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ABSTRACT 

Cognitive tasks have been utilized during functional magnetic resonance 

imaging (fMRI) neuroimaging studies to investigate the involvement of brain regions. 

The advantage to using fMRI is that it is non-invasive and has excellent spatial 

resolution. Major challenges in brain research include understanding how the brain 

retrieves, processes, and transmits information along with understanding how 

information is stored.  Therefore, connectivity analyses are vital in exploring 

information flow and temporal interactions between particular brain regions. FMRI 

data can be used to investigate how brain regions communicate with each other using 

effective connectivity and functional connectivity. 

Mathematically gifted adolescents and control subjects performed a mental 

rotation task during an fMRI paradigm during a previous study by O‟Boyle et al. 

These data were collected and used for various analyses. It has been hypothesized that 

mathematically gifted children rely on the parietal region and right hemisphere, along 

with utilizing inter-hemispheric interactions that may be a more efficient network 

during mental rotation tasks. Connectivity paths determined from structural equation 

modeling (SEM) performed by a previous study by Prescott et al. are compared to the 

connectivity paths determined from Granger causality performed in this study. 

Although these methods can be used as confirmatory and/or exploratory tools, they 

may provide complementary, rather than redundant, information about connectivity 

networks within the brain.   
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CHAPTER I 

INTRODUCTION 

 This chapter introduces the purpose of this thesis along with the basic concepts 

regarding the analysis performed.  Chapter 2 discusses the neuroimaging methods and 

techniques that have been performed in the literature and within this thesis in detail. 

The third chapter explains how the data were obtained and the methodology regarding 

the preprocessing steps in SPM8 along with the design of brain networks. 

Furthermore, the implementation of Granger causality within the Granger Causal 

Connectivity Analysis (GCCA) toolbox is discussed. Chapter 4 portrays the Granger 

results on connectivity maps and compares these to Prescott and colleagues‟ SEM 

model. Chapter 5 concludes this analysis and discusses the results found. The 

appendices are available for further insight regarding preprocessing steps and data 

tables.   

Cognitive tasks have been utilized during functional magnetic resonance 

imaging (fMRI) neuroimaging studies to investigate the involvement of brain regions. 

The advantage to using fMRI is that it is non-invasive and has excellent spatial 

resolution [1,2,3]. The amount of oxygenated blood in the brain is believed to indicate 

where brain activation occurs. This information can be obtained through fMRI. 

Neuroimaging studies commonly investigate localized activation within brain regions. 

However, recent studies are revealing how the entire brain is utilized during tasks of 

interest through connectivity analyses. Therefore, connectivity analyses are vital in 

exploring information flow and temporal interactions between particular brain regions 

[4,5,6]. This thesis investigates the brain function of four different networks during 

mental rotation tasks between mathematically gifted adolescents and average 

mathematical ability controls using various methods.   

Many methods can be used to analyze this information including structural 

equation modeling (SEM) and Granger causality, which will be discussed in Chapter 
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2. Major challenges in brain research include understanding how the brain retrieves, 

processes, and transmits information along with understanding how information is 

stored [4,7].  

The goal of this thesis is to investigate and compare the connectivity paths 

acquired from an SEM model implemented by Prescott et al. (2010) and a Granger 

causality model determined in this study among math gifted adolescents and controls 

[8,9]. Granger causality is based on temporal precedence, while SEM is not. Nine 

regions of interest (ROIs) from a previous publication by Prescott et al. were used in 

the SEM analysis and the hypothesis-driven Granger causality analysis conducted for 

this thesis. Hypothesis-driven analyses are also referred to as confirmatory analyses, 

where assumptions about the model are made based on anatomical and/or other known 

or hypothesized brain function information. Exploratory or data-driven analyses, 

however, are not based on a priori or anatomical assumptions. This tool is commonly 

used when connectivity paths are unknown during a particular task. The confirmatory 

analysis of Granger causality was compared to an exploratory analysis of Granger 

causality. This second analysis is unique in the literature. The literature may compare 

two confirmatory methods, such as DCM and SEM, or simply perform an exploratory 

analysis on a confirmatory method such as SEM [10,11]. The advantage to performing 

both confirmatory and exploratory techniques is that they may provide complementary 

information about brain networks. Granger causality becomes unfeasible with a small 

data set and many variables. The literature recommends small networks, which 

consists of around ten ROIs [12]. In addition, Granger causality requires the ROIs to 

be significantly less than the number of time points. The intent is not to make a 

determination whether a subject is math gifted or not, but to examine and compare the 

group connectivity patterns among the two groups.  

FMRI data can be used to investigate how brain regions communicate with 

each other using effective connectivity and functional connectivity. Effective 

connectivity is a confirmatory method based on directional correlation or causality. 

Functional connectivity is an exploratory technique based on correlated results. In 
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addition, functional organization can be investigated through data acquisition 

techniques with adequate spatial and temporal resolution along with analysis 

techniques that are responsive to spatial and temporal differences [5]. Various 

modalities can be used for connectivity analyses such as fMRI and 

electroencephalography (EEG).  

Initially the goal of researchers was to localize neural activity for certain tasks 

using the blood-oxygenation-level dependent (BOLD) response using the general 

linear model (GLM) [10,13]. The BOLD signal changes over time depending on the 

location of the involved cerebral areas, the oxygenation conditions, and the cerebral 

blood flow and volume [14]. In addition, directional causality can be examined by 

studying the change in BOLD responses over time. The precise physiological process 

that explains the link from neuronal activity to the BOLD response is still being 

investigated. Most studies have investigated what brain areas are involved during tasks 

such as facial recognition or learning a language [14]. Thus, a major goal in 

neuroscience is to understand whether or not higher mental functions are localizable 

[15]. A key assumption is that specific networks of the brain are responsible for 

unique roles during mental function.   

Most fMRI connectivity analysis studies begin by selecting ROIs and then 

calculating an average BOLD response time series across the voxels in a particular 

cluster [4,13,16]. Principal component analysis (PCA) may also be used to extract the 

principal eigen-time series from the ROIs instead of taking the average [4]. 

Neuroimaging data have been used to explore the dynamic functional organization of 

the brain via multivariate statistical modeling [17]. Many techniques have been used 

for exploratory and confirmatory models such as structural equation modeling (SEM) 

and dynamic causal modeling (DCM). A technique recently applied to neuroimaging 

data to investigate temporal relationships in time series data is Granger causality [5]. 

Granger causality has been considered an appropriate technique when the goal is to 

determine brain regions whose activity forecasts activity present in other brain 

regions.  
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Current technology and associated neuroimaging tools allow researchers to 

investigate how the entire brain functions while subjects perform various mental tasks. 

The goal is to investigate both localized regions activated during a particular task, and 

the related brain network involved. Network analysis can be investigated using 

interregional correlations and covariances in the time domain, along with the 

corresponding frequency domain measure, coherence. The major assumption behind 

these methods is that the correlations and covariances of activity evaluate underlying 

neural interactions [15]. These analytic techniques are used to quantify the mutual 

dependency among ROIs throughout several cognitive states. 

Studies, particularly brain lesion studies, have discovered that areas in the 

brain are activated while thinking and paying attention [15]. Neuroimaging data have 

been investigated and it is believed that many brain regions interact during thought 

processes. Interacting brain elements, such as cells and ROIs, are thought to be the 

connection between human mental function and the brain. If anything affects a 

particular brain region such as brain damage or disease, the entire network will be 

affected as well.  Studies have observed that people with brain damage encounter 

network reorganization, which includes the initial response to the damage followed by 

the network alteration in order to adapt [15]. Also, mental disorders such as 

schizophrenia and major depression affect network operations. Furthermore, fMRI 

data have been utilized to examine damaged anatomical links that may be affiliated 

with specific disorders such as Parkinson‟s disease, Alzheimer‟s disease, and autism 

[18,13]. Research studies have also examined the different sets of regional activity and 

interactivity among different age groups.  In order to understand mental functions that 

are affected by damage or disease, it is vital that the dynamics of brain networks are 

investigated [18,15]. A major challenge for the neuroscience community is to identify 

dysfunctional interregional connections in a particular group and utilize this as a 

source for early disease detection.    
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CHAPTER II 

LITERATURE REVIEW 

 In order to effectively analyze fMRI data, it is important to understand what 

information contained within fMRI data represents and how it is obtained. Recently, 

researchers have broadened their understanding of localized brain functions to 

understanding the functional organization of the brain. Thus, connectivity analyses are 

commonly used. This requires that the different types of methods and models available 

be understood in order to investigate these data. These decisions are based on 

variables such as the type of task being performed, the type of network being 

investigated, and the information already known about the topic. Neuroimaging 

techniques vary according to the particular analysis. Therefore, specific interests can 

be investigated through a myriad of approaches.  

Functional Magnetic Resonance Imaging (fMRI) 

FMRI utilizes strong magnetic fields in order to create images of biological 

tissue. Scanners usually range from 1.5-4T, where 7T and higher are becoming 

available [3]. FMRI is very popular due its noninvasiveness and its ability to localize 

brain activity within seconds and millimeters from the origin. In addition, it has high 

spatial resolution. Therefore, fMRI is a common technique for neuroimaging by 

measuring the hemodynamic response associated with neural activity in the brain. 

Imaging 

MRI contains two types of contrast – static contrast and motion contrast. Static 

contrast offers information about the content of atomic nuclei such as number, type, 

and relaxation properties of spins. Static contrasts are usually used for high resolution 

images that present anatomical detail.  Motion contrasts, however, offer information 

such as how atomic nuclei move through space. An example of this is diffusion 

weighting. This method can improve localization of function in the brain due to this 

information being complementary to typical fMRI approaches. Repetition time (TR) is 

the time period between succeeding excitation pulses and echo time (TE) is the time 
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period between data acquisition and an excitation pulse. There are numerous types of 

magnetic resonance imaging techniques. Proton-density imaging forms MR images 

that are susceptible to the amount of protons that each voxel contains. These images 

can be used as high-resolution reference images to determine anatomical structures in 

the brain and are very important in fMRI studies. Gradient-echo (GRE) imaging and 

spin-echo (SE) imaging are two common types of pulse sequences used in MRI. GRE 

imaging uses gradients to produce the MR signal changes that are evaluated at data 

acquisition [3]. SE imaging, however, uses a second 180° electromagnetic pulse 

instead.  

In 1977, Peter Mansfield introduced echo-planar imaging (EPI). After a single 

excitation, it is possible to collect an entire 2D image by changing spatial gradients 

[3]. Gradients are usually 2.5 Gauss/cm, but can be as high as 5 Gauss/cm. These 

strong gradients can reduce the scan time for a single image to 20ms. Therefore, EPI 

sequences are commonly used during fMRI experiments due to the quick scan times. 

Artifacts can occur due to misalignment and imperfections in the magnetic field. This 

is why preprocessing steps such as motion correction are needed.    

BOLD Response 

        The blood-oxygenation-level dependent (BOLD) contrast is critical for fMRI 

studies. In 1936, American chemist Linus Pauling and his student Charles Coryell 

discovered that the hemoglobin molecule has magnetic properties which differ 

depending whether it is bound to oxygen or not [3]. Oxygenated hemoglobin (Hb) is 

diamagnetic or has the property of a weak repulsion from a magnetic field. In addition, 

it has a zero magnetic moment and no unpaired electrons. Deoxygenated hemoglobin 

(dHb), however, is paramagnetic where it has a significant magnetic moment along 

with unpaired electrons. In addition, it is attracted to a magnetic field.  

In the late 1980s, Seiji Ogawa used rodents to determine whether or not 

manipulating the proportion of blood oxygen would affect the visibility of blood 

vessels on T2
*
 weighted images [3]. Their results verified that deoxygenated blood will 
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decrease the MR signal on T2
*
 images. Thus, the BOLD contrast enables 

measurements of functional changes in brain activity. It depends on the total amount 

of deoxygenated hemoglobin contained in a brain region, along with the oxygen 

consumption and oxygen supply. Glucose is the major energy source for the brain. 

Oxygen assists the most efficient conversion of glucose into adenosine triphosphate 

(ATP). It has been determined that the BOLD contrast following neuronal activity 

occurs because it displaces the deoxygenated hemoglobin that suppresses the MR 

signal intensity. The first human BOLD fMRI studies were published in 1992, which 

investigated the basic properties of the visual and motor cortices [3]. The BOLD 

response to brief neuronal activity consists of several components. First it has a short 

onset delay, after a few seconds it will rise to a peak, return to the baseline, and will 

then have a prolonged undershoot. 

FMRI signals are hemodynamic convolutions of underlying neuronal signals 

[1]. Changes in neuronal activity produce a complex chain of physiological events, 

which cause fMRI signals. Therefore, an fMRI response may be delayed by several 

seconds. A hemodynamic response function can be defined as the convolution mapped 

from underlying neural activity to an observed fMRI response, which usually peaks 

around four seconds. The BOLD response is an indirect measure of local neuronal 

activity. This is used to reveal the underlying cognitive processes along with their 

relationships to neural structures. Neurons do not fire randomly, but are integrated in a 

network when performing specific functions. The BOLD signal at voxels within the 

same ROI will be highly correlated [4].  

Connectivity 

There are two main types of approaches for measuring neural interactions: 

effective connectivity and functional connectivity. These approaches were introduced 

initially in the context of electrophysiological recordings from several cells and have 

been applied to neuroimaging data [15].   
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Effective Connectivity 

Effective connectivity refers to the direct influence one brain region or 

neuronal system exerts on another either at a synaptic level or at a cortical level 

[1,19,14,20,13,21,7]. Hypothesis-driven models are used to measure effective 

connectivity. These are advantageous when relevant functional areas are known [11]. 

This approach incorporates anatomical connections along with correlation and 

covariance measures. These models are based on statistical models that make 

anatomically motivated assumptions. In addition, assumptions are restricted to the 

networks comprised of preselected regions. 

 Brain dynamics can be studied using this technique rather than simply 

identifying independent brain region functions. Effective connectivity mediates 

functional integration and can be measured several ways. Common techniques that 

measure effective connectivity include SEM and DCM.  

Functional Connectivity 

Functional connectivity refers to the correlations in fMRI time series between 

different brain regions [1,2]. Data-driven methods are used to determine functional 

connectivity [11]. No assumptions are made about the underlying biology and are 

commonly used when it is not evident which regions are involved in a particular task. 

It also uses a minimal number of assumptions beyond linearity. This type of analysis 

is appropriate for exploratory and explanatory analyses.  

Functional connectivity covers a broad spectrum of methods. PCA and ICA 

can be used to measure functional connectivity. This type of connectivity emphasizes 

pairwise interactions usually in terms of covariances or correlations [15]. The 

commonly used method is regional correlation and functional connectivity patterns 

can be illustrated by pairwise correlations of ROIs. It has been applied to task-

dependent changes, which focuses on the change, if any, in the functional connections 

between brain regions as a certain task demands change. Also, this approach is applied 

to resting state functional connectivity, which accentuates the entire pattern of 

functional connections along with the relation to the underlying anatomy. Resting state 
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connectivity is believed to guide the integrity of the standard brain. Reduced 

functional connectivity correlates with a decline in overall processing speed along 

with a decline in behavioral measures of executive function. In addition, degenerative 

disorders such as Alzheimer‟s disease demonstrate reduced functional connectivity 

related to disease severity [15].   

While effective connectivity focuses on directional or causal relationships 

between regions, functional connectivity refers to correlations or covariances between 

regions. In the evolving field of neural connectivity, the two terms should be viewed 

as a spectrum, as opposed to a dichotomy, and both can contain data- and model- 

driven characteristics.  

Voxel Selection 

Voxel selection, i.e., the identification of which specific brain regions are 

active during a task, is an important step in neuroimaging analyses. Once important 

voxels are selected, ROIs can be created using a cluster of voxels in the form of boxes 

or spheres. Some studies utilize techniques that require the level of the signal to meet 

certain statistical tests to distinguish one voxel as being active during a task. These are 

known as peak voxels of activation. Seed partial least squares (PLS) analysis is a 

technique that examines the link between the brain activity in a target region compared 

to the activity within the whole brain. Sometimes the average for a group of voxels is 

used, while peak voxels can also be determined by a partial least squares analysis. 

Some studies select a subset of voxels within each brain region, which was one of the 

techniques performed in this study [17,8].   

Note that activation does not imply causality. It is conceivable that there are 

locations within the brain that have low level activity, but are highly connected to 

other areas. When activation maps are used to select regions for connectivity 

comparisons, only those voxels that pass certain statistical tests are used.  This means 

that functional connectivity between regions that do not pass the statistical tests may 

be high, but will not be identified by the methods used to select regions in the data- 
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driven model used in part of this research. Therefore, the activated ROIs may be 

misleading and provide the misconception that there are not causal connections in 

certain areas for the data-driven analysis. This is a disadvantage when selecting the 

ROIs using activation maps. Another method that could be used to select ROIs is 

principal component analysis (PCA), which determines components based on 

variance. PCA is discussed in more detail later. This method would most likely 

eliminate misconceptions regarding activation and causality. Hypothesis-driven 

models include ROIs based from anatomical information or a priori knowledge. Thus, 

these regions are selected quite differently from regions selected from the data.  

Methods 

There are a vast number of fMRI analysis techniques available for use. Some 

common methods will be discussed briefly here. Granger causality was chosen for this 

analysis since this technique is based on temporal precedence, unlike SEM. The goal 

is to compare two diverse methods, a hypothesis-driven SEM model along with data-

driven and hypothesis-driven Granger models, and investigate the connectivity results 

from both. 

Psychophysiological Interaction (PPI) 

Psychophysiological interaction (PPI) is an example of a linear regression 

method and is used to assess task-dependent changes where one region (Y) predicts the 

activity of another region (X).  

Principal Component Analysis (PCA) 

Principal component analysis (PCA) is a reliable method that is used to 

summarize intricate patterns of interregional correlations. Originally, functional 

connectivity was studied using PCA [22]. PCA has been used to separate 

neuroimaging data into a spatial and temporal uncorrelated set of modes [11]. PCA 

can also be applied to a generalized eigenimage analysis where the principal 

component that is maximally expressed in one experimental condition and minimally 

expressed in another is determined. This method produces unique solutions for a 
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particular data set and the calculation is fairly quick. Also, it is a multivariate 

technique that seeks orthogonal directions in observed variables and ranks these 

variables based on their variances [4].  

A disadvantage of this technique is that the decomposition depends on the rank 

of the matrix. Since this method is based on orthogonal components, artifacts may 

occur as principal components. Therefore, it is important to understand the data that is 

being investigated and the artifacts that may occur.  

Independent Component Analysis (ICA) 

Independent component analysis (ICA) is another commonly used method that 

can be applied to both EEG and fMRI data. ICA can identify modes that describe 

activity in a limited network and has largely replaced PCA as a multivariate analysis 

technique in data-driven models. It can be used as a denoising method and has the 

ability to extract resting state networks in fMRI data [15]. ICA assumes maximal 

independence, unlike PCA, which assumes orthogonality. This allows for artifactual 

components to be removed from the components of interest. However, this causes 

large data sets to be computationally expensive since so many components are being 

considered.  

Although ICA and PCA can expose activity patterns among multiple spatial 

regions, these methods are not able to provide directional information regarding the 

interaction between these regions [10]. If two regions are correlated, this does not 

necessarily mean that they are causal. Thus, these methods are not ideal for causality 

analyses. In addition, the observed temporal latency of the BOLD response cannot be 

used to determine the temporal order of neural interactions between different brain 

regions. The local hemodynamic response may be regionally specific possibly 

delaying the temporal evolution of the BOLD signals at various brain regions. The 

most important limitation of these methods is that they fail to account for all of the 

interactions present when more than two brain regions are present. Therefore, models 
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that investigate effective connectivity across multiple variables are becoming 

increasingly popular.   

Partial Least Squares (PLS) 

A popular method that has been applied to fMRI, EEG, and PET data for more 

than a decade is the partial least squares (PLS) method [15].  A multivariate case of 

PPI can be performed when relating neuroimaging data to one or more voxels. One 

advantage of this method is that it can create an adjustable framework in order to test 

for statistical dependency in neuroimaging data. However, for complex designs it can 

be difficult to interpret and the statistical assessment through resampling can become 

computationally expensive.    

Dynamic Causal Modeling (DCM) 

Dynamic causal modeling (DCM) is a recent approach that was specifically 

designed for fMRI data. DCM estimates parameters that reflect the observable data 

produced from the underlying neural mechanisms. Furthermore, this method estimates 

the parameters that reflect directed functional connectivity. Granger causality accounts 

for a covariance structure while considering connectivity, while DCM accounts for the 

structure while considering neurovascular coupling properties [23]. For instance, the 

BOLD response is an indirect measure of neural activity. Neurovascular coupling 

describes the relationship between neural activity and changes in cerebral blood flow. 

Also, Granger causality examines statistical dependencies over observed or time-

lagged physiological responses regardless of how they were caused. DCM, however, 

can truly be referred to as a causal model since it represents hidden states (i.e. neural 

activity) that cause observed data (i.e. fMRI signal) [2]. Additionally, Granger 

causality is based on stochastic models while DCM does not depend on any stochastic 

terms. Due to the lack of explicit forward models, Granger causality is believed to be 

easier to implement [23].  
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Structural Equation Modeling (SEM) 

Structural equation modeling (SEM) is a common multivariate linear 

regression method that has been applied to neuroimaging data such as fMRI, EEG, and 

PET [14,15]. SEM was originally developed in econometrics and was first applied to 

neuroimaging data in 1991 by Gonzalez-Lima and McIntosh [11,18]. In addition, this 

technique was applied to fMRI data in 1997 by Friston and Bushel [3]. The goal of 

their study was to investigate the effects of attention upon processing in the visual 

cortex. Recent studies have evaluated connectivity models between brain regions. 

Today SEM is the most commonly used model for connectivity analyses in 

neuroimaging [11]. This method performs quick computations even for complicated 

models. 

SEM is applied to neuroimaging data usually to examine effective connectivity 

and to determine a particular set of causal relationships between brain regions that best 

accounts for observed data [3]. Directional pathways or causality must be predicted for 

the model. Evaluating potential combinations of causal relationships is referred to as 

path analysis. These models are usually constrained to a priori anatomical information 

where pathways in the model accurately reflect the pathways among brain regions.  

 Several variables are included in the model: latent variables, observed 

variables, and error variables. SEM estimates causal relationships between observed 

(measured) variables and unobserved (latent) variables and investigates the 

covariances between them, as well [17,19]. The latent variables are not directly 

measured, but are determined from the observed variables. Many studies do not 

consider latent variables, but it is believed that they may model underlying neural 

activity [19]. SEM is based on a linear model. Thus, residual variances or errors of 

measurement are obtained, which has the advantage of providing more precise 

coefficients in a linear regression model. 

SEM does not depend on temporal precedence, but represents an instantaneous 

representation of one region causing another. The fMRI data is input and then tested 

against the predicted model using a goodness-of-fit test. An output that can be 
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considered from SEM is the chi-square value, which indicates how well the model fits 

the observed variance-covariance structure in the data set. The model passes or fails. 

Path coefficients are determined if the model passes to indicate strengths and 

directions of the signals. If the model fails, then the directional pathways should be 

altered to obtain a model that fits the data. Therefore, SEM is a confirmatory model of 

analysis since each relation in the model that is tested is based on the theory of how 

brain regions interact [14].  

SEM can be implemented in several software programs including LISREL and 

AMOS [19]. The following is a simple SEM implementation as done in LISREL.  

First, two measured variables are considered: x, the independent measured 

variable, and y, the dependent measured variable. The vectors include observed time 

course vectors with the mean subtracted so that the time courses represent deviations 

from the mean. In addition, latent variables are considered, where ξ is the latent 

variable for x and ζ is the latent variable for y. The LISREL model contains three 

submodels [19]. The first is the structural equation model, which can be expressed 

mathematically as: 

               (1)  

[B] and [Γ] define the path coefficients that characterize the causal influence of 

one variable to another [19].  

The measurement model for y can be expressed as: 

           (2)  

The measurement model for x can be expressed as: 

           (3)  

The covariance matrices can be defined as: 

                                                             (4)  
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The covariance matrix is defined as: 

 
     

                               
                       

 

                   
              

      
  

(5)  

where [A] = ([I]-[B])
-1

. The difference between [Σ] and the data covariance 

matrix needs to be minimized to determine the coefficients. The path coefficients then 

need to be assessed using a χ
2
 statistic [19]. A single structural equation model can 

then be defined as: 

               (6)  

In order for SEM to be applied to fMRI data, an explicit model must be 

constructed based on a priori knowledge regarding how brain regions interact. The 

majority of SEM models build their model based on three to six ROIs. However, some 

studies such as the one performed by Prescott et al. used nine ROIs. Many researchers 

apply SEM in different manners such as investigating the difference in learning 

between neurotypical and schizophrenic subjects [19].  

However, disadvantages of this model include not being able to compute fully 

reciprocal models along with the model fit being very dependent on the sample size of 

the data [15].  In addition, misspecification of models can lead to invalid results [7]. 

For instance, if areas that are vital to a particular process are omitted, incorrect 

conclusions could be inferred.  

Granger Causality 

Granger causality was introduced in 1969 by Clive Granger in the field of 

econometrics [24]. The initial idea, however, can be traced back to Wiener in 1956. 

Wiener conceived the idea that if the prediction of one time series could be improved 

by integrating knowledge from a second time series, then the second time series is 

believed to have a causal influence on the first time series [25]. In 1969, Granger 

applied Wiener‟s idea to linear regression modeling [24]. This principle works if only 

two time series are being considered. 
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 Implementation of this method spans from a number of fields, including 

geophysics, economics, bioinformatics, and neuroscience [4].  Two early studies 

performed by Goebel and Roebroeck confirmed that Granger causality can be utilized 

with fMRI data [21,7]. Granger causality depends upon a model of temporal 

dependencies among the data themselves regardless of how the dependencies were 

caused. 

Granger causality typically makes few assumptions regarding the causal 

connectivity patterns within the data - it is considered an exploratory tool, unlike 

SEM, which is often considered a confirmatory tool. The main concept of Granger 

causality can be understood in the context of two signals x and y.  Signal y can be 

approximated or predicted from its prior values, with some residual error.  If including 

prior values of signal x reduces the residual error in the prediction of signal y, signal x 

is said to “Granger cause” signal y. In the context of fMRI, the signals are averaged 

time courses from ROIs, hence, a directional causal influence is deduced from ROI A 

to ROI B if the past values of the time series of ROI A help predict future values 

within the time series of ROI B.  Granger causality is a statistical method that assesses 

directions of dynamical interactions [25]. Unlike SEM, Granger causality does not try 

to fit data to a model, but rather obtain information that that could reveal the presence 

of temporal relationships between signals. The advantage of Granger causality is that 

the model works with time series directly and there is no requirement to input 

predetermined directions as in SEM.  

Granger causality is based on temporal precedence, with the assumption that 

the data reflect states that cause each other. This model assumes that any statistical 

dependencies among brain regions can be predicted by a linear mapping over time-

lags. Furthermore, this model assumes that fMRI signals are driven by random 

fluctuations of underlying neural activity and are stationary.  

 If more than two time series are being considered, then either pairwise 

Granger causality or conditional Granger causality can be implemented [25]. Geweke 
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(1984) introduced a measure of conditional linear dependence and feedback after 

presenting these measurements between two time series [26,27].  

A pairwise analysis simplifies the problem to a bivariate analysis. For instance, 

consider three ROIs. A pairwise causality analysis cannot distinguish the difference 

between direct causal influences from one ROI to another along with indirect 

influences mediated through a third ROI shown in Figure 2.1 [13,25,6,12,20]. This 

method ignores interactions that occur amongst ROIs in the underlying neuronal 

network [13].  

 

 

 

Figure 2.1 Two pairwise causality connectivity patterns among three ROIs  

 

Autoregressive modeling is the most common form of Granger causality that is 

executed and applied to neuroimaging data. A recent study has applied Granger 

causality to fMRI analyses for multiple variables simultaneously [28].  It has been 

established that a conditional Granger causality approach based on a linear 

multivariate autoregressive (MVAR) model can accomplish more precision for 

detecting network connectivity compared to pairwise Granger causality [13,22].  

This type of analysis indicates a causal influence from the process that obtains 

an early input to the process that obtains a delayed input [25]. Therefore, conditional 

Granger causality is implemented in order to determine whether there is a direct 

interaction between two time series or whether the interaction is intervened by another 

time series [27,25]. This can be represented mathematically by an example Chen 

proposes [25]. First, consider three time series, Xt, Yt, and Zt. The joint autoregressive 

representation of Xt and Zt can be defined as: 

1 1 

2 2 

3 3 
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(8)  

The covariance matrix of the noise can be defined as: 

 
    

                    
                    

  
(9)  

 The joint autoregressive representation of all three time series can be 

expressed mathematically as:  

 
                              

 

   

   

 

   

 

   

 
(10)  

 
                              

 

   

   

 

   

 

   

 
(11)  

 
                              

 

   

   

 

   

 

   

 
(12)  

where p is the order     represents the prediction error. The covariance matrix 

of the noise terms can be expressed as: 

 

    

                                
                                
                                

  

(13)  

The Granger causality from Yt to Xt conditional on Zt is: 

 
         

        

        
 

(14)  
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Clearly when          =          and b2j is uniformly zero, the causal 

influence from Yt to Xt is entirely mediated by Zt. Therefore,           which 

implies that the prediction of XT  cannot improve with past measurements of Yt. If a 

direct component from Yt to Xt
 
 exists, then past measurements of Yt, Xt, and Zt will 

lead to better predictions of Xt. This allows          >          and          

[25,22]. 

Previous connectivity analyses have compared Granger causality to coherency 

[5]. Coherency is a technique designed to determine the timing of brain activity. 

Kayser et al. discovered that these two methods provided complementary results when 

applied to simulated data. Granger causality has been considered an appropriate 

technique when the goal is to determine brain regions whose activity predicts activity 

present in other brain regions [5]. Most fMRI studies, including this thesis, implement 

Granger causality in the time domain.   

There are some disadvantages to using Granger causality compared to other 

models. For instance, Granger causality is dependent on a linear mapping, where 

hemodynamic processes are nonlinear. Also, the data acquisition of low temporal 

resolution may restrict the validity of Granger causality [7]. For instance, region A 

may cause region B during neural interactions. However, since the BOLD response is 

sluggish taking about six seconds to reach its peak, it is an indirect measure of neural 

activity. Thus, the temporal interactions may claim that region B causes region A. 

Since Granger causality does not take into account the underlying neural activity, only 

the BOLD response, causality results may be skewed. In a previous study, a DCM 

analysis was compared to a Granger causality analysis of the same fMRI dataset, 

which demonstrated that the regional variation in the hemodynamic response function 

led to different connectivity conclusions [2]. Some causality paths were not accurate in 

the Granger model, but were for DCM since the neural activity was taken into 

account.   
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CHAPTER III 

METHODOLOGY 

 In 2005, O‟Boyle et al. obtained math gifted adolescent and control data while 

the subjects performed baseline and mental rotation tasks [9]. The purpose was to 

investigate whether or not math gifted subjects utilized different regions of the brain 

compared to control subjects. Prescott et al. applied this data to an SEM model in 2010 

[8]. This chapter describes how the data were obtained, the crucial preprocessing steps 

performed, and describes the current Granger causality analysis. 

Stimulus Materials and Procedure 

Subjects 

Subjects consisted of eight mathematically gifted children (mean age 14.3, 

range 13-15; numerical IQ 133 (max 135) ) and eight controls (mean age 14.2, range 

12-16; numerical IQ 111 (max 135)), with no known psychiatric or neurological 

disorders. Subjects were asked to participate based on their performance on the 

psychometric School and College Ability Test (SCAT 111-intermediate Level-Form 

Y, Career Wise, Pty Ltd, Melbourne, an Australian equivalent to the SAT) [9]. 

Classification was determined by two sections of the SCAT, which include the verbal 

(VIQ) and quantitative (PIQ) reasoning ability sections. Math gifted subjects were 

defined as those who obtained PIQ scores above the 98
th

 percentile for their age 

(average PIQ=131.6; VIQ=120), while the average mathematical ability controls 

obtained PIQ scores in the 45-55
th

 percentile range for their age (average PIQ=111, 

VIQ=116.6). The two groups contain similar VIQ scores, but have clearly 

distinguishable PIQ scores, hence defining the classification of the math gifted for this 

study. Four left-handed and four right-handed subjects were selected for each group 

via the Edinburgh Handedness Inventory. Prescott and colleagues‟ 2010 study 

deduced that handedness was not a variable for determining math giftedness and was 

not used for this thesis.  
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Data were obtained by O‟Boyle et al. in 2005 and were used in a further 

analysis by Prescott et al. in 2010 [9].  O‟Boyle obtained these data using a 3T GE 

Signa MRI scanner where high resolution T1 images were acquired (TR=120ms, 256 

x 256 x 128 matrix, voxel = 0.9 x 0.9 mm
2
, slice thickness=1.4mm) and echoplanar 

images (EPI) (TR=3000ms, TE=40ms, 128 x 128 matrix, voxel size = 1.875 x 1.875 

mm
2
, slice thickness=4.5mm + 0.5mm gap, slices=22) were obtained with 132 

volumes per scanning session.  

Experimental Paradigm 

The paradigm was a standard block design, and contained eighteen baseline 

and eighteen mental rotation trials that were presented in six alternating blocks (three 

baseline tasks followed by three mental rotation tasks) of six trials each. Each trial or 

task lasted ten seconds followed by a one second interstimulus interval.  Therefore a 

total of 36 stimuli were presented and can be portrayed in Figure 3.1. Since there were 

36 trials, where each trial was 10 seconds long, then the time for the trials was 360 

seconds. In addition, since each interstimulus interval was one second, and there were 

36 interstimulus intervals, then the time for these intervals was 36 seconds. Thus, the 

total time for the paradigm was 396 seconds. The TR for the EPI images was 3000 ms 

or 3 seconds, so the total number of images acquired was 132 (396/3=132). Therefore, 

the dimensions of the extracted time series matrices will all be v x t, where v is the 

number of voxels or variables, and t is the number of time points or 132. 

 

Figure 3.1 Section of paradigm that was repeated six times to obtain math gifted 

adolescent and control data from O‟Boyle et al [9]. Baseline tasks were presented first. 
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Subjects were given one practice trial of the baseline task and the mental 

rotation task before beginning the experiment. The response to the stimuli involved the 

selection of one of four possible answers to the presented questions, and were selected 

via a device with four fiber optic buttons using the middle finger and/or the index 

finger of the right and left hands. 

The baseline trial was a simple matching task in order to provide an additional 

interpretive backdrop for the patterns of activation collected. Three of the four block 

stimuli were identical to each other, while the single differing test stimulus was 

identical to the target. The block stimuli were Fourier (blurred) transforms of the 

original rotation stimuli. These tasks provided contrasting stimuli that were identical 

in luminance, contrast, and visual frequency, but did not have an identifiable shape 

and required no mental rotation. In other words, the baseline task involved a stimulus 

of the visual system and the motor response involved with the button press, but did not 

activate areas associated with spatial reasoning used in rotating three-dimensional 

objects. This allows for the visual and motor responses to be “subtracted out” by 

taking the difference in activation maps between tasks.  

The mental rotation task required the subject to select the response that could 

be rotated to match the target. A unique set of stimuli were present in each trial of the 

rotation condition. Furthermore, the stimuli were rotated three-dimensionally with 

angles of rotation between 45° and 180° [8]. Figure 3.2 portrays an example of each 

type of task. 
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Figure 3.2 (top) mental rotation task (bottom) baseline task 

Preprocessing of the fMRI data 

       SPM8 was used to preprocess the fMRI data 

(http://www.fil.ion.ucl.ac.uk/spm/software/spm8/). This software was chosen because 

it is commonly used in the neuroimaging field and is quite robust. The following steps 

were applied to the data: realignment, normalization (where each data set is registered 

to an EPI template), and spatial smoothing. These are standard techniques found in the 

literature [13]. However, the parameters within these techniques are not standard and 

can usually be determined by the particular dataset being analyzed. All of the 

preprocessing and analysis procedures were performed on the same 32 bit computer in 

order to mitigate any possible fallacies such as operating system non-compatibilities. 

The following block diagram outlines the data analysis process used for this study. 

http://www.fil.ion.ucl.ac.uk/spm/software/spm8/
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Figure 3.3 Preprocessing and data analysis block diagram 

 This will be discussed in further detail throughout the rest of this chapter.  

Realignment 

 Realignment is a vital step when preprocessing fMRI data. The purpose is to 

remove the movement artifacts in the data. The first image specified by the user is the 

reference image that the remaining images are realigned to. For this analysis, the first 

image was used as the reference image, but any image can be used. A least squares 

approach is used in order to realign a time-series of images for a particular subject. A 

six parameter spatial transformation is used for data realignment, and the resulting 

realignment parameters are saved.  

Next, the images are resliced such that each image matches the reference 

image voxel-for-voxel [29]. All subjects‟ images can be realigned simultaneously or 

individually; the data will be the same. In this analysis, the default option was used to 

obtain the parameters. Appendix A discusses these parameters in more detail.  

Normalization 

Normalization is performed after data realignment. The purpose of 

normalization is to warp the images of each subject to fit a common space [29]. This 

study registers the data to an EPI template since EPI images were acquired during data 
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acquisition. Some studies normalize the functional images to a particular brain space, 

such as Montreal Neurological Institute (MNI) space using a structural image as a 

reference [17]. However, since structural data were not available for the full data set, 

data were normalized to an EPI template instead. After normalization, all subjects 

were registered to the same space in order for valid analyses to be performed. All 

parameters remained default with a 2mm x 2mm x 2mm voxel size for the written 

normalized images, a standard ICBM space template, and no warp. More details on 

this process can be found in Appendix A. 

 Spatial Smoothing 

 Smoothing is a common technique used to suppress noise and effects due to 

residual differences in functional and structural anatomy during inter-subject 

averaging [29]. Although smoothing may reduce spatial resolution, it can improve the 

validity of statistical tests and comparisons across subjects [3]. Spatial resolution is 

given by the voxel dimensions: field of view, matrix size, and slice thickness. The 

field of view indicates the extent of the imaging volume within a slice, and the matrix 

size determines the number of voxels that are obtained in each dimension. The image 

volumes are convolved with an 8mm (denotes x, y, and z directions) full width half 

maximum (FWHM) Gaussian kernel. The width of the filter, in mm, determines how 

many neighboring voxels are incorporated in the smoothing process. Appendix A 

discusses the parameters in more detail.  

General Linear Model (GLM) 

 The statistical analysis of fMRI data is based on the general linear model 

(GLM) [13,29]. The GLM model uses linear regression techniques to match the time 

series of the fMRI response to the structure of the block stimulus presentation.  Voxel 

time series that provide a good match are considered to be “active” regions.  Once the 

time series are selected, conditional Granger causality can be applied to preselected 

time series of brain regions. In SPM8, three main steps are needed to perform this 

analysis. First, the GLM design matrix needs to be specified. This matrix corresponds 

to the task presentation sequence. Next, the GLM parameters need to be estimated 
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using classical or Bayesian approaches. These parameters are the coefficients of the 

linear terms, and the error terms. Lastly, statistical parametric maps (SPMs) are 

generated from the results.  These maps represent the voxels with time courses that are 

statistically similar to the design matrix, based on a user defined statistical threshold. 

Mathematically, the GLM can be expressed as: 

              (15)  

where X represents the fMRI data (n rows by V columns), G represents the design 

matrix, β represents the set of experimental parameters, and ε represents the noise in 

the system [3]. A visual representation can be expressed as: 

 
 
  

  

  

   
  
  
  

  
  

  
   

  
  
  

  
(16)  

 

After solving the linear model, the residual error term is obtained. This is the 

minimum term that reflects the unexplained variability in the data after accounting for 

various model factors and uncorrelated noise. A design matrix is created that is 

essentially a hypothetical time course. This is comprised of a set of model functions 

that intend to explain the data via the GLM. The times when stimuli are active and 

non-active, along with interstimulus intervals, are input as a single column into the 

design matrix. A cost function is determined from the analysis, based on the amount of 

residual error. The standard cost function is least-squares error, which is the sum of 

the squared residuals. Four components are needed for a GLM: the experimental data, 

the design matrix, the parameter weights, and the residual error [3].   

Design Matrix  

As discussed earlier, design matrices are a crucial part of analyzing fMRI data. 

These were created in SPM8 (model specification, 1
st
 level analysis) for each 

individual subject, in addition to the math gifted and control groups (1
st
 and 2

nd
 level 

analysis). The design is based on the paradigm during each session (Fig. 3.1) and takes 

into account when the baseline and rotation trials are “on” and the duration of each 



Texas Tech University, Allison McMahon, August 2011 

27 

 

trial. This “on”/ “off” signal is then convolved with the hemodynamic response 

function (HRF) that is modeled in SPM8. This hypothesized signal represents what the 

actual signal acquired should be in brain regions that are actively involved in 

responding to the task. This process defines the experimental design along with the 

nature of hypothesis testing to be applied. Each design matrix has one column for each 

explanatory variable (i.e., the conditions, baseline and rotation) and one row for each 

scan. This study had a total of 132 scans and 36 trials. A contrast vector is defined to 

produce a contrast image that portrays the task of interest. For instance, Figure 3.3 

shows the design matrix for the control group where rotation is greater than baseline. 

This design matrix portrays rotation as “1” and baseline as “-1”. By applying a one-

sample t-test in the 2
nd

-level analysis (discussed later), the question of whether one 

condition (rotation) is significantly greater than another condition (baseline) can be 

determined. The figure below portrays all eight subjects concatenated together. The 

white parts of the matrix indicate that the model factors should have the most effect, 

while the black parts indicate that the model factor will have no effect at that particular 

time point [3].  
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Figure 3.4 Design matrix for control group designed in SPM8 

First Level Analysis 

The first level analysis is performed to create a design matrix (SPM.mat) for 

each subject. This is not based on statistical tests. This includes information regarding 

the paradigm such as the HRF, realignment parameters, and data. The design matrix 

created in the first level analysis can then be used as input for the second level 
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analysis, which is based on statistical tests. Seconds were used for the units in the 

design, the repetition time (TR) was 3s, and the microtime resolution remained default 

with a value of 16. The microtime resolution is the amount of time-bins for each scan 

and should not be changed unless it is desired to shift the regressors so that they are 

aligned to a certain slice [29]. In addition, the microtime onset is the initial time-bin 

where the regressors are resampled to correspond with data acquisition and remained 

at the default of one.  

The 132 realigned, normalized, and smoothed images for each subject were 

input into SPM8. Two conditions are included in this study: baseline and rotation. The 

vector of onsets for the baseline condition occurs at the beginning of every baseline 

task, and a second vector of onsets was specified for the rotation task. The duration for 

each trial is 10s. Figure 3.4 portrays the vectors used for each design matrix. 

 

Figure 3.5 Parameters used for Design Matrix 

 

These input functions are convolved with a set of hemodynamic basis 

functions later on. The realignment parameters are also input under multiple 

regressors. These regressors will be concatenated to the columns of the design matrix. 

Thus, the first two columns are baseline and rotation, and the remaining six columns 

are the six realignment parameters. These may model effects that will not be 

convolved with the hemodynamic response. The high-pass filter cutoff remains at the 

default parameter of 128 seconds. This filter is implemented using a residual forming 

matrix and removes the slow signal drifts with a period longer than 128 seconds. The 

parameters in SPM8 remain default and can be further discussed in Appendix B.   
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Second Level Analysis 

 After implementing a first level analysis on each individual subject, a second 

level analysis can be performed. The first and second level analyses both utilize the 

GLM. However, the second level analysis is the only analysis that implements 

statistical tests. This is important for deducing conclusions regarding the data. A one 

sample t-test was performed for the control group and for the gifted group. This can be 

represented mathematically as: 

   
   

   
 (17)  

where x is the mean of one condition, y is the specified value to be tested, and     is 

the shared standard deviation. The goal of the t-test is to calculate the differences 

between the means of the two conditions‟ distributions. Details on this process can be 

found in Appendix C.  

Results: Second Level Analysis 

One goal of this research was to find the activated ROIs determined by SPM8 

and compare this to the nine nodes that were investigated by Prescott et al. [8]. The 

contrasts for the first-level analysis were set where rotation > baseline. For the second-

level analysis, all activity was of interest, so a t-contrast of one was used. Initially, a 

liberal p-value was set at 0.05. This resulted in around 50 activated regions of interest, 

too many for a meaningful Granger causality analysis. A p-value of 0.0001 with a 

cluster threshold of five voxels was specified. Activated voxels were not identified 

unless they existed in a cluster of at least five voxels. The justification for using a 

cluster threshold of five voxels was to mitigate the number of spurious voxels 

throughout the analysis. The chance that all five voxels could be spurious and still 

meet the statistical threshold was slim. Some studies in the literature used a five voxel 

cluster threshold, as well [10]. Five gifted ROIs were selected along with eight control 

ROIs. More details are discussed in Appendix D.  
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Building ROIs and Extracting Time Series 

 ROIs were built using an SPM8 toolbox, Marsbar 

(http://marsbar.sourceforge.net/). The ROIs used for the hypothesis-driven model were 

modified coordinates from Prescott (2010). These coordinates are based on anatomical 

information from previous literature [30,31]. Table 3.1 portrays the coordinates used 

for the hypothesis-driven model. Some of Prescott‟s published coordinates were 

intended to be located in the right hemisphere, yet were labeled in the left hemisphere. 

Another coordinate from Prescott was located on one subject‟s skull. Therefore, the 

coordinate was modified accordingly to the accurate region.  

Each ROI was a 10 mm sphere, where the origin was the coordinate specified. 

These parameters were based on previous literature along with reasonable 

expectations for the dataset being analyzed. Appendix E discusses this in detail. 

Table 3.1 ROIs for Hypothesis-Driven Model  

Region 1 Anterior Cingulate (AC) 9, 15, 39 

Region 2 Left Dorsolateral Prefrontal (LDL) -48, 12, 27 

Region 3 Left Inferior Parietal (LIP) -42, -54, 42 

Region 4 Left Premotor Cortex (LPM) -27, -15, 57 

Region 5 Left Superior Parietal (LSP) -30, -66, 48 

Region 6 Right Dorsolateral Prefrontal (RDL) 48, 12, 18 

Region 7 Right Inferior Parietal (RIP) 39, -48, 42 

Region 8 Right Premotor Cortex (RPM) 30, -9, 54 

Region 9 Right Superior Parietal (RSP) 30, -66, 48 

 

 Voxels were determined from the group activation maps for the data-driven 

analysis. These ROIs were based on stringent statistical parameters to limit the number 

of ROIs in the analysis (p<0.0001, 5 cluster threshold). Too many ROIs lead to a very 

complex model along with expensive computation time. The standard amount of ROIs 

http://marsbar.sourceforge.net/
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to investigate is between five and twenty. In order to limit the ROIs to a reasonable 

amount, some regions are obviously eliminated by not meeting the statistical 

thresholds. Since the data-driven ROIs are determined based on activation maps, 

limitations may occur. Activation does not necessarily imply that causal connections 

occur in these areas, although it is certainly expected. Thus, this may eliminate causal 

connections that are present between regions that were excluded. Figure 3.5 portrays 

an example of the data-driven gifted group activation map.  

 

Figure 3.6 Data-driven group activation map 

 

Talairach Daemon is an open-source database used to identify brain anatomy 

and structural information (http://www.talairach.org/). The voxel coordinates were 

input into the Talairach Applet and the regions corresponding to the nearest gray 

matter along with the Brodmann areas were obtained. Brodmann areas represent 

various locations in the cerebral cortex based on the arrangement of neurons and 

functional characteristics.  
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Figure 3.7 Brodmann areas within the human brain [32] 

 

Tables 3.2 and 3.3 portray the activated voxels for the gifted and control groups. 

 

Table 3.2 Gifted ROIs for Data-Driven Model  

Region 1 Left Cerebrum, Occipital Lobe, Cuneus, Brodmann 19  -16, -84, 38 

Region 2 Left Cerebrum,  Inferior Parietal Lobule, Brodmann 40 -58, -40, 48 

Region 3 Right Cerebrum, Parietal Lobe, Brodmann 19 24, -84, 44 

Region 4 Right Cerebrum, Inferior Parietal Lobule, Brodmann 40 34, -40, 44 

Region 5 Right Cerebrum, Middle Occipital Gyrus, Brodmann 19 36, -76, 2 

 

Table 3.3 Control ROIs for Data-Driven Model 

Region 1 Left Cerebrum, Parietal Lobe, Precuneus, Brodmann 7 -18, -74, 38 

Region 2 Left Cerebrum, Parietal Lobe, Precuneus, Brodmann 19 -20, -80, 34 

Region 3 Left Cerebrum, Frontal Lobe, Precentral Gyrus, Brodmann 6 -44, -2, 30 

Region 4 Left Cerebrum, Frontal Lobe, Precentral Gyrus, Brodmann 9 -44, 20, 36 

Region 5 Right Cerebrum, Limbic Lobe, Cingulate Gyrus, Brodmann 32 10, 22, 40 

Region 6 Right Cerebrum, Superior Parietal Lobule, Brodmann 7 30, -68, 50 

Region 7 Right Cerebrum, Inferior Occipital Gyrus, Brodmann 18 36, -88, -4 

Region 8 Right Cerebrum, Middle Frontal Gyrus, Brodmann 9 42, 30, 32 

 

Since cerebellum voxels were present within both the control and math gifted 

groups, and do not provide cortical information, they were excluded from this 

analysis. The goal of this thesis was to compare as closely as possible the Granger 
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causality results to those obtained through SEM. Since the cerebral areas were 

investigated in the previous analysis, this procedure was closely followed.  

Once the first level design matrices were created, time series were extracted 

using Marsbar. Specific details regarding this process can be found in Appendix F.     

Individual/Group Time Series Averaging 

Design matrices were created in the first level analysis for individual subjects 

along with the gifted and control groups. Individual subjects‟ time series were 

extracted in Marsbar. Therefore, in order to obtain an average time series for a group 

analysis, the individual time series were averaged manually in Matlab. In addition, 

each group‟s time series were extracted in Marsbar resulting in a concatenated time 

series that needed to be segmented. After separating each subject‟s time series, the 

average time series could be determined. The goal of this process was to investigate 

and compare whether both processes led to similar results. Detailed information 

regarding how these processes were performed can be found in Appendix G. 

Building Networks 

 After the time series were extracted, they were imported into Matlab where 

specific networks were built. When extracting the time series in Marsbar, the order of 

regions should have been documented.  

Four networks were investigated for the hypothesis-driven model: frontal, left 

hemisphere, right hemisphere, and parietal. For the data-driven model, four networks 

were investigated: frontal, left hemisphere, right hemisphere, and posterior. These 

networks cannot be directly compared. For instance, the frontal regions in the 

hypothesis-driven analysis comprise the left dorsolateral prefrontal, right dorsolateral 

prefrontal, left premotor cortex, right premotor cortex, and the anterior cingulate. 

However, the control data-driven frontal ROIs include the left precentral gyrus 

Brodmann areas 6 and 9, along with the right limbic cingulate gyrus, and the right 
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middle frontal gyrus. The various networks are represented in the Results chapter and 

are highlighted in blue.  

For instance, consider four regions that comprise a network of interest: regions 

1, 3, 4, and 5. Figure 3.8 shows how to build a network consisting of these regions.  

 

3.8 Matlab code to build networks 

 

Documenting these regions is an important step, as well. Selecting a subset of 

regions will change the region numbers for a particular network. In order to 

understand the GC matrix (i.e., region 2 “Granger causes” region 1), it must be known 

that what regions 1 and 2 correspond to in relation to the full network. For instance, 

region 3 from the original time series will now correspond to region 2 for the new 

network. This is important when constructing maps and documenting the p and GC 

values.  

The data-driven ROIs cannot be directly compared to the hypothesis-driven 

ROIs. Furthermore, the control group and gifted group have different data-driven 

ROIs, as well.  

Granger Causal Connectivity Analysis (GCCA) Toolbox 

 Granger causality was computed using Seth‟s Matlab Granger Causal 

Connectivity Analysis (GCCA) toolbox [23]. This toolbox only works on 32 bit 

operating systems.  

 The Granger causality implementation underlying the GCCA toolbox is 

multivariate vector autoregressive (MVAR) modeling and can be applied to various 
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types of modalities including fMRI and EEG signals [23]. This can be described as a 

set of time series that are modeled as the weighted sums of past values.  

 Conditional or multivariate Granger causality is implemented in the toolbox.  

A lucid way to explain Granger causality is with an example presented by Clive 

Granger. Three variables, Xt, Yt, and Wt, exist and the goal is to forecast Xt+1 using 

these variables. First, Xt and Wt are used to forecast Xt+1 and this is compared to using 

all three variables to forecast Xt+1. If the forecast using all three variables is more 

successful than the first forecast, then the past values of Y can help predict values of 

Xt+1 that cannot be done with Xt and Wt  [33,16]. Note that a more successful forecast 

corresponds to a smaller variance of forecast error. Therefore, Yt will “Granger cause” 

Xt+1 based on two conditions: Yt  has to occur before Xt+1,  and Yt must include 

information that is helpful in forecasting Xt+1 that is not available in the group of three 

variables [33].  

Most Granger causality methods use a bivariate linear autoregressive model 

that performs a pairwise analysis. However, for most fMRI applications, multivariate 

autoregressive models (MVAR) are used. For instance, in order for X1 to “Granger 

cause” X2, the lagged observations of X1 have to help predict X2 with X3…XN being 

taken into account, as well. This method is a more robust analysis as opposed to 

repeated pairwise analyses across multiple variables. Bivariate analyses can 

sometimes lead to false causality results. 

There are two vital assumptions for conditional Granger causality. First, the 

data is assumed to be covariance stationary, meaning that the variance and mean of 

each time series do not change over time. The second assumption is that the data can 

be described by a linear model. The statistical properties of nonlinear cases are less 

understood and are more difficult to implement.  



Texas Tech University, Allison McMahon, August 2011 

37 

 

To implement Seth‟s GCCA toolbox, first a wrapper program was written 

based on Seth‟s GCCA toolbox paper [23]. This program contains the important 

functions that need to be called.  

 

Figure 3.9 Input time series into the wrapper                

Although preprocessing tools were available within this toolbox, they were not 

implemented since preprocessing was performed in SPM8. The time series was 

extracted from the realigned, normalized, and smoothed data, which was discussed in 

detail in Chapter 2. The number of trials or realizations, Nr, and the length of each trial 

or realization, Nl, were needed to find the model order and MVAR models for Granger 

causality. The entire time series for each group or network was considered a single 

realization. The length of the realization was 132 data points for the entire time series 

and 66 when the mental rotation time series were being analyzed. 
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Figure 3.10 Conditional Granger Causality for rotation tasks 

 

 Figure 3.11 portrays the Matlab code that was used to extract the mental 

rotation data and then concatenate these data into a single time series. These data were 

not windowed. The purpose of this analysis was to investigate the difference, if any, 

between the entire time series (baseline and rotation) and only the mental rotation 

data.  
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Figure 3.11 Baseline and rotation data extraction 

 

First, the model order is estimated. The model order is the number of previous 

observations that are taken into account when the autoregressive model is estimated 

[23].  The toolbox allows for the model order to be input based on a priori knowledge. 

If the maximum time lag is known for p observations, then it would be considered a 

priori. Otherwise, the Akaike information criterion (AIC) and the Bayesian 

information criterion (BIC) can be determined automatically using the toolbox. The 

model order refers to the number of previous time points or lags that are used to 

predict the time course of the sequence of interest. This refers back to the definition of 

causality where past values of one time series may predict future values of another 

time series. A poor representation of the data can occur from too few lags while model 

estimation problems can occur from too many lags. In order to specify the model 

order, the criterion that balances the variance accounted for by the model needs to be 

minimized against the coefficients that need to be estimated. This research uses the 
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BIC for the model order with a value of one. Many previous studies claim that one is 

an appropriate BIC model order to use [21,7,22]. The literature claims that the BIC is 

more appropriate for neural systems [23,25]. The BIC penalizes the model parameters 

more strictly than the AIC. Mathematically the BIC can be represented for n variables 

as: 

 
                   

        

 
 

(18)  

where T is the length of the time series, p is the model order, and Σ is the noise 

covariance matrix of the unrestricted model. Equation 19 is an example of a noise 

covariance matrix for a three variable system where all     are estimated from the 

vector autoregressive model [23].  

 

   

                              
                              
                              

   
         

         

         

  

(19)  

After the BIC model order is determined, the conditional Granger causality 

analysis can be implemented. Regressions can be performed in order to determine the 

coefficients of the noise covariance matrix for restricted regression and unrestricted 

regression. 

 A multivariate regression with Granger causality is performed. Since the data 

consist of 132 time points, then it can be treated as a single long trial. Therefore, the 

regression coefficients can be computed using ordinary-least-squares. 

Autoregressive Models 

Consider a p-dimensional random process where T is matrix transposition and 

p is the total number of regions [34,25]: 

                                (20)  
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Since X(t) is assumed to be stationary, it can be described by the mth order 

autoregressive equation: 

                                      (21)  

where E(t) = [E(1,t), E(2,t),…, E(p,t)]
T
  is a zero mean uncorrelated noise vector with 

covariance matrix Σ and A(i) are p x p coefficient matrices [34,25]. In order to 

estimate Σ and A(i), E(t) can be multiplied by X
T
(t -k) where k=1,2,…,m. The Yule-

Walker equations can be obtained, which can be represented mathematically as: 

                                   (22)  

where R(n) is the covariance matrix of  X(t) with lag n. The Yule Walker method is an 

excellent technique to smooth data [35]. R(n) can be expressed as: 

                    (23)  

Since E(t) is an uncorrelated process, it has been assumed that                .  

 The covariance matrix of a single realization of the X process,         
 , can be 

computed using: 

 
     

 

   
            

   

   

 
(24)  

 The above quantity will be computed for each realization and then averaged if 

multiple realizations occur. This will allow for a final estimate of the covariance 

matrix to be obtained [34,25]. If N is small for a single realization, then neither good 

estimates of R(n), nor the model, can be obtained. Therefore, by having a large 

number of realizations, this problem can be eliminated. The length of the data can be 

as short as the model order, m, plus one [34,25].  

 The method of ordinary least squares is implemented to determine Granger 

causality within ROIs. The goal is to determine what linear function best expresses the 
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data. Thus, the sum of squared errors can be determined by adding the squares of the 

differences between the actual y-values and the values obtained by the model. A 

simple linear model can be expressed as: 

             (25)  

for a number of data points, n: 

                                     (26)  

where m and b can be represented as: 

 
  

             
 
   

 
   

 
   

    
        

 
   

 
   

 
(27)  

 
  

 

 
         

 

   

 

   

  
(28)  

This sum of errors squared can be represented mathematically as: 

   
             

 

 

   

 
(29)  

 If the model is perfect, then S=0 since there is no error present. Realistically, 

however, all models contain some error. Thus, the best alternative is to choose a model 

where S is minimized. This can be done by taking the first partial derivatives of S, and 

then taking the second partial derivatives to verify that the values of m and b yield a 

minimum [36].  

In addition, the following matrices are obtained: p-value matrix, PR matrix for 

uncorrected values, PR matrix for Bonferroni corrected values, and a GC matrix. The 

PR matrix simply indicates a “1” for significant, and “0” for not significant. The p-

value matrix indicates the actual p values. Furthermore, these matrices can be exported 
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to an Excel file where the data include all the decimals. Failure to do so results in loss 

of information.  

The matrix of the GC interaction values is found where the column variable 

affects the row variable. Higher numbers reflect greater causal influence. These values 

do not undergo any type of statistical test. Therefore the p-values are investigated, 

which in turn determine the GC values. For instance, a significant p-value in a matrix 

element will correspond to a GC value in the same element in the GC matrix. The 

Granger causality from variable 2 to variable 1, conditioned on variable 3, 

mathematically looks like: 

          
   

   
 (30)  

where ρ is the noise covariance matrix of the restricted model. Referring back to 

equation 19, the second equality implies that for n variables there are n restricted 

models. Each restricted model omits a different predictor variable. For instance, ρ can 

be defined as: 

 
   

                   
                   

   
      

      
  

(31)  

 

where ξiR is estimated from the autoregressive model and variable 2 is omitted. The F-

statistic and significance values (p) are calculated, as well. Significant values (p<0.05 

uncorrected and Bonferroni corrected) were obtained for each path. The Bonferroni 

correction is a more stringent analysis than the uncorrected analysis. The goal is to 

investigate the strongest paths, if any, for each type of network. These connections 

were mapped and then compared to the SEM model developed in [8]. 

Simulation 

 In order to understand the results obtained from the GCCA toolbox, it is 

necessary to validate simulated data. Three time series were input, A, C, and D. Time 

series B is equal to time series A, but shifted back by one. The first excess value is 
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then placed in the last placeholder at the end of time series B. Time series C is input, 

which has no relation to time series A or B. Time series D is the average of time series 

B and C. Therefore, one would expect for time series D to have a causal influence on 

time series A since time series D contains information about time series A. Since time 

series A and C are not related, causality is not necessarily expected, but could occur by 

chance. Figure 3.12 shows a simple example of this concept.  

 

Figure 3.12 Example of Simulated Equations 

 

Below are the results from the GCCA toolbox that include the Granger causal values, 

p-values (uncorrected and Bonferroni corrected). 

 

Table 3.4 Simulated Data Table 

 

 The matrix is read where the column affects the row and the order of the time 

series input is A, C, D. Therefore, the third column, D, causally influences the first 

row, A. The p-value is zero therefore allowing for statistically significant (uncorrected 

and Bonferroni corrected) interactions to occur. Likewise, the GC value is higher, 

which indicates greater influence. Time series C has a causal influence on time series 
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A. Since they are not related, this causal influence must be by chance. Therefore, the 

GCCA algorithm presented results that were expected of the simulated data.  
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CHAPTER IV 

RESULTS 

 This chapter discusses the results for averaging time series subject by subject 

or as a group. In addition, the Granger causality analyses (hypothesis-driven and data-

driven) are compared to the hypothesis-driven SEM model.  

Average Time Series 

Based on preliminary data, it was determined that it does not matter whether 

the individual subjects‟ time series were averaged or a group‟s concatenated time 

series were segmented and then averaged. The comparison was between the four 

hypothesis-driven networks: frontal, parietal, right hemisphere, and left hemisphere. 

Both methods led to the same results. Therefore, it is more efficient to create a group 

design matrix and simply segment the time series into the appropriate sized matrix. 

Tables 4.1-4.4 illustrate that the uncorrected p and Granger causality interaction values 

for both methods are the same. The highlighted values indicate uncorrected p-values 

that are less than 0.05 and the corresponding Granger causality interaction values.  
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Table 4.1 Comparison of concatenating and averaging group data to individually averaging data for frontal region 

CONTROL GROUP CONCATENATED CONTROL GROUP INDIVIDUAL AVERAGED

GC values GC values

NaN 1.06E-07 0.001083 0.046701 0.004268 NaN 1.06E-07 0.001083 0.046701 0.004268

0.000733 NaN 0.04109 0.037349 0.006128 0.000733 NaN 0.04109 0.037349 0.006128

0.000186 0.002114 NaN 0.003321 0.000905 0.000186 0.002114 NaN 0.003321 0.000905

0.005421 0.000664 0.006385 NaN 0.00087 0.005421 0.000664 0.006385 NaN 0.00087

0.010957 0.003585 0.006504 0.014098 NaN 0.010957 0.003585 0.006504 0.014098 NaN

p-values p-values

NaN 0.997096 0.712407 0.015479 0.464242 NaN 0.997096 0.712407 0.015479 0.464242

0.761715 NaN 0.023154 0.030385 0.380507 0.761715 NaN 0.023154 0.030385 0.380507

0.878515 0.606501 NaN 0.518557 0.736046 0.878515 0.606501 NaN 0.518557 0.736046

0.409476 0.772769 0.370686 NaN 0.741002 0.409476 0.772769 0.370686 NaN 0.741002

0.24093 0.502397 0.366277 0.183473 NaN 0.24093 0.502397 0.366277 0.183473 NaN

GIFTED GROUP CONCATENATED GIFTED GROUP INDIVIDUAL AVERAGED

GC values GC values

NaN 0.020531 0.039513 0.004917 0.024949 NaN 0.020531 0.039513 0.004917 0.024949

0.001177 NaN 0.001952 0.039019 0.006692 0.001177 NaN 0.001952 0.039019 0.006692

0.005414 0.001602 NaN 0.001541 0.026611 0.005414 0.001602 NaN 0.001541 0.026611

0.025389 0.000437 0.019646 NaN 0.02939 0.025389 0.000437 0.019646 NaN 0.02939

0.006765 0.001483 0.052591 0.025625 NaN 0.006765 0.001483 0.052591 0.025625 NaN

p-values p-values

NaN 0.108447 0.025956 0.432126 0.076812 NaN 0.108447 0.025956 0.432126 0.076812

0.700778 NaN 0.620633 0.026904 0.359447 0.700778 NaN 0.620633 0.026904 0.359447

0.409768 0.65392 NaN 0.660089 0.067628 0.409768 0.65392 NaN 0.660089 0.067628

0.074254 0.814742 0.116362 NaN 0.054788 0.074254 0.814742 0.116362 NaN 0.054788

0.356826 0.666132 0.010196 0.072924 NaN 0.356826 0.666132 0.010196 0.072924 NaN

FRONTAL
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Table 4.2 Comparison of concatenating and averaging group data to individually averaging data for parietal region 

CONTROL GROUP CONCATENATED CONTROL GROUP INDIVIDUAL AVERAGED

GC values GC values

NaN 0.057521 0.008946 0.00094 NaN 0.057521 0.008946 0.00094

0.011785 NaN 0.001702 0.009141 0.011785 NaN 0.001702 0.009141

0.000766 0.004505 NaN 0.037311 0.000766 0.004505 NaN 0.037311

0.002431 0.010235 0.000347 NaN 0.002431 0.010235 0.000347 NaN

p-values p-values

NaN 0.006986 0.28742 0.730281 NaN 0.006986 0.28742 0.730281

0.222098 NaN 0.642648 0.282218 0.222098 NaN 0.642648 0.282218

0.755541 0.450307 NaN 0.029814 0.755541 0.450307 NaN 0.029814

0.579237 0.255185 0.833953 NaN 0.579237 0.255185 0.833953 NaN

GIFTED GROUP CONCATENATED GIFTED GROUP INDIVIDUAL AVERAGED

GC values GC values

NaN 0.023379 0.042026 0.075347 NaN 0.023379 0.042026 0.075347

0.001414 NaN 0.055 0.058969 0.001414 NaN 0.055 0.058969

0.000486 0.020405 NaN 0.03035 0.000486 0.020405 NaN 0.03035

0.013223 0.013512 0.122544 NaN 0.013223 0.013512 0.122544 NaN

p-values p-values

NaN 0.085483 0.021126 0.00202 NaN 0.085483 0.021126 0.00202

0.67239 NaN 0.008346 0.006309 0.67239 NaN 0.008346 0.006309

0.80415 0.108132 NaN 0.050064 0.80415 0.108132 NaN 0.050064

0.195902 0.191076 8.24E-05 NaN 0.195902 0.191076 8.24E-05 NaN

PARIETAL
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Table 4.3 Comparison of concatenating and averaging group data to individually averaging data for left hemisphere 

CONTROL GROUP CONCATENATED CONTROL GROUP INDIVIDUAL AVERAGED

GC values GC values

NaN 0.087339 0.087018 0.093065 NaN 0.087339 0.0870177 0.093065

0.021423 NaN 0.003293 0.074109 0.021423 NaN 0.0032932 0.074109

0.027417 0.036207 NaN 0.05464 0.027417 0.036207 NaN 0.05464

0.011393 0.029001 0.012419 NaN 0.011393 0.029001 0.0124186 NaN

p-values p-values

NaN 0.004269 0.003805 0.00283 NaN 0.004269 0.0038046 0.00283

0.437672 NaN 0.736799 0.008547 0.437672 NaN 0.7367987 0.008547

0.161606 0.17345 NaN 0.03676 0.161606 0.17345 NaN 0.03676

0.660068 0.154166 0.459721 NaN 0.660068 0.154166 0.4597212 NaN

GIFTED GROUP CONCATENATED GIFTED GROUP INDIVIDUAL AVERAGED

GC values GC values

NaN 0.003684 0.011709 2.27E-05 NaN 0.003684 0.0117087 2.27E-05

0.018804 NaN 0.027234 0.007016 0.018804 NaN 0.0272344 0.007016

0.00848 1.69E-05 NaN 1.29E-05 0.00848 1.69E-05 NaN 1.29E-05

0.018531 6.39E-05 0.018779 NaN 0.018531 6.39E-05 0.0187794 NaN

p-values p-values

NaN 0.494841 0.223593 0.957219 NaN 0.494841 0.2235927 0.957219

0.122992 NaN 0.063435 0.346144 0.122992 NaN 0.0634354 0.346144

0.300328 0.963175 NaN 0.967773 0.300328 0.963175 NaN 0.967773

0.125747 0.928334 0.123242 NaN 0.125747 0.928334 0.1232425 NaN

LEFT HEMISPHERE
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Table 4.4 Comparison of concatenating and averaging group data to individually averaging data for right hemisphere 

CONTROL GROUP CONCATENATED CONTROL GROUP INDIVIDUAL AVERAGED

GC values GC values

NaN 0.018679 0.000394 0.030629 NaN 0.018679 0.000394 0.030629

0.007456 NaN 0.004837 0.105437 0.007456 NaN 0.004837 0.105437

0.026644 0.026902 NaN 0.04183 0.026644 0.026902 NaN 0.04183

0.007576 0.008959 0.000125 NaN 0.007576 0.008959 0.000125 NaN

p-values p-values

NaN 0.124253 0.823448 0.049021 NaN 0.124253 0.823448 0.049021

0.331465 NaN 0.43407 0.00026 0.331465 NaN 0.43407 0.00026

0.066373 0.06507 NaN 0.021428 0.066373 0.06507 NaN 0.021428

0.327594 0.287067 0.90003 NaN 0.327594 0.287067 0.90003 NaN

GIFTED GROUP CONCATENATED GIFTED GROUP INDIVIDUAL AVERAGED

GC values GC values

NaN 0.034245 0.008887 0.006558 NaN 0.034245 0.008887 0.006558

0.000524 NaN 0.027506 0.002431 0.000524 NaN 0.027506 0.002431

0.015315 0.006944 NaN 0.001707 0.015315 0.006944 NaN 0.001707

0.001295 0.063633 0.000561 NaN 0.001295 0.063633 0.000561 NaN

p-values p-values

NaN 0.037399 0.289007 0.362384 NaN 0.037399 0.289007 0.362384

0.796788 NaN 0.062133 0.579206 0.796788 NaN 0.062133 0.579206

0.163951 0.34864 NaN 0.642118 0.163951 0.34864 NaN 0.642118

0.685665 0.004551 0.789995 NaN 0.685665 0.004551 0.789995 NaN

RIGHT HEMISPHERE
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Data Matrices 

For each group network map, the GCCA toolbox output the following: 

Granger causality (GC) interaction matrix, p-value matrix, uncorrected values matrix, 

and Bonferroni corrected values matrix.  Below is the table for the hypothesis-driven 

analysis for the gifted right hemisphere. It has been discussed in Chapter 3 how the 

GC or influence values are calculated. The higher GC values indicate more causal 

influence between regions. However, the lower p-values (p<0.05) indicate statistically 

significant paths for uncorrected analysis.  

Bonferroni correction was applied, which is a much more stringent type of 

analysis. For instance, the hypothesis-driven group analysis included nine regions. 

Therefore, the p-value matrix is a 9 x 9 matrix. Since nine of the elements are NaN (a 

region cannot influence itself), then 72 elements of the matrix occur. The Bonferroni 

correction will divide the p-value by the number of elements. Therefore, in order for a 

statistically significant path to occur in this analysis, the p-value must be less than 

6.94E-4.  

These tables are used to make maps that visually represent the connectivity 

paths, similar to Prescott‟s SEM map.  

 

Table 4.5 Hypothesis-Driven Data Table for Gifted Right Hemisphere 

GC values UNCORRECTED

NaN 0.024849 0.030559 0.00453 0 0 1 0

0.008152 NaN 0.011109 0.001732 0 0 0 0

0.034263 0.0031 NaN 0.008352 1 0 0 0

0.003942 0.038266 0.002383 NaN 0 1 0 0

p-values BONFERRONI

NaN 0.076234 0.049282 0.449072 0 0 0 0

0.309872 NaN 0.235845 0.639681 0 0 0 0

0.03735 0.531175 NaN 0.303997 0 0 0 0

0.48011 0.027795 0.582974 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: GIFTED RIGHT HEMISPHERE
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 The remaining tables for the data-driven and hypothesis-driven analyses can be 

found in Appendix H.   

Network Group Activation Maps 

Each network was mapped to display where uncorrected and Bonferroni 

corrected statistically significant connections occurred. This section is split into the 

hypothesis-driven analysis results and the data-driven analysis results for the entire 

time series, which include baseline and rotation trials. Additionally, the time series for 

rotation trials only are included. Since the goal of the connectivity analysis is to 

determine whether or not mathematically gifted adolescents perform mental rotation 

tasks differently than controls, the rotation data were extracted from the entire time 

series and examined separately. The resulting time series is 66 points in length and 

were not windowed. This is discussed later in the conclusions. Two analyses were 

performed for each: one with the uncorrected p-value < 0.05 and one with the 

Bonferroni correction, which takes into account the number of comparisons and tests 

performed. The maps are aerial views of a subject‟s head, where the nose is at the top 

of the figure, the left side of the figure corresponds to the left hemisphere, and the 

right side of the figure corresponds to the right hemisphere.  

Hypothesis-Driven Analysis: Control and Gifted Groups 

 Prescott‟s ROIs were used for the hypothesis-driven analysis. Below is 

Prescott‟s model, which the Granger causality paths will be compared to. 
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Figure 4.1 Prescott‟s SEM connectivity model [8] 

 

 When a subject views a stimulus, the occipital lobe receives the information 

first. Then, the information is processed from the back of the brain to the front of the 

brain where higher level processing occurs. For instance, this explains why many 

arrows are moving from the right superior parietal (RSP) to the right premotor cortex 

(RPM) and the right dorsolateral prefrontal (RDL). Below are the hypothesis-driven 

control and gifted group maps for statistically significant connectivity paths 

uncorrected and Bonferroni corrected at p < 0.05.
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Figure 4.2 Control and gifted group maps for hypothesis-driven ROIs
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Note that the black paths match Prescott‟s model while the green paths are 

unique to the Granger causality model. In other words, the green paths were not 

identified in Prescott‟s model using SEM. There was one statistically significant path 

that survived Bonferroni correction, shown in bold. This path can be interpreted as the 

activation in the left superior parietal (LSP) “Granger causes” activation in the left 

inferior parietal (LIP). This path agrees with Prescott‟s model.  

 There are many inter-hemispheric interactions that occur in the gifted model. 

Although some paths are similar to Prescott‟s model (3-5 out of 12), there are many 

that are unique to the Granger causality analysis (7 out of 12). It has been proposed 

that in order to successfully perform complicated spatial tasks, such as mental rotation, 

hemispheric integration is vital [37,8]. Also, a study revealed interaction between the 

frontal and parietal areas during a visuomotor mapping task where two stimulus 

categories (faces and houses) were mapped to two responses (left and right) [21]. 

Furthermore, notice that 3 out of 12 (25%) of the paths remain after the Bonferroni 

correction at p < 0.05 is applied. Interestingly these connections show that the right 

inferior parietal (RIP) “Granger causes” activity in the left inferior parietal (LIP), left 

superior parietal (LSP), right superior parietal (RSP), and the right dorsolateral 

prefrontal (RDL). A postmortem examination of Albert Einstein‟s brain revealed 

enhanced development of the inferior parietal lobes. Thus, these enhanced lobes are 

believed to be vital for visual imagery and high-level mathematical thinking [38]. 

These results certainly support this notion.   

Next, these group maps were constructed into networks comprising the right 

hemisphere, left hemisphere, frontal region, and parietal region. These networks are 

similar with respect to the analysis conducted by Prescott et al. Below are the control 

and gifted maps for the right hemisphere. 
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Figure 4.3 Control and gifted group maps for hypothesis-driven right hemisphere ROIs 

 

 

 There were not any statistically significant paths present when the Bonferroni correction was applied to the right 

hemisphere control map. When the Bonferroni correction was applied for the gifted group, there were not any statistically 

significant paths that remained. Below are the control and gifted maps for the ROIs in the left hemisphere.  
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Figure 4.4 Control and gifted group maps for hypothesis-driven left hemisphere ROIs 

 

 The control map portrays that one path was significant, which matches Prescott‟s model. No statistically significant 

paths were determined from the Bonferroni correction. The gifted model shows that two statistically significant paths that 

match the Prescott model were determined, where p < 0.05 uncorrected. The control and gifted frontal maps are shown below.  
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Figure 4.5 Control and gifted group maps for hypothesis-driven frontal ROIs                      

 

One uncorrected statistically significant path that matches Prescott‟s model was determined for the control group. The 

left dorsolateral prefrontal (LDL) “Granger causes” the right dorsolateral prefrontal (RDL). However, two uncorrected 

statistically significant paths similar to Prescott‟s model were determined in the gifted map.                                                
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 In addition, there was one Bonferroni corrected statistically significant path in 

the frontal region for the hypothesis-driven gifted map. The left dorsolateral prefrontal 

(LDL) “Granger causes” the anterior cingulate (AC). Additionally, the right 

dorsolateral prefrontal (RDL) “Granger causes” the AC. The bilateral engagement of 

the prefrontal cortex and the anterior cingulate in math gifted adolescents was 

indicated in a study performed by O‟Boyle et al [38]. Also, the left premotor cortex 

(LPM) “Granger causes” the right premotor cortex (RPM). The hypothesis-driven 

control and gifted maps for the parietal region are below.
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     Figure 4.6 Control and gifted group maps for hypothesis-driven parietal ROIs 

 

 There was one uncorrected statistically significant Granger unique path from RSP to LSP for the control group. In 

addition, there was one statistically significant path for the Bonferroni correction for the parietal region. The left superior 

parietal (LSP) “Granger causes” the left inferior parietal (LIP). 
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 Notice that all of the paths are unique to the Granger causality method for the 

gifted group. This gifted map further indicates that inter-hemispheric interactions are 

occurring. In addition, when the Bonferroni correction was applied, all three paths 

remained statistically significant. This network when performing mental rotation tasks 

agrees with results from two studies that identified more posterior activation for 

mathematical estimation [8].  Therefore, this corroborates the idea that advanced 

mathematical abilities may develop from enhanced brain region integration.  

 In summary, the group analyses for each group are unique to this study and 

cannot be directly compared to Prescott‟s model since only individual networks were 

investigated. Inter-hemispheric interactions are present within both groups. The gifted 

group contains statistically significant interactions in the parietal region and the left 

hemisphere.  

 

 

Figure 4.7 Summary of hypothesis-driven gifted group networks 
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Also, the controls subjects closely utilize the same amount of interactions 

throughout all networks. Only one Bonferroni corrected statistically significant path 

was determined in the left hemisphere within the parietal region. 

 

 

Figure 4.8 Summary of hypothesis-driven control group networks 

 

 Thus, the gifted subjects had more statistically significant paths than the 

controls. Furthermore, more statistically significant paths occurred in the parietal and 

frontal regions.   

Data-Driven Analysis: Control and Gifted Groups 

The ROIs in the data-driven analysis are unique to the control and gifted 

groups unlike the hypothesis-driven analysis. These ROIs were determined from each 

group‟s activation maps. This is discussed in more detail in Chapter 3. Figure 4.9 

shows the results for the group activation maps for controls and gifted subjects. There 

are many inter-hemispheric interactions among the entire network for the control 

group. Prescott did not investigate the entire network, only the four independent 
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networks, so a comparison cannot really be discussed. However, the data-driven 

regions, such as the frontal lobe and parietal lobe, somewhat correspond to Prescott et 

al., although a direct comparison cannot be made between the two sets of regions. 
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Figure 4.9 Control and gifted group maps for data-driven ROIs 

Notice that the Bonferroni corrected paths are prominent in the left hemisphere for the control group. The left frontal 

precentral gyrus “Granger causes” the parietal precuneus in different areas. Region 1 corresponds to Brodmann 7, while region 

2 corresponds to Brodmann 19. Brodmann 7 is higher on the head, while Brodmann 19 is closer to the back of the head.
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The gifted group map portrays the statistically significant path determined 

from the Bonferroni correction. The left occipital cuneus “Granger causes” the right 

parietal lobe (Brodmann 19). Brodmann 19 represents the secondary visual cortex. 

Most likely, visual information is being transmitted from the left hemisphere to the 

right hemisphere. Corballis claims the right hemisphere performs mental rotation more 

efficiently than the left hemisphere [37]. Since this study is focused on causality, not 

necessarily activation, the results may concur with the previous literature. The gifted 

group map indicates that the activated ROIs are spread out among the back and middle 

part of the brain, which is similar to Prescott‟s model. However, their model did not 

take into account inter-hemispheric connections among the parietal and occipital 

regions. The current analysis reveals several inter-hemispheric connections among 

these regions.   

The gifted group map did not have any activated frontal regions based on the 

specified statistical parameters. The literature reports that subjects with high fluid 

intelligence demonstrate strong engagement of the anterior/frontal brain structures, 

lateral prefrontal cortex, and the anterior cingulate during mental processing [8]. 

However, activation does not imply causality. Although there were not many activated 

regions present, this does not necessarily imply that there were not many causal 

connections present. Some causal connections may have been eliminated since the 

ROIs they were affecting were omitted from the analysis due to the statistical 

parameters. Therefore, a major misconception may be that there are no frontal causal 

connections for the data-driven gifted subjects. However, these ROIs were based on 

activation, not causality or strengths of connections. Perhaps using a different method 

to select ROIs, such as PCA, may mitigate this misconception.  

In Prescott‟s paper, the model defined the frontal region as left dorsolateral 

prefrontal, right dorsolateral prefrontal, left premotor cortex, right premotor cortex, 

and anterior cingulate [8]. The frontal region for the control activated ROIs contained 

different areas, which were the left precentral gyrus and the right middle frontal gyrus. 
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However, the interaction is across the front and not specified to a particular area, 

which resembles Prescott‟s model. The Bonferroni correction did not determine any 

statistically significant paths for the data-driven control group. Similarly, the data-

driven gifted group did not include any frontal connectivity paths. 

 

 

 

Figure 4.10 Control group map for data-driven ROIs in the frontal regions                         

 

Below are the control and gifted maps for the data-driven posterior regions.    
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Figure 4.11 Control and gifted group maps for data-driven ROIs in the posterior regions 
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The model in Prescott‟s paper defined the parietal regions as left inferior 

parietal, left superior parietal, right inferior parietal, and right superior parietal [8]. 

The activated posterior regions determined in the control group (posterior ROIs) 

included the left parietal precuneus, right limbic cingulate gyrus, right superior 

parietal, right inferior occipital gyrus, and right posterior. There were not any 

statistically significant paths present within the control posterior region.  

Since no frontal ROIs were determined from the data-driven analysis, the 

gifted group map and the gifted posterior map are the same. Inter-hemispheric 

interactions are present in the gifted model, which differs from Prescott‟s model.  The 

Bonferroni correction did determine a statistically significant path for the gifted 

posterior region, which was discussed earlier.  

  In Prescott‟s paper, the left hemisphere network was defined by four regions: 

left dorsolateral prefrontal, left premotor cortex, left superior parietal, and left inferior 

parietal [8]. The left hemisphere network for the current Granger analysis includes 

only the control group activated ROIs occurring in the left hemisphere (those with a 

negative value x-coordinate). This resulted in four ROIs, namely the left parietal 

precuneus and the left precentral gyrus. The left parietal precuneus corresponds to 

regions 1 and 2, Brodmann areas 7 and 19, respectively. The left precentral gyrus 

corresponds to region 3 and 4, Brodmann areas 6 and 9, respectively. 
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Figure 4.12 Control and gifted group maps for data-driven ROIs in the left hemisphere 

 

 The Bonferroni correction determined one statistically significant path within the left frontal precentral gyrus from 

Brodmann 6 to Brodmann 9 for the control group. In other words, the premotor area has a strong influence on the dorsolateral 

prefrontal cortex. 
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One connectivity path was present in the left hemisphere gifted map. 

Furthermore, region 1 (left occipital cuneus, Brodmann 19) “Granger causes” region 2 

(left inferior parietal, Brodmann 40) at the Bonferroni corrected p < 0.05 level. This 

may represent visual information being processed within the left hemisphere.  

In Prescott‟s paper, the model defined the right hemisphere as right 

dorsolateral prefrontal, right premotor cortex, right superior parietal, and right inferior 

parietal [8]. The right hemisphere network for the control activated ROIs contained 

different areas such as the right limbic cingulate gyrus, right superior parietal, right 

inferior occipital gyrus, right posterior declive, and right middle frontal gyrus.  This 

model is similar to Prescott‟s model. Notice that the two models both include the right 

superior parietal region. 
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                   Figure 4.13 Control and gifted group maps for data-driven ROIs in the right hemisphere    

 

 No paths were found via the Bonferroni correction for the control group. All three paths in the gifted map are 

statistically significant at the Bonferroni corrected level. Region 1 (right parietal, Brodmann 19) “Granger causes” region 3 

(right middle occipital gyrus, Brodmann 19). Region 2 (right inferior parietal, Brodmann 40) “Granger causes” region 1 and 

region 3. There is significant interaction occurring in the right hemisphere for gifted subjects. This agrees with O‟Boyle‟s 
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hypothesis that there is heightened development in the right hemisphere among gifted 

subjects. In addition, this map is evident of visuospatial activity. 

The parietal cortex is responsible for visual processing such as mental rotation. 

This further supports O‟Boyle‟s hypothesis of math gifted subjects having heightened 

development of the parietal regions and the right hemisphere during mental rotation 

tasks.   

 In summary, the hypothesis-driven analysis, based on a priori regions taken 

from Prescott‟s paper, did not reveal any Bonferroni corrected statistically significant 

paths for the control frontal, control left hemisphere, control right hemisphere, gifted 

left hemisphere, and gifted right hemisphere. 

 Furthermore, the data-driven analysis did not reveal any uncorrected 

statistically significant paths in the gifted frontal region. Also, regions that did not 

reveal statistically significant paths via the Bonferroni correction for the data-driven 

model include: control frontal, control posterior, and control right hemisphere.      

In summary, the group maps clearly indicate that the control group utilizes 

more brain regions than the gifted group; especially the frontal region. This does not 

indicate, however, that the gifted do not utilize the frontal region at all. The gifted 

group could utilize the frontal region, but not as significantly as the controls. The 

gifted group may be more efficient in their utilization of the brain. Therefore, they 

may not rely as heavily on the frontal region as controls. For instance, when a subject 

learns a new rule, there is more activation in the brain. Once the rule is learned, 

activation decreases and subjects become more efficient at performing the rule.  
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Figure 4.14 Summary of data-driven gifted group networks 

 

In addition, the data-driven control subjects utilize all networks except the 

parietal network. One statistically significant path was present in the left hemisphere. 

The gifted data-driven networks do not include a frontal region. Furthermore, there are 

statistically significant paths in the right hemisphere, left hemisphere, and parietal 

regions. This corresponds to O‟Boyle‟s hypothesis that gifted subjects have 

heightened development of the parietal network.
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Figure 4.15 Summary of data-driven control group networks                                   

.  
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Hypothesis-Driven Analysis: Control and Gifted Groups’ Rotation Tasks 

This analysis is similar to those performed above. However, this analysis only uses the data points from when the math 

gifted and control groups are performing mental rotation tasks. The mental rotation data are extracted from the entire time 

series and are concatenated together.  

 

 

              Figure 4.16 Control and gifted group maps for hypothesis-driven ROIs in the frontal region for rotation tasks                           
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 Some of these paths match Prescott‟s model. However, the control map 

portrays two inter-hemispheric connections that are unique to this Granger causality 

analysis. Three Bonferroni corrected statistically significant paths occur, as well. The 

LDL “Granger causes” the RDL. Based on the GC influence value, it is evident that 

this is a significantly strong path. In addition, the RDL “Granger causes” the LPM, 

along with the RPM. Inter-hemispheric interactions are prevalent among the frontal 

region, as well.  

The gifted frontal map indicates that connections occurred while gifted 

subjects performed mental rotation tasks. Only one uncorrected path was determined 

for the gifted frontal region. Below portrays the paths present within the left 

hemisphere for the control and gifted subjects.  
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        Figure 4.17 Control and gifted group maps for hypothesis-driven ROIs in the left hemisphere for rotation tasks                  

  

 Referring back to Figure 4.1, both of these paths agree with Prescott‟s model. The gifted map resembles Prescott‟s 

model very closely. Two unique Granger paths occur between LIP and LPM that are Bonferroni corrected. Two additional 

paths are Bonferroni corrected. LPM “Granger causes” LSP, along with LIP “Granger causing” LSP. The control and gifted 

parietal maps are below.  
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                        Figure 4.18 Control and gifted group maps for hypothesis-driven ROIs in the parietal region for rotation tasks                  

 

 The control map shows that one uncorrected statistically significant path occurs between LIP and LSP, which agrees 

with Prescott‟s model. Note the lack of inter-hemispheric interactions among the parietal brain regions. The gifted map 

portrays that the gifted subjects rely on inter-hemispheric interactions of the parietal regions for mental rotation tasks. Another 

interesting aspect of this map is that the majority of the statistically significant paths are unique to Granger causality. 
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Bonferroni significant paths include LSP “Granger causing” LIP and RSP, LIP “Granger causing” RSP, and LSP “Granger 

causing” LIP. The inter-hemispheric interaction agrees with the results from two studies that identified more posterior 

activation for mathematical estimation [8]. Therefore, this verifies the suggestion that advanced mathematical abilities may 

require brain region integration. Below are the control and gifted maps for the right hemisphere during mental rotation tasks.  

 

 

 

Figure 4.19 Control and gifted group maps for hypothesis-driven ROIs in the right hemisphere for rotation tasks 
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The control map portrays that one uncorrected statistically significant path is 

present between RSP and RPM. This agrees with Prescott‟s model. No Bonferroni 

corrected paths were present in the right hemisphere for the control group. There were 

not any statistically significant paths for the gifted right hemisphere during mental 

rotation tasks. Next, the data-driven analyses may reveal some information regarding 

the mental rotation task.   

Data-Driven Analysis: Control and Gifted Groups’ Rotation Tasks 

 There were not any statistically significant paths for the data-driven frontal 

network for the controls. For the data-driven analysis, the math gifted subjects did not 

show group activated frontal ROIs. Therefore, there is not a frontal network analysis 

for the math gifted group. The left hemisphere for the control and gifted subjects are 

shown below.  
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Figure 4.20 Control and gifted group maps for data-driven ROIs in the left hemisphere for rotation tasks 

One uncorrected statistically significant path was revealed during the control group analysis. There were not any 

statistically significant paths for the gifted left hemisphere during rotation tasks. 
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Figure 4.21 Control and gifted group maps for data-driven ROIs in the posterior region for rotation tasks 

 

Again, there are inter-hemispheric interactions between the posterior regions for both groups. The gifted group portrays 

a Bonferroni corrected statistically significant path in the right hemisphere, meaning region 4 (right inferior parietal, Brodmann 

40) “Granger causes” region 5 (right middle occipital gyrus, Brodmann 19). In addition, region 4 “Granger causes” region 1 

(left occipital cuneus, Brodmann 19).
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  The gifted subjects rely on the posterior part of the brain along with the right 

hemisphere during mental rotation tasks. Thus significant connectivity occurs in the 

right hemisphere within the posterior region. This supports the literature describing 

more inter-hemispheric integration of brain regions among math gifted subjects. 

Furthermore, many inter-hemispheric interactions occur, which support the theory that 

the integration of both hemispheres is required for advanced mathematical abilities. 

The maps portraying the right hemisphere for control and gifted subjects during 

mental rotation tasks are shown below.
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Figure 4.22 Control and gifted group maps for data-driven ROIs in the right hemisphere for rotation tasks  

 

There is one uncorrected statistically significant path in the right hemisphere for the control subjects. Similarly, there is 

one significant path for the gifted subjects, as well.  
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 There is one Bonferroni corrected path for the gifted subjects in the right 

hemisphere. Region 2 (right inferior parietal, Brodmann 40) “Granger causes” region 

3 (right middle occipital gyrus, Brodmann 19). More paths and interactions are 

expected to occur in this hemisphere during mental rotation. However, there are no 

group activated ROIs in the frontal regions for the math gifted group. Therefore, this 

precludes finding GC interactions between the right hemisphere frontal and posterior 

regions within this region.  

 In summary, the hypothesis-driven analysis for rotation tasks did not reveal 

any uncorrected statistically significant paths for the gifted right hemisphere during 

mental rotation tasks. The data-driven analysis did not determine any uncorrected 

paths for the control frontal or the gifted left hemisphere.  

 Also, the hypothesis-driven analysis for rotation tasks did not reveal any 

Bonferroni corrected statistically significant paths for control parietal, control left 

hemisphere, control right hemisphere, and gifted right hemisphere. 

 The data-driven analysis for rotation tasks did not reveal any Bonferroni 

corrected statistically significant paths for control frontal, control left hemisphere, 

control right hemisphere, and gifted left hemisphere.  

 In summary, the hypothesis-driven analysis indicates that the control subjects 

utilize and rely on the frontal region greatly. Many inter-hemispheric statistically 

significant paths are present in this region.  
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Figure 4.23 Summary of hypothesis-driven control group rotation networks  

 

 The hypothesis-driven gifted subjects rely on the parietal region and the left 

hemisphere. Many inter-hemispheric Granger causality paths occur in the parietal 

region that do not match Prescott‟s model. The left hemisphere contains many paths 

that do match Prescott‟s model along with two statistically significant Granger causal 

paths.  
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Figure 4.24 Summary of hypothesis-driven gifted group rotation networks  

 

 The data-driven control group did not utilize the frontal region during this 

paradigm. Furthermore, no statistically significant Bonferroni corrected paths were 

present.  
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Figure 4.25 Summary of data-driven control group rotation networks  

 

 The data-driven gifted group did not utilize the frontal region or left 

hemisphere. The parietal region was highly utilized. Numerous statistically significant 

inter-hemispheric interactions were present. One Bonferroni corrected statistically 

significant path was present in the right hemisphere.  
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Figure 4.26 Summary of data-driven gifted group rotation networks 
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Table 4.6 Summary Table for Hypothesis-Driven and Data-Driven Path Results 

Control Frontal Parietal Left Hemisphere Right Hemisphere 

Data-Driven 3 None 1, 1 4 

Hypothesis-Driven 1 1, 1 1 2 

Data-Driven Rotation None 1, 2 1 1 

Hypothesis-Driven Rotation 4, 3, IH 1 2 1 

Gifted  

Data-Driven None 1, 3 1 3 

Hypothesis-Driven 1, 2 3 2 3 

Data-Driven Rotation None 2, 8, IH None 1 

Hypothesis-Driven Rotation 1 4, 5, IH 4, 5, IH None 

HD Gifted Group 6, 6   IH HD Control Group  1, 9 IH  

DD Gifted Group 1, 3 IH DD Control Group 2, 14 IH 

IH = Inter-hemispheric paths present; Bonferroni corrected; uncorrected at p<0.05; HD = hypothesis-driven; DD = data-driven 
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CHAPTER V 

CONCLUSIONS 

The preprocessing steps were the most significant stage of this analysis. Many 

decisions are required to massage the data such as realigning, normalizing, smoothing, 

temporal slicing, what size Gaussian kernel, what size voxels, and so on. In order to 

compare to Prescott‟s SEM model, the preprocessing steps were followed as closely as 

possible to Prescott‟s study. A “simple” change in the data could produce different 

results. Therefore, the results from this thesis are not to be interpreted as definitively 

defining how brain regions interact within math gifted and control group adolescents 

while performing a mental rotation task. If, in fact, some of the preprocessing steps 

were different, the results would probably not align with the ones found here. For 

instance, this study uses 10mm sphere ROIs, which is decided based on the literature 

and the data set. However, 8mm sphere ROIs could be used, as well. Therefore, 

different results may occur according to the statistical parameters set for both 

functional and effective connectivity. Since a cluster threshold of five voxels is used to 

mitigate spurious results, the results using an 8mm ROI compared to a 10mm ROI 

should not be drastically different. However, more information is contained within the 

10mm ROI and may slightly alter the extracted time series representing that ROI as 

opposed to the 8mm ROI.    

 Effective connectivity leads to results that are based on a model. Therefore, 

decisions have to be made throughout creating the model such as ROIs. If certain 

anatomical connections are omitted from a hypothesis-driven model, then different 

results may occur, as well. By omitting structural assumptions, exploratory analyses 

are a useful tool for exploring possible alternative anatomical models that are essential 

for cognitive tasks [7]. 

 The hypothesis-driven models for SEM and Granger causality only identified 

connectivity paths that were between the nodes proposed in the model regardless of 

the data. Thus, vital connections may possibly be disregarded since other ROIs were 
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not proposed. For instance, the SEM model did not take into account the inter-

hemispheric paths that the Granger model discovered. Another disadvantage of SEM 

is that there is not one unique solution. Although the proposed model may be a good 

fit to the data, many models may be equally appropriate. One advantage is that SEM 

accounts for latent variables, which correspond to the underlying neural activity. This 

allows for a more accurate model that accounts for the neural activity instead of solely 

the BOLD response.  However, the data-driven models for Granger causality were 

developed based on the data. This is a more flexible method when studying the neural 

interactions, but does not necessarily take into account the anatomical information 

available. DCM is a unique method designed specifically for fMRI data that considers 

the underlying neural activity along with the BOLD response. This method is based on 

nonlinear differential equations, unlike Granger causality, which is based on a linear 

model. An interesting investigation for future studies would be to compare DCM, 

SEM, and Granger causality.  Therefore the goal is not to investigate which method is 

necessarily better, but what the strengths and weaknesses of each method are. 

Methods should be determined based on what neural phenomena are investigated.  

 Prescott claimed in his study that the math gifted group had higher effective 

connectivity between the intra-hemispheric frontoparietal regions, with more 

connections in the right hemisphere than the left. For the rotation tasks in the 

hypothesis-driven Granger causality model, the gifted group had more intra-

hemispheric connections in the left hemisphere, along with more inter-hemispheric 

connections between the parietal regions compared to the controls. However, the 

controls relied on the frontal region much more than the gifted group. Again, the 

gifted relied on the posterior region much more than the controls in the data-driven 

model. An interesting observation is that the gifted did not greatly rely on the right 

hemisphere as expected. There were some right hemispheric interactions occurring 

during the parietal analysis, but none in the right hemisphere or frontal analyses. 

Another interesting result is that the data-driven model did not determine any highly 

activated frontal regions for the gifted group. Again, activation does not imply 
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causality. Thus, the models in this study did not reflect the frontoparietal pathways 

that Prescott‟s SEM model did based from the activated ROIs.  

 However, the models in this study did illustrate inter-hemispheric interactions 

that Prescott‟s model did not illustrate. The only inter-hemispheric interactions 

occurring in Prescott‟s model were between LDL and RDL and between RPM and 

LPM. The results in this study for both the hypothesis-driven model and the data-

driven model include interactions among both hemispheres in the posterior region for 

the gifted group.  

 Thus, the inter-hemispheric interactions identified by Granger causality 

between the posterior regions in the gifted group for the hypothesis-driven and data-

driven models provide complementary results. The posterior results mostly agree with 

Prescott‟s model. However, this study does not recognize the frontal region for both 

models to be significant for math gifted subjects, which differs from the literature and 

Prescott.  

These results may be incomplete since certain thresholds and parameters were 

established to guard against false positive findings. Therefore these results could be 

reasonably seen as true results. However, activations occurring below these 

parameters are not represented, which could be effects of interest that have been 

excluded from these analyses and therefore missed. The connectivity maps portrayed 

in the Results section portray significant paths and eliminate the least significant paths 

completely. Causal connectivity may occur in the frontal region for the gifted during a 

mental rotation task, but these paths are not portrayed on the maps. This is due to the 

ROIs not meeting the statistical parameters based on the activation maps. Therefore, 

less stringent parameters may lead to different results. In addition, more ROIs may 

have provided more information regarding path analysis. Instead of five activated 

ROIs for the gifted group, the statistical parameters could have been altered to provide 

more ROIs. For instance, instead of p<0.0001, consider p<0.001 and a cluster 

threshold of five voxels as the statistical parameters for the activated voxels. Instead of 
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five significant ROIs, 28 significant ROIs were determined. For the activation maps, 

please refer to Figures D.6 and D.7 in Appendix D. Thus, the statistical parameters 

greatly influence the results.     

Uncorrected and Bonferroni correction thresholds were implemented to 

determine the statistically significant interactions. The uncorrected threshold is a fairly 

lenient analysis, while the Bonferroni correction is more stringent. The justification of 

performing both analyses is that the most important connections should be determined 

between the two thresholds (uncorrected and Bonferroni corrected).       

The mental rotation data were not windowed in order to mitigate any 

information being lost. However, instead of a continuous signal, temporal 

discontinuities may occur since segments were extracted and then concatenated 

together. Future work may window the mental rotation data and base conclusions from 

these results. 

The goal is to learn how to construct a model that can explain neural dynamics 

and cognitive function that will further future avenues for model development and 

exploration. A major misunderstanding in neuroimaging is that one model or method 

can correctly explain a data set. A single method is insufficient for such complex data 

sets. Thus, the use of multiple methods can represent complementary, rather than 

redundant, information [5,21].  

 Some of the results from this study correspond to results found in the literature. 

For instance, the mathematically gifted brain may be functionally organized in a 

different manner that those of average mathematical ability [39]. Inter-hemispheric 

interactions are thought to be a unique characteristic of the mathematically gifted 

brain, as well [8,39]. The results from this study support this notion. Within the 

posterior (data-driven analysis) and parietal (hypothesis-driven analysis) regions 

during the entire paradigm, the gifted brain uses many inter-hemispheric interactions. 

This is also shown during the rotation tasks. Enhanced development of the inferior 
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parietal lobes may suggest the emphasis of visual imagery during intricate 

mathematical cognition [38]. The controls have frontal inter-hemispheric interactions 

occur during the paradigm, but not within the parietal regions. Clearly the gifted have 

heightened involvement of the parietal regions during the mental rotation task. 

Mathematical reasoning ability may be attributed towards this development (especially 

in the right hemisphere) since it may enhance visuospatial capacity [39]. Thus, studies 

have investigated the math gifted brain and deduced that math gifted subjects are more 

likely to integrate information between hemispheres utilizing a unique form of brain 

bilateralism [38,39]. In a mental rotation study performed by O‟Boyle et al. in 2002, it 

was revealed that math gifted subjects were more bilaterally engaged as opposed to 

controls that were more unilaterally engaged [39]. Therefore, math gifted subjects may 

be more efficient at sharing or processing information across hemispheres when 

performing mental rotation tasks.  

 In addition, it has been determined that math-gifted children may rely on the 

parietal lobes, bilateral activation of the prefrontal cortex, and the anterior cingulate 

during mental rotation tasks [38]. The results in this study do not directly reflect these 

paths, although these areas are utilized in some instances. The gifted subjects rely on 

the posterior and parietal regions of the brain during both data-driven and hypothesis-

driven models. In addition, there were more Bonferroni corrected paths for the gifted 

subjects as opposed to the control subjects. Both Granger causality models provide 

complementary information regarding this conclusion.  

Further connectivity analyses could provide information about indirect 

connectivity. For instance, Granger causality can provide information regarding how 

ROI A can “Granger cause” ROI B. However, any regions or nodes in between these 

two regions are not accounted for. Granger causality cannot determine whether ROI A 

caused ROI C, when the only conclusion is that ROI A “Granger causes” ROI B. 

However, it may be possible that ROI A “Granger causes” ROI B, which then 

“Granger causes” ROI C. Further techniques would need to be implemented to 
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investigate this. Perhaps an additional method such as PCA may provide 

complementary information about particular connectivity networks. Future endeavors 

may include comparing SEM, Granger causality, and DCM. The latter method, 

designed specifically for fMRI data, accounts for the underlying neural activity along 

with the specification of direction for causal interactions. In addition, ICA may be 

used to determine ROIs instead of activation levels within SPM8. One method cannot 

provide complete details regarding a particular network. Therefore, integrating diverse 

neuroimaging techniques can provide converging evidence to help scientists better 

understand the enigmatic brain.  
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APPENDIX A 

DATA PREPROCESSING 

After downloading SPM8 from 

http://www.fil.ion.ucl.ac.uk/spm/software/spm8/, add it to the Matlab directory.  The 

SPM8 manual can be helpful and can be downloaded at 

www.fil.ion.ucl.ac.uk/spm/doc/manual.pdf. Also, download Marsbar at 

http://marsbar.sourceforge.net/ and add this folder to the Matlab directory, as well. 

This will be used to extract time series.  

In the command window in Matlab, type “spm”. The following window will 

appear.  

 

Figure A.1 SPM main menu 

 

Click the fMRI button. The menu below will appear, and several preprocessing 

options are available. For this particular study, the math gifted adolescent and control 

data were preprocessed via realignment, normalization, and smoothing.  

On the realignment menu, “Realign: Estimate and Reslice” is selected. 

http://www.fil.ion.ucl.ac.uk/spm/software/spm8/
http://www.fil.ion.ucl.ac.uk/spm/doc/manual.pdf
http://marsbar.sourceforge.net/
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Figure A.2 Realignment Menu 

 

When realigning the data, input all of the 132 original nifti files. Everything 

else remains default.  

 

Figure A.3 Realign: Estimate and Reslice Batch Editor 



Texas Tech University, Allison McMahon, August 2011 

103 

 

After realigning the data, normalize it. The realigned data will have the prefix 

„r_again‟ or whatever the user desires for the prefix to be. Input the realigned data and 

set the template image to EPI. This also takes into account the registration part, as 

well. Leave the remaining parameters default. Note that if one normalizes all the 

subjects at once or each subject individually, the same results will occur.  

 

 

Figure A.4 Normalize Menu 
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Figure A.5 Normalize: Estimate and Write Batch Editor 
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After normalizing the data, the data can be spatially smoothed.  Input the 

normalized and realigned data with the prefix „w_againr_again‟. The remaining 

parameters can be left default.  

 

Figure A.6 Smoothing Menu 

 

Figure A.7 Smooth Batch Editor 
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After the data have been realigned, normalized, and smoothed, the files will 

have the prefix „s_againw_againr_again‟. These can then be used for the next analysis.  
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APPENDIX B 

FIRST LEVEL ANALYSIS 

 On the SPM8 menu, under “model specification”, click “Specify 1
st
 -level”.  

 

 
Figure B.1a Specify 1

st
-Level Parameters 

  

 The units for design for this particular study are seconds. The interscan interval 

time or response time is 3s, which is determined when acquiring data.  The microtime 

resolution and microtime onset remains default. As the user scrolls down the menu, 

more parameters can be specified.  

 For this study, two conditions are used: baseline and rotation. The vector of 

onsets (each point in time when the task begins) and the duration (how long each task 

is) can be specified for each condition. This can be portrayed in Figure B.1b. 
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Figure B.1b Specify 1

st
-Level Parameters 

 

 When realigning the data in the preprocessing stage, a file prefixed with “rp”, 

which stands for realignment parameters, will be saved along with the realigned data. 

This will be the input file for the “Multiple regressors” parameter. Essentially, this 

accounts for the motion acquired in six directions during the scan. This can be shown 

in Figure B.1c.  
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 Figure B.1c Specify 1

st
-Level Parameters 

  

Once the data is run, a SPM.mat file will be saved in the specified directory 

shown in Figure B.1a. This file is known as the design matrix and will be used in 

order to extract time series and estimate models. When inputting this file into the 

“Results” section, the model will be estimated. A t-contrast of (-1 1 0 0 0 0 0 0) is used 

for first level analyses where rotation is first, baseline, and then the rotation 

parameters are the remaining six values. 
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APPENDIX C 

SECOND LEVEL ANALYSIS 

The second level analysis is used to determine activated ROIs determined by 

SPM8. The first level analysis must be done prior to the second level analysis. First, 

click “Specify 2nd-level” on the SPM8 menu.  

 

Figure C.1 Specify 2nd-Level 

 

 The inputs into the one-sample t-test are .con files, which are created during 

the first level analysis and after the model is estimated. For the gifted group analysis, 

.con files for subjects 5, 7, 10, 13, 19, 23, 24, and 28 were input. A separate second 

level analysis was done for the control subjects, which included subjects 1, 3, 11, 14, 

17, 20, 25, and 26.  

 No threshold masking was performed. Since it is only appropriate to perform 

global calculation and global normalization on PET data, they were not performed in 

this analysis. An implicit mask was used, which is a mask that is implied by a 

particular voxel value of zero. Essentially voxels that have a mask value of zero are 

excluded from the analysis. Figure E.2 portrays these parameters. 
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Figure C.2 Specify 2
nd

-Level Parameters 

 

After running this batch, a SPM.mat file will be created. This can be input into 

the “Results” option. The model will be estimated and then contrasts can be defined. A 

t-contrast of 1 will result in all activity being represented.  
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Figure C.3 Selecting Contrasts 

 

Select “Define new contrast…” to define a t-contrast or f-contrast. A t-contrast 

is used for comparison among one particular region. An F-contrast, however, is used 

when multiple regions among groups are being evaluated. 

 

Figure C.4 Defining Contrasts 
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For a second level analysis, the SPM.mat for the group first level analysis is 

used. When defining a contrast for the second level analysis, all activity is 

investigated. Thus, the t-contrast has a value of one.  
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APPENDIX D 

RESULTS 

 The “Results” section can be used to find activated voxels during certain 

statistical analyses. First select the “Results” option on the SPM8 menu. Select the 

SPM.mat from the second level analysis for the control group or gifted group. Define 

the contrasts needed for the analysis. For this particular research, a t-contrast of one is 

used.  

For this research, no masking or ROI analysis was applied, and a threshold of 

0.0001 with an extent threshold of five was used. Since the goal is to investigate the 

activated voxels determined by SPM, masking or a ROI analysis is clearly not needed. 

The threshold of 0.0001 is an arbitrary value where the smaller the number, the more 

stringent the analysis. The default value is 0.001, which gave too many voxels for the 

Granger causality analysis desired. The goal is to determine a similar number of nodes 

to the number that Prescott determined. The extent threshold is five voxels, which 

means that a cluster of five voxels must be present in order to be included as an 

activated voxel.  

 

Figure D.1 Statistical Parameters in Results Menu 

 

A figure with a glass brain in the coronal (top left), axial (bottom left), and 

sagittal (top right) views will appear. The coronal view shows the subject from the 

side, where the anterior part of the brain is on the right side of the figure. The axial 

view represents a bird‟s eye view where the left hemisphere is on the top and the right 
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hemisphere is on the bottom. The sagittal view represents the brain as if looking 

behind the subject‟s head, where the left hemisphere is on the left and the right 

hemisphere is on the right.  

 

 

Figure D.2 Results Represented on Glass Brains 

 

 By clicking “whole brain” on the Results menu, activated voxels can be 

determined depending on the statistical parameters specified.  

 

 

Figure D.3 Results Menu 
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Figure D.4 Second-Level Analysis for Control Group for p<0.0001 
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These voxels were used to build 10mm sphere ROIs in Marsbar as discussed in 

Appendix C. For the control group, there are three voxels in the same cluster. The 

voxel with the highest T value in the cluster is used. It seems repetitive to investigate 

the connectivity of three voxels in one cluster. When 10mm sphere ROIs are built, the 

ROIs will overlap and the data will be repetitive. Thus, two voxels are eliminated and 

nine nodes are used for the analysis. Then, time series were extracted and input into 

the GCCA toolbox.  
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Figure D.5 Second-Level Analysis for Gifted Group for p<0.0001 

 



Texas Tech University, Allison McMahon, August 2011 

119 

 

The gifted group has two clusters where one voxel with the highest T value 

from each cluster is used in the analysis. Thus, seven voxels are used in the analysis.  

When using the statistical parameters of p<0.0001 with a cluster threshold of 

five voxels, the following significant 28 ROIs are determined.  
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Figure D.6 Second-Level Analysis for Gifted Group for p<0.001 
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Figure D.7 Second-Level Analysis for Gifted Group for p<0.001 
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Below are the results for the two-sample t-test. 

 

Figure D.8 Two-sample t-test design matrix 
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Figure D.9 Results for gifted>controls for two-sample t-test 

 

Parameters for this analysis were fairly stringent. No masking occurred and a 

p-value threshold of 0.001 was implemented with a cluster threshold of five voxels. 

These were the same parameters used for the controls>gifted shown below.  
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Figure D.10 Results for controls>gifted for two-sample t-test 

 

The gifted group has more activation than the control group.  
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APPENDIX E 

BUILDING REGIONS OF INTEREST (ROIS) 

Regions of Interest (ROIs) can be built using Marsbar, an SPM toolbox. If 

Marsbar has been added successfully as a toolbox in SPM, then it may be selected 

using the SPM8 dropdown menu under “Toolbox”. If it is simply in the Matlab 

directory, then typing “marsbar” into the Matlab command window will open the 

toolbox for use. Under the ROI definition menu, click “Build”. 

 

 

Figure E.1 Marsbar Build 

 

For this analysis, the type of ROI selected is a sphere with a 10mm radius. The 

center of the sphere is the desired coordinate for the analysis. For this particular study, 

the nine ROIs were used from Prescott et al. along with other activated voxels in 

further analyses. Figure C.2 shows these parameters.  
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Figure E.2 Building ROI Parameters 

 

 The ROI can be saved in a directory and be used for extracting time series 

later.  
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APPENDIX F 

EXTRACTING TIME SERIES 

 Timeseries are important for being able to understand the data and can be used 

as input into connectivity models, such as Granger causality. They can be extracted 

using the Marsbar toolbox. First, the appropriate design needs to be set. Under the 

“Design” dropdown menu, select “Set design from file”.  

 
Figure F.1 Set Design from File 

 

 Figure F.2 shows an example of a design matrix that will appear after setting 

the design. This design matrix is for one subject. The first two columns represent 

baseline and rotation, respectively. The remaining six columns represent the six 

realignment parameters determined from the “rp” file obtained from realigning the 

data.  
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Figure F.2 Example of a Design Matrix 

 

 In order to verify the design matrix, select “Show default design summary”.  
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Figure F.3 Show Default Design Summary 

 

 The default design will be shown in Figure F.4.  This is a simple way to verify 

that the parameters are correct before proceeding to extract the time series.  

 

 
Figure F.4 Default Design Summary 
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Now the time series can be extracted once a design is set. Under the “Data” 

dropdown menu, select “Extract ROI data (full options)”.  

 

 

Figure F.5 Extract ROI Data (full options) 

 

The ROIs can be selected. Place all of the built ROIs in one folder for easy 

selection and know which order the ROIs are input. The first ROI will correspond to 

the first region, and so on.  

 
Figure F.6 Selecting ROIs 
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 When asked to use the SPM design, select “Yes”. The scaling will be based 

off of the SPM design, as well.  

 
Figure F.7 Time Series Parameters 

 

 

 
Figure F.8 Data Summary 

 

Under the “Data” dropdown menu, click “Show data summary”. This clearly 

summarizes the number of time points, the number of regions, and what each user-

defined ROI corresponds to what region. This is vital when building connectivity 

maps, which will be discussed later. 

Once the time series have been extracted, then the data can be saved to a file. 

Using the “Data” dropdown menu, click “Save data to file”. The time series will be 

saved as a .mat file, which can be opened in Matlab. 
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Figure F.9 Save Data to File 

 

Once the data is saved to a file, it can be opened in the Matlab directory. In 

order to save it as an Excel file, the “load” and “dlmwrite” commands can be used. For 

instance, Figure F.10 shows how to open a Matlab file, and save it as a .csv (comma- 

separated values) file, which can be opened in Excel.  

 

 

Figure F.10 Load a File in Matlab and Save in Excel 

 

Remember that “Y” is the variable of interest that is user named and setting the 

precision to 20 allows for up to 20 decimal points to be saved in the Excel data file. If 

this precision is not set, some data are truncated and thus information is lost. This can 

cause different results. Therefore, saving all values of the data is a very crucial step. 

From here, the time series can be input into the GCCA software or any analysis 

software of choice. 
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APPENDIX G 

AVERAGING TIME SERIES 

Below is the Matlab implementation for averaging a set of concatenated time 

series.  

 

 
Figure G.1 Matlab code for concatenating time series 
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APPENDIX H 

DATA TABLES 

 

Table H.1 Gifted Group Results for Hypothesis-Driven Analysis

GC values

NaN 0.1698319 0.0053187 0.0006421 0.0645051 0.0468623 0.0520756 0.0210431 0.0002132

0.003796561 NaN 0.0045374 0.0195717 0.0117954 0.0023633 0.0607643 0.0020996 0.000259

0.005619835 0.1285865 NaN 0.0255183 0.0214383 0.0055584 0.0991563 0.0073648 0.0157155

0.000597641 0.0135568 0.024579 NaN 0.029287 0.0064112 0.0278369 0.0289331 0.0104748

0.0013166 0.122894 0.007918 0.0144683 NaN 0.0146053 0.1027663 0.0004327 0.0124418

0.0158293 0.0191691 0.0020806 0.0006179 0.0300187 NaN 0.074054 0.0187662 0.0042716

0.013030809 0.0436271 0.000182 0.0009829 0.0060955 0.0202761 NaN 0.0084182 0.0001058

0.001676001 0.0074806 0.0057686 0.0233728 0.0241438 0.0176764 0.0270216 NaN 0.0057245

0.009296082 0.0070925 0.0164285 0.0011483 0.0201313 4.70E-05 0.1292013 1.74E-08 NaN

p-values

NaN 5.55E-06 0.4214631 0.780004 0.005117 0.0170238 0.011889 0.1098227 0.8721248

0.497023284 NaN 0.457789 0.1230547 0.231249 0.59206 0.006584 0.613508 0.8591993

0.40861838 7.73E-05 NaN 0.0782667 0.1065412 0.4111909 0.0005185 0.3441719 0.1670231

0.787568053 0.1993444 0.0839666 NaN 0.0592436 0.377457 0.0659023 0.0607996 0.2592602

0.689185635 0.0001114 0.3266704 0.1848834 NaN 0.1828183 0.0004099 0.8186526 0.2188801

0.165494793 0.1269769 0.6151157 0.7840794 0.056159 NaN 0.002703 0.1310409 0.4712664

0.208291207 0.0213155 0.88179 0.729656 0.3894635 0.1165123 NaN 0.3118512 0.9097139

0.651801904 0.3404041 0.4024821 0.0919535 0.0867581 0.1427826 0.0699931 NaN 0.4042887

0.287884767 0.3532491 0.1577051 0.7087606 0.1178252 0.939755 7.43E-05 0.9988411 NaN

UNCORRECTED

0 1 0 0 1 1 1 0 0

0 0 0 0 0 0 1 0 0

0 1 0 0 0 0 1 0 0

0 0 0 0 0 0 0 0 0

0 1 0 0 0 0 1 0 0

0 0 0 0 0 0 1 0 0

0 1 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 1 0 0

BONFERRONI

0 1 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 1 0 0 0 0 1 0 0

0 0 0 0 0 0 0 0 0

0 1 0 0 0 0 1 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 1 0 0

HYPOTHESIS-DRIVEN: GIFTED GROUP
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Table H.2 Gifted Parietal Results for Hypothesis-Driven Analysis 

GC values UNCORRECTED

NaN 0.000264 0.102486 0.00089 0 0 1 0

0.003335 NaN 0.112937 0.011553 0 0 1 0

0.000328 0.000835 NaN 0.000876 0 0 0 0

0.015475 0.023974 0.128089 NaN 0 0 1 0

p-values BONFERRONI

NaN 0.855044 0.000317 0.737185 0 0 1 0

0.515983 NaN 0.000157 0.226697 0 0 1 0

0.838556 0.745167 NaN 0.739253 0 0 0 0

0.161766 0.081601 5.69E-05 NaN 0 0 1 0

HYPOTHESIS-DRIVEN: GIFTED PARIETAL

 

 

Table H.3 Gifted Left Hemisphere Results for Hypothesis-Driven Analysis 

GC values UNCORRECTED

NaN 0.004915 0.002935 1.33E-05 0 0 0 0

0.055398945 NaN 0.000309 0.006836 1 0 0 0

0.000939983 0.000996 NaN 5.04E-05 0 0 0 0

0.062442627 0.001796 0.006616 NaN 1 0 0 0

p-values BONFERRONI

NaN 0.430415 0.542276 0.967239 0 0 0 0

0.008113952 NaN 0.843272 0.352405 0 0 0 0

0.730220963 0.722573 NaN 0.936357 0 0 0 0

0.004945621 0.633637 0.360285 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: GIFTED LEFT HEMISPHERE

 

 

Table H.4 Gifted Frontal Results for Hypothesis-Driven Analysis 

GC values UNCORRECTED

NaN 0.21100046 0.007291 0.045873 0.017445 0 1 0 1 0

0.004512816 NaN 0.015138 0.004786 0.003668 0 0 0 0 0

0.008060613 0.00127084 NaN 0.002397 0.026895 0 0 0 0 0

0.018798491 0.02299938 0.005587 NaN 0.027091 0 0 0 0 0

0.006196322 4.71E-05 0.060448 0.02278 NaN 0 0 1 0 0

p-values BONFERRONI

NaN 2.66E-07 0.338798 0.016421 0.13897 0 1 0 0 0

0.451707489 NaN 0.168096 0.438308 0.497446 0 0 0 0 0

0.314515615 0.6896247 NaN 0.58335 0.066179 0 0 0 0 0

0.124542529 0.08932658 0.402391 NaN 0.065195 0 0 0 0 0

0.377861992 0.93869631 0.005881 0.090869 NaN 0 0 0 0 0

HYPOTHESIS-DRIVEN: GIFTED FRONTAL
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Table H.5 Control Group Results for Hypothesis-Driven Analysis  

GC values

NaN 0.000703 0.011105 0.002078 0.043698 0.030294 0.021094 0.010806 0.005372

0.001409 NaN 0.007462 0.00049 0.007941 0.017391 0.035597 0.002144 0.024717

0.005459 3.91E-07 NaN 0.000212 0.098496 0.018133 0.010782 0.001345 0.020317

0.003034 0.002283 0.010841 NaN 0.033009 0.003615 0.021217 0.008276 0.000379

0.009527 0.001953 0.000379 0.003361 NaN 0.007915 0.009109 0.008398 0.032724

0.002045 0.032685 0.022343 0.001804 0.019063 NaN 0.000278 0.000104 0.001659

0.009369 0.040938 0.012948 0.017011 0.057899 0.00822 NaN 0.029009 0.000841

0.000669 0.022188 0.018123 0.00364 0.023428 0.012029 0.005591 NaN 0.000733

0.066179 0.022723 0.006443 0.004548 0.051266 0.006852 0.004553 0.004558 NaN

p-values

NaN 0.770142 0.245408 0.61531 0.02121 0.055041 0.109395 0.251868 0.419169

0.679082 NaN 0.341013 0.807173 0.325973 0.146054 0.037555 0.609777 0.083103

0.415424 0.994504 NaN 0.872449 0.000541 0.137726 0.252389 0.686077 0.116145

0.543753 0.598449 0.25109 NaN 0.045214 0.507516 0.108368 0.315983 0.829983

0.281966 0.626126 0.830031 0.522778 NaN 0.326749 0.292781 0.312429 0.046153

0.618142 0.046283 0.09943 0.639701 0.128031 NaN 0.854248 0.91053 0.653412

0.285999 0.02573 0.209738 0.150534 0.007993 0.317628 NaN 0.060463 0.749184

0.775531 0.100608 0.137835 0.506055 0.091569 0.22669 0.40981 NaN 0.765414

0.004573 0.096593 0.376285 0.457245 0.012568 0.36156 0.457009 0.45676 NaN

UNCORRECTED

0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 1 0 0

0 0 0 0 1 0 0 0 0

0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 0 0 1

0 1 0 0 0 0 0 0 0

0 1 0 0 1 0 0 0 0

0 0 0 0 0 0 0 0 0

1 0 0 0 1 0 0 0 0

BONFERRONI

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0

HYPOTHESIS-DRIVEN: CONTROL GROUP
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Table H.6 Control Right Hemisphere Results for Hypothesis-Driven Analysis 

GC values UNCORRECTED

NaN 0.008444 0.00791 0.002743 0 0 0 0

0.042386 NaN 0.008631 0.003072 1 0 0 0

0.039178 0.000272 NaN 0.000208 1 0 0 0

0.01701 0.000477 0.004877 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.301351 0.317166 0.555832 0 0 0 0

0.020581 NaN 0.296052 0.533061 0 0 0 0

0.025998 0.85279 NaN 0.871052 0 0 0 0

0.142409 0.806046 0.432184 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: CONTROL RIGHT HEMISPHERE

 

 

Table H.7 Control Parietal Results for Hypothesis-Driven Analysis 

GC values UNCORRECTED

NaN 0.077926 0.000767 0.022293 0 1 0 0

0.001606 NaN 0.004552 0.037248 0 0 0 1

0.011694 0.023055 NaN 0.006004 0 0 0 0

0.000892 0.019001 0.027268 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.001691 0.755371 0.09309 0 1 0 0

0.652189 NaN 0.447957 0.029953 0 0 0 0

0.223881 0.08768 NaN 0.383465 0 0 0 0

0.736893 0.121051 0.06327 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: CONTROL PARIETAL

 

 

Table H.8 Control Left Hemisphere Results for Hypothesis-Driven Analysis 

GC values UNCORRECTED

NaN 0.003925 0.00043 0.005278 0 0 0 0

4.72E-05 NaN 0.005229 0.043947 0 0 0 1

0.005801 0.009416 NaN 0.023041 0 0 0 0

0.002106 0.006188 0.015516 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.48102 0.81555 0.413853 0 0 0 0

0.938397 NaN 0.416049 0.018382 0 0 0 0

0.391662 0.275112 NaN 0.087777 0 0 0 0

0.60579 0.376298 0.161209 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: CONTROL LEFT HEMISPHERE
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Table H.9 Control Frontal Results for Hypothesis-Driven Analysis 

GC values UNCORRECTED

NaN 1.60E-05 0.000843 0.018402 0.001725 0 0 0 0 0

4.16E-06 NaN 0.003492 0.023762 0.000301 0 0 0 0 0

0.006045 0.000621 NaN 0.001077 0.000658 0 0 0 0 0

0.000722 0.041554 0.00028 NaN 0.000399 0 1 0 0 0

7.83E-05 0.018926 0.004679 0.007356 NaN 0 0 0 0 0

p-values BONFERRONI

NaN 0.964253 0.745025 0.128585 0.641695 0 0 0 0 0

0.981769 NaN 0.50794 0.084187 0.845887 0 0 0 0 0

0.383738 0.780191 NaN 0.713126 0.773857 0 0 0 0 0

0.763323 0.022391 0.851365 NaN 0.822975 0 0 0 0 0

0.921015 0.123272 0.443511 0.336635 NaN 0 0 0 0 0

HYPOTHESIS-DRIVEN: CONTROL FRONTAL

 

 

Table H.10 Gifted Group Results for Data-Driven Analysis 

GC values UNCORRECTED

NaN 0.001412 0.000971 0.005931 0.008025 0 0 0 0 0

0.039801 NaN 0.00016 0.000876 0.022134 1 0 0 0 0

0.087295 0.048655 NaN 0.011976 0.018366 1 1 0 0 0

0.008596 0.016102 0.000403 NaN 0.000384 0 0 0 0 0

0.032609 0.007638 0.018088 0.010613 NaN 1 0 0 0 0

p-values BONFERRONI

NaN 0.673825 0.72697 0.388274 0.31558 0 0 0 0 0

0.025419 NaN 0.887158 0.740185 0.095573 0 0 0 0 0

0.000933 0.013469 NaN 0.220203 0.128959 1 0 0 0 0

0.29897 0.155149 0.821965 NaN 0.826173 0 0 0 0 0

0.043075 0.327538 0.131888 0.248455 NaN 0 0 0 0 0

DATA-DRIVEN: GIFTED GROUP

 

 

Table H.11 Gifted Right Hemisphere Results for Data-Driven Analysis 

GC values UNCORRECTED

NaN 0.187841 0.018401 0 1 0

0.011525 NaN 0.002127 0 0 0

0.11245 0.098533 NaN 1 1 0

p-values BONFERRONI

NaN 4.83E-06 0.43881 0 1 0

0.473815 NaN 0.80764 0 0 0

0.000719 0.002474 NaN 1 1 0

DATA-DRIVEN: GIFTED RIGHT HEMISPHERE
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Table H.12 Gifted Posterior Region Results for Data-Driven Analysis 

GC values UNCORRECTED

NaN 0.001412 0.000971 0.005931 0.008025 0 0 0 0 0

0.039801 NaN 0.00016 0.000876 0.022134 1 0 0 0 0

0.087295 0.048655 NaN 0.011976 0.018366 1 1 0 0 0

0.008596 0.016102 0.000403 NaN 0.000384 0 0 0 0 0

0.032609 0.007638 0.018088 0.010613 NaN 1 0 0 0 0

p-values BONFERRONI

NaN 0.673825 0.72697 0.388274 0.31558 0 0 0 0 0

0.025419 NaN 0.887158 0.740185 0.095573 0 0 0 0 0

0.000933 0.013469 NaN 0.220203 0.128959 1 0 0 0 0

0.29897 0.155149 0.821965 NaN 0.826173 0 0 0 0 0

0.043075 0.327538 0.131888 0.248455 NaN 0 0 0 0 0

DATA-DRIVEN: GIFTED BACK

 

 

Table H.13 Gifted Left Hemisphere Results for Data-Driven Analysis 

GC values UNCORRECTED

NaN 1.11E-05 0 0

0.136017 NaN 1 0

p-values BONFERRONI

NaN 0.96983 0 0

2.90E-05 NaN 1 0

DATA-DRIVEN: GIFTED LEFT HEMISPHERE
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Table H.14 Control Group Results for Data-Driven Analysis 

GC values

NaN 0.000187 0.119929 0.0653 0.089641 0.034733 0.00569 0.073358

0.013579 NaN 0.095789 0.053466 0.086694 0.053911 0.013018 0.049527

0.011411 0.017334 NaN 0.005405 0.00456 3.85E-05 0.008247 0.009814

0.001629 0.003045 0.031705 NaN 0.006098 0.022784 0.013794 0.00124

4.91E-05 0.000355 0.070017 0.024008 NaN 0.001411 0.0073 0.000283

0.000164 0.000136 0.090089 0.001312 0.068886 NaN 0.01153 0.011691

0.003657 0.016784 0.021373 0.01155 0.019685 0.00562 NaN 0.083033

0.002211 9.42E-05 0.004012 0.000889 0.013699 0.023479 0.048726 NaN

p-values

NaN 0.879691 0.000127 0.004679 0.00092 0.039138 0.403784 0.00272

0.197137 NaN 0.000613 0.01049 0.001118 0.010173 0.206646 0.013772

0.237074 0.145059 NaN 0.415798 0.454803 0.945269 0.314852 0.272877

0.655105 0.541337 0.048751 NaN 0.387406 0.09479 0.193622 0.696738

0.938189 0.834763 0.003404 0.086353 NaN 0.677566 0.34434 0.852356

0.887454 0.897207 0.000893 0.688528 0.003673 NaN 0.234646 0.231409

0.50328 0.151598 0.105645 0.234243 0.120449 0.406671 NaN 0.001426

0.602731 0.914446 0.483293 0.741444 0.195173 0.089893 0.014559 NaN

UNCORRECTED

0 0 1 1 1 1 0 1

0 0 1 1 1 1 0 1

0 0 0 0 0 0 0 0

0 0 1 0 0 0 0 0

0 0 1 0 0 0 0 0

0 0 1 0 1 0 0 0

0 0 0 0 0 0 0 1

0 0 0 0 0 0 1 0

BONFERRONI

0 0 1 0 0 0 0 0

0 0 1 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

DATA-DRIVEN: CONTROL GROUP
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Table H.15 Control Right Hemisphere Results for Data-Driven Analysis 

GC values UNCORRECTED

NaN 0.006438 0.011392 0.001469 0 0 0 0

0.007242 NaN 0.014634 0.04277 0 0 0 1

0.004018 0.037902 NaN 0.029214 0 1 0 0

0.011063 0.057375 0.042296 NaN 0 1 1 0

p-values BONFERRONI

NaN 0.366808 0.229958 0.666376 0 0 0 0

0.338489 NaN 0.17364 0.020016 0 0 0 0

0.475875 0.028548 NaN 0.054554 0 0 0 0

0.236811 0.007058 0.020715 NaN 0 0 0 0

DATA-DRIVEN: CONTROL RIGHT HEMISPHERE

 

 

Table H.16 Control Posterior Region Results for Data-Driven Analysis 

GC values UNCORRECTED

NaN 0.02332 0.00065 0.018094 0 0 0 0

0.000208 NaN 0.010811 0.002833 0 0 0 0

5.86E-05 0.0015 NaN 1.72E-06 0 0 0 0

0.000995 0.007906 0.000258 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.085876 0.774378 0.130304 0 0 0 0

0.87115 NaN 0.242223 0.549418 0 0 0 0

0.931389 0.663102 NaN 0.988244 0 0 0 0

0.72277 0.317289 0.85658 NaN 0 0 0 0

DATA-DRIVEN: CONTROL BACK

 

 

Table H.17 Control Left Hemisphere Results for Data-Driven Analysis 

GC values UNCORRECTED

NaN 0.002817 0.056504 0.028194 0 0 1 0

0.00111 NaN 0.021507 0.029323 0 0 0 0

0.002985 0.005521 NaN 0.007891 0 0 0 0

0.010922 0.011772 0.077635 NaN 0 0 1 0

p-values BONFERRONI

NaN 0.550509 0.007505 0.058952 0 0 0 0

0.707821 NaN 0.099054 0.054106 0 0 0 0

0.538893 0.403325 NaN 0.317728 0 0 0 0

0.239813 0.222341 0.001725 NaN 0 0 1 0

DATA-DRIVEN: CONTROL LEFT HEMISPHERE
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Table H.18 Control Frontal Results for Data-Driven Analysis 

GC values UNCORRECTED

NaN 0.031228 0.00176 0.026304 0 1 0 0

0.036592 NaN 0.00248 0.014218 1 0 0 0

0.063493 0.030208 NaN 0.001894 1 0 0 0

0.016276 0.001327 0.014509 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.04686 0.637051 0.068129 0 0 0 0

0.031437 NaN 0.575434 0.179885 0 0 0 0

0.004596 0.050602 NaN 0.624481 0 0 0 0

0.151321 0.682065 0.175492 NaN 0 0 0 0

DATA-DRIVEN: CONTROL FRONTAL

 

 

Table H.19 Control Frontal Results for Hypothesis-Driven  

Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.063211 0.0008 0.065815 0.0393 0 0 0 1 0

0.012191 NaN 0.00289 0.031332 0.014474 0 0 0 0 0

0.019615 0.067988 NaN 0.189091 0.077554 0 1 0 1 1

0.002512 0.288186 0.003508 NaN 0.028545 0 1 0 0 0

0.008006 0.147214 0.011279 0.172587 NaN 0 1 0 1 0

p-values BONFERRONI

NaN 0.05245 0.82728 0.04782 0.126214 0 0 0 0 0

0.394386 NaN 0.67835 0.172125 0.353394 0 0 0 0 0

0.279991 0.044285 NaN 0.000795 0.031695 0 0 0 1 0

0.699041 3.45E-05 0.647764 NaN 0.192481 0 1 0 0 0

0.490069 0.003078 0.412656 0.001352 NaN 0 0 0 1 0

HYPOTHESIS-DRIVEN: CONTROL FRONTAL ROTATION
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Table H.20 Control Left Hemisphere Results for Hypothesis-Driven  

 Analysis for Rotation Tasks

GC values UNCORRECTED

NaN 0.009294 0.057314 0.001035 0 0 0 0

0.036167 NaN 0.030553 0.085606 0 0 0 1

0.00184 0.000757 NaN 0.001201 0 0 0 0

0.042517 0.065714 0.049804 NaN 0 1 0 0

p-values BONFERRONI

NaN 0.453323 0.062577 0.802364 0 0 0 0

0.139071 NaN 0.173954 0.022853 0 0 0 0

0.738616 0.830513 NaN 0.787489 0 0 0 0

0.108741 0.046152 0.08258 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: CONTROL LEFT HEMISPHERE ROTATION

 
 

Table H.21 Control Right Hemisphere Results for Hypothesis-Driven  

Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.033451 0.000193 0.026536 0 0 0 0

0.001623 NaN 0.00161 0.013564 0 0 0 0

0.028086 0.05831 NaN 0.066436 0 0 0 1

0.004004 0.014152 0.000638 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.154841 0.914003 0.205121 0 0 0 0

0.75401 NaN 0.754946 0.36499 0 0 0 0

0.192383 0.06034 NaN 0.044971 0 0 0 0

0.6226 0.354803 0.844282 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: CONTROL RIGHT HEMISPHERE ROTATION

 

 

Table H.22 Control Parietal Results for Hypothesis-Driven  

Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.105403 0.017684 0.045235 0 1 0 0

0.057612 NaN 0.018726 0.053674 0 0 0 0

0.000457 0.006402 NaN 0.039051 0 0 0 0

3.36E-05 0.017554 0.012794 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.011557 0.300967 0.098054 0 0 0 0

0.061899 NaN 0.287141 0.071532 0 0 0 0

0.86797 0.533708 NaN 0.124265 0 0 0 0

0.964018 0.302738 0.378965 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: CONTROL PARIETAL ROTATION
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Table H.23 Gifted Frontal Results for Hypothesis-Driven Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.111731 0.026081 0.064549 0.006699 0 1 0 0

0.014055 NaN 0.002788 0.018281 0.004035 0 0 0 0

0.001279 0.002426 NaN 0.010322 0.005713 0 0 0 0

0.010487 0.009045 0.011978 NaN 0.00317 0 0 0 0

0.001498 0.004975 0.043603 0.002163 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.009923 0.212856 0.050014 0.527809 0 0 0 0

0.360458 NaN 0.683764 0.296962 0.624124 0 0 0 0

0.782615 0.703982 NaN 0.433215 0.559882 0 0 0 0

0.429553 0.463168 0.398546 NaN 0.664045 0 0 0 0

0.765299 0.586402 0.107231 0.719762 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: GIFTED FRONTAL ROTATION

 

Table H.24 Gifted Left Hemisphere Results for Hypothesis-Driven  

Analysis for Rotation Tasks

GC values UNCORRECTED

NaN 0.073125 0.086149 0.007229 0 1 1 0

0.126074 NaN 0.140455 0.08469 1 0 1 1

0.036051 0.153735 NaN 0.019071 0 1 0 0

0.101353 0.169242 0.156166 NaN 1 1 1 0

p-values BONFERRONI

NaN 0.035428 0.022425 0.508404 0 0 0 0

0.005746 NaN 0.003554 0.023594 0 0 1 0

0.139705 0.002289 NaN 0.282739 0 1 0 0

0.013272 0.001374 0.002112 NaN 0 1 1 0

HYPOTHESIS-DRIVEN: GIFTED LEFT HEMISPHERE ROTATION

 
 

Table H.25 Gifted Right Hemisphere Results for Hypothesis-Driven 

 Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.005617 0.000311 0.00194 0 0 0 0

0.001613 NaN 0.001778 0.011307 0 0 0 0

0.052286 0.057038 NaN 0.002742 0 0 0 0

0.003892 0.006074 0.001331 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.559918 0.890831 0.731909 0 0 0 0

0.754776 NaN 0.742944 0.408173 0 0 0 0

0.075299 0.063212 NaN 0.683798 0 0 0 0

0.627473 0.54438 0.776557 NaN 0 0 0 0

HYPOTHESIS-DRIVEN: GIFTED RIGHT HEMISPHERE ROTATION
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Table H.26 Gifted Parietal Results for Hypothesis-Driven Analysis for Rotation Tasks

GC values UNCORRECTED

NaN 0.196359 0.004671 0.090353 0 1 0 1

0.093747 NaN 0.008897 0.127475 1 0 0 1

0.106727 0.223924 NaN 0.06971 1 1 0 1

0.167522 0.156214 0.003407 NaN 1 1 0 0

p-values BONFERRONI

NaN 0.000567 0.594998 0.01938 0 1 0 0

0.017236 NaN 0.463146 0.005482 0 0 0 0

0.011047 0.000232 NaN 0.040002 0 1 0 0

0.001454 0.002109 0.649826 NaN 1 1 0 0

HYPOTHESIS-DRIVEN: GIFTED PARIETAL ROTATION

 

 

Table H.27 Control Frontal Results for Data-Driven Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.003803 0.000456 0.018444 0 0 0 0

0.000764 NaN 0.003131 0.007932 0 0 0 0

0.026957 0.029823 NaN 0.007853 0 0 0 0

0.002821 0.010575 0.038621 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.631457 0.868147 0.290793 0 0 0 0

0.829804 NaN 0.663382 0.488476 0 0 0 0

0.201565 0.179184 NaN 0.49063 0 0 0 0

0.67949 0.423787 0.126356 NaN 0 0 0 0

DATA-DRIVEN: CONTROL FRONTAL ROTATION

 

 

Table H.28 Control Left Hemisphere Results for Data-Driven  

Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.019112 0.054729 0.001316 0 0 0 0

0.026905 NaN 0.062321 6.76E-05 0 0 0 0

0.088018 0.050727 NaN 0.011544 1 0 0 0

0.05826 0.029234 0.020537 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.282233 0.068803 0.777778 0 0 0 0

0.202003 NaN 0.052158 0.949026 0 0 0 0

0.021014 0.07979 NaN 0.403306 0 0 0 0

0.060451 0.183537 0.264981 NaN 0 0 0 0

DATA-DRIVEN: CONTROL LEFT HEMISPHERE ROTATION
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Table H.29 Control Right Hemisphere Results for Data-Driven 

 Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.001559 0.001543 0.014671 0 0 0 0

0.005311 NaN 0.048989 0.097463 0 0 0 1

0.0133 0.048946 NaN 0.011527 0 0 0 0

0.039393 0.000192 0.003224 NaN 0 0 0 0

p-values BONFERRONI

NaN 0.758717 0.759921 0.346111 0 0 0 0

0.570801 NaN 0.085135 0.015166 0 0 0 0

0.369703 0.085273 NaN 0.40365 0 0 0 0

0.122629 0.914185 0.658731 NaN 0 0 0 0

DATA-DRIVEN: CONTROL RIGHT HEMISPHERE ROTATION

 

Table H.30 Control Posterior Region Results for Data-Driven  

Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.009896 0.092874 0.001015 0 0 1 0

0.039828 NaN 0.098022 0.011202 0 0 1 0

0.12874 0.040028 NaN 0.035277 1 0 0 0

0.026117 0.006465 0.142902 NaN 0 0 1 0

p-values BONFERRONI

NaN 0.439063 0.017762 0.804281 0 0 0 0

0.120581 NaN 0.014877 0.410363 0 0 0 0

0.005254 0.119652 NaN 0.144028 0 0 0 0

0.208738 0.531687 0.003277 NaN 0 0 1 0

DATA-DRIVEN: CONTROL BACK REGION ROTATION

 

 

Table H.31 Gifted Left Hemisphere Results for Data-Driven  

Analysis for Rotation Tasks 

DATA-DRIVEN: GIFTED LEFT HEMISPHERE ROTATION

GC values UNCORRECTED

NaN 0.000539 0 0

0.015494 NaN 0 0

p-values BONFERRONI

NaN 0.854434 0 0

0.325071 NaN 0 0  
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Table H.32 Gifted Right Hemisphere Results for Data-Driven 

Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.044576 0.009144 0 0 0

0.00022 NaN 0.012747 0 0 0

0.014106 0.127127 NaN 0 1 0

p-values BONFERRONI

NaN 0.097766 0.453313 0 0 0

0.907448 NaN 0.375927 0 0 0

0.35163 0.005169 NaN 0 1 0

DATA-DRIVEN: GIFTED RIGHT HEMISPHERE ROTATION

 

 

Table H.33 Gifted Posterior Region Results for Data-Driven  

Analysis for Rotation Tasks 

GC values UNCORRECTED

NaN 0.030411 0.028024 0.159076 0.039859 0 0 0 1 0

0.14395 NaN 0.018769 0.147449 0.092597 1 0 0 1 1

0.114704 0.048482 NaN 0.128498 0.027226 1 0 0 1 0

0.105134 0.064807 0.012954 NaN 0.044224 1 1 0 0 0

0.070731 0.029472 1.08E-05 0.193851 NaN 1 0 0 1 0

p-values BONFERRONI

NaN 0.178563 0.196588 0.002093 0.123547 0 0 0 1 0

0.003425 NaN 0.290607 0.003055 0.018907 0 0 0 0 0

0.008986 0.089414 NaN 0.005688 0.203088 0 0 0 0 0

0.012376 0.049558 0.379976 NaN 0.104762 0 0 0 0 0

0.040214 0.185415 0.979777 0.000683 NaN 0 0 0 1 0

DATA-DRIVEN: GIFTED BACK REGION ROTATION

 


