts (i.e. structural connectivity) in the brain, whereas functional MRI provides an index of 

brain activity and the statistical patterns of co-activation are referred to as functional 

connectivity (Biswal et al. 1995). See Chapter 2 for a detailed description of the two 

techniques. Di Martino and colleagues (Di Martino et al. 2008) mapped functional 

connectivity from six striatal activation hotspots (Postuma and Dagher 2005) to the rest of 

the brain. They found that patterns of connectivity across the six striatal seeds are different 

and the cortico-striatal connectivity maps produced were consistent with findings of cortico-

striatal circuits in macaque (Alexander et al. 1986; Di Martino et al. 2008). Rather than 

selecting striatal seeds beforehand, Barnes and colleagues (Barnes et al. 2010) grouped 

striatal voxels into three clusters on the basis of similarity in patterns of whole-brain 

functional coupling. Each cluster thus represents one putative striatal subregion. Choi and 

colleagues (Choi et al. 2012) instead assigned striatal voxels to cortical networks (Yeo et al. 

2011) according to the network with which they are most strongly connected, yielding a 7- 

and 17-network equivalent striatal parcellations. Building on this previous work, many 

different clustering methods, community detection algorithms or network assignment 

approaches have been proposed to investigate the functional organization of subcortical 

structures, yielding an assemblage of parcellation atlases for the striatum (Jung et al. 2014; 

Janssen et al. 2015; Pauli et al. 2016; Ogawa et al. 2018), thalamus (Hwang et al. 2017; Zhang 

and Li 2017), hippocampus (Chase et al. 2015; Robinson et al. 2015; Barnett et al. 2019; Plachti 

et al. 2019; Zhong et al. 2019), and amygdala (Bickart et al. 2012; Mishra et al. 2014; Zhang et 

al. 2018) . Representative functional atlases of these subcortical structures are shown in 

Figure 1.6C.   

 

More recently, an alternative model of topographic organization based on the concept of 

cortical gradients has garnered increasing attention in the field (Margulies et al. 2016; Haak 

et al. 2018; Tian and Zalesky 2018) and has recently been applied to investigate the 

connectivity architecture of specific subcortical structures (Marquand et al. 2017; Vos de 

Wael et al. 2018; Przeździk et al. 2019). These studies show that the principal axis of variation 

in connectivity within the hippocampus is topographically organized along an anterior-

posterior axis (Vos de Wael et al. 2018; Przeździk et al. 2019), which is consistent with the 

longitudinal functional organization of the hippocampus (Poppenk et al. 2013; Strange et al. 
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2014). Interestingly, the secondary connectivity gradient recapitulates the media-lateral axis 

that is typically presented in hippocampal histology (Vos de Wael et al. 2018), see Figure 1.7A. 

Another subcortical structure that has been examined using gradient representations is the 

striatum (Marquand et al. 2017). According to the authors’ observations, the dominant 

striatal connectivity gradient separates the three major neuroanatomical divisions in the 

striatum, including caudate nucleus, nucleus accumbens and putamen (Figure 1.7B, upper), 

whereas the second gradient organizes along a ventral-to-dorsal axis that traverses both 

putamen and caudate. This spatial layout is in line with the theoretical reward circuit of the 

striatum inferred from invasive tract-tracing studies (Haber et al. 2000; Haber 2003; Haber 

and Knutson 2010)(Figure 1.7B, bottom). More interestingly, Marquand and colleagues (2017) 

found that individual variation in striatal connectivity gradients associates with goal-directed 

human behaviors, particularly delayed discounting, confirming the role of the striatum in the 

brain’s reward system.  

 

 
Figure 1.7. Connectivity gradients of hippocampus and striatum inferred from resting-state functional MRI. A, 
Connectivity gradients within hippocampal subfields (subiculum, CA1-3 and CA4-DG). The first principal gradient 
(Gradient I) in hippocampal functional connectivity varies along an anterior-posterior, whereas the second 
gradient (Gradient II) runs along the medial-lateral axis that is consistent with the hippocampal infolding 
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(adapted from Vos de Wael et al. 2018). CA, cornu ammonis; DG, dentate gyrus. B, Connectivity gradients within 
the striatum. The first gradient (Gradient I) distinguishes connectivity variation between three major 
neuroanatomical divisions in the striatum, including caudate nucleus (red), nucleus accumbens (green) and 
putamen (blue), whereas the second gradient (Gradient II, left, adapted from Marquand et al. 2017) 
recapitulates the topographic organization of striatum, the theoretical reward circuit, predicted from tract-
tracing studies (right, adapted from Marquand et al. 2017; Haber and Kuntson 2010). dPFC, dorsal prefronal 
cortex; dACC; dorsal anterior cingulate cortex; vmPFC, ventral medial prefrontal cortex; OFC, orbital fronal 
cortex; Amy, amygdala; Hipp, hippocampus; SN, substantia nigra; VTA, ventral tegmental area; PPT, 
pedunculopontine nucleus; STN, subthalamic nucleus; VP, ventral pallidum; Hypo, hypothalamus; LHb, laterla 
habenula; THAL, thalamus. 
 
 
Nevertheless, most previous studies examined specific subcortical regions, such as the 

striatum, thalamus, hippocampus and amygdala in isolation (Figure 1.6 B&C and Figure 1.7), 

without first establishing whether functional boundaries or gradual transitions exist between 

these regions. In other words, a piecemeal approach has been taken to investigate the 

topography of the subcortex, whereby individual subcortical nuclei are studied in isolation, 

potentially overlooking global topographic effects encompassing the entire subcortical 

volume. It may seem reasonable to study individual subcortical regions in isolation because 

anatomical boundaries between broad subcortical nuclei are generally well established and 

represented in numerous MRI atlases, such as Lead-DBS (Horn and Kuhn 2015), FSL (Jenkinson 

et al. 2012) and FreeSurfer (Fischl et al. 2002), as exemplified in Figure 1.6A. Surprisingly 

however, the very few existing connectivity-based atlases (Figure 1.8) encompassing more 

than one subcortical region (Bellec et al. 2010; Craddock et al. 2012; Fan et al. 2016; Ji et al. 

2019) usually do not preserve established anatomical boundaries (Figure 1.6A). This may 

suggest structure-function divergence or methodological variation across previous studies. 
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Figure 1.8. Connectivity-based 
atlases comprising more than one 
subcortical region. A, Subcortex 
atlas delineated based on 
structural connectivity using 
diffusion MRI data (Fan et al. 
2016), with cortex, brainstem and 
cerebellum removed. B, Subcortex 
atlas delineated based on 
functional connectivity using data 
from resting-state functional MRI 
(Ji et al. 2019), with brainstem and 
cerebellum removed.  C, Whole 
brain atlas including the subcortex 
delineated based on functional 
connectivity inferred from resting-
state functional MRI (Bellec et al. 
2010). 
 

 

Given these considerations, I aimed to map the functional connectivity architecture across 

the entire topography of the subcortex, with the goal of delineating a new functional MRI 

atlas for the subcortex. In particular, I aimed to apply the new methodology I developed to 

map the insula’s topography (Chapter 3) to investigate the functional organization of the 

subcortex. I hypothesized i) a rudimentary alignment between the anatomical and functional 

architecture of the subcortex; and, ii) some functional subsystems that potentially diverge 

from the anatomy. For example, the anterior-posterior functional specification of 

hippocampus is divergent from the topography of anatomical subfields, which is medial-

laterally organized (Poppenk et al. 2013; Strange et al. 2014), and therefore the connectivity 

topography of the hippocampus may be different to the topographic organization of 

hippocampal subfields. I also aimed to use this new subcortex atlas to characterize the 

organization of cortico-subcortical circuits and investigate the relationship between 

subcortical functional organization and human behaviors. In particular, subcortical nuclei are 

widely implicated in numerous cognitive processes and neuropsychiatric disorders, acting 

through the brain’s dopaminergic and mesolimbic reward systems (Maia and Frank 2011; 

Shepherd 2013). Information processing and exchange within these systems are crucial in 

learning and guiding behaviors so as to avoid punishments while acquiring rewards (Maia 

2009; Pennartz et al. 2009). Hence, I hypothesized that subcortical functional connectivity 
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would associate with human cognition, especially the cognitive processes that relate to 

rewards, decision making and goal-directed behaviors. 

 

Summary and thesis overview 

The overarching aim of this thesis is to comprehensively characterize the topographic 

organization of the human insular cortex and subcortex using modern functional 

neuroimaging techniques. These brain areas are widely implicated in the pathophysiology of 

numerous neuropsychiatric and neurological disorders, yet their topographic architectures 

are some of the most disputed of all brain areas. Variation in the number of putative 

subregions comprising the insular cortex is highly discrepant between studies, ranging 

between 2 and 31 subdivisions, while the large-scale topography of the subcortex is not well 

understood. Before the role of these key brain areas in the pathophysiology of 

neuropsychiatric disorders can be elucidated, these challenges must first be resolved, and a 

deeper understanding of topographic organization established. Indeed, in this thesis, I 

demonstrated how a novel gradient-based characterization of insula’s topography (Chapter 

3) can be utilized to uncover new insights into insula’s dysfunction associated with 

schizophrenia (Chapter 4). 

 

To develop a more principled understanding of brain topography, I aimed to reconcile the 

distinction between classical models of topographic variation based on discrete regions and 

contemporary representations involving continuous gradients. The next chapter (Chapter 2) 

introduces these two complementary conceptualizations of brain topography and provides 

the necessary background information for the remaining chapters, including a brief overview 

of functional neuroimaging techniques and the key methodologies used throughout the 

thesis. Chapter 3 investigated the topography of the insular cortex using functional 

neuroimaging in 100 healthy adults, aiming to establish whether topographic variation is most 

parsimoniously represented in terms of continuous gradients or discrete regions. Next, 

Chapter 4 applied these new insights to investigate whether a serious neuropsychiatric 

disorder (schizophrenia) is associated with reorganization of the insula’s topography and 

alterations in its functional connectivity architecture. Having developed and tested a 

successful model of the insula’s topography in health and illness, I next aimed to extend  the 
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novel model to the entire human subcortex using functional neuroimaging in more than 1000 

health adults, with the goal of developing a new subcortical MRI atlas and investigating the 

functional connectivity architecture of the subcortex in rest and in response to task demands, 

as well as associations with inter-individual variation in cognitive performance and behavioral 

traits. Work pertaining to the subcortex is presented in Chapter 5. Finally, Chapter 6 provides 

an extended discussion, consideration of key limitations of the studies and brief prospective 

of potential future work.   

 

Summary of key outcomes 

• I provided a principled approach to reconcile classical (i.e. distinct regions) and 

contemporary (i.e. continuous gradients) representations of brain topography. In 

particular, I developed a formal model selection procedure based on null hypothesis 

testing to reconcile these two complementary models of brain topography, enabling 

topographic representations that parsimoniously combine distinct regions and 

continuous gradients.  

 

• I showed that the functional connectivity architecture of the insular cortex is most 

parsimoniously represented using continuous gradients of gradual change oriented 

along an anterior-posterior axis. In contrast to previous studies, I argued that evidence 

for the insula comprising distinct functional regions differentiated by hard boundaries 

is relatively weak, although further investigation is warranted.    

 

• I demonstrated that inter-individual variation in the insula’s topographic organization 

significantly associates with measures of behavior and cognitive performance. In 

particular, individuals with greater differentiation within the anterior insula are 

associated with higher scores in measures of positive affect, self-efficacy, emotion 

recognition, motor dexterity and gustatory sensation. Contrastingly, individuals who 

score high on sleep disturbances, underpinned by somatosensory sensation, are 

associated with greater differentiation within the posterior insula.   
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• I presented new evidence for subtle reorganization of insula’s topography in 

individuals with schizophrenia. In particular, I showed that the insula is less 

differentiated along its anterior-posterior axis among patients with schizophrenia, 

compared to healthy controls, with patterns of functional connectivity between the 

insula and key cortical areas also showing disruptions. Crucially, I presented evidence 

suggesting that inter-individual variation in the extent of insula differentiation 

significantly associates with the severity of clinical symptoms in the group of patients 

studied.  

  

• I developed a new multiscale MRI atlas of the human subcortex, called the Melbourne 

Subcortex Atlas. The atlas unveils four hierarchical scales of subcortical organization, 

recapitulating well-known anatomical nuclei at the coarsest scale and delineating 27 

new bilateral regions at the finest. The atlas is made publicly available to the 

neuroscience community and has already been used in numerous connectomic 

studies and to help guide targeting of brain stimulation therapies in ongoing clinical 

trials.  

  

• I unveiled the astoundingly complex topographic organization of the human subcortex 

using both 3 Tesla and ultra-high field strength (7 Tesla) functional neuroimaging. The 

improved contrast to noise ratio and spatial resolution of 7T enabled the delineation 

of finer functional architecture in the subcortex, particularly within the hippocampus 

and the amygdala, where more functional subdivisions were delineated. Moreover, 

the new subcortical atlas is personalized to account for individual connectivity 

differences and utilized to uncover reproducible relationships between subcortical 

connectivity and individual variation in human behaviors. I also established new links 

between cortical networks and subcortical regions and presented evidence for a 

significant and reproducible association between tobacco use and subcortical 

connectivity.    
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Models of brain topography 

In this chapter, I survey the literature that has considered different representations of the 

topographic organization of the human brain. I consider micro- to macro-scale organizational 

properties, as well as brain structure and function. I discuss advantages, disadvantages as well 

as challenges that are associated with these topographic models, which are increasingly used 

to investigate brain organization. Finally, I provide a brief overview of the methodologies used 

in this thesis as well as details about the neuroimaging datasets and study participants. 

 
Microscale architecture 

Early brain atlases of microarchitecture were largely based on histological investigations 

(Brodmann 1909; Vogt 1910; Von Economo and Koskinas 1925), with the use of Nissl-stained 

brain tissue sections for neuronal cell bodies (cytoarchitecture) or myelinated nerve fibers 

(myeloarchitecture). Most regions of the human cerebral cortex comprise six layers, namely, 

the isocortex, except the motor cortex which does not have a clear recognizable layer IV 

(Brodmann 1909). The cytoarchitectonic feature of the isocortex is often characterized by the 

distribution of the type, size of neuronal cell bodies and the density across the six 

conventional cortical layers as well as the degree of columnar arrangement of the neurons. 

By contrast, myeloarchitecture is often characterized by the length, thickness and spacing of 

radial (vertically oriented) fiber bundles as well as the existence and spatial distribution of 

tangential (horizontally oriented) fiber bands across layers, such as the inner and outer 

Baillarger stripes, Kaes-Bechterew, and Cajal-Retzius strip (Zilles and Palomero-Gallagher 

2001).  

 

Despite the existence of consensus classification criteria among neuroanatomists, practical 

observations are usually subjective and observer-dependent, yielding varied definitions of 

cortical maps, ranging from 43 (Brodmann 1909) to 150 (Von Economo and Koskinas 1925) 

cytoarchitectonic areas as well as a myeloarchitecture map that comprises 185 areas (Vogt 

and Vogt 1919). For example, Brodmann divided the postcentral region into four 

cytoarchitectonic zones including BA 3, 1, 2, and 43, whereas von Economo and Koskinas 

delineated six areas named PA1, PA2, PB1, PB2, PC and PD. The parietal region comprises four 

cytoarchitectonic distinct areas in Brodmann’s map, whereas eight parietal areas were 
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delineated according to von Economo and Koskinas. Brodmann and some other 

contemporary neuroanatomists including Vogt were certainly in favor of delineating distinct 

cortical areas separated by sharp borders. The notion was emphasized in Vogt’s observation 

of myeloarchitecture, in which he posited that the areal border is as sharp as a hair. In 

contrast, von Economo and Koskinas were inclined to also describe transitional zones, which 

were characterized by a continuum of gradual change in the cytoarchitecture, in the absence 

of abrupt local differentiation. For example, the caudal part of Brodmann area 2 (BA 2) in the 

intraparietal sulcus was characterized by von Economo and Koskinas as a transitional zone, in 

which the variation in the cytoarchitecture continued for a considerable distance on the 

upper and lower bank of the intraparietal sulcus. Likewise, von Economo and Koskinas 

marked the great difficulties in delineating clear-cut borders between the angular gyrus 

(Brodmann area 39) and surrounding areas. Interestingly, while Brodmann also found the lack 

of sharp borders between BA 39 and its neighbors, the hard boundaries with surrounding BA 

7, BA 19 and BA 37 were still imposed regardless. The disagreement among neuroanatomists 

may be due to the lack of objective and observer-independent measures and the limited 

number of postmortem samples. The lack of a common reference space also made it difficult 

to combine and compare results across different studies, which may have yielded discrepant 

conclusions.    

   

The development of automated image analysis approaches, combined with three-

dimensional reconstruction and spatial registration of multiple postmortem brain tissues 

onto a standard common space (Eickhoff et al. 2005; Amunts and Zilles 2015) enabled 

significant advances in the field. This enabled cortical cytoarchitecture to be mapped 

quantitatively with the consideration of a set of different laminar features. One of the earliest 

measures is called the gray level index (Wree et al. 1982), which estimates the volume fraction 

of neuronal bodies along the cortical ribbons. This index was then developed further to 

estimate the relationship between supra- and infragranular layers with respect to the volume 

fraction of neuronal bodies (Schleicher et al. 2000; Schleicher et al. 2005). These 

measurements are observer-independent, and the degree of spatial variation in the cortical 

cytoarchitecture can be informed from statistically testable criterion such as the Mahalanobis 

distance (Amunts et al. 2000; Schleicher et al. 2005). Instead of relying on traditional visual 

inspection, researchers sought to quantify how sharp or gradual the change is between two 
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cortical areas. Indeed, the abrupt and significant increase of the Mahalanobis distance has 

been used to indicate significant changes in the cytoarchitecture, such as the sharp transition 

between the two subregions of the posterior fusiform gyrus (FG1 and FG2) (Caspers et al. 

2013). In contrast, the cytoarchitecture of the dorsal extrastriate cortex was found to be more 

complicated and showing transitional phenomena (Amunts et al. 2000; Kujovic et al. 2013). 

These researchers concluded that the cytoarchitecture or laminar organization across the 

cerebral cortex is indeed heterogeneous and perhaps more heterogeneous than Brodmann’s 

initial observations. Researchers therefore proposed that the spatial layout of 

cytoarchitecture may vary from abrupt changes to more gradual and grade-like transitions 

across the topography of the cerebral cortex (Amunts and Zilles 2015). 

 

More recently, studies have sought to simplify the characterization of the complex cortical 

microstructure into a single neuronal index, such as the neuron number or density per unit 

space of cortical surface (Collins et al. 2010; Cahalane et al. 2012; Charvet et al. 2013; Charvet 

et al. 2017). Although not optimal, since neuronal architecture reflected by the single 

neuronal index cannot comprehensively represent neuronal function, the authors 

demonstrated that neuron density varies substantially across the spatial extent of the 

cerebral cortex along a rostrocaudal axis. Across different mammal species, neuron density is 

generally found to be highest in the caudal part of the brain, where primary sensory 

information is processed (e.g. visual cortex and somatosensory cortex), and gradually 

decreases toward more rostral brain regions. This rostrocaudal gradient may associate with 

the temporal trajectory of neurogenesis, during which neurogenesis ends earlier in rostral 

regions compared to the caudal part (Cahalane et al. 2014; Charvet and Finlay 2014). Neurons 

residing in the caudal part of the brain undergo a higher number of cell cycles, resulting in a 

larger number of neurons but smaller in size. Contrastingly, the neurogenesis of rostral 

regions terminates earlier, allocating more time for neurons to grow and form abundant 

axonal and synaptic connections (Elston 2000).  

 

Other microstructural properties, such as the density of neurotransmitter receptors (Zilles et 

al. 2002; Amunts and Zilles 2015) or more comprehensively, genome-wide maps of brain 

transcriptome (Hawrylycz et al. 2012) have also been proposed to facilitate the understanding 

of brain organization. Local differentiations of microstructural properties are direct and 
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observable and have largely enriched our understanding of the topographic organization of 

the human brain. Nevertheless, the brain is also densely connected, forming networks at 

multiple scales, to facilitate information processing and communication. It has been 

suggested that regions sharing similar microstructure are more likely to be strongly connected 

(van den Heuvel et al. 2015; Goulas et al. 2016; Huntenburg et al. 2017). The macroscale 

connectivity architecture thus complements local differentiations, providing an integrative 

and comprehensive characterization of brain organization (Toga et al. 2006).  

 

Macroscale connectivity architecture 

Brain connectivity traditionally refers to the physical connections between neurons and brain 

regions (i.e. axons and axonal fiber bundles), which can be measured using invasive fiber 

tracing techniques in experimental animals or ex vivo fiber-dissection in the postmortem 

human brain. Due to their invasiveness and the requirement of postmortem tissues, while 

directly observable, these approaches cannot yield comparable functional references for 

living subjects. Moreover, these approaches require extensive laboratory examinations, 

limiting the sample size to a few subjects. Fortunately, the development of magnetic 

resonance imaging (MRI) and other neuroimaging techniques in recent decades, have 

enabled the estimation of regional connectivity noninvasively in a large number of human 

populations.  

 

In particular, one of the techniques, referred to as diffusion-weighted imaging, generates 

contrast in MR images based on the diffusion of water molecules (Le Bihan and Breton 1985). 

The diffusion process of water molecules and associated computational approaches such as 

tractography can then be used to generate tractograms that represent white matter tracts in 

the brain. White matter tracts connecting two regions give rise to the concept of structural 

connectivity. However, one major challenge of tract reconstruction using diffusion-weighted 

tractography is the mapping of considerable numbers of false-positive fiber bundles (Zalesky 

et al. 2016; Maier-Hein et al. 2017). Therefore, caution is required when interpreting results 

inferred from structural connectivity.   
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Another commonly used connectivity measure is functional connectivity, which measures 

statistical co-activation patterns in brain activity between spatially distributed brain regions, 

under certain external task stimuli or in the absence of any behavioral task, that is, at rest 

(Biswal et al. 1995). Although both structural and functional connectivity reflect important 

organizational properties of the human brain, I focus on the topographic organization of the 

human brain in the context of functional connectivity in this thesis. Specifically, I use the 

technique of functional MRI to provide an indirect index of brain activity and investigate 

patterns of synchronized fluctuations in this activity. The technique of functional MRI was 

used in all three studies (Chapter 3-5) presented in this thesis.  

 

Functional magnetic resonance imaging and functional connectivity 

Functional magnetic resonance imaging (fMRI), in particular, the blood oxygenation level 

dependent (BOLD) fMRI is a non-invasive, in vivo imaging technique for measuring neuronal 

activity associated with regional cerebral blood flow (CBF) that arises from physiological 

events (Ogawa et al. 1990). This technique indirectly reflects the neuronal activity given the 

localized coupling between the cerebral metabolic rate of oxygen consumption, cerebral 

metabolic rate of glucose consumption and the CBF (Raichle 1987). Specifically, CBF increases 

as a consequence of increased metabolic and oxygen demands due to increased neuronal 

activity. The agent that carries and transports oxygen is called hemoglobin, which is an iron-

containing metalloprotein in red blood cells. It exists in two forms: i) saturated with oxygen 

molecules, named oxyhemoglobin; and, ii) desaturated with oxygen molecules, known as 

deoxyhemoglobin.  

 

As a response to increased neuronal activity, the blood flow increases, however, to a greater 

extent that exceeds the local cerebral metabolic rate of oxygen consumption in the neurons, 

yielding a locally increased oxygen saturation in veins and capillaries, and therefore, an 

increased ratio of oxygenated to deoxygenated hemoglobin in the region of neuronal 

activation (Buxton et al. 2004; Buchbinder 2016). Compared to brain tissues, the 

deoxyhemoglobin is paramagnetic whereas the oxyhemoglobin is diamagnetic (Pauling and 

Coryell 1936). As a result, dynamic changes in the local deoxyhemoglobin concentration in 

the brain lead to signal intensity fluctuations in the functional magnetic images, i.e. the BOLD 
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contrast (Thulborn et al. 1982; Ogawa et al. 1990). Figure 2.1 illustrates psychological and 

physical processes associated with the intensity fluctuation of BOLD signals.  

 
Figure 2.1. Physiological and physical events associated with intensity fluctuation of fMRI BOLD signals. Blood 
flow and volume increases as a consequence of increased neuronal activity such as action potentials and 
synaptic activity, metabolic and oxygen consumption, which leads to a change in blood oxygenation. In turn, the 
dynamic changes in the local deoxyhemoglobin concentration in the brain lead to signal intensity fluctuations in 
the BOLD contrast of functional magnetic image (reproduced from (Uludağ and Uğurbil 2015). 
 
 
Two modalities of fMRI are commonly implemented, depending on research questions. The 

first modality is task-evoked fMRI, which measures BOLD signal changes associated with 

explicit task stimuli. Specifically, during the fMRI scan, participants are requested to perform 

one or more cognitive tasks designed to target different aspects of neurophysiological and 

neuropsychological process, such as working memory, emotional processing, motor 

execution, visual, auditory and somatosensory processing, decision making and many others 

(Cole et al. 2010; Barch et al. 2013). The detected BOLD signal changes are deemed to reflect 

regional neuronal activation in response to certain task paradigms. However, this approach 

typically requires constrained hypotheses and may induce idiosyncrasies and paradigm bias 

that might present in certain cognitive tasks.  

 

In contrast, another fMRI modality, known as resting-sate fMRI aims to measure functional 

interaction between different brain regions that occurs when an individual is not performing 

any explicit task, i.e. at rest. Specifically, in a standard procedure, participants are instructed 

to keep eyes closed or fixed to a crosshair without thinking about anything in particular for a 
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period of time, usually around 10 minutes in a clinical setting. BOLD signals are recorded at 

each time point, yielding a set of time series for each voxel in the acquired MRI images. The 

spacing between time points in this series is dependent on the pulse sequence of fMRI 

acquisitions, i.e. the repetition time (TR), whereby the shorter the TR, the more the time 

points are acquired under a certain period of time. It was first discovered that the 

spontaneous low frequency (<0.1HZ) fluctuations of BOLD signal are temporally correlated 

between brain regions related to motor function in the absence of external stimuli (Biswal et 

al. 1995). Since this initial discovery, these correlations, referred to as functional connectivity, 

have yielded great insights into the large-scale intrinsic functional architecture of the brain 

(Fox and Raichle 2007). Mathematically, functional connectivity can be expressed as the 

statistical dependence of BOLD signal time series between two regions (voxels), and is most 

commonly estimated with the Pearson’s correlation coefficient, which assumes a linear 

relationship between the time series (Marrelec et al. 2008). Functional connectivity measured 

by resting-state fMRI is sensitive to coupling between spatially distributed brain regions as 

well as adjacent areas (Sepulcre et al. 2010). Although not a direct measure of anatomical 

connectivity, functional couplings between brain regions are largely constrained by brain 

anatomy (i.e. white matter connectivity), as demonstrated in a number of previous studies in 

humans (Skudlarski et al. 2008; Honey et al. 2009; Hermundstad et al. 2013) as well as studies 

using tract-tracing data in non-human primates (Vincent et al. 2007; Miranda-Dominguez et 

al. 2014). The correspondence between structural and functional connectivity has enabled 

resting-state fMRI to be used to investigate properties of circuitry organization in the brain 

(Fox and Raichle 2007; Van Dijk et al. 2010). It is also noteworthy that while constrained by 

anatomy, functional connectivity is not fully dictated by physical connections and can also 

present in the absence of direct axonal fiber tracts (Honey et al. 2009; Adachi et al. 2012). 

 

While functional connectivity has been predominantly examined in the context of resting-

state fMRI, recent studies have also moved toward characterizing functional connectivity 

during various task-evoked states (Greicius et al. 2003; Fox et al. 2005; Fair et al. 2007; Fox et 

al. 2007). These studies suggest that regions routinely showing increased and deceased 

activation during a variety of cognitive attention-demanding tasks are intrinsically 

represented in the brain, forming anticorrelated networks in the absence of explicit stimuli 

(Fox et al. 2005; Uddin et al. 2009). In particular, brain networks comprising regions that 
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commonly show task-related activation are referred to as task-positive networks, whereas 

regions typically showing task-related deactivation are collectively referred to as task-

negative networks. This task-related activation dichotomy thus potentially reflects the 

underlying intrinsic functional organization of the brain (Fox et al. 2005).  Studies have also 

found a shared intrinsic functional connectivity architecture across different brain states 

(Greicius et al. 2003; Fox et al. 2005; Fair et al. 2007; Fox et al. 2007), although  variation in 

the pattern of functional coupling (Buckner et al. 2013; Hermundstad et al. 2013; Mennes et 

al. 2013) and the reconfiguration in topography are nevertheless evident in response to 

changing cognitive demands (Cole et al. 2014; Greene et al. 2018; Salehi et al. 2019).  

 

Characterization of functional connectivity topography is necessary for a more systematic 

understanding of the functional organization of the brain. To begin with, I review studies that 

characterize the variation in functional connectivity across the brain’s topography as either 

an assembly of distinct partitions with discrete boundaries (i.e. parcellation) or continuous 

gradients of gradual variation.  

 

Connectivity-based parcellation 

Connectivity-based parcellation attempts to parcellate the brain into spatially discrete 

regions based on connectivity fingerprints (Passingham et al. 2002) in a data-driven manner. 

The connectivity fingerprints can be estimated using i) structural connectivity inferred from 

diffusion MRI, measuring putative white matter fiber bundles connecting two regions; and, ii) 

functional connectivity computed from resting-state or task-evoked fMRI data, measuring co-

activation between distributed regions when the brain is at rest or engaging a task (see above). 

Each delineated region is thus characterized in terms of its specific interactions with other 

regions (usually the whole brain). For example (Figure 2.2), the supplementary motor area 

(SMA) is primarily connected to somatosensory and motor regions, whereas a neighboring 

region (i.e. pre-SMA) is more strongly connected to cortical regions associated with complex 

cognitive and motor control, such as regions in the angular gyrus, prefrontal and anterior 

cingulate cortices, and is therefore considered as a distinct area (Kim et al. 2010).  
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Figure 2.2. Functional connectivity profile of the pre supplementary motor area (pre-SMA) and SMA. A, 
Anatomical locations of pre-SMA and SMA. B, pre-SMA is primarily connected to brain regions in the prefrontal 
cortex, the inferior frontal gyrus, the anterior cingulate cortex and the angular gyrus. C, SMA is primarily 
connected to brain regions in the primary motor, premotor, somatosensory and middle cingulate cortices. The 
cortical surface is colored according to the strength of functional connectivity (adapted from Kim et al. 2010). 
 
 
Brain parcellation can be achieved using two broad approaches: i) grouping voxels that share 

similar connectivity profile into clusters (i.e. clustering methodology), where each resulting 

cluster is assumed to delineate a putative brain region; and, ii) boundary mapping or gradient-

based parcellation, which is a method that detects locations of abrupt spatial change in 

connectivity profiles across the topography of the brain, yielding areal boundaries. In addition 

to the two main methodological streams, many other alternative techniques are also 

available, including but not limited to, independent component analysis, Bayesian modelling, 

and Markov random fields. Indeed, all the above mentioned approaches can be applied to 

most connectivity measures and have been widely used in the whole-brain (Bellec et al. 2010; 

Craddock et al. 2012; Shen et al. 2013) and cortical parcellation (Power et al. 2011; Yeo et al. 

2011; Glasser et al. 2016a; Gordon et al. 2016; Schaefer et al. 2018), as well as parcellating 

specific regions of interest, such as the thalamus (Behrens et al. 2003), cingulate cortex (Cha 

et al. 2017), orbitofrontal cortex (Kahnt et al. 2012), supplementary motor area (Nanetti et al. 

2009) and the insular cortex (Deen et al. 2011). Examples of brain parcellation are shown in 

Chapter 1 (Figure 1.1, 1.4 & 1.6). Of note, each technique has its own assumptions, strengths 

and shortcomings and might result in different parcellation schemes when applied to the 

same dataset (Cha et al. 2017; Arslan et al. 2018; Schaefer et al. 2018).  
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Challenges in determining the optimal number of clusters  

In this section, I review challenges associated with parcellating the brain into clusters that 

represent putative regions using data clustering techniques. I contextualize these challenges 

in terms of the insular cortex, given that this is one of the key regions investigated in the thesis. 

However, it is important to remark that clustering techniques can be applied to other brain 

regions and the entire cortex, which results in similar challenges and ambiguities in 

determining the optimal number of clusters. 

 

Many of the above-mentioned approaches have been applied to parse the macroscale 

connectivity architecture of the insular cortex. However, the number of insular subregions 

delineated varies markedly between studies and approaches. Table 1 in Chapter 3 catalogues 

approximately twenty of these previous studies and exemplifies the inconsistent number of 

insular subregions reported. The number of putative subregions comprising the insular cortex 

thus remains controversial and widely debated (Cauda and Vercelli 2013).  

 

Among the variety of clustering techniques, K-means has been one of the most extensively 

used methods in the studies of connectivity-based parcellation. This is perhaps because of its 

simplicity and ease of implementation. One of the difficulties of this method is the 

requirement to predefine the number of clusters a priori, which is typically unknown (see 

below). However, other methods such as hierarchical clustering (Ward’s linkage and centroid 

linkage), fuzzy c-means, spectral clustering, independent component analysis as well as 

Markov random fields have also been employed. While clustering algorithms generally find 

hard clusters, where each voxel/vertex can only be assigned to either one cluster or another, 

fuzzy c-means provides a soft clustering solution, whereby each element is characterized with 

a probability of belonging to each of multiple clusters.  

  

Despite methodological variations, most algorithms require a pre-selected number of clusters 

and the search for the optimal number of clusters is particularly challenging because many 

clustering algorithms can always partition any set of data points into any number of clusters 

(Jain 2010), regardless of whether the number of clusters is optimally supported by the data 

or the delineated brain regions are biologically meaningful.  The optimal number of insular 

clusters (subregions) is typically determined based on: i) prior expectations informed by 
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macaque studies of insular cytoarchitecture or axonal tract-tracing (Nanetti et al. 2009; Cauda 

et al. 2011; Deen et al. 2011; Jakab et al. 2012; Moran et al. 2013); ii) concordance across 

different modalities or cohorts (Kelly et al. 2012; Chang et al. 2013; Alcauter et al. 2015; 

Yamada et al. 2016); or, iii) cluster evaluation criteria (Cauda et al. 2012; Ryali et al. 2013; 

Ryali et al. 2015; Vercelli et al. 2016). The first approach may be biologically valid but also 

subjective, especially given the lack of clear distinction in the change of cytoarchitecture along 

the insula’s topography (Nieuwenhuys 2012).  

 

While the microscale insular cytoarchitecture appears to be not well differentiated, it is 

possible that macroscale insular connectivity maps inferred from functional or diffusion MRI 

provide a different window into the insular topographic organization, by which distinct insular 

subregions can be sufficiently and reproducibly identified. It has been assumed that 

consistently identified partitions are more likely driven by the underlying neurobiology rather 

than methodological artifacts. Many studies have thus sought to evaluate the stability and 

reproducibility of insular clusters across different modalities, or different cohorts (Kelly et al. 

2012; Chang et al. 2013; Alcauter et al. 2015; Yamada et al. 2016). However, replicating 

clusters does not ensure that a given cluster solution is necessarily valid, optimal and 

supported by the data. Many of the clustering algorithms are able to identify reproducible 

clusters in data that is inherently continuous (i.e. no clusters). One such phenomenon is 

shown in Supplementary Figure S1 in Chapter 3. I showed that while a linear relation is evident 

and the data comprises no true clusters, the K-means clustering algorithm reproducibly 

generates clusters with high concordance across individuals. Therefore, reproducibility and 

stability per se are not sufficient criteria to establish whether a cluster-based brain 

parcellation is valid and/or meaningful.    

 

The third common procedure for selecting the optimal number of clusters is using cluster 

evaluation criteria (Cauda et al. 2012; Ryali et al. 2013; Ryali et al. 2015; Vercelli et al. 2016). 

These criteria are generic and have been widely used to assess cluster structure across a 

diverse range of applications. The idea behind these criteria is to quantitively estimate the 

quality of cluster separation, whereby a good clustering is supported by maximized variance 

between clusters and minimized variance within clusters. Some of the most widely used 

measures include the silhouette criterion (Rousseeuw 1987), the Calinski-Harabasz criterion 
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(Calinski and Harabasz 1974) and the gap statistic (Tibshirani et al. 2001). Among them, the 

silhouette criterion has been used in previous insular parcellation studies (Cauda et al. 2012; 

Vercelli et al. 2016). Detailed methodological implementation varies across these criteria 

(Milligan and Cooper 1985). Typically, the cluster evaluation criterion is used to estimate the 

cluster separation quality (value) under a given criterion for a range of candidate cluster 

solutions K (K>1), and the solution with the highest value is then considered optimal. However, 

global cluster evaluation criteria such as the silhouette criterion and Calinski-Harabasz 

criterion cannot assess the scenario where the absence of any clusters is the most 

parsimonious solution (Gordon 1999), such as the single-cluster case shown in Supplementary 

Figure S1 in Chapter 3. Moreover, these criteria are not benchmarked to a null reference 

distribution, and thus statistical support for the optimal number of clusters is not provided. 

While the gap statistic considers the single-cluster solution by benchmarking the within-

cluster variation with that expected in a null reference distribution (Tibshirani et al. 2001), 

the null data used by the gap statistic is uniformly sampled (Tibshirani et al. 2001) and thus 

does not necessarily preserve the spatial properties of fMRI data. Therefore, it is a crucial step 

to generate null data that is explicitly matched to the characteristics of fMRI data, to enable 

more accurate delineation of functionally distinct brain regions. Further details and proposed 

solutions to address these challenges are discussed in Chapter 3.  

 

In addition to clustering approaches, boundary mapping methods that identify areal borders 

with abrupt spatial changes in structure, function and connectivity have also been widely used 

in studies of brain mapping (Van Essen et al. 1981; Glasser et al. 2016a; Gordon et al. 2016; 

Schaefer et al. 2018). Note that principles associated with connectivity-based boundary 

mapping and connectivity gradients are conceptually similar, given that both approaches seek 

to characterize local differences in functional connectivity across the spatial extent of a region. 

The main difference is that boundary mapping and parcellation aim to identify definite and 

well defined cortical or subcortical parcels, whereas the concept of continuous gradients 

(Huntenburg et al. 2018) offers a complementary representation of the cortical topography, 

whereby topographic variation is represented as a continuum, in the absence of abrupt 

transitions. I will discuss them together in the next section. 
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Connectivity gradients  

Rather than delineating sharp boundaries, topographic variation in brain structure, function 

and connectivity is represented continuously along overlapping organizational axes (Figure 

1.1B & 2.3), referred to as cortical gradients (Cerliani et al. 2012; Sepulcre et al. 2012; Langs 

et al. 2014; Schröder et al. 2015; Atasoy et al. 2016; Langs et al. 2016; Margulies et al. 2016; 

Haak et al. 2018; Paquola et al. 2019; Paquola et al. 2020). In this section, I focus on cortical 

gradients with respect to brain connectivity especially functional connectivity, given that this 

is the key topographic feature studied in this thesis.   

 

Methods for mapping connectivity gradients 

One intuitive method to map continuous spatial patterns in functional connectivity is to 

quantify the change in connectivity across a set of spatially confined seed regions (Sepulcre 

et al. 2012; Taylor et al. 2015). For example, in one study, eight seeds in the primary visual 

cortex were selected, and the functional connectivity was mapped between each seed to the 

rest of the cortex (Sepulcre et al. 2012). Several visual pathways were defined based on prior 

knowledge of the cytoarchitecture and this study showed the presence of gradual decreasing 

visual-to-cortical connectivity strength along different spatial trajectories. Although it should 

be acknowledged that studies like this explored alternative representations of the 

connectivity topography beyond conventional brain parcellation, seed-based approaches 

have their limitations. In particular, the size and location of selected seeds can be subjective, 

and the connectivity maps yielded largely depend on these prior selected seeds. Inaccuracies 

in the delineation of seeds can therefore bias the results. In this previous work (Sepulcre et 

al. 2012), functional connectivity patterns were only characterized for the eight cubic-shaped 

seeds, whereas any other areas within the primary visual cortex were ignored, potentially 

yielding only a partial characterization of topographic variation. Also, using predefined seeds 

assumes that each seed is a discrete entity and thus any gradual patterns of change between 

seeds is potentially overlooked.  

 

Rather than delineating seeds beforehand, recent studies have instead used data-driven 

approaches to characterize continuous spatial patterns of variation in brain connectivity 

(Cerliani et al. 2012; Langs et al. 2014; Schröder et al. 2015; Atasoy et al. 2016; Langs et al. 
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2016; Margulies et al. 2016; Haak et al. 2018; Paquola et al. 2019; Paquola et al. 2020). 

Specifically, the high-dimensional connectivity matrix representing the whole-brain 

connectivity fingerprint of each cortical/subcortical vertex/voxel is decomposed into an 

ensemble of orthogonal low dimensions that capture most of the variance in the data. One 

of the most well-known classic eigendecomposition methods is perhaps the singular value 

decomposition (i.e. principal component analysis, PCA), which is a linear dimensionality 

reduction technique that is most efficient and suitable for linearly distributed data (Mardia et 

al. 1980) and generally does not consider the data’s intrinsic geometry. However, neural 

interactions are thought to be highly nonlinear (McClurkin et al. 1991) and thus a linear 

approach is perhaps not appropriate and may yield disorganized, biologically implausible 

representations (Haak et al. 2018). In contrast, nonlinear manifold learning techniques such 

as Laplacian eigenmaps (Belkin and Niyogi 2003), diffusion embedding (Coifman et al. 2005), 

isometric feature mapping (Tenenbaum et al. 2000), locally linear embedding (Roweis and 

Saul 2000) and Hessian eigenmaps (Donoho and Grimes 2003) have been recently proposed 

and applied to parse high-dimensional structural (Cerliani et al. 2012; Ye et al. 2015; Atasoy 

et al. 2016; Paquola et al. 2020) and functional (Langs et al. 2014; Schröder et al. 2015; Langs 

et al. 2016; Margulies et al. 2016; Marquand et al. 2017; Haak et al. 2018) connectivity data 

into a small set of eigenvectors (gradients). The constructed gradient maps are relatively 

robust with respect to different nonlinear manifold learning techniques (Vos de Wael et al. 

2020). Each eigenvector characterizes a continuous mode of spatial variation in structural or 

functional connectivity across the spatial extent of the brain (Figure 2.3). The eigenvectors 

are inherently ordered such that each eigenvector captures part of the variance in the original 

high-dimensional data. Of note, the eigenvector associated with the smallest eigenvalue (zero) 

is a constant and thus discarded, whereas the eigenvector associated with the second 

smallest eigenvalue explains the most variance and is usually referred to as Gradient I. 

Likewise, eigenvectors with the third and fourth smallest eigenvalue are referred to as 

Gradient II and III respectively in this thesis. The variance explained by successive eigenvectors 

decreases as a function of increasing eigenvalues. Each successive gradient therefore 

provides a different aspect of connectional topography, potentially associated with 

underlying neurobiology.  
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Biological interpretation of connectivity gradients 

Each gradient provides a mapping of continuous variation in connectivity across the brain’s 

topography. Specifically, the value in the dominant gradient (Gradient I), which explains the 

most variance, characterizes the principal difference in patterns of whole-brain connectivity 

across the topography of the cerebral cortex (Figure 2.3A), extending from primary unimodal 

to integrative transmodal areas. In contrast, the second principal gradient (Gradient II) 

characterizes the topography of connectivity differences within the unimodal areas, spanning 

from the visual cortex to auditory, somatosensory and motor cortices. Importantly, 

researchers have shown that the two organizational axes of cortical gradients are in line with 

the theory of cortical hierarchy in information processing proposed by Mesulam (Mesulam 

1998), as reproduced in Figure 2.3A, suggesting a recapitulation of cortical hierarchy.  

 

In addition to the large-scale cortical hierarchy, gradient mapping within specific brain regions 

enables characterizations of finer organizational structures. For example, Haak and 

colleagues (2018) showed that the dominant functional connectivity gradient of the primary 

motor cortex recapitulates its well-established somatotopic organization (Penfield and 

Boldrey 1937; van den Heuvel and Hulshoff Pol 2010). The functional connectivity 

organization of the primary visual cortex instead, can be well characterized by two principal 

gradients that correspond to known orthogonally organized retinotopy, namely the 

eccentricity and polar angle (Tootell et al. 1998; Amunts et al. 2000), as shown in Figure 2.3B. 

Likewise, the dominant organizational axes of cerebellar connectivity are associated with the 

extent of neuronal engagement when performing cognitive tasks (Guell et al. 2018b). In 

particular, the first principal gradient of cerebellar connectivity spans from motor to non-

motor areas, whereas the second gradient extends along an axis from regions participating in 

low (task-unfocused) to high (task-focused) cognitive demands processes (Figure 2.3C).  

57



Chapter 2 

 
Figure 2.3. Connectivity gradients overlap in space. A, Principal gradients of functional connectivity across the 
topography of the cerebral cortex (adapted from Margulies et al. 2016). The first gradient (Gradient 1) 
characterizes variation in functional connectivity from primary sensorimotor (unimodal) to transmodal 
association cortices, whereas the second gradient separates the visual cortex (V1) from auditory (A1), 
somatosensory (S1) and motor (M1) areas. The organization of the two functional connectivity gradients is 
consistent with the cortical hierarchy proposed by Mesulam (1998). L, limbic; P, parietal; Pf, prefrontal; ifg, 
intermediate frontal sulcus; mfg, middle frontal gyrus; ag, angular gyrus; mtc, middle temporal cortex; pmc, 
posteromedial cortex; phf, parahippocampal formation; vmpfc, ventromedial prefrontal cortex. B, Principal 
gradients of functional connectivity within the visual cortex (adapted from Haak et al. 2018). The first gradient 
of functional connectivity in the visual cortex recapitulates the eccentricity of retinotopy, whereas the second 
gradient corresponds to the polar angle. C, Principal gradients of functional connectivity within the cerebellum 
(adapted from Guell et al. 2018), in relation to task activity (Guell et al. 2018a) and cortical networks (Buckner 
et al. 2011). The first cerebellar connectivity gradient extends from language/ default mode network (non-motor) 
to motor regions, whereas the second gradient separates regions participating in high cognitive demands 
processes (working memory/frontoparietal network) from regions involving in relatively low cognitive demands 
tasks and networks (motor and language/somatomotor and default mode network). 
 
 
However, the overlapping spatial patterns in connectivity gradients are not always biologically 

interpretable (Huntenburg et al. 2017), especially in higher-order association cortices, where 

detailed organization of the information processing hubs is less clear (Haak et al. 2018). 
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Specifically, while the principal spatial layout of cortical gradients in functional connectivity 

(Margulies et al. 2016) is associated with the spatial distribution of intracortical myelin 

content, especially in the unimodal areas, the correspondence in transmodal cortices is 

relatively low (Huntenburg et al. 2017). Although the deviation in transmodal areas is reduced 

by adding information from two additional gradients, the exact biological interpretation of 

the additional variance explained by these gradients remains to be unpacked.     

 

Pioneering work using the gradient approach to study the fine-grained topographic structure 

of transmodal association cortex was conducted by Cerliani and colleagues (2012). In this 

study, probabilistic tractography and Laplacian eigenmaps were used to map the spatial 

pattern of variation in structural connectivity across the topography of the human insular 

cortex. In contrast to a relatively sharp transition that was found in the medial premotor 

cortex separating supplementary motor area (SMA) and pre-SMA, the structural connectivity 

of the insular cortex varied more gradually along an anteroposterior axis. This continuous 

pattern of spatial variation in the insular cortex recapitulates the anterior-to-posterior 

topography in insula’s cytoarchitecture (Mesulam and Mufson 1982; Mesulam and Mufson 

1985; Friedman et al. 1986), myeloarchitecture (Mesulam and Mufson 1982; Friedman et al. 

1986) as well as direct axonal connectivity measured from tract-tracing data in macaques 

(Mufson et al. 1981; Mufson and Mesulam 1982). Moreover, the anterior-to-posterior insular 

gradient is consistent with the putative anterior-to-posterior differentiation of insula’s 

function, ranging from basic somatosensory, somatomotor control and homeostasis that 

primarily involves the posterior part of the insula, to the processing of emotional and higher-

level cognitive function that is mainly subserved by the more anterior insula portion 

(Augustine 1996; Craig 2009; Mutschler et al. 2009; Singer et al. 2009; Kurth et al. 2010a; 

Kurth et al. 2010b; Xue et al. 2010; Stephani et al. 2011; Uddin et al. 2014; Segerdahl et al. 

2015).  

 

Model selection: Discrete or continuous representations? 

Whereas classic models of brain topography tend to focus on parcellating the brain into 

distinct regions with discrete boundaries, recent evidence suggests that topographic variation 

may be better conceptualized in terms of continuous gradients of gradual change. Are these 
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two topographic representations contradictory? The answer is, perhaps not. Spatial variation 

across expanses of the brain might be evident, but if the variation is too gradual to warrant 

boundary delineation, a continuum might be deemed to provide the most parsimonious 

representation. Several recent studies have attempted to delineate discrete boundaries 

based on the connectivity gradients (Glasser et al. 2016a; Gordon et al. 2016; Langs et al. 2016; 

Marquand et al. 2017; Guell et al. 2018b; Schaefer et al. 2018), but without performing 

statistical testing to evaluate if a change in the gradient magnitude is sufficiently sharp and/or 

abrupt to warrant delineation of a hard boundary. I refer to this step as model selection. 

Without model selection, boundaries are inevitably delineated at all locations where a change 

in the gradient magnitude is detected, potentially leading to over-parcellation and delineation 

of boundaries at subtle gradient changes that are attributable to noise and other confounds.   

 

It is worth noting that most studies of gradient-based parcellation conceptually followed one 

of the two popular approaches aforementioned, i.e. clustering or boundary mapping. 

Specifically, the spatial pattern of variation in cortical connectivity is typically first mapped 

into a set of low-dimensional embedding space using one of the non-linear 

eigendecomposition methods. A clustering algorithm is then used to group vertices/voxels 

with similar connectivity fingerprints represented in the embedding maps into distinct 

clusters, yielding discrete cortical networks (Langs et al. 2016) and subdivisions in the 

cerebellum (Guell et al. 2018b) and striatum (Marquand et al. 2017). Traditional studies of 

connectivity-based parcellation typically apply clustering methodology on a PCA-transformed 

connectivity space. In contrast, clustering approaches are applied to the data that is 

transformed to a nonlinear embedding space in studies of gradient-based parcellation. This 

approach is conceptually similar to the idea of conventional parcellations but may better 

account for individual variability in neuroanatomy (Langs et al. 2016). However, challenges in 

selecting the optimal number of clusters are inevitable as discussed above, regardless of the 

analytic space, i.e. PCA or embedding. Using the same diffusion embedding method (Coifman 

et al. 2005), Margulies and colleagues (2016) highlighted the continuous and smooth gradient 

of variation in functional connectivity across the cerebral cortex from unimodal to transmodal 

areas, whereas Langs and colleagues (2016) imposed hard cut-off clustering solutions and 

parcellated the cerebral cortex into 7 and 17 networks, to be consistent with existing cortical 

network partitions (Yeo et al. 2011). Likewise, Marquand and colleagues (2017) delineated 
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three striatal clusters, recapitulating the three anatomical nuclei in the striatum (i.e. putamen, 

caudate and nucleus accumbens), whereas Guell et al (2018) reported 5, 14 as well as 18-

clusters solutions for the cerebellum in a post hoc analysis.   

 

Alternatively, discrete partitions can be delineated based on the magnitude of connectivity 

gradient, which means that areal borders are delineated at locations of abrupt change in 

functional connectivity. This approach is often broadly referred to as boundary mapping or 

boundary detection and has been widely used in detecting areal boundaries in the cerebral 

cortex (Cohen et al. 2008; Wig et al. 2014a; Wig et al. 2014b; Glasser et al. 2016a; Gordon et 

al. 2016). In contrast to the technical challenges in selecting an optimal number of clusters in 

clustering approaches, boundary mapping techniques encounter the difficult tasks of 

initializing seed locations as well as the selection of a cutting threshold for the gradient 

magnitude. Ideally, each seed corresponds to the centre of a parcel, possessing the local 

minimal magnitude compared to surrounding vertices/voxels. The delineation of parcels 

starts from these seeds and gradually expands outward until the location where the 

magnitude reaches a certain threshold. This can be achieved by initializing all possible local 

minima, however, may result in over-parcellation, with one-vertex wide borders. Post hoc 

adjustment is often performed to group very small parcels that share similar magnitude 

profiles, while a subjective threshold is required to determine the extent of 

similarity/dissimilarity (Gordon et al. 2016). In a more neurobiologically principled approach, 

all candidate borders are examined and interpreted by neuroanatomists based on extensive 

cytoarchitectural and myeloarchitectural knowledge, to minimize potential imaging artifacts 

(e.g. signal drop) and biases arising from computational models (Glasser et al. 2016a). 

However, histological investigations inferred from limited samples of postmortem specimens 

may not necessarily reflect functional brain organization in living humans.  

 

In a brief summary, existing gradient-based parcellation approaches typically do not consider 

the extent to which the gradient magnitude could be explained by brain geometry, chance 

variation and/or other confounds such as spatial smoothing of fMRI data. In contrast, studies 

characterizing the spatial pattern of variation in connectivity as a set of continuous gradients 

do not consider the magnitude of change in the gradient, whereby any abrupt transitions may 

have been potentially overlooked. Given these shortcomings, I aimed to develop a formalized 
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model selection framework based on null hypothesis testing to determine whether an abrupt 

change in a brain gradient is sufficiently large to warrant delineation of a hard boundary. A 

boundary should only be delineated when justified by the formal model selection process, 

otherwise a continuum is deemed to provide a more parsimonious representation of the 

underlying topography.  

 

First, I aimed to apply this model selection process to investigate the functional organization 

of the topographically complex insular cortex (Chapter 3). Functional organization of the 

insula has been most extensively studied using classical models of brain topography, by 

parcellating the insula into distinct subregions using clustering methodology, as summarized 

in Chapter 1. However, the number of insular subregions varies substantially across studies, 

suggesting that the topographic variation in the insula may be better conceptualized as a 

continuum, in the absence of abrupt change in the spatial gradient. Likewise, studies 

investigating the pathophysiology of the insula in neuropsychiatric illness typically adopted 

predefined insular subregions, particular the anterior aspect, without first assessing whether 

the anterior-posterior topographic organization of the insula is altered in the disorder (Moran 

et al. 2013; Palaniyappan et al. 2013; Dandash et al. 2014; Manoliu et al. 2014; Wotruba et al. 

2014; Uddin 2015; Wang et al. 2016). I therefore first aimed to investigate the functional 

organization of the insula with respect to these two representations of brain topography. I 

aimed to apply the model selection process to determine whether the functional architecture 

of the insula is best represented by parcellating into distinct subregions or as continuous 

gradients of gradual change (Chapter 3). After establishing the best model to represent the 

insula’s topography, I next aimed to investigate whether a serious neuropsychiatric illness 

(schizophrenia) associates with alterations in the topographic organization of the insula 

(Chapter 4). Finally, I aimed to apply these new insights in model selection that I developed 

to investigate the insular cortex to the entire subcortex (Chapter 5), wherein functional 

topography of some subcortical areas has not been well characterized (Alkemade et al. 2013; 

Forstmann et al. 2016). In particular, I aimed to investigate the topographic organization of 

the subcortex with the goal of developing a new subcortex atlas, in which boundary 

demarcation is justified by the model selection framework. 
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Participants, datasets and data preprocessing  

The main aims of this thesis are addressed using neuroimaging and behavioral data acquired 

in healthy adults (Chapter 3 and 5) and adults diagnosed with schizophrenia (Chapter 4). The 

data used in Chapter 3 and 5 was sourced with permission from the Human Connectome 

Project (HCP; Van Essen et al. 2013), a publicly available dataset comprising high-quality 

structural, functional and diffusion-weighted MRI of the brain in more than 1000 participants. 

In this thesis, only the functional MRI data, including resting-state data acquired at 3T and 7T 

and task-evoked data acquired at 3T, was analyzed. Participants in the HCP are between 18 

and 37 years of age and were recruited from the general community in the United States of 

America. Measures of cognitive performance, personality traits, mental health and other 

medical conditions were assessed in most participants and are used in this thesis to establish 

associations between brain topography and inter-individual variation in behavior. The HCP 

made efforts to recruit participants broadly reflecting the ethnic and racial composition of the 

population as represented in the 2000 decennial census. Exclusion criteria included severe 

neurodevelopmental disorders, documented neuropsychiatric disorders or neurologic 

disorders. Individuals with illnesses such as diabetes or high blood pressure were also 

excluded during recruitment. Further details about the demographics of the HCP cohort and 

technical details about the MRI acquisition can be found in the next chapters as well as other 

literatures (Barch et al. 2013; Smith et al. 2013; Van Essen et al. 2013).  

  

In Chapter 4, resting-state functional MRI acquired in patients with schizophrenia was used 

to investigate whether the disorder is associated with reorganization of the insula’s 

topography and functional connectivity. Patients with an established diagnosis of 

schizophrenia were recruited in Melbourne, Australia, and MRI was acquired using a 3T MR 

scanner. The quality of this data is lower than the HCP data, particularly in terms of duration 

of acquisition, temporal sampling and fidelity. Measures of clinical severity, cognitive 

performance and general functioning were assessed in all patients using established 

instruments, as described in Chapter 4. These data are not publicly available.  
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Data preprocessing 

In Chapter 3 and 5, minimally preprocessed volumetric functional MRI data was sourced from 

the HCP online repository. Details of the minimal preprocessing pipeline can be found 

elsewhere (Glasser et al. 2013). In brief, this pipeline includes removal of spatial artefacts and 

distortions and alignment to MNI (Montreal Neurological Institute) standard space. Head 

motion artefacts, non-neuronal physiological related noise were corrected with an 

independent component analysis (ICA)-based regression strategy (FMRIB’s ICA-based X-

noiseifier; (Griffanti et al. 2014), which removes more than 99% of the artefactual ICA 

components (Salimi-Khorshidi et al. 2014) and outperforms most alternative approaches 

(Parkes et al. 2018). Further temporal and spatial filtering as well as nuisance regression were 

not included in this pipeline.  

 

In addition to the minimal preprocessing pipeline, 3T resting-state fMRI data used in Chapter 

3 was spatially smoothed with a Gaussian smoothing kernel of 4 mm FWHM (full width at half 

maximum). A smoothing kernel of 1.5 mm FWHM was investigated in ancillary analyses. In 

Chapter 5, the minimally preprocessed resting-state and task-evoked fMRI data was used, 

with additional spatial smoothing (3T: 6 mm FWHM; 7T: 4 mm FWHM) and adjustment with 

Wishart filter (Glasser et al. 2016b; Glasser et al. 2018), to dampen the noise and enhance 

subcortical signal-to-noise ratio.  

 

Resting-state fMRI data of patients with schizophrenia and healthy comparison individuals 

(Chapter 4) was preprocessed using FSL (Jenkinson et al. 2012). The preprocessing pipeline 

includes slice-timing correction, brain extraction, linear registration for intrascan head motion 

correction and non-linear alignment to MNI standard space. Head motion artefacts were 

further corrected with ICA-AROMA (ICA-based automatic removal of motion artefacts; (Pruim 

et al. 2015a; Pruim et al. 2015b) after spatial smoothing with a Gaussian kernel of  4 mm 

FWHM. Mean white matter and cerebrospinal fluid signals were regressed and the residuals 

were band-pass filtered (0.01-0.1HZ).   
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Statistical analysis and methods 

In all three studies, functional connectivity was quantified using the Pearson correlation 

coefficient computed between fMRI time series of spatially distributed brain regions (see 

Chapter 2).  

 

In Chapter 3, functional connectivity was computed between each insula voxel and all gray 

matter voxels, yielding a whole-brain functional connectivity fingerprint for each insular voxel 

and individual. Clustering (Ward’s linkage) was used to group insular voxels into clusters 

based on shared connectivity profile. The quality of cluster separation was estimated by 

established cluster evaluation criteria, including silhouette criterion (Rousseeuw 1987), 

Calinski-Harabasz criterion (Calinski and Harabasz 1974) and gap statistic (Tibshirani et al. 

2001). A novel null model with null hypothesis testing was developed to determine the 

optimal number of clusters and whether insula subregions are more clustered than expected 

due to chance. On the other hand, Laplacian eigenmaps (Belkin and Niyogi 2003) and 

associated eigendecomposition methods were used to continuously characterize the spatial 

variation in function connectivity across the topography of the insula. The novel concept of 

diversity curves was developed to parametrize the connectional variation across the 

topography, which in turn facilitated model selection. The diversity curve computed for the 

actual insula was compared to three benchmarks for which the underlying connectional 

topography was known (i.e. distinct subregions, continuum and homogeneous benchmark).  

A piecewise linear function was fitted to the diversity curve for each individual, and canonical 

correlation analysis (CCA) (Hotelling 1936) was used to test for a multivariate association 

between model parameters describing the piecewise linear functions and individual variation 

in human behaviors. Familywise error was corrected across all CCA models with permutation 

testing.  

 

In Chapter 4, insular connectional topography was represented by continuous gradients of 

gradual change (diversity curves) and traditional subregions in each individual with 

schizophrenia and each healthy comparison individual as described in Chapter 3. A two-

sample t test was used to test for between-group difference at each point along the diversity 

curves. The false discovery rate was controlled at an alpha of 0.05 for multiple comparisons 

across the set of all points. To test the difference between schizophrenia and healthy controls 
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in insular functional connectivity with respect to cortical and subcortical regions to which it 

connects, the insula was further parcellated into subregions using conventional clustering 

techniques as described in Chapter 3. Modularity analysis (Newman and Mark 2006) was used 

to estimate the degree of differentiation in functional connectivity profile between insular 

subregions, whereby the null hypothesis of equality in the degree of differentiation between 

schizophrenia and healthy comparison group was assessed with permutation testing. Main 

effects of diagnosis, subregions and laterality on insular functional connectivity as well as the 

interaction between diagnosis and the latter two main effects was tested using within-

subjects analysis of variance. Non-parametric cluster-based inference as implemented in 

Randomise (Winkler et al. 2014) available in FSL (Jenkinson et al. 2012) was used to control 

for familywise error across the set of all gray matter voxels. Functional connectivity between 

insular subregions and clusters for which the main or interaction effects were significant was 

computed for each individual with schizophrenia. Canonical correlation analysis (Hotelling 

1936) was performed to test for a multivariate association between the functional 

connectivity estimates and the severity of clinical symptoms and cognitive impairment in the 

disorder. Familywise error was corrected across all CCA models with permutation testing.  

 

In Chapter 5, a whole-brain functional connectivity profile was mapped for each subcortical 

voxel. Continuous gradients of connectivity variation across the topography of the subcortex 

was computed using Laplacian eigenmaps (Belkin and Niyogi 2003) as described in Chapter 3. 

A new technique called gradientography, an fMRI analogue of diffusion MRI tractography, 

was developed to map curvilinear trajectories of connectivity variation in the gradient field. 

Gradient magnitudes were computed and projected onto the curvilinear trajectories, yielding 

a two-dimensional representation of connectivity gradients, i.e. diversity curves as introduced 

in Chapter 3. Local peaks in the diversity curves indicate local maxima in the gradient 

magnitude image, indicating locations of putative functional boundaries. A null model was 

developed to enable null hypothesis testing of whether values of local maxima are sufficiently 

large to warrant hard boundaries. Diversity curves generated from the null data were referred 

to as null diversity curves. For each candidate boundary, a p-value was given by the 

proportion of null diversity curves with local maxima that exceeded or equaled the observed 

maximum. The false discovery rate was controlled at an alpha of 0.05 across the set of all 

observed maxima. If the null can be rejected, the watershed transform algorithm (Meyer 
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1994) was then used to segment subcortical voxels into contiguous parcels, whereby parcels 

represented water catchment basins and boundaries were equivalent to watershed ridge 

lines. Gradients mapping and null hypothesis testing were performed iteratively until the null 

hypothesis could not be further rejected, yielding a new subcortex atlas comprising four 

scales (Scale I-IV). The validity and reproducibility of the new atlas were further estimated by 

computing the parcellation homogeneity based on within-parcel synchrony of fMRI time 

series (estimated by the principal component analysis) acquired in a second session of fMRI 

data, whereas the first session was used for parcellation. This subcortical atlas was replicated 

using ultra-high field strength (7T) data and the spatial correspondence between 3T and 7T 

atlas was quantified by the normalized mutual information (Lancichinetti et al. 2009), 

whereas a machine learning approach (support vector machine, SVM) was used to generate 

personalized subcortical atlases to account for individual variability in functional connectivity. 

To investigate whether the connectional topography of the subcortex at rest reconfigures in 

response to changing cognitive demands, diversity curves were mapped for connectivity 

gradients under seven task conditions, including emotion, gambling, language, relational 

matching, social inference, working memory and motor execution (Barch et al. 2013). 

Similarity in the diversity curves between each pair of rest and task conditions was quantified 

using the Pearson correlation coefficient. Permutation testing was used to determine a p-

value for each correlation coefficient and the Bonferroni correction was used to control for 

multiple comparisons across the set of pairs of conditions. Likewise, patterns of similarity 

between cortical networks with respect to their functional connectivity with subcortical 

regions were tested and the significance level was established by permutation testing. Finally, 

the subcortex atlas was used to test for an association between subcortical functional 

connectivity and individual variation in behaviors. A large set of behavioral items was first 

decomposed into five orthogonal behavioral dimensions using independent component 

analysis, thereafter the network-based statistic (Zalesky et al. 2010) was implemented to test 

whether subcortical functional connectivity is associated with individual variation in each of 

the five behavioral dimensions. Further details are provided in Chapter 5.  
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A B S T R A C T

The connectivity of the insula cortex is diverse. We present new models to characterize the resting-state
connectional diversity of the human insula cortex and perform model selection using high-quality fMRI data
from the Human Connectome Project. We first attempt to parcellate the insula into distinct subregions using
traditional clustering methods, but find that the resulting subregions are not homogeneous and that the optimal
number of subregions is substantially influenced by data smoothness. We then introduce the concept of a diversity
curve, which we use to continuously parameterize the insula's Laplacian eigenmap with respect to streamlines
propagated through the eigenmap's gradient field. To perform model selection, we compare the insula's diversity
curve to benchmark diversity curves for: i) two distinct regions; ii) a continuum of gradual change; and, iii) an
absence of any connectional diversity (i.e. homogenous region). Of the three benchmarks tested, we find that the
insula's connectional diversity is most parsimoniously modeled as continuum of gradual change, from dorsal-
posterior to ventral-anterior. We find that individuals who score high on measures of positive affect, self-
efficacy, emotion recognition, motor dexterity and gustation show greater diversity within the anterior insula.
Our findings are replicated using data from a second fMRI session. We conclude that the functional connectivity
diversity of the insula can be characterized parsimoniously as a continuum, avoiding the vexed task of deter-
mining an optimal number of insula subregions, and that inter-individual variation in this continuum can explain
significant variation in behavior.

1. Introduction

The insula cortex is a heterogeneously connected cerebral lobe,
having abundant cortical and subcortical reciprocal connections that
receive interoceptive and exteroceptive sensory information (Mufson
et al. 1981, 1997; Mufson and Mesulam, 1982; Mesulam and Mufson,
1985; Augustine, 1996). The rich diversity of the insula's connectional
architecture is consistent with the diverse range of functional roles that it
is known to subserve, ranging from basic motor control and homeostasis,
to the processing of interoception, self-awareness, perception, emotion
and high-level cognitive function (Augustine, 1996; Craig, 2009;
Mutschler et al., 2009; Singer et al., 2009; Kurth et al. 2010a, 2010b; Xue
et al., 2010; Stephani et al., 2011; Uddin et al., 2014; Segerdahl et al.,
2015).

These functions are thought to map onto distinct gyri and subregions
of the insula. For example, functional neuroimaging studies associate
activation of the anterior portion of the insula with viscerosensory

functions such as gustation, nausea and abdominal sensation (Ostrowsky
et al., 2000; Small et al., 2003; Stephani et al., 2011), as well as subjective
emotions such as anger (Damasio et al., 2000), sexual arousal (Ortigue
et al., 2007), disgust (Phillips et al., 1997), and empathy (Singer et al.,
2004). Contrastingly, the posterior insula responds to somesthetic mo-
dalities such as temperature sensation, tingling and innocuous or painful
cutaneous stimuli (Schneider et al., 1993; Davis et al., 1998; Ostrowsky
et al., 2000; Singer et al., 2004; Stephani et al., 2011). This putative
anterior-posterior differentiation of insula function is supported by his-
tological and axonal tract-tracing studies of the macaque insula cortex
undertaken decades ago, which report that cytoarchitectural organiza-
tion and axonal connectivity differ topographically along an
anterior-posterior insula gradient (Mufson et al., 1981; Mesulam and
Mufson 1982, 1985; Mufson and Mesulam, 1982).

More recently, magnetic resonance imaging (MRI) has been used to
investigate the macroscale connectional topography of the human insula
in vivo. Early studies mapped functional (Taylor et al., 2009; Cauda et al.,
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2011; Ebisch et al., 2011; Touroutoglou et al., 2012; Baur et al., 2013;
Wiech et al., 2014; Zhao et al., 2017) and structural connectivity
(Cloutman et al., 2012; Wiech et al., 2014; Ghaziri et al., 2017) of pu-
tative insula subregions defined a priori. These studies found that the
anterior insula forms part of an emotional salience and cognitive control
network (Cole and Schneider, 2007; Seeley et al., 2007; Uddin, 2015),
while the posterior insula predominantly connects to the parietal and
posterior temporal cortices. Rather than delineating subregions a priori,
recent studies have instead used data-driven segmentation and clustering
algorithms to segment, or parcellate, the insula into subregions. Specif-
ically, functional or structural connectivity is first mapped between each
insula voxel and all other gray matter voxels, yielding a
voxel-to-whole-brain connectivity map for each insula voxel. Cluster
analysis is then used to cluster insula voxels that share similar connec-
tivity maps and connect with similar cortical and subcortical areas. Each
cluster is assumed to delineate a putative insula subregion. Many studies
parcellating the insula in this way have found that bipartite subdivisions
comprising anterior and posterior subregions provide the most parsi-
monious model of insula connectional diversity (Nanetti et al., 2009;
Cauda et al. 2011, 2012; Jakab et al., 2012; Kelly et al., 2012; Alcauter
et al., 2015). However, other studies report tripartite subdivisions in
which the anterior insula is further subdivided into dorsal and ventral
components (Deen et al., 2011; Chang et al., 2013; Moran et al., 2013;
Ryali et al., 2015), as well as a mosaic of subdivisions comprising more
than three subregions (Mutschler et al., 2009; Kurth et al., 2010b; Nelson
et al., 2010; Power, 2011; Yeo et al., 2011; Kelly et al., 2012; Ryali et al.,
2013; Glasser et al., 2016; Nomi et al., 2016; Vercelli et al., 2016;
Yamada et al., 2016). Table 1 catalogues these previous studies and ex-
emplifies the discordance in the number of subregions reported. The
number of putative clusters comprising the insula cortex thus remains
disputed (Cauda and Vercelli, 2013).

Using cluster analysis to segregate the insula into distinct subregions
based on connectivity inferred from MRI is predicated on three key as-
sumptions: (i) the connectional architecture of the insula is topographi-
cally diverse; (ii) this diversity is inherently segregated into distinct

clusters (subregions); (iii) connectivity maps inferred from functional or
diffusion MRI (tractography) provide sufficient fidelity to differentiate
these clusters. The first assumption is perhaps beyond doubt, given that
the cytoarchitecture, and connectivity patterns of afferent and efferent
nerves of the macaque insula are known to be heterogeneous and topo-
graphically diverse (Mufson et al., 1981; Mesulam and Mufson, 1982;
Mufson and Mesulam, 1982). However, the remaining two assumptions
warrant scrutiny. As remarked by Cerliani et al. (2012), macaque studies
suggest that insula cytoarchitecture and connectivity vary gradually and
continuously, arranged topographically along a rostrocaudal axis, with the
agranular and granular insula portions separated by a transitional dys-
granular zone (Mesulam and Mufson, 1982; Mufson and Mesulam, 1982;
Friedman et al., 1986). Quoting from Brodmann (1909), Cerliani and
colleagues reiterate that, “there are great difficulties in dividing [the insula]
into individual fields.”

Given Brodmann's observations and the discordance in the number of
insula subregions evident between previous studies, we hypothesized
that topographic heterogeneity in macroscale insula connectivity may be
parsimoniously modeled as a continuum or gradient of gradual change
(Huntenburg et al., 2018), rather than with discrete subregions. In this
study, we aim to characterize the functional connectivity diversity of the
insula using high-quality resting-state functional MRI acquired as part of
the Human Connectome Project (HCP; Smith et al., 2013). We begin by
clustering the insula into distinct subregions using well-known clustering
methods and established criteria to choose the optimal number of clus-
ters. However, we find that these criteria often perform poorly in iden-
tifying the correct number of clusters in insula-like synthetic data for
which the precise number of clusters is known in advance. We therefore
develop: i) novel measures to ascertain the optimal number of insula
subregions; and, ii) a novel null model to test whether insula subregions
are more clustered than expected due to chance. We find that insula
subregions vary markedly in shape and number between individuals,
often showing less homogeneity in functional connectivity than
identically-sized patches of gray matter sampled randomly throughout
the cortex.

Table 1
Parcellating the human insula cortex with functional and diffusion MRI.

Studya Sample size Modality Smoothing
(FWHM)

Clustering methodology Criterion to determine optimal cluster number Null model Clusters (K)

Functional MRI
Cauda et al., 2011 16 Resting-state FC 8mm Fuzzy c-means Similarity index (Esposito et al., 2005) No 2

K-means No No 3
Centroid linkage No No 2

Deen et al., 2011 30 Resting-state FC No K-means No No 3
Cauda et al., 2012 Meta-analysis Task co-activation NA K-means Silhouette criterion No 2

Ward's linkage Cophenetic correlation distance (Sokal and Rohlf,
1962); Visual inspection

No 2

Kelly et al., 2012 355 Resting-state FC 6mm K-means Variation of information (Meil�a, 2007);
Cross-models consistency

No 2, 9
Task co-activation

Chang et al., 2013 18 Resting-state FC 5mm K-means Validity indicator (Ray and Turi, 1999) No 3
Moran et al., 2013 88 Resting-state FC Nob K-means No No 3
Ryali et al., 2013 21 Resting-state voxel-wise

time series
4 mm VMF-MRF Stability analysis (Monti et al., 2003) and evidence

accumulation approach (Fred and Jain, 2005)
No 4

Alcauter et al., 2015 143 Resting-state FC No K-means Validity indicator (Ray and Turi, 1999);
Cross-subjects consistency

No 2

Ryali et al., 2015 21 Resting-state voxel-wise
time series

6 mm K-means &Hierarchical
clustering

Probabilistic rand index (Carpineto and Romano,
2012)

No 3

Nomi et al., 2016 31 Resting-state FC 6mm ICA No No 4
Vercelli et al., 2016 38 Resting-state FC 8mm Fuzzy c-means Silhouette criterion No 12
Yamada et al., 2016 74 Resting-state FC 6mm Spectral-clustering Variation of information; Mutual information

(Meil�a, 2007)
No 8

Diffusion MRI
Nanetti et al., 2009 10 Tractography NA K-means No No 2
Jakab et al., 2012 40 Tractography NA K-means No No 2
Cerliani et al., 2012 10 Tractography NA Laplacian eigenmap NA NA Gradualc

FC: functional connectivity; VMF-MRF: von Mises-Fisher distribution and Markov random fields.
a Whole-brain parcellation studies not listed (Power, 2011; Yeo et al., 2011; Glasser et al., 2016; Gordon et al., 2016).
b Images were resampled from 1mm3 to 3mm3 voxel resolution, resulting in implicit smoothing due to resampling.
c Variation in structural connectivity across the insula was deemed gradual, without distinct transitions between putative subregions.
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Given the shortcomings of parcellating the insula into distinct sub-
regions identified in the first part of this study, we propose the concept of
a diversity curve to represent the insula's functional connectivity di-
versity as a continuum. Diversity curves provide a simple and intuitive
method to parameterize Laplacian eigenmaps (Cerliani et al., 2012;
Schr€oder et al., 2015; Haak et al., 2018) and their spatial gradients
(Cohen et al., 2008; Gordon et al., 2016), and thereby enabled explicit
comparison of competing models of the insula's connectional diversity.
We aim to compare the insula's diversity curve with benchmark diversity
curves inferred from: i) data that is known to comprise distinct sub-
regions (i.e. insula and putamen combined); ii) data that is consistent
with a continuum of gradual change in connectivity; and, iii) data that is
known to be absent of any connectional diversity (i.e. homogeneous re-
gion). Finally, we aim to test whether our continuum model of the
insula's connectional diversity can explain variation between individuals
in behavioral measures relating to cognition, emotion, and sensorimotor
processing. While we present several lines of evidence suggesting that the
insula's functional connectivity diversity can be parsimoniously charac-
terized as a continuum, it is important to remark that our study is limited
to a single neuroimaging modality (resting-state functional MRI) and as
such does not necessarily generalize to task-based functional connectivity
(Vogt et al., 2016), anatomical connectivity (Cerliani et al., 2012),
anatomical structure (Faillenot et al., 2017) and other modalities (Glasser
et al., 2016).

2. Materials and methods

2.1. Participants, image acquisition and image preprocessing

2.1.1. Participants
Behavioral measures and resting-state functional MRI (fMRI) data

were sourced from the Human Connectome Project (HCP) for 100
healthy, young adults (50 females; age range: 22–35 years). Individuals
were selected at random from the HCP database before study
commencement to yield a sample with a 1:1 sex ratio.

2.1.2. Behavioral measures
Before study commencement, measures that tapped functional do-

mains known to be subserved by the insula were selected from a broad
catalogue of behavioral measures. Measures were selected to assess
cognition, emotion, somatosensory and viscerosensory processing. For
psychological tests with multiple correlated outcomes, only the total or
subtotal scores were selected. For measures with both raw and age-
adjusted scores, only the age-adjusted scores were selected. Finally,
measures with missing data were excluded, resulting in 59 measures for
each participant (Supplementary Table S1).

2.1.3. Image acquisition
Acquisition of resting-state fMRI is described in detail elsewhere

(Smith et al., 2013). In brief, participants completed four resting-state
fMRI sessions, where 14min and 33s of resting-state fMRI was acquired
in each session using a multiband acquisition (TR: 720ms, voxel
dimension: 2 mm isotropic). Data acquired in the first two sessions were
used in this study: the first session (left-to-right phase encoding) was the
primary dataset, while the second session (right-to-left) was used to
assess replicability (within-subject).

2.1.4. Resting-state fMRI data preprocessing
Minimally processed resting-state fMRI data was sourced from the

HCP. The minimal processing pipeline is described in detail elsewhere
(Glasser et al., 2013) and includes headmotion correction with ICAþ FIX
(Griffanti et al., 2014), which removes more than 99% of the artefactual
ICA components (Salimi-Khorshidi et al., 2014). The pipeline also in-
cludes spatial artefact/distortion removal and alignment to MNI (Mon-
treal Neurological Institute) standard space. Additional temporal filtering
and nuisance regression were not performed. The artefactual ICA

components removed with ICA þ FIX account for the noise components
corrected with traditional nuisance regression (e.g. motion artefacts,
non-neuronal physiological noise and scanner artefacts). In addition to
the minimal preprocessing pipeline, unless specified otherwise, images
were spatially smoothed with a Gaussian smoothing kernel of 4 mm
FWHM (full width at half maximum). In ancillary analyses, a smoothing
kernel of 1.5 mm FWHM was investigated.

2.2. PART I: cluster analysis and discrete subregions

Clustering methodology
Binary insula masks were delineated based on the Harvard-Oxford

Cortical Structural Atlas (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases)
using a probability threshold of 40%, resulting in 798 voxels (6.38 cm3)
for right insula and 795 voxels (6.36 cm3) for left insula. These masks
were slightly smaller than previous studies (Cauda et al., 2011; Deen
et al., 2011; Chang et al., 2013), with the aim of minimizing contami-
nation from white matter and cerebrospinal fluid signals due to partial
volume effects. The MNI152 standard gray matter atlas was thresholded
at 42% to yield a gray matter mask comprising M ¼ 164,615 voxels
(1316 cm3), which included the cerebellum, midbrain and pons. The
preprocessed fMRI signal at each insula voxel was correlated (Pearson
correlation) with all gray matter voxels, resulting in a connectivity matrix
of dimension N � M, where N denotes the number of insula voxels and
M denotes the number of gray matter voxels. Each row of this connec-
tivity matrix provided a connectional fingerprint (Finn et al., 2015) of a
small portion (voxel) of the insula. Correlation coefficients were r-to-z
transformed (Fisher transformation). Principal component analysis
(PCA) was then applied to the z-transformed connectivity matrix to
reduce its dimensionality and increase the signal-to-noise ratio. For all
individuals, 5 principal components were sufficient to explain more than
80% of the connectivity variance across insula voxels. The N � M con-
nectivity matrix was thus reduced to a matrix of dimension N � 5 with
PCA. Including additional principal components had negligible impact.
The Euclidean distance between all pairs of insula voxels was computed
in this five-dimensional space, yielding a symmetric distance matrix of
dimension N� N. Ward's linkage was applied to this distance matrix to
partition insula voxels into groups (subregions) that share similar con-
nectivity patterns. We use K to denote the desired number of clusters.
Constraints were not imposed to ensure spatial contiguity. Fig. 1A shows
a schematic of the clustering methodology.

2.2.1. Optimal number of clusters
Parcellations ranging from 1 (no subregions) to 10 clusters were

delineated. We used cluster evaluation criteria to determine the optimal
number of clusters. Three established criteria were used: i) gap statistic
(Tibshirani et al., 2001); ii) silhouette criterion (Rousseeuw, 1987); and,
iii) Calinski-Harabasz criterion (Calinski and Harabasz, 1974). Further
details about the three cluster evaluation criteria are provided in Sup-
plementary Material S1.

Given that the optimal number of clusters was discordant between the
three cluster evaluation criteria and varied markedly between in-
dividuals (Supplementary Table S2), we sought to evaluate the perfor-
mance of these criteria using insula-like synthetic data for which the
ground truth number of clusters was known in advance. Simulation of the
insula-like synthetic data is described in Supplementary Material S2,
while the performance evaluation results are presented in Supplementary
Material S3 and Figure S2.

2.2.2. Group-level consensus parcellation
Having partitioned the insula into subregions for each individual, we

next sought to combine these individual partitions to yield a represen-
tative group-level insula parcellation. To this end, a consensus matrix of
dimension N � N was computed, where cell (i; j) stored the proportion
of individuals for which insula voxels i and j comprised the same cluster.
Newman's spectral community detection algorithm (Newman and Mark,
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2006; Newman, 2013) was used to delineate modules in this consensus
matrix, where modules delineated insula subregions that were repre-
sentative of the group. The modularity Q score was used to quantify the
extent to which the consensus matrix was modular (Clauset et al., 2004;
Newman and Mark, 2006). The modularity resolution parameter ðγÞ was
kept at its default value of 1, which is the most commonly used value and
leads to a natural partition (Reichardt and Bornholdt, 2006). This reso-
lution parameter value always resulted in the same number of modules as
the number of insula clusters in the data that was provided as input to the
modularity detection algorithm. Values of Q range between �0.5 and 1.
Higher Q scores provide stronger evidence of modular structure. Under
the null hypothesis of absence of any modular structure, it can be shown
that Q ¼ 0 when γ ¼ 1 (Supplementary Material S4). Therefore, Q scores
substantially exceeding 0 were taken as evidence of modular structure.
The presence of modular structure indicated that the shape and location
of insula clusters were consistent across individuals, thus warranting the
construction of a representative group-level parcellation. In contrast, if
the consensus matrix was not modular (Q � 0), variation in the shape
and location of insula clusters across individuals was considered too

extensive to warrant construction of a meaningful group-level
parcellation.

2.3. Cluster evaluation and null model

We found that several of the classic criteria for evaluating the optimal
number of clusters in cluster analyses may be prone to shortcomings
when applied to parcellate the insula based on functional connectivity
inferred from fMRI data. In particular, the silhouette and Calinski-
Harabasz criteria performed poorly when applied to insula-like syn-
thetic data for which the ground truth number of clusters was known
(Supplementary Material S3 & Figure S2). In contrast, while the gap
statistic performed well on the synthetic data, it suggested that the insula
comprised 8 or more subregions in the majority of individuals (Supple-
mentary Table S2), which is unexpectedly high compared to previous
studies (Table 1). Furthermore, given that the null model inherent to the
gap statistic did not necessarily preserve the spatial smoothness of the
empirical fMRI data, we were cautious about drawing inferences based
exclusively on the gap statistic. Using null data that did not preserve the

Fig. 1. Schematic of clustering methodology and null model. Panel A: The binary insula mask (purple) was delineated using the Harvard-Oxford Cortical
Structural Atlas. The correlation in fMRI signals between each insula voxel and all gray matter voxels was computed, resulting in a connectivity matrix (insula voxels �
gray matter voxels). The dashed red box indicates the connectional fingerprint for the illustrated voxel-to-whole-brain functional connectivity map. Principal
component analysis (PCA) was applied to reduce the number of columns in the connectivity matrix to five and the Euclidean distance between all pairs of insula voxels
was computed in this five-dimensional space, resulting in a distance matrix (insula voxels � insula voxels). Ward's linkage was applied to the distance matrix to cluster
insula voxels with similar connectional fingerprints, and thus parcellate the insula into putative subregions. The bipartite cluster solution shown in Panel A is for a
representative individual and can be seen to subdivide the right insula into anterior (red) and posterior (yellow) subregions. Cluster evaluation measures (W) were
computed to assess the quality of cluster separation and determine the optimal number of clusters. Panel B: Null data consistent with the null hypothesis of an absence
of any insula subregions (clusters) were generated by randomly displacing and/or rotating the insula mask to T ¼ 100 new gray matter locations. Five such randomly
displaced insula masks are shown (blue). For each displaced insula, a connectivity matrix was mapped using the fMRI data sampled from the new gray matter location.
The same steps shown in Panel A were then performed on the connectivity matrix for each randomly displaced insula. However, rather than computing a new cluster
solution for each displaced insula, the cluster solution for the true insula (Panel A) was imposed on each displaced insula, as emphasized by the vertical arrow (orange)
from Panels A to B. Computing the cluster evaluation measures for each displaced insula yielded 100 samples from the null distribution of these measures, denoted
~WðtÞ; t ¼ 1, 2, …, T. Panel C: Violin plot showing the distribution of gap values ~WKðtÞ �WKt¼1;…;T for cluster solutions comprising K ¼ 1, 2, 3 and 4 clusters, where

the mean gap value, gapK ¼PT
t¼1

~WKðtÞ=T �WK , is indicated with a solid black line and the gray lines indicate confidence intervals (�1 standard error). The bipartite
parcellation was deemed optimal because the gap value for K ¼ 3 is within the confidence interval of the gap value for K ¼ 2 (Tibshirani et al., 2001).
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smoothness of the fMRI data could have resulted in overestimation of the
true number of insula clusters because smoothed data is inherently more
clustered than unsmoothed data. These shortcomings motivated us to
develop novel cluster evaluation criteria and an fMRI-specific null model.
More specifically, we developed three cluster evaluation measures: i) the
intra-cluster distance, W ; ii) the normalized intra-to-inter cluster dis-
tance, Wnorm; and iii) the difference between the inter- and intra-cluster
distances, Wdiff (Supplementary Material S5). Our measures take into
account both the inter- and intra-cluster distances and are benchmarked
against fMRI-specific null data that preserves the smoothness of the fMRI
data.

2.3.1. Null model
A null model was needed to generate null data to set expectations for

the cluster evaluation measures under the null hypothesis of no insula
clusters. We generated null data that was explicitly sampled from the
fMRI data, thereby preserving spatial and temporal characteristics of the
data, but annihilating any potential subregional structure that was spe-
cific to the insula. Conceptually, we followed the approach proposed by
Gordon et al. (2016)) in which cortical regions were randomly reposi-
tioned across the cortical surface to generate null data. More specifically,
the mask delineating the insula and its candidate subregions was dis-
placed and/or rotated to a random location in gray matter, subject to the
constraints that: i) the displaced/rotated mask remained entirely
confined to gray matter; and, ii) the relative positions of clusters were
preserved. This was achieved by uniformly sampling random displace-
ment vectors and rotation matrices until the displaced and rotated insula
mask resided entirely within gray matter. Crucially, displacing and
rotating the parcellated insula to a random gray matter location ensured
that the candidate subregions delineated for the true insula were unlikely
to map onto any potential subregions at the random location. Therefore,
the cluster evaluation measures (W ; Wnorm and Wdiff ) were evaluated
with respect to the clusters identified in the true insula, but using the
fMRI data from the voxels comprising the displaced insula. Functional
connectivity mapping and PCA were performed using the fMRI data
from the voxels comprising the displaced insula, but further clustering
was not undertaken; rather, clusters defined for the true insula were
imposed and used to compute the cluster evaluation measures. This
process was repeated for T ¼ 100 trials to generate an empirical null
distribution for each cluster evaluation measure. For each trial, the true
insula was randomly displaced to a new gray matter location. We use
~WKðtÞ; ~W

norm
K ðtÞ and ~W

diff
K ðtÞ to denote the tth null sample for the cluster

solution with K clusters. A schematic of our null model is shown in
Fig. 1B, including an illustration of five randomly displaced insulae. The
vertical arrow in Fig. 1 from Panel A to Panel B of this figure emphasizes
that the cluster solution for the true insula (Panel A) was imposed on the
displaced insula (Panel B) to compute null data.

2.3.2. Optimal number of clusters
The optimal number of clusters was determined based on a method-

ology that was conceptually the same as the gap statistic (Tibshirani
et al., 2001). The gap value was computed as, gapK ¼ PT

t¼1
~WKðtÞ=T �

WK ; K � 1; which quantified the mean difference (gap) in the
intra-cluster distance between the null data and true insula for the cluster
solution with K clusters. The larger the gap, the more likely the cluster
solution was not due to chance. The gap value was computed analogously
for Wnorm and Wdiff , except that the range of K was limited to cluster
solutions comprising more than one cluster for these measures. Based on
previous recommendations (Yan and Ye, 2007; Mohajer et al., 2010), the
logarithm of the W measures was not taken prior to computing gap
values. Following the gap statistic, the optimal number of clusters was
determined as the first value of K that satisfied, gapK � gapKþ1 � seKþ1;

K ¼ 1; …; Kmax � 1, where seK ¼ σK
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ 1=T

p
and σK denotes

the standard deviation across the T samples from the null distribution

~WKðtÞ; t ¼ 1;:::;T. If this inequality was not satisfied for any value of K, it
was assumed that the insula either comprised Kmax or more subregions,
or that the insula could not be unequivocally parcellated into discrete
subregions. In this study, we set Kmax to 4. Given that most previous
studies suggest that the insula comprises at most 3 subregions (Table 1),
we assumed that the insula could not be unequivocally parcellated if the
above inequality was not satisfied for K ¼ 2 or 3. Therefore, if the above
inequality was not satisfied for K ¼ 2 or 3, we considered this case to be
conceptually equivalent to the K ¼ 1 case. Individuals were therefore
assigned to one of three categories: i) no evidence of unequivocal insula
subregions (K ¼ 1 or K � 4); ii) two subregions (K ¼ 2); or, iii) three
subregions (K ¼ 3). Our procedure to determine the optimal number of
clusters was validated on insula-like synthetic data for W , Wnorm and
Wdiff (Supplementary Material S6 & Figure S3).

2.3.3. Subregion homogeneity
Ideally, parcellation of the insula should yield subregions that are

homogenous; namely, all voxels comprising a given insula cluster should
share a common connectional fingerprint, otherwise the cluster may be
considered too diverse to constitute a subregion. After parcellating the
insula into discrete subregions (clusters), we sought to test whether each
subregion was more homogeneous than expected under an appropriate
null model. The homogeneity of each cluster k ¼ 1;…;K was measured
using the intra-cluster distance wk (Supplementary Material S5). To set
expectations for wk under the null hypothesis of absence of cluster ho-
mogeneity, the intra-cluster distance was measured for clusters
comprising each randomly displaced insula (see Null Model). When
displacing and rotating the true insula to T random positions in gray
matter, each insula cluster was also repositioned accordingly, and thus an
empirical null distribution f~wkðtÞgt¼1;…;T could be generated for each
cluster k ¼ 1;…; K. The p-value for the null hypothesis of absence of
homogeneity was given by the proportion of samples in the null distri-
bution for which the intra-cluster distance was less than or equal to the
intra-cluster distance for the actual insula clusters. Specifically, pk ¼
1=T

PT
t¼11~wkðtÞ�wk

, where pk denotes the p-value for insula cluster k ¼ 1;

…;K. This was repeated independently for each individual. If pk < 0.05,
the kth insula subregion was considered homogenous.

2.4. PART II: diversity curves and continuum model

In the second part of this study, the diversity of functional connec-
tivity across the topography of the insula was modeled as a continuum.
This involved three steps: i) mapping the Laplacian eigenmap for each
individual's insula; ii) inferring a curvilinear trajectory through the insula
representing the trajectory of maximal change in the eigenmap; and, iii)
projecting the Laplacian eigenmap for each individual onto the inferred
trajectory of maximal change to yield a diversity curve. Diversity curves
thus provided a one-dimensional parameterization of an individual's
Laplacian eigenmap for the trajectory along which the insula's connec-
tivity varied the most. The last two steps are novel to this study, while the
first step follows well-established methods.

Step I - Mapping Laplacian Eigenmaps: Laplacian eigenmaps (Belkin
and Niyogi, 2003) and associated eigendecomposition techniques
have found utility in mapping continuous spatial patterns of variation
in the cerebral cortex (Cerliani et al., 2012; Schr€oder et al., 2015;
Margulies et al., 2016; Haak et al., 2018; Huntenburg et al., 2018).
We followed the procedure described by Haak et al. (2018) to map
Laplacian eigenmaps for each individual. In brief, the preprocessed
fMRI signals were stacked together for all gray matter voxels to yield a
matrix of dimension T � M, where T denotes the number of time
points andM denotes the number of gray matter voxels. PCAwas used
to reduce this to a full rank matrix of dimension T � ðT � 1Þ. The
fMRI signal at each insula voxel was then correlated (Pearson corre-
lation) with the PCA-transformed matrix, resulting in a connectivity
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matrix of dimension N � ðT � 1Þ, where N denotes the number of
insula voxels. Correlation coefficients were r-to-z transformed (Fisher
transformation). Each row of this matrix quantified the connectional
fingerprint of a particular insula voxel in the PCA-transformed space.
The η2 coefficient of similarity was then used to measure the simi-
larity in connectional fingerprints between each pair of insula voxels,
yielding a symmetric similarity matrix of dimension N� N. The
similarity matrix was transformed into the adjacency matrix for a
weighted graph in which each node represented an insula voxel. To
describe this transformation, we denote the ith row of the similarity
matrix with Si and use Sij to denote the similarity between insula
voxels i and j ¼ 1; …; N. To define a sparse graph, the adjacency
matrix, denoted W ; was thresholded such that Wij ¼ Sij if jjSi �
Sjjj < d, otherwise Wij ¼ 0, where the distance threshold, d, was
chosen as small as possible, subject to the graph characterized by W
comprising only one connected component (Haak et al., 2018). In
practice, this resulted in graphs with connection densities of 1–3%
across individuals. Finally, eigendecomposition was performed on the
Laplacian matrix L ¼ D�W , where D denotes the diagonal matrix of
node strengths. The eigenvector with the second smallest eigenvalue,
known as the Fiedler eigenvector, defined the Laplacian eigenmaps

considered in this study. The eignmap was mapped to insula voxels in
MNI space to enable three-dimensional visualization of the eigenmap
and further image processing.
Step II - Inferring Trajectories of Maximal Change: A group-
consensus eigenmap representing consensus across all individuals
was computed by averaging the similarity matrices for all individuals
and performing the above described eigendecomposition on the
resulting group-averaged similarity matrix. The group-consensus
eigenmap was then mapped to insula voxels in MNI space, resulting
in a three-dimensional image. The Sobel gradient operator was then
used to determine the directional gradients for each insula voxel in
this image. Before gradient estimation, the image was dilated by one
voxel to avoid estimation of spurious boundary gradients due to edge
effects. The estimated gradient field is shown in Fig. 2A (lower panel),
where each arrow indicates the gradient direction of a particular
insula voxel. Streamlines were initiated from each insula voxel and
propagated step-by-step in the direction of the local gradient by a step
length of one tenth of a voxel. Propagation was terminated as soon as
a streamline exceeded the insula mask. Each streamline provided a
curvilinear trajectory through the insula, representing the trajectory
of maximal change in the group-consensus eigenmap. Most

Fig. 2. Diversity curve, linear piecewise model and model selection. Panel A: Hypothetical diversity curve (blue curve) and piecewise linear fit (dashed red lines).
Diversity curves were mapped by projecting the insula's Laplacian eigenmap (Fiedler eigenvector) from the three-dimensional space of the insula to the one-
dimensional line parameterizing the curvilinear trajectory of maximal change in the eigenmap (red streamline, lower panel). This curvilinear trajectory was deter-
mined by propagating a streamline through the gradient field estimated from the eigenmap. Arrows indicate the gradient direction of each insula voxel and arrow
lengths convey gradient magnitude. The gradient field shown (lower panel) was derived from the group-consensus eigenmap. The diversity curves shown are hy-
pothetical and were not derived from empirical data. Panel B: Model selection was performed based on diversity curve shape and slope. Diversity curves with a
relatively constant but non-zero slope (upper panel) indicated that connectional diversity was characterized by a continuum of gradual change. Diversity curves
resembling a step function (lower panel) indicated a discrete transition between two putative subregions with distinct connectional profiles. Diversity curves with a
near-zero gradient indicated an absence of connectional diversity (i.e. homogeneous region). Panel C: To formalize model selection, a piecewise linear function
comprising two breakpoints (solid red circles) was fitted to each individual's diversity curve. Nonlinear least squares analysis was used to fit the six model parameters:
two breakpoints (k1 and k2), three gradients (m1, m2 and m3) and an intercept (a). Dashed lines indicate hypothetical model fits. Connectional diversity characterized
by a continuum of change was indicated by approximate equality in the gradients of the three line segments (m1 � m2 � m3), whereas a relatively steep gradient of the
middle line segment (m3) compared to the other two segments suggested a discrete transition between two putative subregions.
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streamlines traversed only a small portion of the insula's spatial
extent. These streamlines were discarded. The longest streamline
(Fig. 2A, lower panel, red trajectory) provided the most comprehen-
sive coverage of the insula's spatial extent and was chosen as the
curvilinear trajectory onto which each individual's eigenmap was
projected.
Step III - Diversity Curves: Diversity curves were computed by pro-
jecting the eigenmap for each individual (Step I) onto the curvilinear
trajectory of maximal change (Step II). To this end, the point on the
trajectory that was closest in Euclidean distance to the center of each
insula voxel was determined. This defined a projection from the
three-dimensional space of the insula to the one-dimensional line
parameterizing the trajectory of maximal change. Diversity curves
were mapped by applying this projection to each individual's eigen-
map as well as the eigenmap's gradient magnitude. Diversity curves
thus provided a parameterization of an individual's eigenmap (or its
gradient magnitude) for the trajectory along which the insula's con-
nectivity varied the most. Finally, diversity curves were spatially
smoothed with a moving average filter. The span of the filter was
commensurate to the voxel dimension (2mm). A hypothetical di-
versity curve is shown in Fig. 2A (upper panel, blue curve). The
dashed lines linking points on the diversity curve (upper panel) with
points on the trajectory of maximum change (lower panel, red tra-
jectory) emphasize the projection from the space of the insula to the
curvilinear parameterization.

The gradient of the diversity curve provided insight into the topo-
graphic organization of the insula's connectional diversity and facilitated
model selection. Diversity curves with a constant but non-zero gradient
suggested that connectional diversity was characterized by a continuum
of gradual change (Fig. 2B, upper panel). Abrupt changes in the diversity
curve gradient suggested the location of putative boundaries between
distinct subregions (Fig. 2B, lower panel). Stretches where the gradient
was near-zero indicated a lack of connectional diversity (i.e. homogenous
area).

Piecewise linear model
To formalize model selection, a piecewise linear function with two

breakpoints was fitted to each individual's diversity curve. Two break-
points were fitted, denoted k1 and k2, where 0 < k1 < k2 < L and L de-
notes the length of the curvilinear trajectory. The piecewise linear
function thus comprised three line segments, with gradients denoted m1,
m2 andm3. Fig. 2A shows the piecewise linear function (red dashed lines)
fitted to a hypothetical diversity curve (blue). Using two breakpoints
provided sufficient flexibility to compare and select between the two
hypothesized models of insula connectional diversity: i) continuum of
gradual change, which was suggested by approximate equality in gra-
dients of the three line segment (Fig. 2B, upper panel, m1 � m2 � m3);
and, ii) two discrete subregions, which was indicated by a steeper
gradient of the middle line segment, relative to the first and last segments
(lower panel, jm1j < jm2j and jm3j < jm2j). In the case of two subregions,
the first and last segments were assumed to characterize homogenous
areas corresponding to the two putative subregions, whereas the middle
segment characterized the transition between these two homogeneous
areas. The gradient of the middle segment (m2) was thus assumed to be
larger than the other two segments (m1 and m3) because the middle
segment spanned greater connectional variation per unit length. Using
more than two breakpoints was not supported by the data. The equations
defining the piecewise linear function used in this study are shown in
Fig. 2C and comprise 6 parameters (3 gradients, 2 breakpoints and 1
intercept). The six model parameters were fitted to each individual's
diversity curve using the Levenberg-Marquardt algorithm. The intraclass
correlation coefficient (ICC; Bartko, 1966) was used to evaluate the
replicability (within-subject) of the model parameters across the two
fMRI sessions.

2.5. Diversity curve benchmarks

Diversity curves computed for the actual insula were compared to
three benchmark diversity curves for which the topography of connec-
tional diversity was known.

� Insula-Putamen Benchmark: Diversity curves were mapped for the
insula and putamen combined, yielding prototype diversity curves for
a known transition between two well-known regions. The trajectory
of maximal change through the eigenmap for the insula-putamen was
linear and oriented in a medial-lateral orientation. This trajectory was
approximately equal in length to the insula's curvilinear trajectory
(28mm), and thus the dynamic range of eigenmap values per unit
length was comparable between the insula and insula-putamen. The
diversity curve for the insula-putamen provided a benchmark di-
versity curve for the case of two regions and was compared to the
insula's diversity curve to test for evidence of insula subregions. The
thin strip of gray matter (claustrum) and white matter (external
capsule) separating the insula and putamen was excluded before
computing diversity curves.

� Continuum Benchmark: Diversity curves were mapped for insula-
shaped patches randomly distributed throughout gray matter,
yielding prototype diversity curves for the case where connectional
diversity varied as a continuum. Insula-shaped patches were gener-
ated by randomly displacing and/or rotating the insula mask and its
curvilinear trajectory to new gray matter locations (see Null Model).
Diversity curves were computed with respect to the fMRI data at these
new locations. This was repeated for 100 randomizations and the
resulting diversity curves were averaged and compared to the di-
versity curve for the actual insula. Because potential boundaries be-
tween subregions were not necessarily positioned consistently across
the 100 insula-shaped patches, the average diversity curve was char-
acterized by a constant gradient that represented the whole-brain
average change in connectional diversity per unit length.

� Homogeneous Benchmark: Diversity curves were mapped after
randomly permuting the spatial position of insula voxels, thereby
annihilating any spatial structure in functional connectivity. This
yielded prototype diversity curves for the absence of any connectional
diversity. Diversity curves were computed by projecting the voxel-
randomized fMRI data onto the curvilinear trajectory for the actual
insula. This yielded diversity curves with zero gradient (horizontal
lines), which were consistent with a homogeneous area with no di-
versity in functional connectivity across its topography. This process
was repeated for 100 randomizations and the resulting diversity
curves were averaged.

The three benchmarks were computed separately for each individual.
Group-averaged diversity curves and confidence intervals were then
determined for each benchmark.

2.6. Relating insula diversity and behavior

Canonical correlation analysis (CCA; Hotelling, 1936) was used to test
whether individual variation in behavioral and personality traits was
associatedwith the insula's functional connectivity diversity. CCA aims to
identify multivariate associations between two groups of variables, such
as between neuroimaging metrics and behavioral measures (Smith et al.,
2015; Moser et al., 2017). In this study, one group of variables comprised
59 behavioral measures that tap functional domains known to be sub-
served by the insula (see Behavioral Measures), while the other group
comprised the parameters characterizing the linear piecewise function
fitted to each individual's diversity curve (see Piecewise Linear Model,
Fig. 2C). The CCA was performed using: i) all six model parameters; and,
ii) only the model parameters that were deemed most replicable across
the two fMRI sessions (i.e. ICC >0.5). The slope of the first line segment
(m3) and the intercept term (a) were most replicable, and thus selected
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for the latter (Supplementary Figure S6). Individuals with diversity
curves for which the linear piecewise function was a poor fit (sum of
squared errors> 0.005) were excluded from the CCA (8 individuals
excluded; 4 females).

We use X to denote the N � P matrix of parameter estimates for the
linear piecewise model (individuals � model parameters) and Y to
denote the N � 59 matrix of behavioral measures (individuals � behav-
iors). Each column of these two matrices was demeaned and normalized
by its standard deviation. PCA was used to reduce the dimension of
matrix Y to N � 40, with the top 40 principal components explaining
more than 90% of the variance across individuals. Matrices X and Y were
then provided to the CCA function (canoncorr) available inMATLAB. The
CCA function computed canonical coefficients to weight each behavioral
measure and each model parameter. The weighted behavioral measures
(PCA components) were then summed to yield a single canonical score
for each individual with respect to matrix Y , and canonical scores were
similarly computed for matrix X. The canonical coefficients (weights)
were computed to maximize the correlation across individuals in the
canonical scores. Further details about the CCA are provided in Supple-
mentary Material S7.

Images were visualized using BrainNetViewer1.6 (Xia et al., 2013)
and FslView software (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FslView).
Numerical computation was performed in MATLAB R2017b.

3. Results

In the first part of this study, we delineated discrete insula subregions
(clusters) to parse the diversity of resting-state functional connectivity
across this heterogeneous cerebral lobe in 100 young adults. We found
that the minimum number of insula subregions required to parsimoni-
ously characterize the insula's connectional diversity varied markedly
between individuals and no consensus could be reached based on
established cluster evaluation criteria for determining the optimal
number of clusters (Supplementary Table S2). We therefore investigated
the accuracy of these criteria for fMRI parcellation tasks and evaluated
their performance on insula-like synthetic data for which the ground
truth number of clusters was known. We found that some of the criteria
performed poorly in this validation (Supplementary Figure S2), while
others (gap statistic) were based on null data that did not preserve the
spatial properties of fMRI data. To address these shortcomings in the
present study, we developed novel criteria and fMRI-specific null data to
determine the most parsimonious number of insula subregions, and
proposed the concept of a diversity curve to model continuous topo-
graphic variation in functional connectivity across the insula. Diversity
curves enabled principled model selection. In this section, results pertain
to the right insula, unless laterality is explicitly indicated. For brevity,
results pertaining to the left insula are only described in this section if a
significant laterality effect was evident.

3.1. Insula subregions

Bipartite and tripartite insula parcellations were constructed by
clustering insula voxels that shared similar connectional fingerprints.
Group-level parcellations representing a consensus across all individuals
were then determined with modularity analysis. Bipartite parcellation
resulted in subdivision of the insula into ventral-anterior and dorsal-
posterior subregions of approximately equal size (Fig. 3). While the
consensus matrices (Fig. 3A) show evidence of moderate modular
structure, as assessedwith themodularityQ-score (right insula: 0.23; left:
0.22), the probabilistic maps in Fig. 3B suggest a rather gradual transition
between the anterior and posterior subdivisions, without evidence of a
distinct boundary.

Tripartite parcellation resulted in subdivision of the insula into
ventral-anterior, dorsal-posterior and ventral-medial subregions (Sup-
plementary Figure S4). Evidence of modular structure was weaker for the
tripartite parcellations (Q-score right insula: 0.17; left: 0.18), suggesting

that the boundaries separating these three subregions are either less well
defined and/or vary more between individuals than the bipartite
parcellation.

3.2. Optimal number of insula subregions

We sought to determine which of the two candidate parcella-
tions—bipartite or tripartite—provided the most parsimonious model.
For each individual, three cluster evaluation measures (W , Wnorm, Wdiff )
were computed to determine the optimal number of insula subregions:
bipartite (K ¼ 2), tripartite (K ¼ 3), or an absence of any clusters. An
absence of clusters was declared when neither the bipartite nor the
tripartite solution was optimal (i.e. K ¼ 1 or K � 4; see Materials and
Methods). While three cluster evaluation measures were considered, the
optimal number of clusters suggested by the Wnorm measure was given
precedence, given that this measure outperformed the others when
evaluated on insula-like synthetic data (Supplementary Figure S3).

The spatial smoothness of the fMRI data was found to influence the
optimal number of insula subregions. The optimal number of clusters was
therefore determined separately for moderate (FWHM: 4mm; Fig. 4A,
left panel) and minimal (FWHM: 1.5mm; right) levels of spatial
smoothing. With moderate smoothing (FWHM: 4mm), the Wnorm and
Wdiff measures suggested that a bipartite parcellation was optimal for the
majority of individuals, although a tripartite solution was indicated for
approximately 30% of individuals and neither of these parcellations was
supported for 2–3% of individuals. In contrast, the W measure indicated
no clusters for the majority of individuals (97%). With minimal
smoothing (FWHM: 1.5 mm), the absence of any clusters was the optimal
solution suggested by all three measures for the majority of individuals.
Nevertheless, some individuals were optimally represented with bipartite
(12%) and tripartite parcellations (3–11%; Fig. 4A, right panel). Fig. 4B
shows gap values as a function of the number of candidate clusters (K) for
representative individuals for which the optimal number of insula clus-
ters was deemed to be K ¼ 2 (leftmost plot), K ¼ 3 (middle) and
ambiguous (K ¼ 1 or K � 4, rightmost). Of note, variation in the optimal
number of clusters across individuals was not correlated withmeasures of
intrascan head motion (absolute and relative RMS) (p > 0.05, Supple-
mentary Table S3).

3.3. Homogeneity of insula subregions

A complementary measure of parcellation quality is the extent to
which the voxels within each cluster are homogenous and share a com-
mon connectional fingerprint. Each subregion should not only be distinct
from other subregions, but also show a homogenous functional connec-
tivity pattern across its spatial extent. To investigate subregion homo-
geneity, we tested whether the connectional fingerprints of voxels
comprising each subregion were more similar than null data.

Fig. 5A shows the proportion of individuals for which subregions
comprising the bipartite and tripartite parcellations were homogeneous
(p < 0.05). The homogeneity of the insula as a whole is also shown
(leftmost bar). The insula as a whole was found to be homogeneous in
only 5% of individuals, warranting efforts to characterize the insula's
connectional diversity with simpler and more homogenous elements.
However, characterizing this diversity with discrete subregions resulted
in a relatively modest improvement in the homogeneity of the resulting
subregions. The two subregions comprising the bipartite parcellation
were homogeneous in less than 10–16% of individuals, while the
tripartite parcellation resulted in subregions that were marginally more
homogeneous (Fig. 5A).

In summary, while anatomically plausible bipartite and tripartite
insula parcellations were mapped in the first part of this study, several
potential challenges and shortcomings of representing the insula with
discrete subregions became apparent: First, the optimal number of sub-
regions was substantially influenced by the extent to which the fMRI data
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was smoothed and varied between individuals (Fig. 4A). Inter-individual
variation in the number of optimal subregions might be explained by
differences in brain anatomy, but the absence of entire anatomical sub-
regions in otherwise healthy individuals is unlikely. Second, one of the
goals of parcellation was to delineate subregions that were more homo-
geneous than the insula as whole with respect to diversity in functional
connectivity. However, insula subregions were found not to be homo-
geneous in the majority of individuals when benchmarked against null
data from random gray matter locations (Fig. 5A). These shortcomings
warrant consideration of alternative models to characterize the insula's
functional connectivity diversity. In the second part of this study, we
consider one such alternative model and propose the concept of a di-
versity curve to model continuous topographic variation in functional
connectivity across the insula.

3.4. Diversity curves and continuum model

Diversity curves were used to measure the extent of connectional
diversity per unit length across the topography of the insula. Fig. 6A
shows group-averaged diversity curves for the insula and insula-putamen
benchmark. Diversity curves were mapped for the Fiedler eigenvector
(blue curves) and the magnitude of its gradient (red curves). The insula's

diversity curve is approximately linear, suggesting that the insula's
connectional diversity is distributed uniformly across its spatial extent. In
contrast, the diversity curve for the insula-putamen is step shaped. The
insula-putamen serves as a benchmark diversity curve for the case of two
distinct regions. The abrupt step corresponds to the boundary between
the insula and putamen.

To formalize comparison with the insula-putamen benchmark,
piecewise linear functions comprising three line segments were fitted to
each of the diversity curves (dashed red lines). For the insula-putamen,
the three line segments delineate the insula (m1¼ 1.9� 10�4 ), insula-
putamen boundary (m2¼ 6.7� 10�3) and putamen ( m3¼ 8.2� 10�6

(m2) of the middle line segment is orders of magnitude greater than the
slope of the other two segments (i.e. m2=m1 ¼ 35 and m2=m3 ¼ 808),
providing evidence of a clear distinction in the connectional profiles of
the insula and putamen. Relative to this benchmark, the insula's diversity
curve shows little evidence of an abrupt step that is comparable in slope
to the insula-putamen boundary. For the insula, the three line segments
share slopes that are of the same order of magnitude (m1¼ 0.004,
m2¼ 0.006,m3¼ 0.002) and the slope of middle line segment is at most 3
times greater than the other line segments (i.e. m2=m1 ¼ 1.5 and m2=m3

¼ 3). The insula's diversity curve is therefore not consistent with the
benchmark diversity curve for two distinct regions. Nevertheless, it is

Fig. 3. Bipartite parcellation of the human insula cortex based on resting-state functional connectivity. Panel A: Group consensus matrices (insula voxels �
insula voxels) for the right (upper matrix) and left insula (lower). Element ði; jÞ of the consensus matrix shows the proportion of 100 individuals for which insula voxels
i and j comprise the same insula subregion. Warm tones (yellow) indicate pairs of voxels consistently comprising the same subregion, whereas cool tones (blue)
indicate pairs of voxels consistently comprising distinct subregions. Both consensus matrices are modular (Q ¼ 0.23, right insula; Q ¼ 0.22, left) and comprise two
distinct modules, which delineate insula subregions that represent a group consensus. The rows/columns of the consensus matrices are ordered such that all insula
voxels comprising the anterior insula (AI) module are listed first, followed by all voxels in the posterior insula (PI). This ordering endows the consensus matrices with a
distinct block structure that accentuates the modular structure. Panel B: The consensus matrices are mapped to the right (upper) and left (lower) insula to yield
probabilistic maps of the AI and PI subregions. The color of each insula voxel is modulated by the proportion of individuals for which the voxel comprised the AI or PI
subregion (module). Yellow tones indicate voxels that consistently comprise the AI or PI subregion across individuals, whereas red tones indicate voxels that rarely
comprise the subregion. Slice coordinates (MNI152, mm): x¼ 40, y¼ 6, z¼�2. Panel C: Probability maps converted to binary (hard) segmentations to delineate
discrete AI (purple) and PI subregions (blue). Parcellations visualized sagittally, axially and coronally.
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important to remark that while the insula's diversity curve is not step
shaped to the same extent as the insula-putamen benchmark (i.e. insula:
3; insula-putamen: 808), the steepness of the insula's diversity curve in-
creases slightly within a putative ‘transition zone’ between the anterior
and posterior portions of the insula (Fig. 6A). The middle line segment
comprising the piecewise linear function spans this transition zone, while
the first and last segments span the anterior and posterior insula.
Therefore, while the insula's diversity curve does not show evidence of a

discrete transition between subregions, connectional variation per unit
length increases marginally within an area straddling the anterior and
posterior insula, possibly suggesting a putative transition zone.

Diversity curves for the gradient magnitude of the eigenmap were
also mapped (Fig. 6A, red curves). The insula's gradient magnitude varies
gradually compared to the insula-putamen benchmark, which shows a
peak at the boundary between these regions. Fig. 6B shows projections of
the group-consensus eigenmap to the voxels of the insula and insula-

Fig. 4. Optimal number of insula subregions. Panel A: Bar plots show the percentage of individuals for which the right insula comprises 1 (red bar), 2 (blue) or 3
(black) subregions, as determined by three cluster evaluation measures (W ,Wnorm,Wdiff ). Separate bar plots are shown for moderate (FWHM: 4mm, left) and minimal
(1.5 mm, right) spatial smoothing of the fMRI data. The optimal number of insula subregions is influenced by smoothing and can be seen to vary markedly between
individuals. Panel B: Violin plots showing the distribution of gap values for representative individuals with K ¼ 2 (leftmost plot), 3 (middle) and ambiguous
(rightmost) subregions. The mean gap value is indicated with a solid black line and the gray lines indicate confidence intervals (�1 standard error). For the first
individual (leftmost), the gap value for K ¼ 2 is within the confidence interval of the gap value for K ¼ 3, and thus moving from a bipartite to a tripartite solution is
not supported. However, for the second individual (middle), the gap for K ¼ 2 is below the confidence interval of the gap for K ¼ 3, but the gap for K ¼ 3 is within the
confidence interval of the gap for K ¼ 3, and thus a tripartite solution is deemed optimal. Finally, the gap values as a function of K for the third individual (rightmost)
do not show an obvious elbow and the gap value for K is always below the confidence interval of the gap value for Kþ 1, and thus the optimal number of clusters is
ambiguous (K ¼ 1 or K � 4).

Fig. 5. Homogeneity of the insula and its subregions.
Panel A: Proportion of individuals for which subregions
comprising bipartite and tripartite insula parcellations were
homogeneous (p < 0.05). The subregion of each individual
was relabeled to either ventral-anterior, dorsal-posterior or
ventral-medial according to the number of voxels in the in-
dividual subregion that overlapped with group-level bipartite
(Panel B) or tripartite (Panel C) subdivisions. The homoge-
neity of the insula as a whole is also shown (leftmost bar). A
subregion is considered homogeneous if its intra-cluster dis-
tance (wk) does not exceed or equal the intra-cluster distance
measured in more than 5% of null data samples drawn from
random patches of gray matter. One of the goals of parcella-
tion is to yield homogeneous subregions, however, it can be
seen that both the bipartite and tripartite insula subregions are
not homogeneous for the majority of individuals.

Y. Tian, A. Zalesky NeuroImage 183 (2018) 716–733

725

Chapter 3

90



putamen in MNI space. These anatomical images show a gradual con-
tinuum of variation across the topography of the insula, from dorsal-
posterior to ventral-anterior. In contrast, projecting the eigenmap of
the insula-putamen into anatomical space yields an image with a sharp
contrast between these two regions. Further anatomical images are
shown in Supplementary Figure S5.

Fig. 6C shows distributions characterizing inter-individual variation
in the model parameters describing the piecewise linear functions fitted
to the diversity curves for each individual. Unlike the insula-putamen
benchmark, substantial inter-individual variation is evident in the
parameter estimates for the insula, which provides motivation for
investigating whether this variation relates to inter-individual variation
in behavior. The intercept term (a) and slope of the first line segment
(m1) show good within-subject replicability across fMRI sessions
(ICC> 0.5), whereas the breakpoint locations (k1 and k2) show poor

replicability (Supplementary Figure S6). This suggests that the spatial
extent of the insula's putative transition zone cannot be reliably identi-
fied. For the insula-putamen, all model parameters show good within-
subject replicability.

Given that the insula's diversity curve was not consistent with the
benchmark diversity curve for two distinct regions (Fig. 6), to aid model
selection, we investigated two alternative diversity curve benchmarks;
namely, i) continuum of gradual change in connectional diversity; and ii)
absence of connectional diversity (i.e. homogenous region). Diversity
curves for the continuum benchmark were mapped for insula-shaped
patches that were randomly distributed throughout the gray matter
volume (Fig. 7A, left image), yielding prototype diversity curves for the
case where connectional diversity varied as a gradual continuum. The
average diversity curve for the continuum benchmark has a constant
gradient (Fig. 7B, cyan line), and represents the average change in

Fig. 6. Diversity curves for the insula cortex and insula-putamen combined. Panel A: Group-averaged diversity curves for the insula were compared to
benchmark diversity curves for the case of two regions (insula-putamen combined). Diversity curves were mapped for the Fiedler eigenvector (blue curves) and the
magnitude of its gradient (red curves). Diversity curves were modeled with piecewise linear functions (dashed red lines) comprising two breakpoints (solid red circles).
The slope of the middle line segment of the insula's diversity curve is marginally (� 3) steeper than the other two segments, suggesting a gradual ‘transition zone’
between the anterior and posterior portions of the insula. However, the insula's diversity curve is not consistent with the step-shaped diversity curve of the insula-
putamen benchmark, where the middle line segment is 35–808 times steeper than the other two segments. Shading denotes 95% confidence intervals (CI). Panel
B: Eigenmap values were mapped to the voxels of the insula and insula-putamen to enable anatomical visualization of the eigenmaps. The dynamic range of eigenmap
values is uniformly distributed across the spatial extent of the insula along a curvilinear gradient indicated by the streamlines (red lines). In contrast, the insula-
putamen is characterized by a bimodal distribution of eigenmap values. The streamlines superposed onto the anatomical images represent trajectories of maximal
change in the eignemaps. Streamlines were propagated in the gradient field estimated from the eigenmaps. Arrows indicate the gradient direction estimated for each
voxel and arrow lengths convey gradient magnitude. Diversity curves were mapped with respect to the longest streamline (solid red line). Panel C: Distributions
characterizing inter-individual variation in the model parameters describing the piecewise linear functions fitted to the diversity curves.
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connectional diversity per unit length across the cortex. Diversity curves
for the homogeneous benchmark were mapped after randomly
permuting the spatial position of insula voxels, thereby annihilating any
spatial structure in functional connectivity. This yielded prototype di-
versity curves for the absence of any connectional diversity (Fig. 7B,
black line). To enable comparison, Fig. 7B also shows diversity curves for
the actual insula (blue line) as well as the insula-putamen benchmark
(green line). Bar plots show the Euclidean distance between the insula
diversity curves and each of the three benchmarks. The benchmark di-
versity curves mapped for the Fiedler eigenvectors (Fig. 7B, left axis)
suggest that:

i) The insula is not a homogeneous region with respect to its func-
tional connectivity, since the insula's diversity curve is markedly
steeper than the homogeneous benchmark.

ii) The insula's connectional diversity does not appear to be charac-
terized by discrete transitions between putative subregions, since
the insula's diversity curve is not consistent with the step shape of
the insula-putamen benchmark.

iii) Based on the three benchmarks investigated (insula-putamen,
continuum and homogeneous), the insula's connectional diversity
is most parsimoniously modeled as a continuum, since the insula's
diversity curve shows the same characteristics as the continuum

Fig. 7. Model selection: diversity curves for the insula cortex compared to benchmark diversity curves. Benchmark diversity curves were mapped for the cases
of: i) connectional diversity segregated into two distinct regions (insula-putamen benchmark); ii) connectional diversity characterized by a continuum of gradual
change (continuum benchmark); and, iii) an absence of any connectional diversity (homogenous benchmark). Panel A: Diversity curves for the continuum benchmark
were mapped for insula-shaped patches that were randomly distributed throughout the gray matter volume (leftmost image). While regional boundaries may
potentially straddle the randomly placed insula-shaped patches, the location of any boundaries was not consistent across patches, and thus averaging diversity curves
across many patches yielded a continuum of change. Diversity curves for the homogenous benchmark were generated by randomizing the spatial location of voxels
comprising the insula (center image). Diversity curves for the combined insula-putamen (right image) were mapped to yield a benchmark for the case of two distinct
regions. Panel B: Diversity curves for the actual insula (blue line), compared to benchmark diversity curves for the insula-putamen (green), continuum (cyan) and
homogeneous (black) benchmarks. Diversity curves are shown for the Fiedler eigenvector (left axis) and the magnitude of its gradient (right axis). Diversity curves for
the actual insula and the insula-putamen benchmark are averaged over 100 individuals. Diversity curves for the continuum and homogeneous benchmarks are
averaged over 100 randomizations. Shading denotes 95% confidence intervals. The insula's diversity curve shares characteristics of the continuum benchmark. Unlike
the insula-putamen benchmark, the insula's diversity curve is not step shaped; and unlike the homogenous benchmark, its slope is not zero. Bar plots show the
Euclidean distance between insula diversity curves and each of the three benchmarks (Eigenmap, continuum: 0.06, insula-putamen: 0.33, homogeneous: 0.33;
Gradient magnitude, continuum: 0.57, insula-putamen: 1.98, homogeneous: 1.81). This suggests that the insula's connectional diversity is most parsimoniously
modeled as a continuum of gradual change.
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benchmark (i.e. approximately linear with a non-zero gradient).
Moreover, the continuum benchmark provides a substantially
better fit for the insula's diversity curve (Euclidean distance: 0.06)
than the other two benchmarks (0.33; Fig. 6B).

The benchmark diversity curves mapped with respect to the gradient
magnitude of the eigenmaps (Fig. 7B, right axis) provide further support
for these conclusions. In particular, the insula's diversity curve is most
closely matched to the continuum benchmark and does not show a peak
with magnitude that is comparable to the insula-putamen benchmark.
Note that the diversity curve based on gradient magnitude is non-zero for
the homogeneous benchmark (right axis); even though the eigenmap-

based diversity curve (left axis) has a gradient of zero. While gradients
in the eigenmap for the homogeneous benchmark are oriented randomly,
their magnitudes are non-zero and these non-zero gradient magnitudes
are conveyed in the diversity curve.

3.5. Relating insula diversity to behavior

Insula diversity curves show substantial variation between in-
dividuals (Fig. 6C). Canonical correlation analysis (CCA) was used to test
whether this inter-individual variation in insula diversity was associated
with variation in behavioral measures associated with the insula. CCA
was performed on the parameters describing the linear piecewise

Fig. 8. Relation between behavior and insula functional connectivity diversity. Canonical correlation analysis (CCA) was used to test whether inter-individual
variation in the insula's connectional diversity is associated with 59 selected behavioral measures. CCA was performed on the parameters describing the linear
piecewise function fitted to each individual's diversity curve. Panel A: CCA was performed on: i) the two most reliable model parameters (upper panel); and, ii) all six
model parameters as well as an estimate of the insula's cortical thickness (CT) for each individual (lower panel). A significant CCA mode was found in the case of two
parameters: r¼ 0.81, p ¼ 0.01; and trend-level significance in the case of six parameters þ CT: r¼ 0.85, p¼ 0.08; familywise error corrected across all CCA modes with
permutation testing. Bar plots show canonical coefficients for each model parameter. Scatter plots show the correlation between canonical scores. The slope of the first
line segment (m1) provides the most explanatory power. Canonical coefficients are as follows: two parameters: a: �0.90, m1: �1.75; six parameters þ CT: a : �1.18,
k1 : �0.36, k2: �0.13, m1: �2.30, m2: �0.38, m3: �0.05, CT: �0.04. Panel B: Group-averaged diversity curves for anterior-dominant (red curve) and posterior-
dominant (blue) individuals. Anterior or posterior dominance is determined based on whether an individual's diversity curve is positively (anterior) or negatively
(posterior) correlated with the canonical score. Anterior-dominant individuals are characterized by greater connectional diversity per unit length within the anterior
insula, indicated by increased steepness of the diversity curve in the anterior insula. Panel C: Group-averaged eigenmaps (Fiedler eigenvector) mapped to insula voxels
in anatomical space for the group of posterior-dominant (left) and anterior-dominant (right) individuals. Panel D: Ranked behavioral measures that are positively
(right list) and negatively (left) correlated with the CCA mode (Supplementary Materials S7). Individuals who scored high on the positively correlated behaviors and
low on the negatively correlated behaviors are associated with the positively-correlated insula diversity curve (Panel B, red curve) and considered anterior-dominant
individuals. The positively and negatively correlated behaviors were displayed separately in order of descending effects size, where font size is modulated by effect
size. Behaviors with significant correlations are shown in Italic font.
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function fitted to each individual's diversity curve. More specifically, the
CCA was performed on the model parameters showing good within-
subject replicability (ICC> 0.5, Supplementary Figure S6); namely, the
intercept term (a) and the slope of the first line segment (m1). In ancillary
analyses, a second CCA was performed on all six model parameters as
well as an estimate of the insula's cortical thickness (CT) for each indi-
vidual. The second CCA was undertaken to evaluate the contribution of
all model parameters and to determine whether the insula's connectional
diversity or cortical thickness explained the most variation in behavior.

CCA identified a significant relation between the insula's connec-
tional diversity and behavior (two parameters: r¼ 0.81, p ¼ 0.01; fam-
ilywise error corrected across all CCA modes with permutation testing).
When all six model parameters were included (as opposed to only the two
most reliable parameters), the relation was trend-level significant (six
parameters þ CT: r¼ 0.85, p¼ 0.08). Fig. 8A shows the canonical co-
efficients for each model parameter (left) and scatter plots of the corre-
lation between canonical scores (right). The slope of the first line
segment (m1) is the model parameter with the largest canonical score by
absolute value and provides substantially greater explanatory power than
all other parameters, including cortical thickness.

Each individual's diversity curve was categorized as either having a
positive or negative canonical score with respect to the significant CCA
mode. Fig. 8B shows diversity curves averaged over the top 25% in-
dividuals with the most negative (blue curve) and positive (red curve)
canonical scores. The positively-correlated diversity curves are charac-
terized by greater connectional diversity per unit length within the
anterior insula, indicated by increased steepness of the diversity curve in
the anterior insula. We refer to individuals with positively-correlated
diversity curves as anterior-dominant individuals. Conversely, the
negatively-correlated diversity curves are characterized by greater
connectional diversity within the posterior insula and represent posterior-
dominant individuals.

Group-averaged eigenmaps for these two groups of individuals are
shown in Fig. 8C, where the eigenmaps have been mapped to voxels
comprising the insula to yield anatomical images. It can be seen that the
dynamic range of eigenmap values is mostly exhausted on the anterior
insula for the group of anterior-dominant individuals. Note that we have
shown two groups of representative diversity curves only to assist in
explaining the variation between individuals underpinning the CCA
mode. It is important to remark that CCA is an inherently continuous
method, and no such dichotomy between individuals is formalized by the
method.

Fig. 8D shows ranked lists of the behavioral measures that are posi-
tively (right list) and negatively (left) correlated with the significant CCA
mode. Anterior-dominant individuals scored high on the positively
correlated behaviors and low on the negatively correlated behaviors
(Fig. 8B, red curve). In contrast, posterior-dominant individuals scored
low (high) on the positively (negatively) correlated behaviors (blue
curve). In Fig. 8C, the positively and negatively correlated behaviors are
displayed separately in order of descending effects size, where font size is
modulated by effect size. The positively correlated behaviors are asso-
ciated with cognitive-emotional (positive affect, emotion recognition,
self-efficacy, perceived hostility), fine motor skills (dexterity) and vis-
cerosensory (gustatory) functions. On the contrary, the negatively
correlated behaviors are attributed to sleep disturbances, underpinned by
somatosensory processing (temperature sensations).

Therefore, higher sensitivity to temperature sensation is associated
with greater differentiation (i.e. more diversity) of the posterior insula,
whereas individuals with greater differentiation of the anterior insula are
associated with better motor dexterity, high sensitivity in gustatory
sensation and a range of cognitive-affective behaviors such as pleasurable
engagement with environment (positive affect), self-efficacy, emotional
sensibility in both positive (happy) and negative (perceived hostility)
ways.

Finally, the canonical coefficients fitted using data from the first fMRI
session (model fitting) were applied to data from the second fMRI session

to determine the within-subject replicability of the CCA model. Diversity
curves (Supplementary Figure S6) and the fitted CCA model (Supple-
mentary Figure S7) were highly replicable between fMRI sessions. In
addition, the diversity curves for the left insula were also modeled
(Supplementary Figure S8), yielding a significant relation between insula
diversity curves and behavior (r¼ 0.22, p¼ 0.03).

4. Discussion

We comprehensively characterized the diversity of resting-state
functional connectivity across the topography of the human insula cor-
tex. Resting-state fMRI was used to map a connectional fingerprint for
each insula voxel in each of 100 healthy individuals. Following the
methodology of several previous studies (Cauda et al. 2011, 2012; Deen
et al., 2011; Cauda and Vercelli, 2013; Chang et al., 2013; Moran et al.,
2013), we used a clustering algorithm to cluster these connectional fin-
gerprints into groups and thereby parcellate the insula into discrete
subregions. Clustering techniques have also been used to dissociate the
roles of the insula and adjacent regions such as the inferior frontal cortex
(Cai et al., 2014). To begin with, we used classic cluster evaluation
criteria to determine the optimal number of insula clusters (subregions).
However, we found that some of these criteria performed poorly in
determining the ground truth number of clusters for insula-like synthetic
data, while other criteria (i.e. gap statistic) relied on null data that did not
preserve the spatial smoothness of the empirical fMRI data, and thus
could have overestimated the true number of insula subregions. Indeed,
we found that the optimal number of insula subregions suggested by
classic cluster evaluation criteria varied markedly between individuals
and was generally higher than reported in most previous studies (Kelly
et al., 2012; Vercelli et al., 2016; Yamada et al., 2016). As an alternative
to cluster evaluation criteria, we considered determining the optimal
number of clusters based on maximum concordance in cluster solutions
between individuals, but found that this criterion can identify spurious
clusters in data that is inherently un-clustered (Supplementary
Figure S1).

Bipartite parcellation of the insula resulted in an anterior-posterior
subdivision, which is consistent with several previous studies (Nanetti
et al., 2009; Cauda et al. 2011, 2012; Jakab et al., 2012; Kelly et al., 2012;
Alcauter et al., 2015). Tripartite parcellation yielded ventral-anterior,
dorsal-posterior and ventral-medial subregions, which is consistent
with the insula division reported by Chang et al. (2013) but not two other
studies (Deen et al., 2011; Moran et al., 2013). The inconsistency be-
tween studies in the boundaries of tripartite insula parcellations may be
due to the clustering of group-averaged functional connectivity maps in
the latter two studies, thereby potentially mischaracterizing
inter-individual heterogeneity.

Despite the use of fMRI-specific null data, novel cluster evaluation
measures and fMRI data of the highest temporal and spatial resolution
used to date, we were unable to unequivocally ascertain which of the
bipartite or tripartite parcellations provided the most parsimonious
(optimal) model of insula functional connectivity diversity. More spe-
cifically, we found that the most parsimonious number of insula sub-
regions was strongly influenced by the extent to which the fMRI data was
spatially smoothed and varied substantially between individuals. While
inter-individual variation in insula neuroanatomy is inevitable, it would
seem improbable that entire insula subregions are absent in certain in-
dividuals. It might be argued that clusters should be delineated using
unsmoothed fMRI data, although it is important to remark that MRI data
is intrinsically smooth due to the point spread function (PSF) and thus
some degree of smoothing is unavoidable. Given that the spatial extent of
the PSF can marginally vary between MRI scanners, this may explain
some of the inconsistencies in the number of insula subregions reported
in previous studies (Table 1). With minimal smoothing (1.5mm), we
found that neither bipartite nor tripartite parcellations were most
parsimonious for the majority of individuals. In contrast, with moderate
smoothing (4mm), the bipartite solution was optimal for most
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individuals, although the tripartite solution was determined most parsi-
monious for many individuals. Given the substantial influence of
smoothing and the variation between individuals in the most parsimo-
nious number of subregions, we contend that the question of how many
subregions comprise the insula is ambiguous. As previously suggested by
Cerliani et al. (2012), perhaps models of insula heterogeneity that do not
mandate the delineation of discrete subregional boundaries can provide a
more fruitful characterization.

Moreover, irrespective of whether the bipartite or tripartite parcel-
lation was deemed optimal, the resulting insula subregions were found
not to be homogenous for most subregions. One of the key goals of
parcellation is to yield subregions comprising a set of voxels that share a
common connectional fingerprint; namely, when traversing the topog-
raphy of a subregion, drastic variation should not be seen across voxels
with respect to the cortical and subcortical regions to which they con-
nect. We referred to this property as subregion homogeneity. However,
we found that for the majority of individuals, insula subregions were not
significantly more homogeneous than null data in which the insula was
repeatedly repositioned to random gray matter locations.

We thus encountered three key shortcomings associated with par-
cellating the insula into discrete subregions: i) ambiguity in the most
parsimonious number of subregions, due to effects such as smoothing; ii)
substantial inter-individual variation in the optimal number of clusters;
and, iii) lack of homogeneity of subregions. Given these challenges, in the
second part of this study, we considered alternative models to charac-
terize the diversity of functional connectivity across the topography of
the insula, aiming to part with the prevalent paradigm of parcellating the
insula's functional connectivity diversity into discrete subregions.
Nevertheless, it is important to make clear that these challenges do not
invalidate parcellation of the insula into subregions.

We proposed the concept of a diversity curve, which enabled us to
continuously characterize the insula's connectional diversity. Diversity
curves provide an intuitive approach to topographically parameterize
Laplacian eigenmaps and perform model selection. Laplacian eigenmaps
can also be parameterized using the coefficients of spatial basis functions
(Haak et al., 2018). In this study, we only considered eigenmaps corre-
sponding to the Fiedler eigenvector. The eigenmap corresponding to the
next largest eigenvalue showed less consistency across individuals and
was not given further consideration. Considering multiple eigenmaps has
proven useful in characterizing connectional diversity along multiple
gradients in regions larger than the insula (Haak et al., 2018) and across
the whole cortex (Margulies et al., 2016). Cerliani et al. (2012) used
eigenmaps to study the insula's anatomical connectivity and found a
gradual rostro-caudal gradient of connectivity derived from white matter
fiber tractography. Our work extends this previous study by investigating
resting-state functional connectivity, undertaking explicit model selec-
tion, relating connectional diversity to behavior and developing the
concept of a diversity curve.

To perform model selection, we compared the insula's diversity curve
to benchmark diversity curves for i) two distinct regions (i.e. insula-
putamen combined); ii) a continuum of gradual change; and, iii) an
absence of any connectional diversity (i.e. homogenous region). Of the
three benchmarks considered, the insula's diversity curve was most
accurately characterized by the benchmark diversity curve for a contin-
uum. This was confirmed with quantitative model selection, where the
continuum benchmark was found to provide a model fit that was five
times better than the other two benchmarks. The homogenous bench-
mark was rejected because the slope of the insula's diversity curve was
non-zero, indicating that the insula is not topographically homogeneous
with respect to its functional connectivity. The benchmark for distinct
regions was also rejected because the insula's diversity curve showed no
evidence of an abrupt step. Boundaries between regions were charac-
terized by sharp gradients in the diversity curve. We found no evidence of
gradients in the insula's diversity curve that were comparable in
magnitude to the insula-putamen benchmark. However, it is important to
remark that gradients differentiating putative subregions within the

insula may be subtler than gradients between larger regions such as those
associated with the insula-putamen benchmark. On the other hand, the
diversity curve for the insula spanned approximately the same length
(28mm) as the insula-putamen benchmark, and thus the connectional
diversity per unit length of cortex was matched between the insula and its
benchmarks. Interestingly, Glasser et al. (2016) applied a gradient-based
approach to parcellate the entire cortex using multi-modal neuroimaging
data (architecture, connectivity, function and topography) and found
that the insula could be parcellated into six subregions. This suggests that
functional connectivity alone may not be sufficient to delineate sub-
regions, although it is important to note that this multi-modal study did
not use an explicit null model to establish expectations about how large a
gradient should be to warrant subdivision.

To formalize model selection, a piecewise linear function comprising
three line segments was fitted to the insula's diversity curve and the three
benchmark diversity curves. While the insula's diversity curve was
approximately linear, the slope of the middle line segment was margin-
ally steeper than the other two line-segments, providing evidence for a
gradual transition zone between the anterior and posterior insula.
However, it is important to remark that the ratio of slopes between the
three line segments was orders of magnitude smaller than the step-
shaped diversity curve for the insula-putamen benchmark, and the
breakpoints marking the boundaries of the putative transition zone
showed poor replicability across fMRI sessions (Supplementary
Figure S6).

We found that inter-individual variation in diversity curves was
significantly associated with variation in behavioral traits. For in-
dividuals who scored high on measures of somatosensory function, the
posterior insula was more diverse than poor-scoring individuals (i.e.
steeper gradient in diversity curve), but the most anterior aspect of the
insula was more homogeneous (i.e. more gradual gradient). We referred
to these individuals as posterior-dominant because their posterior insula
showed greater diversity per unit length than their anterior insula. In
contrast, for individuals who scored high on measures of cognitive-
emotional, motor dexterity and viscerosensory functions, the anterior
insula showed greater connectional diversity, whereas the diversity
curve's gradient in the posterior insula was more gradual. These in-
dividuals were called anterior-dominant individuals. However, as we
remarked above, CCA is an inherently continuous method, and no such
dichotomy between individuals is formalized by the method. What we
observed here is a mode of population covariation that links the insula's
diversity curve to behaviors. We therefore reason that the connectional
diversity of the posterior insula is associated with somatosensory func-
tion, whereas cognitive-emotional (positive affect, emotion recognition
and self-efficacy), motor dexterity and viscerosensory processing is
associated with the intricate functional organization of the anterior
insula.

This anterior-posterior division of insula function is consistent with
previous studies. In particular, previous studies report that the anterior
insula is associated with emotion (Uddin et al., 2014), viscerosensory
sensation (Small et al., 2003), high-level cognition (Uddin, 2015),
including the attentional control for motor dexterity (Craig, 2002; Rinne
et al., 2017). Previous studies also suggest that the posterior insula is
associated with somatosensory responses, such as temperature sensation
(Craig et al., 2000; Ostrowsky et al., 2000; Stephani et al., 2011). We
found that this anterior-posterior division of insula function is facilitated,
at least in part, by the insula's connectional diversity. Moreover, in-
dividuals with a more anterior- or posterior-dominant insula responded
behaviorally in a way that is consistent with this dominance. For com-
parison, a supplementary CCA analysis was performed on the optimal
number of clusters computed from the first part of our study, and the
results suggested that inter-individual variation in behavior was not
associated with the optimal number of insula clusters. Modeling the
insula's connectional diversity as a continuum, as opposed to discrete
subregions, thus may afford a more accurate characterization of function
and inter-individual variation in behavior.
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Nevertheless, complex human social cognitive-emotional behavior,
such as self-efficacy and positive affect, are likely to engage multiple
segregated brain networks that are bridged by hub regions. The insula
serves as one of the central hubs of functional and structural brain net-
works (Sridharan et al., 2008; van den Heuvel and Sporns, 2013; Uddin,
2015; Ryali et al., 2016) and emerges as a hub in early stages of brain
development (Fransson et al., 2011; Gao et al., 2011; Shi et al., 2012). As
a key hub region, the connectivity patterns of the insula may facilitate
integration between neural networks that subserve social
cognitive-emotional functioning. Accurately characterizing the diversity
in functional connectivity across the insula is therefore crucial to gain
insight into the neural correlates of these behavioral traits.

Some limitations require consideration. First, fMRI data is inherently
discrete (voxelized) and thus the extent to which spatial variation in fMRI
data can be modeled as a continuum is limited by the resolution of in-
dividual voxels. This intrinsic discretization is a general limitation of
MRI. Second, the inability to unequivocally parcellate the insula into
subregions with resting-state fMRI should not be interpreted to mean that
the insula does not comprise subregions. Insula subregions may be
evident at different spatial scales (e.g. cellular) and may be evident with
alternative imaging modalities (e.g. electrophysiology). The optimal
number of insula subregions may be influenced by data quality and the
fMRI protocol. The data used in this study is characterized by a higher
resolution and a shorter TR than most previous studies that have sought
to parcellate the insula into distinct subregions (Table 1). Ambiguity in
the optimal number of subregions may have been due to fMRI limita-
tions, such as spatial resolution. For example, some degree of spatial
smoothing is unavoidable with fMRI, which may have led to the blurring
of boundaries between putative subregions. An interesting avenue for
future investigation is to characterize insula diversity by combining data
from multiple imaging modalities, including connectivity, cyto- and
myelo-architecture, cortical architecture, electrophysiology, gene
expression and function.

5. Conclusions

Resting-state fMRI indicates that the anterior insula is functionally
connected with frontal-limbic and paralimbic areas, whereas the poste-
rior insula connects with the precentral-postcentral gyrus and occipital
lobe. Many studies have sought to parse this connectional diversity by
parcellating the insula into a fixed number of discrete subregions with
clustering algorithms applied to functional connectivity maps. In this
study, we found several shortcomings of representing the insula's
connectional diversity with discrete subregions; namely, i) the most
parsimonious number of insula subregions varied markedly between
individuals and was substantially influenced by the extent to which the
fMRI data was spatially smoothed; and, ii) insula subregions were not
homogenous for the majority of individuals studied (i.e. insula sub-
regions were not significantly more homogenous than randomly chosen
patches of gray matter of the same size and shape as the subregions).
Given these shortcomings, we advocate for development of alternative
models to characterize the insula's connectional diversity that do not
necessitate delineation of discrete subregions. In this study, we devel-
oped one such model based on the concept of a diversity curve, which
provides an intuitive way to parameterize and perform model selection
on eigenmaps produced by established eigendecomposition techniques
for mapping continuous patterns of variation in the cerebral cortex
(Huntenburg et al., 2018). We performed model selection with respect to
three benchmark diversity curves and found that the insula's diversity
curve was most accurately modeled by the benchmark characterizing a
continuum of gradual change. Unlike the benchmark for distinct regions,
the insula's diversity curve was not step shaped; and unlike the homog-
enous benchmark, its slope was not zero. We also found that
inter-individual variation in these diversity curves correlated with vari-
ation in measures of human behavior across multiple cognitive, affective
and sensorimotor domains. While some fMRI applications necessitate

delineation of discrete subregions (e.g. delineation of network nodes for
connectomic studies), when possible, we suggest characterizing the
insula's connectional diversity as a continuum in fMRI investigations. The
diversity curve concept developed in this study provides an intuitive
method to analyze Laplacian eigenmaps for the purpose of performing
model selection and can be applied to other cortical and subcortical
regions.
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S1. Classic Cluster Evaluation Criteria  
The optimal number of insula clusters is typically determined based on: (i) prior expectations 

informed by macaque studies of insula cytoarchitecture or axonal tract-tracing (Nanetti et al. 2009; 

Cauda et al. 2011; Deen et al. 2011; Jakab et al. 2012; Moran et al. 2013); (ii) concordance across 

different modalities or cohorts (Kelly et al. 2012; Chang et al. 2013; Alcauter et al. 2015; Yamada et 

al. 2016); or, (iii) with the use of cluster evaluation criteria (Cauda et al. 2012; Ryali et al. 2013; Ryali 

et al. 2015; Vercelli et al. 2016). The first approach might be considered subjective. While the second 

approach is less subjective, replicating clusters across different modalities or different cohorts does 

not ensure that a given cluster solution is necessarily valid, optimal or supported by the data. For 

example, many clustering algorithms will identify reproducible clusters in data that is inherently un-

clustered. An example of this phenomenon is shown in Supplementary Figure S1. Many cluster 

evaluation criteria have been developed to assess the quality of cluster solutions and determine the 

optimal number of clusters. These criteria are generic and have been used to assess cluster 

organization across a diverse range of applications. Some of the most widely used measures include 

the silhouette criterion (Rousseeuw 1987), the Calinski-Harabasz criterion (Calinski and Harabasz 

1974) and the gap statistic (Tibshirani et al. 2001). The silhouette criterion has been used in previous 

insula parcellation studies (Cauda et al. 2012; Vercelli et al. 2016). The Calinski-Harabasz criterion is 

another global cluster evaluation method that has been suggested as the best performing index among 

a group of global cluster evaluation methods including the silhouette criterion (Milligan and Cooper 

1985). However, disadvantages of these global procedures include: (i) the absence of any clusters (e.g. 

one-cluster solution) cannot be explicitly assessed (Gordon 1999); and, (ii) the criteria are not 

benchmarked to a null reference distribution, and thus statistical support for the optimal number of 

clusters is not provided. In contrast, the gap statistic is a method that compares the within-cluster 

dispersion with that expected in a null reference distribution. The null distribution is built by 

uniformly sampling the data points in a bounding box encapsulating the principal components 

(Tibshirani et al. 2001). The null model of an absence of any clusters is rejected in favour of a multi-

cluster solution if this is warranted by the null data. The null data used by the gap statistic does not 

necessarily preserve the spatial smoothness of fMRI data, particularly when the null data is generated 

by uniformly sampling over the range of observed values. This may lead to an overestimation of 

clusters. In this study, we therefore generated fMRI-specific null data that explicitly preserved spatial 

smoothness. The optimal number of clusters under the gap statistic was chosen as the smallest value 

of 𝐾 such that	𝑔𝑎𝑝! ≥ 𝑔𝑎𝑝!"# − 𝑠𝑒!"#, where 𝑔𝑎𝑝! and 𝑠𝑒! 	denote the mean and standard error of 

the gap value, respectively, for the clustering solution with 𝐾 clusters (Tibshirani et al. 2001).   
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S2. Simulation of Insula-like Synthetic Data 

Insula-like synthetic data comprising 𝐾 =  1, 2 or 3 clusters were generated to quantify the 

performance of the cluster evaluation criteria. The synthetic data were generated at the level of the 

𝑁 ×	5 PCA matrix (Figure 1), where 𝑁 denotes the number of insula voxels and the	5 columns of this 

matrix denote PCA components. Each insula voxel was randomly assigned to one of 𝐾  clusters 

defined in five-dimensional space (5 PCA components). Clusters were equally sized, and thus 

comprised approximately 𝑁/𝐾 voxels. Two cases were considered: i) nil cluster separation (null case) 

in which the centre of each cluster was separated by a negligible distance in the five-dimensional 

space, and thus clusters substantially overlapped and were virtually indistinguishable; ii) typical 

cluster separation in which the center of each cluster was randomly chosen such that clusters were 

separated on average by the same distance as the clusters identified in the fMRI data for the relevant 

value of 𝐾. In this way, the synthetic data comprised clusters that were distinguishable to the same 

extent as putative clusters found in the insula. If the 𝑖th voxel belonged to cluster	𝑘 ∈ {1,… , 𝐾}, then 

element (𝑖, 𝑗)  of the 𝑁 ×  5 PCA matrix was populated with a random sample from a Gaussian 

distribution with mean 𝜇$(𝑗) and unity variance, where 𝝁$ = [𝜇$(1), … , 𝜇$(5)] denotes the center of 

cluster 𝑘. The nil cluster separation case enabled evaluation of whether no clusters would be found 

when no clusters were present (specificity), while the typical cluster separation case enabled 

evaluation of whether the correct number of clusters would be found when clusters were present 

(sensitivity).  For each value of 𝐾 = 1, 2 and 3, a total of 100 PCA matrices were simulated by 

randomly sampling from the Gaussian distribution described above and cluster analysis was 

performed on each matrix independently.  

 

S3. Validation of Silhouette, Calinski-Harabasz and Gap Statistic 

The gap statistic correctly predicted the number of clusters in the insula-like synthetic data, whereas 

the silhouette and Calinski-Harabasz criteria yielded poor specificity, meaning that more than one 

cluster was suggested for cases where the ground truth comprised no clusters (Supplementary Figure 

S2). These performance evaluation results therefore afforded some confidence in the accuracy of the 

gap statistic, but not the other two cluster evaluation criteria. However, given that most previous 

studies report that the insula comprises 2 or 3 clusters (Table 1), we considered the suggestion of 8 or 

more subregions unexpectedly high. Furthermore, we hypothesized that if the functional connectivity 

diversity of the insula can indeed be validly parsed into 8 or more subregions, then modeling this 

diversity as a continuum of variation may provide a more parsimonious representation.  

It is important to remark that while we found that the gap statistic performed well on the synthetic 

data, this cannot be assumed to guarantee accurate performance of the gap statistic on the empirical 

fMRI data, since the synthetic data provided only an approximate match to the fMRI data.  For 

example, the synthetic data was sampled from a Gaussian distributed (Supplementary Material S2), 
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whereas in practice, we observed that data points defined by the top-five PCA components form 

clusters that are nonlinear and distributed as ellipses, spirals and other highly non-convex shapes. This 

nonlinearity may challenge the performance of the gap statistic. Moreover, the null data that is used 

by the gap statistic does not preserve the spatial smoothing intrinsic to fMRI data, which is due to the 

unavoidable spatial blur caused by the point spread function, or explicit smoothing performed as part 

of data preprocessing. Spatial smoothing can result in the formation of spurious cluster structure, and 

thus any null data should ideally comprise the same extent of smoothing as the actual data.   

Given these considerations, we aimed to develop a null model to generate null data that was explicitly 

matched to the characteristics of fMRI data. This enabled us to determine whether the unexpectedly 

large number of insula subregions predicted by the gap statistic was spurious and due to the reliance 

of this statistic on null data that does not preserve properties of fMRI data. 

 

S4. Assessing Modular Structure with the Modularity Q score  
Group consensus matrices (insula voxels × insula voxels) were mapped for the right and left insula, 

where element (𝑖, 𝑗) of the consensus matrices stored the proportion of individuals for which insula 

voxels 𝑖  and 𝑗  comprised the same insula subregion. Newman’s spectral community detection 

algorithm (Newman and Mark 2006; Newman 2013) was employed to delineate modules in the 

consensus matrices, and thus delineate insula subregions that represent a group consensus. The extent 

to which the consensus matrices showed modular structure was quantified with the modularity 𝑄 

score (Clauset et al. 2004; Newman and Mark 2006),  

𝑄 =
1
2𝑚

@(𝜔%& − 𝛾
𝑘%𝑘&
2𝑚

)𝛿	(𝑐% , 𝑐&)	
'

%&(#

 

where 𝑁 denotes the total number of insula voxels, 𝑐%  denotes the module (community) to which 

voxel 𝑖 belongs, 𝜔%& denotes the consensus matrix, 𝑚 =	∑ 𝜔%&'
%,&(# /2, 𝑘% = ∑ 𝜔%&'

&(#  and 𝛿	(𝑐% , 𝑐&) =

1  if insula voxels 𝑖  and 𝑗  comprise the same module, otherwise 𝛿	(𝑐% , 𝑐&) = 0 . The resolution 

parameter γ was kept at its default value of 1, which is the most commonly used value and leads to a 

natural partition (Reichardt and Bornholdt 2006).  

Under the null hypothesis of absence of any modular structure (i.e. no group-level clusters): i) 

putative insula subregions show no concordance between individuals, and thus 𝜔%&=0.5, 𝑘% = 𝑘& =

(𝑁 − 1)/2; and, ii) the consensus matrix comprises one module incorporating all voxels, and thus 

𝛿	(𝑐% , 𝑐&) = 1. Under these two conditions, it can be shown that,   

𝑄 =
2
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When 𝑁 is very large, 𝑁 ≅ 𝑁 − 1, and thus the above expression simplifies to  

𝑄 = 1 − 𝛾 

Thus, 𝑄 = 0	when 𝛾=1, which was a resolution parameter used in our study. Therefore, 𝑄 scores 

substantially exceeding 0 were taken as evidence of non-random modular structure.    

 

S5. Cluster Evaluation Measures 

To quantify the quality of differentiation between clusters, we first considered the intra-cluster 

distance, denoted with 𝑊 and defined as the sum of the Euclidean distances between all voxels that 

comprise the same cluster. For a cluster solution comprising 𝐾 clusters,    

𝑊! =@ 𝑤$
!

$(#
	,																𝑤$ =@

2𝑑+,𝛿-!(-"($

𝑛$(𝑛$ − 1)+.,
, 

where 𝐾 denotes the total number of clusters,	𝑑+, is the Euclidean distance between voxels 𝑢 and 𝑣 in 

the five-dimensional space of the 𝑁 ×	5 PCA-reduced connectivity matrix; 𝑚+ and 𝑚, are the cluster 

indices of voxels 𝑢  and 𝑣 , respectively; 𝑛$ is the number of voxels comprising cluster 𝑘 ; and, 

𝛿-!(-"($ = 1  if voxels 𝑢	 and 𝑣  comprise cluster 𝑘 , 	otherwise 𝛿-!(-"($ = 0.  The intra-cluster 

distance bears much similarity to the within-cluster dispersion measure associated with the gap 

statistic (Tibshirani et al. 2001). Indeed, 𝑊 is precisely the distance measure that defines the weighted 

gap statistic (Yan and Ye 2007). A limitation of quantifying cluster separation solely in terms of intra-

cluster distances is that the extent of differentiation between clusters is overlooked. Clusters that are 

well differentiated are typically characterized by low intra-cluster distances and high inter-cluster 

distances. We therefore considered two additional measures based on both the intra- and inter-cluster 

distance. The inter-cluster distance is defined as,     

𝑈! =
1
𝐿!
@ 𝑑+,

+.,
𝛿-!.-" 	, 

where 𝐿! = ∑ 𝑛$#𝑛$$$#.$$	|	$(#,…,!  is total number of inter-cluster pairs of voxels; and,  𝛿-!.-" = 1 

if voxels 𝑢	and 𝑣 are not in the same cluster,	otherwise 𝛿-!.-" = 0. The inter-cluster distance is not 

defined for clusters solutions comprising only one cluster (𝐾 = 1). The ratio of 𝑊! to 𝑈! yields the 

normalized intra-to-inter-cluster distance,  

𝑊!
234- =𝑊!/𝑈! ,												𝐾 > 1, 

and the difference between the inter- and intra-cluster distances gives,   

𝑊!
5%66 =𝑊! − 𝑈! ,										𝐾 > 1. 

We thus defined three measures to evaluate cluster separation. While 𝑊	is applicable to all cluster 

solutions, 𝑊234-and 𝑊5%66 are only defined for cluster solutions comprising more than one cluster. 

A schematic of these three measures is shown in Supplementary Figure S3. 
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S6. Validation of W, W norm and W diff 

Following the validation of the classic cluster evaluation criteria (Supplementary Material S3), insula-

like synthetic data were once again simulated and the ground truth number of clusters was compared 

to the number of clusters suggested by 𝑊, 	𝑊234- and 𝑊5%66. The null data used for this evaluation 

included clusters to mimic the fact that repositioning the insula to random gray matter locations may 

have resulted in the repositioned insula straddling multiple cortical regions. The repositioned insula 

was therefore likely to comprise clusters corresponding to the regions straddled, although it was 

unlikely for these clusters to match putative subregions of the true insula. Consistent with the in vivo 

experiments, 𝑇	 =  100 null samples were generated to estimate an empirical null distribution. 

Supplementary Figure S3 shows the performance of 𝑊,𝑊234- and 𝑊5%66 in delineating the ground 

truth number of clusters in the insula-like synthetic data. It can be seen that 𝑊 and 𝑊234- provided 

adequate specificity, correctly indicating the absence of clusters in more than 90% of trials for the nil 

separation case. However, the specificity of 𝑊5%66 was poor, often estimating two of three clusters in 

the absence of any. The highest sensitivity was provided by 𝑊234- , as evident from the typical 

cluster separation case in Supplementary Figure S3, panel C. The 𝑊234- measure correctly identified 

the ground truth number of clusters in 90% of trials when the true number of clusters was 𝐾 = 1, 100% 

of trials when 𝐾 = 2 and 99% of trials when 𝐾 = 3. The 𝑊 measure yielded comparable performance, 

but had difficulty in differentiating whether two or three clusters were optimal when the ground truth 

comprised 𝐾 = 3 clusters. Therefore, while we considered all three measures, we placed the most 

confidence in 𝑊234-	based on the findings of our evaluation using synthetic data. 

It is important to remark that the gap statistic (Supplementary Figure S2) marginally outperformed 

𝑊234-	(Supplementary Figure S3) in determining the correct number of clusters in the synthetic data. 

It might therefore be argued that the gap statistic should be preferred over 𝑊234- or any of the other 

𝑊 measures to determine the optimal number of insula’s subregions in the in vivo data. However, it is 

crucial to remember that the gap statistic is benchmarked against generic null data that is not matched 

to the spatial and temporal properties of fMRI. Therefore, while the gap statistic performed well on 

the Gaussian-distributed synthetic data, its performance may deteriorate for smoothed data with more 

complex distributions, since the null model used by the gap statistic may not be able to preserve data 

smoothness and complex distributional properties. 

 

S7. Canonical Correlation Analysis 

Canonical correlation analysis (CCA) was used to investigate whether inter-individual variation in 

diversity curves explained variance across a range of behavioral measures. CCA was performed on 

the parameters describing the piecewise linear function fitted to each individual’s diversity curve. We 

selected the two model parameters with good within-subject replicability (Intraclass correlation 

coefficient ICC > 0.5; Bartko 1966); namely, the slope of the first line segment (𝑚#) and the intercept 
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term (𝑎). The ICC for each model parameter is shown in Supplementary Figure S6. We performed a 

second CCA on all six model parameters as well as an estimate of the insula’s cortical thickness for 

each individual. Cortical thickness estimates were sourced from the Human Connectome Project 

based on FreeSurfer version 5.2, recon-all pipeline, described in detail elsewhere (Glasser et al. 2013).   

The CCA estimated the canonical coefficients (weights)	𝐴 ∈ ℝ7×7and 𝐵 ∈ ℝ9:×7  to maximize the 

correlation between the latent canonical scores 𝑈 ∈ ℝ'×7 (diversity curve parameters) and 𝑉 ∈ ℝ'×7 

(behavioral measures), where 𝑈 = 𝑋	´	𝐴 , 𝑉 = 	𝑌	´	𝐵 , and 𝑁  denotes the number of individuals 

included in the CCA and 𝑃  denotes the number of model parameters. The 𝑛th column of 𝑈 was 

correlated with the 𝑛 th column of 𝑉  (Pearson correlation) to yield 𝑃  correlation coefficients 

corresponding to the 𝑃	CCA modes. Permutation testing was then used to estimate familywise-error 

corrected p-values for these 𝑃 correlations. The rows of 𝑌 were randomly permuted and CCA was 

performed on the permuted matrices. This was repeated independently for 10,000 permutations and 

the maximum of the 𝑃 correlation coefficients for each permutation was recorded to generate an 

empirical null distribution. The p-value for each CCA mode was given by the proportion of 

permutations with a maximum correlation that exceeded or equaled the mode’s correlation in the 

unpermuted data. The threshold of statistical significance was p < 0.05. Finally, post hoc analysis was 

performed to map the PCA components back to single behavioral measure and thereby rank the 

measures according to their importance to any significant CCA mode. Each of the behavioral 

measures was separately correlated with the canonical scores (𝑉) of any significant CCA mode, 

resulting in groups of behaviors that were either positively or negatively correlated with the CCA 

mode.  
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Supplementary Figures 
 
 

 
 

Figure S1. Example of the identification of spurious clusters showing high concordance across 

individuals. Data were generated by independently drawing 500 samples from a bivariate Gaussian 

distribution with unit standard deviation and covariance of 0.6. This was repeated to generate an 

independent dataset for each of 100 hypothetical individuals. The first four rows show the datasets 

generated for four example individuals. While a liner relation is evident, it can be seen that the data 

for each individual are inherently un-clustered. The data for each individual were clustered into 𝐾 = 1, 

2, 3, 4 and 5 clusters with the k-means clustering algorithm. Data points comprising the same cluster 

are shown with the same color. To quantify the extent to which the identified clusters were 

concordant (consistent) between the 100 individuals, consensus matrices were generated (bottom row) 

and the Jaccard index computed for the 𝐾 = 2, 3, 4 and 5 cluster solutions. Element (𝑖, 𝑗) of the 

consensus matrices shows the proportion of the 100 individuals for which data points 𝑖 and 𝑗 comprise 

the same cluster. The consensus matrices show clear modular (block) structure, providing evidence 

for concordant clusters between the 100 individuals. The rows/columns of the consensus matrices are 

ordered to accentuate this block structure. Furthermore, while the data was inherently un-clustered 

and comprised no true clusters, the k-means clustering algorithm reproducibly generated clusters with 

high Jaccard values across individuals: 0.96: (𝐾 = 2), 0.91(𝐾 = 3), 0.85 (𝐾 = 4), 0.78 (𝐾 = 5).  
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Figure S2. Validation of classic cluster evaluation criteria on insula-like synthetic data.  
Insula-like synthetic data was generated to evaluate the performance of three classic cluster evaluation 

measures in determining the ground truth number of clusters (𝐾 = 1, 2 or 3, horizontal axis). Two 

types of synthetic data were simulated: i) nil cluster separation (null case) in which clusters were not 

separated and thus indistinguishable (Panel A); and, ii) typical cluster separation in which clusters 

were separated on average by the same distance as the insula clusters identified in the empirical fMRI 

data (Panel B). The nil cluster separation case enabled evaluation of whether no clusters would be 

found when no clusters were present (specificity), while the typical cluster separation case enabled 

evaluation of whether the correct number of clusters would be found when clusters were present 

(sensitivity). A total of 100 synthetic datasets were generated for each ground truth number of clusters. 

The bar plots show the percentage of synthetic datasets that were predicted to comprise 1 (red bar), 2 

(blue) or 3 (black) clusters for each of the three cluster evaluation measures. Note that the one cluster 

case (red bar) denotes 𝐾 = 1 or 𝐾 ≥ 4 since one-cluster solution is not defined for silhouette and 

Calinski-Harabasz criteria. The gap statistic accurately predicted the ground truth number of clusters 

with flawless specificity (Panel A, leftmost) and sensitivity (Panel B, leftmost), whereas the silhouette 

(Panel A, middle) and Calinski-Harabasz (Panel A, rightmost) criteria yield poor specificity and 

suggested two or more clusters when the ground truth comprised no clusters. In the typical cluster 

separation case (Panel B), the silhouette (middle) and Calinski-Harabasz (rightmost) criteria showed 

slightly improved sensitivity when 𝐾 = 2 and 𝐾 = 3. Note that the vertical axis of the bar plots is 

logarithmic. 

 

A. Nil cluster separation (null case)   1 2 3Predicted number of clusters:

True number of clusters

B. Typical cluster separation

Gap statistic Silhouette Calinski-Harabasz

Gap statistic Silhouette Calinski-Harabasz

Pr
ed

ic
tio

n 
Pr

ed
ic

tio
n

107



Chapter 3 

 10 

 
 

Figure S3. Cluster evaluation measures and their validation on insula-like synthetic data.  

Panel A: Three cluster evaluation measures were devised to assess the quality of cluster separation 

and determine the optimal number of clusters: i) intra-cluster distance (𝑊!); ii) the ratio of intra-to-

inter cluster distances (𝑊!
234-); and, iii) the difference between the intra- and inter-cluster distances 

(𝑊!
5%66 ). Illustration of intra- (left image) and inter-cluster (right) distances for two hypothetical 

clusters defined in two dimensions. Solid circles represent data points (insula voxels) and shading 

denotes distinct clusters. The intra-cluster distance (𝑊!) is the sum of the average distances between 

data points in each cluster, while the inter-cluster distance (𝑈!) is the average distance between pairs 

of data points in distinct clusters. The total number of clusters is denoted with 𝐾 and 𝑘 =1,…,𝐾 

indexes specific clusters. In this example, 𝐾 = 2. Note that 𝑑+, denotes the distance between nodes 𝑢 

and 𝑣, 𝐿!is total number of inter-cluster pairs, 𝛿 is the binary indicator function and 𝑛$ is the number 

of data points in cluster 𝑘. Panels B & C: Insula-like synthetic data was generated to evaluate the 

performance of the cluster evaluation measures in determining the ground truth number of clusters 

(𝐾 = 1, 2 or 3, horizontal axis). Two types of synthetic data were simulated: i) nil cluster separation 

(null case) in which clusters were not separated and thus indistinguishable (Panel B); and, ii) typical 

cluster separation in which clusters were separated on average by the same distance as the insula 

clusters identified in the empirical fMRI data (Panel C). The nil cluster separation case enabled 

evaluation of whether no clusters would be found when no clusters were present (specificity), while 

the typical cluster separation case enabled evaluation of whether the correct number of clusters would 
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be found when clusters were present (sensitivity). A total of 100 synthetic datasets were generated for 

each ground truth number of clusters. The bar plots show the percentage of synthetic datasets that 

were predicted to comprise 1 (red bar), 2 (blue) or 3 (green) clusters for each of the three cluster 

evaluation measures. Note that the one cluster case (red bar) denotes 𝐾 = 1 or 𝐾 ≥ 4.  It can be seen 

that 𝑊 and 𝑊234- provided adequate specificity, correctly indicating the absence of clusters in more 

than 90% of trials for the nil separation case. However, the specificity of 𝑊5%66  was poor, often 

estimating two of three clusters in the absence of any clusters (Panel B). The highest sensitivity was 

provided by 𝑊234-. The 𝑊234- measure correctly identified the ground truth number of clusters in 

90% of trials when the true number of clusters was 𝐾 = 1, 100% of trials when 𝐾 = 2 and 99% of 

trials when 𝐾  =  3. The 𝑊  measure yielded comparable performance, but had difficulty in 

differentiating whether two or three clusters were optimal when the ground truth comprised 𝐾 = 3 

clusters (Panel C). Note that vertical axis of the bar plots is logarithmic.  

 

 

 
 
Figure S4. Tripartite parcellation of the human insula cortex based on resting-state functional 

connectivity. Consensus matrices for the right (Panel A) and left (Panel C) insula as well as 

anatomical visualization of the parcellations (Panel B).  Functional connectivity was mapped between 

each insula voxel and all gray matter voxels, resulting in a whole-brain connectivity fingerprint for 

each insula voxel. Cluster analysis (Ward’s linkage) was used to partition insula voxels that shared 

similar connectivity fingerprints into 3 clusters. Clusters were delineated independently for each 

individual. Group-level parcellations were then derived by forming a consensus matrix for the right 

insula (Panel A) and left insula (Panel C). Both consensus matrices comprise 3 modules (clusters). 

Voxels with high probabilities (yellow tones) consistently belong to the same module for all 

individuals. Both consensus matrices were modular, with 𝑄 = 0.17 for right insula and 𝑄	= 0.18 for 

left insula. Probability maps were converted to binary (hard) segmentations to delineate discrete 

subregions: a dorsal-posterior (pink), ventral-medial (blue) and ventral-anterior (green) subdivisions 

(Panel B).  
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Figure S5. Group-consensus Laplacian eigenmaps for the insula cortex and the insula-putamen 

benchmark. Group-consensus eigenmaps for the insula (Panel A) were compared to benchmark 

eigenmaps for the case of two regions (insula-putamen combined, Panel B). Eigenmap values were 

mapped to the voxels of the insula and insula-putamen to enable anatomical visualization. Eigenmaps 

correspond to the Fiedler eigenvector (left images) and the magnitude of eigenmap’s gradient (right 

images). Arrows indicate the gradient direction for each voxel and arrow lengths indicate gradient 

magnitude. Eigenmap gradients were computed using the Sobel operator. The insula’s connectional 

diversity is arranged as a continuum along a dorsal-posterior to ventral-anterior orientation. It can be 

seen that the gradient magnitude in the most posterior part of insula is relatively small but gradually 

increases, until reaching a maximum in the middle-to-anterior insula. In contrast, the combined 

insula-putamen shows an abrupt transition corresponding to the anatomical boundary between these 

two regions.  
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Figure S6. Within-subject replication of diversity curves and the effect of spatial smoothing. 

Panel A: Group-averaged diversity curves for the first (left axis) and second (right axis) fMRI 

sessions. Solid blue lines indicate the group-averaged diversity curves for 100 individuals. Dashed red 

lines indicate the piecewise linear function fitted to the group-averaged diversity curves. The 

piecewise linear function comprised two breakpoints (𝑘# and 𝑘*) and three line segments, with slopes 

denoted as 𝑚#, 𝑚* and 𝑚;. Panel B: Group-averaged diversity curve (blue line) and piecewise linear 

fit (dashed red line) for diversity curves that were mapped with minimally smoothed fMRI data 

(FWHM: 1.5 mm). The insula’s diversity curve is consistent between fMRI data smoothed with 1.5 

and 4 mm FWHM. In contrast, the extent of smoothing substantially influenced the number of insula 

subregions identified with clustering algorithms (Figure 4). Panel C: For each of 100 individuals, 

diversity curves were mapped for each of two separate fMRI sessions. The intra-class correlation 

coefficient (ICC; Bartko 1966) was used to evaluate the within-subject replicability of the six 

parameters describing the piecewise linear functions fitted to the two separate diversity curves 

mapped for each individual. The intercept term (𝑎) and the slope of first line segment (𝑚#) show good 

within-subject replicability (ICC > 0.5), whereas the replicability of the other parameters is low.  
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Figure S7. Validation of CCA mode in second fMRI session. Canonical correlation analysis (CCA) 

was performed to test whether inter-individual variation in insula diversity was associated with 

variation in behavioral measures. The CCA was performed using data from the first fMRI session 

(Panel A). The canonical coefficients fitted using data from the first session were then applied to data 

from the second fMRI session (Panel B) to assess the within-subject replicability of the CCA model. 

Note that canonical coefficients were not re-fitted to the data from the second session. The second 

session was rather used to validate the canonical coefficients fitted using data from the first session. In 

other words, canonical coefficients fitted using the first session were imposed on the CCA in the 

second session. Consistent with the first session (Panel A), the Pearson correlation between the 

canonical scores for the second fMRI session is significant (Panel B, r=0.4, p=0.001) and shows a 

similar pattern of co-variation among individuals. Diversity curves for the group of anterior- (red 

curves) and posterior-dominant (blue) individuals are consistent between the two fMRI sessions. 

Anterior-dominant individuals are defined by diversity curves that are positively correlated with the 

canonical coefficients. These individuals show greater connectional diversity within the anterior 

insula. Posterior-dominant individuals are defined conversely. Eigenmaps mapped to the anatomical 

space of the insula also show good consistency across fMRI sessions. 
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Figure S8. Diversity curves for the left insula. Panel A: Diversity curves for the left insula based 

on the Fiedler eigenvector (blue curve, left image) and the magnitude of its gradient (red curve, right 

image). Consistent with the right insula, diversity curves for the left insula were modeled with 

piecewise linear functions (dashed red lines) comprising two breakpoints (solid red circles). The slope 

of the middle line segment of the insula’s diversity curve (m* = 0.005) is marginally (×2) steeper 

than the other two segments (m# = 0.0025, m; = 0.0031), suggesting a gradual ‘transition zone’ 

between the anterior and posterior portions of the insula. Shading denotes 95% confidence intervals 

(CI). Panel B: Eigenmap values were mapped to the voxels of the insula to enable anatomical 

visualization of the eigenmaps. The dynamic range of eigenmap values is uniformly distributed across 

the spatial extent of the insula along a curvilinear gradient indicated by the streamlines (red lines). 

The streamlines superposed onto the anatomical images represent trajectories of maximal change in 

the eignemaps. Streamlines were propagated in the gradient field estimated from the eigenmaps. 

Arrows indicate the gradient direction estimated for each voxel and arrow lengths convey gradient 

magnitude. Diversity curves were mapped with respect to the longest streamline (solid red line). 

Panel C: Distributions characterizing inter-individual variation in the model parameters describing 

the piecewise linear functions fitted to the diversity curves.  
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Supplementary Tables 

Table S1.  

List of 59 selected behavioral measures.  

Category Intuitive Name Formal Name  Psychological Test 

Alertness MMSE MMSE_Score Mini Mental Status Exam 

 PSQI PSQI_Score Pittsburgh Sleep Questionnaire 

 TooCold PSQI_TooCold Pittsburgh Sleep Questionnaire 

 TooHot PSQI_TooHot Pittsburgh Sleep Questionnaire 

 BadDream PSQI_BadDream Pittsburgh Sleep Questionnaire 

 Pain PSQI_Pain Pittsburgh Sleep Questionnaire 

Cognition EpisodicMemory PicSeq_AgeAdj NIH Toolbox Picture Sequence Memory Test 

 CognitiveFlexibility CardSort_AgeAdj NIH Toolbox Dimensional Change Card Sort  

 Inhibition Flanker_AgeAdj NIH Toolbox Flanker Inhibitory Control and Attention 

 FluidIntelligence PMAT24_A_CR Penn Progressive Matrices 

 SkippedItems PMAT24_A_SI Penn Progressive Matrices 

 ReactionTime PMAT24_A_RTCR Penn Progressive Matrices 

 ReadingDecoding ReadEng_AgeAdj NIH Toolbox Oral Recognition Test 

 LanguageComprehension PicVocab_AgeAdj NIH Toolbox Picture Vocabulary Test 

 ProcSpeed ProcSpeed_AgeAdj NIH Toolbox Pattern Comparison Processing Speed Test 

 Impulsivity200 DDisc_AUC_200 Delay Discounting 

 Impulsivity40K DDisc_AUC_40K Delay Discounting 

 SustainedAttention-SEN SCPT_SEN Short Penn Continuous Performance Test 

 SustainedAttention-SPEC SCPT_SPEC Short Penn Continuous Performance Test 

 WorkingMemory ListSort_AgeAdj NIH Toolbox List Sorting Working Memory Test 

Emotion EmotionRecognition-CR ER40_CR Penn Emotion Recognition Test 

 EmotionRecognition-CRT ER40_CRT Penn Emotion Recognition Test 

 EmotionRecognition-Anger ER40ANG Penn Emotion Recognition Test 

 EmotionRecognition-Fear ER40FEAR Penn Emotion Recognition Test 

 EmotionRecognition-Happy ER40HAP Penn Emotion Recognition Test 

 EmotionRecognition-Neutral ER40NOE Penn Emotion Recognition Test 

 EmotionRecognition-Sad ER40SAD Penn Emotion Recognition Test 

 Anger-Affect AngAffect_Unadj NIH Toolbox Anger-Affect Survey 

 Anger-Hostility AngHostil_Unadj NIH Toolbox Anger-Hostility Survey 

 Anger-Aggression AngAggr_Unadj NIH Toolbox Anger-Physical Aggression Survey 

 Fear-Affect FearAffect_Unadj NIH Toolbox Fear-Affect Survey 

 Fear-Somatic FearSomat_Unadj NIH Toolbox Fear-Somatic Arousal Survey 

 Sadness Sadness_Unadj NIH Toolbox Sadness Survey 

 LifeSatisf LifeSatisf_Unadj NIH Toolbox General Life Satisfaction Survey 

 MeanPurp MeanPurp_Unadj NIH Toolbox Meaning and Purpose Survey 

 PosAffect PosAffect_Unadj NIH Toolbox Positive Affect Survey 

 Friendship Friendship_Unadj NIH Toolbox Friendship Survey 

 Loneliness Loneliness_Unadj NIH Toolbox Loneliness Survey 
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 PercHostil PercHostil_Unadj NIH Toolbox Perceived Hostility Survey 

 PercReject PercReject_Unadj NIH Toolbox Perceived Rejection Survey 

 EmotSuppp EmotSupp_Unadj NIH Toolbox Emotional Support Survey 

 InstruSupp InstruSupp_Unadj NIH Toolbox Instrumental Support Survey 

 PercStress PercStress_Unadj NIH Toolbox Perceived Stress Survey 

 SelfEfficacy SelfEff_Unadj NIH Toolbox Self-Efficacy Survey 

Motor WalkEndurance Endurance_AgeAdj NIH Toolbox 2-minute Walk Endurance Test 

 GaitSpeed GaitSpeed_Comp NIH Toolbox 4-Meter Walk Gait Speed Test 

 Dexterity Dexterity_AgeAdj1 NIH Toolbox 9-hole Pegboard Dexterity Test 

 GripStrength Strength_AgeAdj NIH Toolbox Grip Strength Test 

Personality Agreeableness NEOFAC_A Five Factor Model (NEO-FFI) 

 Openness NEOFAC_O Five Factor Model (NEO-FFI) 

 Conscientiousness NEOFAC_C Five Factor Model (NEO-FFI) 

 Neuroticism NEOFAC_N Five Factor Model (NEO-FFI) 

 Extraversion NEOFAC_E Five Factor Model (NEO-FFI) 

Sensory Olfactory Odor_AgeAdj NIH Toolbox Odor Identification 

 PainInterf PainInterf_Tscore NIH Toolbox Pain Interference Survey 

 Gustatory Taste_AgeAdj NIH Toolbox Regional Taste Intensity 

 ContrastSensitivity-Log Mars_Log_Score Mars Contrast Sensitivity 

 ContrastSensitivity-Errs Mars_Errs Mars Contrast Sensitivity 

 ContrastSensitivity Mars_Final Mars Contrast Sensitivity 
1 Dexterity scores were multiplied by −1 so that higher scores denoted better motor dexterity. 
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Table S2. 

Distribution across individuals in the optimal number of clusters (right insula) found with classic 

evaluation criteria (%). 

Cluster solution (K) 

 1 2 3 4 5 6 7 8 9 10 

Gap statistic  0 0 0 0 1 7 13 20 19 40 

Silhouette 0 3 1 2 8 35 25 12 3 11 

C-H 0 5 0 1 12 25 22 18 14 3 
 
C-H: Calinski-Harabasz  
 

Table S3. 

Correlation between measures of intra-scan head motion and the optimal number of clusters (right 

insula) indicated by 𝑊, 𝑊234- and 𝑊5%66. 

  𝑾 𝑾𝒏𝒐𝒓𝒎 𝑾𝒅𝒊𝒇𝒇 

Absolute RMS r-value 0.01 -0.05 -0.02 

p-value 0.94 0.65 0.79 

Relative RMS r-value 0.09 -0.02 -0.01 

p-value 0.36 0.83 0.93 

RMS: Root-mean-square of the head motion translation parameters. P-value < 0.05 was deemed significant. 

FWHM: full width at half maximal of the Gaussian smoothing kernel.  
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Insula Functional Connectivity in Schizophrenia:
Subregions, Gradients, and Symptoms
Ye Tian, Andrew Zalesky, Chad Bousman, Ian Everall, and Christos Pantelis

ABSTRACT
BACKGROUND: The insular cortex is connected to a diverse network of cortical and subcortical areas. This study
aimed to investigate whether the diversity in functional connectivity across the insula’s topography is altered in in-
dividuals with schizophrenia and relates to the clinical symptoms of the disorder.
METHODS: Insula-to-whole-brain functional connectivity was mapped using resting-state functional magnetic
resonance imaging at the resolution of voxels in individuals with schizophrenia (n = 49) and healthy comparison
individuals (n = 52). Diversity in functional connectivity across the insula’s topography was represented as discrete
subregions and gradients of continuous variation. Canonical correlation analysis was used to relate interindividual
variation in insula connectivity to clinical symptoms.
RESULTS: Insula connectional diversity was parcellated into two subregions: dorsoanterior and ventroposterior.
Compared with the healthy comparison group, subjects with schizophrenia were associated with an overall reduction
in insula functional connectivity as well as reduced differentiation in connectivity profiles between these subregions. A
significant interaction effect between diagnosis and insula subregion indicated that the anterior subregion in
schizophrenia was connected with increased strength to the somatosensory, motor, occipital, and parietal cortices,
whereas the posterior subregion showed increased connectivity with the thalamus and prefrontal cortex. Insula
connectivity with the anterior cingulate and auditory cortices was significantly associated with cognitive impairment,
negative symptoms, poor psychosocial functioning, and longer duration of illness (r = .64, p = .03).
CONCLUSIONS: Diversity in functional connectivity across the insula’s rostrocaudal axis is reduced in schizophrenia,
resulting in reduced differentiation between anterior and posterior insula. Interindividual variation in insula connectivity
explains variability in some of the clinical symptoms of schizophrenia.

Keywords: Clustering, Diversity curve, Insular cortex, Parcellation, Resting-state fMRI, Schizophrenia

https://doi.org/10.1016/j.bpsc.2018.12.003

Functional dysconnectivity of the insular cortex is consistently
observed in psychosis spectrum disorders, including in-
dividuals with first-episode psychosis (1–3), individuals with
chronic schizophrenia (4,5), and individuals at high risk for the
disorder (6–8). Specifically, the insula shows aberrant patterns
of connectivity with the cingulate cortex as well as regions
comprising the default mode network and central executive
network (4–7). Most previous neuroimaging studies investi-
gating the connectivity of the insula in schizophrenia have
treated the insula as a single, homogeneous region (3) or have
considered only its anterior aspect (4,5,7–9). In particular,
neuroimaging data are typically averaged over all voxels
comprising the insula to provide a summary characterization,
and thus any potential variation in connectivity across the
topography (spatial extent) of the insula may be overlooked.
We refer to this topographic variation as connectional diversity.
A region with greater connectional diversity shows greater
variation across its topography with respect to the cortical and
subcortical regions to which it connects.

Recently, functional and structural magnetic resonance im-
aging (MRI) studies have sought to characterize the insula’s

connectional diversity using one of two models: 1) discrete
subregions (clusters) (10) or 2) continua of variation (diversity
curves) (11). These studies have generally been limited to
healthy individuals. According to the subregions model, the
insula can be parcellated into clusters, where each cluster is
associated with a distinct connectivity pattern. Many studies
employing the subregions model suggest that the insula is best
represented with a bipartite subdivision comprising anterior
and posterior subregions (10,12–16), whereas other studies
provide evidence of a tripartite clustering in which the anterior
insula is further subdivided into dorsal and ventral components
(4,17,18) as well as parcellations comprising more than three
subdivisions (14,19–27). Particular subregions have been linked
to specific aspects of cognition, emotion, and somatosensory
sensations (18,28,29). More recently, it has been suggested
that the insula’s connectional diversity can be represented
more parsimoniously as a continuum of gradual variation along
a rostrocaudal axis, rather than with discrete subregions (30).
Interindividual variation in the rate of variation along this axis of
the insula has been found to explain significant variation in
behavioral traits assessed in healthy adults (11).
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The aim of the present study was to characterize the di-
versity in functional connectivity across the topography of the
insular cortex in adults with schizophrenia. To this end, we
acquired resting-state functional MRI (fMRI) data in individuals
with schizophrenia and healthy comparison individuals and
used these data to map the functional connectivity profile of
each insula voxel with respect to all other cortical and
subcortical voxels. We clustered insula voxels into distinct
subregions based on similarity in their connectivity profiles as
well as modeled variation in connectivity among insula voxels
continuously using the recently proposed concept of a di-
versity curve. An individual’s diversity curve quantifies how
rapidly the insula’s connectivity with the rest of the cortex
changes per unit length along the insula’s rostrocaudal axis
(11). We then performed statistical analyses to compare the
functional connectivity profiles of distinct insula subregions
between the schizophrenia and healthy comparison groups.
Finally, we assessed whether patterns of insula functional
connectivity in the schizophrenia group were associated with
interindividual variation in the severity of psychosis symptoms,
cognition, and psychosocial functioning. Given the widespread
reductions in functional connectivity previously reported in this
cohort (31) and the known association between insula
connectional diversity and cognitive-affective function (11), we
hypothesized that schizophrenia would be associated with
reduced insula connectional diversity and reduced segregation
(differentiation) between the connectivity profiles of putative
insula subregions. Our hypothesis is supported by evidence of
reduced segregation on the global scale of whole-brain func-
tional networks in the disorder (32) as well as loss of functional
specialization within specific areas such as the prefrontal
cortex (33). This is the first study to comprehensively charac-
terize connectional pathology across the topography of the
insula in individuals with schizophrenia.

METHODS AND MATERIALS

Participants, Image Acquisition, and Image
Preprocessing

Participants. This study was approved by the Melbourne
Health Human Research Ethics Committee (ID No. 2012.069).
All participants gave written consent before participation.
Individuals with established schizophrenia (n = 49, mean age
41.02 6 9.93 years, 15 female subjects) and healthy compar-
ison individuals matched for average age, sex, and handed-
ness (n = 52, mean age 39.85 6 10.46 years, 17 female
subjects) were included in this study. The majority of in-
dividuals with schizophrenia (n = 44) were considered resistant
to treatment (34) and currently prescribed and taking cloza-
pine. The diagnosis of schizophrenia was further confirmed by
the Mini International Neuropsychiatric Interview (35). Healthy
comparison individuals were recruited from the local commu-
nity. Individuals satisfying at least one of the following exclu-
sion criteria were not considered: current or history of
psychiatric diagnoses, substance dependence, mental retar-
dation (IQ ,70), first-degree relatives with psychiatric illness,
neurological disorders, impaired thyroid function, diabetes,
and other major medical conditions.

The severity of clinical symptoms was assessed using the
Positive and Negative Syndrome Scale (PANSS) (36), Scale for
the Assessment of Positive Symptoms (37), and Scale for
Assessment of Negative Symptoms (SANS) (38) on the day of
screening. For all individuals, social, occupational, and psy-
chological functioning were measured with the Global
Assessment of Functioning (GAF) (39), Social and Occupational
Functioning Assessment Scale (SOFAS) (40), and Wechsler
Adult Intelligence Scale for cognition (41) (Table 1). Antipsy-
chotic dosage was converted to chlorpromazine equivalent
dose using an established conversion methodology (42).

Table 1. Demographic and Clinical Characteristics

Schizophrenia Group (n = 49) Comparison Group (n = 52) Statistic p Value

Age, Years 41.02 (69.93) 39.85 (610.46) t = 0.58 .56

Sex, Male/Female 34/15 35/17 c2 = 0.05 .82

Handedness, Right/Left 45/4 50/2 c2 = 0.84 .36

Current IQ 91.34 (618.70) 111.51 (614.04) t = 5.91 , .001

GAF Score 47.85 (613.50) 79.27 (611.34) t = 12.52 , .001

SOFAS Score 48.38 (614.81) 79.44 (611.63) t = 11.66 , .001

Age at Illness Onset, Years 22.71 (66.44) — — —

Duration of Illness, Years 17.95 (69.16) — — —

PANSS-POS 16.08 (65.72) — — —

PANSS-NEG 18.5 (67.90) — — —

PANSS-GEN 22.25 (69.72) — — —

PANSS-T 51.32 (624) — — —

SAPS Total Score 20.37 (616.31) — — —

SANS Total Score 40.60 (619.28) — — —

Clozapine Dosage, mg/day 383.70 (6134.20) — — —

CPZ Equivalent, mg/day 498.80 (6281.10) — — —

Values are presented as n or mean (6SD).
CPZ, chlorpromazine; GAF, Global Assessment of Functioning; PANSS-GEN, Positive and Negative Syndrome Scale–General Psychopathology

subtotal score; PANSS-NEG, Positive and Negative Syndrome Scale–Negative subtotal score; PANSS-POS, Positive and Negative Syndrome
Scale–Positive subtotal score; PANSS-T, Positive and Negative Syndrome Scale total score; SANS, Scale for the Assessment of Negative
Symptoms; SAPS, Scale for the Assessment of Positive Symptoms; SOFAS, Social and Occupational Functioning Assessment Scale.
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Image Acquisition and Image Preprocessing. Image
acquisition and resting-state fMRI data preprocessing are
described in the Supplement.

Insula Discrete Subregions Model

Cluster Analysis. For each individual, the left and right insula
were separately parcellated into distinct subregions using
cluster analysis. In brief, functional connectivity was mapped
between each insula voxel and all other gray matter voxels, and
Ward’s linkage was then used to cluster insula voxels according
to similarity in connectional profiles. The morphology of the
resulting clusters (i.e., volume and length measurements) was
then tested for differences between the schizophrenia and
healthy comparison group using the Wilcoxon rank sum test.
Functional connectivity mapping and cluster analysis is
described in detail in the Supplement. Modularity analysis
(Newman’s spectral community detection algorithm) was used
to combine each individual’s insula parcellation to generate a
group-level consensus parcellation of the insula for each of the
two groups. The modularity Q value was then used to test
whether the degree of differentiation in functional connectivity
profiles between the anterior and posterior insula subregions
differed between the two groups (Supplement).

Whole-Brain Functional Connectivity Profile of Insula
Subregions. Using the cluster analysis described above, we
found that the insula was most parsimoniously partitioned into
two clusters for the majority of individuals with schizophrenia
(88%) and healthy comparison (87%) individuals. While sub-
stantial variation in the shape and location of clusters across
individuals was evident (Supplemental Figure S1), the group-
level consensus parcellation comprised two modules that
mapped to anterior and posterior insula subregions. We
sought to test whether whole-brain functional connectivity
patterns differed between anterior and posterior insula or
between the schizophrenia and healthy comparison groups. To
this end, the intersection between the separate anterior and
posterior insula masks for each group was computed to yield a
single anterior and posterior insula mask that was common to
both groups (Figure 1C and Supplemental Table S1). For each
individual, the fMRI signal was averaged across all voxels
comprising the anterior and posterior mask, and this averaged
signal was then correlated (Pearson’s correlation) with all other
gray matter voxels, yielding a whole-brain anterior and posterior
insula functional connectivity map for each person. For each
gray matter voxel comprising this map, within-subjects analysis
of variance was used to test the main effects of diagnosis
(schizophrenia/control), subregion (anterior/posterior), and lat-
erality (left/right) on insula connectivity as well as the interaction
between diagnosis and the latter two main effects. Nonpara-
metric cluster-based inference, as implemented in Randomise
(43), was used to control the familywise error across the set of
all voxels and to identify voxel clusters for which the main or
interaction effects were significant (permutations: n = 10,000;
cluster forming threshold: t = 2.5, p , .05).

Insula Continuum Model and Diversity Curves

It has recently been suggested that connectional diversity
across the insula’s topography is more parsimoniously

represented as continua of gradual variation, rather than with
discrete subregions (11). Given this consideration, we
employed the recently proposed concept of a diversity curve
(11) to represent the insula’s connectional diversity for each
individual as a continuum of variation. In brief, Laplacian
eigenmaps (44) were mapped for each individual’s insula using
established methods (45), and the eigenmaps were projected
onto a rostrocaudal curvilinear trajectory through the insula
representing the trajectory of maximal change in the eigenmap
(11). This yielded a separate diversity curve for each individual.
Further details are provided in the Supplement. We compared
the diversity curves between the schizophrenia and healthy
comparison groups to test the hypothesis that schizophrenia
would be associated with a reduction in insula connectional
diversity. To this end, a two-sample t test was performed to
test for a difference in diversity between the schizophrenia and
healthy comparison individuals at each point along the
diversity curves. The false discovery rate was used to control
for multiple comparisons across the set of all points.

Clinical Associations

We hypothesized that interindividual variation in the extent of
insula connectivity reductions with the anterior cingulate cor-
tex (ACC) and superior temporal gyrus (STG) would be asso-
ciated with clinical severity in the schizophrenia group. This
hypothesis is supported by suggestions that 1) the ACC and
anterior insula are key regions of the salience network (28),
which is known to show aberrant network switching in
schizophrenia (5,46), and 2) the STG is crucial for language
(Wernicke’s area) and auditory (Heschl’s gyrus and planum
temporale) processing, and dysconnectivity of this region has
been associated with auditory hallucinations in schizophrenia
(47–49). To test this hypothesis, for each individual with
schizophrenia, fMRI data were averaged across all voxels
comprising the ACC and STG clusters identified with Ran-
domise as well as the masks delineating the posterior and
anterior insula subregions. Note that the ACC cluster identified
with Randomise included a portion of the supplementary motor
area (SMA), and thus we refer to this cluster as ACC/SMA. The
resulting regionally averaged time series were then correlated
(Pearson’s correlation) to yield functional connectivity esti-
mates between 1) anterior insula and ACC and 2) posterior
insula and STG. Finally, canonical correlation analysis (50) was
used to test for a multivariate association between these two
functional connectivity estimates and several measures of
symptom severity: PANSS, Scale for the Assessment of Pos-
itive Symptoms, SANS, GAF, SOFAS, Wechsler Adult Intelli-
gence Scale, and duration of illness (Supplement).

Numeric computation was performed in MATLAB R2017b
(The MathWorks, Inc., Natick, MA). Images were visualized
using BrainNetViewer1.6 (51) and FSLView software.

RESULTS

Demographic and clinical characteristics are shown in Table 1.
The schizophrenia and healthy comparison groups were
matched in terms of mean age, sex, and handedness, and thus
these factors were not controlled when performing group
comparisons. However, IQ and measures of social and general
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functioning were significantly reduced in the schizophrenia
group.

Reduced Differentiation Between Anterior and
Posterior Insula Subregions

Bipartite parcellation of the insula into anterior and posterior
subregions yielded the most parsimonious representation in
the majority of individuals with schizophrenia (88%) and
healthy comparison individuals (87%). For the remaining in-
dividuals, insula voxels were partitioned into two clusters ac-
cording to the individual’s best-fitting bipartite solution. To
facilitate between-group comparison, only bipartite insula
parcellations were analyzed here. The volume (cluster size) of
each insula subregion was estimated by enumerating the
number of voxels assigned to the cluster of voxels delineating
each subregion and multiplying this number by the volume of
each individual voxel (8 3 1023 cm3). The anterior insula
subregion was significantly reduced in the schizophrenia group

(right: z = 3.81, schizophrenia: 4.59 6 2.2 cm3, comparison
group: 6.41 6 2.2 cm3, p , .001; left: z = 4.47, p , .001),
whereas the posterior insula was significantly increased (right:
z = 3.44, schizophrenia: 5.60 6 2.3 cm3, comparison group:
4.406 2.2 cm3, p, .001; left: z = 3.92, p, .001) and extended
further anteriorly (right: z = 3.89, p , .001; left: z = 3.13, p =
.0017) and laterally (right: z = 3.89, p , .001; left: z = 3.87, p ,

.001) relative to the healthy comparison group (Supplemental
Figure S2). We found that the differentiation between these
two putative insula subregions was significantly reduced in the
schizophrenia group (Q value right insula, schizophrenia: 0.13,
comparison group: 0.20, p = .0038; Q value left insula,
schizophrenia: 0.12, comparison group: 0.21, p = .002)
(Figure 1A, B and Supplemental Figure S3).

Altered Insula Functional Connectivity

Having parcellated the insula into two distinct subregions
(anterior and posterior), we next sought to investigate whether

Figure 1. Bipartite parcellation of the right insular cortex based on resting-state functional connectivity in individuals with schizophrenia and healthy
comparison individuals. (A) Group consensus matrices (insula voxels 3 insula voxels) for the schizophrenia (upper matrix) and healthy comparison groups
(lower). Each cell stores the proportion of individuals for which a given pair of insula voxels comprised the same cluster. Warm tones (red) indicate pairs of
voxels consistently comprising the same subregions, whereas cool tones (blue) indicate pairs of voxels consistently comprising distinct subregions. While two
modules were identified in both groups, modular separation was significantly reduced in the schizophrenia group (Q = 0.13, p = .0038) compared with the
healthy comparison group (Q = 0.20). The rows and columns of the consensus matrices are ordered such that all insula voxels comprising the anterior insula
module are listed first, followed by all voxels in the posterior insula. (B) The consensus matrices are mapped to the insula to yield probabilistic maps of the
anterior and posterior insula subregions. The color of each insula voxel is modulated by the proportion of individuals for which the voxel comprised the relevant
subregion (module). Yellow tones indicate voxels that consistently comprise the relevant subregion across individuals, whereas red tones indicate voxels that
rarely comprise the subregion. Probability maps were converted to binary (hard) segmentations to delineate discrete anterior (yellow) and posterior (red) insula
subregions for both groups. (C) The intersection of the anterior insula subregion delineated for each of the two groups was determined to define a consensus
anterior insula subregion for both groups (green) and similarly for the posterior insula subregion (pink). Slice coordinates (Montreal Neurological Institute, mm):
x = 40, y = 210, z = 2. A, anterior; I, inferior; L, left; P, posterior; R, right; S, superior.
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the functional connectivity between these two subregions and
the rest of the cortex was altered in schizophrenia. We inves-
tigated three main effects (subregion, diagnosis, laterality) and
two interaction effects (diagnosis 3 subregion, diagnosis 3

laterality). We identified regional clusters associated with each
of these effects.

Main Effect of Subregion (Anterior vs. Posterior).
Across all individuals (individuals with schizophrenia and
healthy comparison individuals combined), we found that the
anterior insula was preferentially connected to the frontolimbic
and paralimbic areas (peak t = 24.2, p, .001) and the posterior
cerebellar lobes (crus I and crus II) (peak t = 8.17, p = .006),
whereas the posterior insula was characterized by extensive
parietotemporo-occipital and anterior cerebellar connectivity
(peak t = 22.4, p , .001) (Figure 2A).

Main Effect of Diagnosis (Schizophrenia vs. Healthy
Comparison Group). Functional connectivity was signifi-
cantly reduced in the schizophrenia group between the insula
and multiple cortical and subcortical areas. Specifically,
schizophrenia was associated with significant reductions in
connectivity between the anterior insula and regions located at
the bilateral ACC, SMA, paracingulate cortex, and superior
frontal gyrus (peak t = 5.51, p = .0118) as well as regions in
the frontal and central operculum; orbitofrontal cortex; inferior

frontal gyrus; temporal pole; ventral medial prefrontal cortex;
and subcortical areas such as the amygdala, putamen, para-
hippocampal gyrus, and pallidum (peak t = 5.7, p = .0035)
(Figure 2B, upper panel). In contrast, the posterior insula
showed significantly reduced connectivity with the bilateral
STG, planum temporale, Heschl’s gyrus, middle temporal gy-
rus, and parietal and central operculum (right cluster: peak t =
5.31, p = .0018; left cluster: peak t = 4.59, p = .0091).
Furthermore, functional connectivity between the posterior
insula and the bilateral precentral and postcentral gyrus, pos-
terior and anterior cingulate cortex, precuneus, and SMA was
significantly reduced in the schizophrenia group (peak t = 5.4,
p = .0018) (Figure 2B, lower panel). Significant increases
in connectivity were not found in the schizophrenia group
(p . .05).

Main Effect of Laterality (Left vs. Right). Whereas the
insula’s cerebral connections showed an ipsilateral preference
(anterior: peak t = 16.8, p , .001; posterior: peak t = 17.9,
p , .001), the insula was more extensively connected to the
cerebellum in the contralateral hemisphere (peak t = 4.68,
p = .025) (Supplemental Figure S5).

Interaction Effect (Diagnosis 3 Subregion). A signifi-
cant interaction was found between diagnosis and subregion.
More specifically, the anterior insula in the schizophrenia group

Figure 2. Altered resting-state functional connectivity of the anterior and posterior insular cortex in schizophrenia. Functional connectivity was mapped
between the anterior and posterior insula subregions and all other gray matter voxels. Analysis of variance was then used to test the main effect of subregion
(anterior vs. posterior) and diagnosis (schizophrenia vs. healthy comparison group) on insula connectivity at each gray matter voxel as well as the interaction
between these two main effects. (A) Main effect of subregion. The anterior and posterior insula subregions showed unique connectivity patterns: the anterior
insula was preferentially connected to frontolimbic areas and the posterior cerebellar lobe, whereas the posterior insula was characterized by increased
connectivity with the parietotemporo-occipital cortices and the anterior cerebellar lobe. (B) Main effect of diagnosis. Schizophrenia was associated with
significant reductions in connectivity between the insula and multiple cortical and subcortical areas, relative to the healthy comparison group. Connectivity
increases were not evident in the schizophrenia group. (C) Interaction effect. A significant interaction between subregion and diagnosis was found: the anterior
insula subregion showed increased connectivity with the somatosensory/motor and occipital cortex in the schizophrenia group, whereas connectivity between
the posterior insula and prefrontal cortex and thalamus was increased in schizophrenia. AI, anterior insula; PI, posterior insula; SCZ, schizophrenia group; CON,
healthy comparison (control) group. Clusters are colored according to t statistic. All images pertain to right insula.
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showed increased connectivity with the precentral and post-
central gyrus (i.e., primary motor and somatosensory cortex;
peak t = 5.3, p = .001), the occipital cortex and anterior lobe of
the cerebellum (peak t = 5.34, p , .001), and a cluster located
in the primary and secondary auditory cortices (peak t = 4.99,
p = .023). In contrast, the posterior insula in the schizophrenia
group showed increased connectivity to the prefrontal cortex
(peak t = 4.37, p = .04), bilateral thalamus (peak t = 5.27, p =
.036), and pons and posterior cerebellar lobes (peak t = 5.75,
p = .017). Comparable findings were evident for the left insula
(Supplemental Figure S4).

Interaction Effect (Diagnosis 3 Laterality). No signifi-
cant interaction was found between diagnosis and laterality,
suggesting that the disorder does not preferentially affect the
left or right insula.

Diversity Curves

Diversity curves based on Fielder eigenvectors were mapped
for each individual to continuously characterize the rate at
which the insula’s connectional profile to the rest of the cortex
changed along the insula’s rostrocaudal axis. Figure 3A shows
group-averaged diversity curves for the schizophrenia (green
curve) and healthy comparison groups (blue curve). Consistent
with previous work (11), the diversity curves show a relatively
constant slope, suggesting that the insula’s connectivity profile
varies gradually and continuously across its topography, from

dorsoposterior to ventroanterior. The connectional diversity for
the schizophrenia group was reduced in the anterior portion of
the insula, indicated by a reduction in the diversity curve’s
slope (dashed box in Figure 3A); however, this between-group
difference did not survive correction for multiple comparisons
(p , .05) (Figure 3A). Group-consensus eigenmaps were pro-
jected to insula voxels in Montreal Neurological Institute space
to enable anatomical visualization (Figure 3B).

Clinical Associations

Canonical correlation analysis identified a significant mode of
covariance between interindividual variation in nine measures
of disorder severity and two measures of insula functional
connectivity (r = .64, p = .03, familywise error corrected)
(Figure 4A). The canonical coefficients for each of the two
functional connectivity estimates (Figure 4B) quantify the
extent to which each of two connectivity estimates contributed
to the significant mode of covariance. Figure 4C shows that IQ,
GAF, and SOFAS are positively correlated with the significant
mode of covariance, whereas SANS, PANSS-Negative, and
duration of illness are negative. Therefore, higher insula func-
tional connectivity with the ACC/SMA and STG was associated
with higher IQ and psychosocial functioning (i.e., GAF and
SOFAS) as well as less severity of psychotic symptoms (SANS
and PANSS-Negative) and shorter duration of illness.
Conversely, individuals with lower insula functional connectivity
with the ACC/SMA and STG are more likely to show poorer
cognitive performance and psychosocial functioning as well as
more severe psychotic symptoms and longer illness duration.

In supplementary analyses, an exploratory canonical cor-
relation analysis was conducted on the other six regions found
to show significant functional connectivity reductions with the
insula in the schizophrenia group (Supplemental Table S2). The
exploratory canonical correlation analysis did not identify any
significant associations between interindividual variation in
symptoms and insula functional connectivity among this
broader set of regions.

Interindividual variation in age, sex, and antipsychotic dose
(chlorpromazine equivalent dose) did not associate with func-
tional connectivity between the insula and eight clusters
(Supplemental Table S2) found to show significantly reduced
connectivity with the insula in the schizophrenia group.
Supplemental Table S3 shows test statistics and p values for
each of these 3 (age, sex, CPZ) 3 8 (clusters) = 24 tests.

DISCUSSION

This study comprehensively characterized the functional con-
nectivity architecture of the insular cortex in individuals with
schizophrenia. In contrast to previous functional connectivity
studies of the insula in schizophrenia, rather than treating the
insula as a single, homogeneous region or considering only its
anterior aspect, we specifically focused on investigating how
the insula’s connectivity with the rest of the cortex varied
across its topography (i.e., across its spatial extent). The
insular cortex is a connectionally diverse region, in that its
most dorsoposterior extremity connects with markedly
different cortical and subcortical areas compared with its
ventroanterior aspect (11). In this study, we aimed to determine
whether this connectional diversity was aberrant in

Figure 3. Diversity curves for the insular cortex in schizophrenia. (A)
Group-averaged insula diversity curves for the schizophrenia (green curve)
and healthy comparison (blue) groups. Dashed box indicates the portion of
the diversity curve showing a significant reduction in the schizophrenia
group (p , .05, uncorrected). Shading denotes 95% confidence intervals.
(B) Group-consensus eigenmap values were mapped to the voxels of the
insula to enable anatomical visualization of variation in connectional
diversity for the schizophrenia (lower panel) and healthy comparison (upper)
groups. The streamlines superposed onto the anatomical images were
previously computed as part of a previous study (40). Diversity curves were
mapped by projecting each individual’s eigenmap onto the longest
streamline (solid red line). Arrows indicate the gradient direction estimated
for each voxel, and the lengths convey gradient magnitude. Max, maximum;
Min, minimal.
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schizophrenia. We found that the connectivity profiles of the
anterior and posterior insula were less well differentiated in
schizophrenia and that the extent of reduction in connectivity
between insula subregions and key regions of the salience
network and auditory cortex were associated with interindi-
vidual variation in symptom severity.

Our initial clustering analysis suggested that the insula was
most parsimoniously parcellated into two subregions in the
majority of individuals with schizophrenia and healthy
comparison individuals. Volumetrically, we found that the
posterior insula subregion was significantly larger in the
schizophrenia group, whereas the anterior insula was signifi-
cantly reduced, relative to the healthy comparison group. It is
important not to confuse these volumetric differences with
previous studies reporting that schizophrenia is associated
with reduced insula gray matter volume, particularly the
anterior aspect of the insula (52–56). We used a common
mask to delineate the insula in all individuals, and thus we did
not model any potential interindividual variation in the entire
insula volume. The volumetric differences found in the present
study relate to segregation of functional connectivity (57–59)
and are not necessarily related to gray matter morphology.
In particular, the increased volume of the posterior insula
subregion suggests that the characteristic connectivity profile
of the posterior insula encompasses a larger share of the
insula’s entire volume in individuals with schizophrenia. This
is at the expense of the anterior insula occupying a smaller
volume.

We found that the differentiation between the anterior and
posterior insula subregions was significantly reduced in the
schizophrenia group relative to the healthy comparison group
as quantified by the modularity Q value. This suggests that the
connectional diversity of the insula is reduced in schizophrenia;
namely, the network of areas with which the anterior insula
connects is less well differentiated from the network of areas
with which the posterior insula connects. In fact, differentiation
between the anterior and posterior insula was only marginally
higher than chance level in the schizophrenia group (Q z 0.1).
Specifically, the anterior insula subregion preferentially con-
nects to the frontolimbic and paralimbic areas and cerebellar
nonmotor regions, whereas the posterior subregion shows
extensive connectivity with the parietotemporo-occipital lobe
and motor regions of cerebellum. This anterior-posterior sub-
division is consistent with previous functional/diffusional par-
cellation studies in humans (10,12,13,15,60,61) and axonal
tracing studies in macaques (62,63).

We found that functional connectivity between the insula
and multiple cortical and subcortical areas as well as the
cerebellum was significantly reduced in the schizophrenia
group. Many of the areas affected comprise cognitive net-
works (20,21) and are associated with a wide range of cogni-
tive, affective, and sensorimotor functions that are disturbed in
schizophrenia (64–66). We found a significant interaction in the
connectivity profiles between diagnosis (schizophrenia vs.
healthy comparison group) and insula subregion (anterior vs.
posterior). In the schizophrenia group, the anterior insula

Figure 4. Association between insula functional
connectivity and interindividual variation in clinical
characteristics. Canonical correlation analysis iden-
tified a significant mode of covariance between
interindividual variation in two measures of insula
functional connectivity and nine measures of disor-
der severity, including measures of cognition, psy-
chosocial functioning, psychotic symptoms, and
duration of illness (DOI). (A) Scatter plot of canonical
scores for the functional connectivity measures
(horizontal axis) and measures of disorder severity
(vertical axis). The mode of covariance remained
significant after correction for multiple comparisons
(r = .64, p = .03; familywise error corrected across all
canonical correlation analysis modes with permuta-
tion testing, n = 10,000). (B) Bar plot showing
canonical coefficients for the functional connectivity
strengths corresponding to right anterior insula (rAI)
and anterior cingulate cortex/supplementary motor
area (ACC/SMA) (cyan cluster, .57) and right poste-
rior insula (rPI) and superior temporal gyrus (STG)
(blue cluster, .71). (C) Bar plot showing correlation
coefficients between the nine measures of disorder
severity and the significant canonical correlation
analysis mode. Measures with positive canonical
coefficients are positively correlated with the
canonical correlation analysis mode of variance.
Therefore, increased insula functional connectivity is
associated with increased IQ, Global Assessment of
Functioning (GAF), and Social and Occupational
Functioning Assessment Scale (SOFAS) but
decreased Scale for Assessment of Negative
Symptoms (SANS), Positive and Negative Syndrome

Scale–Negative (PANSS-NEG), and DOI. Red asterisks indicate measures that are significantly correlated with the canonical score (false discovery rate [FDR]
corrected). PANSS-GEN, Positive and Negative Syndrome Scale–General Psychopathology; PANSS-POS, Positive and Negative Syndrome Scale–Positive;
SAPS, Scale for Assesment of Positive Symptoms.
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connected with increased strength to regions that are normally
connected with the posterior insula (i.e., the precentral/post-
central gyrus, occipital/parietal cortex, and anterior cerebellar
lobe). Conversely, the posterior insula showed increased
connectivity in schizophrenia with regions that are preferen-
tially connected with the anterior insula in healthy individuals
(i.e., prefrontal cortex, thalamus, and posterior cerebellar lobe).
This interaction effect suggests that the connectivity profiles of
the anterior and posterior insula are less well differentiated in
schizophrenia, consistent with lack of insula connectional di-
versity in the disorder.

Using the recently developed concept of a diversity curve
(11), we found that the insula’s connectional diversity varied
gradually along a rostrocaudal axis in both the schizophrenia
and the healthy comparison groups. Furthermore, we found no
evidence of a discrete boundary between putative insula
subregions, which would have been evidenced by an abrupt
change in the diversity curve slope. It is important to note that
while we did not find any evidence of discrete insula sub-
regions, modeling the insula’s connectional diversity with
subregions can nevertheless provide meaningful insight.
Discrete approximations can simplify continuous systems,
which, in turn, facilitates inference and more intuitive in-
terpretations. For example, mapping of neural connectomes
mandates the delineation of discrete subregions to serve as
network nodes (67). Anterior and posterior insula subregions
can thus represent distinct nodes in connectomic studies.
Insula diversity curves for the schizophrenia group were
reduced within an anterior portion of the insula; however, this
between-group difference did not survive correction for mul-
tiple comparisons. Within the anterior portion of the insula
implicated (dashed box in Figure 3A), the slope of the diversity
curve showed a trend toward reduction in the schizophrenia
group, which may suggest that this portion of the insula is
abnormally homogeneous in the disorder.

Importantly, we found that the reduced functional connec-
tivity between anterior insula and ACC including SMA, known
as the salience network, and the functional connectivity
between posterior insula and the language and auditory cortex
(STG, Heschl’s gyrus, planum temporale, and Wernicke’s area)
were associated with poor clinical outcomes, including
cognitive impairment and general social and occupational
functioning as well as the severity of symptoms, particularly
negative symptoms. Our findings support the emerging hy-
pothesis that the salience network is significantly involved in
the pathophysiology of psychosis (7,46,68,69), particularly with
respect to disturbances in the integration of sensory percep-
tion facilitated by the posterior insula (68). Of note, reduced
insula functional connectivity was also associated with longer
illness duration, suggesting progressive deterioration of con-
nectivity over the course of illness, although longitudinal
neuroimaging would be required to confirm this suggestion.
We therefore conclude that impaired functional connectivity
between the insula and these key regions may be a determi-
nant of disorder severity.

Limitations

First, our sample is moderate in size, and our fMRI data are of
poorer spatial and temporal resolution compared with the data

used in our previous analysis of the insula in healthy individuals
(11). Second, although antipsychotic dose was not correlated
with any of the functional connectivity effects reported in this
study, medication cannot be excluded as a potential confound
(70–72). Interestingly, analysis of functional connectivity during
a salience attribution task indicated that schizophrenia-related
reductions in connectivity between the insula and ACC were
evident only in the subgroup of untreated individuals with first-
episode psychosis and not in the medicated subgroup (72).
However, these findings require replication, given the small
size of the medicated subgroup. Finally, IQ was significantly
reduced in the schizophrenia group, representing a potential
confounding effect on the neuroimaging findings reported in
our study. However, it is generally difficult to disentangle low
IQ from the illness because of the widespread neurocognitive
deficits evident in the majority of individuals with schizophrenia
(65), and controlling for IQ as part of statistical inference may
be considered inappropriate for this reason (73).

Conclusions

Using resting-state fMRI, we comprehensively characterized
functional connectivity across the topography of the insular
cortex in individuals with schizophrenia. We represented the
insula’s connectional diversity using discrete subregions
(anterior and posterior) as well as a continuum of gradual
variation. We found that the anterior and posterior insula
subregions were connected to distinct cortical and subcortical
regions in the healthy comparison individuals. However, in the
schizophrenia group, this distinction in the connectivity profiles
of the anterior and posterior insula was significantly reduced,
suggesting a lack of segregation between these two sub-
regions in the disorder. This was evidenced by a significant
interaction between diagnosis and subregion, whereby the
anterior insula showed increased connectivity with somato-
sensory/motor cortices, occipital/parietal cortices, and motor
regions of cerebellum in schizophrenia, whereas the connec-
tivity between the posterior insula and prefrontal cortex, thal-
amus, and cerebellar nonmotor region was stronger. Insula
diversity curves suggested that the anterior insula may be
abnormally homogeneous in the schizophrenia group. Finally,
we found that impaired insula functional connectivity was
associated with interindividual variation in cognitive deficits,
psychotic symptoms, and psychosocial functioning. We
conclude that the anterior and posterior insula show differential
connectivity profiles, but this differentiation is reduced in
schizophrenia, resulting in reduced connectional diversity
across the insula and possibly contributing to the psychotic
symptoms of schizophrenia. Future research may focus on
mapping the subregional architecture of the insular cortex as a
function of age using longitudinal neuroimaging data. This
would establish the age range during which the connectivity
profiles of the anterior and posterior insula significantly differ-
entiate and whether this differentiation is evident before the
onset of psychosis.
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S1. Image Acquisition and Resting-state fMRI data preprocessing 
Image Acquisition: Imaging was performed in all participants using a Siemens Avanto 3T Magetom 

TIM Trio scanner. Structural images of brain anatomy were acquired using an optimized 

Magnetization-Prepared Rapid Acquisition Gradient Echo (MPRAGE) T1-weighted sequence with 

176 sagittal slices of 1.2mm thickness; field of view (FOV) = 256×256 mm2; flip angle = 9°; 

repetition time (TR) = 2300ms; echo time (TE) = 2.98ms; voxel size =1.0×1.0×1.2 mm3. Resting-state 

fMRI was acquired using a T2*-weighted echo-planar imaging sequence. A total of 8 min of resting-

state data was acquired, resulting in 234 volumes (TR = 2000ms; TE = 32.0ms; voxel size = 

3.3×3.3×3.5 mm3). 

Resting-state fMRI Data Preprocessing: Resting-state fMRI data were preprocessed using FSL 5.0.8 

(http://fsl.fmrib.ox.au.uk/fsl/fslwiki/). In brief, preprocessing steps included: slice-timing correction; 

brain extraction; linear registration of all volumes to the middle volume to correct for intrascan head 

motion; warping of all volumes to MNI space and resampling to 2mm isotropic voxels. These steps 

were performed independently for each individual. Motion artefacts were further corrected with ICA-

AROMA (v0.3-beta, ICA-based automatic removal of motion artefacts) after spatial smoothing with a 

Gaussian kernel of 4mm FWHM (full width at half maximum). ICA-AROMA is a data-driven 

method to identify and automatically remove motion-related variance (1, 2). For each voxel, the 

preprocessed fMRI data was then regressed against the motion-related components identified with 

ICA-AROMA, together with mean white matter and cerebrospinal fluid signals (CSF). The residuals 

of this regression were temporally band-pass filtered (0.01-0.1 Hz) and used in all further analyses. 

S2. Cluster Analysis 
Binary insula masks were delineated based on the Harvard-Oxford Cortical Structural Atlas 

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases) using a probability threshold of 20%, resulting in 1399 

voxels (11.19cm3) for right insula and 1397 voxels (11.17cm3) for left insula. The fMRI signal at each 

insula voxel was correlated (Pearson correlation) with all other gray matter voxels, yielding a voxel-

wise functional connectivity matrix (r-to-z transformed) of dimension 𝑁	 × 	𝑀, where	N denotes the 

number of insula voxels and 	M  denotes the number of all other gray matter voxels. Principal 

component analysis (PCA) was then applied to the z-transformed connectivity matrix. These steps 

were performed independently for each individual and the top three principal components were found 

to explain more than 80% of the variance across gray matter voxels for each individual. The 

Euclidean distance between all pairs of insula voxels was computed in this three-dimensional space 

(𝑁	 × 3), yielding a symmetric distance matrix of dimension 𝑁	 × 	𝑁. Ward’s linkage (3) was then 

applied to this distance matrix to partition insula voxels into groups that shared similar connectivity 

patterns and connected to the same cortical and subcortical areas. To determine the most 

parsimonious number of clusters (subregions) comprising the insula, we used the 𝑊!"#$  cluster 
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evaluation measure (4), which quantifies the normalized intra-to-inter-cluster distance. Specifically, 

we generated fMRI-specific null data to compare 𝑊!"#$	with its expected value under the null 

hypothesis of no insula clusters. This approach has been shown to outperform classic cluster 

evaluation criteria when applied to fMRI data (4). Clusters were delineated independently for the right 

and left insula and for each individual. 

 

S3. Group-level Consensus Parcellation 

For each of the two groups, an 𝑁	 × 	𝑁  consensus matrix was formed in which cell (𝑖, 𝑗)  was 

populated with the proportion of individuals for which voxels i and j resided in the same cluster. 

Newman’s spectral community detection algorithm (5, 6) was then applied to each consensus matrix 

in an iterative manner (7) to yield a consensus parcellation. Each module in the consensus parcellation 

delineated an insula subregion. The modularity 𝑄 score was used to quantify the extent to which the 

consensus parcellation was modular  (5, 8). Higher values of 𝑄 indicated stronger separation between 

putative insula subregions and/or increased consistency in the morphology of subregions across 

individuals. We used permutation testing to assess the null hypothesis of equality in 𝑄 scores between 

the schizophrenia and healthy comparison groups.  Individuals were randomly permuted between the 

two groups and a consensus parcellation was computed for each group, as well as corresponding 𝑄 

scores. This was repeated for 5000 permutations and the absolute difference between 𝑄	scores (ΔQ =

|𝑄% − 𝑄&|) was stored for each permutation to generate an empirical null distribution that denoted the 

difference. The p-value was given by the proportion of permutations for which Δ𝑄  exceeded or 

equalled the value of Δ𝑄 in the true (unpermuted) groups. 
 

S4. Diversity Curves and Continuum Model 

Laplacian eigenmaps for the insula were mapped using the procedure described by Haak et al. (9). 

Diversity curves were mapped as described by Tian and Zalesky (4). Given that the temporal and 

spatial resolution of the fMRI data used in this study was lower than the data analyzed in these two 

previous studies, we implemented the following additional procedures to assist in alleviating the 

effects of noise:  

I. Rather than globally thresholding the similarity graph to yield the minimum connection 

density required to ensure a single connected component in the graph, we instead used the 

disparity filter (10) to perform thresholding. The disparity filter is a local thresholding method 

that may provide greater robustness to the effects of noisy edges. The significance level for 

the disparity filter was set independently for each individual according to the minimum 

connection density required to yield a single connected component. This resulted in graphs 

with connection densities of 5-28% across individuals.  
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II. The eigendecomposition described in Haak et al. (9) was performed on the symmetric 

normalized Laplacian matrix rather than the unnormalized Laplacian matrix. When visualized 

in the anatomical space of the insula, this yielded eigenmaps that were visibly less noisy.      

 

S5. Clinical Measures and Canonical Correlation Analysis 

The following measures were included in the canonical correlation analysis (CCA): PANSS, SAPS, 

SANS, GAF, SOFAS, WASI and duration of illness (DOI). For each measure, scores were not 

available for between 0% and 6% of the individuals (missing data).  For PANSS, an average item 

score across each of the subscales (ignoring the missing values) was calculated, yielding mean score 

for positive (PANSS-POS), negative (PANSS-NEG) and general psychopathology (PANSS-GEN) 

symptoms for each individual. Similarly, mean scores for SAPS and SANS, ignoring the missing 

values were computed. This mean score approach avoided potential underestimation of the severity of 

psychotic symptoms when item scores were summed in the presence of missing data. For GAF, 

SOFAS and WASI, missing values were replaced with nearest neighbor values based on Euclidean 

distance. DOI was recorded for all individuals. The sum of item scores for each measure is provided 

in Table 1 (ignoring individuals with missing values). 

CCA was then used to test whether inter-individual variation in clinical features was associated with 

insula functional connectivity. In this study, one group of variables comprised 9 clinical measures, 

while the other group comprised the functional connectivity strength between insula subregion and 

regions (clusters) that were found to show significant between-group differences. The two groups of 

variables were submitted to the CCA function (canoncorr) available in MATLAB. The familywise 

error (FWE) was controlled with permutation testing. For each of the permutations (n=10,000), 

clinical measures were randomly permuted among individuals and CCA was repeated for the 

permuted data. The FWE corrected p-value for each CCA mode was given by the proportion of 

permutations with a maximum correlation coefficient that exceeded or equaled the mode’s correlation 

in the unpermuted data. p < 0.05 was considered statistically significant.  
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Supplementary Figures 

 

 
Figure S1. Individual bipartite parcellation of the insula based on resting-state functional 

connectivity in individuals with schizophrenia and healthy comparison individuals. Functional 

connectivity was mapped between each insula voxel and all other gray matter voxels, resulting in a 

whole-brain connectivity fingerprint for each insula voxel. Cluster analysis (Ward’s linkage) was used 

to partition insula voxels that shared similar connectivity fingerprints into two clusters. Clusters were 

delineated independently in right (upper) and left insula (bottom) for each subject. The discrete 

subregions were mapped for each healthy comparison individual (Panel A) and each individual with 

schizophrenia (Panel B). For each individual, the cluster that overlapped to the greatest extent with 

the group-level segmented anterior insula (see Figure 1) was colored with orange. The other cluster 

was colored yellow. Note the significant variation across individuals in the shape and location of the 

two-putative insula subregions.  Slice coordinates (MNI152, mm): right insula: x=38, y=0, z=8; left 

insula: x=−38, y=0, z=8. 
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Figure S2. Comparison of cluster shape between schizophrenia and healthy comparison groups. 

Cluster analysis indicated that the left and right insula each comprise two subregions in both groups. 

For the schizophrenia group, the size of right anterior insula was smaller (z=3.81, p <0.0001, Panel B), 

while right posterior insula was larger (z=3.58, p <0.001, Panel D) and extended further anteriorly 

(z=3.44, p <0.001) and laterally (z=3.89, p <0.001, Panel C). Similar abnormalities were observed on 

the left side. Bonferroni correction was used for controlling for multiple comparison for the eight 

variables.  
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Figure S3. Bipartite parcellation of the left insula cortex based on resting-state functional 

connectivity in individuals with schizophrenia and healthy comparison individuals.  

Panel A: Group consensus matrices (insula voxels ´ insula voxels) for the schizophrenia (upper 

matrix) and healthy comparison groups (lower). Each cell stores the proportion of individuals for 

which a given pair of insula voxels comprised the same cluster. Warm tones (red) indicate pairs of 

voxels consistently comprising the same subregions, whereas cool tones (blue) indicate pairs of 

voxels consistently comprising distinct subregions. While two modules were identified in both groups, 

modular separation was significantly reduced in the schizophrenia group (Q = 0.12, P = 0.002), 

compared to the healthy comparison group (Q = 0.21).  The rows/columns of the consensus matrices 

are ordered such that all insula voxels comprising the anterior insula module are listed first, followed 

by all voxels in the posterior insula. Panel B: The consensus matrices are mapped to the insula to 

yield probabilistic maps of the anterior and posterior insula subregions. The color of each insula voxel 

is modulated by the proportion of individuals for which the voxel comprised the relevant subregion 

(module). Yellow tones indicate voxels that consistently comprise the relevant subregion across 

individuals, whereas red tones indicate voxels that rarely comprise the subregion. Probability maps 

were converted to binary (hard) segmentations to delineate discrete anterior (yellow) and posterior 

(red) insula subregions for both groups. The intersection of the anterior insula subregions delineated 
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for each of the two groups was determined to define a consensus anterior insula subregion for both 

groups (green), and similarly for the posterior insula subregion (pink) (see Figure 1, Panel C). Slice 

coordinates (MNI152, mm): x=−38, y=−10, z=2. 

 

 

 
Figure S4. Altered resting-state functional connectivity of left anterior and posterior insula in 

schizophrenia. Functional connectivity was mapped between the anterior and posterior insula 

subregion and all other gray matter voxels. Analysis of variance was formulated to test the main effect 

of subregion (anterior vs posterior) and diagnosis (schizophrenia vs healthy comparison group) on 

insula connectivity at each gray matter voxel, as well as the interaction between these two main 

effects. Panel A: Main effect of subregion. The anterior and posterior insula subregions showed 

unique connectivity patterns: The anterior insula was preferentially connected to frontal-limbic areas 

and the posterior cerebellar lobe, whereas the posterior insula was characterized by increased 

connectivity with the parietal-temporal-occipital cortices and anterior cerebellar. Panel B: Main effect 

of diagnosis. Schizophrenia was associated with significant reductions in connectivity between the 

insula and multiple cortical/subcortical areas, relative to the healthy comparison group. Connectivity 

increases were not evident in the schizophrenia group. Panel C: Interaction effect. A significant 

interaction between subregion and diagnosis was found: The anterior insula subregion showed 

increased connectivity with the somatosensory/motor and occipital cortex in the schizophrenia group, 

whereas connectivity between the posterior insula and prefrontal cortex was increased in 

schizophrenia. AI: anterior insula; PI: posterior insula; SCZ: schizophrenia group; CON: healthy 

comparison group. Clusters are coloured according to t-statistic. All images pertain to left insula. 
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Figure S5. The main effect of hemisphere in resting-state functional connectivity of anterior and 

posterior insula cortex. An analysis of variance (ANOVA) was formulated to test the main effect of 

hemisphere (right and left) and diagnosis (controls and patients) on connectivity at each gray matter 

voxel. The interaction between hemisphere and diagnosis was also tested. The cerebral and cerebellar 

connections of insula cortex were bilateral and hemisphere preference was noted. While the cerebral 

connections showed an ipsilateral preference for both anterior insula (Panel A) and posterior insula 

(Panel B), cerebellar connections to anterior insula was more extensively connected to the cerebellum 

at the contralateral hemisphere (Panel A). No significant interaction was detected in contrast to 

diagnosis. Clusters are colored according to t-statistic. 
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Supplementary Tables 
 
Table S1. 
Information of group-level insula sub-regions, in MNI152 standard anatomical space. 

 
Insula 

subregions 

Healthy comparison group Schizophrenia  Intersection 
Cluster 

size 
(cm3) 

Mean coordinates 
(mm) 

Cluster 
size 

(cm3) 

Mean coordinates 
(mm) 

Cluster 
size 

(cm3) 

Mean coordinates 
(mm) 

X y z x y z x y z 
Right AI 6.24 35 14 -2 5.58 34 16 -2 5.48 34 16 -4 

Right PI 4.94 35 -8 6 5.62 36 -6 6 4.85 36 -8 8 

Left AI 6.00 -38 14 -2 5.42 -38 14 -2 5.28 -36 16 -2 

Left PI 5.17 -40 -8 6 5.76 -40 -6 6 5.03 -40 -8 6 

AI: anterior insula 
PI: posterior insula 
 
 
Table S2.  
Anatomical locations of clusters associated with significantly reduced functional connectivity with 
insula subregions in the schizophrenia group, relative to the group of healthy comparison individuals 
(p<0.05, corrected). Clusters are shown in MNI152 standard anatomical space. 

 
COG, centre of gravity; AI, anterior insula; PI, posterior insula 

Clusters

Mean coordinates 
(COG, mm)

Anatomical
visualization

Hemisphere Peak
t-stats

P-value Seed
region

x y z

Cluster 1 3.22 18 37.6 _ 5.51 0.0118 Right AI

Cluster 2 -49 -17.5 0.78 Left 4.59 0.0091 Right PI

Cluster 3 38.7 11.2 -10.1 Right 5.7 0.0035 Right AI

Cluster 4 36.5 7.06 -9.83 Right 5.31 0.0018 Right PI

Cluster 5 -4.62 -15.9 56.1 _ 5.4 0.0018 Right PI

Cluster 6 38.3 28.2 0.1 Right 5.66 0.0049 Left AI

Cluster 7 45.8 0.38 -8.48 Right 5.35 0.0087 Left PI

Cluster 8 6.12 -17.3 59.8 _ 4.69 0.0081 Left PI
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Table S3. 
Association between insula functional connectivity and age, sex and CPZ equivalent. 

Clusters 
FC-AGE FC-SEX FC-CPZ 

r p t-stats p r p 
Cluster 1 -0.1598 0.2779 0.9843 0.3302 -0.1418 0.3364 
Cluster 2 -0.0942 0.5242 1.4357 0.158 0.0269 0.8559 
Cluster 3 -0.0971 0.5115 1.2292 0.2254 -0.0474 0.7491 
Cluster 4 0.0714 0.6294 1.8223 0.0751 0.0108 0.9422 
Cluster 5 0.102 0.4901 -0.0074 0.9942 -0.0775 0.6005 
Cluster 6 -0.1451 0.3251 1.1861 0.2418 -0.1584 0.2823 
Cluster 7 -0.0004 0.9977 -0.6698 0.5064 0.0366 0.805 
Cluster 8 0.1171 0.4282 0.9187 0.3632 0.1559 0.29 

FC, functional connectivity; CPZ, chlorpromazine. 
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The ubiquity of MRI has enabled high-throughput mapping of 
standardized brain parcellation atlases that represent consen-
sus cortical boundaries across hundreds of scanned people1. 

Compared with the cerebral cortex, efforts to parcellate the human 
subcortex are scarcer. Indeed, many leading brain atlases delineate 
only cortical regions2,3.

The subcortex is widely implicated in the pathophysiology 
of many neuropsychiatric disorders, and its role in cognition is 
unequivocal4. To better elucidate the role of the subcortex in health 
and disease, further work is needed to advance recent efforts to 
map the functional architecture of the subcortex5,6. This study aims 
to unravel the incredibly complex functional organization of the 
human subcortex by developing and validating a comprehensive 
subcortical atlas using 3 Tesla (3T) and 7T fMRI.

Cortical boundaries7 within a brain atlas are often delineated at 
locations of abrupt spatial change in cortical microstructure, func-
tion and/or connectivity2,8,9. Cortical gradients10 and the related con-
nectopy concept11 offer a complementary representation of cortical 
topography. Rather than delineating discrete spatial boundaries, 
topographic change is represented continuously along overlapping 
organizational axes12.

Brain cartography studies tend to espouse one or the other of 
these two representations1. This is exemplified by current conten-
tion about whether the functional topography of the cerebellum 
is best represented by continuous gradients13 or discrete boundar-
ies14. However, the two paradigms are not necessarily contradictory. 
Spatial variation across expanses of the cerebrum may be evident 
but too gradual to warrant boundary delineation; thus, a contin-
uum might be deemed to provide the most parsimonious repre-
sentation. This leads to the following question of model selection: 
how sharp and conspicuous must a change be to warrant boundary 
delineation15? Here, we map functional connectivity gradients of the 

human subcortex and delineate subcortical boundaries only when 
justified by a formal model selection process.

Subcortical geometry is fundamentally different to the convo-
luted sheet-like structure of the cerebral cortex16. New paradigms 
are therefore required to facilitate subcortical cartography. To this 
end, we developed gradientography, a fMRI analog of diffusion MRI 
tractography that enables the quantification of subcortical connec-
tivity gradients and a statistically principled formalism to guide 
boundary delineation. This allows us to comprehensively parcellate 
the subcortex on the basis of resting-state functional connectivity 
profiles and to produce a standardized atlas representing consen-
sus boundaries among more than 1,000 healthy adults. The new 
atlas comprises four scales that recapitulate well-known anatomical 
nuclei at the coarsest scale and reveal 27 bilateral regions at the fin-
est. The new atlas is replicated using ultrahigh field strength fMRI 
(7T) and is personalized to account for individual connectivity dif-
ferences. An analysis of task-evoked fMRI (tfMRI) reveals a subtle 
reorganization of subcortical topography in response to changing 
cognitive demands. We use the new atlas to uncover correlational 
relationships between subcortical functional connectivity and indi-
vidual variation in five behavioral domains and to reveal a new 
task-positive to task-negative organizational axis in cortico–subcor-
tical connectivity17. This study provides an important step toward 
understanding the functional organization of the human subcortex.

Results
We investigated the functional connectivity architecture of the 
human subcortex using resting-state fMRI (rfMRI) data acquired 
at 3T (n = 1,080) and 7T (n = 183) and tfMRI data acquired at 
3T (n = 725) from healthy adults participating in the Human 
Connectome Project (HCP)18. Demographics are shown in 
Supplementary Table 1. Two 3T rfMRI sessions were acquired for 
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Brain atlases are fundamental to understanding the topographic organization of the human brain, yet many contemporary 
human atlases cover only the cerebral cortex, leaving the subcortex a terra incognita. We use functional MRI (fMRI) to map the 
complex topographic organization of the human subcortex, revealing large-scale connectivity gradients and new areal bound-
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each individual, with the first session used as the primary dataset 
(REST1) and the second used for replication (REST2). Gradients 
in functional connectivity were mapped using Laplacian eigenmaps 
and a newly developed procedure called gradientography. Formal 
model selection was used to determine whether gradient magnitude 
peaks were sufficiently large to warrant boundary delineation. The 
competing model posited a gradual spatial change in connectivity 
without discrete boundaries. This resulted in a new fMRI-based 
multiscale parcellation atlas of the subcortex, which we used to 
reveal new insights into subcortical function and architecture.

Connectivity gradients and gradientography. Whole-brain func-
tional connectivity fingerprints19 were mapped for each subcortical 
voxel and individual. Spatial gradients characterizing continuous 
modes of functional connectivity variation across the topography 
of the subcortex were computed using Laplacian eigenmaps and 
the connectopy method11 (Fig. 1a). The eigenmap, or connectopy, 
explaining the most variance in functional connectivity was called 
gradient I (Fig. 1b), and the next two successive eigenmaps were 
called gradient II and gradient III, respectively (Supplementary Fig. 
1). Further gradients explained substantially less variance and were 
therefore not considered (Supplementary Fig. 2). A new technique 
called gradientography was developed to visualize the connectiv-
ity gradients. Gradientography involves estimation of the principal 
gradient direction for each subcortical voxel, representing gradi-
ent directions and magnitudes with tensors, and then propaga-
tion of streamlines through the tensor field using established tools 

for diffusion MRI tractography. In this way, approximately 15,000 
streamlines were initialized and propagated throughout the entire 
subcortical volume to map the principal organizational axes of 
the subcortex for gradient I (Fig. 1b) and for gradients II and III 
(Supplementary Fig. 1).

Gradient magnitude peaks indicated the locations of putative 
functional boundaries between regions. To visualize peak locations, 
streamlines were colored according to the gradient magnitude. Peak 
locations are shown as circumscribed red bands (Fig. 1b) and reca-
pitulated boundaries between well-known anatomical nuclei. Local 
maxima in the gradient magnitude images showed moderate con-
sistency among the three gradients (Supplementary Figs. 1 and 3); 
thus, only gradient I was used for boundary delineation. Gradient 
I streamlines were partitioned into dorsal and ventral groups at the 
location of the anatomical discontinuity between the caudate tail 
and the anterior extent of the thalamus. The dorsal group covered 
the globus pallidus (GP) and the striatum (Fig. 2a), whereas the 
amygdala, hippocampus and thalamus constituted the ventral group 
(Fig. 2b).

We next sought to quantify the size of each gradient magnitude 
peak to determine whether gradients were sufficiently abrupt to 
warrant boundary delineation. To this end, gradient magnitude 
images were projected onto two-dimensional trajectories called 
diversity curves15. A separate diversity curve was mapped for the 
dorsal and ventral streamline group. The dorsal diversity curve com-
prised three distinct local maxima indicating the locations of puta-
tive boundaries between the GP–putamen, the putamen–nucleus  
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accumbens (NAc) and the NAc–caudate (Fig. 2c). Nine local max-
ima were evident in the ventral diversity curve, which suggested 
boundary locations that distinguished the amygdala, the ante-
rior and posterior hippocampus, the anterior and posterior thala-
mus, as well as the left and right thalamus (Fig. 2d). Locations of  
gradient magnitude peaks could not be explained by structural 
MRI signal properties and potential confounds, including the fMRI 
signal-to-noise ratio (SNR), the fMRI signal magnitude and the 
T1-weighted and T1/T2-weighted contrast (Supplementary Fig. 4).

A new subcortical atlas. The magnitude of local maxima in the 
diversity curves varied by a factor of more than ten, which suggests 
that putative boundaries between some regions were markedly more 
abrupt than others. How large should a peak be to warrant bound-
ary delineation? Small peaks can emerge due to the convoluted 
geometry of the subcortex and other confounds (Supplementary 
Fig. 5). False-positive boundaries should not be delineated at such 
peaks. Therefore, for each peak, a formal model selection proce-
dure was used to test the null hypothesis that the peak magnitude 
could be explained by geometry and/or other confounds. Rejection 
of the null hypothesis indicated that boundary delineation was 
warranted. Otherwise, if the peak magnitude was not sufficiently 
large to enable rejection of the null hypothesis, a continuous repre-
sentation of spatial variation in connectivity was deemed to be the 
most parsimonious model15. The null hypothesis was tested using 
a geometry-preserving null model (Methods). Diversity curves  

generated using the null model are colored gray in Fig. 2c,d. The 
actual peaks significantly exceeded all null data (P < 0.05, false 
discovery rate (FDR)-corrected for all 12 peaks), except for peaks 
separating the bilateral hippocampus/thalamus and the anterior–
posterior hippocampus. However, given that the hippocampus and 
the thalamus are anatomically and functionally distinct and that 
the peak separating these two regions was unequivocal, we made 
an exception and delineated a boundary here, whereas the puta-
tive anterior–posterior hippocampus boundary was not delineated, 
which is consistent with the null data. While peaks in the null diver-
sity curves often corresponded with locations to peaks in the actual 
diversity curves, including the functional boundaries between the 
putamen–NAc, the posterior hippocampus–posterior thalamus and 
the left–right thalamus, distinct peaks were also evident where the 
effect of geometry is minimal (Supplementary Fig. 5a), such as the 
amygadala–anterior hippocampus, the anterior–posterior thalamus 
and the GP–putamen. This indicates that subcortical geometry can 
predict and account for the location of some functional boundaries, 
but geometry per se cannot explain the magnitude of all boundaries, 
except for the hippocampus–thalamus (see “Further methodological 
considerations” in the Methods). Finally, the watershed transform 
algorithm was used to segment subcortical voxels into contiguous 
regions such that boundaries demarcated watershed lines.

This resulted in eight bilateral regions that constituted a relatively 
coarse atlas, referred to as the scale I atlas (Fig. 3a). The scale I atlas 
recapitulated well-known anatomical nuclei, namely, the amygdala, 
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the hippocampus, the thalamus, the GP, the NAc, the caudate and 
the putamen, as well as an anteroposterior thalamic partition, which 
corresponded to the spatial distribution of the two subpopulations 
of thalamic projection cells (matrix and core)20. Gradient mapping, 
boundary delineation and model selection were then iteratively 
performed separately for each region constituting the scale I atlas. 
This resulted in a finer atlas, called the scale II atlas, comprising 
16 bilateral regions. In turn, the null hypothesis was independently 
tested for each region in the scale II atlas. Recursively continu-
ing this process until the null hypothesis could not be rejected 
for any regions yielded four progressively more detailed atlases 
of the subcortex (scale I: 16 regions (Fig. 3a); scale II: 32 regions; 
scale III: 50 regions; scale IV: 54 regions (Fig. 3b); Supplementary  
Fig. 6). The new atlas is hierarchically organized, with the entire 
subcortex residing at the base of a hierarchical tree and the smallest 
regions constituting the scale IV atlas defining the leaves (Fig. 4a,b). 
Subcortical gradients were also hierarchically organized (Fig. 4b,c 
and Supplementary Fig. 7). A schematic of the recursive procedure 
is provided in Supplementary Fig. 8.

Parcellation of the amygdala terminated at scale II, and striatal 
parcellation continued until scale III, while only the thalamus and 
the hippocampus progressed to scale IV. A nomenclature scheme 
for all delineated regions was developed (Supplementary Table 
2). In particular, regions that could be unequivocally matched to 
homologous anatomical structures were labeled as such, while the 
remaining regions were labeled with reference to standard anatomi-
cal planes (for example, anterior–posterior, medial–lateral, dorsal–
ventral and superior–inferior).

Scales I and II generally recapitulated anatomical boundaries, 
whereas some divergence emerged at finer scales between anatomy 
and the boundaries delineated here based on functional connec-
tivity. The eight thalamic subregions constituting scale IV showed 
moderate spatial correspondence with histologically delineated 
thalamic nuclei (Supplementary Fig. 9a). The hippocampus was 
segmented along its long axis into anterior (head) and posterior 
(body and tail) components (Supplementary Fig. 9b), which is con-
sistent with previous functional-based hippocampal parcellations21. 
Although the head of the hippocampus was further divided into 
medial and lateral components, the overall long-axis organization 
diverged from the characteristic mediolateral organization that is 
histologically found22.

Connectivity gradients (gradients I–III) for the hippocampus, 
the striatum and the thalamus were projected onto the cortical sur-
face on the basis of the cortical vertices with which they were most 
strongly connected11,23 (Supplementary Fig. 10a–c).

Parcellation homogeneity. Having delineated a new subcortical 
atlas, we next sought to investigate the validity and reproducibility 
of the atlas. A key marker of parcellation validity is within-parcel 
homogeneity of functional signals1. Homogeneity was mea-
sured on the basis of within-parcel synchrony of fMRI time series  
acquired in the second fMRI session (REST2), whereas the first 
session (REST1) was used for parcellation. Homogeneity was 
separately computed for each region and then averaged across all 
regions to yield parcellation homogeneity estimates for scales I–IV 
(Supplementary Fig. 11a).
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As expected8, homogeneity monotonically increased from  
scale I to scale IV (Fig. 5a). To test whether parcellation homogene-
ity was significantly greater than expected due to chance, homo-
geneity was also estimated for ensembles of random subcortical 
parcellations (Supplementary Fig. 11b). Random parcellations were 
generated by delineating boundaries at arbitrary locations, sub-
ject to preservation of key geometric properties (Methods). Scales 
II–IV were significantly more homogeneous than expected due to 
chance (P < 0.01), whereas this was not the case for scale I (P = 0.23;  
Fig. 5a). Scale I regions (Fig. 3a) encompassed multiple functionally 
distinct substructures, which potentially explains the relatively low 
within-parcel homogeneity of this scale. Parcellation homogene-
ity was compared between the new atlas and existing imaging- and 
histology-based subcortical parcellations (Supplementary Table 3). 
Striatal, hippocampal and thalamic parcellations were isolated from 

the new atlas to enable comparisons with existing parcellations of 
these regions. The new atlas was significantly more homogeneous 
than existing imaging-based parcellations of the entire subcortex 
(subcortex-I: P < 0.001; subcortex-II: P < 0.001), the hippocampus 
(P < 0.001), the thalamus (P < 0.001) or the striatum (P < 0.001), as 
well as a histological atlas of the hippocampus (Hippocampus-His: 
P < 0.001; Fig. 5b and Supplementary Fig. 12). These results were 
replicated in an independent dataset comprising ten healthy adults 
(six males, mean age of 26 ± 2.1 years; Supplementary Fig. 13).

In auxiliary analyses, we tested whether task-evoked activity 
mapped onto the new atlas and respective atlas boundaries. To this 
end, the standard deviation in task-evoked activity was computed 
across voxels constituting each region and then averaged over all 
regions. This was repeated for scales I–IV. The lower the standard 
deviation, the more circumscribed task-evoked activity was to  
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particular atlas regions. For all task conditions, we found that 
standard deviations were significantly lower for the new atlas 
than comparable random parcellations of the subcortex (P < 0.01; 
Supplementary Fig. 14). This cross-modality validation suggests 
that task-evoked activity is circumscribed to specific subcortical 
atlas regions more than expected by chance.

Parcellation replication. Ultrahigh field strength MRI can allevi-
ate several technical challenges associated with subcortical imag-
ing24. Hence, we sought to investigate whether the new atlas could 
be replicated using 7T fMRI. Qualitatively, gradient magnitude 
peaks were sharper and more circumscribed at 7T than at 3T (Fig. 
6). Gradientography, model selection and boundary delineation 
applied to 7T data yielded a comparable but more detailed atlas of 
the subcortex that also comprised four scales (scale I: 16 regions; 
scale II: 34 regions; scale III: 54 regions; scale IV: 62 regions). The 
number of regions delineated at scale I was identical between 3T 

and 7T data (Fig. 6). However, additional boundaries could be iden-
tified with 7T data at scales II–IV (Supplementary Figs. 15 and 16). 
In particular, the amygdala was partitioned into medial and lateral 
subregions at 3T, whereas its medial extent was further divided into 
centromedial and superomedial components at 7T, and the body 
of the hippocampus was further divided mediolaterally. Based on 
normalized mutual information (NMI), the spatial correspondence 
between the 3T and 7T atlases was excellent (NMI = 0.93, 0.88, 
0.84 and 0.83 for scale I, scale II, scale III and scale IV, respectively; 
Supplementary Fig. 16). Correspondence between 3T and 7T atlases 
was significantly higher than expected due to chance at all parcella-
tion scales (P < 0.01; Supplementary Fig. 16).

Personalized parcellation. Having delineated a group-consensus 
atlas of the subcortex, we next sought to personalize the new atlas 
to account for individual variation in connectivity architecture25,26. 
Following previous work on cortical atlas individualization2,  
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a machine-learning classifier was trained (n = 100, REST2) to rec-
ognize putative connectivity fingerprints characteristic of each 
scale IV region. The trained classifier was then used to delineate 
personalized boundaries for each region in an independent group 
(n = 921, REST2). In particular, for each individual, voxels were 
assigned a classification probability of belonging to each region and 
a winner-takes-all rule was used to delineate personalized parcella-
tions (Supplementary Fig. 17).

Quantification using the Dice coefficient showed that the extent 
to which the personalized atlases recapitulated the group-consensus 
atlas is markedly varied among individuals and regions. This was most 
evident within the striatum (Fig. 7a) and the medial subdivisions of 
the hippocampal head. Group-averaged Dice coefficients (Fig. 7b)  
varied from 0.22 (subdivision of the medial hippocampal head 
(HIP-head-m2-lh)) to 0.85 (dorsoposterior putamen (PUT-DP-rh)) 
for a classification probability threshold of 50%. Hotspots in the 
group-averaged classification probability maps were encircled 
by the group-consensus boundaries (Fig. 7c), which indicates 
self-consistency in classification performance. Individual variation 
in Dice coefficients was highly skewed, as evidenced for the dorso-
posterior putamen and the hippocampal body (Fig. 7d). Specifically, 
a majority of individuals recapitulated the group-consensus 
(Dice > 0.8), but 2–7% showed marked divergence (Dice < 0.5). 
Boundary contraction was the most common source of divergence 
among individuals and the group-consensus atlas (Fig. 7c). The same 
individuals consistently deviated from the group-consensus atlas for 
all regions, which suggests that this deviation was specific to indi-
viduals rather than regions (Supplementary Fig. 18).

It was possible for the classifier to fail to detect particular regions 
in some individuals. For each region, the proportion of individuals 
for whom at least one voxel was assigned to that region, called the 
regional detection rate, was analyzed as a function of the classifi-
cation probability threshold (Fig. 7e). The regional detection rate 
for a classification probability threshold of 50% was rendered on 

the group-consensus atlas (Fig. 7e, inset). The averaged regional 
detection rate was 97.8%, with detection rates falling below 95% 
for only two bilateral regions (that is, the HIP-head-m1 and the 
HIP-head-m2). This suggests that the group-consensus atlas is rep-
resentative of most individuals, although a minority of individu-
als may benefit from delineation of individual-specific atlases to 
account for inter-individual variation in regional boundaries.

Rest compared to task-evoked conditions. We have thus far 
focused on rfMRI data. Using tfMRI, we next investigated the extent 
to which the functional topography of the subcortex reconfigures 
in response to changing cognitive demands27. For each of the seven 
tasks and the two rest sessions, gradient magnitudes (gradient 
I) were projected onto the previously mapped ventral and dorsal 
streamlines, which yielded task-evoked diversity curves.

Qualitatively, diversity curve peaks were consistent among the 
seven task conditions, but some peak locations and magnitudes dif-
fered relative to the rest condition (Supplementary Fig. 19a). The 
most prominent task–rest variation was bifurcation of the boundary 
separating the putamen–NAc and the NAc–caudate during the task 
conditions. Functional separation between the amygdala and the 
anterior extreme of the hippocampus, the posterior hippocampus 
and the thalamus, as well as anterior–posterior partition within the 
thalamus were also weaker during task compared to rest conditions, 
whereas separation between the anterior and posterior hippocam-
pus was stronger and anteriorly extended (Supplementary Fig. 19a). 
To investigate this further, the Pearson correlation coefficient was 
used to quantify the similarity in diversity curves between all pairs 
of conditions, which yielded correlation matrices (Supplementary 
Fig. 19b) that were visualized as correlation graphs (Supplementary 
Fig. 19c). Diversity curves were highly consistent between the 
two rest sessions (dorsal: r = 0.91, P < 0.0001; ventral: r = 0.98, 
P < 0.0001), but were distinct from the seven task conditions, 
thereby resulting in distinct task and rest modules (Supplementary 
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Fig. 19d). Task-evoked reconfiguration of functional organization 
was not due to differences in the number of fMRI volumes acquired 
between task and rest conditions (Methods).

Links between subcortical topography and cortical networks. 
Next, we investigated functional connectivity between canonical 
cortical networks and subcortical regions (scale IV). Similarities 
in patterns of functional connectivity with the subcortex were 
quantified between pairs of 12 established cortical networks8 
(Supplementary Fig. 20a). Based on the similarity in the subcortical 
areas to which they most strongly connected, the 12 cortical net-
works could be parsed into three distinct groups and positioned on a 
task-positive to task-negative17 organizational axis (Supplementary 
Fig. 20b). One extreme of the axis comprised cortical networks that 
typically showed increased activity during attention-demanding 
cognitive tasks (that is, task-positive), including the salience,  

cingulo–parietal, cingulo–opercular, frontoparietal and dorsal atten-
tion network. In contrast, the default mode network, which is often 
characterized by task-related deactivation (that is, task-negative) 
occupied the other extreme. Between them, sensorimotor-related 
networks (visual, auditory, dorsal and ventral somatomotor) and 
ventral attention and retrosplenial–temporal networks formed a 
third group, in which the latter two also linked to the default mode 
network. This result suggests that there is a transition from senso-
rimotor functions toward task-negative functions.

Using the new atlas to relate human behavior to subcortical con-
nectivity. Finally, we used the new atlas to unveil new relation-
ships between subcortical functional connectivity and individual 
variation in human behaviors. Five behavioral dimensions char-
acterizing (1) cognition, (2) illicit substance use, (3) tobacco use,  
(4) personality and emotional traits and (5) mental health were 

Dice
coefficient

d 0 1

G
ro

up
-a

ve
ra

ge
d 

pr
ob

ab
ilis

tic
 m

ap

c

Group

PUT-DAlh
rh

0  10 20 30 40 50 60 70 80 82 84 86 88 90 91 92 93 94 95 96 97 98 99 100
Threshold (%)

0

0.2

0.4

0.6

0.8

D
ic

e 
co

ef
fic

ie
nt

b

0  10 20 30 40 80 90 100 0  10 20 30 40 80 90 1000  10 20 30 40 80 90 100
Threshold (%)

0

0.2

0.4

0.6

0.8

1

D
ic

e 
co

ef
fic

ie
nt

Max

Min

0

0.2

0.4

0.6

0.8

Group

z = 8

Individual
probabilistic map

PUT-DP

L

0

0.2

0.4

0.6

0.8

1

Dice
coefficient

0

1

HIP-body x = 32

Individual
probabilistic map

Group

0

1

L

z = 2

Lo
w

 D
ice

y = 8

H
ig

h 
D

ice
G

ro
up

y = 8 y = 10 y = 14

Striatum atlasa

x = 26

L

HIP-body
lAMY

PUT-DP

PUT-VA

PUT-VA

CAU-VA

PUT-DP

CAU-VA

THA-DP

L

0  10 20 30 40 50 60 70 80 10090
Threshold (%)

0

10

20

30

40

50

60

70

80

90

100

R
eg

io
na

l d
et

ec
tio

n 
ra

te
 (%

)

95% 100%

x = 26 y = 14 z = 2lAMY

mAMYHIP-tail
HIP-body

HIP-head-l

PUT-VA

PUT-D
APUT-DP

pGP
PUT-VP

NAc-coreNAc-shell

PUT-VA

PUT-DP

CAU-DA
CAU-VA PUT-DA

PUT-DP

PUT-VP

CAU-DA

CAU-VAPUT-VA

THA-VAia

THA-VAip
THA-VPmTHA-VPl

THA-DP
HIP-tail

aGP

pG
P

L

e

PUT-VA NAc-core NAc-shell CAU-VA CAU-DA mCAU

PUT-VP-rh
PUT-VP-Ih

PUT-DA-rh
THA-DP-Ih

THA-DP-rh

THA-VAia-rh
THA-VAia-Ih

PUT-DP-Ih

PUT-DP-rh

HIP-tail-rh

HIP-body-Ih
HIP-body-rh

mAMY-rh
mAMY-Ih

aGP-Ih

pGP-rh

pGP-Ih

aGP-rh
CAU-DA-rh

CAU-VA-Ih
CAU-VA-rh

CAU-body-rh

CAU-DA-rh

PUT-DA-Ih

THA-VAs-rh

HIP-tail-Ih

IAMY-Ih

IAMY-rh
NAc-shell-rh

NAc-shell-Ih

HIP-head-I-Ih

HIP-head-I-rh

NAc-core-rh

NAc-core-Ih

THA-VPI-rh
THA-DAm-Ih

THA-VAs-Ih

THA-VAip-Ih
THA-VPI-Ih
THA-DAI-Ih

THA-DAI-rh
THA-VPm-rh

THA-VAip-rh

THA-DAm-rh

PUT-VA-rh

PUT-VA-Ih

CAU-tail-Ih
CAU-body-Ih

CAU-tail-rh

THA-VPm-Ih
HIP-head-m1-Ih

HIP-head-m2-rh
HIP-head-m2-Ih

HIP-head-m1-rh

Fig. 7 | Personalization of the scale iV atlas. a, Group-consensus atlas for striatal regions (top row) and personalized atlases for representative 
individuals with relatively high (middle row, Dice = 0.81) and low (bottom row, Dice = 0.15) similarity with the group-consensus atlas. b, Curves showing 
group-averaged Dice coefficients as a function of the classification probability threshold (0–100%). A separate curve is shown for each of the 54 regions 
constituting the scale IV atlas. The classification probability is the probability that a subcortical voxel is classified as belonging to a specific region in 
a given individual. Parcellations were realized for each classification probability threshold and compared to the group-consensus atlas using the Dice 
coefficient. The area under the curve was computed for each region, and the legend is shown in descending order from top to bottom and left to right.  
c, Group-averaged classification probability maps exemplified in seven regions. The voxel color is scaled by the classification probability of the voxel 
belonging to the given region. The group-consensus boundary is shown in green. d, Box plots showing the distribution of individual variation in Dice 
coefficients of the dorsoposterior putamen (PUT-DP, left) and the hippocampal body (HIP-body, right). Each data point represents the Dice coefficient 
of one of the 921 individuals used to evaluate classification performance. The bottom and top edges of the boxes indicate the 25th and 75th percentiles 
of the distribution, respectively. The central mark indicates the median. The whiskers extend to the most extreme data points that are not considered 
outliers (1.5-times the interquartile range). Classification probability maps are shown in anatomical space for representative individuals with relatively 
high (top), moderate (middle) and low (bottom) Dice coefficients. The group-consensus boundary is shown in green. e, Curves showing the regional 
detection rates as a function of the classification probability threshold. The inset shows anatomical renderings of regional detection rates for a nominal 
classification probability threshold of 50%. The two hippocampal regions (bilateral HIP-head-m1 and HIP-head-m2) with the lowest regional detection 
rates are obscured in the slices shown. The dashed red arrow indicates the threshold (50%) used for the images shown in the inset. All slice coordinates 
are indicated relative to MNI space (mm). A reference structural MRI image is used as the background in anatomical visualizations.

NATuRe NeuRoScieNce | www.nature.com/natureneuroscience

Chapter 5

149

http://www.nature.com/natureneuroscience


ArticlesNATURe NeURoscIeNce

considered (Fig. 8a,b and Supplementary Fig. 21). These dimen-
sions were derived from 109 behavioral items (Supplementary 
Table 4) using independent component analysis (Methods). Using 

the network-based statistic (NBS)28, higher tobacco use was sig-
nificantly associated with lower functional connectivity in the 
thalamus–caudate, the thalamus–NAc and the hippocampus–NAc 
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circuits (Fig. 8c–f). This is consistent with the involvement of the 
cortical–basal-ganglia–thalamus–cortical circuit and mesolimbic 
dopamine pathways in reward and goal-directed behaviors29 such 
as smoking (Discussion). Although connectivity explained 4% of 
the individual variation in the behavioral dimension character-
izing tobacco use, the relationship was highly consistent across all 
four parcellation scales (scale I: r = −0.16, P = 4.6×10−7; scale II: 
r = −0.17, P = 7.1×10−8; scale III: r = −0.19, P = 3.2×10−9; scale IV: 
r = −0.19, P = 3.4×10−9; Fig. 8e) and reproducible across fMRI ses-
sions (Supplementary Fig. 22). The remaining four dimensions did 
not significantly relate to subcortical connectivity after correction 
for multiple testing.

Discussion
The preponderance of the research field toward the cerebral cortex, 
coupled with technical challenges inherent to subcortical imaging, 
has led to the subcortex remaining a terra incognita30. Through the 
provision of high-quality, ultrahigh field strength MRI data, collab-
orative initiatives such as the HCP18 herald new opportunities to 
overcome some of the challenges associated with reliably imaging 
this deep and anatomically complex brain structure.

To address the incomplete representation of subcortical regions 
in many leading MRI atlases, we used multi-session MRI data of 
brain function acquired in more than 1,000 healthy adults par-
ticipating in the HCP to provide fundamental new insight into the 
organizational architecture and connectivity of the human sub-
cortex. Putative functional boundaries were recursively delineated 
at locations of sharp spatial change in subcortical-to-whole-brain 
functional connectivity fingerprints, which led to the semiauto-
mated delineation of a new multiscale parcellation atlas. The new 
atlas is openly available as a standalone parcellation and has been 
integrated into established cortex-only2,8 and cerebellar14 atlases. 
Crucially, the new subcortical atlas was replicated using ultrahigh 
field strength MRI, and the delineated regions were functionally 
homogeneous and identifiable within individual participants, thus 
enabling the delineation of personalized atlases that accounted for 
individual variation in connectivity. We used the new atlas to link 
cortical networks with the subcortex and to uncover a robust and 
reproducible relationship between individual variation in behav-
ioral dimensions and subcortical functional connectivity.

Reconciling parcellations and gradients. Topographic representa-
tions of variation in brain structure, function and connectivity usu-
ally follows one of two paradigms: (1) a mosaic of discrete parcels 
separated by hard boundaries2,3,8,14 and, more recently, (2) gradients 
of continuous topographic variation11–13,15,23,31. We introduced a prin-
cipled way forward to reconcile these two seemingly incompatible 
paradigms that resulted in a hybrid representation that parsimoni-
ously accommodated both discrete boundaries and continuous gra-
dients. Boundaries were only delineated at locations where gradient 
magnitudes were significantly larger than what would be expected 
under an appropriate null hypothesis. This was formalized with a 
model selection process and an accompanying null model to test 
the null hypothesis of an absence of discrete spatial boundaries at 
candidate locations. Without model selection, boundaries would be 
delineated for all gradient magnitude peaks, which could potentially 
result in spurious boundaries that represent geometric constrictions 
rather than sharp changes in connectional topography. The bow-tie 
constriction shown in Supplementary Fig. 5b provides an example 
of spurious boundary delineation, whereby a gradient peak appears 
at the bow knot, despite uniform spatial variation in connectivity. 
While the sheet-like geometry of the cerebral cortex is less likely to 
be affected by this phenomenon, complex subcortical geometry is 
more vulnerable to false-positive boundaries and over-parcellation.

Gradientography was developed to enable gradient visualization 
and accurate localization of candidate boundaries. Gradientography 

is a fMRI analog of diffusion MRI tractography and can be con-
sidered a form of fMRI tractography. Whereas tractography is 
conventionally used to map white matter fiber trajectories, gra-
dientography, as introduced here, was used to map trajectories of 
maximum change in connectopic gradients. Future applications of 
gradientography are not limited to the subcortex, and the method 
could provide a bridge between cortical gradients and parcellations.

A new multiscale subcortical atlas. The new subcortical atlas 
comprises four scales, labeled scale I to scale IV, each provid-
ing a self-contained parcellation atlas. Additional scales were 
not warranted because the model selection procedure decided 
against boundary delineation for all regions constituting scale IV. 
Researchers seeking to use the new atlas should select the atlas scale 
that provides adequate resolution to address the research question 
at hand and approximately matches the scale of any cortical atlas 
that is used in terms of the total number of regions. While the new 
atlas is unimodal, rfMRI connectivity is argued to be one the most 
useful modalities in predicting areal boundaries2.

Hierarchy is a hallmark of brain organization32, and hierarchi-
cal organization is not necessarily a fait accompli of the recursive 
application of the model selection procedure used in this study 
(see “Further methodological considerations” in the Methods). 
Scale I of the atlas recapitulated subcortical regions delineated in 
existing MRI atlases, such as those available as part of Lead-DBS, 
Freesurfer and FSL. The position of gradient peaks enabled auto-
mated boundary demarcation among the amygdala, the hippocam-
pus, the thalamus, the caudate, the putamen, the NAc and the GP. 
Discrete partition of the basal ganglia into the latter four regions 
and separation between the amygdala and the hippocampus were 
clearly supported by model selection. Contrastingly, the few existing 
connectivity-based subcortical atlases6,33 generally do not preserve 
established anatomical boundaries34, which suggests that there is 
structure–function divergence or methodological variation. Given 
that these broad subcortical regions are anatomically distinguish-
able, rudimentary alignment with functional architecture might be 
expected1. Indeed, this assumption motivates the parcellation of 
regions in isolation, such as the hippocampus31,35, the striatum23,36 
and the thalamus37, without first establishing functional boundar-
ies between them. Despite correspondence between the principal 
connectional topography (gradient I) and anatomy at scale I, fine 
variation within specific structures was captured by the second-
ary connectional gradients. As shown in Supplementary Fig. 10b, 
the dominant striatal gradient separates the putamen, the NAc and 
the caudate, whereas the second and third gradients are organized 
along a dorsal-to-ventral axis, thus reflecting connectional variation 
between the dorsal (putamen and caudate) and ventral (NAc) stria-
tum38. Similarly, the dominant thalamic gradient follows an antero-
posterior trajectory, whereas the second and third gradients capture 
connectional variation between the mediodorsal and ventrolateral 
thalamus (Supplementary Fig. 10c), which may relate to organiza-
tional differences between subgroups of thalamic nuclei39.

Scale II delineates functional divisions within each of the  
scale I regions. The NAc was partitioned into regions potentially 
representing its shell and core, and anterior (head) and posterior 
(body and tail) caudate subdivisions were identified, and the amyg-
dala was divided into lateral and medial subregions. A striking 
divergence between anatomy and function was evident for the GP. 
The GP is anatomically divided along a mediolateral axis into the 
internal and external GP34, whereas functional connectivity gradi-
ents indicated an anteroposterior partition. Scales III and IV dif-
fered only in the parcellation of the thalamus and the hippocampus.

Parcellation validation. While histological validation is the gold 
standard, functional parcellations do not necessarily converge 
toward anatomical or cytoarchitectural divisions to be deemed  
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useful1. To establish confidence in the new atlas, we first demon-
strated that all atlas scales, except scale I, were significantly more 
homogenous8 than expected due to chance. While scale I regions 
converged with subcortical anatomy, they encompassed multiple 
functional systems, thereby rendering scale I too coarse to achieve 
homogeneity. Homogeneity of functional signals within delineated 
subregions is a fundamental principle of functional parcellation1. 
Interestingly, existing structural connectivity and histological par-
cellations of the thalamus37 and the hippocampus22, respectively, 
were not functionally homogenous (Supplementary Fig. 12), which 
indicates that there is a need for modality-specific atlases.

Second, we reproduced the majority of regions using 7T fMRI. 
The improved contrast-to-noise ratio and spatial resolution of 7T 
compared with 3T MRI is particularly important for subcortical 
imaging24. Despite remarkable consistency between the 3T and 7T 
atlases, 7T fMRI enabled the delineation of finer structures. For 
example, a bipartite partition of the amygdala (medial and lateral) 
was delineated at 3T, whereas 7T fMRI aided further division of 
the medial amygdala into central and superior components, which 
broadly recapitulated the three cytoarchitectural zones of the amyg-
dala22. Conversely, the NAc was consistently parcellated into two 
subdivisions at 3T and 7T, thus possibly representing the immuno-
histochemically distinct shell and core subdivision that is common 
to primates40. Therefore, while subcortical cartography is viable with 
functional connectivity inferred from high-quality 3T fMRI data, the 
level of detail that can be resolved at 7T is superior for several regions.

The subcortex atlas was personalized to account for individual 
connectivity differences. We showed that while the group-consensus 
atlas was sufficient to represent the majority of individuals, person-
alized subcortex atlases were warranted for a small proportion of 
others. Deviations from the group-consensus atlas were specific to 
particular individuals rather than specific regions (Supplementary 
Fig. 18), which suggests that deviations may capture inherent 
inter-individual differences in functional architecture. Further work 
is needed to understand whether individual variation in subcortical 
connectional topography relates to anatomy, task-evoked activation 
and behavior. Individual-specific atlases of the subcortex can poten-
tially facilitate personalization of targeted therapies in psychiatry41 
and to improve prediction of behavior26.

Dynamic and intrinsic subcortical topography. Using tfMRI, we 
identified subtle reconfigurations in the functional topography of 
the subcortex in response to changing cognitive demands. While a 
previous study27 examined variation in parcel size in response to task 
stimuli, diversity curves enabled the characterization of changes in 
functional boundaries. During task conditions, the anterior puta-
men integrated more extensively with higher-order association 
networks, whereas the hippocampus segregated along its long axis, 
yielding a more integrated anterior hippocampal–amygdala system 
that may have served cognitive–emotional processing, and a more 
integrated posterior hippocampal–thalamus that potentially ben-
efited learning and spatial memory21. These task-induced dynamic 
reconfigurations may reflect a process of neuronal recruitment 
into specific functional processing systems to cope with cognitive 
demands. The flexible reconfiguration of neural networks may 
largely depend on the intrinsic functional organization within local 
cortical circuits given that a task-positive to task-negative organi-
zational axis was evident in the subcortex (Supplementary Fig. 20). 
However, context-dependent recruitment across intrinsic parcels, 
leading to the adjustment of functional boundaries, may addition-
ally assist adaptive task responses. Further work is needed to under-
stand task-evoked reconfigurations of functional boundaries, not 
only in the subcortex but also across the brain.

Tobacco and subcortical connectivity. We performed a 
hypothesis-free decomposition of HCP cognitive and behavioral 

measures into five latent dimensions to facilitate an investigation 
of relationships between brain connectivity and behavior. Previous 
HCP investigations typically investigate hundreds of individual 
measures, which leads to a formidable multiple testing problem, or 
preselect a limited number of specific behavioral domains or mea-
sures. The five latent dimensions identified here condense informa-
tion from more than 100 individual measures.

The new atlas unveiled a novel relationship between individual 
variation in functional connectivity and the behavioral dimension 
characterizing tobacco use. Higher tobacco use was associated with 
lower thalamus–caudate, thalamus–NAc and hippocampus–NAc 
functional connectivity. The shell of the NAc and the adjacent 
ventroanterior caudate (CAU–VA) were most implicated (Fig. 8f). 
This accords with the primary role of the shell of the NAc and the 
anterior caudate in reward anticipation, incentive motivation and 
action42,43. The NAc integrates glutamatergic (excitatory) inputs 
from the hippocampus and the thalamus44,45, which enables the reg-
ulation of dopamine neuron activity in the ventral tegmental area45. 
While nicotine, the main neuroactive compound of tobacco, stimu-
lates dopamine release and transmission in the NAc, especially the 
medial shell46, chronic nicotine administration yields neuronal 
damage in the hippocampus and the striatum47,48, which potentially 
manifests in lower functional connectivity in the thalamus–stria-
tum–hippocampus system. Therefore, the putative downregula-
tion of the mesolimbic circuit by nicotine may provide insight into 
the increased prevalence of tobacco smoking in individuals with 
schizophrenia49. In particular, this downregulation effect of nico-
tine on the hyperdopaminergic state in the mesolimbic system may 
correspond with the upregulation effect of nicotine in the prefrontal 
cortex50, which alleviates symptoms in the disorder.

conclusions
We unveiled the complex topographic organization of the human 
subcortex and parsed this complexity into four scales constitut-
ing a new atlas for the brain’s remaining terra incognita. The new 
atlas is scalable, personalizable, reproducible at ultrahigh field 
strengths and openly available. Future work will focus on the addi-
tion of structures such as subthalamic regions, the red nucleus and 
the hypothalamus. The new atlas can be incorporated with existing 
cortex-only atlases to aid the investigation of cortico–subcortical 
interactions and the mapping of holistic connectomes using MRI.
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Methods
Data and preprocessing. HCP dataset. Human neuroimaging data acquired as part 
of the HCP S1200 release18 were analyzed here. Participants were healthy young 
adults ranging between 22 and 37 years old. Some participants were genetically 
related. These relationships were controlled in statistical analyses by constraining 
permutations51,52. HCP datasets used in this study include three main imaging 
sessions. (1) Two sessions (REST1 and REST2) of rfMRI) acquired using multiband 
echo planar imaging (EPI) on a customized Siemens 3T MR scanner (Skyra 
system), where each session comprised two runs (left-to-right and right-to-left 
phase encoding) of 14 min and 33 s each (repetition time (TR) = 720 ms, echo time 
(TE) = 33.1 ms, voxel dimension: 2-mm isotropic). The two runs were temporally 
concatenated for each session, yielding 29 min and 6 s of data in each session. 
Concatenation of the two different phase-encoded data ensured that any potential 
effect of phase encoding on gradient direction was counterbalanced by the 
opposing phase encoding. (2) tfMRI data acquired using the identical multiband 
EPI sequence as the rfMRI session; however, the run duration ranged between 
2 and 5 min depending on the specific task (7 tasks). (3) rfMRI acquired on a 
Siemens Magnetom 7T MR scanner using a multiband acquisition (TR = 1,000 ms, 
TE = 22.2 ms, voxel dimension: 1.6-mm isotropic), where participants completed 
4 runs of approximately 16 min each. The first two runs (posterior-to-anterior and 
anterior-to-posterior phase encoding) were used in this study. We refer to this 
dataset as 7T-rfMRI. Details pertaining to the acquisition of rfMRI24,53 and tfMRI54 
are described elsewhere. The seven tfMRI tasks were chosen to tap a broad range 
of cognitive and affective processes and activated a wide range of neural systems54. 
Participants that had completed at least two runs in each dataset were included. As 
a consequence, 33 of the original 1,113 individuals were excluded from the primary 
dataset (REST1) and 92 individuals were excluded from the replication dataset 
(REST2). Supplementary Table 1 shows the sample size and basic participant 
demographics for each dataset.

The second 3T-rfMRI session (REST2) was used for replication. Minimally 
preprocessed volumetric rfMRI and tfMRI data were sourced from the online HCP 
repository. Details of the minimal preprocessing pipeline can be found elsewhere55. 
The pipeline includes correction of head motion and spatially structured 
physiological noise with ICA+FIX56,57. ICA-based denoising methods outperform, 
or equal, the performance of alternative approaches on most benchmarks58. After 
eliminating spatial artifacts and distortions, the functional images were spatially 
aligned to the Montreal Neurological Institute (MNI) standard space using the 
FNIRT nonlinear registration algorithm. MNI standard space herein always refers 
to the MNI ICBM 152 nonlinear sixth generation stereotaxic registration model. 
Additional nuisance regression and temporal filtering were not performed as part 
of the pipeline. However, head motion registration parameters estimated as part 
of spatial alignment were curated, reduced to a single summary measure known 
as framewise displacement59 and included as a confound in statistical analyses to 
control for individual variation in head motion60,61.

The subcortical SNR and sensitivity of the blood-oxygenation-level-dependent 
(BOLD) signal was lower compared with the cortex because T2* signal decay 
times are shorter in subcortical regions compared with cortical regions due to 
iron enrichment of subcortical tissue62. Therefore, to enhance subcortical SNR 
and BOLD sensitivity, the minimally preprocessed data were subjected to two 
additional operations (Supplementary Fig. 8a). First, spatial smoothing was 
performed with a Gaussian smoothing kernel of 6-mm full width at half maximum 
(FWHM) for 3T images and 4-mm FWHM for 7T images. This choice of kernel 
width was guided by evaluations of gradient magnitude images derived from a 
range of smoothing kernels (4, 6 and 8 mm) and filtering options (that is, the 
Wishart filter, see below). Second, to further improve subcortical SNR and to 
suppress the effects of unstructured and autocorrelated noise that share similar 
temporal and spatial properties, the fMRI time series were reconstructed from 
a principal component analysis (PCA), whereby the components were filtered 
according to an empirically fitted Wishart distribution to dampen the effects of 
noise2,63,64. This PCA-based data reconstruction (that is, the Wishart filter) has been 
previously used in a multimodal cortical parcellation study2 and comprehensively 
documented by Glasser and colleagues63,64. The Wishart filter was performed over 
all gray matter voxels for each individual separately in all datasets. In addition, task 
block regressors were created for each task condition based on the time of onset, 
the duration and the relative magnitude of each stimulus, and then convolved with 
hemodynamic response functions (spm_hrf.m function from SPM12, https://
www.fil.ion.ucl.au.uk/spm). The relevant regressors corresponding to each task 
were then regressed from the tfMRI data to ensure that functional connectivity 
was disambiguated from the potential confound of task co-activation effects65. The 
residuals remaining from this regression were used for all subsequent analyses.

Independent validation dataset. An independent fMRI dataset was acquired in 
Australia to test the reproducibility of the parcellation homogeneity results. Ten 
healthy adults were recruited and confirmed not to have any current or history of 
any neurological or psychiatric disorders at the time of MRI scanning (mean age 
26 ± 2.1 years, 6 males). Imaging was performed in all participants using a Siemens 
Prisma 3T MRI scanner. Structural images of brain anatomy were acquired using 
an optimized magnetization-prepared rapid acquisition gradient echo (MPRAGE) 
T1-weighted sequence with 176 sagittal slices of 1-mm thickness, field of view 

of 240 × 256 mm2, flip angle of 9°, TR of 1,900 ms, TE of 2.98 ms and voxel size 
of 1.0 × 1.0 × 1.0 mm3. rfMRI was acquired using a T2*-weighted multiband 
gradient-echo EPI sequence of approximately 12 min, resulting in 880 volumes 
(TR = 810 ms, TE = 30 ms, voxel size = 2.0 × 2.0 × 2.0 mm3).

rfMRI data were preprocessed using the fMRIPrep-1.5.9 pipeline66. In brief, 
each T1-weighted volume was corrected for intensity non-uniformity and 
skull-stripped. The extracted brain was spatially normalized to MNI standard 
space through nonlinear registration using ANTs. Cortical surfaces were 
reconstructed using FreeSurfer. Functional data were motion-corrected using 
mcflirt (FSL) followed by co-registration to the corresponding T1-weighted image 
using boundary-based registration with six degrees of freedom. Motion-correcting 
transformations, BOLD-to-T1w transformation and T1w-to-MNI warp were 
concatenated and applied in a single step using antsApplyTransforms (ANTs).

Confounds including the 24 head-motion parameters (6 basic motion 
parameters + 6 temporal derivatives + 12 quadratic terms and their 6 temporal 
derivatives), mean white matter and cerebrospinal fluid signals were computed 
and regressed from the preprocessed fMRI data for each individual. The 
residuals of this regression were then subjected to spatial smoothing with a 
Gaussian-smoothing kernel of 6-mm FWHM and Wishart filtering63,64.

For all datasets, statistical methods were not used to predetermine sample 
sizes. All relevant and appropriate data provisioned by the HCP were included 
to maximize samples. Our use of HCP datasets and our recruitment of the 
independent dataset complied with the Australian NHMRC national framework 
for the conduct of human research. Informed consent was obtained from all 
the participants. Data collection and analyses were not performed blind to the 
conditions of the experiments.

Mask delineation. A binary subcortex mask comprising the left and right basal 
ganglia, the thalamus, the hippocampus and the amygdala was delineated using 
three steps. First, the probabilistic Harvard–Oxford Subcortical Structural Atlas 
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases) was used to delineate a binary 
mask for each of the following subcortical regions: the thalamus, the caudate, the 
putamen, the NAc, the GP, the hippocampus and the amygdala. Voxels with a 
probability of 50% or more of belonging to one of these regions were included in 
the relevant mask, except for the GP. A higher threshold (60%) was applied to the 
GP to minimize potential white matter contamination of the fMRI signal due to 
the numerous myelinated axons of the striato–pallido–nigral bundle abutting the 
periphery of this region67. Second, the masks for each individual subcortical region 
were merged to yield a binary mask for the entire subcortex. Finally, the subcortex 
mask was left–right symmetrized. Left–right symmetrization accords with 
previous subcortical atlas literature34,68 and enabled symmetrization of subsequent 
computations to improve the SNR. Symmetrization is not an unprecedented step 
given that intra-hemispheric asymmetries in the volume of subcortical nuclei 
are less evident in healthy young adults compared with cortical asymmetries69. 
Mask symmetrization was achieved by reflecting the left hemisphere of the mask 
around the mid-sagittal plane and computing the intersection between the right 
hemisphere of the mask and this reflection. Voxels constituting the intersection 
yielded a left subcortex mask, which was merged with its reflection to yield the 
final left–right symmetric subcortex mask. The final mask comprised a total 
of Ν = 7,984 voxels (63.87 cm3). The subthalamic nuclei, the substantia nigra 
and comparably small subcortical nuclei were not included because the spatial 
resolution of the fMRI data was deemed insufficient to accurately resolve putative 
substructures within these nuclei (for example, the pars reticulata and compacta). 
Submillimeter fMRI and multi-echo EPI would benefit the investigation of the 
functional architecture of these exceedingly small nuclei70. A binary gray matter 
mask was delineated using the MNI152 probabilistic gray matter atlas. Voxels 
belonging to cortical gray matter were included in the gray matter mask as well 
as any voxels constituting the final subcortex mask. fMRI data were consistently 
absent for a majority of individuals in a small proportion of voxels constituting 
the gray matter mask. After eliminating these voxels, the final gray matter mask 
comprised M = 164,360 voxels (1,314.9 cm3), which included the midbrain, the 
pons and the cerebellum. The subcortex and gray matter masks were delineated in 
2-mm isotropic space and were used for the 3T fMRI data. To suit the 7T-rfMRI 
data, which was in 1.6-mm isotropic space, the masks were resliced to this 
resolution and median filtered to smooth the mask edges.

Functional connectivity and eigenmaps. Whole-brain functional connectivity was 
mapped for each subcortex voxel. Spatial gradients in the resulting maps were then 
computed to yield a continuous representation of functional connectivity variation 
across the subcortex. Connectopic mapping11 was used to map spatial gradients 
for each individual, which involved computing a sequence of eigendecompositions 
to yield a Laplacian eigenmap71. Specifically, following the procedure described by 
Haak and colleagues11, the temporally concatenated fMRI signals were represented 
for each individual in a matrix of dimension T × M, where T denotes the number 
of time frames and M denotes the number of gray matter voxels. PCA was used 
to reduce the dimensionality of this matrix to T × (T – 1). The fMRI signal at each 
subcortical voxel was then correlated (Pearson correlation) with each column of 
the PCA-transformed matrix, resulting in a connectivity matrix of dimension 
N × (T – 1), where N denotes the number of subcortex voxels. Correlation 
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coefficients were r-to-z transformed using the Fisher transformation. Each row 
of this matrix provided a connectional fingerprint19 for a particular subcortical 
voxel in the PCA-transformed space. Similarity in the connectional fingerprints 
between each pair of subcortical voxels was then quantified with the η2 coefficient, 
which results in a symmetric matrix of dimension N × N for every individual. 
The similarity matrix was transformed into a sparse graph using the weighted 
adjacency matrix, whereby the weights of all connections with a Euclidean distance 
less than ε were set to zero. The connection density was determined by the smallest 
value of ε that ensured a connected graph11,72,73. This threshold varied between 
individuals, yielding graphs with a connection density of 0.4% on average. The 
Laplacian matrix, L, was then computed according to L = D – W, where D denotes 
the diagonal matrix of node strengths and W denotes the sparse adjacency matrix. 
In particular, Dij ¼

P
i
Wij

I

 if i = j, otherwise Dij = 0. Finally, the eigenvectors and 
eigenvalues of the Laplacian matrix were computed. The smallest eigenvalue was 
necessarily zero, while all other eigenvalues were positive due to the connectedness 
of the graph. The eigenvector with a zero eigenvalue was a constant and discarded. 
The eigenvectors with the second, third and fourth smallest eigenvalues were 
referred to as gradients I, II and III respectively. These steps are shown in Fig. 
1a. Each of the three gradients, or eigenmaps, characterized a continuous mode 
of spatial variation in functional connectivity across the spatial extent of the 
subcortex. We use the terms eigenmap and gradient interchangeably. Eigenvectors 
corresponding to the next largest eigenvalues typically explained substantially less 
variance in the Laplacian matrix than the first four eigenvectors (Supplementary 
Fig. 2) and were thus given no further consideration here. The N values defining 
each gradient were projected onto the three-dimensional (3D) anatomy of the 
subcortex in MNI standard space for visualization and further analyses. Unless 
otherwise specified, the same process described above was used to estimate 
gradients for each individual and for each imaging modality, including 3T-rfMRI, 
7T-rfMRI and tfMRI.

Gradientography. Tractography is an established 3D modeling technique to 
visually represent axonal fiber bundles using diffusion MRI74. We developed an 
analogous technique for fMRI called gradientography to characterize spatial 
gradients in functional connectivity. Gradientography was performed at the group 
level using a group-consensus representation of each eigenmap. In particular, 
similarity matrices were averaged across all individuals, and eigenmaps were 
computed for the group-averaged similarity matrix using the same process 
described above. The resulting group-consensus eigenmaps were projected onto 
the 3D anatomy of the subcortex in MNI standard space (Fig. 1b, column I and 
Supplementary Fig. 1, column I). Using the Sobel gradient operator, directional 
gradients were computed for each subcortical voxel constituting the 3D image 
representing each eigenmap. Each subcortical voxel was therefore endowed with 
a gradient directed along each of the three canonical axes as well as a gradient 
magnitude (Fig. 1b, column II and Supplementary Fig. 1, column II). We denote 
the gradient direction and magnitude at a given voxel with g ¼ gx ; gy ; gz

� �T
I

 and 
|g|, respectively. The gradient magnitude indicated how rapidly the functional 
connectivity of a local area of subcortex changed per unit length. Before 
application of the Sobel operator, the peripheral boundary of the subcortex 
in each eigenmap image was dilated by approximately one voxel to diminish 
spurious gradients from appearing along the direction that is perpendicular to 
the boundary. Erosion was performed after application of the Sobel operator to 
reverse this dilation and restore the original volume of the subcortex. The gradient 
directions and magnitudes were approximately mirror symmetric in the sagittal 
plane (Supplementary Fig. 3a). Therefore, to enhance the SNR, the gradient 
directions were left–right symmetrized (to be consistent with the symmetrization 
of the subcortex mask). In particular, gradient directions in the left hemisphere 
were reflected into the right hemisphere around the mid-sagittal plane and 
averaged with the corresponding directions in the right hemisphere. These 
averaged gradient directions were then reflected back into the left hemisphere, 
and gradient magnitudes were recomputed (Supplementary Fig. 3b). This was 
performed separately for each of the three eigenmaps, and the difference in the 
gradient direction before and after symmetrization was quantified (gradient I: 
θ = 5.42 ± 4.98°; gradient II: θ = 5.04 ± 5.0°; gradient III: θ = 4.95 ± 5.36°).

We developed the new gradientography procedure to provide a principled 
framework to visualize and analyze spatial gradients in functional connectivity. 
First, 3D tensors were fitted to each subcortical voxel using the constrained tensor 
model75,76, which is synonymous with diffusion tensor imaging. The constrained 
tensor model is given by

D ¼ βggT þ αI

where D denotes a 3 × 3 symmetric tensor, g is a column vector denoting the 
normalized gradient direction computed with the Sobel operator, I is the identity 
matrix, and β and α are parameters that quantify the strength of anisotropic and 
isotropic diffusion, respectively. Here, we set β = Kc|g| and α = K(1 – c), where 
c = 0.995 is a weighting factor that determines the extent of tensor anisotropy and K 
is a scale factor that governs the tensor size for visualization purposes. In this way, 
cigar-shaped tensors indicated rapid change in subcortical functional connectivity 
along the orientation of the longest axis of the tensor. In contrast, spherical tensors 

indicated functional connectivity that was constant along all spatial directions. It is 
important to note that tractography was only dependent on the gradient direction, 
g. The choice of β, α and c only influenced visualization of the tensor field (Fig. 1b, 
column III and Supplementary Fig. 1, column III). While tensors were separately 
fitted for each of the three eigenmaps, an alternative methodology would have been 
to fit a bi-tensor or multi-tensor model to each voxel77, enabling representation 
of multiple eigenmaps within a single tensor field. This is conceptually analogous 
to modeling crossing fibers in diffusion MRI tractography78. However, the 
potential utility of modeling interactions between crossing gradients in this way 
remains unclear; thus, each eigenmap was independently analyzed. We relegate 
multidirectional gradientography to future work. Streamline propagation was 
performed using the interpolated streamline method with a step length of 
1 mm, angle threshold of 30° and seeding 20 streamlines from randomly chosen 
coordinates within each subcortical voxel, yielding a total of approximately 15,000 
streamlines. Streamline propagation was terminated when reaching the subcortex 
mask boundary. Gradientography was performed using Diffusion Toolkit software 
and visualized with TrackVis79. Streamlines were virtually unchanged when left–
right symmetrization of the gradient directions was not performed. All streamlines 
were permitted to follow curvilinear trajectories of arbitrary complexity. The 
gradient magnitude image was projected onto the streamlines to parameterize 
the magnitude of change in functional connectivity and to visualize transitions in 
the gradient field with respect to the curvature of streamlines. In particular, each 
spatial coordinate constituting a streamline was assigned a gradient magnitude 
based on trilinear interpolation of the gradient magnitude image (Fig. 1b, right 
most). Gradientography was also performed for gradients II and III using the same 
procedure (Supplementary Fig. 1). While streamline trajectories varied among 
gradients I, II and III, the locations of local maxima in the gradient magnitude 
images of the three gradients were consistent (Supplementary Figs. 1 and 3). 
The gradient magnitude images for gradients II and III were spatially correlated 
(Spearman correlation) to gradient I (gradient I/II: r = 0.44, gradient I/III: r = 0.73); 
thus, only gradient I was used to delineate functional boundaries.

We also observed that head motion (framewise displacement (FD)) showed 
minimal effect on the group-consensus connectivity gradients. Specifically, 
individuals were ranked according to head motion, and individuals in the top 
20% (mean FD: 0.26 ± 0.06 mm) and bottom 20% (mean FD: 0.10 ± 0.01 mm) 
defined two distinct subgroups. Group-consensus gradient magnitude images were 
computed for each of two subgroups and compared with the group-consensus 
gradient magnitude image generated within all individuals. We found that the 
group-consensus gradient magnitude images were strongly correlated between 
each pair of the three groups (Spearman correlation, r > 0.9).

To preclude streamlines from traversing the slender anatomical gap between 
the tail of the caudate nucleus and the most anterior extent of the thalamus, the 
subcortex mask was separated at this precise location, giving rise to three spatially 
contiguous subcortical components: (1) the left basal ganglia, which comprised 
the striatum and the GP; (2) the right basal ganglia; and (3) the left and right 
thalamus, the hippocampus and the amygdala. Because these three components 
were spatially discontiguous, tractography was performed separately for each 
component. A boundary between the caudate and the thalamus was therefore 
imposed a priori, consistent with established anatomical knowledge. Due to left–
right symmetrization of gradient directions, streamlines for the left and right basal 
ganglia were mirror symmetric; thus, it was sufficient to analyze only one of the 
hemispheres of the basal ganglia. We refer to the streamlines traversing the basal 
ganglia as the dorsal streamlines and the dorsal connectional topography (Fig. 2a), 
while collectively referring to the streamlines traversing the left and right thalamus, 
the hippocampus and the amygdala as the ventral streamlines and ventral 
connectional topography (Fig. 2b). Permitting streamlines to traverse the caudate–
thalamus gap did not alter the location of local maxima in gradient magnitudes, 
although they were less prominent in this case (Fig. 1b).

Diversity curves. The dorsal and ventral group of streamlines each comprised 
hundreds of distinct streamlines that characterized the connectional topographies 
associated with these regions. Streamlines shorter than 60 mm and 160 mm 
were discarded from the dorsal and ventral group, respectively. The remaining 
streamlines within each group traversed trajectories that shared similar profiles; 
thus, it was feasible to determine a single representative streamline for each group. 
To determine a representative streamline, the mean closest point distance80 was 
computed between all pairs of streamlines constituting a group. In particular, the 
distance from one streamline to another was determined by first computing the 
distance between each point on the first streamline to all points on the second 
streamline. The minimum distance was then determined for each point on the 
first streamline. The distance from the first to second streamline was defined as 
the mean of these minimum distances. This was repeated for all pairs of streamline 
to generate a J × J distance matrix, where J denotes the number of streamlines. 
The distance matrix was symmetrized in a way that the mean of the two distances 
between a pair of streamlines was used80. The representative streamline was chosen 
as the streamline with the shortest distance, on average, to all other streamlines. 
Having defined a representative streamline for the dorsal and ventral group of 
streamlines, it was then possible to compute a diversity curve with respect to each 
of the representative streamlines. This yielded a curvilinear parameterization of 
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the group-consensus eigenmaps and their gradient magnitudes, thereby enabling 
statistical inference. The diversity curve concept is described in detail elsewhere15.

Diversity curves were mapped in three steps: (1) projection of the gradient 
magnitude image onto each streamline; (2) spatial alignment of streamlines to 
the representative streamline using dynamic time warping81; and (3) averaging 
across the aligned streamlines to yield a group-representative diversity curve 
to provide a basis for statistical inference. Specifically, each spatial coordinate 
constituting a streamline was assigned a gradient magnitude based on trilinear 
interpolation of the gradient magnitude image. While each streamline comprised 
the same number of equidistant coordinates, the exact lengths of streamlines 
varied, resulting in some degree of misalignment between streamlines in terms 
of coordinate-to-anatomy correspondence. For example, the tenth coordinate 
on a given streamline was not necessarily closest to the tenth coordinate on a 
neighboring streamline. Thus, averaging across a set of streamlines could not be 
performed based on correspondence in the index of coordinates. Dynamic time 
warping was used to spatially align individual streamlines to the representative 
streamline and to facilitate averaging of any measure parameterized along the 
length of each individual streamline.

Dynamic time warping is typically used to align signals in time, whereas the 
method was used here to achieve spatial alignment. A warping path was computed 
for each individual streamline such that the sum of the Euclidean distance was 
minimal between the warped and representative streamline. This involved either 
stretching or compressing coordinates along the trajectory of each individual 
streamline to achieve alignment with the representative streamline. Alignment 
quality was visually assessed, and streamlines with a warp distance exceeding the 
averaged warping distance over all streamlines (dorsal: 1.72 mm, ventral: 0.54 mm) 
were omitted. This yielded a total of 4,693 and 3,862 aligned streamlines for the 
dorsal and ventral group, respectively. The gradient (eigenmap) and gradient 
magnitude images projected onto each of these streamlines were then averaged for 
each point along the streamline trajectory, yielding a single gradient and gradient 
magnitude diversity curve for the dorsal (Fig. 2c) and ventral group (Fig. 2d). 
Gradient magnitude peaks in the diversity curves indicated putative functional 
boundaries between regions. Consistent with the gradient magnitude image across 
the entire subcortex, the gradient magnitude images for gradients II and III were 
also spatially correlated (Spearman correlation) to gradient I for both dorsal 
(gradient I/II: r = 0.79, gradient I/III: r = 0.79) and ventral (gradient I/II: r = 0.80, 
gradient I/III: r = 0.54) components. Statistical inference was therefore confined to 
the dominant gradient (gradient I).

Focusing on the dominant gradient is not without precedent, and this 
gradient shows good correspondence with underlying neuroanatomy23, although 
non-dominant gradients can reveal complementary connectivity topographies11,23. 
Three local maxima were evident in the dorsal streamline group, corresponding 
to established neuroanatomical boundaries among the GP–putamen, the 
putamen–NAc and the NAc–caudate (Fig. 2c). For the ventral streamline group, 
nine local maxima were evident in the diversity curve representing the gradient 
magnitude, which suggests that there are putative functional boundaries among 
the amygdala–anterior hippocampus, the anterior–posterior hippocampus, the 
posterior hippocampus–posterior thalamus, the anterior–posterior thalamus and 
the left–right thalamus (Fig. 2d).

Null model. Although local maxima in the gradient magnitude images or 
the diversity curves representing these images indicated putative functional 
boundaries, these maxima could have also potentially arisen as a matter of random 
fluctuations reflecting inter-individual variation and finite sample effects or due to 
the geometry of the subcortex (Supplementary Fig. 5). Therefore, null data were 
generated to statistically determine whether local maxima in the gradient images 
were larger than expected due to these random (sample) effects and/or confounds. 
The null hypothesis was of a spatially homogeneous gradient magnitude such that 
the rate at which whole-brain connectivity changed per unit length was constant 
at all points in the subcortex. Under this null hypothesis, any spatial heterogeneity 
was assumed to be due to sample effects or geometry. Functional boundaries were 
deemed to present at local maxima in the empirical gradient magnitude images 
when this null hypothesis could be locally rejected. Null data were generated by 
rewiring edges in the graph defined by the sparse adjacency matrix W. As detailed 
above (see “Functional connectivity and eigenmaps”), W defines a graph in which 
each node corresponds to a subcortical voxel, and the edge weights quantify 
similarity in functional connectivity profiles. A rewiring algorithm was developed 
to randomly reposition each edge, subject to the constraint that edges were 
more likely to be placed between pairs of voxels in close spatial proximity. This 
constraint was imposed to preserve the effect of smoothing in the null data. The 
following methodology was used to determine where edges should be repositioned 
to respect fMRI smoothing and subcortex geometry.

First, the fMRI data for each subcortical voxel was replaced with independent 
and randomly sampled Gaussian data that were matched in length and amplitude 
distribution. Second, the Gaussian data were smoothed using the same FWHM 
as the fMRI data. Third, the Pearson correlation coefficient was computed using 
the smoothed Gaussian data between all pairs of subcortical voxels. Finally, all 
voxel pairs were ranked from highest to lowest on the basis of the correlation 
coefficient. At each iteration of the rewiring algorithm, the edge being rewired 

was repositioned to the highest-ranking pair of voxels that had not yet received 
a rewired edge. To ensure that the rewired graphs were not fragmented, the first 
N – 1 edges were repositioned according to a minimum spanning tree (MST), 
where the MST was computed for a lattice graph in which each node corresponded 
to a subcortical voxel. Edges in the rewired graphs inherited their edge weights 
from W. An ensemble of 100 rewired graphs and corresponding sparse adjacency 
matrices �W1; �W2; ¼ ; �W100

I
 were generated by repeatedly initializing this rewiring 

procedure with randomly sampled Gaussian data. We found that repositioning 
edges to randomly chosen pairs of spatially neighboring voxels yielded virtually 
identical null data.

Supplementary Fig. 5a shows the graph corresponding to W and �W1
I

 for an axial 
slice that exemplifies the functional boundary between the GP and the putamen. 
Very few edges in the graph for W intersect this boundary, whereas the graph for 
�W1
I

 comprises numerous rewired edges that interconnect the GP and the putamen. 
Consistent with anatomy, this suggests that the strong gradient in functional 
connectivity that yields the boundary between these two regions is most likely not 
due to chance or the effect of smoothing and/or subcortex geometry. Supplementary 
Fig. 5b shows an example that demonstrates the importance of preserving geometry 
in the null data. In the bow-tie-shaped region constituting this example, binary edges 
are randomly positioned between neighboring pixels constituting the bow tie. This 
positioning of edges is consistent with the null hypothesis of a spatially homogenous 
gradient magnitude. However, the bow knot is the location of a geometric 
constriction, and if this geometry is not preserved in the null data, a specious 
boundary between the left and right sides of the bow is suggested.

Laplacian eigenmaps and gradient magnitude images were computed for each 
of �W1; �W2; ¼ ; �W100

I
 by following the same procedure described above for W (see 

“Functional connectivity and eigenmaps”). An ensemble of 100 diversity curves 
were then computed by projecting each of these gradient magnitude images onto 
the original streamlines that were computed with respect to W. These diversity 
curves were consistent with the null hypothesis and we refer to them as null 
diversity curves (Fig. 2c,d).

Boundary delineation. Statistical inference was performed to determine whether 
each local maximum in the gradient magnitude images was sufficiently large 
to warrant delineation of a discrete functional boundary. If the null hypothesis 
could not be rejected and thus delineation was not warranted, connectional 
topography was deemed to be most parsimoniously represented as a continuum. 
The decision to delineate a boundary or not was informed by statistical testing 
of the null hypothesis performed on both the gradient magnitude images and 
the diversity curves onto which these images were projected. All local maxima 
in the gradient magnitude images were considered as candidate boundaries, but 
candidate boundaries were delineated only if the null hypothesis was rejected; 
that is, the gradient magnitude was larger than expected due to chance and the 
effects of smoothing and subcortex geometry. In particular, a P value for each local 
maximum on a diversity curve was estimated as the proportion of null diversity 
curves with local maxima that (1) exceeded or equaled the observed maximum 
and (2) were located within the same vicinity as the observed maximum. The FDR 
was controlled at a threshold of 5% across the set of all maxima. The decision to 
delineate a boundary was supported for maxima with P values that survived FDR 
correction. Figure 2c,d shows examples of diversity curve maxima for which the 
null hypothesis was rejected (denoted by blue asterisks).

The null hypothesis could also be tested with respect to the gradient magnitude 
images. In this case, the Kolmogorov–Smirnov (KS) test was used to assess the 
null hypothesis of equality in the distribution across voxels between the observed 
gradient magnitudes and the null gradient magnitudes. The null hypothesis was 
rejected if the tail of the distribution of gradient magnitudes was longer in the 
observed data compared with the null data. The main reasons for reverting to the 
KS test at finer scales were that (1) generally, only one candidate boundary was 
evident within each region constituting scales II–IV (Supplementary Fig. 23) and 
(2) we found that mapping diversity curves for relatively small regions did not 
provide substantial additional insight. Diversity curves and gradientography yield 
most insight when applied across a relatively large expanse that comprises multiple 
candidate boundaries (that is, scale I). Supplementary Fig. 23 shows examples of 
using the KS test to determine whether or not to delineate a candidate boundary 
in two specific subcortical regions. A strong gradient is evident in the anterior 
putamen (Supplementary Fig. 23a, yellow strip), and the KS test indicates that the 
gradient magnitude distribution across the voxels of this region (green curve) is 
significantly longer tailed than the null data (gray curves, P < 0.01). Therefore, a 
boundary was delineated that resulted in the parcellation of the anterior putamen 
into one dorsal and one ventral component. In contrast, the null hypothesis 
could not be rejected with the KS test for the NAc-shell (Supplementary Fig. 23b, 
P = 0.22); thus, subdivision of this region was not warranted despite the presence of 
a candidate boundary (yellow strip).

The final decision to delineate a boundary was not exclusively determined by 
whether the null hypothesis could be rejected or not. Other criteria that informed 
this decision were as follows:

 1. Size criterion: a candidate boundary was not delineated if at least one of the 
regions resulting from boundary delineation would have comprised fewer 
than 100 voxels, irrespective of whether the null hypothesis was rejected.
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 2. Prior knowledge: a candidate boundary that corresponded with established 
subcortex anatomy or cytoarchitecture was delineated, irrespective of whether 
the null hypothesis was rejected.

 3. Inter-hemispheric homolog: a candidate boundary was not delineated if 
the null hypothesis could not be rejected for the corresponding contralat-
eral boundary. Edges in the rewired graphs (null data) inherited their edge 
weights from W, which was not necessarily symmetric. Therefore, the null 
data were not symmetrized; thus, discrepancies in statistical inference were 
possible between contralateral boundaries.

These criteria were only ever used for three boundaries of the more than 50 
decisions pertaining to boundary delineation (Supplementary Fig. 6). In particular, 
the size criterion prevented further segmentation of a region of the caudate 
(CAU-DA), the prior knowledge criterion was used to delineate the thalamus–
hippocampus boundary at scale I, despite failure to reject the null hypothesis, and 
the homolog criterion was used for the medial amygdala (mAMY) at scale II. These 
criteria were not used for any other cases, and all other boundary delineations were 
supported by the model selection procedure.

Hierarchical parcellation. The subcortex was parcellated into distinct functional 
regions in a hierarchical manner. Each successive scale of the hierarchy involved 
delineation of additional boundaries that conveyed finer details in connectional 
topography. Foremost, boundaries were delineated on the basis of maxima in the 
dorsal and ventral diversity curves for which the null hypothesis was rejected. 
This resulted in a subcortex parcellation comprising eight bilateral regions 
that recapitulated well-known subcortical regions and established anatomical 
boundaries (Fig. 3a). These eight bilateral regions defined scale I of the hierarchical 
parcellation (16 regions in total). Scale I is not intended to provide a novel 
parcellation, but rather establishes the validity of the model selection procedure 
and represents a necessary first step to delineate the novel scale II–IV atlases at 
finer scales. The next scale of the hierarchy (scale II) was delineated by separately 
computing Laplacian eigenmaps and gradient magnitudes for each of the 16 
regions using the same procedure that was initially applied to the entire subcortex. 
This process was repeated in a recursive manner until the null hypothesis could not 
be rejected for any candidate boundaries, a condition that was satisfied at scale IV 
of the hierarchy (Figs. 3b and 4). A given region in scale k appeared as either two 
or more subregions in scale k + 1, if the null hypothesis was rejected, otherwise it 
appeared unaltered. For each scale, the FDR was controlled at 5% across the family 
of null hypothesis tests performed for all candidate boundaries. Unlike alternative 
multiple testing corrections, the FDR is scalable and adaptive82, meaning that the 
greater number of candidate boundaries tested at scale IV, compared with scale 
I, did not make FDR correction at scale IV inherently more stringent. Note that 
the FDR test was performed independently for each scale. Successive scales of 
the parcellation hierarchy conveyed finer boundaries and more regions (scale 
I: 16 regions; scale II: 32 regions; scale III: 50 regions; scale IV: 54 regions). The 
diameter of all regions constituting scale IV substantially exceeded the FWHM of 
the smoothing kernel width (minimum: 10.2 mm, maximum: 24.4 mm, median: 
17.2 mm). While exceedance of the FWHM is a heuristic criterion, this suggests 
that the extent of smoothing was sufficiently constrained to enable delineation of 
the smallest region.

For scale I, the null hypothesis was tested by performing inference on maxima 
in the dorsal and ventral diversity curves. In particular, inference was performed 
to determine whether each maximum in the gradient magnitude was significantly 
larger than expected due to chance, geometry and smoothing (see “Boundary 
delineation”). For scale II and beyond, as described above, the KS statistic was 
used to test the null hypothesis due to challenges in mapping diversity curves for 
the relatively small regions constituting these scales. Delineation of small regions 
was also more susceptible to the effects of noise, especially signal contamination 
from surrounding white matter and cerebrospinal fluid. To reduce these effects, 
for scale II and beyond, the adjacency matrix (W) used to compute Laplacian 
eigenmaps was thresholded using the disparity filter83. The significance level for the 
disparity filter was set to the minimum value required to yield a graph that was not 
fragmented.

Watershed algorithm. The watershed transform algorithm84 was used to cluster 
voxels and thereby identify spatially contiguous regions that resulted from 
delineation of a boundary, as applied elsewhere to parcellate the cortex8. The 
watershed transform was applied to the 3D gradient magnitude images. To initiate 
the watershed, seed voxels were first chosen such that exactly one seed voxel 
resided on each side of a boundary. Seed voxels were approximately positioned to 
reside within a regional minimum of the gradient magnitude image. A regional 
minimum that was distant from the boundary was preferred, although the 
parcellation was robust against the precise seed voxel location. Clusters were then 
iteratively grown for each seed region until locations were reached where voxels 
could no longer be unequivocally assigned to one of the clusters. Clusters were 
therefore analogous to water catchment basins (that is, minima in the gradient 
magnitude images), while boundaries represented watershed ridge lines (that is, 
maxima in these images). Before applying the watershed transform, the gradient 
magnitude images were (1) normalized to ensure that all values resided on the unit 
interval and (2) morphologically reconstructed to ensure that regional minima 

were only present at the location of the chosen seed voxels. The latter step aimed 
to enhance the contrast between voxels within the expected cluster and boundary 
voxels. The output of the watershed transform was a cluster of voxels for each seed 
voxel. Voxels that resided at boundary locations where not necessarily assigned to 
any cluster, yielding empty space between parcellated subregions. To fill the empty 
space, for each unallocated voxel, the shortest path was computed to each seed 
voxel. Shortest paths were computed with respect to the sparse adjacency matrix 
(W) following a strength-to-distance remapping of the edge weights. Unallocated 
voxels were then assigned to subregions with the minimum shortest path distance.

Parcellation validation and replication. Homogeneity estimation. A valid 
functional parcellation should comprise regions that are internally homogenous 
with respect to the functional connectivity profile of each constituent voxel. The 
regional homogeneity of scale I–IV parcellations was compared with the extent 
of homogeneity achieved with alternative subcortex parcellations as well as the 
homogeneity that could be expected due to chance.

The fMRI data for a region was represented as a matrix of dimension N × T, 
where N and T denote the number of voxels constituting the region and the 
number of time frames, respectively. Regional homogeneity was defined as the 
variance explained by the first principal component of this matrix, which was 
estimated using PCA. Homogeneity therefore quantified the extent of synchrony 
in fMRI activity across voxels constituting a region. While homogeneity can be 
computed with respect to functional connectivity8, we performed estimation 
directly on the fMRI time series acquired in the second session (REST2). This 
ensured that validation was performed using independent data and an independent 
quantity. Homogeneity was separately computed for each region and each 
individual. For each individual, homogeneity was then averaged across all regions 
to yield an overall estimate of homogeneity for the parcellation as a whole, referred 
to as parcellation homogeneity (Supplementary Fig. 11a).

Parcellation homogeneity increased from scale I to scale IV (Fig. 5a, red dotted 
line). This was because small regions were inherently more homogeneous than 
large regions8. To determine whether the observed homogeneity values were larger 
than expected due to chance, the subcortex was randomly parcellated such that the 
total number of regions and the distribution of region size were matched between 
the random and observed parcellations (Supplementary Fig. 11b). Parcellation 
homogeneity was then estimated for 100 such random parcellations to yield a null 
distribution for homogeneity under the null hypothesis of randomly delineated 
regions. A P value for this null hypothesis was estimated as the proportion of 
random parcellations with homogeneity exceeding or equaling the observed 
homogeneity. Parcellations were deemed homogeneous if the null hypothesis was 
rejected (P < 0.05). Random parcellations were generated by (1) randomly placing 
seed voxels throughout the subcortex mask in such a way that the Euclidean 
distance between all pairs of seed voxels was approximately maximized and (2) 
assigning all non-seed voxels to their closest seed voxel in terms of the Euclidean 
distance. This assignment process defined a set of randomly delineated regions. 
The number of seed voxels was set to the number of desired regions. Parcellations 
were discarded if they contained any regions that were not spatially contiguous 
or not matched with respect to the distribution of region sizes. Discarded 
parcellations were replaced until 100 valid random parcellations were generated.

Parcellation homogeneity was also computed for existing subcortex parcellation 
atlases (Supplementary Table 3). The scale (I–IV) that comprised the same or 
fewer parcels than the existing parcellation was chosen for comparison. Choosing 
a scale with fewer parcels provided an advantage to the existing parcellations. We 
specifically evaluated the homogeneity of two existing parcellation atlases for the 
entire subcortex6,33 as well as parcellation atlases for the hippocampus22,35,85, the 
thalamus37 and the striatum36. Cerebellar and brainstem regions were omitted 
from the parcellation delineated by Ji et al.6 and Fan et al.33 to ensure homogeneity 
estimates were specific to the subcortex and therefore comparable to the other 
parcellations. To facilitate a fair comparison across parcellations containing a 
disparate number of regions, observed parcellation homogeneity values were 
normalized with respect to the mean homogeneity across the set of random 
parcellations. Ratios exceeding one indicated that parcellations were more 
homogeneous than expected due to chance.

7T replication. High-resolution fMRI acquired at ultrahigh magnetic field 
strength (7T) can enhance functional contrast-to-noise ratios, improve spatial 
localization and alleviate partial volume effects24. We sought to test the extent 
to which parcellations delineated using 3T-rfMRI could be replicated using 
7T-rfMRI. To this end, the subcortex was hierarchically parcellated by applying the 
same procedures described above to the 7T-rfMRI data. This involved mapping 
Laplacian eigenmaps and gradient magnitudes, null hypothesis testing for each 
maximum comprising the gradient magnitude images and application of the 
watershed transform to delineate subregions. This yielded a 7T parcellation atlas 
of the subcortex that also comprised four scales (scale I: 16 regions; scale II: 34 
regions; scale III: 54 regions; scale IV: 62 regions).

To enable comparisons between 3T and 7T parcellations, the 3T parcellations 
were up-sampled to the same spatial resolution as 7T (1.6-mm isotropic), 
and the spatial similarity between each scale of 3T and 7T parcellations was 
estimated using normalized mutual information (NMI)86. NMI is an information 
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theoretic measure that quantifies the extent to which knowledge of a parcellation 
reduces the uncertainty in the location of regions in a second parcellation. NMI 
ranges between zero and one, with higher NMI values indicating greater spatial 
correspondence between parcellations.

Personalized parcellation. Following Glasser and colleagues2, a machine-learning 
approach was used to personalize the group-consensus parcellations and to 
distinguish individual differences in functional organization, thereby yielding a 
unique parcellation for each individual. This enabled quantification of the extent 
of variation among individuals for each region. The subcortex mask remained 
fixed for all individuals; thus, only variation in functional boundaries within the 
subcortex was permitted, without variation in the overall subcortical volume. The 
periphery of each region comprising the scale IV parcellation was first dilated by 
approximately 4–6 mm to define a zone of uncertainty around each region. The 
uncertainty zone enabled flexibility in the location of boundaries for individuals 
who exceeded the group-consensus boundary. The extent of dilation was such 
that each region in the group-consensus atlas comprised approximately the same 
number of voxels as its uncertainty zone, meaning that a voxel was equally likely 
to be randomly classified as belonging to the region compared to its uncertainty 
zone. Enlarging the uncertainty zone would have permitted individual boundary 
locations to deviate to a greater extent from the group-consensus boundaries, 
although major deviations were not expected in young and healthy adults, which 
is consistent with previous work on the cortex2. A binary support vector machine 
(SVM) classifier was trained to classify whether a voxel resided in the region or its 
uncertainty zone. We use M to denote the combined number of voxels constituting 
the region and its uncertainty zone.

Combining REST1 and REST2 would potentially yield more accurate estimates 
of functional connectivity compared with any of the individual sessions. However, 
given that parcellation was performed using data from the first 3T-rfMRI session 
(REST1), to assess inter-session reproducibility and to minimize circularity, the 
SVM was trained and evaluated using data from the second session (REST2). One 
hundred individuals were randomly selected to train the SVM, and the trained 
SVM was then applied to delineate a personalized parcellation for the remaining 
921 individuals. It is important to remark that each individual contributed M 
training samples because classification was undertaken on a per-voxel basis. 
The SVM feature space was defined over the symmetric N × N similarity matrix, 
whereby each cell in this matrix stored the similarity in functional connectivity 
fingerprints between a pair of subcortex voxels (see “Functional connectivity and 
eigenmaps”). The feature vector for a particular voxel was selected as the relevant 
row in this matrix. The feature space was separately mapped for each individual 
and required computation of individual similarity matrices. A radial basis function 
kernel was used, and the feature space was standardized.

For each of the 921 individuals in the test set, the SVM was used to predict 
the likelihood (posterior probability) of each voxel belonging to the region under 
consideration, as opposed to belonging to the uncertainty zone of the region. See 
Supplementary Fig. 17 for a schematic of this binary classification problem. The 
threshold for the posterior probability of a voxel belonging to the region was varied 
between 0 and 100%, whereby a threshold of 0% led to all voxels, including those 
in the uncertainty zone, being classified as belonging to the region. Increasing the 
threshold eventually resulted in loss of spatial contiguity. The extent to which the 
threshold could be increased while preserving these properties provided insight 
into parcellation robustness. This process was repeated separately for each region 
comprising the scale IV parcellation, requiring an SVM to be independently 
trained for each region. It was possible for voxels to be included in the uncertainty 
zones of multiple regions. A voxel could therefore be assigned a probability of 
belonging to each of many regions. To delineate a personalized parcellation for 
each individual, a winner-takes-all rule was used to break ties, such that voxels 
were allocated to regions with the highest probability. Crucially, if the highest 
probability region did not exceed the posterior probability threshold, the voxel 
remained unassigned. This introduced the possibility of certain regions in the 
group-consensus parcellation being absent from the personalized parcellation of 
an individual. The regional detection rate was the proportion of individuals for 
which a given region was allocated at least one voxel. The detection rate of each 
region was evaluated as a function of the posterior probability threshold. The 
group-consensus parcellation was assumed to provide a valid representation of 
individuals for regions with high detection rates.

The spatial correspondence between the group-consensus and personalized 
parcellations was also evaluated with the Dice coefficient. In particular, the 
Dice coefficient was separately computed for each individual and each region 
as a function of the posterior probability threshold. If X and Y denote the 
indices of the voxels constituting the personalized region of an individual and 
the group-consensus region, respectively, the Dice coefficient was computed as 
2 X \ Yj j= Xj j þ Yj jð Þ
I

. An average Dice coefficient was then computed for each 
individual by averaging the regional Dice coefficients.

Task-evoked connectional gradients. We aimed to investigate whether the 
connectional topography of the subcortex would exhibit significant variation 
between task conditions and rest27,87–89. The tasks considered were emotion 
processing, gambling, language processing, motor execution, relational matching, 

social inference and working memory. Details pertaining to each task condition are 
described elsewhere54.

Following the same procedure described above (see “Functional connectivity 
and eigenmaps”), group-consensus eigenmaps and gradient magnitude images 
were computed for each of the seven tasks. For each task, the gradient magnitude 
image for gradient I was projected onto the dorsal and ventral streamlines. This 
yielded diversity curves for each task (Supplementary Fig. 19a). Tractography 
of the task-derived gradients was not performed, and streamlines previously 
determined at rest (see “Diversity curves”) were used as references. To facilitate 
comparisons of diversity curves between different tasks, only the 725 individuals 
(360 males) that completed all nine conditions (two rest and seven tasks) were 
included. The mean diversity curve across the nine conditions was first computed 
and regressed from the diversity curves for each of the nine conditions. This 
eliminated the common variance across the conditions. The Pearson correlation 
coefficient was computed between the resulting residuals to generate a correlation 
matrix of dimension 9 × 9, whereby each element corresponded to a pair of 
task conditions. Permutation testing was used to determine a P value for each 
correlation coefficient. Specifically, for each pair of comparisons, the points on 
one of the diversity curves were randomly permutated and the correlation was 
recomputed on the permuted diversity curves. This was repeated for 10,000 
permutations, yielding a null distribution for the correlation coefficient. The P 
value was given by the proportion of permutations with the correlation coefficient 
that exceeded or equalled the correlation coefficient in the unpermuted data. 
Bonferroni correction was controlled at 0.05/36 = 0.0014 across the set of all 
unique pairs of conditions. The pairs of conditions that survived correction are 
shown in Supplementary Fig. 19b and visualized as a graph to show similarities 
in task conditions (Supplementary Fig. 19c). Furthermore, a matrix of dimension 
H × 9 was then constructed, where H denotes the number of points along the 
diversity curve and each column corresponds to one of the nine conditions. Each 
cell in the matrix stored the residual value of each diversity curve point. Rows 
and columns were reordered according to average-linkage clustering based on the 
Pearson correlation coefficient (Supplementary Fig. 19d).

Given that substantially fewer fMRI volumes were acquired during task 
compared to rest (see “Data and pre-processing”), supplementary analyses were 
undertaken to test whether task-related changes in connectional gradients could 
be attributed to the acquisition of fewer volumes. Specifically, the group-consensus 
eigenmaps and the gradient magnitude images were recomputed using only the 
first quarter of time frames (T = 278) from each run of the rfMRI data (278 × 2 
in total), thereby matching the average number of time frames across the seven 
tasks. We found that the gradient magnitude images computed using the shortened 
and full-length rfMRI acquisitions were highly correlated (Spearman correlation: 
r > 0.98 for both REST1 and REST2). This suggests that differences in the 
number of volumes between the tfMRI and rfMRI acquisitions do not explain the 
task-evoked reconfiguration of connectional gradients and diversity curves.

Relating subcortical functional network to behaviors. Individual variation in 
functional connectivity associates with human behaviors that relate to cognition, 
emotion and psychopathology in both health and mental illness19,90–92. While 
cortico–cortical connections have been well studied and predict individual 
variation in human behavior, less is known about the predictive utility of functional 
connectivity within the subcortex. Our multiscale subcortex parcellation facilitated 
investigations of associations between intrasubcortical functional connectivity and 
behavioral phenotypes for each atlas scale.

Functional connectivity and modular structure. Subcortical functional connectivity 
matrices were mapped for each individual and each scale of the parcellation. To 
this end, representative fMRI time series were determined for each region by 
averaging across all relevant voxels. Pearson correlation coefficients in regional 
time series were computed for all pairs of regions and represented in the form 
of a symmetric functional connectivity matrix. The connectivity matrices were 
then r-to-z transformed (Fisher transformation). The rows and columns of the 
connectivity matrices were reordered to accentuate modular structure, whereby 
the modular structure was determined using the Louvain community detection 
algorithm93. Separate connectivity matrices were mapped for the first (REST1) 
and second (REST2) 3T-rfMRI sessions to provide a discovery and within-sample 
replication set.

Behavioral phenotypes. Behavioral measurements and procedures for the HCP are 
described in detail elsewhere54. Items that tapped alertness, cognition, emotion, 
sensory–motor function, personality, psychiatric symptoms, substance use and life 
function were selected for further analyses, subject to the following conditions:

 1. Only total or subtotal scores were selected for psychological assessments.
 2. Only raw scores were selected for items with both raw and age-adjusted 

scores.
 3. Items based on strictly binary responses were excluded.
 4. Items with missing responses in more than 10% of individuals were excluded.

Items relating to task performance in emotional processing, language 
processing, social recognition, motor execution, working memory, relational 
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matching and reward/decision-making processing were also included. This 
resulted in a total of 109 behavioral measures for each individual (Supplementary 
Table 4). Participants with missing responses for any of these 109 items were 
then excluded, resulting in a final sample comprising 958 individuals (453 males, 
mean age of 28.7 ± 3.7 years). Two 3T-rfMRI sessions were acquired in all these 
individuals.

Independent component analysis (ICA) was used to reduce the set of 
behavioral measures to a set of latent dimensions with the aim of performing 
inference on the dimensions rather than the full set of behaviors. Before 
performing ICA, behavioral items with continuously distributed scores (87 out 
of 109) were normalized with a rank-based inverse Gaussian transformation94. 
Age and sex were then regressed from all items and ICA was performed on 
the residuals that resulted from this regression. Other confounding factors 
such as blood pressure, hemoglobin, height and weight were not included due 
to missing responses for several individuals. ICA was performed using the 
Icasso package95 for Matlab, which provides an implementation of the FastICA 
algorithm96. Under ICA, the matrix of residuals (behaviors × individuals), 
denoted with Y, was factorized into the product Y = A−1S, where A−1 denotes 
the mixing matrix (behaviors × components) and S denotes the estimated 
independent sources (components × individuals). The inverse of A−1 is denoted A 
(components × behaviors) and referred to as the de-mixing matrix.

To estimate the de-mixing matrix, FastICA was performed using 
default parameter settings, including a cubic nonlinearity and deflationary 
orthogonalization. Bootstrapping was used to sample individuals with replacement, 
and ICA was performed independently on each bootstrapped sample using 
randomly chosen initial conditions. A total of 500 bootstrapped samples were 
generated. Independent components that represented a consensus across the 
500 samples were then derived using a clustering procedure. In particular, 
agglomerative clustering with average linkage was used to partition the de-mixing 
matrix into putative clusters. The number of dimensions in the feature space was 
the number of behaviors, and each cluster comprised groups of components (that 
is, rows from A). Clearly separated clusters indicated that independent components 
were consistently and reliably estimated despite randomization of initial conditions 
and bootstrapping. A cluster quality index was used to quantify cluster separation 
and provided a metric to select the number of independent components (see 
below). Cluster separation was quantified by the difference in average intra-cluster 
similarity and average inter-similarity, denoted by Iq. A higher Iq suggests compact 
clusters, whereas a lower Iq suggests that clusters are not well separated. These 
operations were performed internally in the Icasso package, and further details are 
available in the documentation of the package.

In addition to these internal procedures, we performed a sampling and 
matching process to ensure stability and reliability of the estimated independent 
components. Specifically, the ICA as described above was repeated for ten trials, 
yielding an ensemble of de-mixing matrices, A1,A2,…,A10 and corresponding 
independent components, S1,S2,…,S10. Variability in Au and Su across trials was 
due to randomization of initial conditions and random sampling inherent to 
bootstrapping. Each row of A corresponded to an independent component, 
and each column quantified the weighting of a behavioral item in the given 
component. We sought to evaluate the similarity of the resulting estimates 
across trials to investigate whether the Icasso procedure yielded reproducible 
independent components across the ten trials. For each pair of trials u and v, a 
correlation matrix of dimension I × I was computed, where I denotes the number 
of independent components. Element (i,j) of this correlation matrix stored the 
Pearson correlation coefficient between row i of Au and row j of Av. We denote 
the correlation matrix between trial u and v with Cuv, u,v = 1,2…,10. Given that 
independent components are resolved up to an arbitrary sign flip, the absolute 
value of all correlation coefficients was considered. The nth component in trial u 
did not necessarily correspond to the nth component in trial v; thus, a one-to-one 
matching of components was required for each pair of trials. The Hungarian 
algorithm97 was applied to Cuv to determine a one-to-one matching that maximized 
the correlation coefficients between the matched pairs of components. If ICA 
estimates were reproducible between trials u and v, each column of Cuv should 
comprise a correlation coefficient that is substantially larger than all others in 
the column, indicating an obvious matching. The trial that was best matched to 
all other trials was chosen as the reference trial, whereby matching quality was 
quantified as the average correlation coefficient computed over all matched pairs of 
components in Cuv.

Once the reference trial was determined, the components in each of the 
other trials were reordered to match the reference, as dictated by the optimal 
one-to-one matching computed using the Hungarian algorithm. The polarity of the 
component was potentially flipped to ensure consistency with the reference trial. 
The reordered de-mixing matrices A1,A2,…A10 were then averaged across trials to 
yield a single de-mixing matrix that represented a consensus across the ten trials. 
The independent components S1,S2,…,S10 were reordered and then averaged in the 
same way.

Due to the effects of bootstrapping and randomization, the de-mixing 
matrix was not necessarily perfectly orthogonal, and some components were 
minimally correlated. The Pearson correlation coefficient was computed between 
all pairs of components in the de-mixing matrix. The reciprocal of the largest 

correlation coefficient was used to quantify the extent of interdependence between 
components such that higher values of the reciprocal were desired. This was 
performed for each of the reordered de-mixing matrices A1,A2,…,A10, and the 
average across trials resulted in a consensus index of the independence.

Three criteria were therefore used to evaluate ICA performance and to assist in 
determining the best number of components to estimate:

 1. Cluster separation: the extent of separation between clusters among inde-
pendent components found across bootstrapped samples. This was estimated 
internally as part of the Icasso package and provides an estimate of reliability 
and stability of independent components.

 2. Trial matching quality: the quality of the one-to-one matching of independ-
ent components across ICA trials. This quantified the reproducibility of 
independent components and was measured as the average distance between 
matching independent components of each trial and the reference trial.

 3. Independence index: the independence of components in the de-mixing ma-
trix. This was quantified as the reciprocal of the largest correlation coefficient 
between all pairs of components.

The ICA procedure described above, including bootstrap resampling and 
trial matching, was separately repeated for candidate models ranging from 3 to 30 
independent components. The optimal model (that is, the number of components) 
was informed by plotting the above measures of cluster separation, trial matching 
quality and independence index as a function of the number of components and 
identifying abrupt changes based on the elbow criterion (Supplementary Fig. 
24). While both cluster separation (Supplementary Fig. 24a) and trial matching 
quality (Supplementary Fig. 24b) showed abrupt reductions when moving from 
six to seven components, which suggests that six components was optimal, the 
independence index (Supplementary Fig. 24c) suggested that five components 
was most suitable. We could therefore narrow down model selection from 28 
candidates to only 2 candidate models: 5 or 6 independent components. To break 
the tie between these two models, the independent components constituting 
both models were visualized as word clouds, with the font size of each behavior 
scaled according to its de-mixing weight. Although, the five-component and 
six-component models were highly comparable, we selected the five-component 
model because it was the simpler model and enabled clear labeling of each 
independent component. The five independent components characterized 
cognitive performance, illicit substance use, tobacco use, personality and emotional 
traits, as well as mental health. Hence, the 109 behavioral items initially selected 
were decomposed into five independent components, which we refer to as 
behavioral dimensions (Fig. 8a,b and Supplementary Fig. 21).

NBS analysis. The NBS28 was used to test whether functional connectivity mapped 
within each parcellation scale (scales I–IV) significantly associated with any of 
the five behavioral dimensions. The NBS was applied independently to each 
dimension and parcellation scale. For each pair of regions, a general linear model 
was formulated in which functional connectivity was the dependent variable and 
the independent variables included an intercept term, the behavioral dimension 
(that is, the relevant column from the estimated independent sources) and 
confounds including head motion parameters summarized by the framewise 
displacement59 and total subcortical volume estimated by FreeSurfer (https://
surfer.nmr.mgh.harvard.edu/), as provided by the HCP. Given that age and sex 
were initially regressed from all behavioral scores before performing ICA, these 
potential confounds were not included in the statistical model. Each connection 
was endowed a t-statistic and a corresponding uncorrected P value for the null 
hypothesis that the association between functional connectivity and the behavioral 
dimension was not significantly different from zero. The premise of the NBS is 
to reject the null hypothesis for connected graph components28 rather than for 
individual connections, thereby relinquishing some precision in effect localization 
for a gain in statistical power. To this end, connected components were identified 
among the set of connections with a t-statistic exceeding 4. This t-statistic 
threshold was chosen to ensure that the smallest effect size of interest that could 
be detected was approximately a Cohen’s d of 0.1. The number of suprathreshold 
connections constituting each component defined the size of the component. 
Permutation testing was used to generate an empirical null distribution for 
component size. For each of the 10,000 permutations, an established method98 
was used to refit the general linear model to data in which the correspondence 
between individuals and behaviors was permuted. Permutation sequences were 
obtained using multilevel block permutation51,52 to ensure that the data were 
shuffled in a way that respected known familial relationships among individuals. 
In particular, each family could only be shuffled as a whole, and family members 
could only be permuted within their family. Dizygotic twins and non-twin siblings 
were assumed to share the same kinship and they could therefore be permuted. 
The size of the largest connected component was stored for each permutation 
to ensure control of the family-wise error rate across all components identified. 
The family-wise-error-corrected P value for an observed component was given 
by the proportion of permutations for which the largest component identified 
was larger than or equal in size to the observed component. The NBS was 
repeated independently for each of the five behavioral dimensions and for the two 
alternative hypotheses of positive and negative correlation. This resulted in a total 
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of ten multiple comparisons. The FDR was controlled at 5% across these multiple 
comparisons.

The NBS was performed on functional connectivity mapped using 3T-rfMRI 
data from the second acquisition (REST2) given that the new atlas was delineated 
using the first acquisition (REST1). The reproducibility of any significant 
associations identified with the NBS in REST2 were evaluated using functional 
connectivity mapped using 3T-rfMRI data from REST1. To enable comparisons, 
functional connectivity mapped with an alternative subcortex atlas (Subcortex-II)33 
was also tested for associations with behavioral dimensions following the same 
procedure described above.

Statistical analysis. Null hypothesis tests were used to perform statistical analyses. 
Statistical significance was determined using permutation tests and resampling. 
Specifically, for atlas delineation, the null hypothesis was that peaks in the gradient 
magnitude images were consistent with the geometry of the subcortex and/or 
fMRI confounds. The alternative hypothesis was that the peaks were larger than 
attributable to subcortical geometry and confounds. Each rejection of this null 
hypothesis provided evidence of a discrete boundary in subcortical topography. 
A dedicated geometry-preserving null model was developed to perform inference 
on the local maxima of the gradient magnitude images (see “Null model”). This 
facilitated the generation of an empirical null distribution for peak magnitudes 
by repeatedly drawing random samples from the null model. The P value for 
each peak was estimated as the proportion of samples constituting the null 
distribution with peaks that equalled or exceeded the magnitude of the actual peak 
(see “Boundary delineation”). The FDR was controlled at 5% across the set of all 
peaks identified at each scale using the Benjamini–Hochberg procedure. For the 
behavioral analyses, the null hypothesis was that the five behavioral dimensions did 
not explain significant individual variation in subcortical functional connectivity. 
This null hypothesis was tested using linear regression analysis and the NBS28. All 
null hypothesis tests were nonparametric and did not mandate strong assumptions 
about data normality.

Further methodological considerations. Connectivity gradients and subcortical 
geometry. A clear peak in the diversity curve separates the hippocampus and 
the thalamus (Fig. 2d). However, the transition between the hippocampus and 
the thalamus is narrow and represents a local constriction in the geometry of 
the subcortex. Because our resampling preserves the geometry of the empirical 
data, a relatively abrupt transition is also present between the thalamus and the 
hippocampus in the null data. In other words, the functional separation between 
the hippocampus and the thalamus can be largely explained by the intrinsic 
geometry of the subcortex. This does not imply that the hippocampus and the 
thalamus are not functionally separated, but simply suggests that the functional 
separation is consistent with the underlying geometry of the two structures and 
does not require an additional disruption in the functional connectivity gradients. 
Conversely, there are occasional peaks in the null diversity curves that are not 
present in the real data (for example, the broad peak within the caudate shown in 
Fig. 2c). This presumably arises when the local functional connectivity gradient 
is smoother (more homogenous) in the real data across a geometric feature than 
predicted by the null data.

Multiscale organization and model selection. Multiscale (hierarchical) organization 
is not necessarily a fait accompli of the recursive application of model selection. 
Indeed, we explicitly tested for the possibility of an absence of multiscale structure 
for each region comprising scale I, but found that the null hypothesis could 
be rejected for all regions, which is suggestive of a multiscale organizational 
structure. If we were unable to reject the null hypothesis, this would have instead 
suggested an absence of any multiscale structure. Furthermore, the number 
of scales substantially differed between subcortical nuclei. For example, the 
thalamus, the hippocampus and the caudate each comprised four levels, which 
suggests a deeper and more complex multiscale structure relative to the amygdala 
and the GP, which only comprised two levels. This is consistent with the greater 
organizational complexity of the thalamic nuclei, from molecular99 and cellular39 
to connectivity20,37 and function100,101. In contrast, the GP is primarily involved in 
the regulation of movement control102 and the amygdala plays an essential role in 
emotional processes103.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
Neuroimaging data analyses were undertaken using publicly available human 
neuroimaging datasets acquired and maintained by the HCP18. These datasets 
are available for download to anyone agreeing to the Open Access Data Use 
Terms (https://db.humanconnectome.org/). Access to family structure data and 
several behavioral measures requires acceptance of the HCP Restricted Data Use 
Terms (https://www.humanconnectome.org/study/hcp-young-adult/document/
restricted-data-usage). The independent validation dataset used to assess the 
reproducibility of the parcellation homogeneity results is currently not publicly 
available. The new atlas is openly available in the form of NIFTI (Neuroimaging 

Informatics Technology Initiative) and CIFTI (Connectivity Informatics 
Technology Initiative) files. To facilitate mapping of whole-brain connectomes, 
we have also integrated the new atlas into several well-known cortex-only 
parcellation atlases and the combined cortex–subcortex atlases are made openly 
available. Supplementary Table 5 provides details about the atlas formats that 
can be downloaded from the GitHub repository (https://github.com/yetianmed/
subcortex).

code availability
The Matlab (R2018b) codes to compute Laplacian eigenmaps, gradient magnitudes, 
diversity curves and other computational analyses undertaken as part of this study 
are openly available at https://github.com/yetianmed/subcortex. The following 
additional software packages used for this study are freely and openly available: 
Diffusion Toolkit (v.0.6.4.1) and TrackVis (v.0.6.1): http://trackvis.org/; NBS (v.1.2): 
https://www.nitrc.org/projects/nbs/; Icasso (v.1.21): https://research.ics.aalto.fi/
ica/icasso/; NeuroMArVL: https://immersive.erc.monash.edu/neuromarvl/; PALM 
(v.alpha116): https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM/ExchangeabilityBlocks; 
and fMRIPrep (v.1.5.9): https://fmriprep.org/en/stable/index.html.
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Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 

- Accession codes, unique identifiers, or web links for publicly available datasets 

- A list of figures that have associated raw data 

- A description of any restrictions on data availability

All primary analyses were undertaken on publicly available human neuroimaging, demographic and behavioral datasets acquired and maintained by the Human 

Connectome Project (HCP). These datasets are available for download to anyone agreeing to the open access data use terms (https://db.humanconnectome.org/). 

All datasets were acquired by the Washington University and University of Minnesota Consortium of the HCP. In the current work, minimally preprocessed resting-

state and task-evoked functional MRI datasets were used from the S1200 data release of the HCP. Access to family structure data for permutation testing and 

several behavioral measures required acceptance of the HCP Restricted Data Use Terms (https://www.humanconnectome.org/study/hcp-young-adult/document/

restricted-data-usage).  

The independent resting-state functional MRI dataset comprising ten healthy adults was acquired in Australia to test the reproducibility of the parcellation 

homogeneity results. This dataset is currently not publicly available.  

The new atlas developed in this study is openly available (https://github.com/yetianmed/subcortex) in the form of NIFTI (Neuroimaging Informatics Technology 

Initiative) and CIFTI (Connectivity Informatics Technology Initiative) files. Further details are provided on the GitHub repository. 

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size Human neuroimaging data acquired as part of the Human Connectome Project S1200 release (n=1113, Van Essen et al 2013) were analyzed in 

this study. The primary dataset comprised 1080 individuals (585 females) who had completed all two runs in the first 3T resting-sate 

functional MRI session (REST1). The second 3T resting-state functional MRI session (REST2, n=1021, 550 females) was used for replication. 

Participants ranged between 22 and 37 years of age.  

In addition to the primary datasets, 7 Tesla resting-state functional MRI (n=183, 111 females) and 3 Tesla task-evoked functional MRI (n=725, 

365 females) images were analyzed to address the study aims. 

No statistical methods were used to pre-determine sample sizes. All relevant and appropriate data provisioned by the Human Connectome 

Project were included to maximize sample sizes.  

An independent resting-state functional MRI dataset comprising 10 healthy adults (mean age 26±2.1yrs, 6 males) was used to test the 

reproducibility of the parcellation homogeneity results. The independent validation dataset was used to provide an additional validation for 

the parcellation homogeneity results and was sufficient to replicate these results.  

Data exclusions Each resting-sate functional MRI session (REST1 and REST2) comprising two runs. Participants that had completed at least two runs in each 

dataset were included. As a consequence, a total of 33 of the original 1113 participants (2.9%) were excluded from REST1, and 92 (8.2%) 

individuals were excluded from REST2 due to absence of one of the two resting-state functional MRI runs in each session, respectively. For 

behavioral analyses, an additional 155 participants (13.9%) with missing behavioral responses for any one of the 109 behavioral items were 

excluded. This yielded a final sample size comprising 958 individuals (505 females) for the analyses relating subcortical functional networks to 

behavioral dimensions. All exclusions were performed before undertaking any analyses and inference. 

Replication Reproducibility of the current work was established by analyzing: i) two fMRI data sessions; ii) two different magnetic field strengths (3T and 

7T); iii) two image modalities (task and rest); and, iv) an independent validation dataset (parcellation homogeneity).  

Specifically, the 1113 individuals comprising the primary dataset participated in two separate resting-state functional MRI sessions (REST1 and 

REST2). The relation between subcortical connectivity and behavior was identified in REST2 and subsequently reproduced in REST1. This 

established reproducibility in the context of MRI inter-session variability. The relation between subcortical connectivity and behavior was 

reproduced for each of the four atlas scales (Scale I-IV).    

The new atlas was delineated using 3 Tesla and 7 Tesla resting-state functional MRI. While 7 Tesla unveiled finer subdivisions of hippocampus 

and amygdala, compared to 3 Tesla, the atlas showed significant spatial concordance between the two field strengths (normalized mutual 

information > 0.8).   

The parcellation homogeneity was estimated using the second 3T MRI session (REST2), whereas the first session (REST1) was used for atlas 

delineation. Moreover, the parcellation homogeneity results were replicated in an independent validation dataset comprising ten healthy 

adults. 

Randomization Participants were not allocated to experimental groups. Randomization was therefore not applicable. Further details pertaining to 

experimental design are described by Van Essen et al (2013). For permutation testing, permutation sequences were constrained to control for 

family structure. For behavioral analyses, covariates that were controlled as part of the general linear model included head motion 

parameters and subcortical volumes. Age and sex were regressed from all behavioral items before performing ICA. 

Blinding Participants were not allocated to experimental groups during recruitment, data processsing and/or statistical analyses. Blinding was 

therefore not applicable. 
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Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 

system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems

n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology

Animals and other organisms

Human research participants

Clinical data

Methods

n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Human research participants

Policy information about studies involving human research participants

Population characteristics The primary dataset comprised 1080 healthy young adults ranging between 22 and 37 years of age (585 females). The Human 

Connectome Project aimed to recruit a cohort that was generally representative of the population at large, thereby capturing a 

wide range of variability in healthy individuals with respect to behavioral, ethnic, and socioeconomic diversity (Van Essen et al 

2013). See Van Essen et al (2013) for further details.  

Van Essen et al (2013) The WU-Minn Human Connectome Project: An Overview. NeuroImage. 80:62-79 

 

The independent validation dataset was acquired in Australia and comprised 10 healthy adults (mean age 26±2.1yrs, 6 males). 

Recruitment The Human Connectome Project made efforts to recruit participants broadly reflecting the ethnic and racial composition of the 

U.S. population as represented in the 2000 decennial census (Van Essen et al 2013). Exclusion criteria included severe 

neurodevelopmental disorders, documented neuropsychiatric disorders or neurologic disorders. Individuals with illnesses such 

as diabetes or high blood pressure were also excluded during recruitment. See Van Essen et al (2013) for further details.  

Detailed exclusion criteria:  

1. Significant history of psychiatric disorder, substance abuse, neurological, or cardiovascular disease 

  a) Participant report of diagnosis by a treating physician; or   

  b) Hospitalization for the condition for two days or longer; or 

  c) Pharmacologic or behavioral treatment by a cardiologist, psychiatrist, neurologist, or endocrinologist for a period of 12 

months or longer, other than treatment for childhood-only ADHD. 

2. Participant report of diagnosis by a treating physician; or 

3. Hospitalization for the condition for two days or longer; or 

4. Participant report of diagnosis by a treating physician; or 

5. Hospitalization for the condition for two days or longer; or 

6. Pharmacologic or behavioral treatment by a cardiologist, psychiatrist, neurologist, or endocrinologist for a period of 12 

months or longer, other than treatment for childhood-only ADHD. 

7. Two or more seizures after age 5 or a diagnosis of epilepsy 

8. Any genetic disorder, such as cystic fibrosis or sickle cell disease 

9. Multiple sclerosis, cerebral palsy, brain tumor or stroke 

10. Any of the following head injuries 

   a) Loss of consciousness for > 30 minutes; or 

   b) Amnesia for > 24 hours; or 

   c) Change in mental status for > 24 hours; or 

   d) CT findings consistent with traumatic brain injury; or 

   e) Three or more concussive (mild) incidences of head injury 

11. Premature birth (for twins, before 34 weeks; for non-twin siblings, before 37 weeks. If weeks unknown, less than 5 lbs. at 

birth for non-twins) 

12. Currently on chemotherapy or immunomodulatory agents, or history of radiation or chemotherapy that could affect the 

brain. 

13. Thyroid hormone treatment in the past month 

14. Treatment for diabetes in the past month (other than gestational or diet-controlled diabetes) 

15. Use of daily prescription medications for migraines in the past month 

16. A score of 25 or below on the Folstein Mini Mental State Exam on visit Day 1 

17. Moderate or severe claustrophobia 

18. Pregnancy 

19. Unsafe metal in the body 

 

The independent validation dataset was recruited from the general community. Individuals aged between 18 and 65 years were 

eligible. Exclusion criteria included neurodevelopmental disorders, neurologic disorders and/or neuropsychiatric disorders.  

Ethics oversight The HCP datasets were acquired by the WU-Minn HCP consortium with local human research ethics approval and shared with 
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Ethics oversight the authors in accordance with the WU-Minn HCP Consortium Open Access and Restrict Data Use Terms. Our use of HCP 

datasets and our recruitment of the independent dataset complied with the Australian NHMRC national framework for the 

conduct of human research. Informed consent was obtained from all the participants. 

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Magnetic resonance imaging

Experimental design

Design type Resting-state and task block/event design function MRI. Resting state: 3 and 7 Tesla. Task: 3 Tesla. 

Design specifications The resting-state functional MRI design is described in Glasser et al (2013), while the task-evoked functional MRI design 

is described in Barch et al (2014). Seven distinct tasks were chosen to tap a broad range of cognitive and affective 

processes and activated a wide range of neural systems. The tasks considered were emotion processing, gambling, 

language processing, motor execution, relational matching, social inference and working memory. The number of 

blocks/events varied according to the specific task.  

 

Glasser et al (2013) The minimal preprocessing pipelines for the Human Connectome Project. NeuroImage. 80:105-24 

Barch et al (2014) Function in the human connectome: task-fMRI and individual differences in behavior. NeuroImage. 

80:169-89  

Behavioral performance measures An extensive set of task performance measures were acquired by the Human Connectome Project. Behavioral items 

relating to task performance in emotional processing, language processing, social recognition, motor execution, working 

memory, relational matching and reward/decision making processing were included in the mapping of behavioral 

dimensions. Further details pertaining to task-evoked functional MRI are provided in Barch et al (2014).

Acquisition

Imaging type(s) Functional magnetic resonance imaging

Field strength 3 Tesla and 7 Tesla

Sequence & imaging parameters HCP datasets: 

3T functional MRI sequence: Gradient-echo EPI; Imaging parameters: TR=720ms, TE=33.1ms, flip angle=52 degrees, 

FOV=208x180mm, Matrix=104x90, Slice thickness=2.0mm, 72 slices and 2.0 mm isotropic voxels, alternated LR and RL 

phase encoding. 

 

7T functional MRI sequence: Gradient-echo EPI; Imaging parameters: TR=1000ms, TE=22.2ms, flip angle=45 degrees, 

FOV=208x208mm, Matrix=130x130, Slice thickness=1.6mm, 85 slices and 1.6 mm isotropic voxels, alternated AP and PA 

phase encoding. 

 

Independent validation dataset:  

3T functional MRI sequence: Gradient-echo EPI; Imaging parameters: TR=810ms, TE=30ms. flip angel=53 degrees,  

FOV=240x256mm, Matrix=106x106, Slice thickness=2.0mm, 72 slices and 2.0 mm isotropic voxels, PA phase encoding. 

Area of acquisition Whole brain scan

Diffusion MRI Used Not used

Preprocessing

Preprocessing software HCP datasets: 

Minimally preprocessed resting-state and task fMRI data were sourced from the Human Connectome Project. Details of 

the minimal preprocessing pipeline can be found elsewhere (Glasser et al., 2013). The minimally preprocessed data 

were subjected to two additional operations. First, spatial smoothing was performed with a Gaussian smoothing kernel 

of 6mm FWHM (full width at half maximum) for 3T and 4mm FWHM for 7T images. Second, to further improve 

subcortical SNR and suppress the effects of unstructured and autocorrelated noise that share similar temporal and 

spatial properties, the fMRI time series were reconstructed from a principal component analysis (PCA), where the 

components were filtered according to an empirically-fitted Wishart distribution to dampen the effects of noise (Glasser 

et al., 2016). Custom code to perform these two steps are available in a community repository (https://github.com/

yetianmed/subcortex). 

 

Independent validation dataset: 

Resting-state fMRI data were preprocessed using fMRIPrep-1.5.9 (Estenban et al., 2019). 

 

Esteban O, Markiewicz CJ, Blair RW, Moodie CA, Isik AI, Erramuzpe A, Kent JD, Goncalves M, DuPre E, Snyder M, Oya H, 

Ghosh SS, Wright J, Durnez J, Poldrack RA, Gorgolewski KJ. 2019. fMRIPrep: a robust preprocessing pipeline for 

functional MRI. Nature methods. 16:111-116.

Normalization The functional images were spatially aligned to the MNI (Montreal Neurological Institute) standard space using the 

FNIRT nonlinear registration algorithm as part of the minimal preprocessing pipeline (Glasser et al., 2013).
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Normalization template MNI ICBM 152 nonlinear 6th generation

Noise and artifact removal HCP datasets:  

The correction of head motion and spatially structured physiological noise were performed with ICA+FIX (Salimi-

Khorshidi et al.,2014; Griffanti et al., 2014) as part of the minimal preprocessing pipeline (Glasser et al., 2013). A 

summary measure of head motion was included as a covariate when testing for associations between behavioral 

associations and connectivity.   

 

Independent validation dataset:  

Confounds including the 24 head motion parameters (six basic motion parameters + six temporal derivatives + 12 

quadratic terms and their six temporal derivatives), mean white matter and CSF signals were computed and regressed 

from the preprocessed fMRI data for each individual. The residuals of this regression were then subjected to spatial 

smoothing with a Gaussian smoothing kernel of 6mm FWHM and Wishart filtering. 

Volume censoring Volume censoring was not performed on this data.

Statistical modeling & inference

Model type and settings Univariate (linear regression), multivariate (principle component analysis and independent component analysis) and 

predictive (support vector machine learning)

Effect(s) tested For atlas delineation, the null hypothesis was that peaks in the gradient magnitude images could be explained by 

geometry and/or other confounds. A dedicated geometry-preserving null model was developed to perform inference on 

the local maxima of the gradient magnitude images.  

For the behavioral analyses, the null hypothesis was that the five behavioral dimensions did not explain significant 

individual variation in subcortical functional connectivity. This null hypothesis was tested using linear regression analysis 

and the network-based statistic.

Specify type of analysis: Whole brain ROI-based Both

Anatomical location(s)
The probabilistic Harvard-Oxford Subcortical Structural Atlas (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases) 

was used to delineate a binary mask for each of the following subcortical regions: thalamus, caudate, 

putamen, nucleus accumbens, globus pallidus, hippocampus and amygdala.

Statistic type for inference
(See Eklund et al. 2016)

Non-parametric permutation testing, network-based statistic (Zalesky et al., 2010)

Correction Non-parametric permutation testing, FDR correction and Bonferroni correction.

Models & analysis

n/a Involved in the study

Functional and/or effective connectivity

Graph analysis

Multivariate modeling or predictive analysis

Functional and/or effective connectivity Pearson correlation and Fisher transformation.

Graph analysis The Louvain community detection algorithm (Blondel et al., 2008) was used to determine the modular 

structure in the subcortical functional connectivity matrix. 

Multivariate modeling and predictive analysis In the analysis of mapping functional connectivity and eigenmaps, whole-brain functional connectivity was 

mapped for each subcortex voxel. Spatial gradients in the resulting maps were then computed to yield a 

continuous representation of functional connectivity variation across the subcortex. Connectopic mapping 

(Haak et al., 2017) was used to map spatial gradients for each individual, which involved computing a 

sequence of eigendecompositions to yield a Laplacian eigenmap (Belkin et al.,2003). 

 

In the analysis of personalized parcellation, a machine learning approach was used to personalize the 

group-consensus parcellations and distinguish individual differences in functional organization, yielding a 

unique parcellation for each individual. A binary support vector machine (SVM) classifier was trained to 

classify whether a voxel resided in the region or its uncertainty zone. One hundred individuals were 

randomly selected to train the SVM and the trained SVM was then applied to delineate a personalized 

parcellation for the remaining 921 individuals. The SVM feature space was defined over the symmetric 

similarity matrix, where each cell in this matrix stored the similarity in functional connectivity fingerprints 

between a pair of subcortex voxels. The feature vector for a particular voxel was selected as the relevant 

row in this matrix. The feature space was mapped separately for each individual and required computation 

of individual similarity matrices. A radial basis function kernel was used and the feature space was 

standardized. For each of the 921 individuals in the test set, the SVM was used to predict the likelihood 

(posterior probability) of each voxel belonging to the region under consideration, as opposed to belonging 

to the region’s uncertainty zone.  
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In the analysis of relating subcortical functional network to behaviors, independent component analysis 

(ICA) was used to reduce the set of behavioral measures to a set of latent dimensions, with the aim of 

performing inference on the dimensions rather than the full set of behaviors. Before performing ICA, 

behavioral items with continuously distributed scores (87 of 109) were normalized with a rank-based 

inverse Gaussian transformation. Age and sex were then regressed from all items and ICA was performed 

on the residuals that resulted from this regression. 
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Supplementary Figures 

All anatomical images and renderings are shown in Montreal Neurological Institute (MNI, 6th 

generation) anatomical reference space. Slice location of images is indicated in MNI 

coordinates (millimeters). Background images are derived from the MNI152 standard-space 

T1-weighted average reference image. For visualization of the 7T atlas, the reference image 

was resliced to the resolution of the 7T functional MRI data.   
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Figure 1. Mapping of Gradient II and III. Group-consensus eigenmaps, tensors and gradientography for Gradient II (a) and Gradient III (b). Gradients were mapped to 

subcortical voxels to enable anatomical visualization. Eigenmaps for each gradient are shown as axial slices, with a reference structural MRI image used as the background. 

The Sobel operator was used to estimate the local gradient direction and magnitude for each subcortical voxel. The arrows shown point in the direction of the estimated 

gradients. Arrow lengths are commensurate with gradient magnitude. Tensors were fitted to the gradient field. Tensors are colored according to gradient direction (blue: 

superior-inferior, red: left-right, green: posterior-anterior). Long cigar-shaped tensors indicate large gradient magnitudes. Streamlines were propagated through the tensor 

field using tools for diffusion MRI tractography. Streamlines are colored according to eigenmaps (second from right) and gradient magnitude (rightmost). Local maxima in 

the gradient magnitude are evident within circumscribed bands along streamlines, indicating putative functional boundaries. While Gradient I characterized an ipsilateral 
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organizational axis with extremes located at amygdala and globus pallidus (see Figure 1b), Gradient II and III maximally differentiated contralateral regions in dorsal (bilateral 

globus pallidus) and ventral (bilateral amygdala), respectively. Of note, the anterior-posterior or rostrocaudal axis explains much of the spatial variation in cortical 

microstructure, which is evident in a broad range of the mammalian species, including rodents, marsupials and primates1-4. This rostrocaudal organization also aligns with 

the spatial gradients in neurodevelopment5, 6.    
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Figure 2. Variance explained by successive gradients. Variance explained in subcortical functional connectivity 

by successive gradients (Laplacian eigenvectors) shown as a function of gradient index, ordered from smallest 

to largest eigenvalue. The eigenvector associated with the second smallest eigenvalue is labelled Gradient I, 

while the eigenvector with the third smallest eigenvalue is labelled Gradient II, and so on. The variance explained 

by the first 20 eigenvectors is shown. The variance explained by Gradient IV and beyond falls below 5%, and thus 

only Gradients I-III are analyzed in this study. 
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Figure 3. Impact of left-right symmetrization on gradient magnitude images. Left-right symmetrization was 

performed to enhance the signal-to-noise ratio. a, Gradient magnitude images for Gradient I-III without left-

right symmetrization. Images show a large degree of left-right symmetry, even without explicit symmetrization.  

b, Left-to-right symmetrized gradient magnitude images. Images are shown as axial slices, with a reference 

structural MRI image used as the background. The same axial slice is used for all images.   
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Figure 4. Spatial variation in primary MRI signal properties in the subcortex. a, Signal-to-noise ratio (SNR) was 

computed for each subcortical voxel by averaging the signal intensity across all time frames in each run of the 

preprocessed fMRI data and normalizing by the standard deviation over time7. SNR was averaged across runs 

for each individual and then averaged across individuals (REST1, n=1080) to yield a group-consensus subcortical 

SNR map. b, Blood-oxygenation level dependent (BOLD) signal magnitude was computed for each subcortical 

voxel by calculating the root mean squared (RMS) of the signal intensity over time. RMS was then averaged 

across individuals, yielding a group-consensus subcortical BOLD signal magnitude map. c, Group-averaged 

(S1200) T1-weighted contrast in the subcortex resliced to 2mm isotropic voxel resolution. d, Group-averaged 

(S1200) T1/T2-weighted contrast resliced to 2mm isotropic voxel resolution. The spatial correlation between 

each of the four group-consensus signal maps and the connectivity gradient magnitude map (Figure 6a) was 

quantified by the Spearman correlation coefficient (SNR: r=-0.21; RMS: r=0.42; T1-weighted: r=0.02; T1/T2-

weighted: r=0.02).The four group-consensus signal maps were then projected onto the previously mapped 

streamlines (Figure 2), yielding dorsal and ventral diversity curves (black) for each of the four signal maps. The 

diversity curves for each of these four measures do not recapitulate peaks in the gradient magnitude images 

(light gray), suggesting that spatial variation in structural factors and SNR does not appear to confound the 

computation of functional connectivity gradients. 
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Figure 5. Testing whether gradient magnitude peaks are large enough to warrant boundary delineation. Null 

data was generated to test the null hypothesis that a gradient magnitude peak was due to chance, the geometry 

of the subcortex and/or other confounds. The alternative hypothesis was that the peak demarcated a discrete 

boundary in functional connectivity topography. a, Graph defined by the sparse adjacency matrix ! computed 

from empirical fMRI data (observed data) is compared to one rewired graph generated from the null data (!"!). 

Nodes in the graph correspond to subcortical voxels. Edges (solid red lines) are drawn between voxels that share 

similar functional connectivity profiles. Axial slices from the gradient magnitude images are shown in the 

background of each graph. It should be noted that very few edges in the graph for ! (observed data) traverse 

the functional boundary between globus pallidus and putamen (indicated by orange arrows), whereas the graph 

for !"! (null data) comprises a number of rewired edges that cross this boundary. Therefore, unlike the observed 

data, a peak in the gradient magnitude image between the globus pallidus and putamen is absent in the null 

data, suggesting that the null hypothesis can be rejected for this particular boundary. Indeed, this was confirmed 

by generating 100 rewired graphs (!"!,	!"",…,	!"!##) and showing that the proportion of rewired graphs with 

peaks at this location that exceeded the peak in ! did not exceed 5%. b, Hypothetical example demonstrating 

how the effect of geometry alone can intrinsically lead to delineation of spurious boundaries. Edges (solid red 

lines) were randomly placed between pairs of neighboring pixels residing within a hypothetical bow-tie shaped 

object (left). Random placement of edges between neighboring pixels is consistent with the null hypothesis of a 

uniform spatial gradient (i.e. rate of change in gradient is homogenous across the extent of the bow tie). The 

Laplacian eigenmap (center) and the eigenmap’s gradient magnitude (right) is shown for the graph (left). Note 

the peak in the gradient magnitude image that is located at the knot of the bow tie (indicated by the orange 

arrow), providing evidence for a putative boundary, despite the null hypothesis being true by design. The 
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gradient magnitude peak is exclusively due to the geometric constriction owing to the knot. Edges are more 

likely to be placed within the ends of the bow tie, rather than within the knot, because the ends occupy a 

comparably larger area. This hypothetical example demonstrates the importance of accounting for geometry 

when generating null data to test whether gradient magnitude peaks are sufficiently large to warrant boundary 

delineation. Without accounting for the effect of geometry, specious boundaries could potentially be delineated 

due to the convoluted geometry of the subcortex. 
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Figure 6. Criteria used to justify boundary delineation. Model selection and null hypothesis testing was used to 

determine whether gradient magnitude peaks were sufficiently large to warrant boundary delineation. This 

process was repeated recursively for each new region delineated, unveiling a multiscale parcellation 

architecture. The parcellation hierarchy is visualized in the form of a circular tree. The central node represents 

the entire subcortex and other nodes represent distinct regions. Regions are arranged within four concentric 

circles, where the innermost circle (gray) is the first level (Scale I). Nodes are colored according to criterion used 

to justify further boundary delineation within the region or to terminate the branch of the hierarchy. For the 

vast majority of regions, null hypothesis testing determined whether or not a boundary was delineated.  

However, additional criteria were used for three regions (see Methods). Green: null rejected, parcellate; green 

with yellow circle: null rejected, but size criterion violated and resulting parcels considered too small to delineate 

(size criterion); red: null not rejected, no parcellate. † : prior knowledge criterion; 	‡ : inter-hemispheric 

homologue criterion. If the size criterion were to be relaxed, the dorsoanterior caudate (CAU-DA) would be 

subdivided into inferior and superior component. 
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Figure 7. Organization of connectivity gradients in the human subcortex. a, The quiver lines represent gradient 

directions for each voxel. Each quiver is colored according to gradient direction (red: left-right, green: posterior-

anterior, blue: superior-inferior) and scaled to unit length. b, Gradients are hierarchically organized along the 

parcellation hierarchy. Local gradient direction in each subcortical voxel was estimated within each region at 

each atlas scale (Scale I–IV).  
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Figure 8. Schematic of fMRI data preprocessing and boundary delineation. a, The minimally preprocessed and 

denoised (ICA+FIX) fMRI data were sourced from the HCP. The preprocessed data were spatially smoothed and 

then adjusted using a recently developed Wishart filter8, 9 to further improve the signal-to-noise ratio. The 3T 

images were smoothed with a Gaussian smoothing kernel of 6mm FWHM (full width at half maximum), whereas 
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4mm FWHM was used for the 7T images. Using the preprocessed fMRI data, functional connectivity (FC) was 

then measured between each subcortical voxel and all other cortical and subcortical voxels, as shown in Figure 

1a. A similarity matrix was computed for each individual to quantify the extent of similarity in the functional 

connectivity profiles of all pairs of subcortical voxels. b, Boundary delineation pipeline. The subcortex was 

recursively parcellated into increasingly fine functional subdivisions, until the null hypothesis of a single, 

continuous region with no discrete boundaries could no longer be rejected, yielding a multiscale characterization 

of subcortical architecture. Rejection of the null hypothesis indicated that further subdivision of a region was 

warranted, leading to delineation of a finer scale. Model selection refers to the decision of whether to delineate 

a discrete boundary or represent spatial variation in functional connectivity as a gradual continuum. The arrow 

connecting the end of the pipeline to the beginning indicates the recursive nature of the pipeline, where each 

new recursion designates a finer parcellation scale. The flowchart shows that the entire pipeline (i.e. gradient 

mapping, null data and model selection) is performed separately for each newly delineated region, until the null 

hypothesis cannot be rejected.   Model selection was performed differently for Scale I compared to the finer 

scales. For Scale I, where multiple candidate boundaries were observed, local peaks in the gradient magnitude 

in the diversity curves generated from the empirical data were benchmarked against the diversity curves 

generated with the null model (blue blocks). Model selection was performed to test whether the peak 

magnitude was sufficiently large (i.e. exceeded the null distribution) to warrant boundary demarcation. Next, 

the watershed transform algorithm was used to segment subcortical voxels into contiguous parcels. For finer 

scales (Scale >1), where regions were small and usually comprised a single candidate boundary, the Kolmogorov-

Smirnov (KS) test was used to assess the null hypothesis of equality in the distribution across voxels between 

the observed gradient magnitudes and the null gradient magnitudes. The null hypothesis was rejected if the tail 

of the distribution of the gradient magnitude was longer in the empirical data. Other criteria that informed the 

decision of boundary delineation include: i) minimum size criterion to avoid excessively small regions; ii) prior 

anatomical knowledge; and, iii) presence of inter-hemispheric homologues. Similarly, the watershed transform 

algorithm was used to generate subcortical parcels. See Figure 1 for detailed gradient mapping and 

gradientography pipelines. 
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Figure 9. Spatial correspondence between the new atlas and histological parcellations of thalamus and 

hippocampus. a, Dice coefficient is shown between each thalamic anatomical nucleus comprising an existing 

histological atlas10 (vertical axis) and each functional thalamic region delineated at Scale IV (horizontal axis). 

Despite the mismatch in parcellation resolution, several thalamic regions comprising the new atlas can be 

uniquely mapped to one, or a cluster, of histologically delineated nuclei. For example, THA-DP uniquely maps to 

PuM, whereas THA-VPm maps to Pf, CM and Li. The spatial correspondence is moderate to good (Dice coefficient: 

0.3-0.7), although several histological nuclei cannot be uniquely assigned to a region in the new atlas (e.g. SG). 

Abbreviations of anatomical nuclei: PuL, inferior pulvinar; SG, suprageniculate nucleus; MGN, medial geniculate 

nucleus; PuM, medial pulvinar; Po, posterior pulvinar; Li, limitans nucleus; CM, centre median nucleus; Pf, 

parafascicular nucleus; LGNmc, lateral geniculate nucleus (manocellular part); LGNpc, lateral geniculate nucleus 

(parvocellular part); PuL, lateral pulvinar; PuA, anterior pulvinar; VPm, ventral posterior medial nucleus; VPi, 

ventral posterior inferior nucleus; VPLa, ventral posterior lateral nucleus (anterior part); VPLp, ventral posterior 

lateral nucleus (anterior part); VLpv, ventral lateral posterior nucleus (ventral part); VLa, ventral lateral anterior 

nucleus; VM, ventral medial nucleus; MDpc, mediodorsal nucleus (parvocellular part); MDmc, mediodorsal 

nucleus (manocellular part); CeM, central medial nucleus; VAmc, ventral anterior nucleus (magnocellular part); 

MV, medioventral nucleus; AM, anterior medial nucleus; VApc, ventral anterior nucleus (parvocellular part); AV, 

anterior ventral nucleus; VLpd, ventral lateral posterior nucleus (anterior part); LD, lateral dorsal nucleus; CL, 

central lateral nucleus; LP, lateral posterior nucleus. b, Dice coefficient is shown between each hippocampal 

subfield11, 12 (vertical axis) and each functional hippocampal region delineated at Scale IV (horizontal axis). Unlike 

the thalamus, spatial correspondence between the histologically defined hippocampal subfields and the new 

atlas is relatively poor. This is because the subfields are delineated approximately parallel to the longitudinal 

hippocampal axis, whereas hippocampus is parcellated perpendicular to this axis in the new atlas.  CA, cornu 

ammonis subfield. Dentate, dentate gyrus.
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Figure 10. Projection of gradients within specific subcortical nuclei onto the cortical surface. Connectivity 

gradients within hippocampus (a) striatum (b), and thalamus (c) are shown as projections on the cortical surface 

for Gradient I. Eigenmaps for Gradients II and III are shown in anatomical space. a, Cortical surface projections 

show that progressively more anterior areas of hippocampus project to progressively more ventromedial parts 

of the frontal and cingulate cortices. b, The dominant striatal gradient separates putamen, NAc and caudate, 

with NAc and caudate differentially projecting to association networks (i.e. default mode13 and frontoparietal 

network14) along a ventromedial-to-dorsolateral gradient, and putamen widely projects to other parts of the 

brain. In contrast, the second and third striatal gradients, are organized along a dorsal-to-ventral axis15-17. c, The 

anterior thalamus is primarily connected to dorsoanterior cingulate, dorsolateral prefrontal, medial superior 

frontal and anterior insular cortices, which together form the cingulo-opercular network18, 19. In contrast, the 

middle-to-posterior thalamus is widely connected to unimodal and multimodal areas, including somatosensory, 

motor, premotor, visual and auditory cortices, as well as orbital frontal cortex. Gradient I (eigenmap) was 

projected onto the cortical surface by coloring cortical vertices according to the subcortical voxel with which 

they were most strongly connected. White arrows indicate principal gradient directions. Functional connectivity 

between each subcortical voxel and cortical vertex was computed using the preprocessed dense connectome 

matrix (S1200 release) from the HCP, where the functional connectivity between all pairs of grayordinates 

(subcortical voxels and cortical vertices) was averaged across 812 individuals and across four runs. 
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Figure 11. Schematic of parcellation homogeneity estimation. a, Schematic and formula representing the 

computation of parcellation homogeneity. Functional MRI time series for each voxel in a given region were 

concatenated, yielding a matrix of dimension & × (, where & and ( denote the number of voxels comprising 

the region and the number of time frames, respectively. Following previous work20, principal component analysis 

(PCA) was applied to this matrix and the variance explained by the first principal component was estimated and 

referred to as regional homogeneity. The regional homogeneity was computed for each region and for each 

individual separately. For each individual, regional homogeneity was then averaged across all regions, yielding 

an overall estimate of parcellation homogeneity. b, Images show anatomical visualizations of the Scale I atlas 

(leftmost) and three instantiations of randomized versions of the atlas (right images). The random parcellations 

comprise an identical number of regions and comparable distribution of region sizes.  
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Figure 12. Parcellation homogeneity of the new and existing subcortical parcellation atlases. a, Parcellation 

homogeneity of the new atlas within the hippocampus (HIP), thalamus and striatum were benchmarked to 

random parcellations comprising an identical number of regions and a comparable distribution of region sizes. 

The p-value shown for each atlas is the proportion of random parcellations (n=100) comprising the ensemble 

with equal or greater homogeneity than the observed parcellation (one-sided). b, Parcellation homogeneity of 

five existing atlases was benchmarked to random parcellations comprising an identical number of regions and a 

comparable distribution of region sizes. Violin plots show the distribution of parcellation homogeneity measured 

within ensembles of 100 such random parcellations. Red dots and horizontal red lines indicate the observed 

parcellation homogeneity values. Bottom and top edges of the boxes indicate 25th and 75th percentiles of the 

distribution, respectively. The central mark indicates the median. The whiskers extend to the most extreme data 

points that are not considered outliers (1.5 × interquartile range). The vertical axis is omitted to aid visualization. 

See Supplementary Table 3 for details pertaining to each atlas. 
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Figure 13. Parcellation homogeneity estimated in an independent validation dataset. Parcellation 

homogeneity was investigated in an independent dataset comprising 10 healthy individuals (Supplementary 

Table 1) to exclude potential circularity confounds. a, Parcellation homogeneity of the new subcortex atlas was 

estimated and benchmarked to random parcellations of the subcortex comprising an identical number of regions 

and a comparable distribution of region size. The same computations performed on the primary dataset were 

repeated on the validation dataset (see Methods and Figure 5). Violin plots show the distribution of parcellation 

homogeneity measured within ensemble of 100 random parcellations. One-sided p-value shown for each scale 

is the proportion of random parcellations comprising the ensemble that were more homogenous than the 

observe parcellation. Horizontal red lines indicate the observed parcellation homogeneity values. Bottom and 

top edges of the boxes indicate 25th and 75th percentiles of the distribution, respectively. The central mark 

indicates the median. Whiskers extend to the maximum and minimal data points that are not considered outliers. 

The vertical axis is omitted to aid visualization. The null hypothesis of parcellation homogeneity that is no better 

than chance could be rejected for all scales, except Scale I. b, Parcellation homogeneity comparison between 

the new atlas and existing parcellation atlases of the entire subcortex and specific subcortical nuclei 

(Supplementary Table 3). Parcellation homogeneity was computed separately for each individual (n=10) and 

normalized by the random parcellation homogeneity, yielding and observed-to-null ratio. The box plots show 

the distribution of this ratio across individuals for the new (turquoise) and existing (violet) parcellation atlases. 

Homogenous parcellations have a ratio that exceeds one. Bottom and top edges of the boxes indicate 25th and 

75th percentiles of the distribution, respectively. The central mark indicates the median. The whiskers extend 

to the most extreme data points that are not considered outliers (1.5 × interquartile range). 

Chapter 5

187



 

 
Figure 14. Quantifying the extent to which task-evoked activity is circumscribed to regions comprising the 

atlas for Scale I-IV. Task-evoked activity for seven distinct task conditions was computed by averaging over all 

blocked contrasts21 and across 997 individuals (https://balsa.wustl.edu/), yielding a group- and contrast-

averaged effect size map (Cohen’s )) for each task condition. a, The standard deviation in task-evoked activity 

(i.e. effect size maps) was computed across voxels comprising each region and then averaged over all regions. 

This was repeated for Scale I-IV. The lower the standard deviation, the more circumscribed task-evoked activity 

was to particular atlas regions. The standard deviation was computed in the same way for ensembles of random 

subcortical parcellations (n=100). This enabled testing of the null hypothesis that the extent to which task-

evoked activity was circumscribed to specific atlas regions was no greater than expected for a random 

parcellation. Violin plots show the distribution of standard deviation computed within ensembles of 100 random 

parcellations and red dots indicate the observed standard deviation values. b, Examples of activation 

homogeneity in each region at Scale I-IV in the emotional processing task. 
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Figure 15. 3 Tesla and 7 Tesla subcortex parcellation at Scale IV. A total of four hierarchical scales were 

delineated using both 3T and 7T resting-state functional MRI (rfMRI) to parcellate the subcortex. Images show 

sagittal (x), coronal (y) and axial (z) slices from the group-consensus atlas at Scale IV delineated using 3T (a) and 

7T (b) functional MRI. Scale IV at 3T comprises 27 bilateral regions, whereas Scale IV comprises 31 bilateral 

regions at 7T. The additional regions delineated at 7T include central and superior subregions of the medial 

amygdala, lateral and medial subregions of the hippocampal body, superior and inferior subregions of the lateral 

hippocampal head, and one more subregion in thalamus. All slice coordinates are indicated relative to MNI space 

(mm). A reference structural MRI image is used as the background. Homologous regions are colored identically.      
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Figure 16. Quantitative comparison between 3 Tesla and 7 Tesla atlas across parcellation scales. a, Images 

show axial slices from the 3T and 7T group-consensus atlases across the four hierarchical parcellation scales 

(Scale I-IV, left to right). b, Spatial correspondence between the 3T and 7T atlas was estimated at each 

parcellation scale using normalized mutual information (NMI). NMI between 3T and 7T atlas (NMI, Scale I: 0.93; 

II: 0.88, III: 0.84, IV: 0.83, green) was benchmarked against ensembles of 100 random parcellations (3T-Rand, 

orange; 7T-Rand, blue) at each parcellation scale. Shading indicates 95% confidence intervals. NMI ranges from 

zero to one with higher value indicating greater spatial correspondence. The 3T atlas (2mm isotropic) was up-

sampled to the same resolution as 7T (1.6mm isotropic) before computing NMI.  
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Figure 17. Schematic of methodology for parcellation personalization. A binary support vector machine (SVM) 

classifier (blue box) was trained to classify whether a voxel resided in the region proper (green) or its uncertainty 

zone (orange). The SVM feature space was defined over the similarity matrix (*), where each cell stored the 

similarity in functional connectivity between a pair of subcortical voxels. The feature for a particular voxel was 

selected as the relevant row in this matrix, highlighted by green and orange colored strips. One hundred 

randomly selected individuals were used to train a separate SVM classifier for each region. The uncertainty zone 

for each region was delineated by dilating the region’s mask (see Methods). For a new individual (Subject +), the 

trained classifier was used to predict the posterior probability (,%) of an unknown voxel (gray) belonging to the 

region as opposed to belonging to the region’s uncertainty zone (1 − ,%). This was repeated for each region 

comprising the Scale IV atlas. The uncertainty zones of two distinct regions could potentially overlap, meaning 

that voxels could be assigned a probability of belonging to multiple regions. Such voxels were assigned to the 

region associated with the highest posterior probability, yielding a personalized parcellation atlas for Subject + 
(purple). 
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Figure 18. Within-subject variation in Dice coefficient across subcortical regions. The Dice coefficient for each 

Scale IV subcortical region in each individual was encoded in a Dice-matrix of dimension 921	×	54, where 921 is 

the total number individuals and 54 is the number of subcortical regions. Rows in this matrix were then re-

ordered from the highest to lowest Dice coefficient. This re-ordering was performed separately for each column. 

Individuals ranked among the top 10% (high Dice) or bottom 10% (low Dice) for at least one column (region) 

were selected, yielding 696 and 739 unique individuals in each group, respectively. Some individuals only 

presented once, whereas some individuals repeatedly presented in more than one region. The proportions of 

individuals (overlapping rate) that repeatedly presented in at least one or more subcortical regions were 

computed. The curves show the overlapping rate as a functional of the number of regions in the high Dice (a, 

red curve) and low Dice (b, blue curve) group separately. The area under the curve of the overlapping rate was 

computed. Permutation testing (n=1000) was used to test whether the overlapping rate was larger than 

expected due to chance. Note that each row in the Dice-matrix was shuffled as a whole in each permutation to 

control the relationship across regions. The overlapping rate was recomputed for each permuted sample and 

plotted as a functional of number of regions (Null, gray curves). The one-sided p-values shown are given by the 

proportion of null curves that had larger area under the curve than the observed curve. 

Chapter 5

192



 

 
Figure 19. Variation in subcortical connectivity gradients between rest and task-evoked conditions. a, Dorsal and ventral diversity curves are shown for each rest and task 

condition separately. b, Similarity in the diversity curves between each pair of conditions was estimated using the Pearson correlation coefficient. Permutation testing 

(n=10,000) was used to determine the significance (p-value) of each correlation coefficient using a corrected significance threshold of p < 0.05/36=0.0014 (Bonferroni 

correction). Correlation coefficients surviving Bonferroni correction are colored in the matrix shown and also visualized as a graph. c, In the graph, each node represents one 
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of the nine conditions and the edges between them indicate correlations. Node size is scaled by nodal degree, whereas edge thickness varies according to the correlation 

coefficient magnitude. d, Matrix representation of diversity curves for rest and task conditions. Matrix rows correspond to specific points along the diversity curves. Matrix 

columns correspond to rest and task conditions. Rows and columns are reordered to accentuate similarity between diversity curves. Average-linkage clustering was used to 

determine the reordering and the cluster tree shown.  
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Figure 20. Linking canonical cortical networks based on their functional connectivity with subcortical regions. 

Functional connectivity (FC) was computed between each Scale IV subcortical region and each cortical parcel 

delineated in an existing cortical atlas20, yielding a connectivity matrix of dimension 54 x 333 for each individual. 

The connectivity matrices were then averaged across all individuals (REST1, n=1080) to enable a group-

consensus representation of cortical-subcortical connectivity. Each column in this matrix thus represents a 

subcortical connectivity map for a given cortical parcel. Subcortical connectivity maps were averaged across 

cortical parcels that belong to the same canonical network20, yielding 12 FC maps that represent how each 

cortical network connects to the subcortex. The 12 networks are as follows: visual, dorsal somatomotor 

(SMmouth), ventral somatomotor (SMhand), auditory, default, frontoparietal, dorsal attention, ventral 

attention, cingulo-opercular (cinguloOperc), salience, cingulo-parietal and retrosplenial-temporal network. a, 

Similarity in subcortical FC maps between each pair of cortical networks was estimated using the Pearson 

correlation coefficient, yielding a 12×12 correlation matrix. The rows and columns of this matrix were reordered 

to accentuate modular structure, which was determined by the Louvain community detection algorithm22. The 

12 × 12 correlation matrix was thresholded using a statistical approach based on null hypothesis testing. A p-

value was computed for each correlation coefficient as follows. Permutation testing (n=1000) was used to 

determine the significance (p-value) of each correlation coefficient using a corrected significance threshold of 

p<0.05/66=0.008 (Bonferroni correction). Correlation coefficients that survived correction are shown in the 

lower triangle of the correlation matrix and visualized as a graph. b, In this graph, each node represents a 

canonical cortical network. Edges are drawn between pairs of networks that share common patterns of 

functional connectivity with subcortical regions. Node size is scaled by nodal degree, whereas edge thickness 
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varies according to the correlation coefficient. Nodes were parsed into three groups (gray blocks) and positioned 

on a task-positive to task-negative organizational axis. c, Representative subcortical FC maps for each group of 

canonical networks. It can be seen that the cingulo-opercular network (task-positive) is preferentially connected 

to thalamus and striatum, especially the dorsal striatum. In contrast, sensorimotor networks are predominantly 

connected to the hippocampus, amygdala and posterior thalamus. The default mode network (task-negative) is 

preferentially connected to the hippocampus but also show moderate connectivity with posterior thalamus and 

caudate.   
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Figure 21. Behavioral dimensions. Five orthogonal behavioral dimensions characterizing: i) cognition, ii) illicit 

substance use, iii) tobacco use, iv) personality and emotion traits, as well as v) mental health were derived from 

a total of 109 behavioral items using independent component analysis (see Methods). The top weighted (30-

40%) behavioral items in each dimension are visualized as word clouds. The font size of each item is scaled 

according to its absolute weight in the ICA de-mixing matrix, and the font color denotes weight polarity (red-

positive, blue-negative).  
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Figure 22. Association between subcortical functional connectivity and the behavioral dimension 

characterizing tobacco use reproduced using functional MRI from a second session. Scatter plots and lines of 

best fit show the association between individual variation in tobacco use dimension and functional connectivity 

(FC) strength within the thalamo-striato-hippocampal network measured using functional MRI acquired in the 

REST1 session. The significant association was discovered using functional MRI acquired in REST2 (see Figure 8). 

Each blue dot in the scatter plot represents one individual (n=958). Solid gray lines indicate lines of best fit. 

Dashed lines indicate 95% confidence intervals. R-values are the Pearson correlation coefficients and p-values 

assess the null hypothesis of zero correlation. The association between subcortical functional connectivity and 

tobacco use was reproducible across independent functional MRI sessions (REST1 and REST2) and across 

parcellation scales (Scale I-IV).  
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Figure 23. Model selection with Kolmogorov-Smirnov (KS) test.  a, Gradient magnitude image for anterior 

putamen (aPUT) is shown as a coronal slice (left). The yellow colored strip within the aPUT indicates a gradient 

magnitude peak, suggesting the location of a putative boundary. The KS test suggests that the gradient 

magnitude distribution across the voxels in this region (green curve) is significantly longer tailed than the null 

data (gray curves, n=100, p<0.01, one-sided). Therefore, a boundary was delineated that resulted in parcellation 

of the anterior putamen into one dorsal (PUT-DA, blue) and one ventral (PUT-VA, green) component. b, KS test 

for the shell of the nucleus accumbens (NAc-shell).  Although a strong gradient is evident, the null hypothesis 

could not be rejected with the KS test (p=0.22, one-sided), and thus subdivision of NAc-shell was not warranted. 
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Figure 24. Determining the optimal number of independent components. Independent component analysis 

(ICA) was used to decompose a total of 109 behavioral measures into a set of latent behavioral dimensions. ICA 

performance for candidate ICA models (i.e. total number of components) ranging from 3 to 30 was evaluated 

based on cluster separation (a), trial matching quality (b) and independence index (c). Each measure was 

computed as a function of the total number of components and selection of the optimal model was guided by 

identifying abrupt changes in these measures as a function of the ICA model.  
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Supplementary Tables 

 

Table 1. Basic demographic characteristics and acquisition details 

Dataset Modality Magnetic 

field 

Sample size Age  

(mean ± std yrs) 

Sex  

(M/F) 

3T-rfMRI (REST1) Resting-state  3 Tesla 1080 28.8 ± 3.7 495/585 

3T-rfMRI (REST2) Resting-state  3 Tesla 1021 28.7 ± 3.7 471/550 

7T-rfMRI Resting-state  7 Tesla 183 29.4 ± 3.3 72/111 

tfMRI Task-evoked  3 Tesla 725 28.7 ± 3.7 360/365 

Independent 

validation dataset 

Resting-state 3 Tesla 10 26.0 ± 2.1 6/4 
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Table 2. Nomenclature for 3T parcellation hierarchy 

Name Abbreviation Name Abbreviation 

Hippocampus HIP Amygdala  AMY 

     Anterior hippocampus aHIP      Lateral amygdala lAMY 

          Hippocampus head, medial division HIP-head-m      Medial amygdala  mAMY 

               Subdivision1 HIP-head-m1 Caudate nucleus CAU 

           Subdivision2 HIP-head-m2      Anterior caudate aCAU 

          Hippocampus head, lateral division HIP-head-l           Dorsoanterior caudate CAU-DA 

     Posterior hippocampus pHIP           Ventroanterior caudate CAU-VA 

          Hippocampus body HIP-body      Posterior caudate pCAU 

          Hippocampus tail HIP-tail           Caudate tail CAU-tail 

Thalamus  THA           Caudate body CAU-body 

     Anterior thalamus aTHA Nucleus accumbens*  NAc 

          Dorsoanterior thalamus THA-DA      Nucleus accumbens, shell NAc-shell 

               Lateral dorsoanterior thalamus THA-DAl      Nucleus accumbens, core NAc-core 

               Medial dorsoanterior thalamus THA-DAm Putamen  PUT 

          Ventroanterior thalamus THA-VA      Anterior putamen aPUT 

               Superior ventroanterior thalamus THA-Vas           Dorsoanterior putamen PUT-DA 

               Inferior ventroanterior thalamus THA-VAi           Ventroanterior putamen PUT-VA 

                    Anterior division THA-VAia      Posterior putamen pPUT 

                    Posterior division THA-VAip           Dorsoposterior putamen  PUT-DP 

     Posterior thalamus pTHA           Ventroposterior putamen PUT-VP 

          Dorsoposterior thalamus THA-DP Globus pallidus GP 

     Ventroposterior thalamus THA-VP      Anterior globus pallidus aGP 

          Medial ventroposterior thalamus THA-VPm Posterior globus pallidus  pGP 

          Lateral ventroposterior thalamus THA-VPl   

*The nucleus accumbens subdivisions bear moderate resemblance to the anatomical shell and core of the NAc and have 
thus been named as such. However, this correspondence was not formally tested.  
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Table 3. Comparison parcellation atlases of the human subcortex and specific subcortical nuclei 

Atlas Study Modality Metric Number of 

regions 

Hippocampus Plachti et al. 201923 Resting-state fMRI Functional connectivity 5 

Thalamus Behrens et al. 200324 Diffusion MRI Tractography 7 

Striatum Janssen et al. 201525 Resting-state fMRI Functional connectivity 6 

Subcortex-I Ji et al. 201926 Resting-state fMRI Functional connectivity 12 

Subcortex-II Fan et al. 201627 Diffusion MRI Tractography 36 

Hippocampus - 

His 

Amunts et al 200511; 

Eickhoff et al 200512 

Histology Cytoarchitecture 3 
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Table 4. List of 109 selected behavioral items 

Category Formal Name Intuitive Name Psychological Test 

 

 

 

Alertness 

MMSE_Score MMSE Mini Mental Status Exam 

PSQI_Score PSQI Pittsburgh Sleep Questionnaire 

PSQI_TooCold PSQI (TooCold) Pittsburgh Sleep Questionnaire 

PSQI_TooHot PSQI (TooHot) Pittsburgh Sleep Questionnaire 

PSQI_BadDream PSQI (BadDream) Pittsburgh Sleep Questionnaire 

PSQI_Pain PSQI (Pain) Pittsburgh Sleep Questionnaire 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Cognition 

PicSeq_Unadj Episodic Memory (PicSeq) NIH Toolbox Picture Sequence Memory Test 

CardSort_Unadj Cognitive Flexibility NIH Toolbox Dimensional Change Card Sort 

Flanker_Unadj Inhibition NIH Toolbox Flanker Inhibitory Control and Attention 

PMAT24_A_CR Fluid Intelligence (CR) Penn Progressive Matrices 

PMAT24_A_SI Fluid Intelligence (SI) Penn Progressive Matrices 

PMAT24_A_RTCR Fluid Intelligence (RTCR) Penn Progressive Matrices 

ReadEng_Unadj Reading Decoding NIH Toolbox Oral Recognition Test 

PicVocab_Unadj Vocabulary Comprehension  NIH Toolbox Picture Vocabulary Test 

ProcSpeed_Unadj Processing Speed NIH Toolbox Pattern Comparison Processing Speed Test 

DDisc_AUC_200 Delay Discounting Delay Discounting 

VSPLOT_TC Spatial Orientation (TC) Variable Short Penn Line Orientation 

VSPLOT_CRTE Spatial Orientation (CRTE) Variable Short Penn Line Orientation 

VSPLOT_OFF Spatial Orientation (OFF) Variable Short Penn Line Orientation 

SCPT_TPRT Sustained Attention (TPRT) Short Penn Continuous Performance Test 

SCPT_SEN Sustained Attention (SEN) Short Penn Continuous Performance Test 

SCPT_SPEC Sustained Attention (SPEC) Short Penn Continuous Performance Test 

SCPT_LRNR Sustained Attention (LRNR) Short Penn Continuous Performance Test 

IWRD_TOT Word Memory (TOT) Penn Word Memory Test 

IWRD_RTC Word Memory (RTC) Penn Word Memory Test 

ListSort_Unadj Working Memory NIH Toolbox List Sorting Working Memory Test 

CogFluidComp_Unadj CogFluidComp NIH Toolbox Cognition Fluid Composite 

CogEarlyComp_Unadj CogEarlyComp NIH Toolbox Cognition Early Childhood Composite 

CogTotalComp_Unadj CogTotalComp NIH Toolbox Cognition Total Composite Score 

CogCrystalComp_Unadj CogCrystalComp NIH Toolbox Cognition Crystallized Composite 

 

 

 

 

 

 

 

 

   

ER40_CR Emotion Recognition (CR) Penn Emotion Recognition Test 

ER40_CRT Emotion Recognition (CRT) Penn Emotion Recognition Test 

ER40ANG Emotion Recognition (Anger) Penn Emotion Recognition Test 

ER40FEAR Emotion Recognition (Fear) Penn Emotion Recognition Test 

ER40HAP Emotion Recognition (Happy) Penn Emotion Recognition Test 

ER40NOE Emotion Recognition (Neutral) Penn Emotion Recognition Test 

ER40SAD Emotion Recognition (Sad) Penn Emotion Recognition Test 

AngAffect_Unadj AngAffect NIH Toolbox Anger-Affect Survey 

AngHostil_Unadj AngHostil NIH Toolbox Anger-Hostility Survey 
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Emotion 

AngAggr_Unadj AngAggr NIH Toolbox Anger-Physical Aggression Survey 

FearAffect_Unadj FearAffect NIH Toolbox Fear-Affect Survey 

FearSomat_Unadj FearSomat NIH Toolbox Fear-Somatic Arousal Survey 

Sadness_Unadj Sadness NIH Toolbox Sadness Survey 

LifeSatisf_Unadj LifeSatisf NIH Toolbox General Life Satisfaction Survey 

MeanPurp_Unadj MeanPurp NIH Toolbox Meaning and Purpose Survey 

PosAffect_Unadj PosAffect NIH Toolbox Positive Affect Survey 

Friendship_Unadj Friendship NIH Toolbox Friendship Survey 

Loneliness_Unadj Loneliness NIH Toolbox Loneliness Survey 

PercHostil_Unadj PercHostil NIH Toolbox Perceived Hostility Survey 

PercReject_Unadj PercReject NIH Toolbox Perceived Rejection Survey 

EmotSupp_Unadj EmotSupp NIH Toolbox Emotional Support Survey 

InstruSupp_Unadj InstruSupp NIH Toolbox Instrumental Support Survey 

PercStress_Unadj PercStress NIH Toolbox Perceived Stress Survey 

SelfEff_Unadj SelfEff NIH Toolbox Self-Efficacy Survey 

 

 

Motor 

Endurance_Unadj Endurance NIH Toolbox 2-minute Walk Endurance Test 

GaitSpeed_Comp GaitSpeed NIH Toolbox 4-Meter Walk Gait Speed Test 

Dexterity_Unadj Dexterity NIH Toolbox 9-hole Pegboard Dexterity Test 

Strength_Unadj Strength NIH Toolbox Grip Strength Test 

 

 

Personality 

NEOFAC_A Agreeableness NEO-FFI  

NEOFAC_O Openness NEO-FFI 

NEOFAC_C Conscientiousness NEO-FFI 

NEOFAC_N Neuroticism NEO-FFI 

NEOFAC_E Extraversion NEO-FFI 

 

     

Sensory 

Odor_Unadj Odor NIH Toolbox Odor Identification Scale 

PainInterf_Tscore PainInterf NIH Toolbox Pain Interference Survey 

Taste_Unadj Taste NIH Toolbox Regional Taste Intensity 

Mars_Final Visual Contrast Sensitivity Mars Contrast Sensitivity Score 

 

 

 

 

 

 

 

 

Psychiatric 

and Life 

Function 

DSM_Depr_Raw DSMDepr ASR-DSM 

DSM_Anxi_Raw DSMAnxi ASR-DSM 

DSM_Somp_Raw DSMSomp ASR-DSM 

DSM_Avoid_Raw DSMAvoid ASR-DSM 

DSM_Adh_Raw DSMAdh ASR-DSM 

DSM_Inat_Raw DSMInat ASR-DSM 

DSM_Hype_Raw DSMHype ASR-DSM 

DSM_Antis_Raw DSMAntis ASR-DSM 

ASR_Anxd_Raw ASRAnxd ASR-DSM 

ASR_Witd_Raw ASRWitd ASR-DSM 

ASR_Soma_Raw ASRSoma ASR-DSM 

ASR_Thot_Raw ASRThot ASR-DSM 

ASR_Attn_Raw ASRAttn ASR-DSM 

ASR_Aggr_Raw ASRAggr ASR-DSM 
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ASR_Rule_Raw ASRRule ASR-DSM 

ASR_Intr_Raw ASRIntr ASR-DSM 

ASR_Oth_Raw ASROth ASR-DSM 

ASR_Crit_Raw ASRCrit ASR-DSM 

 

 

 

 

 

 

 

 

 

Substance 

Use 

Num_Days_Drank_7days Alcohol Use Alcohol Use 7-Day Retrospective 

SSAGA_Alc_D4_Dp_Sx Alcohol Dependence (Sx) Alcohol Use and Dependence 

SSAGA_Alc_D4_Ab_Dx Alcohol Abuse (Dx) Alcohol Use and Dependence 

SSAGA_Alc_D4_Ab_Sx Alcohol Abuse (Sx) Alcohol Use and Dependence 

SSAGA_Alc_D4_Dp_Dx Alcohol Dependence (Dx) Alcohol Use and Dependence 

Num_Days_Used_Any_Tobacco_7days Tobacco Use Tobacco Use 7-Day Retrospective 

SSAGA_TB_Smoking_History Smoking History Tobacco Use and Dependence 

SSAGA_TB_Still_Smoking Current Smoking Tobacco Use and Dependence 

SSAGA_Times_Used_Illicits Illicits Use Illicit Drug Use 

SSAGA_Times_Used_Cocaine Cocaine Illicit Drug Use 

SSAGA_Times_Used_Hallucinogens Hallucinogens Illicit Drug Use 

SSAGA_Times_Used_Opiates Opiates Illicit Drug Use 

SSAGA_Times_Used_Sedatives Sedatives Illicit Drug Use 

SSAGA_Times_Used_Stimulants Stimulants Illicit Drug Use 

SSAGA_Mj_Use Marijuana History Marijuana Use and Dependence 

SSAGA_Mj_Ab_Dep Marijuana Dependence Marijuana Use and Dependence 

SSAGA_Mj_Times_Used Marijuana Marijuana Use and Dependence 

 

 

 

In-Scanner 

Task  

Emotion_Task_Acc Emotion Task In-Scanner Task Performance 

Gambling_Task_Perc_Larger Gambling Task (Larger) In-Scanner Task Performance 

Gambling_Task_Perc_Smaller Gambling Task (Smaller) In-Scanner Task Performance 

Language_Task_Acc Language Task In-Scanner Task Performance 

Relational_Task_Acc Relational Task In-Scanner Task Performance 

Social_Task_Perc_TOM Social Task In-Scanner Task Performance 

WM_Task_Acc WM Task In-Scanner Task Performance 
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Table 5. NIFTI and CIFTI file names for 3T and 7T atlas 

Magnetic 

strength 

Scale Number of 

regions 

Spatial resolution 

(mm)a 

File nameb 

 

 

 

 

 

3 Tesla 

I 16  

 

 

 

2´2´2 

Tian_Subcortex_S1_3T.nii  

Tian_Subcortex_S1_3T_dscalar.nii 

II 32 Tian_Subcortex_S2_3T.nii 

Tian_Subcortex_S2_3T_dscalar.nii 

III 50 Tian_Subcortex_S3_3T.nii 

Tian_Subcortex_S3_3T_dscalar.nii 

IV 54 Tian_Subcortex_S4_3T.nii 

Tian_Subcortex_S4_3T_dscalar.nii 

 

 

 

 

7 Tesla 

I 16  

 

 

 

1.6´1.6´1.6 

Tian_Subcortex_S1_7T.nii 

Tian_Subcortex_S1_7T_dscalar.nii 

II 34 Tian_Subcortex_S2_7T.nii 

Tian_Subcortex_S2_7T_dscalar.nii 

III 54 Tian_Subcortex_S3_7T.nii 

Tian_Subcortex_S3_7T_dscalar.nii 

IV 62 Tian_Subcortex_S4_7T.nii 

Tian_Subcortex_S4_7T_dscalar.nii 

a, Atlas is in MNI standard space (MNI ICBM 152 nonlinear 6th generation) 
b, NIFTI: *.nii; CIFTI: *dscalar.nii. Atlas is openly available at: https://github.com/yetianmed/subcortex  
 

 

 

 

 

 

 

 

 

 

 

 

 

Chapter 5

207



 

Supplementary References 

 
1. Collins, C.E., Airey, D.C., Young, N.A., Leitch, D.B. & Kaas, J.H. Neuron densities vary 

across and within cortical areas in primates. Proceedings of the National Academy of 
Sciences 107, 15927-15932 (2010). 

2. Cahalane, D.J., Charvet, C.J. & Finlay, B.L. Systematic, balancing gradients in neuron 

density and number across the primate isocortex. Front Neuroanat 6, 28 (2012). 

3. Charvet, C.J., Cahalane, D.J. & Finlay, B.L. Systematic, Cross-Cortex Variation in 

Neuron Numbers in Rodents and Primates. Cerebral Cortex 25, 147-160 (2013). 

4. Charvet, C.J., Stimpson, C.D., Kim, Y.D., Raghanti, M.A., Lewandowski, A.H., Hof, P.R., 

Gómez-Robles, A., Krienen, F.M. & Sherwood, C.C. Gradients in cytoarchitectural landscapes 

of the isocortex: Diprotodont marsupials in comparison to eutherian mammals. Journal of 
Comparative Neurology 525, 1811-1826 (2017). 

5. Cahalane, D.J., Charvet, C.J. & Finlay, B.L. Modeling local and cross-species neuron 

number variations in the cerebral cortex as arising from a common mechanism. Proceedings 
of the National Academy of Sciences 111, 17642-17647 (2014). 

6. Charvet, C.J. & Finlay, B.L. Evo-Devo and the Primate Isocortex: The Central 

Organizing Role of Intrinsic Gradients of Neurogenesis. Brain, Behavior and Evolution 84, 81-

92 (2014). 

7. Choi, E.Y., Yeo, B.T. & Buckner, R.L. The organization of the human striatum 

estimated by intrinsic functional connectivity. Journal of neurophysiology 108, 2242-2263 

(2012). 

8. Glasser, M.F., Coalson, T.S., Bijsterbosch, J.D., Harrison, S.J., Harms, M.P., Anticevic, 

A., Van Essen, D.C. & Smith, S.M. Using temporal ICA to selectively remove global noise 

while preserving global signal in functional MRI data. NeuroImage 181, 692-717 (2018). 

9. Glasser, M.F., Smith, S.M., Marcus, D.S., Andersson, J.L., Auerbach, E.J., Behrens, 

T.E., Coalson, T.S., Harms, M.P., Jenkinson, M., Moeller, S., Robinson, E.C., Sotiropoulos, 

S.N., Xu, J., Yacoub, E., Ugurbil, K. & Van Essen, D.C. The Human Connectome Project's 

neuroimaging approach. Nature neuroscience 19, 1175-1187 (2016). 

10. Morel, A., Magnin, M. & Jeanmonod, D. Multiarchitectonic and stereotactic atlas of 

the human thalamus. The Journal of comparative neurology 387, 588-630 (1997). 

11. Amunts, K., Kedo, O., Kindler, M., Pieperhoff, P., Mohlberg, H., Shah, N.J., Habel, U., 

Schneider, F. & Zilles, K. Cytoarchitectonic mapping of the human amygdala, hippocampal 

region and entorhinal cortex: intersubject variability and probability maps. Anatomy and 
embryology 210, 343-352 (2005). 

12. Eickhoff, S.B., Stephan, K.E., Mohlberg, H., Grefkes, C., Fink, G.R., Amunts, K. & Zilles, 

K. A new SPM toolbox for combining probabilistic cytoarchitectonic maps and functional 

imaging data. Neuroimage 25, 1325-1335 (2005). 

13. Greicius, M.D., Krasnow, B., Reiss, A.L. & Menon, V. Functional connectivity in the 

resting brain: A network analysis of the default mode hypothesis. Proceedings of the 
National Academy of Sciences 100, 253-258 (2003). 

14. Vincent, J.L., Kahn, I., Snyder, A.Z., Raichle, M.E. & Buckner, R.L. Evidence for a 

frontoparietal control system revealed by intrinsic functional connectivity. Journal of 
neurophysiology 100, 3328-3342 (2008). 

Chapter 5

208



 

15. Marquand, A.F., Haak, K.V. & Beckmann, C.F. Functional corticostriatal connection 

topographies predict goal directed behaviour in humans. Nature human behaviour 1, 0146 

(2017). 

16. Haber, S.N., Fudge, J.L. & McFarland, N.R. Striatonigrostriatal pathways in primates 

form an ascending spiral from the shell to the dorsolateral striatum. The Journal of 
neuroscience : the official journal of the Society for Neuroscience 20, 2369-2382 (2000). 

17. Haber, S.N. & Knutson, B. The reward circuit: linking primate anatomy and human 

imaging. Neuropsychopharmacology 35, 4-26 (2010). 

18. Dosenbach, N.U., Fair, D.A., Miezin, F.M., Cohen, A.L., Wenger, K.K., Dosenbach, R.A., 

Fox, M.D., Snyder, A.Z., Vincent, J.L., Raichle, M.E., Schlaggar, B.L. & Petersen, S.E. Distinct 

brain networks for adaptive and stable task control in humans. Proceedings of the National 
Academy of Sciences of the United States of America 104, 11073-11078 (2007). 

19. Dosenbach, N.U.F., Visscher, K.M., Palmer, E.D., Miezin, F.M., Wenger, K.K., Kang, 

H.C., Burgund, E.D., Grimes, A.L., Schlaggar, B.L. & Petersen, S.E. A Core System for the 

Implementation of Task Sets. Neuron 50, 799-812 (2006). 

20. Gordon, E.M., Laumann, T.O., Adeyemo, B., Huckins, J.F., Kelley, W.M. & Petersen, 

S.E. Generation and Evaluation of a Cortical Area Parcellation from Resting-State 

Correlations. Cerebral cortex (New York, N.Y. : 1991) 26, 288-303 (2016). 

21. Barch, D.M., Burgess, G.C., Harms, M.P., Petersen, S.E., Schlaggar, B.L., Corbetta, M., 

Glasser, M.F., Curtiss, S., Dixit, S., Feldt, C., Nolan, D., Bryant, E., Hartley, T., Footer, O., 

Bjork, J.M., Poldrack, R., Smith, S., Johansen-Berg, H., Snyder, A.Z. & Van Essen, D.C. 

Function in the human connectome: task-fMRI and individual differences in behavior. 

Neuroimage 80, 169-189 (2013). 

22. Blondel, V.D., Guillaume, J.-L., Lambiotte, R. & Lefebvre, E. Fast unfolding of 

communities in large networks. Journal of Statistical Mechanics: Theory and Experiment 
2008, P10008 (2008). 

23. Plachti, A., Eickhoff, S.B., Hoffstaedter, F., Patil, K.R., Laird, A.R., Fox, P.T., Amunts, K. 

& Genon, S. Multimodal Parcellations and Extensive Behavioral Profiling Tackling the 

Hippocampus Gradient. Cerebral cortex (New York, N.Y. : 1991)  (2019). 

24. Behrens, T.E., Johansen-Berg, H., Woolrich, M.W., Smith, S.M., Wheeler-Kingshott, 

C.A., Boulby, P.A., Barker, G.J., Sillery, E.L., Sheehan, K., Ciccarelli, O., Thompson, A.J., Brady, 

J.M. & Matthews, P.M. Non-invasive mapping of connections between human thalamus and 

cortex using diffusion imaging. Nature neuroscience 6, 750-757 (2003). 

25. Janssen, R.J., Jylänki, P., Kessels, R.P.C. & van Gerven, M.A.J. Probabilistic model-

based functional parcellation reveals a robust, fine-grained subdivision of the striatum. 

NeuroImage 119, 398-405 (2015). 

26. Ji, J.L., Spronk, M., Kulkarni, K., Repovs, G., Anticevic, A. & Cole, M.W. Mapping the 

human brain's cortical-subcortical functional network organization. Neuroimage 185, 35-57 

(2019). 

27. Fan, L., Li, H., Zhuo, J., Zhang, Y., Wang, J., Chen, L., Yang, Z., Chu, C., Xie, S., Laird, 

A.R., Fox, P.T., Eickhoff, S.B., Yu, C. & Jiang, T. The Human Brainnetome Atlas: A New Brain 

Atlas Based on Connectional Architecture. Cerebral cortex (New York, N.Y. : 1991) 26, 3508-

3526 (2016). 

 

Chapter 5

209



 

 

CHAPTER 6 

GENERAL DISCUSSION 

210



Chapter 6 

Summary  

In this thesis, I investigated the topographic organization of the human insular cortex and the 

subcortex in health and neuropsychiatric illness. In particular, I developed a new methodology 

to reconcile classical models of topographic organization based on discrete regions and 

contemporary representations involving continuous gradients. I addressed several 

knowledge gaps by evaluating three primary questions: 

i. How is the functional topography of the human insular cortex organized? Is the 

insula’s topography most parsimoniously represented with discrete subregions or 

continuous gradients? Does the insula’s topography relate to inter-individual variation 

in functions associated with the insula (Chapter 3)?  

ii. Is the functional connectivity architecture of the insular cortex affected in individuals 

with severe neuropsychiatric illness (schizophrenia)? Do alterations in insula’s 

functional organization relate to clinical symptoms of the disorder (Chapter 4)?  

iii. How is the functional connectivity of the human subcortex topographically organized? 

Does the topography of the subcortex link to the functional organization of cortical 

networks and reconfigure dynamically in response to changing cognitive demands? To 

what extent does the connectivity architecture of the subcortex vary across 

individuals and does this variability associate with behavior (Chapter 5)?   

In Chapter 3, I proposed a new data-driven approach to characterize the topographic 

organization of the human brain, particularly with respect to the insular cortex and the 

subcortex, using functional MRI. I first showed evidence to support the notion that the insular 

cortex is a functionally heterogeneous cortical lobe. To parse this heterogeneity, I showed 

that the insula’s topography is best modeled as a continuum of gradual change along an 

anterior-posterior axis. This contrasts with previous studies that have sought to parse the 

insula’s heterogeneity by subdividing it into distinct subregions. I contended that using 

subregions to represent the insula’s topographic heterogeneity is suboptimal and has 

significantly contributed to the discrepant findings among previous studies in terms of the 

number of putative subregions. Under my proposal, the insula’s topography is modeled as a 

continuum, without the need to delineate any discrete boundaries. This was supported by a 

formal model selection process and null hypothesis testing, which revealed that there are no 

peaks in the insula’s gradient magnitude that are large enough to suggest a discrete boundary. 

211



Chapter 6 

Moreover, inter-individual variation in this connectional diversity was found to relate to 

variation in human behaviors associated with cognitive, affective and sensorimotor functions.  

 

Having characterized the topography of the insular cortex in healthy individuals, I next turned 

to investigate whether this topography is altered in individuals with neuropsychiatric illness. 

In Chapter 4, I found that the normal pattern of connectional diversity in the insular cortex 

was altered in individuals with schizophrenia and connectional deficits in the insular cortex 

explained a moderate amount of variance in cognitive impairment, negative symptoms, poor 

psychosocial functioning and longer duration of illness in the disorder. In particular, individual 

variation in functional connectivity between the insular cortex and cortical regions involved 

in the salience network, language and auditory processes contributed the most to this 

association, suggesting that disturbances of the salience network in integrating sensory 

perception are involved in the pathophysiology of schizophrenia.    

 

Finally, in Chapter 5, I applied the principles and model selection procedure developed for the 

insula to the entire subcortex, with the goal of developing a new MRI atlas of the subcortex 

and investigating the extent to which the subcortex is topographically organized. Four 

hierarchical scales of subcortical organization were identified, recapitulating well-known 

anatomical nuclei at the coarsest scale and delineating 27 bilateral subregions at the finest. 

The new atlas provides fundamental insight into the functional organization of the human 

subcortex and has enabled holistic connectome mapping and characterization of cortico-

subcortical circuits. The atlas is currently being used to guide the targeting of brain 

stimulation therapies and numerous researchers have used the atlas to map connectomes. In 

Chapter 5, I also investigated the relationship between subcortical functional connectivity and 

a broad set of behavioral dimensions, unveiling a novel association between tobacco use and 

subcortical functional connectivity, confirming the role of the subcortex in the reward system 

and goal-directed behaviors, such as the tobacco smoking. The new subcortex atlas was 

personalized to account for connectivity differences across individuals and can be used to 

improve personalized intervention and targeted therapies in psychiatry (Cocchi and Zalesky 

2018). 
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Insular connectional topography is best modeled as a continuum of gradual 

changes rather than distinct subregions 

The insular cortex is a functionally and connectionally heterogenous cortical lobe, in which 

function and connectivity vary along a putative anterior-posterior axis (see Chapter 1 and 

Chapter 3). Using functional MRI, many studies have sought to resolve the connectional 

heterogeneity using clustering approaches. However, this has yielded a discordant number of 

insular subregions (clusters) across studies (Chapter 3, Table 1). I first comprehensively 

examined traditional clustering methodologies by parsing the heterogeneous connectional 

architecture of the insular cortex into a range of distinct subregions. Consistent with the 

discrepant findings across previous studies, I found that the optimal number of insular 

subregions (clusters) varied markedly across individuals and was substantially influenced by 

the extent to which the fMRI data was spatially smoothed. Moreover, insular subregions 

delineated by clustering methodologies were not functionally homogeneous for the majority 

of individuals studied when benchmarked to null data in which the insula was repeatedly 

repositioned to random gray matter locations. These results led me to question whether 

subdividing the insula into distinct subregions is a desirable approach to represent its 

heterogeneity. In particular, I contended that the question of how many subregions comprise 

the insula (Cauda and Vercelli 2013) is ambiguous, which may explain the marked 

inconsistency across previous insula parcellation studies. At this point, I sought to investigate 

alternative representations and models of brain topography that could be applied to the 

insula. 

 

As previously suggested by Cerliani and colleagues (2012), perhaps models of insular 

connectivity topography that do not mandate the delineation of distinct subregional 

boundaries can provide a more profitable characterization than classical models. One such 

model is based on the concept of cortical gradients (Huntenburg et al. 2018). I therefore 

proposed such an alternative model based on the concept of diversity curves (Chapter 3), 

which provides an intuitive way to continuously parameterize and perform model selection 

on the spatial gradient of insular functional connectivity. I performed model selection with 

respect to three benchmark diversity curves for: i) an absence of any connectional variation 

(i.e. homogeneous); ii) two discrete subregions; and, iii) a continuum of gradual change. I 

213



Chapter 6 

found that the variation in functional connectivity across the topography of the insular cortex 

was most accurately modeled by the benchmark characterizing a continuum of gradual 

change, avoiding the disputed task of determining an optimal number of insular subregions. 

I referred to this topographic variation as connectional diversity. A region with greater 

connectional diversity shows greater variation across its topography with respect to cortical 

and subcortical regions to which it connects. I found that this topographic variation in insula 

functional connectivity is largely consistent across left and right hemispheres.   

 

While not explicitly tested in Chapter 3, it is possible that the spatial variation in functional 

connectivity across the topography of the insular cortex is associated with the insula’s 

underlying anatomy, such as patterns of cortical folding and myeloarchitecture or 

confounded by the spatial variation in SNR of fMRI signals. Interestingly, most previous 

anatomical evidence that supports the notion of a continuum of gradual change across the 

insula’s topography is from histological investigations in postmortem brains and axonal 

tracing studies of the macaque insular cortex (Mufson et al. 1981; Mesulam and Mufson 1982; 

Mufson and Mesulam 1982; Mesulam and Mufson 1985). Recently, the anterior-posterior 

topographic gradient in insula’s microstructure was recapitulated using in vivo myelin 

sensitive MRI contrast (Royer et al. 2019), suggesting structure-function convergence in the 

insula’s topography.    

 

More importantly, I found that inter-individual variation in the continuum of insular 

connectional diversity was significantly associated with variation in human behaviors related 

to cognitive-affective and sensorimotor functions, which recapitulated a pattern of functional 

specialization along an anterior-posterior axis. Specifically, individuals who scored high on 

measures of cognitive-emotional, viscerosensory function and motor dexterity, showed 

greater connectional diversity in the anterior aspect of the insula. In contrast, for individuals 

who scored high on measures of somatosensory function, the posterior insula was more 

diverse with respect to variation in the cortical areas to which it connects. The behavioral 

response along the anterior-posterior division of the insular cortex is consistent with previous 

studies. In particular, previous studies reported that the anterior insula is associated with 

subjective emotion (Uddin et al. 2014), viscerosensory function (Small et al. 2003) and high-

order cognition (Uddin 2015) including attentional control for motor dexterity (Craig 2002; 
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Rinne et al. 2017). Contrastingly, the posterior insula primarily responds to somesthetic 

stimuli (Craig et al. 2000; Ostrowsky et al. 2000; Stephani et al. 2011). This suggests that the 

anterior-posterior division of insula’s function is facilitated, at least in part, by the 

connectional diversity across the topography of the insular cortex. In addition, previous 

studies suggest a ventral-to-dorsal functional differentiation within the anterior insula, in 

which the ventral component is predominantly involved in affective processing, whereas the 

dorsal extreme plays a more important role in higher order cognitive function (Chang et al. 

2013; Uddin 2015). While this ventral-to-dorsal functional gradient was not reflected by the 

most dominant functional connectivity gradient within the insula, finer variation could be 

captured in successive connectivity gradients, which would be worthy of further investigation 

in future work. 

 

The topographic organization of the insular cortex is reorganized in 

schizophrenia and relates to clinical symptoms  

The insular cortex is widely connected to cortical and subcortical networks and the functional 

dysconnectivity of the insular cortex is consistently observed in psychosis spectrum disorders 

across different illness stages (Kasparek et al. 2013; Moran et al. 2013; Palaniyappan et al. 

2013; Dandash et al. 2014; Wotruba et al. 2014; Wang et al. 2016; Pang et al. 2017; 

Mallikarjun et al. 2018). Having characterized the functional connectivity architecture of the 

insular cortex in a healthy population (Chapter 3), I next investigated whether the normal 

pattern of insular connectional topography is altered in individuals with schizophrenia. 

 

In Chapter 4, I comprehensively characterized the connectional pathology across the 

topography of the insular cortex in individuals with established schizophrenia. Specifically, I 

assessed the two topographic representations of insular functional connectivity architecture 

in schizophrenia and a healthy comparison group. Consistent with our previous findings in 

Chapter 3, insular functional connectivity varied gradually along an anterior-posterior axis in 

both groups. I found no evidence of discrete boundaries between putative insular subregions, 

despite variation in image quality, image acquisition parameters and voxel resolutions. As 

hypothesized, I found that schizophrenia was associated with reduced insular connectional 

diversity, meaning that the variation across insular topography with respect to the cortical 
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and subcortical regions to which it connects was reduced in schizophrenia compared to 

healthy individuals. To further investigate the affected cortical and subregions regions, I 

mapped the connectivity profiles of the anterior and posterior extremes of the insular cortex 

and compared them between the schizophrenia and healthy control group. Consistent with 

previous work (Kasparek et al. 2013; Moran et al. 2013; Palaniyappan et al. 2013; Dandash et 

al. 2014; Wotruba et al. 2014; Wang et al. 2016; Pang et al. 2017; Mallikarjun et al. 2018), 

insular functional connectivity was overall reduced in individuals with schizophrenia. In 

particular, I found reduced differentiation between the connectional profiles of putative 

insular subregions in the schizophrenia group. Moreover, connectivity profiles of putative 

insular subregions were altered, as evidenced by a significant interaction between diagnosis 

and insular subregions. Specifically, anterior insula showed increased connectivity in 

schizophrenia to regions that normally connected with posterior insula (i.e. somatosensory, 

somatomotor, occipital and parietal cortices as well as motor regions of cerebellum). In 

contrast, the posterior insula in schizophrenia connected with increased strength to regions 

that preferentially connected with anterior insula in healthy individuals (i.e. thalamus, 

prefrontal cortex and cerebellar nonmotor regions). This interaction effect suggested that 

connectivity profiles between putative insular subregions were less well differentiated in 

schizophrenia, consistent with the lack of insular connectional diversity in the disorder. In 

particular, the reduced connectional diversity manifested most strongly in the anterior aspect 

of the insular cortex, suggesting that the anterior insula may be abnormally homogeneous in 

individuals with schizophrenia.  

 

Importantly, while we showed that schizophrenia does not preferentially affect the left or 

right insula, the extent of impairment (reduction) in connectivity between insular subregions 

(right hemisphere)and key regions of the salience network (anterior cingulate cortex and 

supplementary motor area) and auditory cortex was associated with inter-individual variation 

in poor clinical outcomes, including cognitive impairment and general, social and 

occupational functioning, as well as the severity of psychosis symptoms, particularly negative 

symptoms. These findings further support the critical role of the insular cortex, particularly 

the right insula in the pathophysiology of schizophrenia. Of note, I found that the reduced 

functional connectivity was also associated with longer illness duration, potentially suggesting 

progressive deterioration of insular connectivity over the course of illness, although a 
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longitudinal study design would be required to address this hypothesis. Moreover, given the 

absence of an untreated drug-naïve schizophrenia group, medication cannot be excluded as 

a potential confound (Radua et al. 2012; Abbott et al. 2013), although antipsychotic dose was 

not correlated to any of the functional connectivity estimates reported in this study.  

  

Investigating the topographic organization of the human subcortex  

Having established that the insular cortex is most parsimoniously represented as a continuous 

gradient of gradual change over discrete subregions (Chapter 3), I then asked, is this 

continuous representation of connectional topography also appropriate for other brain 

regions? Compared to the cortex, the subcortex is the part of the brain that has been less well 

characterized (Alkemade et al. 2013), partially due to technical challenges inherent to 

subcortical imaging (Evans et al. 2012; Forstmann et al. 2016; Puckett et al. 2018). Using the 

methods and model selection principles I developed in Chapter 3, I characterized the 

connectivity architecture of the human subcortex using functional MRI in more than 1000 

healthy adults, yielding a hybrid map that parsimoniously accommodated both discrete 

regions/boundaries and continuous gradients in the human subcortex (Chapter 5).  

 

As I have demonstrated in Chapter 3, variation in functional connectivity across the expanse 

of the insular cortex is evident (i.e. not homogeneous), but too gradual over the spatial extent 

to warrant discrete boundary delineation, and thus a continuum is deemed to provide the 

most parsimonious representation. Likewise, to what extent the variation in functional 

connectivity across the topography of the subcortex is sufficiently large to warrant boundary 

delineation? This question was referred to as model selection in this thesis. Interestingly, the 

idea of model selection in mapping brain topography is not an entirely new concept, both 

from a qualitative and quantitative perspective (see Chapter 2). Qualitatively, von Economo 

and Koskinas (1925) described transitional zones of cortical cytoarchitecture where abrupt 

local changes could not be clearly observed. Quantitatively, the Mahalanobis distance was 

used to quantify the degree of spatial variation in the gray level index, an index that measures 

the volume fraction of neuronal bodies along the cortical ribbons (Amunts et al. 2000; 

Schleicher et al. 2005). Visual inspections by von Economo and Koskinas (1925) might be 

considered biological valid but also subjective and observer dependent. While the 
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Mahalanobis distance provides an objective estimation, the extent to which the Mahalanobis 

distance in the gray level index between two spatially adjacent regions is larger than expected 

due to chance was not established. Any locations with increased Mahalanobis distance can 

be potentially considered as boundaries. Contrastingly, the model selection framework with 

null hypothesis testing developed in this thesis takes into account the extent of variation in 

the spatial gradient of connectivity that is attributable to noise and other confounds, such as 

the effect of spatial smoothing in fMRI data and subcortex geometry as well as random effects. 

Of note, the intrinsic geometry of the subcortex is preserved in the null data, given that recent 

work emphasizes the importance of the spatial embedding of brain networks (Roberts et al. 

2016; Tadić et al. 2019) and that an abrupt change in connectivity gradient could emerge 

solely as a consequence of geometric constriction (Chapter 5, Supplementary Fig S5). To this 

end, I developed gradientography, an fMRI analogue of diffusion MRI tractography, which 

enables quantification of connectivity gradients along the complex geometry of the subcortex 

and a statistically principled formalism to guide boundary delineation in the subcortex.   

 

While this thesis only assessed functional connectivity architecture of the insular cortex 

(Chapter 3) and the subcortex (Chapter 5), the framework of model selection and null 

hypothesis testing are applicable to different neurobiological modalities and at different 

spatial scales, from gene expression, cyto- and myeloarchitecutre, cortical architecture to 

structural connectivity, electrophysiology and function. Future applications of 

gradientography are not limited to the subcortex and the method could provide a bridge 

between cortical gradients and parcellations in humans as well as other species. One 

methodological challenge in mapping cortical gradients using gradientography is the 

necessity of considering the morphology of cortical folding, which means that the principal 

directions of streamlines propagation should be constrained to follow gyral crests and sulcal 

fundi. I intend to explore this further in future work.  

 

Multiscale subcortex atlas 

The model selection process enabled the disambiguation of continuous gradients from 

discrete boundaries. By performing the model selection and gradient mapping recursively, I 

showed that connectivity topography of the subcortex is hierarchically organized, yielding a 
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multiscale subcortex functional atlas. Scale I of the atlas hierarchy comprises regions that 

recapitulate well-known anatomical nuclei, whereas more functional subregions were 

delineated in Scale II-IV. The atlas hierarchy for the amygdala and globus pallidus ends at Scale 

II, whereas subdivisions of thalamus and hippocampus extend to Scale IV. This is consistent 

with the greater functional and organizational complexity within the thalamus (Hwang et al. 

2017; Shine et al. 2019) and hippocampus (Poppenk et al. 2013; Strange et al. 2014) compared 

to the more specific functional role of amygdala and globus pallidus in emotional process 

(Janak and Tye 2015) and motor control (Mink 1996), respectively. Importantly, while the 

subcortex atlas was largely replicated in a subset of individuals using ultra-high magnetic field 

strength (7T) fMRI, the improved spatial resolution and contrast-to-noise ratio of 7T 

compared to 3T extends the organizational scales, resulting in finer functional subdivisions 

for several regions, including the amygdala and hippocampus. By performing a machine 

learning based personalization approach, I found that the group-consensus subcortex atlas 

was sufficient to represent the connectivity topography for the majority of individuals studied, 

whereas personalized atlases were warranted for some individuals, due to large difference in 

patterns of connectivity for these individuals. Further investigation is required to understand 

potential idiosyncrasies that may relate to individual variation in the functional connectivity 

architecture. Such idiosyncrasies may associate with brain anatomy, patterns of brain activity 

as well as unique cognitive, emotional and personality traits.   

 

Intrinsic and dynamic functional topography 

Throughout this thesis, I have mainly focused on understanding functional connectivity 

topography when the brain is at rest (i.e. resting-state fMRI), without explicit task stimuli. Of 

note, the spatial pattern of resting-state functional network architecture is largely present 

during task performance (Cole et al. 2014). Similarly, there is extensive evidence suggesting 

that the spatial pattern of task-related activation is intrinsically represented in the brain at 

rest (Fox et al. 2005; Smith et al. 2009; Tavor et al. 2016). Cortical networks are intrinsically 

organized into a task-related dichotomy, in which one extreme comprises networks that 

typically show increased activity during cognitive task performance, whereas regions on the 

other extreme often associate with task-related deactivation (Fox et al. 2005). One theory is 

that functional networks are continuously interacting with each other at rest in the absence 
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of explicit task stimuli, being prepared to be utilized by the brain in action (Smith et al. 2009; 

Tavor et al. 2016). While studies have primarily examined the cerebral cortex, I observed task-

rest correspondence in subcortical connectivity architecture in two phenomena (Chapter 5). 

First, task-evoked activation within the parcels delineated in the new subcortex atlas is 

significantly more homogeneous than expected due to chance, suggesting a recapitulation of 

task activation level changes in the atlas, although the atlas was delineated based on brain 

connectivity at rest. Second, canonical cortical networks could be arranged along an intrinsic 

organizational axis from task-positive to task-negative based on similarity in patterns of 

connectivity with subcortical regions, suggesting a recapitulation of the task-related 

dichotomy (Fox et al. 2005) in the subcortex.     

 

While similar, changes in the functional connectome over time under specific cognitive 

processes are nonnegligible (Cole et al. 2013; Cole et al. 2014) and behaviorally significant 

(Bijsterbosch et al. 2018; Greene et al. 2018). However, most studies defined nodes of the 

connectome with the use of a uniform brain parcellation, without considering possible 

topographic variation in nodes across different cognitive states. A recent study instead 

characterized the spatial reconfiguration of brain parcellation, particularly the variation in 

parcel size across a variety of task-evoked states (Salehi et al. 2019). Consistent with the 

finding from Salehi and colleagues (2019), I identified variation in the functional topography 

of the subcortex in response to changing cognitive demands under seven task domains (task-

evoked fMRI, see Chapter 5) compared to the rest. Rather than measuring the parcel size 

(Salehi et al. 2019), which is relatively coarse, I accurately characterized changes in functional 

boundaries using the concept of diversity curves that I introduced in Chapter 3. In particular, 

changes in both location and magnitude of functional boundaries were characterized. While 

the extent of reconfiguration was relatively subtle, the pattern was presented in a way toward 

forming specific functional subsystems, so as to facilitate complex cognitive processing. For 

example, the hippocampus was more strongly segregated along its longitudinal axis during 

task conditions, whereas the separation between amygdala and hippocampus was weaker, 

resulting in a more integrated amygdala-anterior hippocampal system that potentially 

facilitated emotional processes (Poppenk et al. 2013; Strange et al. 2014). The separation 

between hippocampus and thalamus was also weaker during the task compared to the rest, 

suggesting a more integrated posterior hippocampus-thalamus functional system that may 

220



Chapter 6 

have given rise to cognitive processes relating to learning and spatial memory (Poppenk et al. 

2013) (see Discussion in Chapter 5). 

 

Relationship between tobacco use and subcortical functional connectivity  

Finally, I investigated the extent to which functional connectivity strength between 

subcortical regions relate to a broad set of human behaviors (Chapter 5). Importantly, I first 

performed a hypothesis-free decomposition of a large number of cognitive and behavioral 

measures into five latent dimensions, characterizing behaviors in cognitive performance, illicit 

substance use, tobacco use, personality and emotional traits as well as mental health. 

Previous studies utilizing the HCP dataset typically investigate hundreds of individuals 

measures (Smith et al. 2015), so does the study I present in Chapter 3. This leads to an 

enormous problem of multiple comparisons across a large number of independent tests. 

Alternatively, studies preselect a limited number of psychometric measures that tap specific 

behavioral or cognitive domains, such as the fluid intelligence (Finn et al. 2015). Here, I 

performed statistical inference on each of the five dimensions rather than the full set of 

behaviors.  

 

Using the new atlas, I found a novel relationship between individual variation in subcortical 

functional connectivity and the behavioral dimension characterizing tobacco use.  I found that 

Individuals with higher tobacco use are associated with lower functional connectivity in 

thalamo-nucleus accumbens, thalamo-caudate and hippocampo-nucleus accumbens neural 

circuits. Of note, although the functional connectivity explained approximately 4% of 

individual variation in tobacco use, this relationship is highly robust, in that it is consistent 

across subcortex parcellation scales and reproducible across fMRI data sessions. The 

importance of reproducibility in neuroimaging research has been particularly highlighted in a 

recent review  (Poldrack et al. 2017). Further, this finding of behavioral association is 

consistent with the engagement of the cortico-basal ganglia-thalamo-cortical circuit and 

mesolimbic dopamine pathways in reward and goal-directed behaviors (Maia and Frank 2011), 

such as the behavior of tobacco use studied here. The low functional connectivity in the 

thalamo-striato-hippocampus in individuals with high tobacco use may suggest a down-

regulation effect of nicotine in the system. Given the well-studied epidemiology of increased 
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prevalence of tobacco smoking in individuals with schizophrenia (de Leon and Diaz 2005), I 

speculated that the putative down-regulation effect of nicotine on the hyper-dopaminergic 

state in the mesolimbic system (Howes et al. 2012) may correspond with the up-regulation 

effect of nicotine in the prefrontal cortex (Koukouli et al. 2017), facilitating symptom 

alleviation in the disorder (see Discussion in Chapter 5). It is important to note that I have only 

assessed the contribution of subcortical-to-subcortical functional connectivity in relation to 

tobacco use. Futures studies incorporating cortical regions, especially the prefrontal cortex, 

would provide more insight into the potential effect of nicotine on the reward circuits in 

individuals with schizophrenia.     

 

It is also noteworthy that I did not find significant associations between intra-subcortical 

functional connectivity and the other four behavioral dimensions. In particular, although the 

subcortex is engaged in a number of cognitive processes (Maia and Frank 2011; Shepherd 

2013), my finding suggests that the subcortex alone may not be sufficient to cope with 

complex higher-order cognitive tasks. This conclusion is perhaps not of surprise given that in 

contrast to the highly expanded association cortices (Van Essen and Dierker 2007; Ardesch et 

al. 2019), the subcortex in humans is evolutionarily conserved (Stephenson-Jones et al. 2011; 

Satizabal et al. 2019), and nuclei in the subcortex typically act through networks and circuits 

modulating input and output information to and from the cerebral cortex (Alexander et al. 

1986; Jahanshahi et al. 2015). This highlights an important direction for future work of holistic 

connectome mapping and characterization of cortico-subcortical functional connectivity, to 

further elucidate neural correlates of the behavioral traits that relate to complex and abstract 

higher-order cognition.  

 

Limitations and future work 

Limitations of each study described in this thesis are described in detail within the respective 

chapters (Chapter 3-5). In this section, I will highlight several general limitations that may 

have impacted all three studies. In some cases, I will also attempt to propose potential 

solutions to overcome these limitations in future work.  
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First, and as discussed in Chapter 3, functional MRI data is inherently discrete (voxelized) and 

thus the extent to which spatial variation in functional connectivity can be modeled as a 

continuum or sharp transition is limited by the voxel resolution. In other words, the 

topographic representation of brain connectivity is limited by the spatial scale of the imaging 

modality studied. The inability to unequivocally parcellate a brain region (e.g. insular cortex) 

with a certain modality (e.g. resting-state fMRI) should not be interpreted as no subdivisions 

in that region. The absence of subregions may potentially be a consequence of inherent 

limitations in the imaging modality. Distinct differentiation may be evident at different spatial 

scales such as molecular and cellular and may be evident with alternative imaging modalities. 

Given the intrinsic laminar cytoarchitecture of cortical regions, differentiation may also be 

evident at specific cortical layers. However, the spatial resolution of standard neuroimaging 

techniques is insufficient to distinguish fMRI signals at the level of cortical layers, although 

several recent breakthroughs are worth noting (Finn et al. 2019). This highlights the 

importance of multi-scale and multi-modal investigations of brain topography in future work. 

  

Second, ambiguity in the number of functional subregions across studies may be due to 

limitations in fMRI acquisition and data quality. The high-quality HCP data I used in Chapter 3 

and Chapter 5 are characterized by higher spatial (2mm isotropic voxel size) and temporal 

(TR=720ms) resolution compared to most previous parcellation studies as well as the study I 

performed in Chapter 4 (voxel dimension: 3.3×3.3×3.5 mm3; TR=2000ms). While additional 

procedures were implemented in Chapter 4 to assist in alleviating the effects of noise, the 

accuracy and robustness of insular connectivity gradients might still be affected by the poorer 

data quality, precluding precise characterization of differences in insular connectional 

diversity between the schizophrenia and healthy control group.  

 

Third, some degree of spatial smoothing is unavoidable with fMRI, which may have led to the 

blurring of functional boundaries between putative cortical and subcortical regions. It might 

be argued that the connectivity topography should be characterized using unsmoothed fMRI 

data, although the data is intrinsically smoothed due to the point spread function associated 

with the MRI acquisition. Voxel-wise and individual-level analyses without any additional 

smoothing can be very challenging due to the effect of temporal artifacts. Functional 

connectivity estimated between spatially distant voxels may thus arise from unstructured and 
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autocorrelated noise rather than the actual BOLD-related fluctuations. Indeed, spatial 

smoothing is one the most common strategies to reduce the unstructured noise and to 

increase the signal-to-noise ratio (SNR). Rather than using traditional Gaussian smoothing 

kernels, Glasser and colleagues (2016) proposed to selectively smooth unstructured noise 

more than BOLD signals, and thus preserve spatial fidelity while enhancing the SNR. 

Specifically, BOLD signals were reconstructed from a principal component analysis, where the 

components were filtered according to an empirically-fitted Wishart distribution to dampen 

the effects of noise (Glasser et al. 2016a; Glasser et al. 2016b; Glasser et al. 2018). They 

showed that this method substantially improved cortical SNR with minimal spatial blurring. 

Of note, I also found that the method of Wishart filtering is very useful in increasing the SNR 

of fMRI signals in the subcortex, whereas the pipeline coupled with a smoothing kernel of 

6mm full width at half maximum (FWHM) yielded the most lucid gradient maps (Figure 6.1). 

 
Figure 6.1. Effects of Gaussian smoothing kernel and Wishart filter on connectivity gradient mapping.  

 

Indeed, imaging the subcortex is particularly challenging due to iron enrichment in subcortical 

nuclei and the relatively large distance from the MRI head coil (Puckett et al. 2018). The T2* 

signal decay times are shorter in subcortical regions compared to the cortex, whereas most 

echo-planar based imaging (EPI) protocols, including the HCP, are optimized for the cerebral 

cortex. This yields overall lower SNR and lower BOLD signal sensitivity in the subcortex 

compared to the cortex. Small subcortical nuclei such as subthalamic and substantia nigra are 

more susceptible and were not included (Chapter 5) due to this matter as well as the limited 

spatial resolution. For example, the subthalamic nuclei has a volume of approximately 100 

mm3 (de Hollander et al. 2015; Zwirner et al. 2017; Pauli et al. 2018), meaning that the entire 

subthalamic nuclei spans no more than approximately ~10 voxels at 3T fMRI (2mm isotropic 
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resolution) or ~20 voxels at 7T fMRI (1.6mm isotropic resolution). Investigating the functional 

architecture and subregions of these small nuclei would require greater spatial resolution, 

particularly given that putative subregions of the subthalamic nuclei would not compromise 

more than a few voxels at most. The BOLD signals obtained from so few voxels would most 

likely be unreliable and sensitive to the impact of residual misalignment errors remaining 

after spatial normalization. Even at 7T, with overall improved SNR, the echo time (TE=22.2ms) 

is still relatively long to acquire a reliable BOLD contrast in the subthalamic nuclei, of which 

the T2* relaxation value is about 15ms. By the time of echo, the signal in the cortex is still 

strong, whereas the subthalamic signal has decayed to a large extent (Figure 6.2). Future work 

with the use of optimized 7T acquisition protocols, including multi-echo planar and sub-

millimetre spatial resolution would be more suited to resolve the functional architecture of 

these small nuclei (de Hollander et al. 2017). Additional spatial smoothing may not be 

required in the future.  

 

 
Figure 6.2. BOLD signal decays as a function of time for different T2* relaxation value at 7T. The T2* relaxation 
value for the subthalamic nuclei is about 15ms, whereas the relaxation time in the cerebral cortex is about 30-
40ms. The black dotted line indicates a common echo time at 7T of 22ms. Colored dots indicate the signal of the 
T2* curve at its respective T2* relaxation value (reproduced from de Hollander et al. 2017). 
 
 
Another general limitation is that I have only investigated one neuroimaging modality. In 

particular, I have examined the connectivity architecture using functional MRI. Although 

functional MRI is argued to be one of the most useful modalities in predicting cortical areal 

borders (Glasser et al. 2016a), an interesting avenue for future investigation is to characterize 

the topographic organization of the brain by integrating data from multiple imaging 

modalities. While most anatomical and functional evidence supports the continuum model of 
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insula’s topography, the topographic organization of other brain regions may be divergent 

across modalities. One such example is the hippocampus. The complexity of hippocampal 

topography is evident in different modalities as well as different organizational axes, see a 

review by Strange et al. (2014). Specifically, the hippocampus comprises three main 

anatomical subfields (i.e. subiculum, cornu ammonis and dentate gyrus) that are organized 

along a medio-lateral axis (Amunts et al. 2005), whereas patterns of  hippocampal function 

and connectivity vary along a longitudinal axis from anterior to posterior (Strange et al. 2014). 

Gene expression profiles suggest multiple functional domains in the hippocampus along the 

longitudinal axis, while often presented as abrupt changes, some genes show continuous 

gradients of expression (Thompson et al. 2008; Vogel et al. 2020). In contrast, hippocampal 

connectivity, findings from electrophysiological recording and behavioral lesions in rodents 

typically suggest a continuous topographic gradient. However, exceptions of distinct 

differentiation were also overserved (Strange et al. 2014). This accentuates the complexity of 

brain organization and motives the use of multi-modal imaging to provide a comprehensive 

picture of the topographic organization of the human brain.   

 

The availability of multi-modal imaging provides a unique opportunity to untangle the 

relationship in the topographic organization between different neurobiological properties, 

from molecules and cells to brain structure, connectivity and function, and eventually toward 

the path to understand how neural information is integrated to give rise to human behaviors 

and cognition. Indeed, none of these neurobiological properties exist and operate in isolation. 

It has been established that the anatomy of cortical and subcortical structure is heritable 

(Satizabal et al. 2019; Grasby et al. 2020). Studies suggest that regions with similar gene 

expression profiles are more likely to co-vary in structure (e.g. structural covariance) and are 

more strongly connected (Fornito et al. 2019; Vogel et al. 2020). Similarly, connectivity 

strength is stronger between regions that share similar cyto- and myeloarchitecture (van den 

Heuvel et al. 2015; Goulas et al. 2016; Huntenburg et al. 2017). Another research avenue is 

the investigation of the extent to which one property can be predicted by another. There is 

evidence that anatomical connectivity measured by diffusion MRI tractography can predict 

resting-state functional connectivity (Honey et al. 2009) and brain activation (Saygin et al. 

2011; Osher et al. 2016), whereas individual variation in brain activation during task 
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performance is also predictable from inter-regional functional connectivity during task 

engagement (Cole et al. 2013; Salehi et al. 2019) or at rest (Cole et al. 2016; Tavor et al. 2016). 

 

Many studies have sought to investigate whether individual variation in brain structure and 

function associates with behavioral variability in health (Dickerson et al. 2008; Gabrieli et al. 

2015; Smith et al. 2015; Sabuncu et al. 2016; Kong et al. 2019) and symptom variability in 

neuropsychiatric illness (Dwyer et al. 2018; Xia et al. 2018). Studies often investigate each 

neural feature separately, among which functional connectivity has been most commonly 

employed and often outperforms others in the amount of behavioral variance explained, or 

the accuracy in behavioral prediction (Greene et al. 2018; Liégeois et al. 2019; Seguin et al. 

2020). Consistent with previous studies, I found that patterns of functional connectivity of the 

insular cortex significantly associate with individual variation in behaviors that relate to 

cognitive-affective and somatosensory functions in health and explains some variance in the 

severity of clinical symptoms in schizophrenia. Likewise, subcortical functional connectivity 

was found to associate with individual variation in behaviors relating to cognitive processes 

in reward and decision making. Nevertheless, functional connectivity is the only imaging 

measure examined in this thesis, which is an important limitation. While most neural features 

and imaging modalities are related to a certain extent, a single feature usually cannot explain 

all or the vast majority of the behavioral variance. Therefore, it is important to investigate 

how these neural features cooperate and give rise to individual differences in the various 

domains of behaviors in health as well as symptom heterogeneity in neuropsychiatric 

disorders. Moreover, within-sample correlational analyses were often used throughout this 

thesis to investigate brain-behavior associations. Cross-validation and out-of-sample 

prediction strategies are likely to yield more reproducible and generalizable brain-behavior 

relationship, although these methodologies demand large sample sizes. Given that many 

neuropsychiatric disorders emerge during childhood and adolescence, when changes in brain 

structure, function and connectivity are remarkable (Paus et al. 2008), future work integrating 

multi-dimensional neural features should also consider the critical window of 

neurodevelopment.   

 

To answer these questions, large datasets of participants across a wide age range, from 

childhood and adolescence to adulthood, as well as cross-sectional and longitudinal cohorts 
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would be required. Opportunities to address these questions are emerging through the 

provision of high-quality publicly available, multi-modal imaging data, which include rich 

cognitive and psychopathological testing as well as genetic data from collaborative initiatives 

such as the Human Connectome Project in Development (Somerville et al. 2018), the 

Adolescent Brain and Cognitive Development (Casey et al. 2018), the Philadelphia 

Neurodevelopmental Cohort (Satterthwaite et al. 2016) and the UK Biobank (Miller et al. 

2016).   

 

Conclusions 

I comprehensively characterized the macroscale functional connectivity architecture of the 

human insular cortex and the subcortex using non-invasive in vivo functional magnetic 

resonance imaging in health and schizophrenia. New methodologies were proposed to 

address longstanding challenges in brain cartography associated with demarcating discrete 

boundaries and representing spatial variation as continuous gradients of gradual change. 

Using these new maps, I unveiled fundamental new insight into the functional organization 

of the human brain. Novel relationships were uncovered that link the brain’s functional 

topography to human behavioral traits and cognition in health as well as severity of clinical 

symptoms in schizophrenia. 
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