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ABSTRACT 
 

The neuroanatomical differences associated with the developmental disorder attention-

deficit/hyperactivity disorder (ADHD) or the learning disabilities (LDs) dyslexia (or  

reading disability, RD) or dyscalculia (or math disability, MD) have been well 

characterized. ADHD, RD, and MD tend to co-occur, yet the neural profile of children in 

whom two disorders present simultaneously is not understood, even though this 

information would help advance our understanding of these conditions in isolation and in 

their co-occurring forms. This dissertation presents three studies. First, we compared gray 

matter volume (GMV) in children with LD+ADHD and LD-only. Based on prior GMV 

studies of ADHD (compared to controls), we expected to find less GMV in the basal 

ganglia, but did not, leading us to conclude that behavioral difficulties around 

inattention/hyperactivity emanated from their LD, rather than the fronto-striatal 

pathology characteristic of ADHD. Second, we compared GMV in children with 

RD+MD and RD-only. This time we expected to find lower GMV in the intraparietal 

sulcus, based on prior GMV studies of MD (compared to controls), but our results did not 

confirm this additive model. They also did not support other models, including one that 

states that MD in children with RD emanates from GMV deficits in language regions. We 

conclude that RD+MD is likely a heterogenous group, unlikely to have common 

anatomical anomalies. Based on its wide utilization, we measured GMV in the first two 
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studies, but cortical thickness (CT) reveals more anatomical detail. The two programs 

widely used to measure CT have not yet been formally compared in children the way 

they have in adults. Third, we tested for correlations and differences between CT values 

generated from FreeSurfer and the Computational Anatomy Toolbox (CAT12) and found 

high correspondence between these two programs in children. We also observed lower 

CT values from FreeSurfer compared to CAT12, consistent with some but not all of the 

studies in adults. In sum, results from the first two studies have important implications for 

the etiology and treatment of LD+ADHD and RD+MD. The last study provides 

important information on CT measures to guide future neuroanatomical studies of 

children. 
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CHAPTER I: GENERAL INTRODUCTION 

Reading and math are two fundamental skills that are used in daily life. Critically, early 

academic performance in these domains strongly predict later academic performance (Duncan et 

al., 2007), as well as economic/occupational success (Ritchie & Bates, 2013) and physical and 

mental health (Parsons & Bynner, 2005). However, many children struggle to acquire and use 

these skills due to specific learning disabilities (LDs) that affect their reading and math 

performance (i.e., developmental dyslexia and developmental dyscalculia, respectively). 

Similarly, problems with attention or executive function (e.g., due to attention-

deficit/hyperactivity disorder) negatively impact reading, math, and overall academic 

performance. Understanding the neural basis of these disorders has therefore received much 

attention from the field of cognitive neuroscience. 

Attention-deficit/Hyperactivity Disorder 

Attention-deficit/hyperactivity disorder (ADHD) is a common neurodevelopmental 

disorder characterized by symptoms of inattention (e.g., being easily distracted) and 

hyperactivity-impulsivity (e.g., fidgeting or excessive talking). To qualify for an ADHD 

diagnosis, children must exhibit symptoms of inattention and/or hyperactivity/impulsivity that 

are not age-appropriate, interfere with functioning or development, and persist for at least six 

months (American Psychiatric Association, 2013). Based on these dimensions of the disorder, 

there are three presentations of ADHD: inattentive type, hyperactive-impulsive type, and 

combined type. This complex and heterogeneous disorder, affecting an estimated 8.4% of 

children in the United States (Danielson et al., 2018), is noted for its impact on personal, social, 

and social functioning and development (Cabral et al., 2020). 
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Aside from clinically-observed differences in behavior, neuroscience research has 

endeavored to identify differences in brain structure in ADHD and other disorders using 

magnetic resonance imaging (MRI), a non-invasive approach that generates high-resolution, 

three-dimensional images inside the body. An early application of this neuroimaging method was 

manual tracing, wherein trained neuroanatomy experts outlined one or more brain region from 

MRI scans (e.g., Castellanos et al., 1994; Filipek et al., 1997). Currently, the more common 

analytic approach is voxel-based morphometry (VBM), an automated technique that allows 

investigators to test for local differences in brain tissue volumes (Ashburner & Friston, 2000). 

There have been many such studies using VBM to test for differences in gray matter volume 

(GMV) in groups with and without ADHD, with meta-analyses consistently identifying lower 

basal ganglia GMV in ADHD as compared to controls (Ellison-Wright et al., 2008; Frodl & 

Skokauskas, 2012; McGrath & Stoodley, 2019; Nakao et al., 2011; Norman et al., 2016). 

Importantly, the neural basis of ADHD is age-dependent, with basal ganglia differences being 

most pronounced in children (Frodl & Skokauskas, 2012; Nakao et al., 2011) and declining in 

magnitude during adolescence and adulthood (Castellanos et al., 2002; Nakao et al., 2011). 

Instead, the primary GMV difference associated with adult ADHD is lower GMV in the anterior 

cingulate cortex (ACC; Frodl & Skokauskas, 2012; McGrath & Stoodley, 2019). 

There have been a number of studies probing dopamine signaling deficits as the 

underlying mechanism of the behavioral and neural phenotypes of ADHD. Dopaminergic 

projections from the basal ganglia to the frontal cortex (i.e., fronto-striatal circuits) play an 

important role in regulating cognition through inhibition and planning, which are typically 

impaired in ADHD (Faraone et al., 2015; Vaidya & Stollstorff, 2008; Willcutt et al., 2005). 

Genetically, one major risk factor for ADHD is a mutation in the SLC6A3 gene that codes for a 



 3 

dopamine transporter protein called DAT1 (Gizer, Ficks, & Waldman, 2009; Li, Sham, Owen, & 

He, 2006). Interestingly, children who carry two copies of the SLC6AC risk allele associated 

with ADHD have lower caudate nucleus GMV than children with only one copy regardless of 

ADHD diagnosis (Shook et al., 2011), further linking DAT1 functioning to deficits in basal 

ganglia GMV. Functional impairment of the dopamine transporter in ADHD has also been 

demonstrated by positron emission tomography (PET) studies in adults, which have shown lower 

DAT availability in the left caudate nucleus and left nucleus accumbens in ADHD (Volkow et 

al., 2007). 

Pharmacological intervention is a commonly used approach for treating ADHD 

symptoms. Stimulants, such as methylphenidate and amphetamine, are a class of drugs used in 

ADHD treatment that modulate dopamine activity by blocking the dopamine transporter 

(Faraone et al., 2015). Long-term treatment with stimulant medication has demonstrated a robust 

amelioration of ADHD symptoms, establishing a causal link between dopamine system 

dysregulation and the ADHD phenotype (Pietrzak et al., 2006; M. Shaw et al., 2012). PET 

imaging has also revealed that long-term methylphenidate treatment of adults with ADHD results 

in an upregulation of DAT1 availability and normalization of symptoms as compared to pre-

treatment baseline (G. J. Wang et al., 2013). Comparable longitudinal studies examining the 

effects of stimulant medication on GMV are not as prevalent, so the current understanding of 

how ADHD treatment affects larger-scale brain structure has come from cross-sectional studies 

comparing medicated and non-medicated groups with ADHD (Spencer et al., 2013). Relatedly, 

the meta-regression analysis conducted by Nakao and colleagues (2011) found that the effect 

size of striatal GMV differences associated with ADHD were smaller in studies that had a higher 

proportion of participants receiving medication. Together, findings from neurobiology, genetics, 
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drugs trials, and neuroimaging demonstrate the strong links between dopamine dysfunction, 

basal ganglia impairments, and ADHD symptoms. 

Developmental Dyslexia 

Developmental dyslexia, here referred to as reading disorder (RD), affects 7-12% of 

school-age children (Katusic et al., 2001). While there are other disorders affecting reading, RD 

is characterized by specific difficulties with accurate and fluent word recognition (Lyon et al., 

2003). These deficits in RD can, in turn, lead to impairments with reading comprehension and 

broader learning (Peterson & Pennington, 2012). Outside the classroom, RD is also associated 

with an increased prevalence of psychiatric disorders, such as depression and anxiety (Willcutt & 

Pennington, 2000b), and lower annual income in adulthood (Herrera-Araujo et al., 2017).  

Most behavioral studies have supported the theory that phonological deficits are the core 

impairment in RD (Bradley & Bryant, 1983; Scarborough, 1990; Snowling, 1998). Phonological 

awareness, or the ability to attend to and manipulate the sounds in words, is a crucial skill during 

the development and acquisition of reading that predicts later reading abilities (Hecht et al., 

2001; J. K. Torgesen et al., 1994; Wagner & Torgesen, 1987). Despite the strong links between 

phonological awareness and RD, behavioral studies have also noted auditory, visual, and motor 

impairments, leading some scholars to argue that sensorimotor domains are the primary etiology 

of RD. For example, the temporal-processing deficit hypothesis attempts to explain difficulties in 

detecting rapidly changing auditory information observed in RD (De Martino et al., 2001; Tallal, 

1980). Studies have also shown that children with RD struggle with perceiving coherent visual 

motion (Talcott, Hansen, et al., 2000; Talcott, Witton, et al., 2000), a skill that relies on the 

magnocellular visual pathway (Shapley, 1990). The magnocellular deficit hypothesis therefore 

posits that poor eye control leads to visual problems that impair reading, such as binocular 
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dysfunction and visual instability (Stein & Walsh, 1997; Talcott, Hansen, et al., 2000). However, 

deficits in auditory and visual sensory processing have not been replicated in all studies, 

suggesting that sensory problems are not strongly associated with or causally related to RD 

(Olulade et al., 2013; White et al., 2006). The motor system has also been implicated in RD, with 

some studies identifying poor balance and automaticity (Nicolson & Fawcett, 1990; Stoodley et 

al., 2005). The cerebellar deficit hypothesis of RD attributes problems with motor function and 

reading to atypical functioning and connectivity of the cerebellum (Nicolson et al., 2001).  This 

theory, too, has not been fully supported by a more recent examination using functional 

neuroimaging (Ashburn et al., 2020). 

Investigations into the neurobiological basis of RD relying on the examination of post 

mortem brain tissue have revealed differences in gray matter microstructure, particularly in left 

hemisphere perisylvian regions (Galaburda et al., 1985; Galaburda & Kemper, 1979; Humphreys 

et al., 1990). These anomalies were believed to reflect aberrant neuronal migration in the 

cerebral cortex during early development (Galaburda et al., 2006), although the link between RD 

and neuronal migration impairment has since been challenged (Guidi et al., 2018; Krafnick & 

Evans, 2019). Since these early findings, a significant body of work has emerged identifying in 

vivo GMV differences in children and adults with RD. The most common finding identified by 

meta-analyses is lower GMV in left superior temporal regions (i.e., superior temporal 

sulcus/gyrus, or STS/STG) in RD as compared to controls (Eckert et al., 2015; Linkersdörfer et 

al., 2012; McGrath & Stoodley, 2019; Richlan et al., 2013). Relatively lower GMV in RD has 

also been reported in the left inferior frontal gyrus (IFG; Eckert et al., 2015), left fusiform gyrus 

(Kronbichler et al., 2008; Linkersdörfer et al., 2012) and bilateral cerebellum (Linkersdörfer et 

al., 2012; McGrath & Stoodley, 2019; Stoodley, 2014, 2016). Notably, the GMV profile of RD is 
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not age-dependent, unlike that of ADHD. Left superior temporal GMV deficits have been found 

in both pediatric and adult RD samples (McGrath & Stoodley, 2019), suggesting that this is a 

persistent feature. 

Developmental Dyscalculia 

Developmental dyscalculia is a math disability (MD) that is characterized by difficulty 

learning number concepts or performing mathematical calculations (American Psychiatric 

Association, 2013). MD is present in 6-14% of school-age children (Barbaresi et al., 2005; 

Gross-Tsur et al., 1996) and is associated with a host of negative life outcomes. These can 

include elevated rates of anxiety, depression, aggressive behaviors (Haberstroh & Schulte-Körne, 

2019), and substance use (Willcutt et al., 2019). 

The core behavioral deficit in MD is an inability to process numerosity (i.e., the number 

of items in a set), which is a foundational skill for arithmetic (Butterworth et al., 2011). This 

theory arose from the observation that children with MD have trouble comparing both non-

symbolic quantities (Piazza et al., 2010; Price et al., 2007) and symbolic numbers (Ashkenazi et 

al., 2009; Mussolin et al., 2010). Apart from problems with number processing and arithmetic, 

MD has also been associated with weaknesses in domain-general skills, such as working memory 

(Geary et al., 2004; Rotzer et al., 2009; Toll et al., 2011). While there has been debate over 

whether domain-specific numerosity and/or domain-general cognition reflect the proximal cause 

of MD (e.g., Menon, 2016), the mixed findings in the literature highlight the potential 

heterogeneity of this disorder. 

The underlying brain mechanisms of MD are less studied than, and thus not as well 

understood as, either ADHD or RD. The few existing VBM studies of this disorder in children 

have consistently revealed lower GMV in intraparietal sulcus (IPS; McCaskey, von Aster, 
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O’Gorman, & Kucian, 2020; Rotzer, Kucian, Martin, & Klaver, 2007; Rykhlevskaia, Uddin, 

Kondos, & Menon, 2009), particularly in the right hemisphere. Other brain regions have also 

been shown to differ in MD, although the specific findings, such as occipitotemporal cortex 

(McCaskey et al., 2020; Ranpura et al., 2013; Rykhlevskaia et al., 2009) and hippocampus 

(Rykhlevskaia et al., 2009), vary across studies. 

Comorbidity: LD and ADHD 

Children with LDs have an increased rate of ADHD relative to typically developing 

children. RD and ADHD have a 9-44% comorbidity rate (Capano et al., 2008; Semrud-Clikeman 

et al., 1992; Sexton et al., 2012; Willcutt et al., 2010; Willcutt & Pennington, 2000a), while MD 

and ADHD have a comorbidity rate of 11-31% (Capano et al., 2008; Mayes et al., 2000; 

Monuteaux et al., 2005). The combination of both disorders can be particularly challenging for 

those affected and puts children at greater risk for impaired lifelong adaptive functioning. For 

example, children with co-occurring RD and ADHD exhibit significantly higher rates of 

academic and social problems than children with either diagnosis alone (Boada et al., 2012; 

Willcutt et al., 2007). 

Multiple theories have been proposed to explain the high levels of comorbidity between 

RD and ADHD, which are here examined in the broader context of LD+ADHD. The most 

prevalent theories are the multiple deficit model, phenocopy model, and cognitive subtype model 

(Boada et al., 2012; Eden & Vaidya, 2008; Germanò et al., 2010; Pennington, 2006; Peterson et 

al., 2017; Willcutt et al., 2010), which are visualized in Figure 1.1. The multiple deficit model 

proposes that LDs and ADHD have multifactorial etiologies, and that LD+ADHD comorbidity 

results from the combination of specific and shared risk factors (Pennington, 2006). This model 

would be supported if children with LD+ADHD displayed behavioral and neural impairments 
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related to reading/math, attention, and other cognitive domains. In contrast, the phenocopy model 

argues that there are bi-directional relationships between attention and reading/math, and 

impairments in one domain could result in deficits in another. For example, a child’s ADHD 

symptoms could impair performance on learning in reading or math, causing that child to appear 

to have RD or MD, respectively (Rapport et al., 1999). Conversely, academic difficulties in RD 

or MD could cause a child to become easily frustrated and appear inattentive, despite the absence 

of the typical ADHD etiology (Pennington et al., 1993). At the neural level, this model would 

suggest that children with LD+ADHD exhibit GMV differences in regions related to either their 

specific LD or to ADHD, but not the combination of multiple GMV deficits. Finally, the 

cognitive subtype model states that LD+ADHD is a distinct disorder from both LDs and ADHD 

alone. According to this theory, the cognitive and neural deficits in LD+ADHD would be 

different from the combination of the impairments in either disorder by itself (Rucklidge & 

Tannock, 2002).  

 
Figure 1.1. Models of LD+ADHD Comorbidity. Visualizations of the multiple deficit, 
phenocopy, and cognitive subtype models of LD+ADHD comorbidity. STG = superior temporal 
gyrus; IPS = intraparietal sulcus; PFC = prefrontal cortex. 
 

Despite initial support for the phenocopy (Pennington et al., 1993) and cognitive subtype 

(Nigg et al., 1998; Rucklidge & Tannock, 2002) models, studies of behavior and genetics have 

overwhelmingly supported the multiple deficit model (Boada et al., 2012; McGrath & Stoodley, 

2019; Peterson et al., 2017; Willcutt et al., 2010). In addition to atypical reading and attention 

profiles in RD+ADHD, one frequent finding has been poor performance in processing speed 
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(i.e., tasks requiring efficient stimulus recognition/responses) in children, adolescents, and adults 

with these combined disorders (Katz et al., 2011; Rucklidge & Tannock, 2002; Shanahan et al., 

2006; Willcutt et al., 2010). While slower processing speed has been independently associated 

with RD and ADHD each in isolation, the deficits observed in RD+ADHD are usually more 

severe than in individuals with a single disorder. Findings from the genetics literature support 

this notion, linking processing speed difficulties to a common genetic risk factor (Willcutt et al., 

2010) and observing a stronger genetic influence on RD+ADHD comorbidity than either 

disorder alone (Willcutt et al., 2007). Although studies of MD+ADHD are much fewer in 

number, the existing studies have identified shared cognitive (e.g., processing speed, working 

memory, and numerosity) and genetic risk factors accounting for both math and attention (Child 

et al., 2018; Hart et al., 2010; Peterson et al., 2017). 

In spite of the progress made in identifying the behavioral etiologies of co-occurring LDs 

and ADHD, little is known about the neural basis of LD+ADHD. Determining the effects of 

combined LD+ADHD on brain structure has important implications for informing the treatment 

of these disorders when they co-occur (Germanò et al., 2010; Sexton et al., 2012; Tamm et al., 

2017). The two relevant prior studies have examined ADHD in the context of RD, although there 

is little convergence between their experimental approaches or findings. In one study, Jagger-

Rickels and colleagues (2018) observed that children with RD+ADHD exhibited lower GMV 

compared to controls in the right caudate nucleus, bilateral thalamus, and bilateral frontal 

regions. However, since the authors of this study did not directly compare their RD+ADHD 

group to either the RD-only or ADHD-only groups included in the study, it remains unclear 

whether these GMV differences represent differences associated with RD or ADHD. More 

recently, Langer et al. (2019) conducted a study to test for differences in brain structure and 
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function between children with RD+ADHD, RD-only, ADHD-only, and controls. In an analysis 

of striatal GMV (comprising the caudate nucleus and putamen), the authors observed no 

differences between the RD+ADHD and any of the other groups. However, a separate analysis of 

cortical thickness (CT) revealed lower CT in several left hemisphere regions in the RD+ADHD 

group compared to all other groups (Langer et al., 2019). Relative to controls, the RD+ADHD 

group exhibited lower CT in left IFG, supplementary motor area/anterior cingulate cortex 

(SMA/ACC), planum temporale, and middle temporal gyrus (MTG). In several of these same 

regions, the RD+ADHD group showed differences compared to the RD-only (left fusiform 

gyrus), ADHD-only (left planum temporale), and both the RD-only and ADHD-only (left MTG) 

groups. The null finding for striatal GMV observed by Langer and colleagues (2019), 

particularly between the RD and RD+ADHD groups, is surprising given the reliable finding of 

lower basal ganglia GMV in ADHD. This result, along with the distinct profile of CT in 

RD+ADHD, suggests that RD+ADHD is unlikely to be the simple combination of the neural 

bases of RD and ADHD. In Chapter II, I compare GMV in groups of children with LDs, here 

combining across RD and/or MD, with and without co-occurring ADHD to determine if 

LD+ADHD manifests in lower basal ganglia GMV, as has been demonstrated for ADHD alone. 

Thus, the focus of this investigation is to test for basal ganglia deficits in LD+ADHD rather than 

to validate specific theories of LD+ADHD comorbidity. 

Comorbidity: RD and MD 

RD and MD have a 11-70% rate of comorbidity (Moll et al., 2014; Willcutt et al., 2013, 

2019), with the large variability in range depending on the cutoffs and reading/math measures 

used to define each LD (Landerl & Moll, 2010; Moll et al., 2014, 2019). Just as with co-

occurring RD+ADHD, children with comorbid RD+MD tend to have poorer academic outcomes 
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in reading and math than children with either LD alone (Cirino et al., 2015; Willcutt et al., 2013). 

Additionally, children with RD+MD are more likely to repeat a year of schooling or receive 

special education services and exhibit higher rates of both ADHD and depression (Willcutt et al., 

2019).  

As with RD+ADHD, there have been a number of theories proposed to explain the 

behavioral and neural etiologies of comorbid RD+MD (see Figure 1.2): the additive, verbally-

mediated, and domain-general models (Ashkenazi, Black, Abrams, Hoeft, & Menon, 2013). The 

additive model proposes that RD+MD occurs in individuals who exhibit the distinct risk factors 

associated with RD and MD alone. This model would suggest that children with RD+MD 

demonstrate similar deficits in phonological awareness/reading and numerical cognition/math, as 

their RD-only and MD-only counterparts, respectively. Neurally, this model predicts lower GMV 

in regions related to both RD (e.g., left STS) and MD (e.g., right IPS) in children with RD+MD. 

The verbally-mediated model suggests that impaired language processing can negatively impact 

performance on verbal components of both reading and math, leading to the combined RD+MD 

phenotype. According to this model, children with RD+MD would perform worse on 

phonological processing and verbal arithmetic fact retrieval (Moll et al., 2019), but display lower 

GMV only in left perisylvian language-related regions. In contrast, the domain-general model 

argues that RD+MD results from deficits in cognitive domains that are not reading- or math-

specific. This model would expect that children with RD+MD show working memory or 

attentional impairments which may or may not present in children with RD or MD alone. In the 

brain, this would manifest as lower GMV in regions supporting these domain-general skills (e.g., 

prefrontal cortex) in children with RD+MD. 
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Figure 1.2. Models of RD+MD Comorbidity. Visualizations of the additive, verbally-mediated, 
and domain-general models of LD+ADHD comorbidity. STG = superior temporal gyrus; 
fusiform = fusiform gyrus; IPS = intraparietal sulcus; PFC = prefrontal cortex. 
 

Findings from behavioral and genetic studies have shown that RD+MD exhibits both 

shared and unique risk factors with RD-only and MD-only. As expected, groups with RD+MD 

show impairments in both reading and math (Cirino et al., 2015; Willcutt et al., 2019; Wilson et 

al., 2015). One additional deficit commonly found in RD+MD is poor performance on measures 

of rapid automatized naming (RAN; Slot, Viersen, de Bree, & Kroesbergen, 2016; van der Sluis, 

de Jong, & van der Leij, 2004; Willburger, Fussenegger, Moll, Wood, & Landerl, 2008; Wilson 

et al., 2015) – a measure that requires lexical access and retrieval of phonological information 

(Wolf et al., 2002). Worse fluency and timed skills appear to be critical cognitive risk factors for 

co-occurring RD and MD because rates of comorbidity increase when fluency performance is 

used to define criteria for each disorder (Moll et al., 2019; Willcutt et al., 2019). Additionally, 

the shared genetic correlations between reading and math are strongest for fluency measures 

(Willcutt et al., 2019), and math fluency significantly modulates the environmental correlations 

between reading and math (Daucourt et al., 2020). While the exact mechanism linking fluency to 

RD+MD has not been confirmed, there may be a role for processing speed impairments (Denckla 

& Cutting, 1999), like those found in RD+ADHD. Other domains, such as working memory and 

phonological awareness, also explain the overlap between reading and math skills, so fluency 

may not be the sole cognitive predictor of RD+MD (Child et al., 2018; Willcutt et al., 2013; 

Wilson et al., 2015). 
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To date, there have only been two studies published investigating the neuroanatomical 

basis of RD+MD. In both the child study (Skeide et al., 2018) and adult study (Moreau et al., 

2019), participants with RD+MD did not exhibit significant differences in GMV as compared to 

groups with RD-only, MD-only, or controls. Given the extensive literature linking both RD and 

MD alone with GMV differences, the results of these two prior studies are surprising. The null 

findings from these studies may be due to limited sample sizes (i.e., 10-12 participants per 

group) in each study (Moreau et al., 2019; Skeide et al., 2018) or the relatively mild reading and 

math impairments used in the pediatric study (Skeide et al., 2018). Thus, it would be important to 

have additional investigations examining the neuroanatomical basis of RD+MD using larger 

sample sizes and with participants that are considered to have significant impairments in both 

reading and math. To address this gap in the literature, I use VBM in Chapter III to test for 

differences in GMV between children with RD-only and RD+MD to determine whether MD in 

the presence of RD recapitulates the neural profile commonly associated with MD alone (i.e., 

lower GMV in IPS), which would indicate support for the additive model of RD+MD 

comorbidity. 

Anatomical MRI Measures: Voxel-Based Morphometry and Cortical Thickness 

The most common measure used in prior studies of brain morphology has been GMV. 

For example, at the time of writing, there are 84 publications that have examined GMV in 

ADHD, 32 in studies in RD, and 4 in MD. For this reason, the studies presented in this thesis use 

GMV measured with VBM, allowing us to relate the findings to the published literature. 

However, there are limitations to this measure. Most importantly, GMV differences in cortical 

regions cannot differentiate between the effects of CT, surface area, and cortical folding 

(Ashburner, 2009; Hutton et al., 2009). Based on this, CT has become more widely used in 
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recent years, giving rise to studies of ADHD (Hoogman et al., 2019; Kumar et al., 2017; P. Shaw 

et al., 2007), RD (Altarelli et al., 2013; Clark et al., 2014; Ma et al., 2015; Williams et al., 2017), 

and MD (Moreau et al., 2019; Ranpura et al., 2013). However, the corpus of studies is small 

compared to those using VBM to measure GMV.  

CT is the width of the cortical gray matter ribbon (Dahnke & Gaser, 2018), which is 

typically between 1 and 4.5 millimeters (mm) throughout the cortex (Fischl & Dale, 2000). 

Neurobiologically, CT is thought to relate to cortical columns, with differences in CT relating to 

the organization and circuitry of neurons and glia within these functional units (Rakic, 1988, 

2009; Wagstyl & Lerch, 2018; Winkler et al., 2010). One major advantage to measuring CT, as 

opposed to GMV, is that the depth of the cortical ribbon is not impacted by cortical folding. 

Thus, unlike with GMV, differences in CT have higher anatomical specificity because findings 

are not necessarily conflated across non-contiguous cortical regions, particularly within sulcal 

folds (Ashburner, 2009; Dahnke et al., 2013; Dahnke & Gaser, 2018; Hutton et al., 2009; Lerch 

& Evans, 2005). One drawback to CT analyses is that, by definition, they are limited to the 

cortical surface and subcortical and cerebellar regions are not measured. This makes CT a less 

relevant measure for ADHD, as much of the focus has been on the basal ganglia. Thus, the use of 

GMV or CT strongly depends on an investigator’s research focus. In the context of brain 

development and aging, CT has been shown to be a more sensitive measure that explains more 

age-related variance (Gennatas et al., 2017) and has a higher signal-to-noise ratio (Hutton et al., 

2009) than GMV. Because of this, CT has become the preferred approach in studies of brain 

development in children and adolescents where there are widespread changes in cortical 

anatomy, generally characterized by a decrease in both GMV and CT (Giedd et al., 1999; Gogtay 
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et al., 2004; Mills et al., 2016b; Raznahan et al., 2011; P. Shaw et al., 2008; Tamnes et al., 2017; 

Walhovd et al., 2017).  

While this thesis examines GMV to compare specific aspects of ADHD, RD and MD, I 

also examine CT in children with a specific methodological and practical question in mind. Two 

prominent programs commonly used for studies of in vivo CT are FreeSurfer (Fischl, 2012) and 

the Computational Toolbox (CAT12; Dahnke, Yotter, & Gaser, 2013). These programs differ in 

the algorithms used to derive measures of CT, thus raising the question of convergence in their 

estimates of CT. The studies in adults, which have directly compared CT values generated by 

these two programs for the same sample of participants (Kharabian Masouleh et al., 2020; 

Righart et al., 2017; Seiger et al., 2018), have generally found good agreement, but some also 

found some differences in the absolute CT values. A similar comparison has not been conducted 

in children, and thus my third study probes this question. Understanding whether the adult results 

generalize to a pediatric sample is important, as the convergence may not be as robust in children 

and adolescents, who are more likely to have excessive head motion during MRI scan acquisition 

(Blumenthal et al., 2002; Brown et al., 2010; Dosenbach et al., 2017; Satterthwaite et al., 2012). 

This is a particularly important methodological consideration given that increased head motion 

has been shown to result in lower CT estimates (Alexander-Bloch et al., 2016; Reuter et al., 

2015), possibly resulting in poorer agreement between programs. Due to the potential 

heterogeneity introduced by both maturation and in-scanner head movement, it is important to 

attain a better understanding of whether the various programs used to measure CT in children 

and adolescents are generating the same results. In Chapter IV, I investigate the correspondence 

and differences between FreeSurfer and CAT12 to determine whether the observations from the 

adult studies are replicated in a younger sample. 
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Outline of Dissertation Studies 

Despite the high rates of comorbidity of the three disorders described above (i.e., ADHD, 

RD, and MD), there is a tendency to study these disorders in isolation. Though the neural bases 

of ADHD, RD, and MD have been relatively well-characterized individually, the field of 

cognitive neuroscience currently lacks a comprehensive understanding of the underlying 

neuroanatomical features that are present when these disorders co-occur.  

This dissertation aims to address these specific questions to fill several gaps in 

knowledge: In Chapter II, I test whether ADHD in the presence of LDs results in lower basal 

ganglia GMV. This is achieved using VBM to test for differences in GMV between children with 

reading and/or math LDs and children with co-occurring LD+ADHD. The purpose of this study 

is to determine whether lower basal ganglia GMV, which has been frequently displayed in 

ADHD by itself, is also present in children with LDs who also have ADHD. In Chapter III, I 

apply a similar approach to test whether MD in the presence of RD results in lower GMV in the 

IPS. As lower GMV in this region has been observed in children with MD alone, I use VBM to 

examine whether children with co-occurring RD+MD would exhibit this same neural deficit as 

compared to children with RD alone. 

The most common approach to examine brain structure in vivo from these and other 

disorders is VBM, although researchers who use an increasingly popular alternative (i.e., cortical 

thickness) face choices about which program to use to conduct their analyses. In Chapter IV, I 

examine the convergence of, and differences between, CT values generated by two common 

programs: FreeSurfer and CAT12. While these two programs have been shown to exhibit high 

convergence in adult samples (Kharabian Masouleh et al., 2020; Righart et al., 2017; Seiger et 
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al., 2018), I investigate whether FreeSurfer and CAT12 estimates also converge in a sample of 

children and adolescents.  
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CHAPTER II: NO GRAY MATTER VOLUME DIFFERENCES IN BASAL GANGLIA 

ASSOCIATED WITH ATTENTION-DEFICIT/HYPERACTIVITY DISORDER IN 

CHILDREN WITH LEARNING DISABILITIES 

Introduction 

Attention-deficit/hyperactivity-impulsivity disorder (ADHD) is one of the most common 

neurodevelopmental disorders in childhood, affecting between 5-10% of all children (Cabral et 

al., 2020). As the name suggests, ADHD is characterized by persistent patterns of attention 

deficits and/or hyperactivity-impulsivity that interfere with functioning or development 

(American Psychiatric Association, 2013). Given that the primary molecular mechanism of 

ADHD is dysregulation of dopamine reuptake from the synapse (Faraone et al., 2015), ADHD is 

generally associated with deficits in brain regions that are part of the dopamine system. In 

particular, fronto-striatal circuits, which connect the frontal cortex and the basal ganglia, are 

shown to differ in ADHD (Arnsten, 2009). These circuits modulate executive functioning (i.e., 

higher-order cognitive functions for performing goal-directed behaviors), and, as such, cognitive 

impairments in this domain are also observed in ADHD (Rubia et al., 2014; Vaidya & Stollstorff, 

2008). 

Structural magnetic resonance imaging (MRI) studies have tested for anatomical 

differences between groups with and without ADHD (Faraone et al., 2015; Rubia et al., 2014; J. 

M. Swanson et al., 2007). In recent years, most of these studies have used voxel-based 

morphometry (VBM) to quantify gray matter volume (GMV) in the whole brain, with many 

reporting relatively less GMV in ADHD in structures of the basal ganglia. These studies are best 

captured by meta-analyses, all five of which have reported GMV to be lower in ADHD in the 

putamen and globus pallidus (Ellison-Wright et al., 2008; Frodl & Skokauskas, 2012; McGrath 
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& Stoodley, 2019; Nakao et al., 2011; Norman et al., 2016); and three of which reported GMV to 

be lower in ADHD in the caudate nucleus (McGrath & Stoodley, 2019; Nakao et al., 2011; 

Norman et al., 2016). As such, lower GMV in the in the basal ganglia is the foremost and most 

replicable finding in ADHD (Rubia et al., 2014), and it has also been observed in a mega-

analysis that found lower caudate and putamen GMV in a multi-site sample (Hoogman et al., 

2017).  Other brain regions have been shown to exhibit lower GMV in ADHD, such as anterior 

cingulate cortex (ACC; Frodl & Skokauskas, 2012; McGrath & Stoodley, 2019; Norman et al., 

2016), but these findings have been reported with less consistency across these meta-analyses. 

The basal ganglia have extensive connections with the frontal cortex, and, therefore these robust 

findings of less GMV in the basal ganglia are consistent with fronto-striatal disruptions in 

ADHD (Arnsten & Rubia, 2012; Vaidya & Stollstorff, 2008).  

There are a number of factors that appear to play a modulatory role in these reports of 

less GMV in ADHD relative to controls. First, the original studies and the meta-analyses often 

combined children and adults, but when age groups were considered separately, the GMV 

findings in basal ganglia in ADHD were shown to be dependent on age, with GMV differences 

(relative to controls) being more pronounced in children (Castellanos et al., 2002; Frodl & 

Skokauskas, 2012; Nakao et al., 2011). Since behaviors of impulsiveness and inattention decline 

with age in typical children as fronto-striatal systems mature, these observations have led to the 

theory that ADHD presents as a developmental delay in these domains (Hoogman et al., 2017; 

Rubia et al., 2014; P. Shaw et al., 2007). Second, sex may play a role in GMV differences in 

ADHD. For example, one study reported lower GMV in the left caudate, bilateral putamen, and 

bilateral globus pallidus in boys with ADHD relative to boys without ADHD, while there were 

no differences in basal ganglia GMV between girls with and without ADHD (Qiu et al., 2009). 
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In addition to age and sex, a third variable to consider is the role of stimulant medications, which 

reduce the symptoms associated with ADHD (Pietrzak et al., 2006; M. Shaw et al., 2012). Based 

on a meta-regression, these medications also appear to minimize GMV differences in ADHD. 

That is, the observation of less GMV in the caudate/globus pallidus (Nakao et al., 2011) and 

ACC (Frodl & Skokauskas, 2012) in ADHD compared to control groups was found to decrease 

as the proportion of the sample taking stimulant medication increased. The study of unmedicated 

and medicated participants therefore provides both a glimpse into the unaltered neural profile of 

ADHD, as well as that following “normalization” by medication, together implicating a causal 

role of the basal ganglia in this disorder. 

In addition to the above described between-group comparisons, some studies have used 

dimensional approaches to determine how individual variability in ADHD symptoms (i.e., 

inattention, hyperactivity) relates to GMV (Bonath et al., 2018; Castellanos et al., 2002; 

Hoogman et al., 2019; Semrud-Clikeman et al., 2014; Shen et al., 2020). Consistent with the 

between-group comparisons, these studies have shown that symptoms of inattention (Semrud-

Clikeman et al., 2014) and symptoms of hyperactivity (Onnink et al., 2014) negatively correlate 

with caudate GMV. The study of brain-behavioral relationships provides important information 

on individual variability, and this dimensional approach avoids issues surrounding arbitrary test 

score cut-offs to define any group (Branum-Martin et al., 2013).  

The current study focuses on GMV in ADHD in the presence of learning disabilities 

(LDs). ADHD has a high rate of comorbidity with LDs, specifically reading disability (RD, also 

called developmental dyslexia) and math disability (MD, also known as developmental 

dyscalculia), with one meta-analysis reporting a mean comorbidity rate of 45.1% with LD 

(DuPaul et al., 2013). Each of these LDs is also associated with GMV differences relative to 
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typically developing children, but in regions outside of those associated with ADHD. There have 

been four meta-analyses of GMV studies of RD (usually mixing studies of children and adults). 

Based on these studies, it has been found that RD is most commonly associated with lower GMV 

in bilateral temporo-parietal regions, with the left superior temporal sulcus (STS) being a 

common finding in these meta-analyses (Eckert et al., 2015; Linkersdörfer et al., 2012; McGrath 

& Stoodley, 2019; Richlan et al., 2013). Other regions of altered GMV in RD include left 

fusiform gyrus (Linkersdörfer et al., 2012), bilateral orbitofrontal cortex (Eckert et al., 2017; 

McGrath & Stoodley, 2019), and bilateral cerebellum (Linkersdörfer et al., 2012; McGrath & 

Stoodley, 2019). The lack of anatomical overlap between these regions and those associated 

ADHD is illustrated in a study by McGrath and Stoodley (2019) who contrasted GMV difference 

maps for RD and for ADHD (each relative to controls) and reported no statistically significant 

overlap (McGrath & Stoodley, 2019). Turning to MD, there are far fewer studies investigating 

GMV (not enough to perform a meta-analysis), yet observations of lower GMV in MD compared 

to controls have been consistently reported in regions separate from those reported for ADHD, 

namely the right intraparietal sulcus (IPS; McCaskey, von Aster, O’Gorman, & Kucian, 2020; 

Rotzer, Kucian, Martin, & Klaver, 2007; Rykhlevskaia, Uddin, Kondos, & Menon, 2009), and in 

some studies left IPS (McCaskey et al., 2020) and right occipitotemporal cortex (McCaskey et 

al., 2020; Ranpura et al., 2013; Rykhlevskaia et al., 2009). 

Despite the high rate of comorbidity of ADHD with the learning disabilities RD and MD, 

alterations in GMV in ADHD occur in regions that are distinct from those affected in these LDs. 

Most notably, GMV in the basal ganglia is reliably lower in children with ADHD (compared to 

controls) but is not affected in children with LDs (compared to controls). Therefore, one would 

expect that children with LD+ADHD would have lower basal ganglia GMV as compared to 
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those with only LD-only. To date, such comparisons have been undertaken in children with RD-

only and RD+ADHD, but the groups were either not directly compared (Jagger-Rickels et al., 

2018), or they were compared but the analysis was limited to the striatum (i.e., caudate nucleus 

and putamen; Langer et al., 2019). 

Understanding the brain basis of ADHD in the presence of a LD has important 

implications for the treatment of LD+ADHD. Treatment for LD involves intensive instruction on 

the principles that are known to lead to successful reading or arithmetic (usually in small groups 

or one-on-one), while ADHD is treated with stimulant medication or behavioral cognitive 

therapy (Faraone et al., 2015). When children have both LD and ADHD, they need to be treated 

for each disorder, necessitating a dual intervention plan. However, it has been proposed that in 

some cases the impairments do not stem from the two disorders, but rather one disorder stems 

from the other, in which case the primary disorder would need to be targeted for treatment. Such 

a situation can arise if frustrations due to reading problems result in children with RD appearing 

inattentive to the degree of receiving an ADHD diagnosis, in which case treatment for RD, and 

not ADHD, would be most appropriate. The notion that ADHD-like symptoms result from 

another disorder such as RD is known as the phenocopy hypothesis (Hinshaw, 1992; Pennington 

et al., 1993). However, this theory has been called into question by studies demonstrating that 

children with RD+ADHD have the combined behavioral profiles of each disorder (Kibby & 

Cohen, 2008; Martinussen & Tannock, 2007; Willcutt et al., 2010). By examining GMV, one 

could examine whether children with LD who are also diagnosed with ADHD have “true” 

ADHD (as in basal ganglia alteration) or appear to have ADHD, but their symptoms do not have 

a biological basis (they are secondary to their LD). The observation of less GMV in basal ganglia 

in children with LD+ADHD compared to those with LD-only would provide the key biomarker 
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indicating that these children do in fact have both disorders and that the behavioral problems, 

such as inattention, are not simply a secondary consequence of their LDs. 

In the current study, we compared GMV in children with a LD (RD and/or MD) but not 

ADHD, to those with a LD combined with ADHD. Since neither RD nor MD are associated with 

lower basal ganglia GMV, we did not limit ourselves to just one of these LD. We reasoned that a 

comparison between children with reading and/or math LDs, with and without co-occurring 

ADHD, would reveal less basal ganglia GMV in the LD+ADHD group. Prior studies have 

shown that structural anomalies in ADHD are more reliably identified in children, motivating 

this as the target group of our study. In addition, when comparing children with LD-only and 

LD+ADHD, we accounted for the role of sex, as previous research has demonstrated sex-

differences in boys and girls with ADHD. Furthermore, given the normalizing effects of ADHD 

medication on GMV, we anticipated that including medication status in the analysis would help 

to reveal differences in basal ganglia GMV between the LD-only and LD+ADHD groups. Lastly, 

we followed up these categorical comparisons with correlations of ADHD symptom scales with 

GMV to test whether individual differences in these measures relates to GMV. 

Methods 

Overview 

We first tested for between-group differences in GMV in children with LD+ADHD 

(N=25) compared to those with LD-only (N=24) using a priori determined regions of interest 

(ROIs) in the basal ganglia, followed by whole-brain analyses. We also examined if any 

between-group differences were sex-specific, given the prior findings revealing that boys and 

girls with ADHD may have distinct neuroanatomical profiles. Since stimulant medication 

appears to counter these GMV differences in ADHD, we conducted additional analyses that 
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included medication status. In the second analysis, we added more participants to those used for 

the categorical approach described above and conducted a dimensional analysis on this larger 

sample (N=65). Specifically, we examined linear correlations between GMV and the Conners 

Inattention scores as well as with the Hyperactivity-Impulsivity scores, giving insights into the 

specificity of each of these association in children with LD. 

Participant Recruitment 

Participants were recruited for a study on LD through flyers at school fairs, online and 

magazine advertisements, and flyers distributed at clinics and offices where families with LD 

children would visit (e.g., psychologists, tutoring service, etc.). The majority of the participants 

lived in the greater Washington DC metropolitan area. The Georgetown University Institutional 

Review Board approved all experimental procedures, and informed consent was obtained from 

the legal guardian for all pediatric subjects, who themselves verbally assented.  

Neuropsychological Battery 

All participants completed a battery of standardized tests. This included the Wechsler 

Abbreviated Scale of Intelligence (WASI; Wechsler, 1999), the Sight Word Efficiency subtest 

from the Test of Word Reading Efficiency (TOWRE-2; Torgesen, Wagner, & Rashotte, 2011) 

for timed real word reading, as well as subtests of the Woodcock-Johnson Tests of Achievement 

(WJ-III; Woodcock, McGrew, & Mather, 2001): Word Attack for untimed nonword reading, 

Math Fluency for timed math calculation, and Calculation for untimed math calculation. 

Additionally, each child’s parent completed the Parent Short Form Assessment of the Conners-3 

(Conners, 2008) to provide a measure of Inattention and Hyperactivity-Impulsivity symptoms. 

Participant Groups 
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To be in the study, all participants had to meet criteria for RD and/or MD. The RD 

criteria were a standard score below 92 on either the timed TOWRE-2 Sight Word Efficiency 

subtest or the untimed WJ-III Word Attack subtest. The MD criteria were a standard score below 

92 on either the timed WJ-III Math Fluency subtest or the untimed WJ-III Calculation subtest. 

All 65 participants had a documented history of their LD, with the majority (72%) having an 

individualized education plan (IEP). All participants were native English speakers with no 

history of neurological and psychiatric disorders, with the exception of ADHD. 

Children were assigned to the LD-only group if their parent reported that there was no 

diagnosis of ADHD for their child, and if the child exhibited T-scores below 60 on either the 

Inattention or Hyperactivity-Impulsivity scale of the Conners 3-P(S). Children were assigned to 

the LD+ADHD group if their parent reported a formal diagnosis of ADHD for their child, and if 

the child also had T-scores of 60 or higher on the Inattention and/or Hyperactivity-Impulsivity 

scale of the Conners 3-P(S). The two groups were matched for age, sex, full-scale IQ, timed 

single-word aloud reading, and timed arithmetic (all p > 0.05), see Table 2.1. As expected, the 

groups differed significantly (p < 0.05) on Conners Inattention scores, Conners Hyperactivity-

Impulsivity scores, and the proportion of participants receiving medication (none in the LD-only 

group and almost half in the LD+ADHD group). There were 24 children in the LD-only group 

and 25 children in the LD+ADHD group.  
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Table 2.1. Demographics and Behavior for the LD-only and LD+ADHD Groups 
 LD-only group LD+ADHD group p-value 
N 24 25 -- 
Age (years) 9.9 ± 1.2 10.4 ± 1.6 0.194 
Sex 8 M / 16 F 15 M / 10 F 0.062 
Full-Scale IQ 106 ± 12.9 109 ± 13.1 0.306 
Real Word Reading (timed) 86.1 ± 13.4 87.5 ± 13.0 0.704 
Math Calculation (timed) 81.7 ± 7.9 80.9 ± 11.4 0.781 
Inattention 60.3 ± 11.0 73.6 ± 9.7 < 0.001 
Hyperactivity-Impulsivity  53.3 ± 10.5 65.3 ± 14.8 0.002 
Percent receiving medication 0% 48% < 0.001 

Mean and standard deviation (SD) of demographic and behavior data for the LD-only and 
LD+ADHD groups. WASI full-scale IQ, TOWRE-2 Sight Word Efficiency for timed real word 
reading, and WJ-III Math Fluency for timed math calculation are standardized measures. 
Conners Inattention and Hyperactivity-Impulsivity measures reflect age- and sex-normalized 
scores. The column of p-values represents the results of two-sample t-tests (i.e., for age and all 
behavioral scores) and chi-squared tests (i.e., for sex and percent receiving medication). 
 
Larger LD Sample for Dimensional Analysis 

For the dimensional analysis, all 49 children from the LD and LD+ADHD groups were 

included, along with 16 children with LD who did not meet the ADHD criteria described above. 

Of these 16 additional participants, 15 had no formal ADHD diagnosis but scored above 60 on 

both Conners scales and one had an ADHD diagnosis but scored below 60 on both Conners 

scales. A summary of the full LD sample can be found in Table 2.2.  

Table 2.2. Demographics and Behavior for the Full LD Group 
 Mean (SD) Range 
N 65 -- 
Age (years) 10.3 ± 1.3 8.0 – 12.7 
Sex 27 M / 38 F -- 
Full-Scale IQ 107.0 ± 12.6 79 - 136 
Real Word Reading (timed) 86.5 ± 13.6 57 - 114 
Math Calculation (timed) 80.4 ± 10.1 63 - 103 
Inattention 69.6 ± 12.5 44 - 90 
Hyperactivity-Impulsivity  62.5 ± 14.3 44 - 90 
Percent receiving medication 18.5% -- 

Mean, standard deviation (SD), and range of demographic and behavior data for the full LD 
group. WASI full-scale IQ, TOWRE-2 Sight Word Efficiency for timed real word reading, and 
WJ-III Math Fluency for timed math calculation are standardized measures. Conners Inattention 
and Hyperactivity-Impulsivity measures reflect age- and sex-normalized scores. 
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Neuroimaging Data Acquisition and Preprocessing 

All participants underwent scanning in a 3T Siemens Trio whole-body MRI system. Data 

were acquired under the following protocol: repetition time (TR) = 1600 ms; flip angle (FA) = 

15°; field of view (FOV) = 256 mm; voxel size = 1 x 1 x 1 mm3. Some children were scanned 

before and others after a scanner upgrade, with the echo time (TE) being 3.37 ms prior to and 

3.41 ms after the upgrade. In the LD group, 12 participants were scanned before the upgrade and 

12 participants were scanned after the upgrade. In the LD+ADHD group, 16 participants were 

scanned before the upgrade and 9 participants were scanned after the upgrade. Importantly, the 

relation between group and time of scan acquisition was not significant, 𝛸2 (1, N = 49) = 0.98, p 

= 0.322. 

Each brain scan underwent standard VBM preprocessing using the latest version of 

Statistical Parametric Mapping (SPM12), using the methods outlined by Ashburner and Friston 

(2000). After each participant’s image was manually aligned to the anterior commissure, all 

scans were co-registered to the SPM12 default white matter template. Following this step, we 

segmented the co-registered scans into gray matter, white matter, and cerebral spinal fluid (CSF) 

using the “New Segment” tool (Ashburner & Friston, 2005). We then used the Diffeomorphic 

Anatomical Registrations Through Exponentiated Lie Algebra (DARTEL) tool to register the 

gray and white matter images to two study-specific templates: one for the between-group 

comparison (N=49) and one for the dimensional approach (N=65). Each template was then used 

to affine register the respective participants’ gray matter images into Montreal Neurological 

Institute (MNI) space. Normalized gray matter images were spatially smoothed with an 8 mm3 

full width at half maximum (FWHM) Gaussian kernel. Finally, we applied an intensity threshold 

of 0.2 to remove low intensity voxels and prevent possible edge effects. 
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ROI Analyses 

Based on the prior literature on GMV differences in children with and without ADHD in 

the basal ganglia (Ellison-Wright et al., 2008; Frodl & Skokauskas, 2012; McGrath & Stoodley, 

2019; Nakao et al., 2011), we selected a priori ROIs in left and right caudate, putamen, globus 

pallidus, using the Hammers probabilistic anatomical atlas (Hammers et al., 2003). GMV was 

extracted from all six ROI using the SPM-based MarsBaR toolbox (Brett et al., 2002). All ROI 

analyses controlled for intracranial volume (ICV) and relied on an alpha-level threshold of p < 

0.05. 

For the between-group comparison (i.e., LD-only vs. LD+ADHD), we performed a 

multivariate analysis of covariance (MANCOVA), using all six ROIs as the dependent variables 

and group as a categorical factor. For our analysis of sex differences, we performed a separate 

MANCOVA model, with both group and sex as categorical factors. As noted above, studies have 

shown that medication diminishes the difference in GMV between ADHD and controls. Since 

half our LD+ADHD group was on medication, this would lessen the differences in GMV 

between them and the LD-only group. As such, we repeated the MANCOVA again, this time 

with medication status as a covariate of no interest, with the expectation that once any such 

“normalization” effects to the basal ganglia volume are accounted for, the two groups would 

differ in basal ganglia GMV. For each of these frequentist between-group analyses listed above, 

we performed Bayesian analyses of covariance (ANCOVAs; Rouder et al., 2012) to establish the 

evidence for the null hypothesis (i.e., no difference between the two groups) versus the 

alternative hypothesis (i.e., a difference between the two groups). These analyses were conducted 

separately for each ROI, thus generating six Bayes factors (BF) per research question.  
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For the dimensional approach in the larger sample (N=65), we performed two sets of 

multivariate multiple regressions that used GMV in each ROI as the dependent variables. In one 

model, Conners Inattention scores were used as the independent variable, while Conners 

Hyperactivity-Impulsivity scores were used as the independent variable in the other model. As 

with the between-group comparisons, Bayesian analyses were conducted for the dimensional 

approach as well. Specifically, Bayesian linear regressions (Clyde et al., 2011) were conducted 

for each ROI with either Conners Inattention or Hyperactivity-Impulsivity scores as independent 

variables. All frequentist and Bayesian regression models were run both with and without 

medication status included. 

Whole-Brain Analyses 

For the whole-brain analyses, we conducted statistical tests in SPM12 using each 

participant’s smoothed and thresholded gray matter images. We controlled for ICV and used a 

voxel-level threshold of p < 0.005 and a false discovery rate (FDR) corrected cluster-level 

threshold of p < 0.05. The locations of clusters was determined using the Automated Anatomical 

Labeling 3 (AAL3) atlas (Rolls et al., 2020; Tzourio-Mazoyer et al., 2002) and the closest 

Brodmann areas (BAs) in MNI space. 

For the between-group comparison (i.e., LD-only vs. LD+ADHD) a two-sample t-test 

was used. For the analysis on sex differences, we performed a 2x2 ANCOVA with group (LD-

only vs. LD+ADHD) and sex (male vs. female) as categorical factors. GMV values were 

extracted from any significant clusters and submitted to post hoc t-tests (corrected for multiple 

comparisons with Tukey correction). For the analyses on the effects of medication, we conducted 

a separate two-sample t-test with medication status as a covariate of no interest. 
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For the dimensional approach, we conducted four separate linear regression analyses. The 

first two regression analyses tested for the positive and negative effects of Conners Inattention 

scores on GMV, while the other two regression analyses tested for positive and negative effects 

of Conners Hyperactivity-Impulsivity scores on GMV. Each of the four regression models were 

run with and without the inclusion of medication status as an additional independent variable. 

Results 

ROI Results: Between-Group Comparisons 

There was no difference between the LD-only and LD+ADHD groups for the six basal 

ganglia ROIs (Pillai’s Trace = 0.10, F(6, 41) = 0.686, p = 0.662). A visualization of ICV-

adjusted GMV values be found in Figure 2.1, which shows representative values from the left 

and right caudate nucleus ROIs due to the results being similar for the other ROIs. Bayesian 

analyses revealed BF01 values ranging from 2.24 (left globus pallidus) to 3.48 (left putamen), 

thus indicating “anecdotal” to “substantial” evidence for the null hypothesis based on the 

guidelines proposed by Wetzels et al. (2011).  
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Figure 2.1. GMV from Left and Right Caudate Nucleus ROIs. No significant GMV 
differences between the LD-only and LD+ADHD groups in the ROI analyses. GMV values for 
the left and right caudate nucleus ROIs (adjusted for ICV) are shown as box and whisker plots 
for each group: LD-only in purple and LD+ADHD in yellow. Each dot represents the GMV 
value from one participant. 
 

The next analysis showed no group-by-sex interaction on basal ganglia GMV (Pillai’s 

Trace = 0.07, F(6, 39) = 0.462, p = 0.832), and consistent with the first analysis, there was no 

main effect of group. Bayesian analyses for models containing group-by-sex interactions 

revealed BF01 values ranging from 2.73 (left caudate nucleus) to 13.59 (left globus pallidus), thus 

indicating “anecdotal” to “strong” evidence in support of the null hypothesis. 

The lack of GMV between the two groups could be due to medication use in a subset of 

the LD+ADHD group, but including medication also resulted in no differences in GMV in the 
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basal ganglia (Pillai’s Trace = 0.09, F(6, 40) = 0.673, p = 0.672). Bayesian analyses for models 

including medication status showed BF01 values ranging from 3.98 (right putamen) to 8.95 (right 

caudate nucleus), thus indicating “substantial” evidence for the null hypothesis. 

ROI Results: Dimensional Analyses 

There were no significant correlations between GMV and the Conners Inattention score 

(Pillai’s Trace = 0.10, F(6, 57) = 1.06, p = 0.398) nor between GMV and the Conners 

Hyperactivity-Impulsivity score (Pillai’s Trace = 0.09, F(6, 57) = 0.91, p = 0.492) in the basal 

ganglia ROIs. Bayesian linear regressions with Conners Inattention scores showed BF01 values 

ranging from 3.68 (right caudate nucleus) to 6.25 (left putamen), and regressions with Conners 

Hyperactivity-Impulsivity scores had BF01 values ranging from 3.29 (right caudate nucleus) to 

7.06 (left putamen). Thus, these models indicate “substantial” evidence for the null hypotheses 

that each Conners measure does not predict GMV in the six ROIs. 

When including medication status in the models, there were also no significant 

relationships for either Inattention (Pillai’s Trace = 0.13, F(6, 56) = 1.42, p = 0.223) or 

Hyperactivity-Impulsivity (Pillai’s Trace = 0.11, F(6, 56) = 1.18, p = 0.331) scores. When 

including medication status in the Bayesian linear regressions, models with Conners Inattention 

scores showed BF01 values ranging from 9.51 (left globus pallidus) to 20.38 (right globus 

pallidus), and models with Conners Hyperactivity-Impulsivity scores had BF01 values ranging 

from 11.57 (right caudate nucleus) to 25.56 (right globus pallidus). Thus, these models indicate 

“substantial” to “strong” evidence for the null hypotheses that each Conners measure does not 

predict GMV in the six ROIs when accounting for medication. 
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Whole-Brain Results: Between-Group Comparisons 

The whole-brain between-group comparison yielded no regions where the LD+ADHD 

group showed less GMV than the LD-only group. However, for the reverse comparison, several 

significant clusters emerged (Figure 2.2 and Table 2.3): the LD+ADHD group had relatively 

greater GMV in seven regions: right orbital superior frontal gyrus (SFG)/gyrus rectus, right 

SFG/ACC, left ACC/middle frontal gyrus (MFG), right STG/middle temporal gyrus (MTG), 

right rolandic operculum/insula, left hippocampus/parahippocampal gyrus/fusiform gyrus, and 

right superior/middle occipital gyri (SOG/MOG). 

 
Figure 2.2. Whole-Brain Between-Group Differences. Differences in GMV between the LD-
only and LD+ADHD groups. There were no significant clusters for the LD-only > LD+ADHD 
contrast. Slices show significant clusters for LD+ADHD > LD-only contrast in yellow for the 
sagittal (left), coronal (middle), and axial (right) views. However, only the right rolandic 
operculum/insula, indicated by a circle, remained significant after including medication status in 
the analysis.  
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Table 2.3. Whole-Brain Between-Group Differences 

Contrast Hemisphere Anatomical Region Brodmann 
Area(s) 

Peak MNI 
Coordinates k 

x y z 
LD-only > 
LD+ 
ADHD 
 

n.s. 

LD+ 
ADHD > 
LD-only 

Right Orbital superior frontal 
gyrus & gyrus rectus 

11 16 57 -24 260 

Right Superior frontal gyrus & 
anterior cingulate cortex 

8/9/10 10 45 34 754 

Left Anterior cingulate cortex 
& middle frontal gyrus 

32/24 -8 44 4 1652 

Right Superior & middle 
temporal gyri 

22/21 42 -12 -14 571 

Right Rolandic operculum & 
insula * 

1/13 38 -20 26 660 

Left Hippocampus, 
parahippocampal gyrus, 
& fusiform gyrus 

36 -34 -27 -21 400 

Right Superior & middle 
occipital gyri 

18/19 18 -96 28 332 

MNI = Montreal Neurological Institute, k = number of voxels, n.s. = not significant; * = 
remained significant after including medication status.  
 

For the group-by-sex interaction, there was a significant cluster in right calcarine cortex 

(x = 6, y = -100, z = 2, k = 430). While the post hoc t-tests showed two separate effects (LD-only 

females > LD+ADHD females; LD+ADHD males > LD+ADHD females), none of these 

survived correction for multiple comparisons (Tukey p > 0.06). 

When including medication status in the analysis, no new regions emerged, and only one 

of the regions that were previously significant in the between-group contrast, right rolandic 

operculum/insula (x = 30, y = -24, z = 18, k = 798, see comparable cluster in Table 2.3), 

remained significant. As such, this region shows reliably more GMV in children with 

LD+ADHD compared to the LD-only group, independent of whether the children were 

medicated for ADHD or not. While medication status was used to better identify the expected 

regions of less GMV in ADHD, the results revealed that several regions that showed an initial 
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difference in GMV, were no longer significant after including medication status, indicating that 

these regions have more GMV as a function of being on medication.  

Whole-Brain Results: Dimensional Analyses 

The whole-brain linear regressions yielded no significant negative relationships between 

Conners Inattention score and GMV. There were significant positive relationships between 

Conners Inattention score and GMV in six clusters (Figure 2.3 and reported in Table 2.4): left 

SFG/supplementary motor area, right SFG/MFG, left olfactory cortex/temporal pole/insula, left 

inferior temporal gyrus (ITG)/MTG, right fusiform/parahippocampal/lingual gyri, and right 

inferior parietal lobule (IPL)/superior parietal lobule (SPL)/angular gyrus. However, when 

including medication status in the analysis, there were no new clusters. All regions except for the 

right fusiform/parahippocampal/lingual gyri cluster remained significant. As such, higher 

Conners Inattention scores are related to more GMV in all the observed regions – except the 

right occipito-temporal cortex, independent of medication status. 

 
Figure 2.3. Whole-Brain Inattention Score Regression Results. Regions exhibiting 
relationships between Conners Inattention scores and GMV across all 65 participants. There 
were no regions showing significant negative relationships between Conners Inattention score 
and GMV. Slices show significant clusters with positive relationships in orange for the sagittal 
(left), coronal (middle), and axial (right) views. Most clusters remained significant after 
including medication status in the analysis (circled). 
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Table 2.4. Whole-Brain Inattention Score Regression Results 

Contrast Hemisphere Anatomical 
Region 

Brodmann 
Area(s) 

Peak MNI 
Coordinates k 

x y z 
 
Negative 
 

n.s. 

Positive Left Superior frontal 
gyrus & 
supplementary 
motor area * 

6 -18 16 68 311 

Right Superior & middle 
frontal gyri * 

8/6 32 15 63 1405 

Left Olfactory cortex, 
temporal pole, & 
insula * 

34/28 -26 8 -14 675 

Left Inferior & middle 
temporal gyri * 

37/20 -58 -44 -26 749 

Right Fusiform, 
parahippocampal, 
& lingual gyri 

37/19 36 -48 -4 284 

Right Inferior parietal 
lobule, superior 
parietal lobule, & 
angular gyrus * 

40/7 42 -63 57 764 

MNI = Montreal Neurological Institute, k = number of voxels, n.s. = not significant; * = 
remained significant after including medication status.  
 

The second whole-brain linear regressions yielded a negative relationship between 

Conners Hyperactivity-Impulsivity scores and GMV in the left MOG/SPL/IPL (Figure 2.4 and 

Table 2.5) and a positive relationship between Conners Hyperactivity-Impulsivity scores and 

GMV in the left ITG/fusiform gyrus. Both clusters remained significant when including 

medication status, indicating these relationships exist independent of medication. As such, higher 

Conners Hyperactivity-Impulsivity scores are related to lower GMV in left MOG/SPL/IPL as 

well as higher GMV in the left ITG/fusiform gyrus. 
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Figure 2.4: Whole-Brain Hyperactivity-Impulsivity Score Regression Results. Regions 
exhibiting significant relationships between Conners Hyperactivity scores and GMV across all 
65 participants. Slices show significant clusters in sagittal (left), coronal (middle), and axial 
(right) views, with negative correlations in blue (top panel) and positive correlations in red 
(bottom panel). Both clusters (circled) remained significant after including medication status in 
the analysis. 
 
Table 2.5. Whole-Brain Hyperactivity-Impulsivity Score Regression Results 

Contrast Hemisphere Anatomical Region Brodmann 
Area(s) 

Peak MNI 
Coordinates 

k 

x y z 
Negative Left Middle occipital gyrus, 

superior parietal lobule, 
& inferior parietal 
lobule *  

7/39 -22 -60 39 662 

Positive Left Inferior temporal & 
fusiform gyri * 

20/36 -42 -32 -32 615 

MNI = Montreal Neurological Institute, k = number of voxels; * = remained significant after 
including medication status.  
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Discussion 

The most replicable finding in studies comparing children with ADHD to controls is 

lower GMV in the basal ganglia, consistent with the fronto-striatal dysfunction that characterizes 

ADHD. There is a high prevalence for children with LD to also have ADHD, but LDs are not 

associated with differences in the basal ganglia. One would therefore expect that the presence of 

ADHD in children with LD would give rise to lower GMV in the basal ganglia compared to 

children who only have LD. We tested this prediction in the current study but did not observe 

less GMV in the predefined basal ganglia ROIs. Furthermore, we did not observe less GMV in 

LD+ADHD anywhere else in the brain with a whole-brain analysis, even after including 

medication status in the analysis. Instead, we found relatively greater GMV in the right parietal 

operculum and insula in the group with LD+ADHD compared to the groups with LD, regardless 

of whether medication status was included in the analyses. 

We also investigated linear relationships between two ADHD symptoms captured on the 

Conners scales and GMV in a larger sample. Consistent with the between-group results above, 

there were no significant correlations, negative or positive, between either Inattention or 

Hyperactivity-Impulsivity scores with GMV in the basal ganglia regions of interest, even after 

including medication status in the analysis. At the level of the whole brain, we found no negative 

correlations between GMV and Inattention scores, even after including medication status. 

Instead, we found positive correlations indicating higher Conners Inattention scores are related to 

more GMV in bilateral SFG, left olfactory cortex, left ITG, and right parietal cortex, and this 

result remained without and with the inclusion of medication status in the analysis. We also 

found that Conners Hyperactivity-Impulsivity scores positively correlated with left inferior 
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temporal cortex GMV and negatively correlated with GMV in the left occipito-parietal cortex, 

with both results remaining without and with including medication status. 

The absence of the classical neuroanatomical signature of ADHD (i.e., lower basal 

ganglia or ACC GMV) in LD raises the question of what drives these children’s behavioral 

problems. The phenocopy hypothesis (Hinshaw, 1992; Pennington et al., 1993) provides the 

most fitting explanation, which is that the ADHD-like symptoms arise from the children’s 

difficulties in reading and/or mathematics. As such their ADHD diagnosis is not accompanied by 

differences in basal ganglia GMV. These findings have important consequences for 

understanding the etiology of LD+ADHD and its treatment. The results also revealed greater 

GMV in numerous frontal brain regions induced by ADHD medication. Together, these findings 

raise some concerns that children with LD+ADHD who do not exhibit the structural anomalies 

associated with ADHD and whose ADHD-like behaviors may be related to their struggles arising 

from their LD, have undergone brain-changing, yet unnecessary, stimulant medication. 

No Finding of Lower Basal Ganglia GMV in LD+ADHD 

The most consistent difference in brain structure found in ADHD is lower GMV in the  

basal ganglia, which is captured particularly in meta-analyses of pediatric studies (Ellison-

Wright et al., 2008; Frodl & Skokauskas, 2012; McGrath & Stoodley, 2019). Meta-analyses that 

have included pediatric and adult studies (Nakao et al., 2011; Norman et al., 2016), illustrate that 

basal ganglia differences are most pronounced in studies of children, consistent with the idea that 

the symptoms of ADHD reflect a developmental delay in brain maturation (P. Shaw et al., 2007). 

The recent multi-site study by the Enhancing Neuro Imaging Genetics by Meta-Analysis 

(ENIGMA) ADHD Working Group, the largest data set to date, also found less GMV in the 

caudate and putamen in children, but not in adults with ADHD (Hoogman et al., 2017). Based on 
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all of these findings, it is widely accepted that ADHD is not simply a description of difficult 

children, but a clinical disorder with a reliable neuroanatomical signature of less GMV in the 

basal ganglia. 

However, the mechanisms underlying ADHD in the presence of other disorders are less 

well understood. To date, only two studies have been conducted to characterize the brain bases 

of combined ADHD and RD. One such study was conducted by Langer et al. (2019), which used 

cortical thickness as their main anatomical measure, but also included a GMV analysis of the 

striatum (caudate and putamen combined). Consistent with our results, there were no differences 

between children with RD-only and RD+ADHD (Langer et al., 2019). Since neither RD or MD 

are associated with GMV differences in basal ganglia, the outcome of this study should be the 

same as ours, even though our study included children with RD or/and MD. As noted previously, 

Jagger-Rickels and colleagues (2018) examined GMV in children with RD+ADHD, but they did 

not conduct a direct comparison with the RD-only group. Taken together, our findings are 

consistent with the only other study that has directly compared GMV in children with an LD, in 

this case RD, with and without co-occurring ADHD (Langer et al., 2019).  

The demonstration of less GMV in the basal ganglia would have indicated that ADHD in 

the presence of LD has the same biological origins as those described in the general literature on 

ADHD. Our results, using both frequentist and Bayesian statistical approaches, indicate that this 

is not the case and instead suggest that the behavioral problems in our children with LD+ADHD 

(i.e., inattention and hyperactivity-impulsivity) may be a secondary consequence of their LDs. 

We draw this conclusion based on the fact that our study design was optimized to elicit 

differences in the basal ganglia had they been present. First, basal ganglia volume differences in 

ADHD are most prominent in children, and our study was conducted in children. Second, our 
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results were not confounded by age, sex, and IQ since the two groups were matched on these 

demographic and behavioral variables. Third, we included children with two types of LDs (RD 

and MD) which has the advantage that any GMV differences in LD+ADHD compared to LD-

only are not due to something associated specifically with the co-existence of ADHD with one 

specific type of LD. Fourth, our two groups were matched on measures of reading and 

mathematics but differed on both Inattention and Hyperactivity-Impulsivity scores from the 

Conner’s scales, so the only difference in behavior between the two groups was on ADHD 

symptoms. Fifth, our sample size falls well within the range of those used in prior studies 

comparing children with ADHD to healthy controls and demonstrating lower GMV in the basal 

ganglia. We also expanded our sample size and used a correlational approach between ADHD-

related behavior brain GMV, which did not alter the main conclusion from the between-group 

analyses. 

No Finding of Lower Cortical GMV in LD+ADHD 

In addition to not finding less GMV in the basal ganglia, we also did not find less GMV 

in the cortex on a whole brain analysis. In particular, one cortical region that appears in several 

meta-analyses of ADHD is the ACC (Frodl & Skokauskas, 2012; McGrath & Stoodley, 2019; 

Norman et al., 2016). Although this frontal region is most closely associated with meta-analyses 

of studies conducted in adults, or in meta-analyses that combined across pediatric and adult 

studies, there are several empirical studies that have reported lower ACC volumes in children 

(Pliszka et al., 2006) and adolescents (Bonath et al., 2018; Semrud-Clikeman et al., 2014) with 

ADHD. Thus, the ACC is the cortical region most expected to exhibit lower GMV in 

LD+ADHD. However, we did not observe lower GMV in the ACC, or in any other cortical 
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region, in the LD+ADHD group as compared to LD-only. Instead, we found higher GMV in 

several cortical regions in the LD+ADHD group. 

Finding of Higher Cortical GMV in LD+ADHD 

The right parietal operculum extending into insula cortex had greater GMV in the 

LD+ADHD compared to the LD-only group in the whole-brain analysis, and this finding 

remained when including medication status in the analysis. This brain region has not been found 

to differ in studies of ADHD when considering the meta-analyses. In fact one meta-analysis 

reported less (not more) GMV in right insula in ADHD compared to controls (Norman et al., 

2016). As far as we are aware no individual empirical study of ADHD in children has reported 

GMV differences in the right parietal operculum or insula, and the most similar finding is greater 

GMV in the nearby right postcentral gyrus in children and adolescents with ADHD (Brieber et 

al., 2007; Iannaccone et al., 2015). Thus, our finding of greater GMV in rolandic operculum or 

insula in children with LD+ADHD is not reflective of the widely accepted neural basis of 

ADHD, suggesting that ADHD in the presence of LDs does not recapitulate the same GMV 

differences associated with ADHD alone. 

Generally speaking, meta-analyses of GMV studies in ADHD have reported only lower 

volumes (Ellison-Wright et al., 2008; Frodl & Skokauskas, 2012; Norman et al., 2016). The 

major exception is the most recent meta-analysis, conducted by McGrath and Stoodley (2019), 

who observed a mix of both lower and higher GMV findings in children and adults with ADHD 

compared to controls. Several empirical studies conducted in children and adults, most of which 

were included in the meta-analysis by McGrath and Stoodley (2019), have observed greater 

GMV in ADHD, particularly in frontal regions (Brieber et al., 2007; Iannaccone et al., 2015; 

Kappel et al., 2015; Semrud-Clikeman et al., 2014; Sutcubasi Kaya et al., 2018; van Wingen et 
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al., 2013; Villemonteix et al., 2015), and some in other regions – such as the hippocampus 

(Plessen et al., 2006); fusiform gyrus (Kappel et al., 2015); and occipital cortex (J. Wang et al., 

2007). However, no previous studies have found greater GMV in the right rolandic 

operculum/insula in ADHD compared to controls. The current finding of more GMV in this 

region in the LD+ADHD group, as compared to the LD-only group, was not affected by 

medication, suggesting that more GMV here in the group with LD+ADHD, is not modulated by 

medication that is known to normalize symptoms of ADHD, as well as the GMV differences 

associated with ADHD. 

Effect of Sex on Between-Group Differences 

Given prior findings demonstrating that sex modulates the GMV differences associated 

with ADHD, we tested for similar effects of sex on the GMV basis of LD+ADHD. As mentioned 

previously, a study conducted by Qui et al. (2009) observed basal ganglia GMV differences in 

boys with ADHD only relative to controls. Another study focused on the frontal lobes and 

instead found that girls with ADHD exhibited lower GMV in the left premotor cortex as 

compared to girls without ADHD, while boys with ADHD showed no differences (Mahone et 

al., 2011). In the current study, we did not find an effect of sex on GMV in children with 

LD+ADHD compared to those with LD-only. Specifically, there was no interaction of group and 

sex in the basal ganglia ROIs, as supported by both frequentist and Bayesian analyses. 

Furthermore, the significant interaction found in the whole-brain analysis did not yield any 

significant effects in the post hoc t-tests. Since our general conclusion of the current study is that 

the LD+ADHD group does not appear to have the biological marker of ADHD, it is not 

surprising that we would also not make the same observations as those reported in studies of 

ADHD that involve basal ganglia aberrations. 
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Effect of Medication on Between-Group Differences 

Stimulant medication (e.g., methylphenidate, amphetamines) are commonly prescribed 

for the treatment of ADHD. In addition to reducing the behaviors associated with ADHD 

(Wilens, 2008), several meta-analyses have reported results that suggest they also reduce the 

GMV differences (i.e., the finding of less GMV goes away). Specifically, associations between 

the percentage of medicated patients and the degree of difference in GMV of the caudate (Nakao 

et al., 2011) and ACC (Frodl & Skokauskas, 2012) reflect a “normalization” effect of medication 

in those regions shown to be altered by ADHD – although it needs to be noted that not all 

empirical studies have found significant effects of medication on basal ganglia GMV (e.g., 

Castellanos et al., 2002; Hoogman et al., 2017; Pliszka et al., 2006). Similarly, medication effects 

have also been demonstrated for other regions when comparing medicated ADHD participants to 

medication-naïve participants with ADHD and finding greater GMV (for a review, see Spencer 

et al., 2013): These effects have been found in bilateral ACC (Makris et al., 2010; Pliszka et al., 

2006; Semrud-Clikeman et al., 2014), and in prefrontal and posterior occipital regions (Shen et 

al., 2020), although none of these studies were included in the meta-regressions described 

previously (Frodl & Skokauskas, 2012; Nakao et al., 2011). 

Based on these studies, we predicted that if the LD+ADHD group did not exhibit the 

expected lower GMV in the basal ganglia compared to the LD-only group, this would be because 

nearly half the participants in the LD+ADHD were medicated. Thus, including medication status 

in the analysis would reveal GMV differences similar to those found in the prior ADHD 

literature, where lower GMV in ADHD is normalized by medication. Surprisingly, we found no 

regions with a pattern of results that met our expectations, as shown in both the frequentist and 

Bayesian analyses. That is, we did not observe any regions that exhibited lower GMV in the 
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LD+ADHD group when medication status was included in the analysis. The fact that medication 

status did not affect regions in basal ganglia or frontal cortex further underscores the conclusion 

that the children with ADHD in our study (i.e., when ADHD is present with LD) do not conform 

to the pattern observed in general studies of ADHD.  

Somewhat coincidentally, we found several cortical areas with GMV differences that 

emerged from the first between-group comparison but were no longer apparent when including 

medication status in the second analysis. Since the number of children receiving medication in 

the LD+ADHD group was 48% (but 0% in the LD-only group), it is not surprising that there 

would be some differences between these two groups in the first analysis that would be attributed 

to medication status rather than ADHD (i.e., the ADHD comparison was confounded by 

medication). Entering medication status into the second analysis meant that medication was 

accounted for and any effects that were no longer observed (in this case, more GMV) were 

originally driven by medication. This pattern was found in the right SFG, left and right ACC, left 

hippocampus, left MFG, right STG, and right SOG. Several of these regions are involved in 

executive function – especially the SFG (du Boisgueheneuc et al., 2006; Hu et al., 2016), MFG 

(Andersson et al., 2009), and ACC (Stevens et al., 2011). In addition, these frontal regions also 

tend to have higher GMV in medicated ADHD participants compared to non-medicated ADHD 

participants (Makris et al., 2010; Pliszka et al., 2006; Semrud-Clikeman et al., 2014; Shen et al., 

2020). The hippocampus has also been shown to be involved in the regulation of reward 

motivation, which is affected in ADHD (Hoogman et al., 2017; Shigemune et al., 2010). It is not 

surprising to observe greater GMV in association with medication in these regions. However, 

based on our general conclusion about the nature of the ADHD diagnosis in our group (i.e., 

lacking a biological marker), it seems that this upregulation has occurred in participants who do 
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not exhibit the basal ganglia structural anomalies usually found in ADHD. Studies using positron 

emission tomography (PET) have demonstrated altered dopamine transporter levels in the basal 

ganglia (Fusar-Poli et al., 2012; Volkow et al., 2007) and, this transporter is the target of 

pharmacological treatment in ADHD (Faraone et al., 2015). However, functional magnetic 

resonance imaging (fMRI) has shown that stimulant medication does not necessarily affect the 

brain of children with ADHD the same way as those that do not have ADHD (Vaidya et al., 

1998). In light of our findings, such treatment might not be appropriate for those children who 

manifest ADHD symptoms with LD, and in fact may not have “classical” ADHD. 

One potential concern may be that those participants on medication may differ from those 

not taking medication in terms of their behavioral problems. Medicated and medication-naïve 

participants in the LD+ADHD group did not differ on their Inattention or Hyperactivity-

Impulsivity scores (p > 0.05). It is therefore unlikely that the severity of their symptoms ascribed 

to ADHD confounded our results when considering the effects of medication.  

Taken together, when using medication status to shed further insight into the brain bases 

of ADHD in children with LD, we did not find evidence for regions exhibiting lower GMV in 

the LD+ADHD group, nor were there regions that were normalized by use of medication. As 

such, these findings based on medication status provide additional support for our impression 

that ADHD in LD is not the same as ADHD in the general literature (i.e., that it lacks the 

neurobiological anomalies associated with ADHD). At the same time, we found evidence for 

what appears to be medication-induced GMV increases in regions associated with executive 

control. The findings from this study raise the possibility that the children with LD+ADHD in 

our sample did not have ADHD as conceptualized in the general ADHD literature. Future 
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longitudinal studies that compare children with LD+ADHD before and after medication 

treatment would be needed to confirm these observations.  

Dimensional Analyses: ADHD Symptoms and GMV 

We also tested for linear correlations between two ADHD symptoms captured on the 

Conners scales and GMV in a larger sample (N=65). Consistent with the between-group results 

above, both the frequentist and Bayesian analyses showed no relationship between either 

Inattention or Hyperactivity-Impulsivity scores and GMV in the basal ganglia regions of interest, 

even after including medication status in each analysis. Given that prior studies have found 

negative correlations of both inattention (Semrud-Clikeman et al., 2014) and hyperactivity 

(Onnink et al., 2014) with caudate GMV, our null finding from the ROI analysis further indicates 

that basal ganglia GMV is not associated with the behavioral problems that characterize ADHD 

in children who have LD. 

In the whole-brain analyses, we found no negative correlations between Inattention 

scores and GMV, even after including medication status. Negative relationships between 

inattention symptoms and GMV are quite common in the literature, particularly in the ACC 

(Bonath et al., 2018; M. Klein et al., 2019), left MFG (Brieber et al., 2007; Kibby et al., 2020; 

Kumar et al., 2017), and occipital cortex (Shen et al., 2020; Sowell et al., 2003). Thus, our lack 

of negative correlations between this measure and GMV was surprising. Instead, we found 

positive correlations (i.e., higher Conners Inattention scores related to greater GMV) in bilateral 

SFG, left olfactory cortex, left ITG, and right IPL. All of these were found with and without 

accounting for medication status, indicating they were driven by the individual differences on the 

Inattention scales completed by the parents, without concern that they are confounded by 

medication status. Notably, two prior studies have also reported positive correlations between 
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inattention symptoms and frontal GMV (Semrud-Clikeman et al., 2014), including SFG 

(Sutcubasi Kaya et al., 2018). While prior studies did not report on such correlations in left ITG 

and right parietal cortex, the latter region, like the SFG, is known to be involved in tasks that 

require cognitive control. However, this does not fully explain why the correlations between 

Inattention scores and GMV observed in the current study were positive, rather than negative. In 

this context, it is important to note that all children in the current study have LD. This raises the 

possibility that in addition to not finding abnormalities in basal ganglia GMV, we also do not 

find the expected brain-behavior relationships reported in previous studies of children with 

ADHD. Our results underscore the importance of assessing reading and math in children who are 

being evaluated for ADHD, recognizing that children with LD+ADHD do not have the 

biological characteristics as those reported for ADHD. 

For Hyperactivity-Impulsivity scores, we found two significant correlations with GMV in 

the whole-brain analyses, both of which were observed with and without including medication 

status in the analysis. Specifically, Hyperactivity-Impulsivity scores exhibited a negative 

relationship with left MOG/posterior parietal cortex and a positive relationship with left ITG. 

While relationships between hyperactivity symptoms and GMV outside the basal ganglia are not 

unprecedented, prior studies have generally observed negative (Kibby et al., 2020; M. Klein et 

al., 2019; Kumar et al., 2017) and positive (Sutcubasi Kaya et al., 2018) correlations in the 

frontal cortex. Thus, the current results in left occipito-parietal and left inferior temporal cortices 

are unexpected based on previous findings using symptoms of hyperactivity. The current 

findings add to a growing literature identifying the neural correlates of hyperactivity-impulsivity 

in children, although it should be noted that children with LD may not exhibit the same brain-

behavior correlations as children who do not have any LDs. 
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Interestingly, we observed positive relationships between both scores of ADHD 

symptoms and GMV in the left ITG: GMV in this region was highest in participants with higher 

(i.e., worse) Inattention scores and also with higher Hyperactivity-Impulsivity scores. Despite 

this convergence for the correlation results across these two behavioral measures onto this 

region, the left ITG did not differ between the LD-only and LD+ADHD groups in the between-

group comparison. While this could be attributed to the difference in sample sizes used in these 

respective analyses, it likely also speaks to the use of diagnostic measures/scales, and the distinct 

analytical approaches, with each having their strengths and weaknesses (Branum-Martin et al., 

2013). To address the limitations of each approach, a growing number of structural MRI studies 

of ADHD have employed both categorical and dimensional analyses in the same study (Bonath 

et al., 2018; Hoogman et al., 2017, 2019; M. Klein et al., 2019; Semrud-Clikeman et al., 2014; 

Shen et al., 2020). At the same time, Hoogman and colleagues (2017) did not find such brain-

behavior correlations in their large-scale study of ADHD, and concluded that such individual 

symptoms are more likely to arise due to the activity of functional networks, rather than GMV in 

isolated regions. Nevertheless, the left ITG results are worth contemplating as this region was the 

only one to correlate with both Inattention and Hyperactivity-Impulsivity scores. Unlike the 

basal ganglia and frontal cortex, the inferior temporal cortex is not commonly associated with 

ADHD or its symptoms. Notably, the correlations were found regardless of whether or not 

medication status was included, indicating that this brain-behavioral relationship is not attributed 

to children receiving medication, but of children with LDs overall. and may present a novel 

marker of high inattentive or hyperactive-impulsive behaviors in children with LDs. Together, 

our findings suggest that most of the relationships between ADHD symptoms and GMV in 

children with LD do not map onto the results previously observed in studies of ADHD, although 
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it has to be stated that the dimensional results previously observed in studies of ADHD are 

somewhat inconsistent, perhaps because of the subjective nature of the scales, and an 

oversimplification of the idea that they have a one-to-one mapping with brain anatomy.  

A Need for Future Studies 

Our results in the present study and a previous study (Langer et al., 2019) suggest that 

children who have ADHD in addition to their LD do not have less GMV in the basal ganglia. We 

also did not observe less GMV at the level of the cortex. Children with LD+ADHD therefore 

lack the canonical neurobiological markers for ADHD, suggesting that their ADHD symptoms 

may be behaviors that reflect their LD, rather than having ADHD per se as described by the 

phenocopy theory (Hinshaw, 1992; Pennington et al., 1993). 

To date, no study has directly compared whole-brain GMV in groups with all 

combinations, (i.e., ADHD-only, RD-only, RD+ADHD, and controls) in a single study, even 

though there are a plethora of such studies published on each disease in isolation. Acquiring 

these four groups with a sufficient sample size and matching them appropriately for reading 

ability can be challenging. The best effort to date is the work by Jagger-Rickels et al. (2018) who 

examined these groups but did not compare them directly to one another. Rather, they compared 

each diagnostic group to typically-developing controls. The group with RD+ADHD in their 

study had less GMV in the right caudate compared to the control group. While this may suggest 

less GMV in the caudate in addition to having alterations based on reading deficits, the 

RD+ADHD group did not have less GMV in regions associated with RD (left temporo-parietal 

regions). This finding, together with the possibility that their reading deficits might have been 

mild (reading scores were not provided), may suggest that this group had ADHD but not 

RD+ADHD. Langer and colleagues (2019) had groups that were significantly impaired in 
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reading, but only looked at the striatum for GMV, with the remainder of the study focused on 

cortical thickness and brain activation.  There is an urgent need for more studies to compare 

RD+ADHD with both RD-only and ADHD-only groups. In the absence of these larger efforts, 

investigations focused on a subset of these groups, such as we did in the current study, are 

helpful in drawing attention to the possibility that ADHD in the presence of LD is not the same 

as classical ADHD and therefore requires careful consideration when it comes to treatment. 

Our study suggests that our children with LD+ADHD do not have ADHD, as described 

by the phenocopy theory. However, we do not address the phenocopy theory from the 

perspective of children with ADHD who appear to have reading or math problems that are 

secondary to their ADHD. To examine this perspective, we would have needed to include an 

ADHD-only sample. Just as for the current study, the expectation would be that if both disorders 

are present, the group should differ in GMV, but this time in regions associated with reading and 

mathematics. A failure to show such a difference would support the phenocopy theory and such a 

study should be conducted in future. However, it is also possible that the phenocopy theory 

applies only to the case where ADHD-like symptoms arise from struggles due to LD, and not the 

other way around. In the end, either of these mechanisms leading to the co-occurrence of these 

two disorders could exist, and the field would benefit from further studies. As there is already a 

large corpus of studies using VBM to examine differences in GMV in LDs and ADHD (relative 

to controls) in isolation, the field seems well-situated for research studies of children with the 

combination of LDs and ADHD. Such studies are needed to inform the causal pathways leading 

to LD+ADHD, to ensure that treatment decisions are appropriate and not made with the 

assumption that ADHD-like symptoms necessarily indicate dysfunction of fronto-striatal brain 

systems in children with LD. 
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A misdiagnosis of ADHD in the presence of LD seems entirely possible, especially when 

considering how each of the disorders are diagnosed. LDs are determined by administering 

standardized tests of reading and mathematics. The diagnosis of ADHD, however, involves 

subjective rating scales completed by parents and teachers. As standardized tests to gauge 

inattention and hyperactivity are rarely used for diagnosis, the rating scales completed by parents 

and teachers may not fully or faithfully capture the range of behaviors found in ADHD. This 

could result in an LD+ADHD diagnosis in children who are LD-only, as our results indicate. 

However, it is worth noting that our participants were recruited for their LD status and 

not for ADHD diagnoses, suggesting we were perhaps more likely to recruit children with a 

phenocopy subtype. It is also possible that only a subset of children with LD+ADHD have a 

phenocopy subtype, and while the remainder of the children with LD+ADHD in our sample had 

less GMV in the basal ganglia, there were not enough of them to yield a statistically significant 

effect. As such, our study does not rule out the possibility that there are those with LD+ADHD 

who have a biological-based ADHD (i.e., not phenocopy of ADHD resulting from existing LDs). 

This could be addressed in future studies in a variety of ways, including featuring ADHD 

prominently during recruitment. Even in consideration of these possibilities, it is important to 

recognize that our results indicate that there are indeed children with both LD and ADHD 

diagnoses who do not manifest the associated neurobiological profile of ADHD. More research 

on these groups with co-occurring disorders is critical not only in advancing theoretical models 

on the etiology of ADHD, but in decisions regarding treatment. 

Conclusions 

We expected to observe lower basal ganglia GMV in the LD+ADHD group, relative to 

the LD-only group. However, we found no significant differences in basal ganglia GMV, nor 
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was GMV in these a priori ROIs modulated by sex or medication status. Instead, we observed 

greater GMV in several cortical regions in children with LD+ADHD. When taking medication 

into account, nearly all of these significant differences were eliminated, indicating that 

medication use – rather than ADHD in the presence of LD – was responsible for elevated GMV 

in those regions. The dimensional analyses in a larger LD sample again revealed no significant 

correlations between either Inattention or Hyperactivity-Impulsivity scores with basal ganglia 

GMV. At the level of the whole brain, Inattention scores positively correlated with GMV in 

several regions, while Hyperactivity-Impulsivity scores demonstrated both a negative and a 

positive correlation with GMV. Taken together, our main finding was that ADHD in the 

presence of LD does not manifest in the same neural profile found in prior studies of ADHD 

(i.e., lower GMV in the basal ganglia), suggesting that our participants’ ADHD diagnosis may 

have been a product of behavioral manifestations due to their LD. 
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CHAPTER III: AN INVESTIGATION INTO GRAY MATTER VOLUME DIFFERENCES 

ATTRIBUTED TO MATH DISABILITY IN CHILDREN WITH READING DISABILITY 

Introduction 

Reading is a complex, culturally-acquired process that requires explicit instruction over a 

protracted period of time and is critical for academic performance and daily function. However, 

not all children become proficient readers due to developmental dyslexia. This reading disability 

(RD) affects 7-12% of school-aged children (Katusic et al., 2001) and is characterized by 

difficulties in accurate and fluent reading (Lyon et al., 2003). To meet the diagnostic criteria for 

RD, these reading problems must be persistent, unexpected based on a child’s age, and not be 

explained by intellectual disability or lack of access to adequate education (American Psychiatric 

Association, 2013). The reading difficulties in RD are generally attributed to a core deficit in 

phonological awareness, which is one’s ability to attend to and manipulate the sounds in words. 

Phonological awareness facilitates mapping between elements of spoken words and the letters of 

the alphabet (i.e., the alphabetic principle), and is therefore a critical component for the 

acquisition of normal reading (Peterson & Pennington, 2012; Wagner & Torgesen, 1987).  

RD frequently co-occurs with developmental dyscalculia, or math disability (MD), which 

affects 6-14% of children (Barbaresi et al., 2005). RD and MD have a comorbidity rate of 11-

70%, which is higher than would be expected based on the individual prevalence of each 

disorder (Landerl et al., 2009; Lewis et al., 1994; Moll et al., 2014, 2019; Willcutt et al., 2013, 

2019). MD is characterized by impairments in processing numerical information and learning 

arithmetic facts, which have been attributed to weaknesses in processing numerical magnitude 

(Price & Ansari, 2013; Shalev & Gross-Tsur, 2001; von Aster & Shalev, 2007). As with RD, the 
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deficits in MD must be persistent and pervasive, and not be better explained by other factors to 

meet formal diagnostic criteria (American Psychiatric Association, 2013).  

The current study focuses on how brain anatomy of children who have RD and MD 

combined differs from that in children who only have RD. Here we discuss differences in gray 

matter volume (GMV) that have been attributed to RD and, in another separate body of 

literature, those attributed to MD-only. Numerous studies using magnetic resonance imaging 

(MRI) have examined differences in brain structure in children and adults with RD as compared 

to typically developing controls. The most common application of structural MRI in studies of 

RD has been voxel-based morphometry (VBM), an approach used to test for differences in GMV 

between groups (Ashburner & Friston, 2000). There are a substantial number of studies that have 

used VBM to measure GMV differences in children and adults with RD, and as a result, there are 

now several meta-analyses that have used these studies to identify the most salient observations. 

These studies have reported lower GMV in the left superior temporal gyrus (STG) and superior 

temporal sulcus (STS) in children and adults with RD (Eckert, Berninger, Vaden, Gebregziabher, 

& Tsu, 2015; McGrath & Stoodley, 2019; Richlan, Kronbichler, & Wimmer, 2013). 

Additionally, meta-analyses have revealed lower GMV in other regions, including left inferior 

frontal gyrus (IFG; Eckert et al., 2015; McGrath & Stoodley, 2019), right STG (Linkersdörfer et 

al., 2012; McGrath & Stoodley, 2019; Richlan et al., 2013), bilateral supramarginal gyrus 

(Linkersdörfer et al., 2012; McGrath & Stoodley, 2019), left fusiform gyrus (Linkersdörfer et al., 

2012), and bilateral cerebellum (Eckert et al., 2015; Linkersdörfer et al., 2012; McGrath & 

Stoodley, 2019). 

Relative to RD, there have been fewer studies investigating differences in brain structure 

associated with MD, and hence there are currently no published GMV meta-analyses for MD. 
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Nevertheless, a qualitative review of these studies indicates some consistent results. All four 

VBM studies of MD to date found lower GMV in the intraparietal sulcus (IPS) or adjoining 

parietal lobe regions (McCaskey et al., 2020; Ranpura et al., 2013; Rotzer et al., 2007; 

Rykhlevskaia et al., 2009). Studies have also reported lower GMV in groups with MD in the 

anterior cingulate cortex (ACC; Rotzer et al., 2007), bilateral hippocampus (Rykhlevskaia et al., 

2009), right fusiform and bilateral parahippocampal gyri (Ranpura et al., 2013; Rykhlevskaia et 

al., 2009), as well as middle occipital gyrus (MOG; McCaskey et al., 2020; Ranpura et al., 2013). 

Determining the neural basis of RD+MD comorbidity is of great practical importance, as 

children with both learning disabilities (LDs) bear a heavier load than those with one LD alone. 

Not only do they have weaknesses in these two different domains, but they also tend to be more 

impaired in each domain than children with only RD or only MD (Cirino et al., 2015; Willcutt et 

al., 2013). Given this, it is not surprising that children with comorbid RD+MD are more likely to 

repeat an academic year in school than those children who have one of these LDs (Willcutt et al., 

2019). In addition, RD+MD is associated with higher rates of attention-deficit/hyperactivity 

disorder (ADHD), depression, and generalized anxiety than children with either RD or MD alone 

(Willcutt et al., 2013, 2019). The purpose of the current study is to measure GMV in children 

with RD+MD and compare them to those with only RD. This enables us to determine if the brain 

regions reported to differ in studies of MD, such as the IPS or surrounding parietal lobe regions 

(McCaskey et al., 2020; Ranpura et al., 2013; Rotzer et al., 2007; Rykhlevskaia et al., 2009), 

differ between these two groups.  

Here, we test three theoretical models that have been outlined by Ashkenazi and 

colleagues (2013) to account for the neurobiological bases of RD+MD. Specifically, we 

predicted to find support for the additive model, which posits that because RD and MD each 
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represent distinct behavioral impairments emerging from different neural mechanisms, RD+MD 

results from the combination of these deficits. This would be confirmed by less GMV in children 

with RD+MD compared to those with only RD in regions known to differ in MD only (such as 

less GMV in the IPS). The second model is the verbally-mediated model, which proposes that 

the math problems in RD+MD are not attributed to brain areas usually associated with MD, but 

instead originate from impairments in left hemisphere language regions that underlie 

phonological processing. In this model RD+MD and RD-only share a common origin, with 

RD+MD representing a more severe version of RD-only. This model would predict less GMV in 

the RD+MD groups in left hemisphere language regions. The third model is the domain-general 

model, which suggests that the math problems are not attributed to IPS, and the reading problems 

are not attributed to left hemisphere language regions. Rather, RD+MD results from aberrations 

in prefrontal regions known to underlie the domain-general skills of attention and working 

memory. In other words, RD+MD is not the result of either a deficit in phonological awareness 

or numerical processing, but weaknesses in cognitive processes shared by reading and 

mathematics. This model would predict less GMV in prefrontal regions in the group with 

RD+MD, since here the impairments are more severe than in the RD-only group. Our study will 

determine if the additive model is supported by our results, distinguishing it from the verbally-

mediated and domain-general models. 

To date, and since the proposal of these models, there has been a dearth of empirical 

studies examining GMV in comorbid RD+MD. There has been one study in children (Skeide et 

al., 2018) and one in adults (Moreau et al., 2019), and both reported no GMV differences in the 

group with RD+MD compared to RD-only, MD-only, and control groups. These results fail to 

support any of the three models described above, raising the question of whether GMV 
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differences were not revealed in these prior studies due to methodological reasons. For example, 

both studies relied on small sample sizes (10 to 12 per group in Skeide et al., 2018; 12 per group 

in Moreau et al., 2019;), and the study in children used fairly lenient thresholds for determining a 

diagnosis of “low” reading and math abilities (Skeide et al., 2018). This raises the possibility that 

the studies were underpowered and the learning disabilities in these children were too mild to 

manifest as GMV differences. 

In the present study we tested for GMV differences between groups of children with 

RD+MD versus those with RD-only. The groups were matched on age, sex, IQ, and reading 

ability, so that any differences in GMV could be clearly attributed to the significantly worse 

performance on measures of mathematics in the RD+MD group. That is, even though children 

with RD+MD typically perform worse in reading than those with RD-only, we ensured that our 

samples were equated for reading because a difference in GMV between the two groups cannot 

be attributed to the presence of MD if they are confounded by differences in reading ability. 

Using both region of interest (ROI) and whole-brain analyses, we expect the RD+MD group to 

exhibit lower GMV in the IPS or nearby parietal regions relative to the RD-only group, a finding 

that would be consistent with the additive model of RD+MD comorbidity. 

Methods 

Participants and Behavioral Measures 

All children were participating in a larger study on reading and/or math disability. 

Participants had a documented history of RD or/and MD, and most of them attended a school 

that specializes in the teaching of children with LDs. To be included in the present study, the 

children with RD-only had to have a standard score of less than 85 (16th percentile) on either the 

Letter-Word Identification or Word Attack subtests of the Woodcock-Johnson III (WJ-III; 
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Woodcock, McGrew, & Mather, 2001). These are standardized measures of real word and 

pseudoword reading ability, respectively. Children with RD+MD also had to meet these criteria 

for the reading measures and have a standard score of less than 85 on either the WJ-III 

Calculation or Math Fluency subtests, which are measures of untimed math performance and 

timed arithmetic solving skill, respectively. Subjects in the RD-only group, however, had to 

score 85 or higher on both the WJ-III Calculation or Math Fluency subtests.  

We used a propensity score matching (PSM) procedure (Rosenbaum & Rubin, 1983, 

1985) to ensure the participants with RD+MD were matched to the RD sample (N=19) on age, 

sex, full-scale intelligence quotient (IQ) on the Wechsler Abbreviated Scale of Intelligence 

(WASI; Wechsler, 1999), WJ-III Letter-Word Identification and Word Attack scores, and nature 

of the scan acquisition (pre- or post-upgrade of scanner). Children with RD+MD were matched 

to the RD group using nearest neighbor matching without replacement (Ho et al., 2007, 2011). 

This matching process ensured that any GMV differences between the two groups could not be 

attributed to differences in these measures. Demographic information and group averages for 

reading and math ability is provided in Table 3.1. 

Table 3.1. Demographics and Behavior for the RD-only and RD+MD Groups 
 RD-only Group RD+MD Group p-value 
N 19 19 -- 
Age (years) 9.6 ± 1.4 9.8 ± 1.4 0.590 
Sex 13 M / 6 F 9 M / 10 F 0.189 
Full-Scale IQ 104 ± 8.8 103 ± 8.7 0.700 
Real Word Reading  76 ± 5.6 76 ± 6.5 0.652 
Pseudo Word Reading  90 ± 8.5 88 ± 5.2 0.399 
Math Calculation  95 ± 6.4 88 ± 9.9 0.014 
Math Fluency  94 ± 6.4 75 ± 7.7 < 0.001 

Mean and standard deviation (SD) for the demographic information and behavioral data for the 
RD-only and RD+MD groups, as well as p-values for two-sample t-tests (for age and all 
behavioral scores) and chi-squared tests (for sex). Behavioral scores reflect standardized scores 
from the WASI for full-scale IQ, WJ-III Letter-Word Identification for real word reading, WJ-III 
Word Attack for pseudo word reading, WJ-III Calculation for math calculation, and WJ-III Math 
Fluency for timed math fluency. 
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All experimental procedures were approved by the Georgetown University Institutional 

Review Board. Informed consent was obtained from the legal guardian of all pediatric 

participants, and all participants assented to participate. For their participation, the children 

received toy prizes and pictures of their brains from the MRI scan. 

Neuroimaging Acquisition 

 T1-weighted MPRAGE images were obtained using 3 Tesla Siemens Trio whole-body 

MRI system. Data were acquired with a 1600 ms repetition time (TR), 15° flip angle (FA), 256 

mm field of view (FOV), and a voxel size of 1 x 1 x 1 mm3. Scans were acquired before and 

after a scanner upgrade, with the echo time (TE) being 3.37 ms before the upgrade and 3.41 ms 

after the upgrade. The make-up of the two groups were equally proportioned for those 

participants that were scanned before versus after the upgrade (𝛸2 (1, N = 38) = 0.63, p = 0.426). 

All images were inspected and those with gross anomalies (e.g., cysts) or excessive motion 

artifacts were excluded. For those participants where multiple images were acquired, the highest 

quality scan was used.  

Neuroimaging Preprocessing and Analyses 

Image preprocessing and analysis of the structural MRI scans were performed using the 

automated voxel-based morphometry (VBM) approach (Ashburner & Friston, 2000) as 

implemented in SPM12 (Wellcome Trust Centre for Neuroimaging; 

http://www.fil.ion.ucl.ac.uk/spm). Each image was manually aligned to the anterior commissure 

then co-registered to the SPM12 white matter template. Next, co-registered images were 

segmented into gray matter, white mater, and cerebrospinal fluid (CSF) maps using the New 

Segment toolbox (Ashburner & Friston, 2005). The DARTEL (Diffeomorphic Anatomical 

Registrations Through Exponentiated Lie Algebra) tool was then used to register each 
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participant’s gray matter and white matter images to a custom, study-specific template. This 

template was then affine registered to Montreal Neurological Institute (MNI) space and used to 

spatially normalize each participant’s native-space gray matter image into MNI space. These 

normalized images were smoothed using an 8 mm3 full-width at half-maximum (FWHM) 

Gaussian kernel, and an intensity threshold of 0.2 was used to prevent edge effects. 

ROI Analysis  

We first tested for GMV differences between the RD and RD+MD groups in the IPS, as 

this region is most commonly found to differ in VBM studies of MD (McCaskey et al., 2020; 

Rotzer et al., 2007; Rykhlevskaia et al., 2009). We created separate ROIs for the left and right 

IPS by combining the hIP1, hIP2, and hIP3 segments (Choi et al., 2006; Scheperjans, Eickhoff, 

et al., 2008; Scheperjans, Hermann, et al., 2008) from the JuBrain/SPM Anatomy Toolbox 

probabilistic atlas (Eickhoff et al., 2005) for each hemisphere. Using the MarsBaR toolbox (Brett 

et al., 2002), GMV was extracted from each of the two ROIs (left and right). Each ROI was 

submitted to an analysis of covariance (ANCOVA) model, with group as a fixed factor and 

intracranial volume (ICV) as a covariate of no interest, that used an alpha-level threshold of p < 

0.05.  

In addition to the frequentist ROI analysis listed above, we performed Bayesian analyses 

of covariance (ANCOVAs; Rouder et al., 2012) to establish the evidence for the null hypothesis 

(i.e., no difference between the two groups) versus the alternative hypothesis (i.e., a difference 

between the two groups). These analyses were conducted separately for each ROI, thus 

generating separate Bayes factors (BF) for left and right IPS.  
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Whole-Brain Analysis 

We conducted a whole-brain, two-sample t-test to compare GMV differences between the 

RD and RD+MD groups. This analysis, like the ROI approach, also controlled for ICV. We 

applied a p < 0.005 uncorrected voxel-level threshold and a p < 0.05 false discovery rate (FDR)-

corrected cluster-level threshold. The anatomical labels for the resultant clusters were generated 

using the latest version of the Automated Anatomical Labelling (AAL3) atlas (Rolls et al., 2020; 

Tzourio-Mazoyer et al., 2002). The Montreal Neurological Institute (MNI) coordinates of each 

cluster’s peak voxel and local maxima were used to determine the nearest Brodmann area (BA). 

Results 

ROI Results  

There were no significant GMV differences between the RD and RD+MD groups in the 

left IPS (F(1, 35) = 1.32, p = 0.258) or right IPS (F(1, 35) = 1.13, p = 0.296) ROIs. The Bayesian 

analyses showed BF01 values of 1.86 for left IPS and 2.00 for right IPS, thus indicating 

“anecdotal” evidence for the null hypothesis according to the guidelines proposed by Wetzels et 

al. (2011). ICV-adjusted GMV values for the left and right IPS ROIs can be found in Figure 3.1. 
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Figure 3.1: GMV from Left and Right IPS ROIs. No significant GMV differences between 
the RD-only and RD+MD groups in the ROI analysis. GMV values for the left and right IPS 
ROIs (adjusted for ICV) are shown as box and whisker plots for each group: RD-only in red and 
RD+MD in blue. Each dot represents the GMV value from one participant. 
 
Whole-Brain Results 

For the whole brain analysis, there was significantly lower GMV in the group with 

RD+MD than the group with RD-only in left cerebellum crus II/I (Figure 3.2, Table 3.2). There 

were no clusters showing lower GMV in the RD-only group as compared to the RD+MD group.  
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Figure 3.2. RD-only > RD+MD. Less GMV in the RD+MD group than the RD-only group in 
the whole-brain analysis. Slices show the significant cerebellar cluster in red for the sagittal 
(left), coronal (middle), and axial (right) views. There were no regions where the RD-only group 
showed greater GMV compared to the RD+MD group. 
 
Table 3.2. RD-only > RD+MD 

Hemisphere Anatomical Label Brodmann 
Area (BA) 

Peak MNI 
coordinates k 

x y z 
Left Cerebellum crus II & 

crus I 
N/A -3 -87 -36 1061 

N/A = not applicable. MNI = Montreal Neurological Institute. k = number of voxels. 
 
Discussion 

RD and MD are characterized by discrete deficits in the learning of reading and math, 

and GMV studies have revealed distinct anatomical anomalies for each of these learning 

disabilities. Studies comparing children with MD to controls have typically found lower GMV in 

the IPS (McCaskey et al., 2020; Rotzer et al., 2007; Rykhlevskaia et al., 2009), suggesting that 

under the additive model, the presence of MD in children with RD (compared to children with 

RD-only) would be associated with lower GMV in the IPS. However, prior studies comparing 

groups with RD-only and RD+MD have reported no such differences in GMV in the IPS, 

neighboring parietal regions, or anywhere else in the brain (Moreau et al., 2019; Skeide et al., 

2018). Our goal was to test for such differences again, this time using larger sample sizes and 
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selecting for participants with more significant reading and math impairments. We used an ROI 

analysis for the IPS, as well as a whole-brain analyses. Despite these differences in our approach, 

we also did not observe any difference in the IPS. There was, however, one region that emerged 

from the whole brain analysis: the RD+MD group exhibited lower GMV relative to the group 

with RD-only in the left cerebellum. These results suggest that MD in children with RD 

manifests differently than that reported in the literature for MD alone. Below, we discuss our 

findings in the context of three models that have been proposed to explain the neurobiological 

bases of combined RD and MD (Ashkenazi et al., 2013). 

No Evidence for the Additive Model 

The additive model of RD+MD would predict that our comparison of groups with 

RD+MD versus RD-only would result in the same GMV anomalies reported in prior studies that 

compared groups with MD-only versus controls. This is because MD in the presence of RD 

should present the same way as it does when in isolation. Specifically, there are four published 

studies comparing GMV in children with MD and controls, and they all report relatively less 

GMV in the IPS (McCaskey et al., 2020; Rotzer et al., 2007; Rykhlevskaia et al., 2009) or in 

nearby inferior and superior parietal lobules (McCaskey et al., 2020; Ranpura et al., 2013) in 

groups with MD. The ROI analysis did not identify differences in the IPS and the whole-brain 

analyses did not reveal the IPS or other regions that have been associated with MD, such as right 

parietal cortex or right fusiform or parahippocampal gyri (McCaskey et al., 2020; Ranpura et al., 

2013; Rykhlevskaia et al., 2009). The lack of a difference in GMV between the RD-only and 

RD+MD groups in these regions indicates that the additive model does not explain co-occurring 

RD+MD, although the Bayesian analysis suggests only weak support for the null hypothesis that 

there was no difference between the two groups. Our current study is not the first to compare 
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GMV in those with RD+MD and RD-only, and the two prior studies also did not observe 

differences in GMV in the IPS (or anywhere else in the brain) between RD and RD+MD in 

children (Skeide et al., 2018) or adults (Moreau et al., 2019). Thus, our results add to this 

literature demonstrating that MD in the presence of RD is not generally associated with GMV 

differences in IPS and adjoining parietal regions. 

No Evidence for Verbally-Mediated or Domain-General Models 

As we did not observe GMV differences in support of the additive model of RD+MD 

comorbidity, we consider the evidence in support of the other two models described by 

Ashkenazi and colleagues (2013). There were no differences in GMV in the left hemisphere 

language regions in support of the verbally-mediated model. This model posits that both RD and 

RD+MD originate from impairments in skills such as phonological processing, which are 

subserved by left temporo-parietal and inferior frontal cortices. Phonological awareness, in 

particular, is correlated with arithmetic fact retrieval, especially for operations such as 

multiplication that are not usually solved by procedural calculation (De Smedt & Boets, 2010). 

Thus, impairments in phonological awareness could have negative consequences for math 

performance. Since this model also did not support our findings, we turn to the third and last 

model. 

Similarly, there were no GMV differences in prefrontal regions, thereby also not 

supporting the domain-general model described by Ashkenazi and colleagues (2013). This model 

posits that both RD and RD+MD originate from impairments in working memory and attention, 

skills whose functions are primarily associated with dorsolateral and ventrolateral prefrontal 

cortices (Bunge et al., 2001; Lara & Wallis, 2015). The domain-general hypothesis for RD+MD 

is an extension of a domain-general hypothesis that has been put forward to explain MD, thereby 
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challenging the idea that MD is a specific deficit in number processing. Under this model, MD is 

conceived as a weakness in working memory which leads to deficits in the use of 

developmentally-appropriate arithmetic procedures (Menon, 2016; H. L. Swanson & Beebe-

Frankenberger, 2004), and by extension to RD+MD, to deficits in reading. However, there were 

no GMV differences in prefrontal cortices. The domain-general model and the other two models 

received no support from our results. Rather, we observed a between-group difference in left 

cerebellum, which is discussed next. 

Less GMV in the Cerebellum in Children with RD+MD  

Our whole-brain analyses revealed lower GMV in the RD+MD group relative to the RD-

only group in left cerebellum crus I and II. The cerebellum was not anticipated to differ based on 

the models described above, where we expected to find differences in regions associated with 

number processing (regions previously shown to have less GMV in MD compared to controls), 

regions associated with reading/phonological processing, or regions associated with attention and 

working memory. In light of this finding however, we consider if the cerebellum could be a 

contributor in any of these models. The cerebellum might be relevant since it has been implicated 

in a wide range of cognitive processes (King et al., 2019; Stoodley & Schmahmann, 2009), in 

addition to its major role in motor functions (for a review, see Manto et al., 2012). 

In the context of the additive model, one of the four GMV studies described above 

observed less cerebellar GMV in children with MD relative to controls (Rykhlevskaia et al., 

2009). However, this finding was in the right cerebellum, while ours was in the left, and its 

location was in a more lateral aspect of the cerebellum (peak voxel located in lobule VIII) than 

ours (Rykhlevskaia et al., 2009). As such, there is no evidence that MD is associated with lower 

GMV in left cerebellum. More generally, the cerebellum is not typically associated with number 
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processing. A meta-analysis of functional brain imaging studies during number and calculation 

tasks in children reported activation of parietal and frontal regions, but not the cerebellum 

(Arsalidou et al., 2018). However, a similar meta-analysis conducted in adults indicates bilateral 

cerebellar activation, which was attributed to coordination of visual motor sequencing under 

timed task conditions and potentially working memory (Arsalidou & Taylor, 2011). 

Turning to the verbally-mediated model, the cerebellum has been reported to be active 

during phonological processing and reading. A meta-analysis of fMRI studies conducted in 

children with reading tasks did not report convergence of activation in the cerebellum (Martin et 

al., 2015), suggesting that the cerebellum’s involvement in reading in children is questionable. 

However, in studies of adults, the meta-analysis conducted by Martin and colleagues (2015) 

revealed activation in bilateral cerebellum.  Since the left hemisphere regions underlying 

phonological processing and reading are disrupted in RD, the literature on GMV differences in 

RD versus controls is also relevant. Meta-analyses of structural MRI studies on adults and 

children with RD have demonstrated less GMV in bilateral cerebellum lobule VI (Linkersdörfer 

et al., 2012) and in right posterior cerebellum (Eckert et al., 2015) relative to controls. A meta-

analysis focused specifically on the cerebellum also reported lower GMV in bilateral lobule VI 

and right crus II (Stoodley, 2014). However, not all meta-analyses of GMV studies in RD have 

found cerebellar differences (Richlan et al., 2013), and one such meta-analysis only found lower 

GMV in the right crus II in adults with RD but no cerebellar differences in children with RD 

(McGrath & Stoodley, 2019). Taken together, while less GMV in the cerebellum has been 

associated with RD, these findings, while somewhat inconsistent, did not involve left crus I and 

II, which we report to differ in GMV between our groups in the current study. Rather, these 

studies tend to find lobule VI, and in the case where crus II was identified, it was located in the 
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right cerebellum and appeared to be specific to adults with RD. Since the connections between 

the cerebellum and the cortex are contralateral, regions in cerebellum involved in language are 

usually found in the right cerebellum (Mariën et al., 2014), making left crus I and II unlikely 

candidates in the verbally-mediated model.  

Lastly, the domain-general model focuses on the shared cognitive processes that support 

reading and arithmetic. These include working memory and attention, and here we examine what 

is known about their relationship to the cerebellum. Left crus I and II, which the current study 

identified as having lower GMV in the group with RD+MD, have been shown to activate across 

a wide range of cognitive tasks (Stoodley & Schmahmann, 2009). Stoodley and Schmahmann 

(2009) found consistent activation in this region for tasks involving working memory, executive 

function, and emotional processing, but no significant activation in motor, somatosensory, 

language, or spatial tasks. Under the domain-general model, it has been argued that working 

memory in particular is closely linked with both math performance (Raghubar et al., 2010) and 

MD (Geary et al., 2004; H. L. Swanson & Beebe-Frankenberger, 2004; von Aster & Shalev, 

2007), and that this model could account for RD+MD (Ashkenazi et al., 2013). However, the 

model has invoked prefrontal cortex as the region that would be affected but does not consider a 

role for the cerebellum. 

In sum, our finding of GMV differences in the cerebellum does not fit particularly well 

with any of the three models proposed by Ashkenazi and colleagues (2013). Even if the 

cerebellum had a role in any of the models, one would expect it to differ alongside those other 

regions that have been described for each model, and not as the only prevailing anomalous 

region. None of the prior studies of RD+MD have reported differences in the cerebellum (since 
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they report no GMV differences at all). Therefore, we are not in a position to make a strong 

conclusion about the cerebellum in MD in the presence of RD. 

Prior Studies of RD+MD  

Even though the only two prior studies comparing RD+MD and RD-only groups did not 

observe significant differences in GMV in adults or children (Moreau et al., 2019; Skeide et al., 

2018), we reasoned that since these studies involved small sample sizes and participants with a 

relatively mild reading or math impairment, our study may overcome these drawbacks and 

provide information in support of one of the three models described above. Like the previous 

studies, we were careful to match the groups on variables such as age and sex, and unlike some 

of the prior studies we also were able to match on IQ and reading ability. The last variable is 

important since children with RD+MD tend to have poorer reading performance than those with 

only RD, but it is critical to match the groups despite this, because otherwise the resultant GMV 

findings are confounded by reading ability. We also applied a more stringent criteria of < 16th 

percentile for reading and math impairments than either the ≤ 25th (Moreau et al., 2019) or ≤ 30th 

(Skeide et al., 2018) percentile cutoffs used in these previous studies. As such, our sample had 

lower average scores on the WJ-III Word Identification subtest than the “low reading” RD and 

RD+MD groups of children included in the study conducted by Skeide et al. (2018). 

Additionally, we used VBM, the same technique which was used to examine GMV in almost all 

of the studies to date cited above, and which have characterized lower GMV in individuals with 

RD-only or MD-only using sample sizes similar to those used in the current study. Nevertheless, 

other than the cerebellar finding, we come to the same conclusion that there largely are no 

differences in GMV between these two groups. 
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Interpretations and Future Directions 

Based on our results and those of prior studies, the question arises how it is that there are 

not major differences in GMV in children with MD in the presence of RD, versus children with 

RD who exhibit normal math skills. We consider several explanations. 

One possibility for not being able to confirm any of the three models is that our 

measurement tool of VBM-based GMV is not sufficient or appropriate to detect anatomical 

differences associated with RD+MD. This concern has been raised in prior studies (Moreau et 

al., 2019) which also turned to other anatomical characteristics, such as surface-based gray 

matter measures (e.g., cortical thickness) and white matter microstructure, to test for differences 

between adults with RD+MD, RD-only, MD-only, and controls (Moreau et al., 2018, 2019). 

Despite this, they also did not find differences between RD+MD and RD-only groups (nor 

between the other groups included in those studies). 

An alternative explanation may be that the profound behavioral differences between 

children with one versus two LDs (i.e., greater difficulties on standardized measures and more 

severe academic problems in RD+MD) are associated with only subtle differences in brain 

anatomy. Similarly, there are correlations between reading ability and anatomical measures in 

the normal population, but math ability (measured with the WJ-III Calculation subtest) does not 

exhibit these same strong relationships with brain structure (Torre et al., 2020). Based on this 

observation, one may not necessarily expect the presence of math disability to modify GMV in 

children with RD+MD as robustly as the presence of reading difficulties. 

One final possibility is that all three models are correct, and that children vary in which 

of these models applies to their RD+MD. As such, any differences measured at the group-level 

will wash out; or one or the other model will be captured intermittently depending on the 
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composition of the sample in a given study. This may therefore account for the “anecdotal” 

evidence for the null hypothesis shown in the Bayesian analyses and the variability of IPS 

volumes shown in Figure 3.1. Related to this issue, is the heterogeneity found in children 

identified as having RD+MD, meaning that results of neuroimaging studies may, in part, depend 

on the measures used to characterize their reading and math skills. In our study, some children 

had impairments in one of the math measures (WJ-III Calculation subtest) but were not impaired 

on the other (WJ-III Math Fluency subtest) and vice versa. This suggests that our RD+MD was 

not entirely homogeneous in their math profiles, which is likely to have been the case in the prior 

studies as well. Notably, the primary and most severe deficit in our RD+MD group is math 

fluency (i.e., timed math), rather than untimed calculation. This aspect of arithmetic has been 

closely linked to both phonological processing and reading ability (Hecht et al., 2001). This 

finding speaks to the putative role that language plays in both reading and arithmetic fact 

retrieval, which has been suggested to be an important measure accounting for RD+MD 

comorbidity (Moll et al., 2019). Despite this, our results did not provide evidence for the 

verbally-mediated hypothesis. Nevertheless, future studies will need to focus on groups of 

children that are defined around specific aspects of reading and math performance. In this regard, 

a dimensional approach might be more fruitful as the use of a categorical approach has come 

under increasing criticism (Branum-Martin et al., 2013; Peters & Ansari, 2019). There have been 

several studies in recent years that have examined correlations between either reading (Perdue et 

al., 2020; Torre & Eden, 2019) or math performance (Polspoel et al., 2020; Suárez-Pellicioni et 

al., 2021; Torre et al., 2020; Wilkey et al., 2018) and structural MRI measures. These approaches 

need to be applied to better capture the various reading and math skills and how they relate to 

brain structure in children with learning disabilities. 



 73 

These difficulties and limitations also pertain to studies examining the same question 

from the perspective of brain activity. Our current study was focused on GMV measured with 

VBM based on its widespread use and also because anatomical measures avoid the added 

complexity introduced by specific tasks in functional brain imaging studies. However, such 

studies can use tasks that selectively target calculation-based arithmetic or retrieval-based 

arithmetic to engage the IPS or left hemisphere language regions, respectively (Evans et al., 

2014, 2016). To date, there has been only one brain imaging study examining children with RD-

only, MD-only, and RD+MD. Notably, while these groups differed from controls during both 

reading and arithmetic tasks, there were no differences in brain activity among these three groups 

with reading and/or math difficulties (Peters et al., 2018), which is consistent with the studies on 

GMV to date. 

Conclusion 

We expected to observe lower GMV in regions previously shown to differ in children 

with MD-only (i.e., IPS) in the RD+MD group, as compared to the group with RD-only. 

However, we found no significant differences in IPS GMV between the two groups in either ROI 

or whole-brain analyses. Instead, we observed lower GMV in left cerebellum in children with 

RD+MD (relative to children with RD-only). The three models of RD+MD comorbidity (i.e., 

additive, verbally-mediated, and domain-general) set clear expectations for the location of GMV 

differences (IPS, left hemisphere reading/phonological regions, or prefrontal cortex, 

respectively) and none of these regions differed between our groups. This, combined with the 

fact that none of the models involve the cerebellum, means that our findings do not provide 

support to any of these models. Furthermore, the two prior GMV studies of RD+MD did not 

observe any significant differences when these were compared to an RD-only group either. 
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Taken together, our main finding is that there are no differences in brain structure associated 

with MD in children with RD that lend support to an additive model or any other model to 

explain RD+MD.  
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CHAPTER IV: AGREEMENT BETWEEN FREESURFER AND CAT12 CORTICAL 

THICKNESS IN CHILDREN AND ADOLESCENTS 

Introduction 

The human cerebral cortex is a highly folded structure that ranges in thickness from 1 to 

4.5 millimeters (Fischl & Dale, 2000). Cortical thickness (CT) can be measured at the single-

subject level on anatomical magnetic resonance imaging (MRI) scans. These measurements are 

typically combined across participants to report in vivo CT characteristics between groups (e.g., 

with and without diseases), within participants over time (e.g., examining the effect of 

intervening treatment), or as a function of continuous variables (e.g., examining the effect of 

age). Currently, investigators have a choice of which software program(s) to use to measure CT. 

Two of the most popular programs, which we focus on for the present work, are FreeSurfer 

(Fischl, 2012) and the Computational Anatomy Toolbox (Dahnke et al., 2013), which differ in 

the computations by which they derive values for CT, as briefly described next. 

The standard FreeSurfer procedure (Fischl, 2012) involves automated reconstruction of 

the entire cortical surface that is used to estimate CT and other measures (e.g., gray matter 

volume, surface area). The construction of white matter and pial surfaces typically requires 

substantial investigator image editing, which is a time-intensive process and may introduce 

variability across studies if decisions made by investigators during this process vary (McCarthy 

et al., 2015). However, CT values generated in FreeSurfer have been validated through 

postmortem histology, indicating they are robust (Cardinale et al., 2014; Rosas et al., 2002). The 

Computational Anatomy Toolbox (CAT12), which is integrated into the Statistical Parametric 

Mapping (SPM12) analysis suite, performs a fully-automated and voxel-based projection-based 
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thickness (PBT) approach that requires no manual editing (Dahnke et al., 2013). Unlike in 

Freesurfer, there are no studies verifying CT values derived in CAT12 with postmortem data. 

To date, three studies have compared CT estimates derived from FreeSurfer and CAT12 

within the same datasets (see Table 4.1), with some using CT averaged across the entire cortex 

(i.e., whole-cortex CT) and others using CT within smaller parcellated regions (i.e., regional 

CT). In the first of these studies, Righart et al. (2017) studied 79 healthy adult controls as well as 

166 adult patients with multiple sclerosis (MS) and performed several analyses, some at the 

whole-cortex level and others at the parcellated regional level. At the whole-cortex level, the 

authors found significantly lower CT values with CAT12, relative to FreeSurfer, in both groups. 

At the regional level, the authors observed strong positive correlations between FreeSurfer and 

CAT12 CT values in the patient group (the control group was not submitted to this same 

analysis) using parcels from the Desikan-Killiany atlas (Desikan et al., 2006). Second, Seiger 

and colleagues (2018) studied 44 healthy elderly female participants and analyzed regional-level 

CT with the Desikan-Killiany atlas. In line with the findings of Righart et al. (2017), the authors 

observed a positive correlation between FreeSurfer and CAT12 CT values at the regional level. 

However, they reported significantly lower values from FreeSurfer than CAT12 in 32 out of the 

34 atlas regions tested (Seiger et al., 2018). Third and most recently, Kharabian Masouleh et al. 

(2020) examined two large datasets of healthy adults from the Human Connectome Project 

(HCP) and the Genetics of Brain Structure and Function Study (GOBS). The authors reported 

positive Spearman’s rank correlations between FreeSurfer and CAT12 CT values in both 

samples at the level of the whole cortex. Also, in both the HCP and GOBS datasets, FreeSurfer 

produced lower whole-cortex CT values than CAT12, the opposite of that observed in the 

original study by Righart at  al. (2017). Regional analyses, this time performed using the 
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Schaefer parcellation (Schaefer et al., 2018), demonstrated a mix of results: CAT12 yielded 

significantly lower CT values than FreeSurfer in insular and temporal lobe regions, while 

FreeSurfer values were lower in pre- and post-central gyri and in visual cortex (Kharabian 

Masouleh et al., 2020). Taken together, these three studies in adults speak to a high 

correspondence between CT values derived from FreeSurfer and CAT12, both at the level of the 

whole cortex and regionally, but there are differences in the magnitude of the CT values, albeit 

not in ways that are consistent. 

Table 4.1. Prior CT Studies Comparing FreeSurfer and CAT12 

Study Sample 
Size 

Sample 
Description 

Correlations Comparisons 
Whole-
cortex 

Regional Whole-
cortex 

Regional 

Righart et al., 
2017 

79 Healthy  
Adults 

Not 
reported 

Not 
reported 

FreeSurfer > 
CAT12 
 

Not reported 

 166 
 

Patients: MS 
Adults 

Not 
reported 

Positive 
(r = 0.84) 
 

FreeSurfer > 
CAT12 
 

Not reported 

Seiger et al., 
2018 
 

44 Healthy  
Elderly 
females 
 

Not 
reported 

Positive 
(r = 0.91) 

Not reported CAT12 > 
FreeSurfer 

Kharabian 
Masouleh et al., 
2020 

981 Healthy  
Adults 

Positive 
(r = 0.85) 
 

Not 
reported 

CAT12 > 
FreeSurfer 

Mixed results 

 832 Healthy 
Adults 

Positive 
(r = 0.89) 

Not 
reported 

CAT12 > 
FreeSurfer 
 

Mixed results 

Summary of major findings from the prior CT studies comparing FreeSurfer and CAT12. 
 

Convergence of CT measurements in children and adolescents have not been studied in 

this way. During childhood and adolescence, there are changes in cortical morphology involving 

broad developmental thinning (at an annual rate of 1%) with large regional variations (Sowell et 

al., 2004; Tamnes et al., 2017). The variability in anatomy found at this age might be combined 

with variability in image quality as head movements are common in younger participants 

(Blumenthal et al., 2002; Brown et al., 2010; Dosenbach et al., 2017; Satterthwaite et al., 2012)  
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and contribute to poor MR image quality and lower CT estimates (Reuter et al., 2015). It is 

currently unknown if these effects have more of an impact on either FreeSurfer or CAT12 

estimates, which could result in lower agreement (i.e., reduced correlations) between the CT 

values obtained by these two methods. Given the relatively high variability of CT values in 

younger participants, it would therefore be of interest to know whether the correspondence 

between FreeSurfer and CAT12 CT measurements are also high in children and adolescents. 

Following the approaches used in the adult studies described above, we tested for 

correspondence between FreeSurfer and CAT12 using both correlations between and 

comparisons of CT values, at the whole cortex and regional levels. 

Methods 

Approach 

To study the overall agreement between FreeSurfer and CAT12 in children and 

adolescents, we first examined correlations of whole-cortex CT values from FreeSurfer and 

CAT12, similar to a prior study in adults (Kharabian Masouleh et al., 2020). Next, to test for 

correlations between these two programs at the regional level, each individual’s cortex was 

parcellated using the Desikan-Killiany atlas (Desikan et al., 2006), similar to two prior studies in 

adults (Righart et al., 2017; Seiger et al., 2018).  

We followed this by testing for absolute differences in CT magnitude between FreeSurfer 

and CAT12 at the level of the whole cortex, similar to two studies conducted in adults  

(Kharabian Masouleh et al., 2020; Righart et al., 2017); and at the regional level, within each 

parcel from the Desikan-Killiany atlas, similar to a study conducted in adults (Seiger et al., 

2018). 
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Participants 

Children and adolescents were recruited from the greater Washington, DC metropolitan 

area as part of a program of research on learning disabilities. For the current study, we included 

58 participants, making our sample size larger than the study of adults by Seiger and colleagues 

(2018), but smaller than the other two adults studies. Participants ranged in age from 6.4 to 16.1 

years (M = 9.6, SD = 2.0). The sample was 41% female and 59% male. Many of the same 

participants were included in another report (Chapter III) on gray matter volume in children and 

adolescents with reading and math disability (also known as dyslexia and dyscalculia), and as 

such 53% of the sample had a learning disability. Since these learning disabilities are associated 

with differences in CT (Altarelli et al., 2013; Clark et al., 2014; Ma et al., 2015; Ranpura et al., 

2013; Williams et al., 2017), we expected our sample to be heterogeneous, which is desirable for 

testing the consistency of CT values derived from the two programs. 

The Georgetown University Institutional Review Board approved all experimental 

procedures. Informed consent was obtained from the legal guardian for all our pediatric subjects, 

who themselves also assented to participating. Each child received a toy prize and gift card for 

their participation. 

Scan Acquisition 

Image acquisition was performed using a 3T Siemens Trio scanner located in the Center 

for Functional and Molecular Imaging at the Georgetown University Medical Center. As a 

precaution to reduce artifacts from head motion, all participants underwent training in a mock 

scanner to acclimate them to the MRI environment (i.e., noise and confined space) prior to the 

acquisition of MRI data. T1-weighted MPRAGE images were acquired for each participant using 

the following parameters: repetition time (TR) = 1600 ms; echo time (TE) = 4.48 ms; flip angle 
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(FA) = 15°; field of view (FOV) = 256 mm; voxel size = 1 x 1 x 1 mm3. Each scan was used for 

estimating CT values in both Freesurfer and CAT12. 

FreeSurfer Preprocessing 

The T1-weighted image for each subject was preprocessed using the FreeSurfer software 

(http://surfer.nmr.mgh.harvard.edu, version 6.0.0) standard “recon-all” pipeline to create a 3D 

cortical surface. This pipeline included removal of non-brain tissue (Ségonne et al., 2004), 

intensity normalization (Sied et al., 1998), automated topology correction (Fischl, Liu, & Dale, 

2001; Ségonne, Pacheco, & Fischl, 2007), and surface deformation to optimally reconstruct the 

white matter and pial surfaces (Dale & Sereno, 1993; Dale, Fischl, & Sereno, 1999; Fischl & 

Dale, 2000). Once the white matter and pial surfaces were reconstructed, they were inflated and 

registered to the fsaverage spherical atlas, which is based on cortical folding patterns, to match 

cortical geometry across participants’ scans (Fischl, Sereno, Tootell, & Dale, 1999). CT at each 

vertex was defined as the distance between the white matter and pial surfaces (Dale et al. 1999; 

Fischl and Dale, 2000). Trained researchers manually edited both surfaces as needed, using 

control points for normalization errors and edits for segmentation/skull strip errors.  

CAT12 Toolbox Preprocessing 

The same T1-weighted image for each subject was also preprocessed using the CAT12 

toolbox (http://www.neuro.uni-jena.de/cat/, version 12.6/r1444). This toolbox was implemented 

via SPM12 (Wellcome Trust Centre for Neuroimaging; http://www.fil.ion.ucl.ac.uk/spm) using 

MATLAB version R2017b (Mathworks). In this processing stream, tissue segmentation was 

performed using a custom tissue probability map (TPM), created in the Template-O-Matic 

(TOM8) toolbox (Wilke et al., 2008). The custom TPM was generated from a pediatric sample 

that was matched to our sample on both age and sex. Following segmentation, the central cortical 
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surface was reconstructed at the midpoint between the inner and outer cortical gray matter sheet. 

CT was then estimated using a projection-based thickness (PBT) method, in which projections to 

voxels on both sides of the central surface were used to generate CT values without explicitly 

reconstructing cortical sulci (Dahnke et al., 2013). After surface reconstruction, processing 

included topology correction, surface refinement, and spherical registration to the fsaverage atlas 

(Yotter, Thompson, & Gaser, 2011; Yotter, Dahnke, Thompson, & Gaser, 2011). CT at each 

vertex was defined as the distance between the central and white matter surfaces, projected out to 

the gray matter surface. CAT12 does not involve manual editing, but all scans met a CAT image 

quality rating of satisfactory or higher (>70%) and were visually inspected for skull-stripping 

and segmentation errors. 

Statistical Analyses 

Following preprocessing in Freesurfer and CAT12, we extracted both whole-cortex and 

regional CT for each scan. Whole-cortex CT was defined as the average CT across all vertices in 

the cortical surface, thus resulting in one whole-cortex CT value per participant per program. 

Regional CT was defined as the average CT within each parcel of the Desikan-Killiany atlas, 

which contains 34 parcels per hemisphere, for a total of 68 regional CT values per participant per 

program (Desikan et al., 2006). Instead of averaging CT values across both hemispheres for our 

regional analyses (see Seiger et al., 2018), we examined each parcel in each hemisphere 

separately. 

For the first set of analyses, we tested for Pearson’s correlations between CT values 

derived from FreeSurfer and CAT12 at both the whole-cortex and regional levels. The whole-

cortex level analysis was conducted by testing for a correlation between all 58 subjects’ pair of 

whole-cortex values, one for each program. The regional-level correlation analysis was 
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conducted in two ways: 1) on all 3944 available pairs of regional CT values (68 regions in each 

of the 58 participants) to characterize overall agreement between the methods across all regions 

and participants; and 2) on the 58 subjects’ pairs of values for each region (one pair for each 

participant) to test these correlations at each of the 68 parcels. This dual approach yielded 

information on the overall correlation when sampled multiple times across the cortex (e.g., 

Righart et al., 2017 and Seiger et al., 2018), as well as yielding the spatial distribution of 

correlations at each specific anatomical region. 

For the second set of analyses, we performed paired t-tests to examine absolute 

magnitude differences in CT values generated from FreeSurfer and CAT12 at both the whole-

cortex and regional levels. 

Since separate correlations and t-tests were conducted within each of the 68 parcels in the 

Desikan-Killiany atlas as part of the regional CT analyses, a Holm p-value correction was 

applied to limit Type I error (Holm, 1979); all reported statistics reflect corrected values. Spatial 

distributions of the regional CT correlations and differences were visualized using the ggseg R 

package (Mowinckel & Vidal-Piñeiro, 2020). 

Results 

Whole-Cortex CT and Regional CT Correlations 

When testing for a correlation between whole-cortex CT values generated by FreeSurfer 

and CAT12 in the 58 participants (i.e., one pair per participant), there was a significant positive 

association (r = 0.744, p < 0.001; Figure 4.1). The slope of the best-fit regression line showed a 

predicted CAT12 CT value equal to 0.292 + 0.966 (FreeSurfer CT), where CT is measured in 

mm. Thus, CAT12 whole-cortex CT values increased 0.966 mm for each 1 mm of FreeSurfer 

whole-cortex CT. 
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Figure 4.1. Whole-Cortex CT Correlation Results. Whole-cortex CT values from FreeSurfer 
and CAT12 exhibited a significant positive Pearson’s correlation (r = 0.744, p < 0.001). Black 
circles indicate the whole-cortex CT values from each participant, and the best fit regression line 
is shown in blue. 
 

When testing for a correlation between all of the regional CT values generated by 

FreeSurfer and CAT12 (68 parcels) for all participants (58), there was a significant positive 

correlation (r = 0.853, p < 0.001; Figure 4.2). The slope of the best-fit regression line showed a 

predicted CAT12 CT value equal to 0.243 + 0.995 (FreeSurfer CT), where CT is measured in 

mm. Thus, CAT12 regional CT values increased 0.995 mm for each 1 mm of FreeSurfer regional 

CT. 
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Figure 4.2. Regional CT Correlation Results. Regional CT values from FreeSurfer and 
CAT12, across all participants and regions, exhibited a significant positive Pearson’s correlation 
(r = 0. 853, p < 0.001). Black circles indicate the CT values from each participant (58) and 
region (68, yielding 3944 total values), and the best fit regression line is shown in blue. 
 

When testing for a correlation between regional CT values generated by FreeSurfer and 

CAT12 within each of the 68 parcels of the Desikan-Killiany atlas, we found r values ranging 

from 0.331 to 0.879 (Figure 4.3; see Appendix A and B for a list of r and unadjusted p values for 

each region). Correlations in all regions survived multiple comparisons correction. 
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Figure 4.3. Surface Maps for Regional CT Correlation Analysis. The top row displays r 
values (FreeSurfer versus CAT12) for each parcel and the bottom row displays p values for each 
within-parcel correlation, adjusted using Holm’s method. From left to right, each row shows the 
left lateral, left medial, right medial, and right lateral views. 
 
Whole-Cortex CT and Regional CT Magnitude Comparisons 

When comparing the magnitudes of whole-cortex CT values generated by FreeSurfer (M 

= 2.65 millimeters [mm], SD = 0.08 mm) versus CAT12 (M = 2.85 mm, SD = 0.10 mm), there 

was a significant difference, with FreeSurfer yielding CT values that were 0.20 mm lower than 

CAT12 on average (t(57) = 22.5, p < 0.001; Figure 4.4). 
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Figure 4.4. Whole-Cortex CT Magnitude Comparison Results. CT from FreeSurfer and 
CAT12 were compared using a paired t-test, revealing significantly lower whole-cortex CT 
values from FreeSurfer compared to CAT12 (**** = p < 0.0001). Box and whisker plots indicate 
the median, interquartile range, and outliers; violin plots represent the probability density for CT 
values.  
 

When comparing the magnitudes of CT values within each of the 68 regions, the average 

difference between regional CT values generated by the two programs was 0.22 mm, with 

FreeSurfer consistently yielding lower values than CAT12. We observed significant differences 

in 64 of the 68 regions (adjusted p < 0.02), all of which had lower CT in FreeSurfer than CAT12 

(Figure 4.5; see Appendix A and B for individual values). The remaining four regions (left 

parahippocampal gyrus, left caudal anterior cingulate cortex, left frontal pole, and right lateral 

occipital cortex) did not differ significantly (adjusted p > 0.12).  
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Figure 4.5. Surface Maps for Regional CT Magnitude Comparison Analysis. The top row 
displays the difference in CT (FreeSurfer minus CAT12 in mm) for each parcel, and the bottom 
row displays p-values for each paired t-test, adjusted using Holm’s method. From left to right, 
each row shows the left lateral, left medial, right medial, and right lateral views. 
 
Discussion 

Summary 

The principal goal of this study was to determine the degree to which FreeSurfer and 

CAT12 converge for CT values in children and adolescents. An indication of agreement can be 

gained from correlations, which were positive and highly significant, at both the level of the 

whole cortex and at the regional levels. However, when comparing CT values, there were 

differences in the magnitude, with FreeSurfer yielding lower CT values than CAT12 at the level 

of the whole cortex, as well as at the regional level for all but four of the 68 regions, with no 

regions yielding lower CT values in CAT12. Overall, we conclude that there is good 

convergence between FreeSurfer and CAT12 for CT values in children and adolescents, which is 

consistent with prior studies conducted in adults (Kharabian Masouleh et al., 2020; Righart et al., 

2017; Seiger et al., 2018). Additionally, our results of lower CT values generated by FreeSurfer 

in children and adolescents are consistent with similar findings in studies of adults (Kharabian 

Masouleh et al., 2020; Seiger et al., 2018). 
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CT Correlations at the Whole-Cortex and Regional Levels 

We observed high convergence between FreeSurfer and CAT12 in our sample of children 

and adolescents. For whole-cortex CT, we found a correlation of r = 0.744 between FreeSurfer 

and CAT12. This is consistent with the only prior study in adults that conducted correlations at 

the level of the whole cortex and found positive correlations in two independent samples 

(Kharabian Masouleh et al., 2020). 

At the regional level, we observed an overall correlation of r = 0.853 between FreeSurfer 

and CAT12 when combining data across all 58 participants and all 68 parcels. This finding is 

consistent with the two prior studies conducted in adults which employed similar methods to 

those used here (using regional CT values from the Desikan-Killiany atlas). In particular, Righart 

et al. (2017) reported a positive across-region correlation of r = 0.84 in their group of 166 adult 

MS patients (although a similar analysis was not conducted in their sample of 79 healthy adults) 

and Seiger et al. (2018) reported a positive correlation of r = 0.91 in 44 healthy elderly female 

participants. As would be expected, our observed regional correlation was greater than the 

correlation at the whole-cortex level, likely due to the increased number of datapoints and added 

anatomical specificity of the regional CT values. 

Lastly, when examining correlations between FreeSurfer and CAT12 within each atlas 

region, we observed positive correlations for all 68 parcels. However, there was considerable 

variation in the strength of the correlation across these regions, with r values ranging from 0.331 

to 0.879. These findings are also consistent with one of the prior adult studies: Seiger and 

colleagues (2018) reported regional CT correlation values ranging from r = 0.40 in medial 

orbitofrontal cortex to r = 0.92 in superior frontal gyrus. Although Kharabian Masouleh et al. 

(2020) relied on a different cortical parcellation and did not report correlation values for 
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individual regions, there was convergence between their qualitative results and several of our 

findings. Specifically, superior temporal lobes were observed to have the highest correlations 

between FreeSurfer and CAT12 in both the HCP and GOBS samples, and we observed the 

highest correlations in two superior temporal regions in our sample: right and left banks of the 

superior temporal sulcus (r = 0.879 and 0.873, respectively). Additionally, parahippocampal 

gyrus was one of the regions that showed low correlations in both the HCP and GOBS samples 

in the adult study by Kharabian Masouleh and colleagues (2020), and in our study the right 

parahippocampal gyrus also had one of the lowest correlation values (r = 0.343). Thus, ventral 

regions, such as the parahippocampal gyrus, may present measurement challenges that are 

handled differently by FreeSurfer and CAT12, resulting in CT from ventral areas being less 

comparable across programs in both pediatric and adult samples. 

Although adult studies have provided evidence for convergence between FreeSurfer and 

CAT12, it is unknown whether similar correlations would be observed in data from children and 

adolescents. Given that childhood and adolescence is associated with widespread cortical 

changes (Giedd et al., 1999; Gogtay et al., 2004; Mills et al., 2016a; Raznahan et al., 2011; P. 

Shaw et al., 2008; Tamnes et al., 2017; Walhovd et al., 2017), CT in this age range is likely to be 

more variable. Further, younger participants are more likely to exhibit head movement during the 

acquisition of the MRI scans (Blumenthal et al., 2002; Brown et al., 2010; Dosenbach et al., 

2017; Satterthwaite et al., 2012), which in turn could affect the CT estimates derived by either 

FreeSurfer or CAT12. Despite these potential concerns, we observed strong positive correlations 

between CT values generated from FreeSurfer and CAT12, both at the whole-cortex and regional 

levels. 
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CT Differences at the Whole-Cortex and Regional Levels 

At the whole-cortex level, FreeSurfer yielded significantly lower CT values than CAT12, 

which is consistent with one prior study conducted in adults with two separate samples 

(Kharabian Masouleh et al., 2020), but inconsistent with another study in adults that observed the 

opposite finding (Righart et al., 2017). 

At the regional level the results were the same, with FreeSurfer generating significantly 

lower CT values than CAT12 in all but four parcels. No parcels showed relatively higher CT 

values for FreeSurfer. Our results for this analysis are consistent with those of Seiger et al. 

(2018). We examined 68 individual parcels while in the study of adults by Seiger and colleagues, 

regional values were averaged between the left and right hemisphere before being compared. Of 

these 34 regions examined by Seiger et al., 32 exhibited lower CT values with FreeSurfer 

relative to CAT12. Thus, our findings are very similar. Furthermore, in both studies, the caudal 

anterior cingulate cortex was one of the regions that did not differ in CT when comparing the 

two programs (specifically in the left hemisphere in our study and averaged across both 

hemispheres in Seiger et al.). The adult study of Righart et al. (2017) did not directly quantify 

regional CT differences between the two programs while Kharabian Masouleh and colleagues 

(2020) did, but they observed a mix of higher and lower regional CT values from FreeSurfer 

(Kharabian Masouleh et al., 2020). Of note, they also used a different atlas, making it difficult to 

directly compare to other studies. While the underlying reasons for these differences are not 

immediately clear, our results demonstrated systematically lower CT values via FreeSurfer than 

CAT12 in 94% of cortical regions, and at the level of the whole cortex.  

The differences in CT magnitude generated by FreeSurfer and CAT12 in the current 

study merit some consideration. The question arises whether one program is accurate and the 
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other not, or if both programs are inexact. While regional CT values generated by FreeSurfer 

have been shown to correspond to postmortem histological samples from patients with 

Huntington’s Disease (Rosas et al., 2002) and epilepsy (Cardinale et al., 2014), there is no 

analogous evidence validating CT values from CAT12. However, there is generally no “ground 

truth” for in vivo CT estimates in children and adolescents. While it is beyond the scope of this 

study to determine the reason for the discrepancy of CT values derived by each program, we 

entertain several possibilities that might explain these relative differences in CT values next. 

One way in which the two programs differ is that only FreeSurfer typically requires 

manual editing. This raises the question of whether manual editing could result in the lower 

FreeSurfer CT values (McCarthy et al., 2015). We conducted the process in FreeSurfer as 

intended, employing manual editing with the goal to produce the most accurate CT values 

possible. For example, editing likely counters the effects of motion artifacts, which have been 

shown to lower CT estimates (Reuter et al., 2015). Also, manual editing has been shown to 

improve the correlation between CT values and postmortem histological data (Popescu et al., 

2016). While it may be tempting to ascribe the discrepancies between the two methods to the use 

of manual editing, the two prior studies conducted in adults that also showed relatively lower CT 

values from FreeSurfer (Kharabian Masouleh et al., 2020; Seiger et al., 2018) did not perform 

any manual editing (although they checked for segmentation errors or other artifacts by visual 

inspection). This suggests that the manual editing did not drive the difference in the two 

programs observed in the current study. 

Another possible factor responsible for discrepancies in CT values generated by the two 

programs are different versions of both FreeSurfer and CAT12. The two other studies that also 

observed lower CT values generated by Freesurfer relative to CAT12 (Kharabian Masouleh et 
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al., 2020; Seiger et al., 2018) also used FreeSurfer version 6.0, which we employed here. In 

contrast, the one study that reported higher Freesurfer-derived CT values used version 5.3.0 

(Righart et al., 2017). The version of CAT12 used in our study is most similar to the one used by 

Kharabian Masouleh and colleagues (2020), since we relied on version 12.6 and they used 

version 12.5, versus Righart et al. (2017) and Seiger et al. (2018), who, by nature of their earlier 

investigation, implemented earlier releases. Taken together, our results are most similar to prior 

studies using the same version of FreeSurfer, regardless of which CAT12 release was used. As 

new versions of both software programs are released, subtle changes to the computations may be 

introduced (e.g., registration, tissue segmentation), thereby affecting how well these two 

programs converge. Even though we cannot explain the computations that are responsible for the 

differences we observed in the generation of CT values, it is critical for future studies to report 

the version of each software used to better characterize variability between releases and for 

correspondence of and comparisons between FreeSurfer and CAT12 to continue (Klapwijk et al., 

2021). Validation against postmortem data would also be helpful. Importantly, it is clear that it 

would be problematic to directly compare the CT values obtained from these different programs 

in any situation (e.g., comparing CT between two published studies executed with one versus the 

other program; combining CT data from participants if CT was measured by a mix of these 

programs). 

CT in Children and Adolescents 

Developmental changes in CT are also of interest for MRI studies of children and 

adolescents in this age range. Such studies have revealed the changing nature of CT during 

development and future studies are needed to determine how these two programs compare in the 

detection of developmental changes, which will depend on the level of variability that is 
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introduced when the same subject’s CT is measured more than once. Since prior studies have 

observed high test-retest reliability for CT values generated in both FreeSurfer and CAT12 in 

adult participants with multiple scans (Kharabian Masouleh et al., 2020; Seiger et al., 2018), one 

would anticipate that both programs would be sensitive to detecting the developmental 

trajectories of CT within individual participants. 

There are two important methodological issues for structural MRI studies of children and 

adolescents that warrant further consideration: the need for age-appropriate segmentation tools, 

and a pediatric template for surface registration. First, for segmentation, the default FreeSurfer 

and CAT12 preprocessing steps perform tissue segmentation using very different approaches. 

Specifically, the FreeSurfer analysis stream implements automated tissue segmentation using 

spatial intensity gradients and neighborhood continuity constraints (Fischl et al., 2002, 2004). In 

contrast, CAT12 requires users to select tissue priors (i.e., a TPM); both SPM12 and CAT12 rely 

on default priors generated from 549 adult participants in the IXI dataset (http://brain-

development.org/ixi-dataset/). In the current study, we used the TOM8 toolbox to generate an 

age- and sex-matched TPM for tissue segmentation in CAT12, which is similar to a 

recommended segmentation approach for volumetric analysis (Phan et al., 2018, see also Haynes 

et al., 2020). However, an analogous customization was not possible for FreeSurfer, and so we 

used the default approach mentioned above. It may therefore be tempting to attribute differences 

between FreeSurfer and CAT12 CT values in the current study on our use of a custom TPM, but 

our results are consistent with two prior studies in adults that also used the default segmentation 

parameters (Kharabian Masouleh et al., 2020; Seiger et al., 2018). The ability to easily modify 

tissue segmentation settings for pediatric samples within CAT12 may make this program an 
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attractive option for developmental cognitive neuroscientists, although future work should 

consider whether such customization introduces bias when comparing pediatric and adult groups. 

Second, with regards to pediatric templates, the fsaverage template was used to register 

surfaces as part of the standard preprocessing in both FreeSurfer and CAT12. This common 

template space was necessary to parcellate the cortex into the 68 regions of the Desikan-Killiany 

atlas after processing in each program. However, the fsaverage template was generated using 

scans from 40 adult participants (Fischl et al., 1999), and neither FreeSurfer nor CAT12 provide 

surface templates generated from pediatric data. The use of an adult template was common to 

both programs – unlike the differences in tissue segmentation described above – and was 

therefore unlikely to add to discrepancies between the programs. However, future CT studies of 

children and adolescents should take into account potential deficits in registration accuracy that 

may result from the lack of appropriate pediatric templates.  

Conclusions 

CT can be measured from MRI scans by the use of FreeSurfer or CAT12. Here, we 

addressed the question of whether the CT values generated by each of these programs would 

exhibit strong agreement when applied to data acquired in children and adolescents. We found 

high positive correlations between the two programs, consistent with prior studies comparing 

FreeSurfer and CAT12 in adults. However, the magnitude of CT values differed between the two 

methods at both the whole-cortex and regional levels, with FreeSurfer generating relatively 

lower values than CAT12. As such, CT values published with these two methods cannot be 

directly compared. Future studies need to determine which program generates CT values that are 

closer to the actual value. 
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CHAPTER V: GENERAL DISCUSSION 

This dissertation addressed two questions about brain structure in children in the context 

of co-occurring neurodevelopmental disorders, and one question about consistency between two 

tools used to measure brain structure. Chapter II examined whether attention-

deficit/hyperactivity disorder (ADHD) in the presence of learning disabilities (LD) results in the 

same deficits in gray matter volume (GMV) associated with ADHD alone. The LD+ADHD 

group unexpectedly exhibited no GMV differences in the basal ganglia and instead displayed 

greater GMV, as compared to LD only, in right rolandic operculum/insula. We also observed 

greater GMV in other regions in LD+ADHD which was not driven by ADHD per se, but by the 

medicated participants in the LD+ADHD group. Surprisingly, symptoms of ADHD (i.e., 

inattention and hyperactivity-impulsivity) correlated positively with cortical GMV, suggesting 

these may be specific mechanisms that link GMV deficits with ADHD symptoms in children 

with LD. Chapter III similarly tested whether developmental dyscalculia (math disability, or 

MD) in the presence of developmental dyslexia (reading disability, or RD) is associated with the 

same differences in brain structure commonly found in MD alone. Unexpectedly, the RD+MD 

group did not have lower GMV in the intraparietal sulcus (IPS), as compared to the group with 

RD alone. This suggests that MD in the presence of RD does not manifest in the same GMV 

profile found in children with MD alone. There was relatively less GMV in left cerebellum in the 

group with RD+MD, a finding that could not be explained by any of three models considered. 

Finally, Chapter IV investigated whether two common programs used to measure cortical 

thickness (CT), FreeSurfer and CAT12, converge in their estimation of whole-cortex and 

regional CT in children and adolescents. As expected, based on prior studies in adults, there were 

high positive correlations between FreeSurfer and CAT12 at both the whole-cortex and regional 
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levels, although CAT12 consistently produced higher CT estimates. Overall, the findings in this 

dissertation contribute several insights to the neural basis of co-occurring developmental 

disabilities, as well the relationship between two programs frequently used to measure brain 

structure. 

Implications for LD+ADHD and RD+MD Comorbidity 

In Chapter II, the finding of no significant differences in basal ganglia GMV between the 

LD and LD+ADHD groups suggests that ADHD in the presence of LDs is not associated with 

the same basal ganglia deficits found in ADHD alone. Further, there were no regions that 

differed between the two groups but were “normalized” after medication was taken into account 

– even though such normalization has demonstrated a connection between anatomical anomalies, 

ADHD, and reversal of anatomical anomalies following pharmacological treatment. Instead, 

there were several regions of greater GMV that were not related to ADHD, but rather to the use 

of medication. We observed greater GMV in the right rolandic operculum/insula in LD+ADHD 

(compared to LD-only), which we could not interpret given prior studies. To account for the 

observation of no differences in basal ganglia GMV between the two groups, combined with the 

effects of medication, we suggest that the diagnoses of ADHD in our group were in large part 

based on behaviors that emanate from the children’s LD and are not based on having ADHD in 

the more typical sense described in the ADHD literature. Of the major theories that describe 

comorbidity between LDs and ADHD, our findings fit most closely with the phenocopy 

hypothesis, which posits that ADHD-like symptoms may be a secondary consequence of LDs 

(i.e., RD or MD) in children with LD+ADHD (Pennington et al., 1993). When considering our 

results in the context of other studies, it is interesting that the previous comparable study of 

RD+ADHD conducted by Langer and colleagues (2019) did not find differences in striatal GMV 
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between RD+ADHD and RD-only groups. In addition to confirming this null finding through 

frequentist and Bayesian analyses with GMV extracted from six basal ganglia regions of interest 

(ROIs), we did not detect differences in basal ganglia GMV in the whole-brain analysis and 

observed that medication use was responsible for the majority of the GMV differences we found 

in the current study. Thus, the findings of Chapter II add to the previous literature on RD+ADHD 

by demonstrating that children with LD+ADHD also do not exhibit the combined neural deficits 

of both disorders. 

Similarly, Chapter III concluded that, given the lack of significant GMV difference in 

IPS between the RD-only and RD+MD groups, MD in the presence of RD is not associated with 

the same IPS deficits found in MD-only. However, unlike the prior chapter on LD+ADHD, we 

do not conclude that the math problems in RD+MD are due to RD. While there is such a model, 

our results do not support it because we did not observe less GMV in left hemisphere 

reading/phonological processing areas, and the differences in our interpretations of each result 

will be discussed in more detail below. Instead, the whole-brain analysis revealed lower left 

cerebellar GMV in the RD+MD group. The cerebellum subserves motor functioning and several 

cognitive domains, such as working memory and emotional processing (King et al., 2019; 

Stoodley & Schmahmann, 2009). However, there is less evidence linking the cerebellum to 

arithmetic (Arsalidou et al., 2018), MD, or RD+MD. None of the three models regarding 

RD+MD comorbidity tested in our study (i.e., additive, verbally-mediated, and domain-general 

models) provide a compelling role for cerebellar deficits in RD+MD (Ashkenazi et al., 2013). 

Furthermore, in comparing the findings from this study to the prior literature on brain structure in 

RD+MD, none of the prior studies of children (Skeide et al., 2018) or adults (Moreau et al., 

2019) with comorbid RD+MD have found significant differences in GMV between groups with 
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RD+MD, and RD-only. Thus, while Chapter III is the only study to observe GMV differences in 

a group with RD+MD, the cerebellar finding does not provide compelling support for any 

existing models of RD+MD comorbidity. 

Implications for Studies of Comorbid Disorders 

The goal of Chapters II and III was to examine the neural basis of co-occurring disorders 

and interpret those findings in the context of existing theoretical models. Here, I reexamine the 

findings from those two studies through the lens of three types of models: multiple 

deficit/additive, phenocopy/verbally-mediated, and cognitive subtype/domain-general. While the 

study on LD+ADHD conducted in Chapter II was not guided by this third class of comorbidity 

models (i.e., cognitive subtype or domain-general), each of these three models are considered 

below, as I note the similarities between existing models of LD+ADHD and RD+MD 

comorbidity and the distinct interpretations applied to the results of Chapters II and III. 

The primary prediction across Chapters II and III was that co-occurring LD+ADHD and 

RD+MD, respectively, would result from the simple combination of neural differences found in 

each disorder on its own (when compared to controls). This prediction would be consistent with 

the multiple deficit model for LD+ADHD (Pennington, 2006) and the additive model for 

RD+MD (Ashkenazi et al., 2013), which are visualized in Figures 1.1 and 1.2, respectively. Each 

model posits that disorders have distinct behavioral and neural signatures and co-occur when 

multiple risk factors are present, although the models differ in terms of which disorders they 

describe. For example, children with LD+ADHD would be predicted to have lower GMV in 

regions related to their LD (e.g., left superior temporal cortex for RD and right IPS for MD), as 

well as in the basal ganglia due to ADHD. In RD+MD, this model would predict that children 

would demonstrate impairments in both left superior temporal cortex (Eckert et al., 2015; 
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McGrath & Stoodley, 2019; Richlan et al., 2013) and right IPS (McCaskey et al., 2020; Rotzer et 

al., 2007; Rykhlevskaia et al., 2009), which are associated with RD-only and MD-only, 

respectively. The results from Chapters II and III did not support these predictions, meaning that 

LD+ADHD and RD+MD do not simply reflect the combined GMV profiles observed in each 

disorder. 

Alternatively, the phenocopy model of LD+ADHD (Hinshaw, 1992; Pennington et al., 

1993) and the verbally-mediated model of RD+MD (Ashkenazi et al., 2013) would predict that 

deficits in one domain or disorder cause apparent deficits in another. For example, in 

LD+ADHD, LDs may cause children to appear inattentive, while it may also be that inattentive 

or hyperactive-impulsive behaviors may impair learning in reading and math (Pennington et al., 

1993). In Chapter II, we did not find differences in basal ganglia GMV between our LD+ADHD 

and LD-only groups, suggesting that children with LD+ADHD do not exhibit the neural deficits 

found in ADHD alone. We therefore interpreted this finding in the context of the phenocopy 

model and concluded that ADHD symptoms found in LD+ADHD likely reflected difficulties in 

reading and/or math, rather than the canonical neural differences attributed to ADHD alone. For 

RD+MD, the verbally-mediated model suggests that impairments in left hemisphere language 

regions, which support phonological awareness and reading, are responsible for both RD and 

RD+MD (Ashkenazi et al., 2013) and are potentially more severe in the comorbid group. In this 

case, groups with RD+MD would show lower GMV in these phonological awareness/reading 

regions as compared to groups with RD-only. We did not observe such findings in Chapter III. 

This suggests that impairments on one domain, which lead to deficits in another, may be specific 

to the context of LD+ADHD. However, for children with RD+MD, this was not the case, 

because the location of the GMV difference found in Chapter III does not provide evidence that 
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RD+MD is associated with deficits in brain regions supporting language, phonological 

awareness, or reading. 

A third possibility is that LD+ADHD and RD+MD have completely different neural 

bases than the individual disorders alone. For example, the cognitive subtype hypothesis would 

argue that LD+ADHD is a distinct disorder from either LD or ADHD alone (Rucklidge & 

Tannock, 2002). Similarly, the domain-general model proposes that RD+MD results from 

working memory and attention impairments, which is not the hallmark feature of either RD-only 

or MD-only (Ashkenazi et al., 2013). While these two related models both implicate deficits in 

prefrontal regions for LD+ADHD and RD+MD, the two models make separate predictions about 

the role of the prefrontal cortex in isolated disorders. The cognitive subtype model proposes that 

LD+ADHD is related to deficits in prefrontal cortex, but LD and ADHD each reflect distinct 

impairments in left superior temporal gyrus (STG)/right IPS and basal ganglia, respectively. In 

contrast, the domain-general model posits that the prefrontal cortex is impaired in all three 

disorders (i.e., RD-only, MD-only, and RD+MD), and that RD+MD results from a more severe 

deficit than in RD- or MD-only. While the findings of Chapters II and III do not provide robust 

support for these cognitive subtype and domain-general models, it may be critical for future 

studies to integrate a more holistic interpretation of prefrontal deficits in co-occurring disorders. 

In particular, deficits in executive functioning that are predicted by the domain-general model of 

RD+MD comorbidity have considerable similarities to the behavioral impairments found in 

ADHD (Rubia et al., 2014; Vaidya & Stollstorff, 2008). Given that children with RD+MD 

exhibit higher rates of ADHD than children with either RD or MD alone, newer models of 

comorbidity would benefit from consideration of whether domain-general deficits found in 
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RD+MD represent the contribution of co-occurring ADHD or if these are subclinical (or less 

persistent) impairments in working memory and attention occurring in the absence of ADHD. 

Expanding on the results of Chapters II and III, future transdiagnostic studies should 

expand on this work by comparing comorbid groups to ADHD- and MD-only groups to better 

characterize shared and unique GMV profiles. Further, although there are existing studies on 

RD+ADHD and RD+MD, the prior literature is not without limitations. For example, one study 

did not test for GMV differences between RD+ADHD, RD-only, and ADHD-only, but instead 

compared each of these groups to a typically developing control group (Jagger-Rickels et al., 

2018). In studies that have compared GMV from all four relevant groups, the comorbid groups 

have not been shown to differ from either single-deficit or control groups (Langer et al., 2019; 

Moreau et al., 2019; Skeide et al., 2018). These null findings may be due to insufficient 

statistical power provided by the small sample sizes (maximum of 15 participants per group) 

included in each study. This dissertation improves on past work with total sample sizes of 49 for 

the between-group comparison in Chapter II and 38 in Chapter III. Both studies successfully 

detected differences in GMV at the whole-brain level, even though differences were observed in 

unexpected brain regions. Since comorbidities are the rule – not the exception – for ADHD 

(Gnanavel et al., 2019; Semrud-Clikeman et al., 1992) and LDs (Haberstroh & Schulte-Körne, 

2019; Margari et al., 2013; Willcutt & Pennington, 2000b), large samples containing a range of 

isolated and comorbid conditions are needed to ensure that future studies are generalizable to the 

full variety of impairments present in each disorder.  

Heterogeneity Within and Between Disorders 

The disorders studied in this dissertation all exhibit some amount of behavioral 

heterogeneity. For example, there are three clinical presentations of ADHD: inattentive, 
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hyperactive-impulsive, and combined. Thus, not all children with this disorder display the same 

behavioral impairments. Similarly, not every child with RD demonstrates canonical difficulties 

in phonological awareness (Snowling, 2008), meaning that reading difficulties may instead result 

from a variety of underlying difficulties. For instance, some researchers have argued that there 

are subtypes of RD with primary deficits in orthographic processing (Curtin et al., 2001) or a 

“double-deficit” in both phonological awareness and rapid lexical access (Ozernov-Palchik et al., 

2017; Wolf & Bowers, 1999). MD is also heterogeneous and, in addition to deficits in math, 

children with this disorder also show impairments in visuo-spatial processing, working memory, 

and attention (Fias et al., 2013; Kaufmann et al., 2013; Szucs et al., 2013). In light of this wide 

range of behavioral deficits in MD, some scholars have suggested that MD with and without 

impairments in domain-general skills represent two distinct disorders (Rubinsten & Henik, 

2009). However, it is not yet known if deficits in non-numerical aspects of cognition reflect a 

cause or consequence of impaired numerical cognition in MD – or instead embody an unrelated 

epiphenomenon. 

Despite observed behavioral heterogeneity in ADHD, RD, and MD, neuroimaging 

studies have not always taken into account the variable profiles associated with each disorder. 

The most common approach used to study different subgroups of ADHD has been to examine 

GMV differences in the inattentive and combined subtypes of ADHD, while the hyperactive 

subtype is much less frequently studied. As compared to controls, children with the inattentive 

subtype tend to exhibit lower GMV in the caudate nucleus, thalamus, anterior cingulate cortex 

(ACC), and frontal cortex (de Mello et al., 2013). There have been several more studies 

examining the ADHD combined subtype, one of which revealed lower GMV in bilateral caudate 

nucleus and ACC, as compared to both the inattentive subtype and controls (Semrud-Clikeman et 
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al., 2017). Individuals with the combined subtype have also exhibited lower GMV in the 

hippocampus (Al-Amin et al., 2018) and cerebellum (Bledsoe et al., 2009; Bledsoe et al., 2011) 

as compared to controls. However, other studies have reported no significant differences in 

GMV in the combined subtype compared to the inattentive subtype (Maier et al., 2016; Pineda et 

al., 2002; Vilgis et al., 2016) or controls (Wellington et al., 2006). Due to these varied and 

inconsistent findings, more research is needed to determine the shared and unique neural 

substrates of each clinical subtype of ADHD. 

Studies of different subtypes in RD are even more limited in number. One voxel-based 

morphometry (VBM) study grouped children with RD into different clusters based on their 

behavioral deficits (Jednoróg et al., 2014). While Jednoróg and colleagues (2014) found that all 

RD subgroups exhibited lower GMV in the left inferior frontal gyrus (IFG) compared to 

controls, subgroups had differing overall patterns of GMV deficits. The RD group with the most 

impaired phonological awareness skills alone showed higher GMV in left cerebellum and right 

putamen and lower GMV in right premotor cortex. RD groups with primarily rapid naming 

deficits or a double-deficit in phonological awareness and rapid naming did not exhibit any 

unique GMV differences, suggesting that the GMV findings in RD may depend on the specific 

behavioral problems that accompany reading impairments. Using functional magnetic resonance 

imaging (fMRI), Norton et al. (2014), tested for differences in activation during a word rhyming 

task between controls, RD children with a phonological awareness deficit, RD children with a 

rapid naming deficit, and RD children with a double-deficit. This study aimed to identify regions 

that exhibit phonological processing and rapid naming “gradients,” wherein (a) controls would 

show greater activation than RD children with a single deficit and (b) children with a single 

deficit would show greater activation than RD children with the double-deficit. This approach 
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revealed a phonological gradient in left IFG and left inferior parietal lobule (IPL) and a rapid 

naming gradient in right cerebellum lobule IV (Norton et al., 2014). While these two studies 

implicate similar brain regions, their findings with respect to subtypes of RD are quite different. 

For example, lower GMV in the left cerebellum was specific to RD children with a phonological 

deficit, but activation in the right cerebellum was only impacted in RD children with either a 

single rapid naming deficit or a double-deficit. 

While the contributions of heterogeneity leading to increased comorbidity has not yet 

been addressed in the neuroimaging literature, one important consideration for the field is the 

presence of co-occurring disorders in studies intending to study a single disorder. This is a 

particularly salient issue for studies of ADHD and RD, where researchers do not always take 

comorbidities into account during participant recruitment or in reporting the composition of their 

samples. In most prior GMV studies of ADHD, researchers did not state whether they included 

participants with comorbid LDs (McGrath & Stoodley, 2019). Thus, it remains unknown 

whether prior studies of ADHD reflect the GMV profile of isolated ADHD only or instead a mix 

of ADHD and LD+ADHD. For studies of RD, it is typical to screen out co-occurring ADHD 

(McGrath & Stoodley, 2019), but it is much less common for math performance to be measured 

or reported. For instance, only one of the 18 studies in total that were included in the prior RD 

meta-analyses explicitly reported math performance of their participants (i.e., Tamboer et al., 

2015) and none mentioned whether any participants would have met criteria for MD. As with the 

ADHD literature, it remains possible that these studies have grouped together participants with 

“pure” RD-only and with undiagnosed or unreported RD+MD. Thus, meta-analyses cannot 

properly disentangle the potential biases and effects introduced by these comorbidities in GMV 
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studies. This is also a concern for studies of RD+ADHD comorbidity, as existing studies did not 

screen out co-occurring MD (Jagger-Rickels et al., 2018; Langer et al., 2019). 

In contrast, the MD literature, though smaller, has demonstrated more consistent attempts 

to mitigate the effects of comorbidity in samples by measuring performance outside the domain 

of interest and/or excluding other disorders. For example, prior studies have matched MD and 

control groups on reading (Rykhlevskaia et al., 2009) or on both reading and attention 

(McCaskey et al., 2020). Additionally, one other study screened out children with either 

RD+MD or MD+ADHD (Rotzer et al., 2007). Furthermore, previous studies of RD+MD have 

excluded participants with ADHD (Moreau et al., 2019; Skeide et al., 2018). While these 

approaches may not fully capture the behavioral and neural heterogeneity present in MD-only or 

RD+MD, they may at least allow future literature reviews and meta-analyses to determine 

whether specific findings are influenced by the presence of comorbid disorders. 

The use of large representative samples in future studies would allow researchers to 

address the concerns described above about heterogeneity and the effects of comorbidity. Several 

large datasets are currently available, such as ADHD-200 (The ADHD-200 Consortium, 2012), 

ENIGMA ADHD Working Group (Hoogman et al., 2017), and Dyslexia Data Consortium 

(Eckert et al., 2017). No equivalent datasets exist yet for MD, although the field would benefit 

from such data sharing efforts. Consortia-level datasets provide researchers with opportunities to 

test new hypotheses about the neural deficits in each disorder. For example, it is possible to 

leverage the heterogeneity present in large samples to examine dimensional relationships 

between behavior and brain structure (Feczko et al., 2019), particularly since there has been 

debate over the use of cut-offs to define LD groups for behavioral and neuroimaging studies 

(Branum-Martin et al., 2013; Cilibrasi & Tsimpli, 2020; Peters & Ansari, 2019). Additionally, 
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larger sample sizes allow research groups to divide participants with clinical disorders into 

distinct subgroups to compare children with and without comorbid disorders, thus providing 

evidence to support or refine existing models of comorbidity. With larger sample sizes, these 

analytic approaches are less constrained by sampling variability (Schönbrodt & Perugini, 2013) 

or poor statistical power (Button et al., 2013). Ultimately, the analytical flexibility and high 

statistical power provided by large datasets have the potential to identify robust findings and 

increase the reproducibility for pediatric neuroimaging studies more generally (Poldrack et al., 

2017).  

Treatment Studies 

Treatment studies have provided valuable insight into the neural basis of developmental 

disorders. Not only can this line of research demonstrate which changes in brain structure or 

function are causally related to improved functioning, but these findings can also be used to 

improve theoretical models of isolated and comorbid disorders, including the ones described 

previously. In intervention studies, one common theme is the dichotomy between 

“normalization” and “compensation” following intervention (Barquero et al., 2014; Iuculano, 

2016). Here, normalization refers to a reversal of the neural differences observed between a 

clinical disorder and controls prior to intervention, while compensation refers to the recruitment 

of additional brain regions not shown to differ prior to intervention. 

As the treatment studies using stimulant medication in ADHD have already been 

discussed in Chapter II, this section explores intervention studies of RD- and MD-only. 

Longitudinal studies, which follow participants before and after the administration of a 

behavioral intervention, are considered the gold-standard approach in this field. However, 
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because these studies can be difficult to conduct due to cost and attrition, cross-sectional studies 

are more prevalent. 

RD is typically treated with behavioral interventions targeting aspects of phonological 

processing and reading skills (Peterson & Pennington, 2015). Following eight weeks of reading 

intervention, children with RD have shown GMV increases in bilateral hippocampus, left 

fusiform gyrus, right precuneus, and left cerebellum (Krafnick et al., 2011). However, not all 

studies have observed significant group-level changes in gray matter structure following 

intervention in RD (Partanen et al., 2021; Romeo et al., 2017). The lack of findings in the brain 

is unsurprising given the behavioral finding that 8-80% of children with RD do not exhibit gains 

in reading after intervention (Al Otaiba & Fuchs, 2002). In fact, Romeo et al. (2017) found CT 

increases after intervention only in children who also showed improvements in reading scores. A 

meta-analysis of brain activation changes after treatment identified some regions that are 

functionally specific to reading, such as left IFG, and others that are not, such as left thalamus 

(Barquero et al., 2014). This indicates that interventions induce changes in activation both in 

regions strongly related to reading and RD (i.e., normalization), as well as in regions supporting 

domain-general cognitive processes (i.e., compensation). Future work should further characterize 

the role of normalization and compensation, in both brain structure and function, for successful 

remediation following intervention in RD. 

Although many behavioral interventions for MD currently exist (Cohen Kadosh et al., 

2013; Iuculano, 2016; Price & Ansari, 2013), neuroimaging studies investigating intervention-

induced changes in MD are much less common than comparable studies in RD. Furthermore, the 

only neural measures examined by these MD intervention studies have been activation and 

connectivity (i.e., correlations in brain activation over time) using fMRI. Iuculano and colleagues 
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(2015) examined activation during an arithmetic task before and after intensive tutoring on 

arithmetic facts and efficient counting strategies. Prior to the intervention, children with MD 

exhibited greater activation in prefrontal cortex, IPS, and fusiform gyrus as compared to controls. 

However, the intervention appeared to normalize activation in these regions, since a machine 

learning classifier could discriminate between children with MD and controls using brain 

activation patterns before the intervention but not at the post-intervention timepoint (Iuculano et 

al., 2015). Similarly, a study conducted by Michels et al. (2018) tested for the effects of a 

number line training intervention on functional connectivity in children with and without MD. 

The MD group showed higher connectivity between the IPS and many regions throughout the 

cortex and cerebellum, as compared to controls, prior to the intervention. The intervention 

resulted in decreased functional connectivity in the MD group, and a classifier trained on 

patterns of connectivity was able to discriminate between the groups before the intervention, but 

not afterwards (Michels et al., 2018). Thus, it appears that interventions in MD, regardless of the 

specific skills being trained, result in a normalization of baseline hyperactivation or 

hyperconnectivity that becomes indistinguishable from controls following the intervention. 

Overall, these studies of RD and MD suggest that brain structure and function mostly 

show normalization following behavioral interventions. This is paralleled in the ADHD 

treatment literature, where individual studies have demonstrated higher GMV in the ACC in 

medicated participants, as compared to medication-naïve ADHD groups (Makris et al., 2010; 

Pliszka et al., 2006; Semrud-Clikeman et al., 2014). Additionally, meta-regressions have found 

normalization of ACC and basal ganglia GMV in ADHD studies, as studies with a greater 

proportion of participants receiving medication tend to demonstrate smaller between-group 

differences (Frodl & Skokauskas, 2012; Nakao et al., 2011). However, these existing 
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intervention and treatment studies have all examined single disorders. There have been some 

efforts to study the effects of ADHD medication on behavioral outcomes in groups with 

RD+ADHD (Bental & Tirosh, 2008; Keulers et al., 2007; B. A. Shaywitz et al., 2014; S. 

Shaywitz et al., 2017) and MD+ADHD (Rubinsten et al., 2008), but none of these have used to 

neuroimaging as a tool to address the potential mechanisms of this treatment. 

Intervention studies conducted on comorbid disorders could build upon the GMV results 

found in Chapters II and III. The interpretation in Chapter II was that children with LD+ADHD 

do not have the classic neural profile found in the ADHD literature, suggesting that ADHD 

symptoms likely arise from their LD. Additionally, medication status accounted for nearly all 

GMV differences found in the between-group comparison, and this indicates that medication 

itself may drive increased cortical GMV in children with LD+ADHD. Based on the findings 

from this cross-sectional study, one might expect that longitudinal studies would show that 

ADHD medication would lead to increased GMV in children with LD+ADHD, but not manifest 

in improved ADHD symptoms or positive gains in reading/math. Thus, behavioral interventions 

targeting the reading or math skills may be the more fruitful approach for children with 

RD+ADHD or MD+ADHD, respectively, as this would lead to gains in academic skills and, in 

turn, an amelioration of inattentive and hyperactive-impulsive behaviors. In Chapter III, we 

found that children with RD+MD do not demonstrate the same IPS deficits found in the MD-

only literature. Instead, we observed lower GMV in the RD+MD group in the left cerebellum, a 

region not explicitly tied to any existing model of RD+MD comorbidity. Given that the findings 

of this study did not support any one model of RD+MD, we believe that children with these 

combined disorders may exhibit a variety of impairments that would be difficult to observe at the 

group level. Thus, children with the additive or verbally-mediated form of RD+MD, in which 
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left hemisphere language areas are impaired, may benefit most from interventions targeting 

phonological or reading skills. In contrast, one might expect math interventions to only benefit 

children with the additive RD+MD subtype, since regions important for numerical cognition 

(e.g., IPS) would not be impaired in other forms of RD+MD. It is therefore an open question of 

whether children with RD+MD who exhibit domain-general impairments would benefit from 

specific interventions in reading and math or if another approach would be best. Going forward, 

treatment studies may yield important findings that could be used to confirm these predictions or 

form new theoretical models of co-occurring disorders. Additionally, this field presents 

opportunities for researchers to identify biomarkers that predict later intervention response 

(Aboud et al., 2018; Retz & Retz-Junginger, 2014; Skokauskas et al., 2013) or uncover novel 

mechanisms for successful remediation that can be used to develop targeted treatments. 

Consistency Among GMV and CT in Development and Developmental Disorders 

The structural MRI measures of GMV and CT are highly related and show similar 

patterns of overall decreases in during childhood and adolescence. (Giedd et al., 1999; Gogtay et 

al., 2004; Mills et al., 2016a; Raznahan et al., 2011; P. Shaw et al., 2008; Tamnes et al., 2017; 

Walhovd et al., 2017). Over the course of brain development, early CT increases during the first 

few years of life are believed to reflect neurogenesis and synaptogenesis within cortical columns 

(Rakic, 1988, 2009; Wagstyl & Lerch, 2018; Winkler et al., 2010), while later decreases during 

childhood and adolescence are driven by synaptic pruning and increasing white matter 

myelination (Natu et al., 2019; Petanjek et al., 2011). In contrast, GMV does not have a specific 

neurobiological correlate because it represents the combined effects of CT, surface area, and 

cortical folding (Ashburner, 2009; Hutton et al., 2009). Surface area is theorized to reflect the 

formation of new cortical columns during prenatal and perinatal development (Rakic, 1988, 
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2009), Furthermore, surface area and cortical folding are both strongly influenced by genetic 

factors (Panizzon et al., 2009; Tramo et al., 1995), meaning that these two measures are not as 

likely to exhibit dramatic changes past 7 to 11 years when the brain is at 95% of its full adult size 

(Caviness et al., 1996). Consistent with these determinants of cortical surface area and folding in 

early development, several studies have observed that surface area exhibits only modest changes 

beyond the age of 7 years (Storsve et al., 2014; Tamnes et al., 2017). Instead, decreases in CT are 

the primary mechanism underlying longitudinal reductions in cortical GMV from childhood 

through adulthood (Storsve et al., 2014; Tamnes et al., 2017). However, GMV is more closely 

related to surface area than to CT in cross sectional studies of adults (Frye et al., 2010; Winkler 

et al., 2010), meaning that the relationship between GMV and CT may depend on the analytic 

design (i.e., longitudinal versus cross-sectional) and age range being examined. 

Despite the differences in GMV and CT that occur throughout development, there is 

utility in measuring both to probe the specific neurobiological deficits associated with 

developmental disorders. For example, ADHD in children is consistently associated with lower 

GMV in the basal ganglia (Ellison-Wright et al., 2008; Frodl & Skokauskas, 2012; McGrath & 

Stoodley, 2019; Nakao et al., 2011). However, studies using CT have found that ADHD is 

associated with lower CT across the frontal lobe in both children and adults with ADHD 

(Almeida et al., 2010; Kumar et al., 2017; Makris et al., 2007; P Shaw et al., 2006; Yang et al., 

2015). In a longitudinal study, Shaw and colleagues (2007) found that the trajectory of lateral 

prefrontal cortex CT in ADHD follows a delayed pattern of maturation relative to controls. 

Given that the prefrontal cortex underlies several cognitive domains impacted in ADHD (e.g., 

inhibition, motor planning), delayed development in this part of the brain provides insight into 

the etiology of several ADHD symptoms (Faraone et al., 2015). Individual studies have also 
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highlighted that the frontal lobe is not the only cortical region impacted in ADHD, with 

additional findings of lower CT in the occipitotemporal and parietal cortices (Hoogman et al., 

2019; Narr et al., 2009). This growing literature has demonstrated reliable differences in cortical 

morphology in childhood ADHD, although it is not yet known whether these effects are indeed 

downstream consequences of impaired dopamine signaling or altered basal ganglia GMV. 

In children with RD, there has been some converging evidence between GMV and CT 

studies. Lower GMV in superior temporal cortex, especially in the left hemisphere, is the most 

consistent finding across the meta-analyses of RD (Eckert et al., 2015; McGrath & Stoodley, 

2019; Richlan et al., 2013). This aligns with studies observing lower CT in left (Clark et al., 

2014) and right (Williams et al., 2017) superior temporal cortices. Similarly, the left fusiform 

gyrus has been shown to exhibit both lower GMV (Linkersdörfer et al., 2012) and lower CT 

(Altarelli et al., 2013; Clark et al., 2014) in RD. However, not all CT studies have found the 

same general trends observed in the GMV literature. One such example is a study by Ma et al. 

(2015) that found higher CT in right STG and left fusiform gyrus in children with RD as 

compared to controls. Further complicating the relationship between GMV and CT is the finding 

that cortical surface area – not CT – accounts for the GMV differences observed in adults with 

RD (Frye et al., 2010). This is an intriguing finding that suggests that while the GMV differences 

found in RD are persistent into adulthood, separate neurobiological substrates contributing to 

GMV deficits may become more or less pronounced based on age. 

There is currently a dearth of studies that have used CT to examine either MD only or co-

occurring disorders (i.e., LD+ADHD, RD+MD). In the one published CT study of children with 

MD, the researchers found lower CT in left STG and right IFG as compared to controls (Ranpura 

et al., 2013). However, the ROI approach used in this study limits its potential to detect 
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differences in CT outside their hypothesized regions. With regards to comorbid disorders, the 

study conducted by Langer and colleagues (2019) is the only existing examination of CT 

differences in RD+ADHD. This study observed that children with RD+ADHD showed 

differences in CT relative to both RD and ADHD only groups in left planum temporale (ADHD 

> RD+ADHD), left fusiform gyrus (RD < RD+ADHD), and left middle temporal gyrus (MTG; 

RD & ADHD > RD+ADHD). Finally, the two existing CT studies of RD+MD observed no 

significant differences between the RD+MD group and either RD or MD only groups (Moreau et 

al., 2019; Skeide et al., 2018). Given the paucity of research in this area, it will be important for 

future studies to determine if prior findings using GMV or CT replicate in other samples. 

Additionally, it remains possible that GMV and CT may reveal distinct abnormalities for isolated 

or comorbid disorders. 

Effect of Program on CT 

In Chapter IV, I tested for convergence and differences between CT values generated by 

FreeSurfer and CAT12. The two programs showed high correlations with each other, although 

FreeSurfer generally produced CT values of lower magnitude than CAT12. However, FreeSurfer 

and CAT12 are not the only programs currently used to measure in vivo CT. CIVET is another 

commonly-used program that has been compared to other programs in several studies (e.g., 

Bhagwat et al., 2021; Kharabian Masouleh et al., 2020). This program, like FreeSurfer, also 

estimates CT as the distance between white and gray matter surfaces (Kim et al., 2005; Lerch & 

Evans, 2005; MacDonald et al., 2000). In two different adult samples, Kharabian Masouleh and 

colleagues (2020) observed high positive correlations between whole-cortex CT values obtained 

via CIVET, FreeSurfer, and CAT12. Interestingly, despite the computational similarities between 
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FreeSurfer and CIVET, whole-cortex CT values from FreeSurfer were consistently lower relative 

to both CAT12 and CIVET (Kharabian Masouleh et al., 2020). 

At the regional level, there have been conflicting findings when comparing CIVET to 

other programs. FreeSurfer, CAT12, and CIVET all exhibited high correlations in adults in most 

regions of the Schaefer parcellation (Schaefer et al., 2018), although the exact correlation 

coefficients were not reported (Kharabian Masouleh et al., 2020). This contrasts with a recent 

pediatric study that compared CIVET to several recent versions of the FreeSurfer program (i.e., 

releases 5.1, 5.3, and 6.0) in both children with autism spectrum disorder (ASD) and controls 

(Bhagwat et al., 2021). Compared to the study in adults, Bhagwat et al. (2021) did not examine 

CAT12 and instead used the Desikan-Killiany-Tourville parcellation (A. Klein & Tourville, 

2012) for regional CT comparisons. In this study, the average correlations across all regions were 

r = 0.44-0.49 in the ASD group and r = 0.48-0.52 in the control group (Bhagwat et al., 2021). 

These values varied based on the version of FreeSurfer being compared to CIVET and were 

greatest for FreeSurfer version 6.0 in both groups. However, the strengths of these correlations 

observed by Bhagwat and colleagues (2021) were remarkably lower than the r = 0.853 found in 

the regional CT correlation analysis in Chapter IV. 

While an investigator’s choice of program for measuring CT likely impacts the observed 

findings in a given study, there appear to be some regions that exhibit considerably different 

trends from study to study, namely the cingulate gyrus. For example, the cingulate gyrus was one 

of the regions exhibiting the weakest correlations between FreeSurfer, CAT12, and CIVET in 

adults (Kharabian Masouleh et al., 2020). Similarly, the left rostral ACC and bilateral isthmus of 

the cingulate were the regions showing the lowest correlations between FreeSurfer and CIVET in 

children (Bhagwat et al., 2021). In terms of differences in CT magnitude, the caudal ACC 
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generally does not differ between FreeSurfer and CAT12. The results of Chapter IV revealed that 

the two programs did not yield significantly different CT values in the left caudal ACC and 

Seiger et al. (2018) observed the same result for the average of left and right caudal ACC. One 

possibility that may account for weak between-program correlations but non-significant 

differences in CT magnitude in the caudal ACC is that this region demonstrates high variability 

between participants (Kharabian Masouleh et al., 2020). Interindividual variability of cingulate 

gyrus CT may be due to its midline location between the left and right hemispheres, which could 

contribute different amounts of bias to each program’s CT estimates. Future investigations 

should note whether there is increased variability in cingulate gyrus CT and whether newer 

releases of each program yield increasingly convergent CT estimates in this region.  

Future Directions for Pediatric Neuroimaging 

The findings from Chapter IV help fill a gap in the pediatric neuroimaging literature by 

assessing whether analytic tools developed using adult datasets are appropriate for use with 

pediatric MRI scans (Haynes et al., 2020; Phan, Smeets, et al., 2018). Due to the dynamic nature 

of brain development in childhood and adolescence, as described previously, it stands to reason 

that not all neuroimaging software implements processing steps that are optimized for this 

younger age range. As discussed in Chapter IV, this concern has been raised in establishing the 

need for age-appropriate tissue segmentation and pediatric templates. It will be necessary for 

future work to determine the reproducibility of research findings, both across programs and 

newer releases of each program (Klapwijk et al., 2021; Phan, Smeets, et al., 2018), and for new 

tools to improve reliability in pediatric populations. 
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Conclusions 

The studies in this dissertation indicate that neither ADHD in the presence of LDs nor 

MD in the presence of RD result in the same neural differences found in each disorder on its 

own. Additionally, we observed that two common programs used to measure CT produce highly 

convergent values in children and adolescents. These findings provide important information 

about the etiology of co-occurring neurodevelopmental disorders in children and demonstrate the 

effects of software programs on observed measures of brain structure in younger samples. 
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APPENDIX A: CT VALUES FOR FREESURFER AND CAT12 

Table A.1. Left Hemisphere CT Values for FreeSurfer and CAT12 

Region FreeSurfer CAT12 

Correlation Comparison 
r -log10 p-

value 
Mean 

difference 
(FreeSurfer 

minus 
CAT12) 

-log10 p-
value 

Banks superior 
temporal sulcus 

2.59 (0.26) 2.73 
(0.27) 

0.873 18.3  -0.14 10.2 

Caudal anterior 
cingulate cortex 

2.93 (0.21) 2.91 
(0.28) 

0.484 3.9 0.02 0.3 

Caudal middle 
frontal gyrus 

2.79 (0.13) 3.09 
(0.17) 

0.670 8.1 -0.30 24.5 

Cuneus cortex 2.14 (0.14) 2.35 
(0.16) 

0.628 6.9 -0.21 17.1 

Entorhinal cortex 3.17 (0.36) 3.74 
(0.53) 

0.611 6.5 -0.57 13.9 

Frontal pole 3.00 (0.37) 3.10 
(0.36) 

0.541 4.9 -0.10 1.5 

Fusiform gyrus 2.85 (0.18) 2.90 
(0.20) 

0.751 10.9 -0.05 2.4 

Inferior parietal 
cortex 

2.69 (0.13) 2.89 
(0.14) 

0.618 6.6 -0.20 17.8 

Inferior temporal 
gyrus 

2.67 (0.16) 2.94 
(0.17) 

0.460 3.6 -0.27 16.2 

Insula 3.11 (0.18) 3.60 
(0.36) 

0.726 10.0 -0.49 19.8 

Isthmus cingulate 
cortex 

2.64 (0.20) 2.96 
(0.22) 

0.636 7.1 -0.32 18.5 

Lateral occipital 
cortex 

2.36 (0.11) 2.42 
(0.13) 

0.594 6.0 -0.06 3.8 

Lateral orbital 
frontal cortex 

2.96 (0.13) 3.28 
(0.18) 

0.511 4.4 -0.33 21.3 

Lingual gyrus 2.26 (0.14) 2.44 
(0.16) 

0.622 6.7 -0.18 14.6 

Medial orbital 
frontal gyrus 

2.68 (0.16) 2.81 
(0.18) 

0.570 5.5 -0.13 7.1 

Middle temporal 
gyrus 

2.49 (0.16) 2.73 
(0.26) 

0.664 7.9 -0.24 12.4 

Paracentral lobule 2.74 (0.17) 2.96 
(0.19) 

0.785 12.5 -0.22 20.1 

Parahippocampal 
gyrus 

2.84 (0.32) 2.85 
(0.22) 

0.625 6.8 -0.01 0.1 

Pars opercularis 2.81 (0.15) 3.11 
(0.16) 

0.762 11.4 -0.30 28.6 

Pars orbitalis 2.99 (0.25) 3.18 
(0.35) 

0.670 8.0 -0.20 6.5 
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Pars triangularis 2.73 (0.19) 3.01 
(0.19) 

0.740 10.5 -0.28 21.4 

Pericalcarine cortex 1.87 (0.15) 2.04 
(0.19) 

0.685 8.5 -0.17 12.5 

Postcentral gyrus 2.14 (0.10) 2.39 
(0.11) 

0.581 5.8 -0.25 26.2 

Posterior cingulate 
cortex 

2.82 (0.14) 2.96 
(0.16) 

0.639 7.2 -0.14 10.9 

Precentral gyrus 2.62 (0.14) 2.81 
(0.16) 

0.735 10.3 -0.19 18.3 

Precuneus cortex 2.76 (0.12) 2.95 
(0.14) 

0.832 15.2 -0.18 24.0 

Rostral anterior 
cingulate cortex 

3.08 (0.21) 3.26 
(0.28) 

0.651 7.5 -0.18 7.7 

Rostral middle 
frontal gyrus 

2.73 (0.13) 3.04 
(0.15) 

0.540 4.9 -0.31 23.6 

Superior frontal 
gyrus 

3.07 (0.15) 3.43 
(0.18) 

0.654 7.6 -0.36 26.9 

Superior parietal 
cortex 

2.45 (0.13) 2.62 
(0.13) 

0.673 8.1 -0.17 16.6 

Superior temporal 
gyrus 

2.72 (0.15) 3.00 
(0.16) 

0.678 8.3 -0.29 23.5 

Supramarginal gyrus 2.50 (0.13) 2.71 
(0.16) 

0.707 9.3 -0.21 19.3 

Temporal pole 3.46 (0.43) 3.90 
(0.40) 

0.535 4.8 -0.44 10.9 

Transverse temporal 
cortex 

2.63 (0.25) 2.87 
(0.27) 

0.478 3.8 -0.24 8.4 

Values for FreeSurfer and CAT12 indicate mean CT, in millimeters, with standard deviation in 
parentheses. Unadjusted p values, which have been -log10 transformed, are shown for each 
statistical test. Note that a transformed p value of > 1.3 corresponds to a non-transformed p value 
of < 0.05. 
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Table A.2. Right Hemisphere CT Values for FreeSurfer and CAT12 

Region FreeSurfer CAT12 

Correlation Comparison 
r -log10 p-

value 
Mean 

difference 
(FreeSurfer 

minus 
CAT12) 

-log10 p-
value 

Banks superior 
temporal sulcus 

2.71 (0.23) 2.85 
(0.22) 

0.879 18.9 -0.13 12.0 

Caudal anterior 
cingulate cortex 

2.76 (0.22) 2.87 
(0.24) 

0.514 4.4 -0.11 3.2 

Caudal middle 
frontal gyrus 

2.74 (0.15) 3.07 
(0.19) 

0.612 6.4 -0.32 21.8 

Cuneus cortex 2.14 (0.15) 2.36 
(0.14) 

0.699 9.0 -0.22 20.4 

Entorhinal cortex 3.23 (0.38) 3.73 
(0.53) 

0.466 3.6 -0.51 10.0 

Frontal pole 2.97 (0.40) 3.22 
(0.40) 

0.462 3.6 -0.25 4.6 

Fusiform gyrus 2.85 (0.15) 2.96 
(0.17) 

0.610 6.4 -0.11 6.5 

Inferior parietal 
cortex 

2.68 (0.12) 2.87 
(0.11) 

0.633 7.0 -0.19 19.8 

Inferior temporal 
gyrus 

2.64 (0.19) 2.85 
(0.17) 

0.406 2.8 -0.21 10.1 

Insula 3.16 (0.18) 3.57 
(0.29) 

0.602 6.2 -0.41 18.8 

Isthmus cingulate 
cortex 

2.64 (0.18) 2.91 
(0.20) 

0.538 4.9 -0.27 15.3 

Lateral occipital 
cortex 

2.41 (0.11) 2.42 
(0.14) 

0.747 10.8 -0.01 0.3 

Lateral orbital 
frontal cortex 

2.91 (0.13) 3.20 
(0.18) 

0.590 6.9 -0.30 21.1 

Lingual gyrus 2.31 (0.12) 2.50 
(0.12) 

0.574 5.6 -0.19 18.0 

Medial orbital 
frontal gyrus 

2.70 (0.18) 2.87 
(0.19) 

0.586 5.8 -0.17 9.6 

Middle temporal 
gyrus 

2.45 (0.20) 2.69 
(0.24) 

0.709 9.3 -0.24 14.2 

Paracentral lobule 2.72 (0.16) 2.92 
(0.16) 

0.766 11.6 -0.19 18.4 

Parahippocampal 
gyrus 

2.82 (0.25) 3.00 
(0.27) 

0.343 2.1 -0.17 4.3 

Pars opercularis 2.81 (0.17) 3.13 
(0.17) 

0.734 10.3 -0.32 26.4 

Pars orbitalis 2.84 (0.27) 3.07 
(0.36) 

0.691 8.7 -0.23 8.2 

Pars triangularis 2.64 (0.21) 2.96 
(0.23) 

0.742 10.6 -0.32 20.9 
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Pericalcarine cortex 1.87 (0.16) 2.12 
(0.15) 

0.331 2.0 -0.25 14.2 

Postcentral gyrus 2.17 (0.12) 2.40 
(0.13) 

0.517 4.5 -0.23 19.6 

Posterior cingulate 
cortex 

2.73 (0.16) 2.87 
(0.14) 

0.594 6.1 -0.14 10.5 

Precentral gyrus 2.57 (0.13) 2.74 
(0.15) 

0.717 9.6 -0.17 17.1 

Precuneus cortex 2.76 (0.10) 2.99 
(0.12) 

0.703 9.1 -0.23 26.3 

Rostral anterior 
cingulate cortex 

3.13 (0.20) 3.21 
(0.23) 

0.586 5.9 -0.08 2.7 

Rostral middle 
frontal gyrus 

2.67 (0.12) 3.02 
(0.16) 

0.625 6.8 -0.35 28.3 

Superior frontal 
gyrus 

3.02 (0.11) 3.39 
(0.15) 

0.665 7.9 -0.37 31.6 

Superior parietal 
cortex 

2.46 (0.13) 2.58 
(0.13) 

0.654 7.6 -0.13 11.5 

Superior temporal 
gyrus 

2.68 (0.17) 3.01 
(0.19) 

0.713 9.5 -0.33 24.9 

Supramarginal gyrus 2.60 (0.13) 2.77 
(0.15) 

0.745 10.7 -0.16 16.7 

Temporal pole 3.52 (0.43) 3.81 
(0.45) 

0.507 4.3 -0.29 5.4 

Transverse temporal 
cortex 

2.60 (0.23) 2.80 
(0.22) 

0.610 6.4 -0.20 9.6 

Values for FreeSurfer and CAT12 indicate mean CT, in millimeters, with standard deviation in 
parentheses. Unadjusted p values, which have been -log10 transformed, are shown for each 
statistical test. Note that a transformed p value of > 1.3 corresponds to a non-transformed p value 
of < 0.05. 
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