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Brain connectivity methods have tremendous potential to expand our understanding of 

the brain, especially when added to existing knowledge gained through more traditional 

structural and functional brain imaging methods. Instead of examining isolated brain regions 

performing a function or individual regions affected by a disease, a network-level approach 

appreciates the complex organization and interactions of the brain. Through diffusion weighted 

imaging, we can visualize the white matter pathways of the brain in vivo, thus modeling the 

structural highways and roads that support efficient brain function. Understanding how these 

measures of structural connectivity change with development is key for a fuller understanding of 

healthy brain development, as structure, function, and connectivity all interact. Additionally, it is 

necessary for determining how and when dysfunction occurs in neurodevelopmental disorders. 



 

 iii 

As many of these disorders are genetically influenced, examining how risk genes affect brain 

connectivity might shed light on the mechanisms by which these genes have their effect. Lastly, 

one of the hallmarks of development is sharpening cognitive skills, which are often significantly 

impaired in neurodevelopmental disorders. In order to understand both typical and atypical 

development, determining how connectivity supports cognition is key. Especially with new brain 

metrics, such as those in graph theory, the association between brain connectivity and cognition 

is not well known, and presents exciting research potential. Altogether, determining the 

development, genetic, and cognitive correlates of structural brain connectivity will integrate with 

existing knowledge about brain structure and function to give us a fuller understanding of the 

interrelated processes that occur throughout development. This will form a foundation from 

which we can base future investigations into how connectivity is affected in neurodevelopmental 

disorders. 
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CHAPTER	
  1	
  

 

Introduction 

There has been tremendous growth in the field of brain connectivity, as both the technology to 

assess connectivity improves, and the applications expand. Combined with existing and ever-

improving knowledge about brain structure and function, research into brain connectivity is the 

third pillar necessary for a comprehensive understanding of the brain. Many psychiatric disorders 

begin to surface in adolescence, highlighting the importance of studying connectivity during this 

developmental stage. Traumatic brain injury during development can be especially detrimental to 

later cognitive function. By defining the developmental trajectory in typically developing 

individuals, we can determine how and when individuals with disorders or injury deviate from 

the typical trajectory. Further, as we know that many psychiatric disorders are genetically 

influenced, we can map how risk genes associated with psychiatric disorders are linked with 

brain connectivity in the hopes of elucidating the mechanisms of disease. For common risk 

genes, examining effects in healthy populations has some benefit in that the effect of the disorder 

itself on the brain does not need to be considered. Finally, understanding the cognitive correlates 

of connectivity measures is a necessary step for tying these measures, some of which can be 

highly mathematical, back to measures that are more tangible and more clearly associated with 

brain function.  

The following section, 1.1 Mapping connectivity in the developing brain, gives an 

introduction to the work that has been done mapping structural and functional connectivity 

across development, both in typically developing individuals, and in individuals with 

neurodevelopmental disorders. In addition, this section gives an introduction the methods used in 
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this dissertation, including high angular resolution diffusion imaging (HARDI), tractography, 

and graph theoretical analyses. Further details of the rich club organization of the brain are 

discussed in section 1.4. Background and methods for Aims 2 and 3 will be covered in sections 

1.2, 1.3, and 1.4. The vast majority of these analyses have been completed on data from the 

Queensland Twin Imaging study (QTIM), a 5-year project collecting neuroimaging, genetic, and 

cognitive measures on healthy twins. Most of the twins are between 20-30 years old, with 

additional cohorts collected at 12 years old and 16 years old. The demographics for this study are 

shown in Table 1.  

 

	
  	
  
N	
  (m/f)	
   Age	
   Zygosity	
  

(MZ/DZ/sib)	
  
12	
  year	
  old	
  cohort	
   53	
  (26/27)	
   12.31	
  (0.18)	
   16/37/0	
  
16	
  year	
  old	
  cohort	
   63	
  (35/28)	
   16.17	
  (0.36)	
   17/46/0	
  
20-­‐30	
  year	
  old	
  
cohort	
   1051	
  (404/647)	
   22.86	
  (2.84)	
   389/556/106	
  
Total	
   1167	
  (459/708)	
   21.97	
  (3.85)	
   422/639/106	
  

 

Table 1. Demographic summary of the QTIM dataset. The dataset is broken into 3 main cohorts. 
Total number, male/female ratio, average age and standard deviation, and the number of 
monozygotic, dizygotic, and siblings are given for each cohort, and in total. 
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1.1 Mapping connectivity in the developing brain 

 

This section is adapted from: 

 

Dennis EL & Thompson PM (2013). Mapping Connectivity in the Developing Brain. 

International Journal of Developmental Neuroscience, 31(1), 525-542. 
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1.2 Genetic underpinnings of structural connectivity 

 

Many aspects of brain structure are under moderately strong genetic control, including 

total brain volume [Posthuma et al., 2000], cortical thickness [Schmitt et al., 2008; Thompson et 

al., 2001], and DTI-derived measures of white matter integrity [Chiang et al., 2009, 2011; 

Pfefferbaum et al., 2001]. While genome-wide approaches can perform unbiased searches, which 

are especially useful in uncovering associations when no prior hypotheses exist [Thompson et 

al., 2010], these approaches require very large numbers of subjects (tens of thousands). 

Candidate gene approaches, such as testing SNPs (single nucleotide polymorphisms) of interest, 

can be appropriate when a prior hypothesis exists, and are more practical with smaller subject 

numbers. Using this approach, Braskie et al. (2011) found that healthy young adults who carry 

the risk allele of an Alzheimer’s risk gene (CLU-C) had lower white matter integrity. Jahanshad 

et al. (2012) found associations between white matter integrity and a gene key in iron regulation 

(HFE). In the first study to link graph theoretical measures of structural connectivity to genetics, 

Brown et al. (2011) found that healthy APOE-4 carriers had accelerated decline of measures of 

interconnectivity with age. As will be discussed in Chapter 3, we have also examined genetic 

associations with both graph theoretical measures of connectivity and HARDI-based measures of 

white matter integrity. Results such as these can reveal information about the mechanisms by 

which these disease risk genes confer vulnerability.  

For the vast majority of the studies presented, we have used a large dataset of twins 

scanned in Australia. In addition to examining associations between SNPs and brain measures, 

with this dataset we can also examine the heritability of brain measures. By examining the 

similarity between dizygotic twins vs. monozygotic twins, we can get an estimate of the 
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proportions of variance in the brain measures that are due to genetics, shared environment, and 

unique environment (or the unexplained remainder). This is based on the assumption that 

monozygotic twins share 100% of their genetics, while dizygotic twins share 50% of their 

genetics, but both share environments with their twins. Thus, if a brain measure is significantly 

more correlated between monozygotic twins than between dizygotic twins, it has a significant 

genetic component. Our lab has used this method to determine the heritability of brain 

asymmetry [Jahanshad et al., 2010] and the influence of transferrin (iron transporter) on brain 

structure [Jahanshad et al., 2012]. We have used this modeling to determine the heritability of 

graph theoretical measures of structural connectivity [Dennis et al., SFN 2011]. 

 

1.3 Cognitive correlates of structural connectivity 

 

There have been a number of investigations into the cognitive correlates of diffusion 

weighted imaging measures, finding that it is associated with reading ability [Deutsch et al., 

2005], working memory [Takeuchi et al., 2010], and IQ [Schmithorst et al., 2005]. Studies of 

cognitive correlates of graph theoretical measures of structural connectivity, however, are far 

fewer. In fact, at this time I only am aware of one published study linking IQ and graph 

theoretical measures of structural connectivity [Li et al., 2009]. As will be discussed in Chapter 

4, we have examined the association between IQ and one set of parameters from graph theory, 

describing the “rich club” organization of the brain. 

 Cognitive development is a dynamic process that requires development of the underlying 

brain structure, activity in a coordinated manner, and enough input from the environment to 

stimulate development and learning. There are many studies showing that some of the latest 
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regions to develop structurally are those responsible for higher-level cognitive function [Gogtay 

et al., 2004]. In additional to showing immature recruitment of brain regions typically used by 

adults for cognitive tasks, studies have shown children also use different brain regions altogether 

in fMRI studies [Bunge et al., 2002; Durston et al., 2002; Monk et al., 2003]. Lastly, the 

developmental environment, and how much stimuli-rich the surroundings are, can also play a 

significant role in the development of a child’s cognitive abilities [Burchinal et al., 1996; 

Rijlaarsdam et al., 2013].  

 Structural graph theoretical measures of connectivity are highly mathematical, and 

perhaps a little more removed from the biology than other measures of connectivity. Given that 

there is a lack of research examining the link between cognition and these measures, it would 

seem prudent to examine in order to determine their utility in this domain. Linking these 

mathematical measures back to cognitive measures, which are more obviously related to 

neurological function, will give them a firmer biological grounding. 

 

1.4 Graph theory and the rich club 

 

Graph theory is a branch of mathematics concerned with the description and analysis of 

graphs. It has recently been applied to brain networks to describe network topology. Graph 

theory represents the brain as a set of nodes (brain regions) and edges (the connections between 

them). A number of standard parameters such as path length and modularity, to name a few, are 

used to describe network topology [Sporns et al., 2004]. Characteristic path length measures the 

average path length in a network. It does not refer to the physical length of the tracts, but the 

number of edges, or individual ‘jumps’, between nodes in the network. Modularity is the degree 
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to which a system may be subdivided into smaller networks. Graph theory can quantify both 

local and global features in brain connectivity patterns.  

Van den Heuvel and Sporns (2011) first discussed the existence of “rich-club” 

organization in the human connectome, building on previous network analysis of a “rich-club” 

phenomenon [Colizza et al., 2006]. The rich club coefficient assesses the presence and 

interconnectedness of a “rich club” of nodes within a network – nodes that are highly central and 

densely interconnected with each other and participate as hub nodes in multiple sub-networks. It 

is given by the following: 

𝜙(𝑘) =   
2  𝐸!!   

𝑁!!(𝑁!! − 1)
 

Where k is the degree of the nodes, E>k is the number of links between nodes with degree k or 

greater, and N>k is the total number of possible connections if those nodes of degree k were to be 

fully connected. They also introduced φnorm(k), which is φ(k) divided by the rich club coefficient 

calculated in a series of random networks (φrandom(k)) of the same size with a similar distribution 

of edges. A φnorm(k) value greater than 1 indicates the presence of rich-club organization in the 

network. In additional to investigating the density of connections between rich club nodes, which 

nodes are included in the rich club can be informative as well. These highly central, highly 

interconnected nodes are crucial for efficient network function [Van den Heuvel & Sporns, 

2011], so differences in which nodes are included in the rich club can point to substantial 

structural differences between groups or remodeling with age. 

 

1.5  Organization of the dissertation 
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All of the studies in this dissertation are unified by the use of structural connectivity 

measures as the neuroimaging phenotype. Each of the aims attempts to address an area of 

research where significant gaps in knowledge exist regarding structural connectivity. The aims 

are additionally linked by hopefully serving future research efforts into neurodevelopmental 

disorders, which I intend to pursue following completion of my doctoral degree. In Chapter 2 we 

discuss efforts to determine the developmental trajectory of graph theoretical measures of 

structural connectivity, including basic measures such as characteristic path length and 

clustering, as well as more complex measures such as rich club organization. In addition, we 

discuss work to define how the connectivity of the insula changes between adolescence and early 

adulthood, which a critical region for many psychiatric disorders. In Chapter 3 we detail studies 

of the genetic associations of measures of connectivity, starting with a study finding altered 

graph theoretical measures of connectivity in healthy individuals carrying the risk allele of an 

autism risk gene (CNTNAP2). We also detail results linking an obesity risk gene (NEGR1) to 

changes in white matter integrity, in an age-dependent fashion. In Chapter 4 we examine work 

investigating the cognitive correlates of structural connectivity, beginning with a study finding 

associations between IQ and both rich club organization and voxel-wise FA. Additionally, we 

detail work linking educational attainment to differences in fiber density and nodal graph 

theoretical measures of structural connectivity. In Chapter 5 we offer a summary of these works. 

In Chapter 6 we detail our plans for future work and ongoing studies. 
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CHAPTER 2 

 

 

 

 

Developmental trajectory of structural brain connectivity 
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2.1 Development of brain structural connectivity between ages 12 and 30 

 

This section is adapted from: 

 

Dennis EL, Jahanshad N, Toga AW, McMahon KL, de Zubicaray GI, Martin NG, Hickie IB, 

Wright MJ, Thompson PM. (2013). Development of Brain Structural Connectivity 

between Ages 12 and 30: A 4-Tesla HARDI Study in 439 Adolescents and Adults. 

NeuroImage, 64(1), 671-684. 
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2.2 Development of the “rich club” in brain connectivity networks from 438 adolescents 

and adults aged 12 to 30 

 

This section is adapted from: 

 

Dennis EL, Jahanshad N, Toga AW, McMahon KL, de Zubicaray GI, Martin NG, Hickie I, 

Wright MJ, Thompson PM. (2013). Development of the “Rich Club” in Brain Networks 

from 438 Adolescents and Adults Aged 12 To 30. In Proc. 10th IEEE ISBI, San Francisco, 

620-623. (peer reviewed conference paper and platform talk). ISBI 2013 Best Student 

Paper Award Winner. 
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2.3 Development of insula connectivity between ages 12 and 30 revealed by high angular 

resolution diffusion imaging 

 

This section is adapted from: 

 

Dennis EL, Jahanshad N, McMahon KL, de Zubicaray GI, Martin NG, Hickie IB, Toga AW, 

Wright MJ, Thompson PM. (2013). Development of Insula Connectivity Between Ages 

12 and 30 Revealed by High Angular Resolution Diffusion Imaging (HARDI). Human 

Brain Mapping, In Press. 
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CHAPTER 3 

 

 

Genetic correlates of structural brain connectivity 
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3.1 Altered structural brain connectivity in healthy carriers of the autism risk gene, 

CNTNAP2 

 

This section is adapted from: 

 

Dennis EL, Jahanshad N, Rudie JD, Brown JA, Johnson K, McMahon KL, de Zubicaray GI, 

Montgomery G, Martin NG, Wright MJ, Bookheimer SY, Dapretto M, Toga AW, 

Thompson PM. (2011). Altered Structural Brain Connectivity in Healthy Carriers of the 

Autism Risk Gene, CNTNAP2. Brain Connectivity, 1(6), 447-459. 
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3.2 Obesity gene NEGR1 affects white matter integrity differently in young and old 

adults 

 

This section is adapted from: 

 

Dennis EL, Jahanshad N, Braskie MN, Warstadt NM, Hibar DP, Kohannim O, Nir T, McMahon 

KL, de Zubicaray GI, Montgomery G, Martin NG, Toga AW, Wright MJ, Thompson 

PM. (2013). Obesity Gene NEGR1 Affects White Matter Integrity Differently in Young 

and Old Adults. NeuroImage, Submitted Oct 21. 
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Abstract (241 words; 250 max.) 

 Obesity is a crucial public health issue in developed countries, with implications for 

cardiovascular and brain health as we age. A number of commonly-carried genetic variants are 

associated with obesity. Elderly carriers of one of these variants, in the FTO gene, show different 

patterns of brain structure, on average. Here we aim to see whether variants in other obesity-

associated genes - NEGR1, FTO, MTCH2, and 11 others - are associated with white matter 

integrity, measured through HARDI (high angular resolution diffusion imaging) in young 

healthy adults between 20-30 years old from the Queensland Twin Imaging study (QTIM). We 

began with a multi-locus approach testing how a number of SNPs (single nucleotide 

polymorphisms) that have been associated with obesity may jointly influence voxel-wise FA 

(fractional anisotropy). Risk allele dosage of rs2815752 in NEGR1 was associated with lower 

white matter integrity across a substantial portion of the brain in young adults. Across the area of 

significance, each risk allele was associated with a 2.2% decrease in average FA. In a subsequent 

study of elderly people from the Alzheimer’s Disease Neuroimaging Initiative (ADNI), NEGR1 

variants were associated with FA in the same areas but in the opposite direction. Effects of the 

NEGR1 risk allele appear to be age-dependent. These results are consistent with prior findings 

that obesity in midlife is cognitively detrimental, while late-life obesity may be cognitively 

protective. The effects of obesity to cognition across the lifespan may be in part genetically 

influenced. 
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1. Introduction 

 Obesity is a major public health issue facing developed countries. In the United States 

over a third of adults are classified as obese, and another third are considered to be overweight 

(Ogden et al., 2012). Obesity has well-established links to serious health issues such as diabetes, 

heart disease, and premature death (Must et al., 1999). High body mass index (BMI)1 in midlife 

is linked to poorer cognitive functioning in old age (Fitzpatrick et al., 2009; Walther et al., 2009). 

Greater BMI is associated with lower brain volume (Walther et al., 2009; Ward et al., 2005; Taki 

et al., 2008), brain atrophy (Gustafson et al., 2004), and lower gray matter density (Pannacciulli 

et al., 2006), and neuronal and myelin abnormalities (Gazdzinski et al., 2010). Obese people 

have abnormalities in white matter volume (Haltia et al., 2007; Raji et al., 2009), diffusivity 

(Alkan et al., 2008) and integrity across many brain regions (Stanek et al., 2009; Verstynen et al., 

2012; Xu et al., 2013). These brain differences in obese people may be attributable to a less 

healthy diet and lifestyle, which negatively affect brain health (Molteni et al., 2002; Northstone 

et al., 2012; Ars, 2012). They may be partly due to genetic variants with joint effects on the brain 

and obesity risk. A gene may directly affect the brain, and its effects on appetite and physical 

activity could affect obesity. Alternatively, a gene could affect vascular health, reducing cerebral 

blood flow, and therefore delivery of oxygen and nutrients to the brain, with concomitant effects 

on brain function.  

Diet and lifestyle are the most readily identifiable causes of obesity, yet it is highly 

heritable (Wardle et al., 2008), and genetic vulnerabilities interact with lifestyle factors. A 

number of genes have been repeatedly associated with obesity in cohorts worldwide (Frayling et 

                                                
1 Body mass index is a ratio of weight to height, intended as an approximate but readily 
computed assessment of fat mass. The equation to calculate BMI (in SI units) is BMI=mass 
(kg)/(height (m))2. 
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al., 2007; Loos et al., 2008; Ng et al., 2012; Okada et al., 2012; Wen et al., 2012). We previously 

found that elderly carriers of the FTO risk allele had lower frontal and occipital lobe volumes 

(Ho et al., 2010). Recent genome-wide association studies (GWAS) identified a number of loci 

associated with BMI (Speliotes et al., 2010; Thorleifsson et al., 2008; Willer et al., 2008).  

Here we investigated whether 16 common variants in obesity-related genes relate to the 

brain’s white matter integrity. Using a multi-locus approach to assess their combined effect, we 

tested whether obesity-related variants might predict differences in white matter integrity 

assessed using high angular resolution diffusion imaging (HARDI) (Kohannim et al., 2012). As a 

post hoc test, we evaluated the most promising SNP (single nucleotide polymorphism) driving 

the effects in the multi-locus model. Initial analyses were completed in 499 young adults (aged 

20-30), to test if there was any evidence of a link between obesity-related genetic variants and 

brain integrity. We followed up with an exploratory sample of 78 elderly subjects aged 55-90 

years to examine effects of the obesity-related SNPs in an older cohort. We did not expect the 

older sample (ADNI) to replicate results from the younger cohort; rather, we were interested in 

examining whether these effects might differ in a much older population. 

2. Materials and Methods 

2.1 Participants 

 We examined two different cohorts – young Australian twins (the Queensland Twin 

Imaging study; QTIM) and elderly people in the United States (the Alzheimer’s Disease 

Neuroimaging Initiative; ADNI). These cohorts were selected because of the large amount of 

high quality neuroimaging and genome-wide genetic data.  

2.2 QTIM Cohort  
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For the QTIM cohort, participants were recruited as part of a 5-year project research 

project examining healthy Australian twins with structural MRI and diffusion-weighted imaging 

(de Zubicaray et al., 2008). Our analysis included 499 right-handed subjects (326 females/173 

males, mean age=23.8, SD=2.5 years, range=20-30 years). This sample included 163 

monozygotic (MZ) twins, 274 dizygotic (DZ) twins, and 62 non-twin siblings, from 309 

families. This information is summarized in Table 2, along with BMI information for each 

group. A histogram of BMI for the QTIM cohort is shown in Figure 1. All QTIM subjects were 

Caucasian, and ancestry outliers, defined as individuals more than 6 SD from the PC1/PC2 

centroid after principal components analyses of the GWAS data (Medland et al., 2009), were 

excluded. Gene allele frequencies can differ between ethnicities, as can the risks associated with 

various alleles, so ethnically homogenous groups are generally preferred in genetic studies. 

Additionally, the three published studies (Speliotes et al., 2010; Thorleifsson et al., 2008; Willer 

et al., 2008) – which we used to select our SNPs of interest – were analyses of sampled 

populations that were 99.7% Caucasian (one of the studies [Thorleifsson et al., 2008] included a 

very small number of African American subjects as well).  

2.2.1 Scan Acquisition 

Whole-brain anatomical and high angular resolution diffusion images (HARDI) were 

collected with a 4T Bruker Medspec MRI scanner. T1-weighted anatomical images were 

acquired with an inversion recovery rapid gradient echo sequence. Acquisition parameters were: 

TI/TR/TE = 700/1500/3.35ms; flip angle = 8 degrees; slice thickness = 0.9mm, with a 256x256 

acquisition matrix. HARDI was also acquired using single-shot echo planar imaging with a 

twice-refocused spin echo sequence to reduce eddy-current induced distortions. Imaging 

parameters were: 23cm FOV, TR/TE 6090/91.7ms, with a 128x128 acquisition matrix. Each 3D 
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volume consisted of 55 2-mm thick axial slices with no gap, and 1.79 x 1.79 mm2 in-plane 

resolution. 105 images were acquired per subject: 11 with no diffusion sensitization (i.e., T2-

weighted b0 images) and 94 diffusion-weighted (DW) images (b = 1159 s/mm2) with gradient 

directions evenly distributed on a hemisphere in the q-space. Scan time for the 105-gradient 

HARDI scan was 14.2 min.  

2.2.2 Establishing Zygosity and Genotyping 

Zygosity was objectively established by typing nine independent DNA microsatellite 

polymorphisms (polymorphism information content > 0.7), using standard PCR methods and 

genotyping. Results were crosschecked with blood group (ABO, MNS, and Rh), and phenotypic 

data (hair, skin, and eye color), giving an overall probability of correct zygosity assignment > 

99.99%, and these were subsequently confirmed by GWAS. Genomic DNA samples were 

analyzed on the Human610-Quad BeadChip (Illumina) according to the manufacturers protocols 

(Infinium HD Assay; Super Protocol Guide; Rev. A, May 2008). 

2.3 Follow-up sample - Participants 

 We found one SNP that individually appeared to show a significant association with FA 

(rs2815752). We also evaluated how this SNP related to DTI measures of white matter integrity 

in an independent sample from the second phase of the Alzheimer’s Disease Neuroimaging 

Initiative (ADNI). The ADNI2 sample included 78 individuals (29 female/49 male; average 

age=74.3, SD=7.28 years, range=55-90) scanned from 14 sites across North America. This 

information is also included in Table 2, along with the BMI data for each group. We only 

included the subgroup of ADNI subjects who were Caucasian, as our initial subject group was 

100% Caucasian and gene allele frequencies and the risks they confer can differ by ethnicity. A 

histogram of BMI of subjects can be seen in Figure 1. For this sample we used MDS 
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(multidimensional scaling) parameters as covariates to control for any remaining genetic 

variability. The ADNI sample is more ethnically heterogenous than the QTIM sample, and while 

we limited our analyses to individuals who self-identified as “Caucasian”, we wanted to control 

for any remaining genetic variability. Ancestry outliers had already been removed from the 

QTIM sample in previous analyses, so this was not a concern in the QTIM sample. 

2.3.1 Follow-up sample – Scan Acquisition 

 All ADNI2 subjects underwent whole-brain MRI scans on 3 tesla GE Medical Systems 

scanners at 14 acquisition sites across North America. Anatomical T1-weighted SPGR (spoiled 

gradient echo) sequences were collected (256x256 display matrix; acquired voxel size = 

1.2x1.0x1.0 mm3; TI=400 ms; TR = 6.98 ms; TE = 2.85 ms; flip angle=11°), as were diffusion-

weighted images (DWI; 256x256 matrix; voxel size: 2.7x2.7x2.7 mm3; TR=9000ms; scan time = 

9 min; more imaging details may be found at http://adni.loni.ucla.edu/wp-

content/uploads/2010/05/ADNI2_GE_3T_22.0_T2.pdf). 46 separate images were acquired for 

each DTI scan: 5 T2-weighted images with no diffusion sensitization (b0 images) and 41 

diffusion-weighted images (b=1000 s/mm²). This protocol was chosen after we conducted a 

detailed comparison of several different DTI protocols, to optimize the signal-to-noise ratio in a 

fixed scan time (Zhan et al., 2012). All T1-weighted MR and DWI images were checked visually 

for quality assurance to exclude scans with excessive motion and/or artifacts; none was excluded 

for quality reasons. 

2.3.2 Follow-up sample – Genotyping 

DNA samples were genotyped using the Illumina (San Diego, CA, USA) OmniExpress 

genotyping array; note that this chip was used for the from 434 ADNI-GO/ADNI-2 participants, 

and differs from the Illumina Human 610-Quad BeadChip used for the QTIM cohort and for the 
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818 participants in the first phase of ADNI, ADNI-1. Because these genotyping chips do not 

contain APOE biomarkers, ADNI researchers collected separate blood samples for DNA 

analysis, and APOE genotyping was done via PCR amplification and HhaI restriction enzyme 

digestion (Potkin et al., 2009).  

2.4 Diffusion Tensor Image (DTI) Processing  

For both cohorts, non-brain regions were automatically removed from each T1-weighted 

MRI scan using ROBEX (Iglesias et al., 2011) a robust brain extraction program trained on 

manually “skull-stripped” MRI data and FreeSurfer (Fischl et al., 2004), and from a T2-weighted 

image from the DWI set, using the FSL tool “BET” (Smith, 2002; FMRIB Software Library, 

http://fsl.fmrib.ox.ac.uk/fsl/).. Intracranial volume estimates were obtained from the full brain 

mask, and included cerebral, cerebellar, and brain stem regions. All T1-weighted images were 

linearly aligned using FSL flirt (with 9 DOF) (Jenkinson et al., 2002) to a common space 

(Holmes et al., 1998) with 1mm isotropic voxels and a 220×220×220 voxel matrix. Raw 

diffusion-weighted images were corrected for eddy current distortions using the FSL tool, 

“eddy_correct”.  For each subject, the eddy-corrected images with no diffusion sensitization 

were averaged (QTIM: 11 images, ADNI: 5 images), linearly aligned and resampled to a 

downsampled version of their corresponding T1-weighted image (110×110×110 matrix, 

2×2×2mm3 voxel size). Averaged b0 maps were elastically registered to the structural scan using 

a mutual information cost function (Leow et al., 2005) to compensate for EPI-induced 

susceptibility artifacts. The resulting 3D deformation fields were then applied to the remaining 

94 DWI volumes (QTIM) or 41 DWI volumes (ADNI).  

We compared fractional anisotropy (FA) values at each voxel across NEGR1 genotypes. 

Diffusion tensors were computed at each voxel using FSL software (http://fsl.fmrib.ox.ac.uk/fsl/). 



   

 83 

From the tensor eigenvalues (λ1, λ2, λ3), FA was calculated according to the following formula: 

 

 

Eq. 1 

 

We also analyzed radial diffusivity (Drad = the average of λ2 and λ3), mean diffusivity (Dmean =𝜆) 

and axial diffusivity (λ1) to clarify the extent to which each might be contributing to the changes 

in FA. 

We used nonlinear fluid registration to create a minimal deformation target (MDT) from 

the FA images (calculated after b0 susceptibility correction) (Jahanshad et al., 2010a) for both the 

QTIM and ADNI cohorts. Further details on the MDT can be found in the Supplementary 

Methods. Using a customized template from subjects in the study (rather than a standard atlas or 

a single optimally chosen subject) can reduce bias in the registrations. Thresholded FA maps 

were then re-registered to the thresholded MDT and smoothed with a Gaussian kernel (7 mm full 

width at half-maximum). In this way, the outlines of the major white matter structures are stable 

and have been normalized to a very fine degree of matching across subjects, greatly reducing the 

neuroanatomical variations in these structures across subjects. 

2.5 QTIM MDT 

The MDT (minimal deformation template) is the template that deviates least from the 

anatomy of the subjects, and, in some circumstances, it can improve statistical power (Leporé et 

al., 2007). Included in the MDT were 32 randomly selected unrelated subjects (16 female/16 

male). The N 3D vector fields that fluidly registered a specific individual to all other N subjects 

were averaged and applied to that subject, preserving the image intensities and anatomical 
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features of the template subject. Susceptibility-corrected FA maps were registered to the final 

population-averaged FA-based MDT using a 3D elastic warping technique with a mutual 

information cost function (Leow et al., 2005). To better align white matter regions of interest, the 

MDT and all whole- brain registered FA maps were thresholded at 0.25 (excluding contributions 

from non-white matter). 

2.6 ADNI MDT 

A study-specific MDT was created using 29 cognitively healthy elderly control (CTL) 

subjects’ baseline spatially-aligned corrected anatomical volumes. The MDT was generated by 

creating an initial affine mean template from all 29 subjects, then registering all the aligned 

individual scans to that mean using a fluid registration (Leow et al., 2007) while regularizing the 

Jacobians (Hua et al., 2008). A new mean was created from the registered scans; this process was 

iterated several times. 

2.7 MultiSNP Analysis 

Linear mixed-effects models were used to study the joint associations of SNPs with 

imaging measures, while taking into account any relatedness among the subjects. For N subjects 

and p independent predictors (SNPs or other covariates), regression coefficients (β) were 

obtained, using the efficient mixed-model association (EMMA; http://mouse.cs.ucla.edu/emma/) 

software with restricted maximum likelihood estimation (Kang et al., 2008), according to the 

formula: 

Eq. 2 

Here, y represents an n-component vector of voxelwise FA measures, X is a matrix of 

SNP genotypes (coded additively as 0, 1, or 2 for the number of minor alleles) and/ or covariates 

(sex and age), Z is the identity matrix, b is a vector of random effects with a variance of σ2
gK, 
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where K is the N × N kinship matrix for the twins and siblings, and ε is a matrix of residual 

effects with a variance of σ2
eI, where I is identity matrix. A kinship matrix coefficient of 1 

denoted the relationship of each subject to him/herself; the coefficient for MZ twins within the 

same family was 1; the coefficient for DZ twins and siblings within the same family was 0.5; and 

the coefficient for subjects not in the same family was 0, corresponding to the expected 

proportion of their shared genetic polymorphisms, respectively. Ancestry outliers were removed, 

so no additional modeling was used in the kinship matrix to adjust for population genetic 

structure between families. ε is a matrix of residual effects with a variance of σ2
eI, and I is an 

identity matrix. P-values for the significance of individual and joint SNP associations with FA 

were assessed using a partial F-test, according to the formula: 

 

Eq. 3 

 

 

Where RSS represents the residual sum-of-squares, a reduced model includes only covariates, 

and a full model contains both SNPs and covariates. Further details can be seen in (Kohannim et 

al., 2012). For all statistical analyses, the LONI pipeline (http://pipeline.loni.ucla.edu/) was used 

for voxelwise parallelization on a multi-CPU grid computer. The searchlight false discovery rate 

method (Langers et al., 2007) was used for multiple comparisons correction across all voxels. As 

described in further detail in Kohannim et al., 2012, we do correct for the number of SNPs input 

into the model, and for each statistical test performed. However as is the case with all voxelwise 

neuroimaging studies, the number of tests is far greater than the number of subjects, so multiple 

comparisons correction across all voxels is necessary and often involves controlling the false 
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discovery rate at a stringent threshold (Hibar et al., 2011; Jahanshad et al., 2013). We also ran the 

multiSNP analysis covarying for BMI, which resulted in somewhat reduced areas of significance.  

2.8 Candidate gene follow-up 

 Of the SNPs in our multiSNP model, one appeared to be driving the association 

(rs2815752), so we ran a follow-up analysis again examining voxel-wise measures of 

microstructural integrity, but focusing on just the rs2815752 (NEGR1) SNP. The statistical 

model is that listed in Eq. 2, again co-varying for age and sex, and correcting for multiple 

comparisons using searchlight FDR (Langers et al., 2007). We additionally ran the same analysis 

also co-varying for BMI, to assess whether BMI was responsible for out results. BMI was not 

significantly associated with rs2815752 risk allele dosage (p=0.30), and in our cohort, BMI was 

not associated with FA.  

2.9 Follow-up sample – Statistical Analysis 

 Using the statistical model shown in Eq. 2, we tested the voxelwise association between 

measures of microstructural integrity (FA, Drad, Dmean, Dax) and rs2815752 risk allele dosage in 

our ADNI sample, using age and sex as covariates. We also ran this analysis with BMI as a 

covariate, which decreased the extent of the significant areas slightly. We ran this analysis both 

co-varying for disease status (AD, MCI, HC) and not co-varying for disease status, and also 

examined this association in just the healthy controls. We did this by adding a dummy variable 

for AD or MCI. Again we corrected for multiple comparisons using searchlight FDR (Langers et 

al., 2007). We also only ran statistics on voxels of the thresholded MDT present in all subject 

scans, as some scans had a slightly cropped FOV (field of view).  As such we did not consider 

the inferior parts of the cerebellum and brain stem. 

2.10 Additional NEGR1 Analyses 
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  To examine the effects NEGR1 has on white matter integrity in more depth, we next ran 

a gene-based test, PCReg (principal components regression) (Hibar et al., 2011). In PCReg, the 

entire list of genotyped SNPs within a gene can be assessed for joint association with a brain 

measure (here, voxelwise FA). It is similar to the multiSNP method (Kohannim et al., 2012), but 

can be run on SNPs that are in LD, and thus can be used as a gene-based test. PCReg works by 

first running a principal components analysis on the SNPs, to reduce the dimensions of the 

analysis, and avoid the complications of collinearity. Components with the highest eigenvalues 

(higher proportions of explained variance) were included until 80% of the SNP variance was 

explained, and the rest were discarded. This was followed by a multiple partial-F test, similar to 

Eq. 3. As this is a gene-based test encompassing the effects of possibly hundreds of SNPs, it 

does not suggest a directionality for the association; it tests whether a model containing SNPs 

that explain at least 80% of the variance in NEGR1 are a better predictor of voxelwise FA than a 

reduced model containing only age and sex. We generated a list of SNPs within 100kb of 

NEGR1 and filtered out those with an MAF<0.2236 leaving us with 275 NEGR1 SNPs input into 

PCReg. In this method, the number of degrees of freedom of the F statistic accounts for the 

number of predictors, and corrects for the number of SNPs input into the model. Further details 

of this method may be found in Hibar et al., 2011. 

3. Results 

Axonal integrity is vital for efficient brain function; well-myelinated tracts propagate 

signals quickly, but poor or impaired myelination can decrease the speed or reliability of 

neuronal transmission (Purves et al., 2001). FA is a widely accepted measure of white matter 

integrity, and evaluates the degree to which water diffuses along the primary direction of the 

axon rather than across it. Lower FA has been found in many diseases, such as Alzheimer’s 
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disease, multiple sclerosis, epilepsy, and many neuropsychiatric diseases (Ciccarelli et al., 2008). 

Genetic variants have also been discovered that may affect white matter integrity as measured by 

FA. Associations have been reported between FA and number of genetic variants, including 

polymorphisms in CLU, HFE, NTRK1, and many other genes (Braskie et al., 2011; Jahanshad et 

al., 2012; Braskie et al., 2012). These are genes that are already closely tied to cognitive function 

or neuropsychiatric disorders. 

For our initial analyses in the young adult sample (QTIM – Queensland Twin Imaging 

study), we selected our SNPs of interest based on the following 3 reports: Speliotes et al. 

conducted a genome-wide association study (GWAS) across nearly 250,000 individuals to find 

loci associated with BMI. Willer et al. ran a meta-analysis of 15 genome-wide association studies 

searching for loci reliably associated with BMI, giving them a total N>32,000, with a follow-up 

analysis in another dataset of around 59,000 individuals. Thorleifsson et al. also conducted a 

GWAS of nearly 35,000 individuals to find loci associated with weight and BMI. We imputed to 

Hapmap3. Information on the imputation protocols and quality control steps may be found at 

http://enigma.loni.ucla.edu/wp-content/uploads/2010/09/ImputationProtocolsv1.2.pdf. Some of 

the SNPs in the 3 GWAS papers (Speliotes et al., 2010; Thorleifsson et al., 2008; Willer et al., 

2008) were not in Hapmap3 so we could not include them on our list. We further narrowed the 

list down to those with a minor allele frequency (MAF) >0.2236 (to make sure that at least 5% of 

our subject pool of 499 were homozygous carriers of the minor allele). We additionally excluded 

3 SNPs that were in high linkage disequilibrium (LD) with another SNP we were evaluating 

(LD>0.4) to reduce data redundancy and remove multicollinearity for the multiSNP analysis. 

This left us with 16 SNPs, listed in Table 1. All genetic analyses – multiSNP and individual SNP 

– used an additive genetic model that assessed the effect of each additional risk allele. No SNPs 
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deviated significantly from Hardy-Weinberg equilibrium, as shown in Supplementary Table 1.  

3.1 MultiSNP Analysis – FA 

 Using FA images from 499 healthy young adults (mean age = 23.8 years, SD = 2.5, 

Table 2), we jointly assessed the effect of 16 SNPs (Table 1) that have been recently associated 

with BMI. We started with the multiSNP analysis, as none of these SNPs had yet been associated 

with brain imaging measures so there was no reason to prioritize any one specifically. This 

analysis yielded associations between our SNPs and FA in the bilateral corona radiata, corpus 

callosum, fornix, arcuate, and an area corresponding to both the uncinate and IFOF (inferior 

fronto-occipital fasciculus), as shown in Figure 1. The multiSNP analysis yields an R2 

coefficient, which is the predictability of our model; in Figure 1, R2 is shown only in areas 

where the association was declared significant after multiple comparisons correction across all 

voxels in the image considering all the SNPs tested (see Methods). The maximum R2 value 

(predictability) in these regions was 0.115. The voxelwise multiSNP method allowed us to 

determine where in the brain joint information on all 16 SNPs was significantly better able to 

predict FA than just age and sex alone by establishing significance maps from the partial F-test. 

We additionally explored submodels to determine if any single one of the 16 SNPs was better at 

predicting FA when added to the model than sex, age and the remaining 15 SNPs all together; 

this implies that the SNP is able to predict FA even when covarying for sex, age and all other 

SNPs. We found several SNPs showed borderline significant associations on their own even 

when covarying for the other 15 SNPs. While it is not necessary to correct across the number of 

SNPs tested in the multiSNP model, it is necessary to correct for this when examining the effect 

of these individual SNPs, if a post hoc inference is made about whether any one of them is 

explaining variance in the model. While their joint effect, did survive voxelwise multiple 
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comparisons corrections across the whole brain, when covarying for all additional 15 SNPs 

included, none of the individual SNPs passed a multiple comparisons corrections threshold 

controlling the false positive rate at q<0.003125 (0.05/16). This underscores the utility of the 

multiSNP method. Rs2815752 (NEGR1) had by far the largest cluster of borderline significant 

voxels (p<0.05), and so likely was the main driving factor behind the multiSNP results. While 

for this analysis, we covaried for age and sex, we also ran a model also covarying for BMI, 

which reduced the area of significance somewhat, but showed similar results. The searchlight 

FDR critical p-values and minimum p-values for each SNP tested within the model, and the 

whole model, are shown in Table 3. 

3.1 Candidate Gene Analysis – NEGR1 

 As the multiSNP results were strongly driven by NEGR1 (rs2815752), we examined the 

effect of this SNP alone across the whole brain in the young adult sample. 188 subjects were 

homozygous risk (AA), 233 were heterozygous (AG), and 78 were homozygous non-risk (GG). 

The minor allele (G) frequency for rs2815752 is 0.301. NEGR1 risk allele dosage was not 

significantly associated with BMI in our sample (p=0.30). We examined voxel-wise FA, Drad, 

Dmean, and Dax. NEGR1 risk allele dosage (A) was widely negatively associated with FA, as 

shown in Figure 2. The posterior body of the corpus callosum and nearby corona radiata 

showed strongest associations with NEGR1 risk allele dosage (in terms of lowest p-value), but 

the area of association covered the entire corpus callosum, large areas of the corona radiata, 

arcuate fasciculus, fornix, internal capsule, and areas that could be the inferior fronto-occipital 

fasciculus, inferior longitudinal fasciculus, and/or uncinate fasciculus. Across a mask of the areas 

of significance, each risk allele was associated with a 2.2% decrease in average FA. These last 

tracts overlap in these areas so we cannot say with confidence that one specific fasciculus is 
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selectively affected. Drad, Dmean, and Dax were also widely positively associated with NEGR1 risk 

allele dosage, across the same area, as shown in Figure 3. Again, we covaried for age and sex.  

3.2 Additional NEGR1 Analyses 

 Our gene-based test, PCReg, yielded significant associations between NEGR1 and voxel-

wise FA in the young adults (QTIM) in the corpus callosum, anterior commissure, corona 

radiata, inferior frontal gyrus, arcuate fasciculus, superior temporal gyrus, and regions 

corresponding to the inferior fronto-occipital fasciculus or uncinate (Figure 6). Like the 

multiSNP analysis, PCReg does not yield information on the direction of the association, just the 

p-value. Additionally, like the multiSNP analysis, there is an implicit correction for the effective 

number of genetic predictors included in the model, but we avoid the need to correct for the 

number of SNPs included, as PCA performs data reduction and compaction (see Methods section 

and Hibar et al., 2011).   

3.3 Follow-up Analysis (ADNI) 

 We next examined our ADNI cohort (Alzheimer’s Disease Neuroimaging Initiative) to 

see if the association between NEGR1 and alterations in white matter integrity were also 

significant there. NEGR1 was indeed associated with FA, in overlapping brain regions, but in the 

opposite direction to that of the young adult sample. Of our subjects 20 were healthy controls, 47 

had mild cognitive impairment, and 10 had Alzheimer’s disease. 33 subjects were homozygous 

risk (AA), 36 were heterozygous (AG), and 9 were homozygous non-risk (GG) (Table 2). 

NEGR1 risk allele dosage was associated with increased FA and decreased Drad, Dmean, and Dax 

in the ADNI follow-up cohort across the corona radiata, arcuate fasciculus, middle frontal gyral 

WM, and superior longitudinal fasciculus (Figure 4 and 5). For this analysis we covaried for age 

and sex. When covarying for BMI, the area of association was reduced, but still significant. 
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Directionality was not influenced when we additionally covaried for APOE4 status 

(apolipoprotein E (APOE) allele 4, is the genetic variant that confers the highest known odds 

ratio for late-onset Alzheimer’s disease, Corder et al., 1993).  

4. Discussion  

 Many genes have been linked to obesity, yet thus far only one study has examined the 

effect these obesity genes may have on the brain (Ho et al., 2010). Here, we revealed a joint 

effect of a set of obesity-associated SNPs on the brain in young adults, using a multiSNP 

approach we recently developed for screening brain images (Kohannim et al., 2012). The 

predictive power of these SNPs overlapped in the bilateral posterior corona radiata, arcuate, 

corpus callosum, fornix, and uncinate or IFOF (Figure 1). A post hoc analysis of the SNP 

contributing most to this effect yielded widespread negative associations between FA and 

NEGR1 risk allele dosage in our young adult sample. In contrast, we detected associations 

between FA and NEGR1 risk allele dosage in the same areas in an older, independent sample 

(ADNI), but in the opposite direction. To our knowledge this is the first paper to report an 

association between an obesity-related gene and a brain effect in humans in two populations. 

While our results overlapped in our second sample, they were in the opposite direction, which 

suggests an age-dependent effect of the NEGR1 gene. 

 We began with the multiSNP analysis because it is a way to search for joint effects of a 

set of genetic variants on brain measures (Kohannim et al., 2012). FTO is the only obesity-

related gene previously associated with brain differences, so we did not have prior evidence to 

supported prioritizing a particular gene initially (besides FTO). Of our 16 SNPs associated with 

obesity, a number of them converged in effect in the posterior corona radiata. Again, this 

analysis results in a summed R2 value across the SNPs input into the model, without beta values, 
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and because only one statistical test is performed, there is no further correction for the number of 

SNPs included in the model, apart from the implicit correction made for the number of covariates 

in the null distribution of the statistic. Effects were driven primarily by one SNP, rs2815752 

(NEGR1). The rs2815752 SNP is just upstream of the NEGR1 gene, and the A risk allele tags a 

45kb deletion (Jarick et al., 2011). NEGR1 codes for the protein NEGR1 or neurotractin - a 

member of the neural IgLON subgroup of the immunoglobin superfamily. Neurotractin is a cell 

adhesion molecule that plays a key role in neural development (Marg et al., 1999). In mice, 

NEGR1 is widely expressed in the brain. Mutations causing NEGR1 loss of function led to 

decreased body mass in mice in vivo, and decreases in cell adhesion and neurite growth in vitro 

(Lee et al., 2012). The NEGR1 risk allele (A) is associated with higher BMI (per allele change 

0.10-0.13 kg/m2; Speliotes et al., 2010; Willer et al., 2008).  

 No prior studies have linked NEGR1 risk allele dosage to brain differences in humans. 

However, its role in mouse brain neural development makes it a plausible candidate. Adults 

carrying the risk allele had decreased FA across a wide swath of central white matter (Figure 2). 

Combined with the results of increased Drad, Dmean, and Dax in risk allele carriers, our results 

point to lower white matter integrity with NEGR1 risk allele dosage. Across the area of 

significance, the decrease in mean FA per risk allele was 2.2%. Alzheimer’s disease has been 

associated with decreases up to 33% in FA (Nir et al., 2013), so this is a modest but perhaps 

eventually significant difference among young, healthy individuals. Future studies will hopefully 

be able to test this association in independent samples. For example, we recently created a 

worldwide consortium dedicated to replicating genetic effects on the brain (Stein et al., 2012; 

Hibar et al., 2013; Thompson et al., 2013), and a multi-site GWAS of diffusion images is 

underway (Jahanshad et al., 2013). Obese individuals have significantly decreased volume in the 
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corona radiata, where we detected significant associations (Alkan et al., 2008). Although there 

are exceptions, lower FA and higher MD are usually signs of decreased myelination or fiber 

coherence (Thomason & Thompson et al., 2011; Dennis & Thompson et al., 2013). Middle-aged 

obese patients show widespread increases in ADC (apparent diffusion coefficient, equivalent to 

mean diffusivity – Dmean) in middle-aged obese patients (Alkan et al., 2008). As NEGR1 plays a 

role in neural development, we could be detecting effects of lower myelination in NEGR1 risk 

allele carriers. We did not find any significant associations between BMI and FA in the QTIM 

cohort, and those subjects were aged 20-30, so it is less likely that these results are chronic 

effects of obesity and lifestyle factors. We did have some overweight and obese subjects in our 

population, as noted in Figure 7, but did not find any significant differences in overweight or 

obese groups. We believe this is a strength of our paper, as it demonstrates that our results are 

more gene-related, rather than a consequence of obesity. A more likely scenario is that these 

decreases in white matter integrity point to a precursor effect of the obesity gene, and that lower 

white matter integrity in these areas is somehow related to the risk of becoming obese. 

Investigating this is beyond the scope of the current paper, but future studies may reveal whether 

these effects are linked.  

 We also conducted a second NEGR1 analysis, running a gene-based test (called ‘PCReg’) 

on 275 SNPs in NEGR1 (Hibar et al., 2011). We found a large cluster of significant association 

in the bilateral posterior corona radiata, where we found associations in our multiSNP analysis 

and in our analysis of rs2815752. PCReg does not output a beta value summed across SNPs used 

in the model, it shows areas where the effects on a brain measure within a gene aggregate. In 

other smaller clusters, voxel-wise FA was significantly associated with NEGR1. The fact that we 

found a large association in the same area as the rs2815752 analysis suggests that there are other 
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variations within NEGR1 that are associated with FA in the posterior corona radiata. PCReg 

shows the associations of the SNPs in aggregate; many may have effects too small to detect 

individually, and rs2815752 may not be the main effect SNP within NEGR1. PCReg allows us to 

see small effects summed, and gives us greater confidence in our rs2815752 results.    

 Our initial NEGR1 results in 499 young adult subjects largely overlapped in our second 

sample of 78 elderly subjects from the ADNI cohort. These associations overlapped with the 

QTIM sample in the corona radiata and arcuate fasciculus (Figures 2 and 4), with additional 

associations in the right middle frontal gyral WM, and superior longitudinal fasciculus. These 

associations were in the opposite direction in the ADNI sample. Another study of the QTIM 

sample found a genotype*age interaction, examining skin cancer genetics in the cohort 

participants and their parents (Duffy et al., 2010). The NEGR1 risk allele may have changing 

effects with age - detrimental effects of the rs2815752 A allele in younger life may not be 

detrimental in older age. The NEGR1 risk allele may be protective against degeneration later in 

life, as older individuals carrying the A allele had increased FA and decreased Drad, Dmean, and 

Dax (Figure 4 and Figure 6). With a small sample of elderly subjects and a cross-sectional 

design, we cannot answer these questions, but they deserve further investigation, and offer future 

hypotheses for testing by worldwide imaging genetics consortia.  

 One consideration is where our results are localized. Our results are largely in tracts with 

a high density of parallel-organized fiber bundles, which some suggest may tend to favor 

overlapping results as we are more likely to find associations in these regions anyway. To 

investigate this, we examined the overlap between the average FA from our MDT with areas of 

significant association with NEGR1 allele dosage (Supplementary Figure 1). As is evident, 

there are many regions of high FA (meaning high density of parallel-organized fibers) where we 
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did not find associations with NEGR1 risk allele dosage, such as the highest FA region, the main 

aspect of the splenium. This supports that our overlapping results are not simply because of an 

increased ability of pick up genetic effects in these areas, and are true genetic associations. 

Obesity (BMI > 30 kg/m2) in midlife is associated with an increased risk of dementia 

later in life (Fitzpatrick et al., 2009). However, this association is reversed for late-life BMI and 

dementia risk, as being underweight (BMI < 20) is associated with an increased dementia risk, 

while obesity is associated with decreased dementia risk, compared to people with a normal BMI 

(20-25) (Fitzpatrick et al., 2009). The boundary between obesity being a risk factor and a 

potential protective factor for dementia is not well defined in the literature. Our two cohorts had 

an average age of 23.8 and 74.3, a gap too large to help in defining this boundary. Many factors 

can promote an association that changes with age, and the NEGR1 gene may be part of this 

mechanism. Our young adults did not show any associations between BMI and FA, and NEGR1 

risk allele dosage was not associated with BMI. Our young adults may not have had a chance for 

NEGR1 to have an effect, and we only had 499 subjects, which is very large for a brain imaging 

study, but small for a genetics study. The original studies finding an effect of NEGR1 on obesity 

did so in sample sizes >30,000 with an average age around 50. We are examining a younger 

cohort, so brain changes may pre-date any clinical effects on BMI. The three GWAS studies 

(Speliotes et al., 2010; Thorleifsson et al., 2008; Willer et al., 2008) all included cohorts with 

average ages largely between 30-80, and were heavily weighted towards middle-aged subjects 

(~50 years old). In our elderly cohort, we found a trend indicating greater BMI in risk allele (A) 

carriers, but it was not significant. Obese subjects may have lower white matter integrity in the 

corpus callosum (Mueller et al., 2011; Xu et al., 2013; Marks et al., 2011) and fornix (Marks et 

al., 2011). We did not find any areas of significant association between FA and BMI, but these 
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areas are generally those where we found our NEGR1 associations. NEGR1 genotype may be one 

of many factors contributing to the association between BMI and white matter integrity of the 

corpus callosum and fornix. Further, we propose that the NEGR1 gene effect on FA is age-

dependent, and much like the association between BMI and dementia risk, factors that confer 

risk in young adulthood may even be protective in old age. 

5. Conclusions 

 In this study we used an innovative multi-locus approach to examine the joint effect of 

obesity-associated SNPs on white matter integrity in young healthy adults. We found the effects 

were largely driven by a variant in one gene, NEGR1, which was associated with a decrease in 

FA of 2.2% per allele across the area of significance. We then examined elderly members of the 

ADNI (Alzheimer’s Disease Neuroimaging Initiative) cohort, and found associations in the same 

regions, however in the opposite direction. Obesity has an age-dependent effect on cognitive 

function, which we propose has a partially genetic basis. 
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 Table 1. SNPs included in the multiSNP model.  
 

SNP	
   Nearest	
  
Gene	
   MAF	
   Risk	
  

Allele	
   GWAS	
  Study	
  

rs10913469	
   SEC16B	
   0.234	
   C	
   Thorleifsson	
  et	
  al.,	
  2009	
  
rs7647305	
  	
   ETV5	
   0.2248	
   C	
   Thorleifsson	
  et	
  al.,	
  2009	
  
rs925946	
   BDNF-­‐AS	
   0.2285	
   T	
   Thorleifsson	
  et	
  al.,	
  2009	
  
rs10501087	
   BDNF-­‐AS	
   0.2436	
   T	
   Thorleifsson	
  et	
  al.,	
  2009	
  
rs8049439	
  	
   ATXN2L	
   0.359	
   C	
   Thorleifsson	
  et	
  al.,	
  2009	
  
rs6499640	
  	
   FTO	
   0.4835	
   A	
   Thorleifsson	
  et	
  al.,	
  2009	
  
rs3751812	
  	
   FTO	
   0.2413	
   T	
   Thorleifsson	
  et	
  al.,	
  2009	
  
rs9931989	
  	
   ATP2A1	
   0.2514	
   G	
   Willer	
  et	
  al.,	
  2008	
  
rs2815752	
  	
   NEGR1	
   0.3008	
   A	
   Willer	
  et	
  al.,	
  2008	
  
rs10838738	
   MTCH2	
   0.2834	
   G	
   Willer	
  et	
  al.,	
  2008	
  
rs571312	
   MC4R	
   0.2372	
   A	
   Speliotes	
  et	
  al.,	
  2010	
  

rs29941	
  	
   KCTD15	
   0.3965	
   C	
   Speliotes	
  et	
  al.,	
  2010,	
  
Thorleifsson	
  et	
  al.,	
  2009	
  

rs7138803	
  	
   FAIM2	
   0.292	
   A	
   Speliotes	
  et	
  al.,	
  2010,	
  
Thorleifsson	
  et	
  al.,	
  2009	
  

rs2241423	
  	
   MAP2K5	
   0.4006	
   G	
   Speliotes	
  et	
  al.,	
  2010	
  
rs1514175	
  	
   TNN13K	
   0.3864	
   A	
   Speliotes	
  et	
  al.,	
  2010	
  
rs10968576	
   LRRN6C	
   0.2422	
   G	
   Speliotes	
  et	
  al.,	
  2010	
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Table 2. Subject demographics for the QTIM and ADNI cohorts.  
 

	
  	
   QTIM	
  Cohort	
   ADNI	
  follow-­‐up	
  cohort	
  
	
  Genetic	
  
group	
   N	
   F/M	
   BMI	
   N	
   F/M	
   BMI	
   HC	
   MCI	
   AD	
  
AA	
   188	
   125/63	
   23.1	
   33	
   10/23	
   27.5	
   11	
   21	
   1	
  
AG	
   233	
   154/79	
   23.4	
   36	
   13/23	
   27.0	
   8	
   22	
   6	
  
GG	
   78	
   47/31	
   23.6	
   9	
   6/3	
   24.5	
   1	
   5	
   3	
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Figure 1. MultiSNP results: Associations between FA and SNPs linked with BMI.  
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Table 3. Individual results of SNPs included in multiSNP model, as well as the results of the 
multiSNP model as a whole.  
 

SNP	
   Nearest	
  
Gene	
  

FDR	
  critical	
  
p-­‐value	
  

Voxels	
  
surviving	
  
p<0.05	
  

Minimum	
  
p-­‐value	
  

MultiSNP	
  model	
   6.80E-­‐05	
   8027	
   1.60E-­‐06	
  
rs10913469	
   SEC16B	
   NA	
   3358	
   0.0005	
  
rs7647305	
  	
   ETV5	
   NA	
   536	
   0.0012	
  
rs925946	
   BDNF-­‐AS	
   NA	
   6419	
   0.00019	
  
rs10501087	
   BDNF-­‐AS	
   NA	
   1130	
   0.00079	
  
rs8049439	
  	
   ATXN2L	
   NA	
   315	
   0.004	
  
rs6499640	
  	
   FTO	
   NA	
   497	
   0.0025	
  
rs3751812	
  	
   FTO	
   NA	
   1757	
   0.00029	
  
rs9931989	
  	
   ATP2A1	
   NA	
   369	
   0.0044	
  
rs2815752	
  	
   NEGR1	
   NA	
   13433	
   0.00012	
  
rs10838738	
   MTCH2	
   NA	
   1295	
   0.00081	
  
rs571312	
   MC4R	
   NA	
   8118	
   3.50E-­‐05	
  
rs29941	
  	
   KCTD15	
   NA	
   569	
   0.00072	
  
rs7138803	
  	
   FAIM2	
   NA	
   485	
   0.00048	
  
rs2241423	
  	
   MAP2K5	
   NA	
   7574	
   3.20E-­‐05	
  
rs1514175	
  	
   TNN13K	
   NA	
   2247	
   0.001	
  
rs10968576	
   LRRN6C	
   NA	
   2528	
   1.90E-­‐05	
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Figure 2. Association between FA and NEGR1 risk allele dosage in the QTIM sample.  
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Figure 3. Voxelwise associations between NEGR1 risk allele dosage and Dax, Drad, and Dmean in 
the QTIM cohort.  
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Figure 4. Association between FA and NEGR1 risk allele dosage in the ADNI follow-up sample.  
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Figure 5. Voxelwise associations between NEGR1 risk allele dosage and Dax, Drad, and Dmean in 
the ADNI cohort.  
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Figure 6. Voxelwise associations from NEGR1 whole gene principal components regression in 
the QTIM cohort.  
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Figure 7. Histogram of BMIs in the QTIM and ADNI cohorts.  
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Figure and Table Legends 
Table 1. SNPs included in the multiSNP model. The gene (nearest when SNP is intergenic), 
minor allele frequency (as listed in dbSNP), risk allele associated with obesity for each SNP, and 
the GWAS study each SNP was taken from. 
Table 2. Subject demographics for the QTIM and ADNI cohorts. Number of subjects, 
female/male, mean BMI (body mass index), genetic group, and in the case of ADNI, how many 
subjects had Alzheimer’s disease (AD), mild cognitive impairment (MCI), or were healthy 
controls (HC). 
Figure 1. MultiSNP results: Associations between FA and SNPs linked with BMI. R2 values 
are combined predictive value of our SNPs, white areas are areas with higher R2 values, as 
shown by the color bar. CR=corona radiata, IFOF=inferior fronto-occipital fasciculus, 
CC=corpus callosum, AF=arcuate fasciculus, UNC=uncinate, SP=splenium. Left in the image is 
right in the brain, coordinates are in MNI space. 
Table 3. Individual results of SNPs included in multiSNP model, as well as the results of the 
multiSNP model as a whole. The FDR critical p-value (when applicable), minimum p-value, 
and number of voxels below p<0.05 are shown for each SNP. These values are for each SNP 
controlling for the effect of all the other SNPs, thus, the output is a different that if the SNPs 
were each run individually, with no other SNPs in the model. Bold entries are those that survived 
FDR. 
Figure 2. Association between FA and NEGR1 risk allele dosage in the QTIM sample. Pink 
corresponds to stronger b-values (more negative); only areas surviving FDR across the brain are 
shown. CR=corona radiata, CC=corpus callosum, IC=internal capsule, AF=arcuate fasciculus, 
SP=splenium, FX=fornix, UNC=uncinate. Left in the image is right in the brain, coordinates are 
in MNI space. 
Figure 3. Voxelwise associations between NEGR1 risk allele dosage and Dax, Drad, and Dmean 
in the QTIM cohort. Yellow corresponds to stronger b-values (more positive); only areas 
surviving FDR across the brain are shown. Left in the image is right in the brain, coordinates are 
in MNI space. 
Figure 4. Association between FA and NEGR1 risk allele dosage in the ADNI follow-up 
sample. Yellow corresponds to stronger b-values (more positive); only areas surviving FDR 
across the brain are shown. CR=corona radiata, CC=corpus callosum, G=genu, SP=splenium, 
AF=arcuate fasciculus, FX=fornix (or ILF), SLF=superior longitudinal fasciculus, MFG=middle 
frontal gyrus, IFG=inferior frontal gyrus, IFOF=inferior fronto-occipital fasciculus, 
UNC=uncinate. Left in the image is right in the brain, coordinates are in MNI space. 
Figure 5. Voxelwise associations between NEGR1 risk allele dosage and Dax, Drad, and Dmean 
in the ADNI cohort. Pink corresponds to stronger b-values (more negative); only areas 
surviving FDR across the brain are shown. Left in the image is right in the brain, coordinates are 
in MNI space. 
Figure 6. Voxelwise associations from NEGR1 whole gene principal components regression 
in the QTIM cohort. Dark red corresponds to more significant p-values; only areas surviving 
FDR across the brain are shown. CR=corona radiata, AF=arcuate fasciculus, CC=corpus 
callosum, IFG=inferior frontal gyrus, ILF=inferior longitudinal fasciculus, STG=superior 
temporal gyrus, IFOF=inferior fronto-occipital fasciculus, UNC=uncinate, AC=anterior 
commissure. Left in the image is right in the brain, coordinates are in MNI space. 
Figure 7. Histogram of BMIs in the QTIM and ADNI cohorts. Green=underweight, 
blue=normal weight, orange=overweight, red=obese.  
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Supplementary Table 1. Results of χ2 test of deviation from Hardy-Weinburg.  

 
SNP	
   χ2	
   p-­‐value	
  
rs10913469	
   2.52	
   0.11	
  
rs7647305	
   0.13	
   0.72	
  
rs925946	
   4.08	
   0.0433	
  
rs10501087	
   3.38	
   0.066	
  
rs8049439	
   1.19	
   0.28	
  
rs6499640	
   0.17	
   0.68	
  
rs3751812	
   4.13	
   0.042	
  
rs9931989	
   0.05	
   0.82	
  
rs2815752	
   0.57	
   0.45	
  
rs10838738	
   0.27	
   0.6	
  
rs571312	
   0.34	
   0.56	
  
rs29941	
   0.2	
   0.65	
  
rs7138803	
   0.18	
   0.67	
  
rs2241423	
   0.6	
   0.44	
  
rs1514175	
   2.41	
   0.12	
  
rs10968576	
   0.09	
   0.76	
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Supplementary Figure 1. Overlap of QTIM NEGR1 results and FA.  
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Supplementary Figure and Table Legends 
Supplementary Table 1. Results of χ2 test of deviation from Hardy-Weinburg. The SNPs 
included in the multiSNP model are listed, along with the χ2 values from the goodness of fit test 
and the corresponding p-values. No SNPs deviate from the distribution expected by Hardy-
Weinburg. 
Supplementary Figure 1. Overlap of QTIM NEGR1 results and FA. The FA from the QTIM 
MDT (creation detailed in the methods) is mapped, with a skeleton of only high FA areas 
(FA>0.6) shown in red-yellow, and the beta-values from the QTIM NEGR1 analysis shown in 
blue-purple. As is evident, there are many high FA areas where we did not find effects, including 
the highest FA region, the main aspect of the splenium. This supports that our overlapping 
results are not simply because of an increased ability of pick up genetic effects in these areas. 
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CHAPTER 4 

 

 

Cognitive correlates of structural brain connectivity 
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4.1 Differences in rich club organization based on IQ measures 

 

 The rich club was first applied to brain networks by Van den Heuvel & Sporns (2011). The 

rich club is the high degree, densely interconnected core of the brain. An attack on a rich club 

node has a highly detrimental effect on the efficiency of the network. The rich club coefficient 

[see Chapter 1.4] describes the density of connections among the rich club nodes. The 

normalized rich club coefficient is calculated by comparing the rich club coefficient in our 

network to that averaged across a series of randomly generated networks of the same size and 

degree distribution. This step is necessary for determining at what point rich club organization 

exists, as a network is only said to have rich club organization when the normalized coefficient is 

greater than 1. 

Since the initial paper by Van den Heuvel & Sporns, we have charted the developmental 

trajectory of rich club organization [See Chapter 2.2], and shown that it is altered in 

Alzheimer’s disease [Daianu et al., 2013 submitted]. We do not know, however, how the rich 

club supports cognition. As a new measure of brain connectivity, there are many unknowns 

about the rich club, and one of the most important of these is how it impacts cognitive function. 

The rich club is a fairly costly arrangement, from a network perspective, so we would not expect 

the brain to keep such a costly organization if it did not confer some benefit, perhaps cognitive 

benefits. We have shown that rich club organization is stable among healthy adults [See Chapter 

2.2]. In this study we sought to examine what differences there may be in rich club organization 

between high and low IQ individuals. For this we examined FIQ (full scale), PIQ (performance) 

and VIQ (verbal) in individuals scoring more than one standard deviation away from the mean 

for each of those measures. Given the central role the rich club is suggested to play in brain 
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efficiency, and the regions it includes, we might expect individual differences in rich club 

organization to be related to individual differences in cognition. 

The Parieto-Frontal Integration Theory (P-FIT) of intelligence postulates that cognitive 

abilities are supported by a distributed set of brain regions primarily in the parietal and frontal 

cortex [Jung & Haier, 2007]. This theory was generated based on findings from 37 neuroimaging 

studies across various functional and structural paradigms. There are a number of subsequent 

studies validating this model [Colom et al., 2009; Gläscher et al., 2010; Langer et al., 2012]. 

Given this, we expected to find differences in which frontal and parietal nodes make up the rich 

club. 

Materials and Methods 

 Participants were recruited as part of a 5-year research project scanning healthy young 

adult Australian twins with structural brain MRI and DTI [de Zubicaray et al., 2008]. We 

analyzed scans from 201 right-handed subjects (119 female/82 male, average age=23.9 years, 

SD=2.5). This population included 66 monozygotic (MZ) twins, 118 dizygotic (DZ) twins, and 

17 non-twin siblings, from 179 families. For the sake of valid comparison, two members from 

the same family were not included in a comparison (high vs. low). If two siblings satisfied 

criteria for inclusion in the high or low IQ groups, one was randomly chosen to be included. 

Between comparisons, however (high PIQ vs. high VIQ), siblings may be included. Whole-brain 

anatomical and high angular resolution diffusion images (HARDI) were collected with a 4T 

Bruker Medspec MRI scanner. T1-weighted anatomical images were acquired with an inversion 

recovery rapid gradient echo sequence, with parameters: TI/TR/TE = 700/1500/3.35ms; flip 

angle = 8 degrees; slice thickness = 0.9mm, and a 256x256 acquisition matrix. HARDI was also 

acquired using single-shot echo planar imaging with a twice-refocused spin echo sequence to 
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reduce eddy-current induced distortions. Imaging parameters were: 23cm FOV, TR/TE 

6090/91.7ms, with a 128x128 acquisition matrix. Each 3D volume consisted of 55 2-mm thick 

axial slices with no gap and 1.79x1.79 mm2 in-plane resolution. 105 images were acquired per 

subject: 11 with no diffusion sensitization (i.e., T2-weighted b0 images) and 94 diffusion-

weighted (DW) images (b = 1159 s/mm2) with gradient directions evenly distributed on a 

hemisphere in the q-space. Scan time was 14.2 min for the 105-gradient HARDI scan. Subjects 

completed the Multidimensional Aptitude Battery II (MAB-II) IQ test [Jackson, 1998]. 84% of 

subjects completed the MAB-II at age 16, 10% completed it between age 17-22, and the 

remainder completed it at their scan session (between age 21-30). 

Cortical Extraction and HARDI Tractography 

Connectivity analysis was performed as in [Jahanshad et al., 2011]. Briefly, non-brain 

regions were automatically removed from each T1-weighted MRI scan, and from a T2-weighted 

image from the DWI set, using the FSL tool “BET” (FMRIB Software Library, 

http://fsl.fmrib.ox.ac.uk/fsl). A neuroanatomical expert manually edited the T1-weighted scans to 

refine the brain extraction. All T1-weighted images were linearly aligned using FSL (with 9 

DOF) to a common space with 1mm isotropic voxels and a 220×220×220 voxel matrix. For each 

subject, the 11 eddy-corrected images (using FSL tool “eddy_correct”) with no diffusion 

sensitization were averaged, linearly aligned and resampled to a downsampled version of their 

corresponding T1 image (110×110×110, 2×2×2mm). Averaged b0 maps were elastically 

registered to the structural scan using a mutual information cost function to compensate for EPI-

induced susceptibility artifacts. 34 cortical labels per hemisphere, as listed in the Desikan-

Killiany atlas [Desikan et al., 2006], were automatically extracted from all aligned T1-weighted 

structural MRI scans using FreeSurfer (http://surfer.nmr.mgh.harvard.edu/). T1-weighted images 
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and cortical models were aligned to the original T1 input image space and down-sampled to the 

space of the DWIs, using nearest neighbor interpolation (to avoid intermixing of labels). To 

ensure tracts would intersect cortical labeled boundaries, labels were dilated with an isotropic 

box kernel of size 5×5×5 voxels.  

The matrix transforming the mean b0 image to the T1-weighted volume was applied to 

each of the 94 gradient directions to properly re-orient the orientation distribution functions 

(ODFs). At each HARDI voxel, ODFs were computed using the normalized and dimensionless 

ODF estimator derived for q-ball imaging (QBI) [Aganj et al., 2010]. We performed HARDI 

tractography on the linearly aligned sets of DWI volumes using these ODFs, using the Hough 

transform method [Aganj et al., 2011]. Elastic deformations obtained from the EPI distortion 

correction, mapping the average b0 image to the T1-weighted image, were then applied to the 

tracts’ 3D coordinates to accurately align the anatomy. Each subject’s dataset contained 5000-

10000 useable fibers (3D curves). For each subject, a full 68×68 connectivity matrix was created. 

Each element described the proportion of the total number of fibers connecting each of the 

labels; diagonal elements describe the total number of fibers passing through a certain cortical 

region of interest. Values were calculated as a proportion - normalized to the total number of 

fibers traced for each individual participant, to avoid skewing results by the raw fiber count. 

Rich Club Analyses 

On the 68x68 matrices generated above, we used the Brain Connectivity Toolbox 

(Rubinov & Sporns, 2010, https://sites.google.com/site/bctnet/) to compute the rich club 

coefficient (Φ) across the whole range of nodal degree levels (k), 0-68. The fiber count matrices 

were first binarized for each subject. We normalized our rich club coefficient based on 

coefficients calculated from 50 random networks to generate a normalized rich club coefficient 
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(Φnorm). Below we use the same symbols as the original paper on this topic [Van den Heuvel & 

Sporns, 2011]. We tested the high vs. low groups for differences in Φ and Φnorm using the 

following  

Eq. 1   Φ or Φnorm ~ A + βageAge + βsexSex + βIQIQ + βICVICV + α + ε 

A is the constant graph theory metric term, the βs are the covariate regression coefficients, and α 

is a coefficient that accounts for random effects. IQ can represent any of the three IQ tests – FIQ, 

PIQ, or VIQ. Random effects were used to account for familial relatedness. We modeled these 

variables (age, sex, IQ) as fixed effects. ICV is intracranial volume, in mm3. ε is a matrix of 

residual effects with a variance of σ2
eI, and I is an identity matrix. Results were corrected for 

multiple comparisons using the false discovery rate method across all 68 levels of k tested [FDR; 

Benjamini & Hochberg, 1995].  

Group Analyses 

For FIQ, PIQ and VIQ analyses, we created groups of high and low IQ by determining 

which subjects were more than 1 SD above or below the average IQ of the sample. Among those 

groups formed, we made sure only one member of a family was represented both within a group 

(e.g. high PIQ) and between groups (e.g. high PIQ vs. low PIQ) to ensure no additional similarity 

between subjects would obscure or artificially amplify results. Between comparisons, however 

(e.g. high PIQ vs. high FIQ vs high VIQ) there were some siblings included. For the FIQ 

comparison, there were 62 individuals in the high group, and 63 in the low group. For the PIQ 

comparison, there were 64 individuals in the high group, and 61 in the low group. For the VIQ 

group, there were 57 individuals in the high group, and 53 in the low group. 

Within these groups, we created averaged connectivity matrices. These were thresholded 

to only include connections present in at least 75% of subjects. We then calculated the degree of 
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these networks, and used the criteria set forth by Van den Heuvel & Sporns, 2011, to determine 

which nodes were included in the rich club in each group.  

We followed up on these analyses by examining the 105-direction HARDI data that these 

matrices were computed from. We examined these for voxel-wise differences between the high 

and low groups across FIQ, PIQ and VIQ. We used a linear mixed effects model to study the 

voxel-wise association of each IQ test with fractional anisotropy (FA), while taking into account 

any relatedness among the subjects. We used the same basic model as above: 

 Eq. 2   Voxelwise FA ~ A + βageAge + βIQIQ + βICVICV + α + ε 

Random effects were again used to account for familial relatedness. For all statistical analyses, 

the LONI pipeline (http://pipeline.loni.usc.edu/) was used for voxel-wise parallelization on a 

multi-CPU grid computer. These results were FDR corrected for multiple comparisons across all 

voxels tested, and across the two subtests (q<0.025) (as PIQ and VIQ are sub-measures of FIQ, 

and therefore not independent) [searchlight FDR, Langers et al., 2007].  

Results 

When comparing high and low groups, we found no differences in Φ or Φnorm, across all 

68 levels of k. When examining rich club organization, however, we found a number of 

differences in which nodes were included in the rich club. In both the FIQ and PIQ groups, the 

average degree was higher in the high IQ groups (this was flipped in VIQ). This was not a 

significant difference, however it did affect what the degree cutoff was for rich club membership. 

The low FIQ group did have a slightly lower average degree (25.7 vs. 25.0), leading to a lower 

degree cutoff, but these groups were the most similar of our three comparisons. In the high vs. 

low VIQ comparison, we saw an opposite trend. The low VIQ group had a slightly higher 

average degree (25.3 vs. 25.7), leading to a higher degree cutoff, and yet a larger rich club in the 
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low VIQ group. In comparable networks, we would expect a lower degree cutoff to lead to a 

larger rich club, unless there was a difference in degree overall. There were two nodes unique to 

the low VIQ rich club, while the high VIQ rich club only had one unique node. In the high PIQ 

vs. low PIQ comparison, we found the most differences. The low PIQ group had a lower average 

degree (26.0 vs. 25.2), leading to a lower degree cutoff, and yet a smaller rich club. The high PIQ 

rich club had an additional four nodes, 3 parietal nodes and 1 frontal node. 

When comparing unrelated subjects more than 1 SD above or below the average FIQ, the 

RC threshold for the high group was 26, while the RC threshold for the low group was 25. This 

resulted in 14 nodes in the high FIQ RC, and 15 nodes in the low FIQ RC. The only difference 

was in the one additional node in the low FIQ RC, which was the right supra-marginal gyrus. We 

additionally examined group differences in connections between RC nodes. This was a binary 

analysis – simply done on a basis of whether one group possessed a connection and the other did 

not. These results can be seen in Figure 4.1.1.  

When comparing unrelated subjects more than 1 SD above or below the average PIQ, the 

RC threshold was 26 for both groups. This resulted in 14 nodes in the high PIQ RC, and 10 

nodes in the low PIQ RC. The differences were in the additional 4 nodes seen in the high PIQ 

RC, which were the right posterior cingulate, right precuneus, left paracentral, and left precentral 

gyri. These results can also be seen in Figure 4.1.1.  

When comparing unrelated subjects more than 1 SD above or below the average VIQ, the 

RC threshold was 26 for both groups again. This resulted in 12 nodes in the high VIQ RC, and 

13 nodes in the low VIQ RC. There was one additional node in the high VIQ RC – the right 

posterior cingulate – and 2 additional nodes in the low VIQ RC – the right supra-marginal and 

left paracentral gyri.   
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Figure 4.1.1. Differences in rich club organization between high and low IQ individuals, 
across FIQ (full scale IQ), PIQ (performance IQ), and VIQ (verbal IQ). Left in the image is 
left in the brain.   
  

 When analyzing differences in the voxel-wise FA between groups, we found consistent 

significant differences across all comparisons. Consistency across comparisons is expected, as 

many subjects who have high PIQ also have high FIQ and thus were included in both 

comparisons. We found that individuals with higher IQs had greater FA in the left inferior 

longitudinal fasciculus (ILF), and a region corresponding to both the ILF and the uncinate 

(UNC), suggesting greater white matter integrity in these tracts. These results are shown in 

Figure 4.1.2. 

Discussion 

In this study, we examined how rich club organization was associated with IQ 

performance. We found that the nodes included in the rich club differed when we compared the 

highest performing (>1 SD above average) and lowest performing (>1 SD below average) 

subjects as measured by FIQ, and its two subtests, PIQ and VIQ. We found the most differences 
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when examining the high vs. low PIQ contrast. This is the first study examining cognitive 

correlates of rich club connectivity. 

In the high FIQ vs. low FIQ comparison, we found very similar rich clubs, only differing 

by the addition of one node in the low FIQ rich club, the right supramarginal gyrus. In the high 

VIQ vs. low VIQ comparison, we found a mix. The high VIQ group had one additional node 

(posterior cingulate), while the low VIQ group had two additional nodes (supramarginal and 

paracentral gyri). In the high PIQ vs. low PIQ comparison, we found the most differences. The 

high PIQ rich club had an additional 4 nodes – 3 parietal nodes (posterior cingulate, paracentral, 

precuneus) and 1 frontal node (precentral gyrus).   

 Our findings provide further support for the Parieto-Frontal Integration Theory (P-FIT). The 

parieto-frontal integration theory lists a number of regions, mainly in the frontal and parietal 

cortex, that it suggests support cognition and may be responsible for individual differences in 

intelligence [Jung & Haier, 2007]. Some of the regions it includes are the precentral gyrus, 

 

Figure 4.1.2. Voxel-wise differences in FA between individuals scoring >1 SD above or 
below the average FIQ, PIQ and VIQ. Yellow indicates to greater b-values. ILF=inferior 
longitudinal fasciculus, UNC=uncinate. Left in the image is right in the brain, coordinates are in 
MNI space.  
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inferior and superior parietal lobule, prefrontal cortex, inferior frontal gyrus, and anterior 

cingulate. All subjects had a rich club made up of a distributed set of regions across the parietal, 

frontal, and temporal cortices. Perhaps the rich club serves as the hub of integration between 

these disparate regions supporting cognition, as they are nodes that are highly connected and 

highly important for global information transfer. In the PIQ comparison, we found four nodes in 

the high PIQ group in the frontal and parietal cortices that have been shown in previous papers to 

be hubs in the structural network [Hagmann et al., 2008]. One of these, the precentral gyrus is 

implicated as well by the P-FIT. This suggests that individuals with higher PIQ, due to their 

higher degree overall, may be better able to integrate more of these key areas together. By better 

integrating these regions, subjects may be able to have more efficient global information transfer. 

In addition to the differences we found in the rich club, we also found differences in 

fractional anisotropy between the highest and lowest IQ individuals. Across all three 

comparisons (high vs. low FIQ, PIQ and VIQ) we found greater fractional anisotropy in the high 

IQ individuals in the bilateral inferior longitudinal fasciculus (ILF) and the ILF/UNC (uncinate). 

These two tracts join at the anterior aspect of the ILF [Catani et al., 2003]. The ILF connects the 

temporal and occipital cortices, and is suggested to support visual tasks such as object 

recognition [Ortibus et al., 2012]. Additionally, decreased integrity of the ILF has been 

associated with schizophrenia, especially in patients with a history of visual hallucinations 

[Ashtari et al., 2007]. We might expect that the integrity of circuitry responsible for recognizing 

and categorizing objects would be associated with both performance and verbal IQ. These 

fundamental tasks are involved in vocabulary, spatial awareness, and other abilities assessed by 

IQ tests.  
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As the first study to examine cognitive correlates of the rich club, there is little context 

for interpreting our results. While we may intuitively expect that more rich club nodes is 

“better”, we do not truly know if this is the case, or what an optimum rich club organization may 

be. From a network perspective the rich club is fairly costly, so it would not make sense for the 

brain to maintain this costly arrangement without some benefit to the brain. In this study we were 

attempting to determine whether this benefit comes in the form of increased cognitive abilities, 

but further research is needed in this field to establish norms and the implications of individual 

differences in rich club organization.  

IQ is admittedly not an ideal measure of cognitive function, as its generalizability across 

cultures has been challenged [Fish, 2013]. Our sample was ethnically homogeneous, however, 

making this not a factor in our analysis. In the future we will investigate other measures of 

cognitive function that assess specific functional domains, such as working memory. 

Additionally, we used binarized matrices for these analyses, which do not use the full 

information available. Future analyses in the full weighted matrices will hopefully shed more 

light on these questions. Obviously, the specific parcellation scheme chosen will affect graph 

theory metrics. Zalesky et al. (2010) found that graph theory metrics were sensitive to 

parcellation resolution (i.e., the number of nodes), so it may be that other parcellation schemes 

are more or less sensitive to differences in IQ. The Desikan-Killiany atlas has been shown by our 

laboratory to yield connectivity measures that are genetically influenced [Jahanshad et al., 2011; 

Jahanshad et al., 2012] and change over development [Dennis et al., 2013b]. 
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4.2 High school completion is associated with differences in fiber density and graph 

theoretical measures of structural connectivity 

 

Many environmental factors throughout life influence brain structure and function. 

Education is an especially influential factor, playing a key role in individual differences in both 

brain structure and the cognitive functions it supports. The concept of reserve suggests that some 

aspect of brain structure or function enables people with more reserve to be able compensate for 

greater levels of pathology or atrophy [Stern, 2002], and it has been suggested that education 

increases one’s “ cognitive reserve” [Piras et al., 2010]. Level of education has been associated 

with intracranial volume [Mortimer et al., 2003] and differences in diffusivity [Piras et al., 2010]. 

Other studies have found that even when elderly individuals with higher education levels have 

more severe metabolic deficits in key brain regions, they are able to perform at the same level of 

cognitive ability as less educated subjects with less severe pathology [Alexander et al., 1997], 

suggesting education confers some neuroprotection. Educational attainment is a measure of time, 

not a measure of intelligence, although we expect it to add cognitive benefit. This must be kept 

in mind when interpreting results. 

Noble et al. (2013) found that educational attainment was significantly associated with 

fractional anisotropy (FA), a commonly used measure of white matter integrity, in a sample of 

47 young adults. Surprisingly, they found more education was associated with decreased FA in a 

number of tracts critical for cognitive control – the superior longitudinal fasciculus (SLF) and 

cingulum bundle (CB). They offered no explanation for this, except that others have also found 

decreased FA with increased cognitive abilities [Tuch et al., 2005]. Tuch et al. (2005) suggest 

that this could be due to crossing fibers or individual differences in axonal diameter. Piras et al. 
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(2010), found decreased MD (mean diffusivity, it would be expected to decrease when FA 

increases, generally) with increasing education, but this was in an elderly population, specifically 

examining subcortical structures, so it is minimally comparable to Noble et al. (2013). Beyond 

these, there is not a thorough investigation of how education affects the brain.  

In this study, we examined how educational attainment, measured by months of high 

school completed, in a population of 287 young adults (20-30 years old) was associated with 

fiber density and nodal graph theoretical measures of connectivity calculated on our fiber density 

matrices. Despite the conflicting results from previous studies, we expected to find increased 

fiber density with increasing educational attainment, as well as increased clustering coefficient, 

degree, and regional efficiency. 

Materials and Methods 

Participants were recruited as part of a 5-year research project scanning healthy young 

adult Australian twins with structural brain MRI and DTI [de Zubicaray et al., 2008]. We 

analyzed scans from 287 right-handed subjects (187 female/100 male, average age=23.9 years, 

SD=2.3). This population included all monozygotic (MZ) twins from 194 families. The average 

months of school for the sample was 32.4 (6.8 SD) with a range of 18-48. This is not total 

months of school, but months of high school completed. As the minimum age of our subject pool 

was 20, all had completed high school. Education beyond high school was not measured. Whole-

brain anatomical and high angular resolution diffusion images (HARDI) were collected with a 

4T Bruker Medspec MRI scanner. T1-weighted anatomical images were acquired with an 

inversion recovery rapid gradient echo sequence, with parameters: TI/TR/TE = 

700/1500/3.35ms; flip angle = 8 degrees; slice thickness = 0.9mm, and a 256x256 acquisition 

matrix. HARDI was also acquired using single-shot echo planar imaging with a twice-refocused 
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spin echo sequence to reduce eddy-current induced distortions. Imaging parameters were: 23cm 

FOV, TR/TE 6090/91.7ms, with a 128x128 acquisition matrix. Each 3D volume consisted of 55 

2-mm thick axial slices with no gap and 1.79x1.79 mm2 in-plane resolution. 105 images were 

acquired per subject: 11 with no diffusion sensitization (i.e., T2-weighted b0 images) and 94 

diffusion-weighted (DW) images (b = 1159 s/mm2) with gradient directions evenly distributed 

on a hemisphere in the q-space. Scan time was 14.2 min for the 105-gradient HARDI scan.  

Cortical Extraction and HARDI Tractography 

Connectivity analysis was performed as in [Jahanshad et al., 2011]. Briefly, non-brain 

regions were automatically removed from each T1-weighted MRI scan, and from a T2-weighted 

image from the DWI set, using the FSL tool “BET” (FMRIB Software Library, 

http://fsl.fmrib.ox.ac.uk/fsl). A neuroanatomical expert manually edited the T1-weighted scans to 

refine the brain extraction. All T1-weighted images were linearly aligned using FSL (with 9 

DOF) to a common space with 1mm isotropic voxels and a 220×220×220 voxel matrix. For each 

subject, the 11 eddy-corrected images (using FSL tool “eddy_correct”) with no diffusion 

sensitization were averaged, linearly aligned and resampled to a downsampled version of their 

corresponding T1 image (110×110×110, 2×2×2mm). Averaged b0 maps were elastically 

registered to the structural scan using a mutual information cost function to compensate for EPI-

induced susceptibility artifacts. 34 cortical labels per hemisphere, as listed in the Desikan-

Killiany atlas [Desikan et al., 2006], were automatically extracted from all aligned T1-weighted 

structural MRI scans using FreeSurfer (http://surfer.nmr.mgh.harvard.edu/). T1-weighted images 

and cortical models were aligned to the original T1 input image space and down-sampled to the 

space of the DWIs, using nearest neighbor interpolation (to avoid intermixing of labels). To 
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ensure tracts would intersect cortical labeled boundaries, labels were dilated with an isotropic 

box kernel of size 5×5×5 voxels.  

The matrix transforming the mean b0 image to the T1-weighted volume was applied to 

each of the 94 gradient directions to properly re-orient the orientation distribution functions 

(ODFs). At each HARDI voxel, ODFs were computed using the normalized and dimensionless 

ODF estimator derived for q-ball imaging (QBI) [Aganj et al., 2010]. We performed HARDI 

tractography on the linearly aligned sets of DWI volumes using these ODFs, using the Hough 

transform method [Aganj et al., 2011]. Elastic deformations obtained from the EPI distortion 

correction, mapping the average b0 image to the T1-weighted image, were then applied to the 

tracts’ 3D coordinates to accurately align the anatomy. Each subject’s dataset contained 5000-

10000 useable fibers (3D curves). For each subject, a full 68×68 connectivity matrix was created. 

Each element described the proportion of the total number of fibers connecting each of the 

labels; diagonal elements describe the total number of fibers passing through a certain cortical 

region of interest. Values were calculated as a proportion - normalized to the total number of 

fibers traced for each individual participant, to avoid skewing results by the raw fiber count. 

Months of School Regression 

 We used a linear mixed effects model to study the element-wise association of months of 

school (MOS) with fiber density, while taking into account any relatedness among the subjects. 

For N subjects and p independent predictors (MOS and other covariates), regression coefficients 

(β) were obtained according to the formula: 

Eq. 1    NxN ~ A + βageAge + βsexSex + βICVICV + βMOSMOS + α + ε 

Here, NxN is each of the entries in the 68x68 fiber density matrices. A is the constant 

fiber density term, the βs are the covariate regression coefficients, and α is a coefficient that 
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accounts for random effects. Random effects were used to account for familial relatedness. We 

modeled these variables (age, sex, ICV, MOS) as fixed effects. ICV denotes intracranial volume, 

in mm3. ε is a matrix of residual effects with a variance of σ2
eI, and I is an identity matrix. We 

also tested a model including FIQ as a covariate, to be sure we were not measuring the effects of 

cognitive ability instead. For all statistical analyses, the LONI pipeline 

(http://pipeline.loni.usc.edu/) was used for element-wise parallelization on a multi-CPU grid 

computer. The false discovery rate method [Benjamini & Hochberg, 1995] was used for multiple 

comparisons correction across all voxels. 

We used the same model (Eq. 1) to test our graph theoretical measures of structural 

connectivity. We examined three measures of nodal connectivity – clustering coefficient, 

regional efficiency, and degree. Clustering coefficient, on a nodal scale, is a measure of how 

“cliquish” a node’s neighbors are. Regional efficiency is the inverse of the average shortest path 

connecting all neighbors of a given node. Degree is simply how many connections each node has. 

We corrected for multiple comparisons across all 68 nodes and all 3 measures tested (q<0.05) 

[Benjamini & Hochberg, 1995]. 

Lastly, in an attempt to find some overlap with our previous study under the cognitive 

aim, we also examined voxel-wise FA for any associations with months of school. This analysis 

was completed with age, sex, and intracranial volume as covariates. We again used a linear 

mixed effects model to study the voxel-wise association of MOS with fractional anisotropy (FA), 

while taking into account any relatedness among the subjects. We used the same basic model as 

above: 

 Eq. 2   Voxelwise FA ~ A + βageAge + βmosMOS + βICVICV + α + ε 
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Random effects were again used to account for familial relatedness. For all statistical analyses, 

the LONI pipeline (http://pipeline.loni.usc.edu/) was used for voxel-wise parallelization on a 

multi-CPU grid computer. These results were FDR corrected for multiple comparisons across all 

voxels tested (q<0.05) [searchlight FDR, Langers et al., 2007].  

Results 

NxN Analyses  

 When we analyzed the 68x68 fiber density matrices, we found 2 connections whose fiber 

density was significantly associated with months of school. The fiber density of the connections 

between the left insula and left lingual gyrus, and between the right postcentral gyrus and right 

caudal middle frontal gyrus was greater in individuals who had attended more school. This 

analysis was done co-varying for age, as we know age could significantly influence fiber density 

[Dennis et al., 2013b]. We additionally co-varied for sex and intracranial volume, and one model 

was run co-varying for FIQ. Co-varying for FIQ did not affect the results. A p-map for this 

analysis can be seen in Figure 4.2.1. In this figure, the color represents the p-value of the 

association, as shown in the legend. We restricted our analyses to only connections present in 

>95% of subjects, to ensure we were finding differences in reliably tracked pathways. This 

resulted in 418 connections being examined, out of a possible 2,346 (68x68, symmetrical, 

including diagonal), and of these, 2 survived multiple comparisons correction. The location of 

these results can be seen in Figure 4.2.2. 

Nodal Graph Theoretical Measures of Structural Connectivity 

 Given that we found significant differences in the 68x68 fiber density matrices, we 

decided to examine more nodal measures of connectivity – those generated from graph 

theoretical analyses. We found significant differences in all three nodal measures we examined –  
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Figure 4.2.1. P-values for the NxN fiber density analysis. Two connections showed p-values 
surviving FDR correction – both the connection between the left insula and left lingual gyrus, 
and between the right caudal middle frontal gyrus and right postcentral gyrus had greater fiber 
density in individuals who had completed more school, correcting for age (and sex and 
intracranial volume). Gray boxes were not tested, black boxes were tested but not significant. 
 

clustering coefficient (CC), regional efficiency (EREG), and degree (DG). The left pars orbitalis 

had a negative association between MOS and CC, EREG, and DG. The left insula had a negative 

association between MOS and CC, while the right lateral occipital gyrus had a positive 

association between MOS and CC. Lastly, the left inferior temporal gyrus had a negative  
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Figure 4.2.2. Differences in fiber density and nodal measures of connectivity associated 
with months of school. All nodes tested (68) are shown, nodes in blue showed no significant 
associations. Large nodes in black showed significant associations between nodal graph 
theoretical measures of structural connectivity and months of school, as indicated in the legend. 
We tested clustering coefficient, regional efficiency, and degree, and results were FDR corrected 
across all nodes tested and all three nodal measures tested (q<0.05). These were largely negative 
associations. Black bars also indicate where significant associations with fiber density were 
found, both positive associations. Left in the image is left in the brain. 
 
association between MOS and EREG and DG. These can all be seen in Figure 4.2.2, along with 

the differences in fiber density. 

Voxel-wise FA 

 Our examination of associations between MOS and voxel-wise FA yielded significant 

positive correlations. MOS was positively associated with FA in the isthmus of the corpus 

callosum (CC – Is) and the posterior genu (CC – G). These can be seen in Figure 4.2.3. We  



   

 142 

Figure 4.2.3. Voxel-wise associations between months of school and FA. Yellow indicates to 
greater b-values. CC – Is = isthmus of the corpus callosum, CC – G = genu of the corpus 
callosum. Left in the image is right in the brain, coordinates are in MNI space.  
 
additionally found a small area of significant positive association in the right ILF/UNC (inferior 

longitudinal fasciculus/uncinate – at the anterior end of the ILF these two tracks merge; Catani et 

al., 2003; this is not pictured in the figure). When we co-varied for FIQ, these results were 

unchanged, including the small area of association in the ILF/UNC. 

Discussion 

In this study we examined associations between months of high school completed and 

differences in structural brain connectivity. We found a number of significant differences in fiber 

density and nodal graph theoretical measures of connectivity. We found a significant positive 

association between months of school and fiber density between the left insula and left lingual 

gyrus, and between the right postcentral gyrus and right caudal middle frontal gyrus. We 

additionally found negative associations between months of school and degree, clustering, and 

regional efficiency in the left pars orbitalis, left inferior temporal gyrus, and left insula, and a 

positive association with clustering in the right lateral occipital gyrus.  
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 As we expected, we found greater fiber density with greater educational attainment. The 

connections affected cover a wide range of brain regions – frontal, parietal, temporal, and 

occipital. This suggests that education could lead to increased connectivity across distributed 

brain regions. We found mostly lower nodal measures of connectivity with increased educational 

attainment. Besides a positive association between MOS and the clustering coefficient of the 

right lateral occipital gyrus, all other associations with clustering coefficient, regional efficiency, 

and degree were negative. As highly mathematical measures, we need to consider how these 

measures are actually calculated and what other factors could influence their calculation when 

we try to interpret them. Clustering coefficient is calculated by examining all of the connections 

of a given node and determining what proportion of those connections are also connected to each 

other. It is considered a measure of local efficiency, but it is also a measure of segregation 

[Rubinov & Sporns, 2010]. Thus, our results could mean that individuals who have greater 

educational attainment could have decreased integrity of their nodal neighborhoods for an 

unknown reason, or they could be less “cliquish” and better integrated into the whole network. 

Degree is simply the number of connections of a given node, so lower degree with greater 

educational attainment means these individuals have fewer connections originating from these 

nodes. Regional efficiency is the inverse of the shortest path going through all of the node’s 

neighbors. Perhaps because there are fewer connections for these nodes (as shown in lower 

degree), the path length increases. This could occur if the nodes now missing from the 

neighborhood were local hub nodes, highly connected within the neighborhood and key to local 

efficiency. Over development, we have previously found both increases and decreases in 

clustering coefficient, degree, and regional efficiency distributed across the brain. Given this, we 

cannot categorically say that increases in degree or efficiency are “good”, for example. As there 
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are no other studies investigating graph theoretical correlates of educational attainment, and very 

few examining cognitive function, it is difficult to put these results in context. We are exploring 

which metrics are best for detecting individual differences. These results point out the need to 

investigate the correlations between graph theoretical measures of connectivity and cognition, in 

order to better interpret these data.     

 In an attempt to find some common ground with our previous cognitive study, relating IQ 

to rich club organization and voxel-wise FA, we examined voxel-wise FA for associations with 

months of school. We found that completion of more months of high school was associated with 

greater FA in the isthmus of the corpus callosum, the posterior genu of the corpus callosum, and 

the right ILF/UNC. These associations remained the same when we co-varied for FIQ. These 

results suggest that individuals with greater educational attainment have greater white matter 

integrity in a known language pathway, which connects the temporal and parietal language areas 

across hemispheres. These results contrast the previous study by Noble et al. (2013) finding 

decreased FA with further education. The age range of their subjects (17-23 years old) overlaps 

with ours (20-30 years old), and they were similarly using a sample collected in Australia, so the 

sociological factors impacting education should be similar between our samples. While we used 

months of high school completed, Noble et al. (2013) used total years of school, which could 

account for some differences as their sample included a larger range of educational attainment. 

Additionally, while Noble et al. (2013) had data from 47 subjects, we included 287 subjects in 

our study. 

 Our results of greater fiber density and greater FA with greater educational attainment 

suggest that the cognitive enrichment of higher education has positive effects on brain structure. 

However, our findings of mostly decreases in nodal clustering, efficiency, and degree are 
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difficult to interpret in this context, as there are no other studies linking these factors. The 

measures of fiber density and fractional anisotropy are closer to biological measures of 

connectivity, while the graph theoretical measures are a little farther removed from the true 

biological substrates we are attempting to assess. This does not mean these measures cannot be 

used to analyze the brain – graph theory can give us a bird’s eye view of network topology that 

we cannot see with other methods. But the results of the current study need further review to 

determine how graph theoretical methods can accurately be used and interpreted in the case of 

cognitive function.  

Another factor to consider is that our variable of interest, months of school, is a measure 

of time spent in school, and while we expect it to be correlated with cognitive abilities (although 

in specific domains), it is not a measure of intelligence. Intelligence quotient (IQ) is expected to 

be fairly stable across the lifespan, as it is not a measure of knowledge of discrete facts, and there 

is research to support this [Deary et al., 2000]. Thus, we cannot extend our results to general 

cognitive function; rather, they are a measure of how a specific and broadly applicable 

environmental source of cognitive enrichment is associated with differences in brain structure. 

With the age of our sample and cross-sectional design, we cannot say for certain whether these 

differences are because of education, or if they were pre-existing differences perhaps related to a 

subject’s likelihood to continue education. We ran all analyses additionally co-varying for FIQ 

(which was not correlated with MOS), and found no changes, adding support to the interpretation 

that these associations are in fact pointing to changes that occurs with advanced education, rather 

than basic differences in cognitive ability. To conclusively determine this, we would need to 

examine subjects before and after their course of education. As this is the first study linking 

graph theoretical measures of connectivity with education, further research, preferably in a 
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younger group, is necessary to validate and gain a deeper understanding of these associations and 

how to interpret them.   
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CHAPTER 5 

 

 

Summary 

The common thread between all of these studies is an examination of structural brain 

connectivity and the various factors that influence measures of brain connectivity. Across 

development, we see a transition towards increased structural integration and segregation, 

demonstrated in our findings of decreased characteristic path length, clustering, and increased 

modularity [Dennis et al., 2013b] and increased density among rich club nodes [Dennis et al., 

2013c]. This occurs as useful connections are potentiated, and less used connections are not. As 

many studies have shown, the timeline of this process varies across brain regions [Gogtay et al., 

2004]. We found distinctly different trajectories in the frontal and temporal cortices, with 

connections among the frontal cortex generally showing decreases in fiber density and degree 

(number of connections), and the temporal cortex generally showing increases in fiber density 

and degree between ages 12 and 30 [Dennis et al., 2013b; Dennis et al., 2013d]. This does fit 

with earlier studies showing an earlier age of peak in frontal vs. temporal gray matter volume 

[Giedd et al., 1999; Tanaka et al., 2012], and gray matter density (GMD) [Sowell et al., 2003]. 

Sowell et al., 2003, found a continuous decline in the GMD of the superior frontal sulcus 

between age 10 and 90, leveling off towards the end, while the GMD of the superior temporal 

sulcus increased until age 30, at which point it decreased. These together support a more 

protracted development in the temporal cortex than the frontal cortex. 

 These studies have focused on typical development, but these trajectories are 

significantly different in children with developmental disorders such as autism. Investigations 
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into how functional graph theoretical measures of connectivity are altered in children with 

autism have found decreased path length, possibly a sign of increased randomness [Rudie et al., 

2013]. We similarly found decreased path length, but in the structural networks of healthy risk-

allele carriers of an autism-associated gene, CNTNAP2 [Dennis et al., 2011a]. This demonstrates 

the utility of examining healthy carriers of risk genes, as often the disorder itself causes changes 

in the brain, making it difficult to tease apart the causes and effects. Similarly, we examined 

associations between an obesity risk gene, NEGR1, and white matter integrity in our QTIM 

sample, whose BMI (body mass index – an approximate assessment of fat mass) covers the range 

seen in the population. This was not an exclusively obese sample, but we believe that is a 

strength of the study as obesity is associated with a wide range of brain changes that are not well 

understood [Stanek et al., 2011]. We found that risk allele dosage was associated with 

widespread decreases in white matter integrity. When we examined this variant in our follow-up 

sample from ADNI (Alzheimer’s Disease Neuroimaging Initiative), we found similar areas of 

association, but in the opposite direction. Obesity has an age-dependent effect on cognition 

[Fitzpatrick et al., 2009], and our results suggest that this may be genetically influenced. Both of 

these studies will aid our understanding of the mechanisms by which these genes confer 

vulnerability. CNTNAP2 is associated with more random network organization, but how does 

this occur? A recently characterized CNTNAP2 knockout mouse model found neuronal migration 

abnormalities [Peñagarikano et al., 2011]. Abnormal development and migration could 

theoretically lead to the effects we found. With NEGR1, our subjects were fairly young (20-30 

years old) so it is possible that they may become obese later in life. How decreased white matter 

integrity is linked with obesity risk, when it is clearly not caused by already-present obesity, is 

unclear. Further investigation of this topic will hopefully reveal the mechanisms by which 
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NEGR1 increases risk of obesity, as well as how obesity and cognitive function are linked 

throughout the lifespan. 

 As brain structure matures towards a more organized pattern of connectivity, cognition 

develops as well. These two factors influence the development of the other in a dynamic 

interplay. Our two investigations into cognitive correlates of structural connectivity are quite 

different, as one uses a putative measure of cognitive ability (IQ) [Dennis et al., 2013f], and the 

other uses a measure of cognitive enrichment (months of school) [Dennis et al., 2013g]. In one 

study, we examined rich club organization and white matter integrity [Dennis et al., 2013f], 

while in the other, we examined fiber density between cortical regions and nodal graph 

theoretical measures of structural connectivity [Dennis et al., 2013g]. In searching for some 

overlap in effects, we examined associations with white matter integrity (as measured by FA – 

fractional anisotropy) with months of school as well, with and without co-varying for FIQ. Here, 

we found some common ground, as both IQ scores and months of school were associated with 

increased integrity in the right ILF/UNC (inferior longitudinal fasciculus/uncinate, at the anterior 

end of the ILF these tracks merge). As might be expected, we generally found evidence of 

increased neural resources or integrity with greater cognitive ability and greater cognitive 

enrichment, as measured by white matter integrity, fiber density between cortical regions, or 

nodes included in the “rich club”. With more neural resources (fiber density, rich club nodes) 

and better integrity (white matter integrity), we would expect there to be more efficient 

information transfer in the brain, which would support cognitive function. Our findings of 

decreased nodal clustering, efficiency, and degree with further educational attainment are 

difficult to fit into this framework, as we are only beginning to examine what they mean for brain 

health and what are normal measures. As very few studies have examined these measures in 
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relation to cognitive abilities, and they are more mathematical measures of connectivity, further 

research is necessary to determine their utility and how to accurately interpret these results. 

Graph theory has a lot to offer the field of neuroscience, but at this earlier stage we need to tread 

carefully when assigning value to specific measures.   
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CHAPTER 6 

Future work 

 

 From the work presented here, there is a clear trend toward examining brain structural 

connectivity across development and the factors that may influence it. From here, two natural 

extensions are to examine functional connectivity, and to examine connectivity in atypical 

development. This is exactly what I intend to do, investigating functional connectivity in the 

QTIM dataset, and joining a project in progress at UCLA examining moderate-to-severe 

traumatic brain injury in children and adolescent patients.  

 

6.1 Functional connectivity 

 

Functional connectivity is complimentary to the information gained from structural 

connectivity. While an analysis of functional connectivity data was originally planned as part of 

my dissertation, unforeseen factors barred me from analyzing the data. We now have access and 

the data are currently being processed.  

Functional connectivity assesses the integration of brain activity across distant brain 

regions, regardless of their structural connectivity. Various methods may be used to measure this 

type of functional synchronization or coherence, and different kinds of information can be 

collected, depending on whether subjects are performing a specific task, or no task in particular. 

Functional MRI methods can assess connectivity by measuring correlations in the BOLD (blood 

oxygenation level dependent) time-series of activations in different brain regions; other types of 

analysis focus on the mutual information between two different profiles of activation. 
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Synchronized low-frequency fluctuations (~0.01-0.1 Hz) in the BOLD signal across distant brain 

regions were first discovered by Biswal et al. (1995). This sparked the discovery of a number of 

temporally coherent networks that are remarkably consistent across individuals [Damoiseaux et 

al., 2006; Fox et al., 2005; Beckmann et al., 2005]. 

Many possible roles have been attributed to these ICNs (intrinsic connectivity networks): 

memory functions, organization and coordination of neuronal activity, and priming the brain for 

coordinated activity [Fox and Raichle, 2007; Seeley et al., 2007]. The cognitive correlates of the 

networks are not fully known, but we do know that these networks are present in the descent to 

sleep [Larson-Prior et al., 2009] and they are even detectable in developing fetuses [Thomason et 

al., 2013]. ICN connectivity is disrupted in a wide range of psychiatric and developmental 

disorders [Greicius, 2008], motivating the quest to understand how they contribute to cognitive 

function, and how they decline as we age.  

The ICN that has received the most attention is the default mode network (DMN): this is 

a collection of brain regions whose activity increases in the absence of a task. As such, the DMN 

is also called the “task negative” network, anti-correlated to the “task positive” network [Fox et 

al., 2005]. The DMN is generally thought to include the posterior cingulate cortex/precuneus, 

medial prefrontal cortex, inferior parietal lobules, lateral temporal cortices, and hippocampus 

[Buckner et al., 2008; Raichle et al., 2001]. There has been a great deal of interest in the DMN: 

many theorize that the activity of this network during rest is necessary for memory consolidation 

[Fox and Raichle, 2007], making it especially interesting in the field of Alzheimer’s research 

[Dennis & Thompson, 2013h]. The executive control network (ECN) seems to include regions 

inversely correlated with the default mode network (DMN), and is thus dubbed part of the “task-

positive” network of the brain.  
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The regions of the ECN include some of those that are last to mature; yet a 

comprehensive examination of the developmental trajectory of the ECN and how it relates to 

cognitive development has not been done. Based on the regions the ECN encompasses, it is 

assumed to underlie executive function, but even that assumption has yet to be researched. I hope 

that by investigating measures of executive function, I will be able to test new theories of the 

cognitive correlates of resting connectivity and how it supports and influences function. It is vital 

to relate executive connectivity and executive function - making decisions, abstract thought, and 

planning ahead, as they are all central to our human experience, and highly vulnerable to 

psychopathology. Research on the DMN has found altered connectivity in disease. There are 

fewer studies of how psychopathology affects the ECN. Systematic investigation of the ECN will 

reveal how it contributes to behavioral executive ability and how it relates to known aspects of 

brain maturation. Normative data on executive network development is vital for us to understand 

the basis of disorders with abnormal and characteristic fMRI responses. 

With the QTIM dataset that I have used for the vast majority of my dissertation studies, I 

will examine the developmental trajectory of various aspects of functional connectivity, focusing 

on the ECN. For this I will use seed-based, ICA, and graph theoretical approaches, depending on 

which is most appropriate for the specific question. We will additionally investigate how these 

trajectories differ between males and females. Another aim of this future work is to determine 

the genetic influences on functional connectivity. For this, we will use both a candidate SNP 

(single nucleotide polymorphism) approach, examining SNPs that we have found to be 

associated with changes in structural connectivity, and more complicated multi-locus and 

genome-wide approaches. Lastly, we will investigate the association between functional 

connectivity and measures of cognitive function, and how the developmental trajectory of these 
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measures track together. We expect this work will both further our understanding of the role 

functional connectivity serves in the healthy brain, as well as creating a foundation for 

investigations into atypical development.  

 

6.2 Pediatric traumatic brain injury 

 

My dissertation has focused on healthy development, which serves as an ideal foundation 

for investigating factors that cause deviations from the typical trajectory. TBI is a major public 

health issue in children and adolescents, affecting an estimated 180 children and 660 adolescents 

per 100,000 per year in the US. It is responsible for half of traumatic injury fatalities [Kraus et 

al., 1995; Langlois et al., 2003]. TBI at any point in life can have long-term negative 

consequences, but in children and adolescents these effects are exaggerated as the brain is 

rapidly developing. Children who sustain TBI show poorer performance in school [Taylor et al., 

2002; Ewing-Cobbs et al., 1998] and are at an increased risk for psychiatric disorders [Max et al., 

1997; Max et al., 1998]. While there is clear damage to the grey matter, there are also significant 

deficits in white matter (WM) connectivity, caused by Wallerian degeneration that damages 

myelin and disrupts axonal ultrastructure [Wilde et al., 2008; Yuan et al., 2007]. Axonal injury is 

the main pathological lesion in TBI. These differences can be seen acutely [Chu et al., 2009; 

Wilde et al., 2008], years post injury [Yuan et al., 2007; Wozniak et al., 2007; Ewing-Cobbs et 

al., 2008], and can be sensitive indicators of disease. Children vary in how well they can recover 

from TBI, as with most injuries. If we can tell who can recover more quickly, and what factors 

predict better outcomes, we can develop more effective interventions. Early interventions do 

have an impact on recovery from TBI [Ponsford et al., 2001]. 
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Hemorrhagic and nonhemorrhagic shearing lesions associated with diffuse axonal injury 

(DAI) are found in up to 40% pediatric TBI patients, especially more severe cases, and are 

responsible for a wide range of impairments [Ashwal et al., 2006a]. DAI is characterized by 

widespread damage to the corpus callosum, brain stem, gray-white matter junctions, and the 

parasagittal white matter (dorso-medial white matter, in the frontal cortex generally) [Ashwal et 

al., 2006a]. A definitive diagnosis of DAI can only be made post mortem, but sophisticated 

imaging methods can provide compelling evidence of DAI. Traditional CT (computed 

tomography) and MRI (magnetic resonance imaging) methods have not proven sensitive enough 

to DAI [Tong et al., 2003]. Newer methods such as diffusion weighted imaging (DWI) – a 

strength of our lab – and magnetic resonance spectroscopy (MRS) have recently been applied in 

TBI research, and show great promise in detecting DAI and its related effects. 

DWI methods such as high angular resolution diffusion imaging (HARDI) combined 

with tractography allow us to visualize axonal pathways in vivo and approximate their integrity. 

Fractional anisotropy (FA), the degree to which water diffuses in one direction (along axons), is 

the most common measure of white matter integrity. Generally, higher FA means better 

myelinated, more highly developed tracts [Thomason & Thompson, 2011]. In addition to voxel-

wise measures of white matter integrity, we can also use these data to construct matrices 

describing the structural connectivity between all points in the brain (e.g., fiber density between 

each region of interest - ROI). Using the framework of graph theory, we can investigate the 

complex topology of the structural “connectome”. Graph theory represents the brain as a set of 

nodes (brain regions) and edges (connections between them, e.g., fiber density). By representing 

the data in this way, a number of standard parameters exist to investigate network metrics such 

as efficiency and modularity [Rubinov & Sporns, 2010]. The benefit of graph theoretical 
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methods is that they can reveal changes in global topology as well as local connectivity. MRS is 

another technique to assess damage following TBI. The most widely used type of MRS is 1H-

MRS, which detects the signals from protons in neurochemicals other than water (as opposed to 

MRI, which detects protons in water). 1H-MRS can measure key brain metabolites such as N-

acetylaspartate (NAA, a neuronal and axonal marker that decreases in neuronal loss), total 

creatine (Cr, marker for intact brain energy metabolism), total choline (Cho, marker for 

membrane repair, inflammation, or demyelination), and lactate (Lac, may be a response to 

release of glutamate in TBI) [Ashwal et al., 2006b]. Metabolite ratios such as NAA/Cr or Cho/Cr 

are sensitive markers of DAI and predict long-term outcomes [Holshouser et al., 2005; Sinson et 

al., 2001]. Even brain regions that do not appear injured have altered metabolite ratios that are 

correlated with injury [Ashwal et al., 2006b].  

I will work with my mentor, our research team, and collaborators, to use multiple types of 

data – MRS (magnetic resonance spectroscopy) data, HARDI (high angular resolution diffusion 

imaging) data, and clinical data – that have been collected longitudinally, to examine how TBI 

impacts the developmental trajectory of white matter connectivity in the brain. Data collection 

for this project is on-going, but we already have a large cohort. With our range of intake ages, we 

hope to discover how age of injury affects recovery. With our longitudinal design, we hope to 

discover what imaging measures best predict clinical outcome. Determining the neuroimaging 

differences in children with TBI, and how they change longitudinally will shed light on the 

mechanisms of recovery, providing foundational knowledge for researchers developing more 

effective interventions. Even in mild TBI, effects persist well after the injury, such as difficulty 

in school, but they are often blamed on laziness on the part of the child, even if they are truly a 

consequence of the injury. By receiving blame and punishment, when they are truly in need of 
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understanding and additional help, the child’s progress may be set back [Ponsford et al., 2001]. 

A comprehensive understanding of what happens to the developing brain’s white matter as it 

recovers from injury is necessary to know how to respond.  

The specific questions of this study concern the best markers of injury in pediatric TBI 

and the rate of recovery. We will look cross-sectionally to determine how various measures of 

diffusivity are affected following TBI and which of these correlate best with cognitive function. 

We will examine the rates of recovery of white matter and cognitive function to better 

understand this process. Additionally we will examine the longitudinal data for age effects, to 

determine how age of injury impacts the recovery process. Lastly, we will attempt to find a 

model combining our various brain and cognitive measures from the Time 1 scans to determine 

what combination is most predictive of rate of recovery between Time 1 and Time 2. 

We hope that our study will aid future researchers in developing more effective 

treatments for pediatric TBI. Once we have an accurate assessment of the extent of the damage, 

clinicians may have a better idea of what sort of neurorehabilitation will be most effective, in the 

case of moderate-to-severe TBI. In the case of mild TBI, most existing treatments center on 

giving the parents information about what to expect and coping strategies, which have proven 

effective [Ponsford et al., 2001]. By developing better predictors of outcome, and assessing what 

methods give us the clearest picture of the damage, we can give patients and their families the 

most information possible. We also hope that this will lead to a better informed public. As is the 

case with combat veterans who have sustained head injuries, patients and families may think that 

they are healed once the physical scars have disappeared. But the effects of TBI can last long 

after this, and without being aware of that patients are not given the best recovery support. 

Increased awareness of the effects of TBI will also hopefully lead to increased reporting of injury 
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and more patients seeking treatment. Underreport is a major problem in TBI, for a wide range of 

factors, but better information about the consequences of TBI in children should help this issue 

[Meehan et al., 2011]. This project will have a broad impact in our communities. Traumatic brain 

injury in children and adolescents is far too common, but we are only beginning to understand 

how this damage may impact their continuing development. The information from this study will 

inform development of effective treatments, and will hopefully increase public awareness about 

the subtle, long-term effects of traumatic brain injury.  
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