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Abstract

In functional magnetic resonance imaging (fMRI) studies, inter-subject anatomical

variability of the human brain has been a major challenge in finding reliable func-

tional/anatomical correspondences. Assessment of brain-behavior relations involves

a series of geometrical/statistical operations on brain images to minimize such inter-

subject variability, so that group maps of brain activity relative to brain anatomy

can be developed. Various methods of image registration, segmentation, and analysis

have been proposed for mapping functional activity on to anatomical atlases of the

brain. The two most common techniques that have been widely accepted and used

by neuroimaging scientists are volume-based (VB) analysis using group registration

methods and region-of-interest (ROI)-based methods using automated segmentation

algorithms or macro/microanatomical probabilistic atlases for labeling. Neverthe-

less, the analysis results based on these techniques are significantly affected by the

accuracy of the selected segmentation and/or registration methods. Furthermore,

conventional fMRI data analysis techniques (VB, and ROI-based methods) mainly

rely on the assumption that brain processes are common and universal among indi-

vidual humans; however, besides anatomical differences, there also exist cognitive and

behavioral variability among individuals due to differential engagement of brain net-

works even when performing an identical cognitive task. In this thesis, I have assessed
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the impact of anatomy-based alignment techniques (VB, and ROI-based methods) on

sensitivity of fMRI data group analysis. I evaluated the effect of the type of inter-

subject registration used and related factors on sensitivity of group-level fMRI data

analysis. Furthermore, I have also assessed the goodness of fit of probabilistic maps

by proposing an evidence-based framework for evaluation of probabilistic maps. As

a test model, I have selected the human auditory cortex. Auditory cortex is an in-

teresting yet challenging case with substantial inter-individual functional/anatomical

variability. For the sake of ROI-based method of analysis, I have proposed a novel

approach for automatic segmentation of Heschl’s gyrus, which is the landmark for

primary auditory cortex. Finally, in order to assess the impact of inter-subject vari-

ability in anatomy on functional organization, I analyze data from an fMRI study,

which demonstrates that the degree to which anatomical registration compensates for

functional variability depends on the brain region activated.
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Glossary

A

AC anterior commissure.

AED average Euclidean distance Page 153.

ANOVA analysis of variance Page 143.

AS arcuate sulcus.

B

belt the area surrounding the core in auditory cortex Page 49.

BOLD blood oxygen level dependent Page 1.

Brodmann a region of the cortex defined based on its cytoarchitecture, or organi-

zation of cells Page 29.

C

chemoarchitecture distribution and expression of proteins, enzymes, and other sub-

stances within neurons Page 52.

vi



Colin27 A standard single-brain template constructed by averaging 27 scans of the

same male subject Page 40.

core an area of the auditory cortex characterized by tonotopic organization

synonymous with primary auditory cortex Page 49.

critical voxel overlapping voxel between two adjacent probability maps at which the

probability of occurance exceeds 50 percentage in both maps Page 125.

CS central sulcus.

CSF cerebrospinal fluid Page 74.

CT Computed Tomography Page 1.

cytoarchitecture A micro-architectural property of tissue based on cell type, cell

volume, and cell density Page 8.

D

DARTEL Diffeomorphic Anatomical Registration Through Exponential Lie Algebra

Page 131.

DC Dice coefficient Page 86.

diffeomorphism an invertible function that maps one differentiable manifold to an-

other, such that both the function and its inverse are smooth Page 27.

DOF degrees-of-freedom Page 34.

DP posterior duplication Page 59.
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E

EEG electroencephalography Page 13.

F

FDR false discovery rate Page 151.

fMRI functional magnetic resonance imaging: The brain activity based on the

BOLD signal, recorded in a time series using MRI Page i.

FOV field of view Page 141.

FP false positive Page 23.

fSNR functional signal-to-noise ratio Page 130.

FTS first transverse sulcus Page 51.

FWHM full width at half maximum.

G

GLM General Linear Model: a flexible generalization of ordinary least squares

regression Page 25.

GM gray matter Page 74.

gyri ridges on the cerebral cortex of the brain (singular: gyrus) Page 3.
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H

H hit, similar to true positive Page 85.

haemodynamic response a medical term for the dynamic regulation of the blood

flow in the brain.

HAMMER Hierarchical Attribute Matching Mechanism for Elastic Registration

Page 128.

HG Heschl’s gyrus.

HS Heschl’s sulcus Page 51.

I

IFG inferior frontal gyrus.

in vivo experimentation using a whole, living organism Page 1.

INS insula.

IRG implicit reference-based group registration Page 81.

ITG inferior temporal gyrus.

L

LOO leave-one-out cross-validation Page 85.

LS lateral sulcus.
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M

M miss, similar to false negative Page 85.

M prime matching prime Page 69.

macroanatomy the discription of the structure of the body of an organism, to the

level of detail which can be reached only by the eye Page 3.

MDS multidimensional scaling Page 43.

MEG magnetoencephalography Page 13.

MGB medial geniculate body.

MRI magnetic resonance imaging Page 1.

myeloarchitecture orientation and density of myelinated axons Page 52.

N

NCC normalized cross-correlation Page 131.

neutral point the threshold at which equal numbers of miss and false positive errors

are committed Page 110.

NM prime non-matching prime Page 69.

NV noise vocoded Page 69.

x



P

PAC primary auditory cortex.

parabelt the area lateral to the lateral belt areas and performing high-level auditory

processing Page 49.

PC posterior commissure.

PET positron emission tomography Page 1.

PP planum polare Page 51.

PPV positive predictive value Page 81.

PT planum tempolare Page 51.

R

RF radio frequency Page 19.

ROC receiver operating characteristic Page 97.

ROI region of interest.

S

SCN signal correlated noise Page 69.

semantic ambiguity a form of ambiguity in which a word or concept has an inher-

ently diffuse meaning based on widespread or informal usage.

SI sulcus intermedius Page 51.
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Sn sensitivity Page 85.

SNR signal-to-noise ratio.

Sp specificity Page 85.

SPM statistical parameter mapping Page 18.

STG superior temporal gyrus Page 50.

STS superior temporal sulcus.

sulci depressions or fissures in the surface of an organ, especially the brain

(singular: sulcus) Page 3.

T

t-map stimated parameter divided by its standard error Page 23.

TA time of acquisition Page 133.

TE echo time Page 133.

TN true negative Page 85.

TP true positive Page 23.

TR repetition time.

TS transverse sulcus Page 56.

tSNR temporal signal-to-noise ratio Page 23.
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V

VB volume-based Page i.

VBM voxel-based morphometry Page 142.

W

WM white matter Page 74.
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Chapter 1

Introduction

Recent developments in brain imaging have led to significant new insights about the

relationships between brain and mind states, since they make many psychological

processes visible and quantifiable. The in vivo imaging of structure-function rela-

tionships in the human brain has enabled neuroscientists to capture dynamic changes

that occur on a variety of time scales, ranging from milliseconds to the entire lifetime.

The ability to rapidly collect brain images, and to do this over and over again in the

same person, in both health and disease, has aroused the development of complex

yet efficient mathematical algorithms to compare or combine brain data across large

numbers of samples.

Computer-assisted tomography (CT), positron emission tomography (PET) and

magnetic resonance imaging (MRI) are just a few examples of technical advances in

neuroimaging that have transformed basic neuroscience research such as cognitive

neuroscience and system neuroscience as well as the clinical disciplines of neurology,

neurosurgery, psychiatry and neuropsychology over the last four decades. Develop-

ment of functional brain imaging has enabled neuroscientists to localize neural activity

in the living human brain. Use of blood oxygen level dependent (BOLD) contrast

1
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functional MRI (fMRI) to assess brain activation patterns has been enormously suc-

cessful as a research tool since early 1990s. Like other MR imaging methods, fMRI

capitalized on the basic electromagnetic properties of biological tissues and is used to

measure rapid metabolic changes that take place in a regionally specific manner in

the active brain. fMRI studies are capable of providing not only spatial information

about the brain, but also a temporal profile of regional brain activity. The image

intensity at each voxel (i.e., uniformly spaced volume elements) reflects the oxygena-

tion state of the blood, which changes in response to neuronal activity. Changes in

voxel intensity across time can be used to infer when and where neural activity is

taking place.

Analysis of fMRI data is a complex procedure. During the course of an fMRI

experiment, hundreds of images are acquired with each image consisting of approxi-

mately a hundred thousand voxels. Further, the experiment may be repeated several

times for the same subject, as well as for a group of subjects (typically between

10 − 30) to facilitate population inference. Numerous methods have been proposed

for the statistical analysis of fMRI data. The aim of such analyses is to identify brain

regions with significant signal change in response to a functional stimuli.

1.1 Motivation

In functional neuroimaging studies of the human brain, it is relatively easy to con-

sider data from each subject separately; however, single-subject analyses do not per-

mit researchers to draw meaningful conclusions about the behavior of subjects as a

group, to extrapolate to the population from which the subjects were sampled, or

to compare groups of subjects (for instance, among different age groups, male versus
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female, patients versus healthy controls, etc.). Therefore, it is crucial to have statis-

tically valid and powerful methods for combining information obtained from multiple

subjects. Nevertheless, combining information across subjects is not trivial. Each

person’s brain is quite unique. Brains differ in size, shape, and in the relative po-

sitions of identifiable regions and landmarks (e.g., sulci and gyri). There are many

ways to combine brain images from different individuals that do not require overlap

- i.e., region-of-interest-based approaches. It only makes sense to average functional

brain data across individuals if homologous areas are approximately overlapping in

a common coordinate space, and somehow spatially transformed to maximize the re-

gional anatomical overlap among them. It is assumed that this will also maximize

the functional overlap among brains. Consequently, a preliminary step prior to any

functional averaging is to warp the brain images into a common coordinate space,

and several standard reference spaces are available. However, compensation for gross

anatomical variation will not eliminate anatomical variability. Human brains vary

in macroscopical gyral pattern (macroanatomy), in microanatomical structure and in

brain regional connectivity due to genetics, experience, or a combination of the two.

Furthermore, individuals differ in the functional organization of their brains (differ-

ential engagement of brain networks even for the same task). Anatomical variability

makes it difficult to compare one brain image with another, or integrate them into a

common reference space, which is usually necessary to even begin to assess individual

differences in functional organization.

Inter-subject anatomical variability in cognitive neuroimaging experiments is often

viewed as noise. As a consequence, in conventional fMRI analysis, such variability is

reduced or removed as much as possible. However, the nature (physiology), patterns
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(topology), and magnitude (geometry) of such anatomical variability may well reflect

important functional properties of the brain, for example, inter-subject variability in

cognitive abilities and functional organization for behavior. Quantification of anatom-

ical inter-subject variability could perhaps even be used to predict function, based

on anatomical organization alone. Besides aiding in functional localization, studying

brain variability helps define “normal” variation within the population. This may

assist in the detection of individuals that differ from such a normal reference. Despite

the clear need for studies of anatomical variability in normal subjects in cognitive

science research, few such studies have been published.

To tackle the challenge posed by anatomical variability, many research groups

have proposed sophisticated computational approaches drawn from variety of research

areas such as computer vision, image analysis, computer graphics and artificial intel-

ligence, in order to develop techniques for minimizing such inter-subject variability

among human brains before inter-subject averaging of data.

The task of cognitive neuroscience is to work out the functional specialization of

anatomically differentiable brain regions. The most intuitive strategy for testing these

types of hypotheses is to focus on the relevant regions-of-interest (ROIs) as shown

in Figure 1.1a. Such regions are either defined based on microanatomy such as cy-

toarchitectonic maps, or based on macroanatomical landmarks such as sulci and gyri.

Once such regions have been identified, the next step is the spatial alignment of these

regions. The major challenge in conducting ROI-based analysis is the extraction of

the desired regions in all individuals. Manual extraction of a specific ROI is a tedious

and time-consuming task and automation of such procedure is quite challenging due
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Figure 1.1: Common methodologies in group analysis of fMRI data: (a) ROI-based,
and (b) volume-based analysis.

to substantial variability among brains. Probabilistic atlases are an alternative ap-

proach to ROI extraction as they include the inter-subject variability of the region of

interest in the form of a probability map. However, how well a probability map can

be used to estimate the location of a structure of interest depends on the anatomical

variability of the structure and the registration applied to align the brains among

individuals. Therefore, choosing a proper registration method for both constructing

a map and transforming a new subject’s data to the space of the probability map is

important.

ROI-based analysis relies on the assumption that the anatomically specified re-

gions are functionally homogenous and therefore, requires the accurate identification
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and extraction of functionally identical regions in all individuals. This is not feasi-

ble for all brain regions as there is no generic functional atlas of the human brain.

On the other hand, the volume-based analysis method (Figure 1.1b), in the form

of voxel-by-voxel statistical comparisons throughout the whole brain volume, may

resolve such issues by considering the whole brain volume rather than a region of

interest. Volume-based studies use a voxel-based representation for data analysis and

apply either volume-based (using 3D image volumes) or surface-based (mapping re-

gions onto pre-defined surface models such as 2D flat surfaces, spheres, or ellipsoids)

registration to compensate for individual variability.

In group analysis studies of fMRI data, the inter-subject anatomical variability of

the brains causes systematic uncertainty in statistical group analysis. Therefore, an

important step in analysis of human brain imaging data is inter-subject registration to

reduce the anatomical variability among the individuals. However, it should be noted

that a reduction in anatomical variability may not necessarily result in higher power

in functional group analyses. This is due to the fact that different individuals may

use different areas of the brain for a single specific functional task and it is not known

or proven for sure that there should be a consistency in the activation regions among

different subjects. In fact, whether anatomical variability is causing inconsistency in

group analysis results and/or whether functional variability between subjects is the

main reason is an open question.

In order to investigate the impact of inter-subject anatomical/functional variabil-

ity on the analysis of fMRI data, I focus on auditory cortex as a model (Figure 1.2).

Auditory cortex is the primary cortical processing region for all sound, including

speech, and yet the primary and adjacent auditory cortices vary somewhat in their
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Figure 1.2: The auditory pathway, from the cochlea up to the auditory cortex in the
temporal lobe of the cerebrum.

anatomical configuration from one individual to another. For example, in region of

primary auditory cortex, some individuals have one Heschl’s gyrus (HG) and oth-

ers have two, or more. Due to such inter-subject variability, there remain a lot of

unknowns about the structural and functional organization of the human auditory

cortex.

1.2 Objectives

The main objective of this thesis is to investigate the impact of inter-subject anatom-

ical/functional variability on the analysis of functional group data, using both ROI

and volume-based approaches to analysis. All functional/anatomical studies in this

thesis are focused on the primary auditory cortex region of the human brain.

First, within ROI-based approaches, I aim to:

• propose an automatic method for the extraction of Heschl’s gyrus from MR

images for use within ROI-based analyses;
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• assess the ‘goodness of fit’ of anatomical probabilistic maps, and examine their

reliability as tools for labeling a region-of-interest;

• propose cytoarchitecture-based probabilistic maps of the primary auditory cor-

tex in the human brain;

Second, and within the volume-based methods of analysis, I aim to:

• evaluate the effect of the inter-subject registration on the sensitivity of group-

level fMRI data analysis;

• examine individual variability in brain activity in terms of function rather than

structure.

1.3 Contributions

The major contributions of this work concern critical factors with direct impact on

the sensitivity of fMRI analyses at the group level within the two aforementioned

methods of analysis.

In the ROI-based analysis domain:

• I developed a novel approach for automatic segmentation of Heschl’s gyrus as

the landmark for primary auditory cortex with ROI-based fMRI data analysis

validation; The accuracy (i.e., overlap between manual and automatic segmen-

tation) of the proposed technique is more than 83% in segmenting HG from

MR images. The ROI-based functional analyses yielded similar results for both

the automatic and manually segmented HG, across a variety of auditory and

speech-related functional contrasts.



CHAPTER 1. INTRODUCTION 9

• I proposed an evidence-based framework for evaluation of probabilistic maps. I

assessed how well different probability maps of an anatomically defined region

of interest (e.g., HG), generated using different registration techniques, could

estimate the location of this region in a new individual. Furthermore, I proposed

a framework based on evidence-based diagnostic measures for evaluating the

accuracy of the resulting maps in labeling HG.

• I proposed a novel technique for creating template-free probabilistic maps of

the cytoarchitectonic areas comprising primary auditory cortex of the human

brain, using a groupwise registration. I observed a significant improvement in

localization of cytoarchitectonically defined subregions of the primary auditory

cortex using the proposed maps compared to the previously published maps.

Furthermore, the proposed maps can be tailored to any subject space by regis-

tering the subject image to the average of the groupwise-registered post-mortem

images.

In the volume-based analysis category:

• I evaluated the effect of the inter-subject registration and other co-factors (such

as the registration template and spatial smoothing) on sensitivity of group-level

fMRI data analysis in auditory cortex and the superior temporal region. Results

demonstrated that only the high-dimensional registration techniques are able

to capitalize on the excellent anatomical resolution of a single-subject reference

template. Also, as expected, spatial smoothing increased fSNR, but at the cost

of spatial resolution.
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• Finally, I examined the individual variability in brain activity in terms of func-

tion rather than structure. I demonstrated evidence from a fMRI study that

shows anatomy-based inter-subject registration alone does not necessarily yield

functional matching among subjects. For instance, in early stages of auditory

processing, I observed improved signal power (higher t-value) in group analysis

after high-dimensional inter-subject registration compared to low-dimensional

registration; however, at higher stages of processing, there was no significant

difference in signal power between high-d and low-d registered data. This

indicates that in early stages of auditory processing there is well-established

anatomy-function correspondence and therefore, good anatomical registration

leads to higher signal power in functional analysis. On the other hand, at

higher stages of processing, even high-d registration would not be able to match

homologous functional regions among subjects and perhaps factors other than

anatomy cause inter-subject variability, which cannot be compensated for with

an anatomy-based registration.

1.4 Thesis Outline

This thesis comprises nine chapters:

Chapter 2 gives a brief overview of two of the most common methods for group

analysis of fMRI data: ROI- and volume-based approaches. In Chapter 3, I de-

scribe the macro- and micro-anatomical structure of primary auditory cortex and

of Heschl’s gyrus in the human brain. Chapters 4, 5, and 6 are dedicated to the

ROI-based approach. In Chapter 4, I present a novel segmentation technique for
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automatic extraction of Heschl’s gyrus for the purpose of ROI-based functional anal-

ysis. This work is published in proceedings of MICCAI workshop (Tahmasebi et al.,

2008). In Chapter 5, I investigate the impact of different registration methods on

the accuracy with which a probabilistic map of a structure of interest (e.g., Heschl’s

gyrus) can approximate that structure in a new individual. Chapter 5 is published

in NeuroImage (Tahmasebi et al., 2010). Chapter 6 presents a novel technique for

creating template-free probabilistic maps of the cytoarchitectonic areas comprising

primary auditory cortex, using a groupwise registration. This work is published in

proceedings of MICCAI (Tahmasebi et al., 2009). Chapters 7 and 8 are focused

on the volume-based method of group analysis. In Chapter 7, I present a thorough

evaluation of the effect of different registration techniques ranging from relatively low-

dimensional to high-dimensional algorithms on group-level statistics in an auditory

fMRI experiment. Chapter 7 is published in NeuroImage (Tahmasebi et al., 2009).

In Chapter 8, I demonstrate evidence from a fMRI study that anatomy based inter-

subject registration appears to yield more functional matching in areas subserving

sensory analysis than in those subserving higher cognitive function. Finally, Chapter

9 gives some concluding remarks followed by an outline for possible future research

directions. Minor modifications of the published work were sometimes required to

conform with thesis formatting.



Chapter 2

fMRI Data: An Overview of Methods for Group

Analysis

2.1 Overview

Functional neuroimaging studies aim to find distributed patterns of human brain

activity associated with perceptual, cognitive, emotional or behavioral processes, in

health and disease. Neuroimaging techniques include PET, fMRI, multi-channel elec-

troencephalography, and magnetoencephalography. FMRI has proven to be a pow-

erful imaging technique for mapping human brain function due to its high spatial

resolution. Typical fMRI studies of the human brain involve statistical analyses of

functional data from a group of subjects in order to draw inferences about the pop-

ulation. However, a major obstacle in group studies is the anatomical variability of

the brain among individuals, which necessitates inter-subject registration of anatomy.

This chapter reviews different ways of accommodating inter-subject anatomical vari-

ability in fMRI data analysis. The main focus of this chapter is on ROI-based and

volume-based approaches.

12
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2.2 Functional Neuroimaging

Functional neuroimaging techniques are powerful tools for in-vivo examination of

brain function. Such tools can be employed to localize the neural circuitry underlying

specific mental processes such as perception, attention, emotion, memory, language,

and motor function. These techniques can also be used to examine brain dysfunction

in neuropsychiatric disorders.

An increase in neuronal activity is closely associated with an increase in neuronal

metabolism, blood flow and blood volume, and correspondingly, a specific changes

in blood oxygenation in the region [73, 139]. Functional imaging techniques measure

these alterations to localize the accompanying changes in neuronal activity. After

appropriate signal and image processing, statistical maps indicating regional brain

activity related to cognitive processes of interest are generated.

PET, fMRI, magnetoencephalography (MEG), and electroencephalography (EEG)

are different imaging techniques that provide in-vivo measures of brain function, each

with its own unique strengths and limitations (Figure 2.1). The trade off between

temporal resolution and spatial localization differentiates the application of each of

these techniques. For instance, EEG is an excellent tool for measuring the time-

course of neural events; however, it is not that good at measuring where those events

happen. On the other hand, fMRI has low resolution in measuring the time-course

of neural events, but can measure the location of activation with a precision of 2− 3

mm. Table 2.1 provides a brief comparison among the mentioned imaging techniques

based on temporal and spatial resolutions. fMRI is an extremely versatile and power-

ful technique used to obtain images of the active human brain and as such, fMRI has

a vital role to play in discovering new patterns of brain activity that were previously
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Figure 2.1: Common functional neuroimaging techniques: (a) PET, (b) fMRI, (c)
MEG, and (d) EEG.

inaccessible. In this chapter, we focus on fMRI-based analysis techniques.

2.3 Functional MRI and the BOLD Effect

The most important physiological effect that produces MR signal intensity contrast

between stimulus and rest phases in a functional experiment is known as BOLD

contrast, which was originally described by Ogawa et al. [159]. BOLD contrast is

defined based on the correspondence between local changes in oxygenation level of

the blood in response to increase of neuronal activation. At the time of performing a

task, the corresponding neurons fire. The small energy consumption by the neurons

is compensated by oxygen metabolism, which results in a small increase in the local

concentration of deoxyhemoglobin within a couple of seconds after cell firing. This
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Technique Temporal Resolution Spatial Resolution
PET 10 sec. up to minutes 5− 20 mm

fMRI 200 ms - 1 sec. < 5 mm

MEG 1 ms or less > 5 mm

EEG 1 ms or less > 10 mm

Table 2.1: A comparison among several common functional neuroimaging techniques
based on temporal and spatial resolutions [109]. The spatial resolution of
both EEG and MEG depends on several factors such as number of sensors,
and modeling assumptions.

causes a local increase in blood flow and volume. However, the oxygenated blood is

oversupplied to the region. Excess of oxygenated blood results in a local decrease

in deoxyhemoglobin with a larger amount than the initial increase. Deoxygenated

hemoglobin has paramagnetic properties (highly magnetic) which causes inhomogene-

ity in the magnetic field. On the other hand, oxygenated hemoglobin is diamagnetic

(weakly magnetic). Such change in the concentration of deoxyhemoglobin is detected

as BOLD contrast.

Within an fMRI session, hundreds of image volumes are acquired sequentially.

Images taken while the subject is performing a task will have increased intensity in

some brain regions compared to images taken while the subject is at rest. FMRI

analyses techniques aim to detect those parts of the brain that show increased inten-

sity at the points in time that the mental task (e.g., perception of a stimulus) was

being performed. fMRI images require some pre-processing prior to conducting any

statistical tests. Such pre-processing operations correct for non-task-related variabil-

ity in experimental data that we intend to remove rather than model. The following

section describes the pre-processing steps commonly used in fMRI studies.
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2.4 fMRI Image Processing: Methods of Analysis

Figure 2.1 demonstrates the pre-processing steps commonly used in a typical fMRI

image analysis routine. The pre-processing steps enhance the ability to accurately

detect activation. The following gives a brief description for each of the shown steps:

Figure 2.2: Block diagram of the pre-processing pipeline typically used in a fMRI-
based statistical analysis. Both structural and functional MR images are
processed. Output of each step is shown next to each block.
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Figure 2.3: (a) Non-processed acquired functional MR image, and (b) the motion-
corrected version of the same image.

2.4.1 Realignment and Motion Correction

The first step in pre-processing is realignment for motion correction which refers to

spatially aligning voxels across the sequentially collected fMRI image volumes. The

primary source of time series inaccuracies is physical head motion. Physical head

motion can be fixed to some extent by careful use of head-immobilization techniques

when placing the subject in the scanner. The term “motion correction” usually refers

to small (usually in the order of mm) intra-subject corrections for translation and

rotation only, either within or across scan runs in the same subject. Realignment

guarantees that the temporal distribution of each voxel is an accurate representation

of the BOLD time series at a fixed location in the brain. It has been shown that

motion correction may yield improvements of up to 20% in the magnitude and up

to 100% in the cluster size of detected activations in functional analysis [158]. One

important assumption in realignment methods is that motion occurs at once in all
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Software Cost Function Optimization Interpolation
AFNI weighted least squares gradient descent trilinear
AIR least squares Powell variant chirp-z

Brain Voyager least squares Levenberg-Marquardt trilinear
FSL normalized correlation coarse search trilinear

SPM2 least squares Gauss-Newton 4-th degree BSpline

Table 2.2: Comparison of different software tools for motion correction based on cost
function, optimization, and interpolation.

frames. Most motion correction techniques use a rigid-body transformation. Figure

2.3 shows the result of applying motion correction on a sample fMRI image using

AIR software [219]. Oakes et al. in [158] compares several motion correction tools

provided in leading fMRI analysis software packages such as AFNI [44], AIR [219, 223],

BrainVoyager (Brain Innovations, Maastricht, The Netherlands), FSL [190], and SPM

[75, 80]. Their investigation on phantom data showed that AFNI and SPM2 yield

the most accurate motion estimation parameters, with AFNI being the fastest of the

packages tested. However, evaluation on human data did not show any significant

difference among different packages. Table 2.2 provides a brief comparison among

several common tools for realignment and motion correction of fMRI data.

2.4.2 Intensity Bias Correction

After motion correction, images are corrected for sources of noise in the (MR) signal

due to scanner drift or to artifacts induced by the cardiac and respiratory cycles.

There are several types of noises in fMRI data such as low-frequency thermal noise,

intensity non-uniformity and physiological noise. There are many approaches pro-

posed for suppressing the effect of thermal and physiological noises, which are out of
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Figure 2.4: Intensity bias correction, which is the result of non-uniformities of the
radio frequency coils in a MR machine. (a) Uncorrected image, (b) mag-
netic field inhomogeneity map, and (c) intensity bias corrected image.

the scope of this report. Interested readers are referred to [192] for a survey of such

techniques.

Intensity bias, as a result of the non-uniformity of the radio frequency (RF) coils

used to transmit and receive the signal in MRI scanners, causes structural MRI vol-

umes to have non-uniform tissue intensities. This effect is more obvious at higher

fields. Such bias shows itself as a smooth intensity variation across the image. This

results in the intensity of the same tissue type varying with the location of the tis-

sue within the image. Medical image analysis methods, such as segmentation and

registration, are highly sensitive to such false variation in image intensities: intensity

non-uniformity significantly affects the performance of intensity-based analyses. A

variety of algorithms have been developed for correcting intensity non-uniformities;

these are beyond the focus of this report. Detailed discussion and comparison of

different techniques is given in [9, 209]. Figure 2.4 shows the intensity bias effect of

magnetic field inhomogeneity on an MR image and the result of correction for such
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Figure 2.5: Scalp and skull stripping of a structural MR image using FSL’s brain
extraction tool.

bias.

2.4.3 Skull and Scalp Stripping

Some of the pre-processing procedures such as fMRI-to-structural MRI warping would

be more accurate if the non-brain tissues (e.g., scalp and skull) were identified and

removed from MRI images. The reason for excluding these structures from MR images

before performing registration is that they are likely to vary in size and shape in ways

that are distinct from the brain itself. This makes their inclusion affect the accuracy

of the registration. Several tools have been proposed for scalp and skull stripping.

Boesen et al. [26], Rex et al. [170], and Segonne et al. [184] have recently compared a

few of the existing techniques, and interested readers are referred to these references

for more detail. Figure 2.5 shows the result of skull-stripping of a sample MR image

using FSL’s brain extraction tool (BET: Oxford Centre for Functional MRI, Oxford
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University, UK).

2.4.4 Coregistration

The next step in the pre-processing pipeline is the alignment of the fMRI time series

with a high-resolution structural MRI volume of the same subject. There are two

purposes to this - one is to accurately locate activity within subjects on their own

anatomy (resolution of fMRI data is too poor to discern many anatomical structures).

This also allows the fMRI scans to ultimately be aligned to a common coordinate space

for group analysis. The high-resolution structural MRI is usually collected during the

same scanning session. An affine (12 parameter) fMRI-to-MRI transformation is

usually sufficient to allow for matching between the fMRI and MRI images.

2.4.5 Spatial Normalization

Generally, in cognitive studies, one wishes to compare activity among subjects, or

average activity across subjects. Moreover, neuroscientists are also interested in com-

paring results of one study with another, which requires all results to be presented in

a common coordinate frame. Nevertheless, inter-subject morphological variability is a

major obstacle when combining individual data. The morphology of the human brain

is characterized by complex convolutions whose arrangement varies greatly among

individuals or even between the two hemispheres of the same individual. There-

fore, inter-subject matching of cortical regions, referred to as spatial normalization

seems inevitable within the pre-processing pipeline. The aim of such normalization is

two fold: (1) transform all subject data to a common stereotactic coordinate space;

and (2) establish a one-to-one correspondence among different individuals’ brains.
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Such normalization counteracts individual differences in gyral anatomy, and facili-

tates group analyses, as well as allowing comparison of results across studies and

across laboratories. Further discussion of normalization is provided in Section 2.5.2.

2.4.6 Spatial Smoothing

Spatial smoothing is a common preprocessing step in the analysis of fMRI data and

it refers to the convolution of an image with a blurring filter such as Gaussian kernel.

In this act, the intensity value at a given voxel is replaced by a weighted average

(typically linear combination) of the neighboring voxels.

Smoothing is done to enhance the signal-to-noise ratio, and to facilitate group

comparisons (when there may be a slight difference in the exact location of a given

structural or functional brain region across subjects). Smoothing is also useful in

reducing resampling-related artifacts after image registration [136]. Moreover, such

smoothing ensures that the output field of values constitutes an adequate discrete rep-

resentation of a continuous statistical field, and therefore, the subsequent procedures

based on the theory of random fields are valid, which is a requirement of family-wise

error correction routines use in image statistics evaluation. However, such smoothing

substantially reduces the resolution of the analysis.

How much, and at which step spatial smoothing is applied, should be done care-

fully to avoid spreading large, local physiological noise sources into surrounding tissue

[161, 182, 202]. Spatial smoothing may also cause blurring and/or shifting of acti-

vations peaks and sometimes merging of adjacent peaks of activation. Some recent

studies analyzed the influence of spatial smoothing on fMRI brain activation results
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[74, 216]. In these studies, most often, the influence of smoothing on several sub-

jects in a single-subject (first-level) analysis was presented. The most recent work of

Weibull et al. [214] investigates how the choice of spatial resolution and smoothing

kernel width affects the temporal signal-to-noise ratio in single-subject fMRI. They

show that by smoothing the time series spatially, it is possible to gain temporal signal-

to-noise ratio1 (tSNR), which subsequently leads to an increase in detection of True

Positive (TP) voxels with the cost of increasing the False Positive (FP) at the same

rate. Their conclusion is that in studies requiring detailed localization and quantifica-

tion of small activation clusters, high resolution and limited smoothing kernel should

be used. However, when expecting large volumes of activation or when an actual

finding rather than the precision of it is important, lower resolution and smoothing

could be used. The influence of smoothing on group results has also been investigated

[216]. Recently, Mikl et al. [145] revisit the influence of spatial smoothing on fMRI

group activation results. They evaluate the effect of smoothing using several param-

eters including coordinates of the nearest local maxima, t value, corrected threshold,

and effect size. They also provide a set of criteria for choosing the optimal filter size

for group analysis. Besides the artifacts of smoothing on spatial selectivity, Reimold

et al. [169] also investigate the related artifacts of spatial smoothing on the t-map

(t = estimated parameter divided by its standard error) and conclude that spatial

smoothing may result in critical, and even sometimes counterintuitive artifacts in

t-maps, especially if the region-of-interest is a subcortical area.

A number of commercial or open-source software packages can be used for pre-

processing of functional MR images, such as SPM [15, 16, 75, 80, 82], FSL [190],

1Temporal signal-to-noise ratio (tSNR) is a useful measure of image time course stability in
functional studies, which is calculated by dividing the mean of a time series by its standard deviation.
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AFNI [44], BrainVoyager, and LIPSIA [132]. Nielsen et al. in [155] list a number

of these software packages and provide a thorough comparison from different points

of view. According to their findings, SPM is the most frequent analysis software

used in studies recorded in the Brede database2. Gold et al. [89] also compare a

few toolboxes such as AFNI 2.01, SPM96, Stimulate 5.0 [193], and MEDIMAX 2.01

(Infographics Group, 1995) from different end users’ points of view such as platform,

documentation, pre-processing steps, statistical analyses and modeling tools. They

conclude that the choice of package to adopt would depend on the interests and goals

of each laboratory and the main software features of interest.

2.4.7 Statistical Analysis

At the end of the pre-processing pipeline, the functional image data are ready for

statistical analysis. The goal of fMRI analysis is to identify, in a robust, sensitive

and statistically valid way, those voxels that show increased intensity at the points in

time that stimuli were applied. Method of analyses of fMRI data varies based on the

type of inference expected to be drawn from the data. If the inferences are limited to

the subjects within the study, the method is referred to as fixed effects analysis. On

the other hand, random effects analyses are selected if results are to be generalized to

the population which the subjects are drawn from [77, 78, 100]. In summary, random

effects analysis aims to find areas with consistent changes in activity in all subjects,

and fixed effects analysis detects areas that are activated, on average, across subjects.

Some researchers use “multivariate” methods of analysis [79], which allows the

examination of the relationship among several voxels simultaneously, but the most

2Brede database, a small database for functional neuroimaging
(http://hendrix.imm.dtu.dk/services/jerne/).
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common method of analysis is to consider each voxel’s time series independently (uni-

variate analysis). The General Linear Model (GLM) underlies most of the univariate

statistical analyses of functional imaging data. It is a generalized linear regression

framework that is also the foundation for t-tests and ANOVA. Once a model is se-

lected for the analysis, it has to be fit separately to the time course of each voxel in

order to calculate parameters of the model. After parameter estimation, a t-test is

used to determine for each voxel separately whether a specific linear combination of

parameters in the model is significantly different from zero. The output of the analy-

sis is a statistical map, which highlights those voxels in the brain that are activated in

response to the desired stimuli. The final step is to select a threshold value, in order

to decide, at a given level of significance, which regions of the brain were activated

for the given stimuli. Considering the massive number of tests performed during such

analysis (one test per voxel), chances of making false alarms are high. Statisticians

have proposed a number of ways to control for such errors of multiple comparisons,

such as family-wise-error and false-discovery-rate corrections [154]. Another way to

improve the statistical power is to reduce the number of comparisons. Therefore,

instead of examining the entire brain volume (which is referred to as volume-based

approach), one can examine just a small region. This approach is referred to as

region-of-interest-based analysis. These regions are defined based on prior knowledge

from cytoarchitectonic data3 or pre-determined anatomical landmarks such as sulci

or gyri (Figure 2.6).

Depending on the defined hypothesis and experimental design, one of the two ap-

proaches (ROI- or volume-based) can be used to perform statistical analysis. Both

approaches suffer from a number of drawbacks. In the ROI-based approach, access

3Cytoarchitectonics refers to the study of the cellular composition of the body’s tissues.
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to clearly defined regions among all subjects is not always possible. There are a

number of morphometric features that may not be easy to quantify or extract by

inspection. On the other hand, in the volume-based approach, proper alignment of

inter-subject data is essential for voxel-based methods since misalignments of cor-

responding anatomical regions may lead to an increased number of false-negative

voxels (i.e., resulting in diminished sensitivity of the analysis at the group level).

Moreover, due to the highly folded nature of the cortical surface, a small inaccuracy

in the registration may result in large inaccuracies in structural localization, which

shows its effect as appearance of activation in a place that is different from where it

‘should’ appear at group level analysis. Therefore, the performance of voxel-based

technique is significantly dependent on the accuracy of the normalization step within

the pre-processing pipeline.

Besides ROI- and volume-based approaches, a new strategy of analysis has emerged

which is based on recent developments in surface mapping techniques, referred to as

surface-based analysis. Using this technique, the gray matter of the brain, which

constitutes the gyral convolutions on the surface of the brain, is either flattened to a

two-dimensional plane or inflated into a spherical or smoothed brain-like shape. In

such methods, deep gyral folded regions are mapped on a surface, in which depth is

coded with color maps. This allows functional results to be rendered on a surface

representation of the brain, which provides better visualization of the deep cortical

areas. Furthermore, it also allows more sensible smoothing along the cortical mantle

and not isotropically across convoluted grey-white borders. For group comparison,

surface representations of individual brains are also required to be normalized to a

common space.
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Figure 2.6: (a) Cytoarchitectonic parcellation of the human brain (source:
http://spot.colorado.edu/d̃ubin/talks/brodmann/brodmann.html,
2009.) [105], (b) macroanatomical landmarks: sulci (shown as blue) and
gyri (shown as red).

Finding one-to-one mappings among structures across a set of brain datasets would

allow for structure-function mappings to be made generically and reliably in the

human brain. However, achieving a unique one-to-one correspondence is not trivial.

Morphological variability among human brains has made the task of finding such

mapping a challenging problem in neuroimaging studies. For instance, a biologically

meaningful diffeomorphism4 that warps a single-folding sulcus to a double-folding

sulcus may not exist. Such challenges have opened a new era in anatomical brain

mapping, which is focused on investigating the homogeneity of sample subjects’ data

and classifying a group of subjects based on some defined morphological similarity

metrics. After such classification, statistical analyses could be conducted for each

4Diffeomorphism refers to an invertible function that maps one differentiable manifold to another,
such that both the function and its inverse are smooth.
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class of subjects, independently.

2.5 Group Analysis of fMRI Data: Methodologies

The following sections provide detailed descriptions of ROI- and volume-based meth-

ods as the two most common approaches in group analysis of fMRI data.

2.5.1 Region-of-Interest-based Analysis

Analysis of functional data in group studies can be based on the extraction and anal-

ysis of specific regions-of-interest within the brain volumes, when the experiment is

testing a functional hypothesis about a specific anatomically distinguishable (and

identifiable) region of the brain. Combining subject-specific ROI labeling and func-

tional analysis at region-level has proven to significantly compensate for inter-subject

variability, resulting in finer localization and an increased sensitivity when compared

to whole-brain methods of analyses. Furthermore, ROI-based analysis provides a

control over Type I error5 by limiting the number of statistical tests to a few ROIs.

For instance, in tests involving correction for multiple comparisons, instead of cor-

recting for a large number of voxels in the brain, one needs to correct for only a small

number of ROIs. Finally, ROI-based analysis eases replicability of fMRI experiments.

However, ROI-based functional analysis has a few disadvantages: the desired region

must be segmented in every subject based on visible landmarks, and this is a time

consuming and tedious task. Also, ROI-based functional analysis is only applicable

when the considered hypothesis is about function of a specific region.

5Type I error or α refers to the error of rejecting a null hypothesis when it is actually true.
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Defining Regions-of-Interest

ROIs can be defined either in terms of structural or functional features. Structural

ROIs are generally defined based on microanatomy such as cytoarchitectonic maps

(e.g., Brodmann area6), or macroanatomical landmarks such as sulci and gyri [33,

166]. Manual extraction of a specific ROI must be conducted by expert observers,

trained to identify a particular structure using a defined set of morphological criteria;

each observer might interpret the criteria in a different way and so multiple observers

are required. Automated segmentation would save time and effort, and would be

more objective.

Recent developments in automated anatomical labeling using brain atlases has led

to highly reliable labeling of cortical and subcortical regions of the brain. A brain at-

las is defined as a high-resolution structural image with standard spatial coordinates,

macro/microanatomical structures, and/or functional labels. Inter-subject variations

in brain structures is a major obstacle in the construction of a standard brain atlas.

Single-subject brain atlases such as the Talairach atlas [197] or Automated Anatom-

ical Labeling (AAL) atlas [205] have been proposed; however, spatial normalization

techniques are not perfectly matching brains across a population, and therefore, the

use of such single-subject atlases will result in substantial lack of overlap between any

group of subjects and the atlas [156]. Probabilistic atlases have been proposed as an

alternative solution. This approach allows one to evaluate the identity of each voxel

in a new subject in the same coordinate space in a probabilistic fashion, so that ROIs

are no longer binary segments, but instead incorporate probability values of a given

structure at each voxel.

6A Brodmann area is a cytoarchitectonically-defined region of the brain cortex. Brodmann areas
were first defined by Korbinian Brodmann in 1909.
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In contrast to anatomical ROIs, functional ROIs are defined based on analysis

of functional data. Functional ROIs can be created using orthogonal contrasts in a

factorial design [203]. Such functional ROIs are often extracted by placing a small

sphere around the local maxima in the statistical map. Extracted ROIs can then be

used to evaluate functional hypotheses in statistically independent sets of data.

It is also possible to define ROIs based on results of previous functional studies.

One can create ROIs using stereotactic coordinates from activation in a single previ-

ously published study (as long as the data are in the same reference space); however,

it is better to use meta-analyses results for defining such ROIs instead of single-study

results. There are a number of well-established methods for meta-analysis of func-

tional imaging studies such as [16], and [210]. Such methods yield ROIs that are less

sensitive to noise than those based on single-study activations [203].

A review of the previously proposed human brain atlases is provided in the fol-

lowing section.

Anatomical Atlases

In 1988, Talairach and Tournoux introduced a stereotaxic atlas of the human brain

using post-mortem sections of a single hemisphere of a 60-year-old female subject’s

brain (Figure 2.7). Although the brain atlas that they introduced is rarely used in

recent studies, the stereotaxic coordinate system that they introduced, the Talairach

coordinate frame, became the standard reference system in neuroimaging studies.

The Talairach atlas lost its popularity among cognitive neuroscientists for a num-

ber of reasons: (1) In the Talairach atlas, the labeling of a tissue-specific Brodmann

area is based on gross visual inspection rather than histological examination; (2) The
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Figure 2.7: Talairach brain atlas (source: http://www.talairach.org/).

Talairach atlas is based on a single brain, and is therefore not a suitable representative

of the whole human population; (3) Finally, in the Talairach atlas, it is assumed that

one hemisphere is the mirror image of the other; however, a number of studies have

shown that there are substantial asymmetries between the two hemispheres among

individuals.

Development of modern MR imaging techniques, which are capable of capturing

3D high-resolution images of the brain, together with advances in automated compu-

tation, helped researchers generate a number of high-resolution digital brain atlases.

To name a few, we can refer to the Harvard Brain Atlas [116], the Montreal Neurolog-

ical Institute’s (MNI’s) single subject atlas [141, 205], and the Cerefy Neuroradiology

Atlas (CNA) [157]. There are also a number of specialty atlases for specific brain

regions such as cerebellum [177], hippocampus [54], and subcortical structures [135].

As with the Talairach brain, a single-subject brain is not sufficient to capture the

variability of the whole population and therefore cannot be a good representative

of all human brain structure. More generalizable brain atlases can be obtained by

averaging the anatomy of a population of the brain images through high-dimensional
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non-rigid inter-subject registration techniques [19]. Several studies have focused on

the creation of more accurate high-resolution brain atlases based on state-of-the-art

non-rigid registration techniques. This results in a second type of brain atlas: the

probabilistic atlas.

Probabilistic Atlases

Population-based atlases are generated by averaging rigidly/non-rigidly normalized

brain images of all individuals. This results in a probabilistic map of anatomical vari-

ability for different structures of the human brain. Existing techniques for creating

probability atlases yield two major classes of atlases; (1) intensity-based [12, 62]; and

(2) label-based [62, 162] atlases. Intensity-based atlases are generated by intensity

averaging of the brain volumes in a voxel-by-voxel fashion. The main limitation of

this type of atlas is that the cortical and subcortical structures are blurred due to er-

ror in alignment of structures, and also averaging procedure. Label-based atlases are

generated using segmented brain structures. This is done by manually or automati-

cally segmenting anatomical structures and mapping them into a common coordinate

frame.

Nevertheless, in both types of atlases, normalization of every subject dataset to a

common coordinate frame is inevitable. All the cited studies use pairwise registration

for such normalization; however, as previously pointed out, this would introduce a

bias towards the specific anatomical structure of the template. Recently, there has

been some effort towards generating unbiased probabilistic atlases based on groupwise

registration frameworks [45, 110].

Several research groups have proposed automatic brain labeling tools [31, 51, 66,
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69, 133, 143]. Overall, most of these tools rely on automated methods for identifying

sulci and matching them to pre-labeled models in order to define anatomical bound-

aries. Although the resulting labels are not 100% accurate, they yield solutions that

are fairly close to the desired output, and this can be further enhanced by manual

verifications against a reference atlas. There are a number of software tools available

for both ROI extraction and ROI-based functional analysis such as SPM [16], AFNI

[44], BrainVoyager7, MarsBar [28], and FSL8.

2.5.2 Volume-based Analysis

In fMRI studies, the volume-based approach has been widely used to detect human

brain activation. In volume-based analyses of group fMRI data, the time-course of

every voxel in the brain volume is analyzed to identify functional activity. The sta-

tistical power of volume-based approach depends on both the strength of the signal

in individual subjects, and on the consistency of the signal across subjects within the

group. Consequently, the entire 3D structural brain volumes of all subjects within the

group are required to be aligned with one another. Therefore, inter-subject registra-

tion of brain volumes is a crucial step when performing volume-based statistical group

analysis. The rest of this section is dedicated to an overview of different registration

techniques and other related factors such as the choice of template.

Registration

Brain registration attempts to match the geometry (size and shape), and topology

(presence of cortical folding such as sulci and gyri) of different brains - either with each

7BrainVoyager: http://www.brainvoyager.com/.
8FSL ROI Toolbox: http://sourceforge.net/project/.
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other or with a standard brain template. An increasing number of researchers study

the registration problem. A class of registration techniques, referred to as feature-

based techniques, rely on matching of geometrical landmarks (such as sulci and gyri)

that are extracted either manually or automatically. The performance of this type

of registration technique is significantly dependent on the accuracy, reliability, and

robustness of the segmentation used to extract such unique features. On the other

hand, there is a second type of registration, referred to as intensity-based (or photo-

metric) method, which relies on voxel intensity similarity measures over the entire

volume. Numerous techniques have been proposed for both types of registration.

Interested readers are referred to [70, 129, 137] for a survey of different registration

techniques.

In general, in a registration problem, we are looking for a spatial transforma-

tion that yields the closest one-to-one correspondence or homeomorphism among the

brains of all individuals with respect to each other or to a common reference template.

Such transformation is specified in terms of a three-dimensional array or a displace-

ment field (W : R3 → R3), which is applied to the subject volume, Is(r), to obtain

the transformed image, Iw(r). In its simplest form, such transformation includes a

rigid format with up to 9 parameters (three translation, three rotation, sometimes

three scale parameters) [44]. Affine registration adds an extra three shearing parame-

ters yielding 12 degrees-of-freedom (DOF) in total [12, 107, 221]. These two types of

transformations can be modeled in a 3×4 matrix (4×4 for homogenous transforms).

A tutorial on affine transformation is given in [218].

Affine registration can largely overcome global geometrical variability among brain
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volumes. However, the nature of the variability in human brain requires transforma-

tion with higher degrees-of-freedom than affine transformation, due to local non-rigid

geometrical and topological dissimilarities among individual brains. Therefore, sig-

nificant work has focused on design and development of nonlinear transformations

with several hundred DOF [14, 221], and even highly flexible displacement fields with

thousands of DOF [40, 38, 42, 43, 98, 121, 123, 198].

Here, I focus on a classification of registration techniques that are relevant to

preprocessing and analysis of functional imaging studies. Within functional studies,

the aim of normalization is to reduce inter-subject variability by either matching

a group of subjects’ brains to a standard brain template as closely as possible or

reducing group differences simultaneously. The first type of registration technique

is referred to as pairwise registration and the second type is known as groupwise

registration (Figure 2.8).

Pairwise Registration

The typical registration problem deals with matching of two data sets in terms of

identifying a geometric transformation that transforms the coordinate frame of one

to another or, more generally, establishes a homology among the images when the

number inputs to be aligned is more than two. In this framework, each of the subjects’

volume data is solely matched to the one of the reference template. Often pairwise

registration is assumed to provide a one-to-one mapping between two brain volumes,

i.e., each point in one brain can only correspond to one point in the second brain and

vice versa.

There are well-established methods for pairwise registration. In the following
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Figure 2.8: The two main types of registration methodologies: (a) pairwise, and (b)
groupwise registration.

chapters, a few common pairwise methods have been compared and a brief description

of each method is given below:

Nonlinear registration using basis functions [14]

Nonlinear registration using cosine basis functions was proposed by Ashburner and

Friston [14]. Their proposed method minimizes the residual squared difference be-

tween the intensity values of an image and a template. The mapping transformation is

described by a linear combination of smooth basis functions such the lowest-frequency

components of discrete cosine transform. Additional parameters are considered for

translation and scaling. The Gauss-Newton method was considered for optimization.

Regularization step is also included to avoid unrealistic deformations. Due to small

number of deformation parameters, the method is not capable of precise matching of

cortical structures.

Unified segmentation [13]
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Unified segmentation was proposed by Ashburner and Friston as a spatial normal-

ization tool in SPM software (Statistical Parametric Mapping: Wellcome Department

of Cognitive Neurology, London, UK) [13]. This technique integrates image registra-

tion, tissue classification, and bias correction within the same generative model. The

objective function includes a mixture of Gaussians model, for tissue classification.

This initial model is further expanded to include additional parameters for intensity

non-uniformity correction. The model parameterizes the intensity bias in the form

of exponential of a linear combination of low frequency basis functions. Finally, the

deformation is modeled through a linear combination of about a thousand cosine

transform bases, which provides relatively low-dimensional registration. The opti-

mization is performed in several steps. Expectation Maximization (EM) algorithm is

employed for updating mixture parameters, whiling fixing the bias and deformation

parameters. The bias parameters are optimized using Levenberg–Marquardt (LM)

scheme while fixing other parameters. Similar to bias parameter estimation, defor-

mations are estimated using LM while holding other parameters fixed.

Hierarchical Attribute Matching Mechanism for Elastic Registration

(HAMMER) [188]

HAMMER is an elastic registration technique that utilizes an attribute vector-

matching mechanism for every voxel of the image rather the intensity values alone.

The attribute vector consists of several components: (1) edge type (e.g., combination

of edges between different tissue types); (2) grey-level intensity; and (3) geometric

moment invariants (GMIs) as a means for defining the geometry of an anatomical

structure. The energy function to be minimize consists of three components. The

first two components are the summation of similarity matching based on attribute
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vectors, for calculating the optimal transformation once from the template to the

subject and another time from the subject to the template. Including both these terms

guarantees inverse consistency of the resulting transformation. The third component

is considered for smoothness of the deformation field as a regularization term. The

optimization is performed in a multi-resolution framework starting from cluster of

voxels at the lowest level to the maximum level which includes all voxels within the

volume. Therefore, the number of parameters for the deformation field is equal to

the number of voxels within the volume being registered.

A major assumption in pairwise registration makes its application in functional

group studies problematic: that is the requirement for a reference image. Any single-

subject template introduces a significant bias towards the specific anatomy of the

selected individual brain image, and the registration performance will be affected by

such bias. This is due to the fact that the selected reference may not be truly a

suitable representative of the whole population and therefore, there may not exist

a one-to-one correspondence between the subject’s brain and the selected template

because of topological differences. An example of such topological variability is shown

in Figure 2.9. In this figure, three anatomical variations of Heschl’s gyrus, known as

the landmark for primary auditory cortex in human brain, is depicted: heart shape

division, double gyri, and single gyrus.

Therefore, the choice of template in group studies has a significant effect on the

outcome of statistical parameter maps and consequently affects the localization of

functional maps. Gispert et al. [88] showed that such template effects may lead to

inconsistent interpretations of statistical analysis. The choice of template has received

substantial attention in computational anatomy studies in recent years. The following
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Figure 2.9: Topological differences between brains of individuals, specifically high-
lighted for the region of Heschl’s gyri (primary auditory cortex). As
shown, the variation is in terms of the frequency of appearance of the
gyri: (a) heart shape, (b) double, and (c) single gyrus.

section gives a detailed review of the template issue within the context of functional

neuroimaging studies.

Choice of Template

In neuroimaging studies, template refers to a common coordinate frame that can

be used to localize similar regions in a group of brains. In some studies, one of

the brain images is simply chosen to serve as the template. Kochunov et al. [124]

used the average deformation and dispersion distance, derived from discrete three-

dimensional deformation fields, to identify the best individual target brain. Such

a brain is determined as the one with the minimal deformation displacement and
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dispersion distance with respect to others. Colin27 or CJH27 is an example of a single-

subject template created by the Montreal Neurological Institute (MNI). Colin27 is

an average of 27 scans of the same subject [100].

Figure 2.10: Three cross-sectional views of a few common templates.

There has been a tremendous effort to construct a standard population-based

template. MNI created a brain template, called MNI305, that was generated by av-

eraging 305 normal young adult brain MR images [61]. The template was created

in two stages. At the first stage, 241 brain images were manually registered to the

Talairach template and their average was computed. Next, 305 normal MRI volumes

were automatically registered to the generated average brain at the first stage us-

ing a linear transformation. Then the average of the 305 normalized brain images
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Template No. of Subjects Normalization Transformation
MNI305 305 manual+automatic linear registration [41]
ICBM152 152 9-param affine

ICBM452-AIR12 452 12-param affine
ICBM452-WARP5 452 12-param affine + nonlinear warping

Colin27 27 single subject 9-param rigid

Table 2.3: A comparison among common brain templates based on the number of
subjects used for the template construction and the type of normalization
used for transforming data to a common space.

was calculated in order to obtain the MNI305 template. In a similar fashion, the

MNI (as part of the International Consortium for Brain Mapping (ICBM)) gener-

ated the ICBM152 template by automatically registering 152 normal brain scans to

the MNI305 template [142] using nine-parameter affine transformation. Recently, the

ICBM452 was introduced by the laboratory of neuro imaging (LONI), UCLA 9, which

is the average of 452 T1-weighted MRIs of normal young adult brains. The space of

these multi-subject templates is constructed by averaging affine transformation pa-

rameters from all subjects. There are two versions of ICBM452 (LONI, UCLA): the

AIR12 version is the average of 452 brains after 12-parameter AIR linear transform to

the MNI305, whereas the warp5 version used AIR for affine and 5 order polynomial

non-linear warping. Figure 2.10 shows cross-sectional views of these five templates

for comparison. Table 2.3 also summarizes the important information about each of

the mentioned templates.

ICBM152 template is provided with several commonly used functional imaging

analysis packages, such as SPM and the FMRIB Software Library (FSL).

Advances in high-dimensional warping techniques raise the need for a high-resolution

9LONI: http://www.loni.ucla.edu/.
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template with higher local anatomical resolution. High-dimensional variability among

subjects, and the averaging procedure, significantly reduces the resolution of the local

anatomical details such as sulci and gyri when standard, spatially smooth templates

such as MNI305 and ICBM152 are used for registration. This makes them unsuitable

for use with very high-dimensional warping algorithms, such as the inverse consistent

registration proposed by Christensen and Johnson [38], and HAMMER (Hierarchi-

cal Attribute Matching Mechanism for Elastic Registration) proposed by Shen and

Davatzikos [188].

For the study of special populations, where the standard population based tem-

plates are not considered representative, researchers often create their own template.

The most common method of template construction in functional neuroimaging stud-

ies, is to develop a group-specific template that minimizes the differences between

itself and all brain volumes within the population under study. Several approaches

have been proposed for constructing such group-representative templates; Woods et

al. [220] used their in-house designed registration technique, AIR, to create a custom,

normal averaged brain atlas. The atlas was generated from 10 T1-weighted MR vol-

umes and the registration includes pairwise affine registration of each subject to all

other subjects. Three additional intermediate linear atlases were created iteratively

by registering each of the original 10 T1-weighted images to the current averaged at-

las, followed by three further iterations using nonlinear warping in registration of the

individual T1-weighted images to the intermediate averaged atlas. In different efforts,

Guimond et al. [93] and Seghers et al. [183], separately but similarly developed an it-

erative averaging algorithm. In their proposed techniques, all images in the database

are in turn selected as the template image and subsequently deformed towards the
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mean shape of all other non-rigidly aligned images to eliminate bias in the atlas to-

wards any of the original images in the database. Woods’s, Guimond’s, and Seghers’s

proposed techniques for group-specific template construction all suffer from time and

computational complexities due to the large number of pairwise registrations that

they require. Marsland et al. [140] proposed a different approach by constructing

the atlas on a target image that is the closest to the mean geometry. Their method

minimizes the sum of distances to all other images as well as the sum of the similarity

measures between the target and other images. Similarly, Park et al. [160] used a

minimum distance strategy to construct population-based atlases. Their approach

is based on forming a distance matrix based on bending energies of all pairwise reg-

istrations and using multidimensional scaling10 on the distance matrix to find the

closest target. Avant and Gee [17] developed a group template construction method

in the large deformation diffeomorphic setting by averaging velocity fields along shape

manifolds. Their technique uses geodesic averaging, rather than linear averaging, to

estimate mean atlas shapes. Similar to Avant’s work, Joshi et al. [110] recently

proposed a template-free atlas construction technique. Bhatia et al. [23] proposed a

combined segmentation and registration technique using Expectation-Maximization

(EM) framework for atlas construction. Recently, Craene et al. [45] introduced a new

metric for aligning multiple subject volumes for the construction of an atlas. The at-

las is defined as a hidden variable in an Expectation-maximization (EM) framework

and subjects within the group are aligned by maximizing mutual information.

Within the course of proposing techniques for such population-based templates,

some efforts have been given to developing a new strategy of registration that avoids

10Multidimensional scaling (MDS) is a technique to produce relative positional locations from a
collection of pairwise distances.
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the need for an absolute or an intermediate template. This new trend in registration

methodology is referred to as groupwise registration and is described next.

Groupwise Registration

In group statistical analyses, the desired normalization is the simultaneous registra-

tion of all subjects to a (imaginary) reference that represents the population. There-

fore, the aim of the groupwise registration is to identify a group of geometric trans-

formations that put all the inputs into correspondence without introducing any bias

towards a specific geometry or topology of a brain. Bhatia et al. [22] divide a typical

groupwise registration algorithm into three sections: the deformation model, a sim-

ilarity metric and an averaging principle. The deformation models generally follow

from the existing pair-wise registration techniques. Most of the novel contributions in

groupwise registration are focused on the similarity metric, followed by the averaging

strategy.

The simplest solution for groupwise registration is the generalization of pairwise

registration - registering every subject in the population to every other using pairwise

registrations. Studholme et al. [194] estimate the joint probability density function of

all the inputs and construct a maximum likelihood-type similarity metric. The sim-

ilarity metric has a distribution with dimension n, equal to the number of subjects.

Their proposed algorithm tries to manipulate the set of transformations simultane-

ously so that the average displacement field is forced to be zero at each point. Zhang

and Rangarajan [230] introduce a registration framework based upon a higher dimen-

sional generalization of a mutual information-type registration criterion. They also

propose a new technique for computing high-dimensional histograms for efficiently
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computing the joint entropy of a group of images. Seghers et al. [183] consider all

pairwise registrations between subjects in the population. They generate an atlas by

averaging deformations from all subjects. Similarly, Park et al. [160] use all combina-

tions of pairs in the population and multi-dimensional scaling to select the reference

subject closest to the mean of the population. Both techniques improve the pairwise

approach by considering all combinations of pairs in the population; however, com-

putational complexity of these techniques are quite high. Furthermore, the number

of samples required for a sufficiently accurate density estimate grows exponentially.

Moreover, the main shortcoming of the pairwise registration (i.e., template bias)

follows as well.

More efficient approaches are proposed for groupwise registration by the use of

statistics from the population. Guimond et al. [93] propose a technique for groupwise

registration that is based on mapping a template image to a group of subjects, and

then finding the mean of those transformations, as well as the mean of the intensities

of the warped images. The final step is the warping of the intensity-averaged image

using calculated mean transformation. This process is done iteratively by replacing

the template with the new calculated average image until convergence is achieved.

In a similar approach, Christensen et al. [39] consider deformations from the aver-

age intensity image to the population and minimize correspondence errors by using

inverse consistent transforms11. Bhatia et al. [23] select one arbitrary image to act

as an intensity reference, and then add all pairs of intensities, comprising the voxel

intensity in the reference and the corresponding intensity in each image to the same

joint histogram. They use BSpline model for deformation. Twining et al. [204] use

11Inverse consistent registration refers to bidirectional registration techniques that consider one-
to-one correspondence in the from of a unique mapping from the subject data to the template frame
and vice versa.
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minimum description length framework and clamped-plate splines as a deformation

model for groupwise registration.

Groupwise registration has also been a topic of interest in other areas of image

processing such as machine learning and machine vision; Miller et al. [146] consider

the sum of univariate entropies along pixel stacks as a joint alignment criterion. Their

proposed method is a template-free approach to groupwise registration as it simul-

taneously drives all subjects to the common tendency of the population. Following

Miller’s work, Zollei et al. [234] applied such idea to groupwise registration of medical

images using affine transforms and used stochastic gradient descent for optimization.

The most recent extension of Miller’s groupwise registration is proposed by Balci et

al. [21], which includes free-form deformations based on BSpline in 3D. They consider

sum of pixelwise entropies as a joint alignment criterion.

A few common groupwise methods have been repeatedly referenced in this thesis

and are briefly described below:

Implicit reference-based group-wise image registration (IRG) [86]

IRG is a recently developed groupwise registration technique that jointly estimates

transformation from each image in the group to a “hidden” reference by optimizing

the intensity difference of each pair of the deformed images. The intensity-bias cor-

rection step applied to the post-mortem data guarantees intensity matching between

corresponding voxels of all images within the group. The cost function includes a

similarity cost and a regularization constraint, defined as:

C = Csimilarity + Creg (2.1)

where
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Csimilarity =
∑
i,j

∫
‖(Ii(hiR(x))− Ij(hjR(x)))‖2dx (2.2)

Ii represents the ith image in the group and hiR(x) is the transformation from

image Ii to the implicit reference. Creg is a small deformation linear-elastic constraint

[38] to penalize transformations with large and unsmooth distortion. The transformed

images converge to the implicit reference during the IRG registration eliminating the

bias associated with selecting a specific reference image. The algorithm assumes a

small deformation linear elastic model and uses the Fourier series to parameterize

the deformation field. A spatial and frequency multi-resolution procedure is used to

estimate the full resolution transformations to avoid local minima.

Diffeomorphic Anatomical Registration using Exponentiated Lie alge-

bra (DARTEL) [10]

DARTEL is a diffeomorphic-based registration (a one-to-one, smooth, and con-

tinuous mapping) proposed by Ashburner [10]. An interesting property of diffeomor-

phisms is that they form a Lie group with composition operation. DARTEL uses a

single velocity field to model the deformation field, which remains constant over time:

dφ

dt
= u(φ(t)) (2.3)

where u refers to the flow field and φ(x) = x + u(x) is the transformation. De-

formation is found starting from identity transform (i.e., φ(0) = x) and integrating

over time to find φ(1). Euler integration is used to solve the differential equation

above. The inverse consistency is also considered in DARTEL’s framework by in-

tegrating backwards as well as forward fields. The derivatives of the deformations,
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Jacobian matrices, are used to model the local stretching, shearing, and rotating of

the deformation field. These Jacobian matrices are combined by multiplication using

composition property of Lie groups. The velocity field is parameterized using BSpline

basis functions. The Levenberg-Marquardt algorithm is used for optimization of the

parameters in a full-multigrid frame. Due to high number of deformation parameters,

DARTEL method is capable of capturing global as well as local differences in a group

of images.

2.6 Summary

This chapter gave an overview of two of the most common methodologies utilized in

group analysis of fMRI data: ROI-based and volume-based methods. In the ROI-

based approach, functionally/anatomically homologous regions are extracted from all

individuals and grouped to be able to make inferences about the whole population;

however, automatic yet accurate identification and labeling of the anatomy of interest

despite high inter-subject variability is quite challenging. In the volume-based ap-

proach, instead of a specific region-of-interest, the whole brain volume is overlapped

among individuals to identify functional patterns voxel by voxel. The volume-based

approach requires that the whole brain volume is accurately matched among all the

subjects and the accuracy of the inter-subject registration has a direct impact on

the validity/sensitivity of the results. In the rest of this thesis, I will investigate the

impact of inter-subject variability on the analysis of imaging data, within the context

of both ROI and volume-based methods. As the test case, I targeted a specific region

of the brain, the auditory cortex.



Chapter 3

Heschl’s Gyrus

3.1 Overview

The auditory cortex is responsible for processing all sound, and is important for

speech communication and music perception in humans. The auditory cortex can be

divided into three separate divisions: core (primary), belt (secondary), and parabelt

(tertiary). Primary auditory cortex is the first cortical processing area for sound, and

therefore, there is a significant interest in exploring this cortical region.

Heschl’s gyrus (HG) is known as the landmark for the primary auditory cortex in

the human brain. High inter-hemispheric and inter-individual variations are revealed

for HG by MR studies and further validated by postmortem cytoarchitectonic (ar-

rangement and types of neurons) studies. However, the relationship between normal

anatomical variations and brain function remains largely uninvestigated in the human

primary auditory cortex. This could be partially due to significant variability of HG

(both in terms of geometry and topology), and moreover, to the lack of well-defined

criteria for defining the extent of the primary auditory cortex along HG.

49
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Figure 3.1: Dorsolateral view of the human cerebral cortex after removal of the over-
laying parietal cortex. The dashed line defines the portion of the cortex
that has been cut away. The outline of HG is depicted in white, with the
primary auditory cortex on the medial part of the gyrus.

3.2 Heschl’s Gyrus

The neural organization involved in processing complex sound, including speech, is

poorly investigated in humans. Evidence from nonhuman primates has shown that

such organization involves several functionally connected fields on the superior tem-

poral gyrus (STG). One of the prominent fields, which is located on the superior

temporal plane is the primary auditory field. The primary auditory cortex partially

overlaps with the transverse gyrus of Heschl. Heschl’s gyrus is one of the most promi-

nent landmarks in the human brain and is found on the lower end of the Sylvian fis-

sure. Heschl’s gyrus was described separately at the same time by Heschl and Broca.

Heschl called it “gyrus temporalis transversus primus” [113] and Broca described it

as “pli de passage temporo-parietal profond” as he believed that it connected the
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superior temporal gyrus with the supramarginal gyrus of the parietal lobe [49].

Heschl’s gyrus lies somewhat diagonally across the superior temporal planum

(STP), the top surface of the superior temporal gyrus. STP is located within the

Sylvian fissure and is divided into Heschl’s gyrus, the planum temporale (PT), and

the planum polare (PP) as shown in Figure 3.1. The planum polare and planum

temporale are located directly anterior and posterior to HG. Heschl’s gyrus is sepa-

rated from the PT by a deep sulcus. This sulcus is known as Heschl’s sulcus (HS) or

sulcus intermedius (SI) and on the other side of HG, the first transverse sulcus (FTS)

separates PP from HG [117].

The gross morphology of HG is highly variable among individuals and even be-

tween hemispheres. Analogical studies have shown that the size and diversity of

auditory maps on HG could be related to the efficiency of auditory and language pro-

cessing in the human [53]; A number of studies have shown leftward asymmetries in

the volume of Heschl’s gyrus [149], which is further shown to be largely attributable

to greater white matter volumes (i.e., in terms of number of fibers or myelination)

[164]. Greater myelination and connectivity in left auditory cortex could be related

to regional specialization for handling fast temporal information [185]. On the other

hand, denser and more interconnected columnar structure in right auditory cortex is

related to evaluating fine frequency distinctions [189]. Schneider et al. [178] found

a dramatic increase of 130% in the volume of grey matter in professional musicians

compared to non-musicians; however, the volume of white matter was not different

between the two groups.

The HG region can contain up to three gyri per hemisphere, and the number of

gyri may vary between hemispheres [164, 208]. Findings from histological studies
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have shown that when several gyri were present, cytoarchitectonic primary auditory

cortex (PAC) was limited to the most anterior gyrus, and when HG was divided by

an SI, PAC was limited to the anterior portion of the gyrus [168].

3.3 Primary Auditory Cortex

Hackett et al. [95] define auditory cortex as any portion of the cerebral cortex that

receives its main input from one or more divisions of the medial geniculate complex in

the thalamus. Hackett’s definition of auditory cortex is based on the fact that cortical

neurons may be primarily responsive to different sensory modalities and neuronal

activity in most of the cortex may be influenced by the inputs of more than one

sensory modality. Therefore, a functional definition of “auditory cortex ”, they reason,

is most sensibly based on the magnitude of neuronal response to acoustic versus other

modes of sensory stimulation.

Auditory cortex of primates consists of three major regions: core (primary; PAC),

belt (secondary), and parabelt (tertiary) as shown in Figure 3.2 [95, 111]. The three

sets of regions are located on the lower bank of the lateral sulcus, on the superior

temporal gyrus. Each of these regions is characterized by a common set of architec-

tonic features and connection patterns1. Much less is known about the organization

of the auditory cortex in humans compared to monkeys. Due to absence of infor-

mation about connections, extending knowledge from monkeys to humans is limited

to descriptions of architecture and noninvasive neurophysiology. There has been an

1Architecture refers to those structural features that are identified using histological analysis of
the underlying tissue. Such microanatomical information includes cytoarchitecture, which refers to
the arrangement and types of neurons across the six cortical layers, myeloarchitecture, which refers
to orientation and density of myelinated axons, and finally, chemoarchitecture, which describes the
distribution and expression of proteins, enzymes, and other substances within neurons.
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Figure 3.2: Lateral view of cerebral cortex in the macaque monkey. (A) The parabelt
region on the superior temporal gyrus is shown with dashed orange line.
(B) Dorsolateral view of the same region after pushing aside the parietal
area. The approximate locations of the core region is shown with solid red
line and the lateral portion of the belt region is separated with dashed yel-
low line. The following abbreviations are used in the figure: AS, arcuate
sulcus; CS, central sulcus; INS, insula; LS, lateral sulcus; STG, superior
temporal gyrus; STS, superior temporal sulcus. Figure is adapted from
[111].
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ongoing research on the parcellation of the human auditory cortex by several investi-

gators spanning about 100 years. Auditory core areas have commonly been identified

on the superior temporal plane in humans [95, 149, 171], although there is still a

debate on the precise configuration of these areas among neuroscientists.

In monkeys, there are input pathways from the major divisions of the medial

geniculate body, homologous regions of the opposite hemisphere and the “belt” of

cortex that surrounds the core [94] to the core areas. The auditory belt receives both

medial geniculate and auditory core input. Hackett et al. consider the same auditory

organization as monkeys for humans: the auditory core surrounded by a belt of cortex

that is responsive to acoustic stimulation. Lateral to the auditory belt in the macaque

monkey, is the auditory “parabelt”, which is less well explored but appears to include

at least two fields whose major thalamic inputs are the dorsal and medial divisions

of the medial geniculate body, the suprageniculate nucleus, the nucleus limitans, and

the medial pulvinar [94]. The parabelt in monkey is most closely associated with the

area 22 of Brodmann in humans, which overlaps with the lateral surface of the STG

[94].

3.4 Heschl’s Gyrus and Primary Auditory Cortex

Primary auditory cortex in human brain is identified as area 41 in the Brodmann’s

map. Anatomically, PAC is localized in the region of the transverse gyrus or gyri of

Heschl on the superior surface of temporal lobe. As mentioned before, this has been

shown by several studies using diverse methods such as direct recording of primary

evoked responses [130], cytoarchitectonic [83, 95, 149, 166, 168, 195], myeloarchitec-

tonic [95, 166], histochemical [95, 211], immunocytochemical [152, 195], structural
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[189], and functional MRI studies [71, 125]. Evidence indicates that in the case of

multiple gyri only the anterior-most gyrus performs the functions of the primary au-

ditory cortex, the area responsible for the first stages of cortical sound processing

[164].

There exists a great variation regarding the extent and overlap of PAC with HG

[166, 168]. The percentage of overlap between PAC and HG volume ranges from 16%

to 92% and it may even extend into the PP or PT [168] or the superior temporal

cortex [149]. It is important not to think of the PAC and the HG as synonyms. PAC

does not necessarily correspond to HG volume (see [164]).

3.5 Cytoarchitectonic Mapping of Heschl’s Gyrus and PAC

Although the precise number and configuration of primary auditory areas is still

unknown, one influential model suggests that three areas can be identified along the

mediolateral axis of Heschl’s gyrus, which comprise the PAC in humans: Te1.0, Te1.1,

and Te1.2 as shown in Figure 3.3 [149]. These three subregions together are referred

to as Te1. Region Te1 is identified with highly granular cortex under microscope,

which is surrounded by less granular cortices, areas Te2, Te3, and TI1. Te1 consists

of small sized pyramidal cells of layer IIIc, a prominent layer IV, and a relatively cell-

sparse layer V. Subdivisions of Te1 are located in the medial-to-lateral direction, one

after the other. The centrally located area Te1.0 is recognized by the highest degree

of granularization corresponding to the thickest layer IV and particularly small-sized

IIIc pyramidal cells. The medially located Te1.1 is characterized by medium-sized

pyramidal cells in layer IIIc. Area Te1.2 is positioned laterally and shows a broad

layer III, consisting of clusters of medium-sized IIIc pyramids.
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Figure 3.3: Highlighted regions depicts Te1.0 (blue), Te1.1 (green), and Te1.2 (red)
cytoarchitectonic subregions of the primary auditory cortex in a post-
mortem brain. Postmortem MRI data and cytoarchitectonic labels are
provided by Morosan et al. [149].

3.6 Stereotaxic Localization of Heschl’s Gyrus and PAC

When a brain is in a standard stereotaxic space (using, for example, the Talairach and

Tournoux coordinate space), in the axial plane, HG appears to be a gyrus (or several

gyri) traversing anterolaterally from a point posterior to the insula on the Sylvian

fissure. HG is bounded anteriorly by the first transverse sulcus (TS) and posteriorly

by Heschl sulcus when it extends at least half of the length of the HG (Figure 3.4a)

[1]. Abdul-Kareen et al. defined the posteromedial boundary as a line drawn from

the medial end of the TS to the medial end of the HS [1].

In the coronal plane, HG forms a supratemporal omega shape [227]. On anterior

slices, the omega moves laterally along the Sylvian fissure and becomes less prominent
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Figure 3.4: The boundaries of the HG in three views. (a) axial view: Heschl’s gyrus
is bounded by transverse sulcus (TS) and Heschl’s sulcus (HS). The pos-
teromedial boundary is shown with a dashed line; (b) coronal view: single
omega-shaped Heschl’s gyrus on both sides; (c,d,e) sagittal view: Heschl’s
gyrus may appear in the following forms: (c) single and omega shape with
Heschl’s sulcus posterior to the gyrus;(d) as a heart shape with a shal-
low intermediate sulcus (sulcus intermedius or SI) indenting its superior
surface and Heschl’s sulcus posterior to the heart; or (e) double with
two omega shaped gyri separated by a deep Heschl’s sulcus. 1=first HG,
2=second HG, 3=SI, 4=TS, 5=HS, 6=planum temporale, and 7=insula.
Figure is adapted from [227].
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and disappears toward the convexity of the brain (Figure 3.4b). Sometimes, when

more than one HG is present, two Ωs are recognized that either appear sequentially

or almost simultaneously [227].

Finally, in the sagittal plane, HG projects on the STP with variable shapes: a

single Ω, a heart-shape, and sometimes two separate esses (Ss), depending on the

number of HGs and the absence or presence, depth, and length of the SI [227]. When

the sulcus is absent, Heschl’s gyrus had the shape of a simple omega as shown in

Figure 3.4c. When the SI is present and shallow, the omega shape of HG is reformed

into a heart shape (Figure 3.4d). When the SI is present and deep, it cleaves HG

into two (anterior and posterior) omega-shaped gyri, one behind the other (Figure

3.4e). If the sulcus is long, and extended from the convexity to close to the insula,

two gyri are considered to be present. The sulcus separating these two gyri is then

designated Heschl’s sulcus. On the other hand, if the sulcus is short and deep, only

one gyrus is considered to be present. The dividing sulcus is then considered to be

an intermediate sulcus, and the posterior limit of the bifurcation is considered to be

Heschl’s sulcus.

3.7 Anatomical Variations of HG

Both Heschl’s gyrus and PAC are subject to great inter-hemispheric and inter-subject

variability as shown by previous MRI and postmortem studies. These variations

may be important for complete understanding of the relation between structure and

function of these regions. The morphometry of HG varies in terms of both geometry

(size, shape, and position) and topology (duplication).
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3.7.1 Geometrical Variation of HG

There have been several studies reporting on inter-hemispheric volume [58, 163, 173],

surface area [36], and length [151] asymmetry of HG (favoring the left). Penhune et al.

[164] related the larger left HG volume to larger white matter (WM). Corroborating

this observation, Sigalovsky used R1 (an intrinsic MR property, equal to the reciprocal

of longitudinal relaxation rate or T1) to reveal leftward WM myelination asymmetry

in HG [189]. Such leftward asymmetry of HG may be explained by an underlying

factor resulting in left hemispheric lateralization of language and a preferential role

for the left PAC in processing temporal aspects of speech [164, 229]. Besides shape

variations, there is also large inter-hemispheric and inter-subject variability in the

location of the HG [164].

3.7.2 Topological Variation of HG

Two types of duplication have been reported for HG by Leonard et al. [127]: in one

case, SI indents the crown, forming a common stem duplication; in the other case,

there is a complete posterior duplication (DP) of Heschl that is bounded by a second

Heschl’s sulcus. Determining the number of HGs remains a challenge. Ultimately,

the differentiation between a split Heschl’s gyrus and two distinct Heschl’s gyri may

remain arbitrary, especially when such distinction is accomplished only by means of

imaging studies.

The most frequent appearance of HG is a single gyrus reported in both MRI and

postmortem studies (70% [168] to 75% [227]). The reported frequency of appearance

for two transverse gyri can vary from 24% [168] to 33% [228]. Three gyri are also

reported with much less frequency (6% [168]). There are also a number of studies
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regarding the variability of multiple gyri between the two hemispheres of a brain

[32, 55, 166].

Multiple HGs are shown to be an important finding in clinical studies. Duplication

of HG were associated with learning disabilities by a number of researchers [128, 134].

These studies imply that the duplication of HG may be related to learning ability and

could differentiate between the different types of learning disabilities. Further work

relating morphological variation in HG to clinical disorders is probably warranted.

3.8 Morphometric Studies of Heschl’s Gyrus and PAC

There have been several morphometric studies regarding the importance of Heschl’s

gyrus and PAC in healthy and patient groups. Gaser and Schlaug [84] found increased

gray matter volume in auditory cortical regions in musicians relative to non-musicians.

Schneider et al. [178] came to the same conclusion on similar group of subjects. Ad-

ditionally, they found that subjects with more HG gray matter had higher musical

aptitude scores and larger early cortical responses to tonal stimuli. Also, in a more

recent study, Schneider et al. [179] showed that volumes of gray matter in left and

right HG is correlated with comprehension of ambiguous tones. In auditory learning

studies, Golestani et al. [90] showed that quick learners (in discriminating foreign

speech sounds) had more white matter in the left HG than slow learners. Wong et al.

[217] reported that people with better ability to learn foreign pitch-meaning associa-

tion had larger HG in left hemisphere than. In studies of hearing vs. deaf subjects,

it has been shown that there is no difference in GM volume of the HG between the

two groups [163]; however, deafness results in less WM in the HG, suggesting that

hearing loss from birth results in less myelination and fewer fibers projecting to or
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from the auditory cortices [58].

Studies in people with clinical conditions (stuttering and schizophrenia) have also

noted correlates with HG morphology. Using morphometry analysis, it has been

shown that stutterers have increased GM density mainly in the right HG as compared

to non-stutterers. Neckelmann et al. [153] reported that schizophrenic patients show

reduced GM volume in the left STG including the HG as compared to control subjects.

Despite the aforementioned studies regarding HG volume reduction in normal

or patient subjects, there were other studies that have not found a link between

HG morphology and cognitive abilities or clinical conditions [213]. Such diversity

of the results could be due to small sample sizes, and/or inconsistency in defining

the HG area that significantly interacted with the study outcomes. Therefore, the

need for a unified definition of HG, and HG duplications is crucial for enhancing the

comparability of the related studies.

Like morphological variation of HG, the position and extent of PAC with respect to

gross anatomical landmarks is variable across subjects [95]. Morosan et al. [149] has

quantified the inter-subject variability in PAC by detailing the relationship between

structural landmarks and cytoarchitectonic boundaries of PAC in 27 human subjects.

They showed that the primary auditory field often extends beyond HG anteriorly

and posteriorly into the bordering sulci and onto walls of the neighboring gyri. In

summary, although the PAC often extends beyond HG, and parts of HG - especially

the lateral extent - seldom, if ever include PAC.
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3.9 Functional Studies of Auditory Cortex

Functional and anatomical specializations have not been revealed in human auditory

system to the degree that they have been observed in the visual system using func-

tional neuroimaging. The first functional study of the human auditory cortex was

conducted in 1968 by Braak [27] who recorded human electrical responses to auditory

stimuli in the lateral temporal lobe. Following Braak’s effort, a number of researchers

started obtaining electrical signals directly from the PAC, the posterosuperior tempo-

ral lobe and frontoparietal opercular areas in humans [34, 131]. These studies showed

that all these regions are associated with auditory processing in humans [30, 104].

Current research seeks evidence in humans for a similar anatomical and physiolog-

ical organization to that observed in nonhuman primates. Microelectrode recordings,

tracer studies, and histochemical analyses [148] have proven the parallel organization

of macaque auditory cortex. Kaas et al. [112] presented a model of auditory cortical

organization in nonhuman primates hoping that this could be a appropriate model

for the organization of the human auditory cortex.

One hallmark of core (and, to a lesser extent, belt) auditory cortex is tonotopic

organization, which means that different cells in the auditory cortex are preferen-

tially sensitive to different frequencies. Neurons of PAC are organized based on the

frequency of sound to which they respond best. PAC is considered as the main region

for identification of pitch and loudness. Belt areas are sensitive to complex tones such

as bandpassed noise and species-specific vocalizations (e.g., harmonic, melodic and

rhythmic patterns) [112].

Functional activation related to tonotopicity in human brain has been sought us-

ing a variety of imaging techniques. Based on the literature survey, there exists some
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variability across studies concerning the prevalence and precise orientation of the tono-

topic maps within the transverse gyrus of Heschl [112]. Anterolateral-posteromedial

frequency mapping (low-to-high) in HG has been reported in magnetic and electrical

evoked potential studies [174], functional imaging studies [144], and a microelectrode

study [102], which is also the same orientation as the one found in the macaque

monkey.

Hall et al. [96] and more recently, Warrier et al. [213] conducted researches on the

relation between the auditory cortex volume and the spectral and temporal response

to auditory stimuli. Both groups described the functional organization of the audi-

tory cortex in human brain with respect to different sound features such as frequency,

bandwidth, pitch, and sound level. They concluded that there is evidence of multi-

ple tonotopically organized fields in humans such that the primary area, on Heschl’s

gyrus, may have larger involvement in processing frequency and level and that poste-

rior non-primary areas may play a larger role in processing more spectrotemporally

complex sounds.

Nevertheless, multiple maps should be evident in the human as they are in the

macaque, and the orientation of the multiple submaps is rather less clear than the very

general lateral-to-medial orientation of a main frequency axis. Moreover, due to high

variability in location and morphology of HG and PAC and furthermore, uncertainty

in defining extent of PAC with respect to gross anatomical landmarks, functional

neuroimaging data have a limited use in robustly defining functional borders between

auditory cortical regions in human brain.

Researchers at best can only parcellate the functional organization of the auditory

cortex with respect to key morphological landmarks. The morphology of Heschl’s
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gyrus provides a reasonable guide to localization of the primary auditory cortex in

human brain, being on the middle two-thirds of the anterior-most HG; however, the

frequency of occurrence and location of subdivisions within the auditory field remain

unknown. With advances in neuroimaging techniques and methods of computational

anatomy progress can be made by determining patterns of functional activity in

individuals and relating these patterns to the individual morphology.

3.10 Summary

This chapter described the functional and anatomical organization of the auditory

cortex in detail, specifically, the primary auditory area, in human brain. There is

still considerable disagreement among neuroscientists in functional organization and

anatomical extent of this region of the brain.



Chapter 4

A Novel Automatic Segmentation Method for ROI-based

Functional Analysis1

4.1 Abstract

We present an automatic segmentation method for the extraction of first (the most

anterior) Heschl’s gyrus (HG), the morphological landmark for human primary audi-

tory cortex. Extracted HG regions can be used to test functional hypotheses about

this area using a region-of-interest (ROI)-based approach. The proposed technique

consists of a coarse segmentation phase using a statistical deformation-based atlas,

followed by a finer segmentation using a Laplacian level set. Eighteen subjects partic-

ipated in an auditory fMRI study, with structural MR images also acquired. In each

subject’s structural MRI volume, the first HG was manually identified and labeled

by four independent observers. The performance of the segmentation procedure was

1This work has been published in Proceedings of MICCAI workshop: Amir M. Tahmasebi, Purang
Abolmaesumi, Conor Wild, and Ingrid S. Johnsrude, “A Novel Automatic Segmentation Method
for ROI-based Functional Analysis”, Workshop on Analysis of Functional Medical Images, MICCAI,
2008, URL: http://bisicl.ece.ubc.ca/functional2008/art/.
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assessed by calculating the overlap between the automatically extracted and the man-

ually labeled HG regions. The overlaps were more than 83% in both hemispheres. In

spite of high variability among subjects, the ROI-based functional analyses yielded

similar results for both the automatic and manually segmented HG, across a variety

of auditory and speech-related functional contrasts.

4.2 Introduction

In functional MRI (fMRI) studies, inter-subject anatomical variability has been an

obstacle in finding reliable functional/anatomical correspondences. fMRI studies are

built on statistical inferences on a group of subjects that are spatially normalized

to a standard reference frame [142]. Most existing spatial normalization methods

perform a registration of the whole brain structure [68], and substantial morpho-

logical variation remains after normalization. It is a challenge to improve the qual-

ity of spatial normalization due to high morphological variation among individuals.

Anatomical region-of-interest (ROI)-based approaches are an alternative method of

analysis, in which the structure of interest is manually identified in each participant,

and then condition- or task-specific evoked signal is extracted from this region in

each subject and analysed. Such approaches can increase statistical power compared

to conventional whole-brain analysis methods [156], and also permit examination of

hemispheric functional specialization within the ROI. However, manual extraction of

a specific ROI is a tedious and time-consuming chore, and must be conducted by

expert observers, trained to identify a particular structure using a defined set of mor-

phological criteria; each observer might interpret the criteria in a different way and

so multiple observers are required. Automated segmentation would save time and



CHAPTER 4. ROI-BASED FUNCTIONAL ANALYSIS 67

effort, and be more objective. Here we present such a method, using the transverse

temporal gyrus of Heschl, the morphological marker for primary auditory cortex, as

a test case.

Figure 4.1: Heschl’s gyrus in human brain.

Heschl’s gyrus is found on the superior temporal plane in humans, buried in the

Sylvian fissure 4.1. The morphology of this region is highly variable among individuals

in terms of both geometry and topology, and Heschl’s gyrus may appear as single,

or have two or multiple folds [127]. When more than one transverse temporal gyrus

is present, primary auditory cortex is found on the anteriormost gyrus [168], and we

will use the term “HG” henceforth to mean the first gyrus, when more than one is

present. HG can be identified in MR scans through the use of a pre-labeled brain [206]
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or probabilistic atlases [164, 187]. These atlases tackle the problem of inter-subject

variability by using a probabilistic approach - they specify the likelihood of any voxel

in a spatially standardized image being in a specific structure (e.g., HG). This is not

ideal since the reality is not continuous, but binary - within a subject, brain tissue at

a particular coordinate either is, or is not, Heschl’s gyrus. The approach we propose

accommodates each individual’s own morphology to provide a binary estimate of the

location of HG; more like the ‘gold standard’ manual segmentation method.

Here, we present an automatic segmentation method for the extraction of the first

Heschl’s gyrus. We extract HG volumes in 18 subjects using the proposed technique

and then use these extracted volumes to conduct an ROI-based analysis on auditory

functional MRI data from the same subjects. The proposed method consists of two

steps; a coarse segmentation is performed by the use of a statistical deformation-

based atlas proposed by Rueckert [175], followed by a finer segmentation using a level

set method [186]. After extracting HG regions in both hemispheres in every subject,

functional analysis can be conducted by extracting condition-specific fMRI data from

these regions of interest. This is an objective way to assess signal level in the region

of primary auditory cortex, and to assess hemispheric asymmetry.

4.3 Materials and Methods

Following Rueckert’s deformation-based atlas construction technique [175], our pro-

posed segmentation tool utilizes the a-priori knowledge of the desired structure through

a set of training samples in order to construct a 3D statistical atlas using principal

component analysis. To enhance the fit between the actual HG region in the subject

volume and the reconstructed HG, a 3D Laplacian level set is initialized with the
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generated HG contours. Details of data acquisition and methodology are described

next.

4.3.1 Data Acquisition

T1-weighted anatomical images were acquired from 18 volunteer subjects with voxel

resolution of 1.0 mm3 with a 3D MP-RAGE sequence. MR imaging was performed

on the 3.0 Tesla Siemens Trio MRI scanner in the MRI facility at Queen’s University.

All subjects gave informed consent and the procedure was approved by the Queen’s

University Health Sciences Research Ethics Board. MR data were stripped to remove

skull and scalp using the Brain Extraction Tool (BET) of the FSL software2.

The same 18 subjects participated in an auditory-related fMRI experiment. The

purpose of this study is to show that the activity of primary auditory cortex is depen-

dent upon the type of auditory input. T2∗-weighted functional images were acquired

using a sparse GE-EPI sequence with a typical field of view of 211×211 mm, in plane

resolution of 3.3× 3.3 mm, slice thickness of 4.0 mm, TA = 2000 msec per acquired

volume, and TR = 11000 msec.

4.3.2 Functional Paradigm

Written text strings were displayed before presentation of single noise-vocoded (NV)

words to create acoustically matched conditions that elicited the perceptions of intel-

ligible or unintelligible speech. Two additional speech sounds, clear speech (C) and

signal correlated noise (SCN), were provided as acoustic controls. A 3×2 factorial de-

sign was created by pairing each type of sound with a matching prime (M prime) (e.g.,

‘barn’) or non-matching prime (NM prime) (e.g. ‘lrptc’ - a length matched string of

2FSL: Oxford Centre for Functional MRI, Oxford University, UK.
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random consonants, selected so that no phonemes matched the original word). A

baseline rest condition was created by pairing silence (S) with a NM prime. During

the experimental session, each subject experienced 30 trials per condition (210 total)

equally divided into 3 blocks of 70 trials.

4.3.3 Heschl’s Gyrus Boundaries

Four raters labeled HG volumes in all 18 subjects according to the criteria proposed

by Penhune [164]. MRIcron software2 was used to display the images as well as to

label and save the regions of interest. For cases with two or multiple HG, only the

most anterior one was painted. Final volumes of left and right HG were created by

identifying voxels labeled as HG by at least three out of four raters.

4.3.4 Phase I-a: Deformation-based Atlas Construction

Rueckert’s deformation-based atlas construction method uses non-rigid registration

to establish correspondence between the training sets. The goal of such non-rigid

registration is to find an optimal mapping from every voxel in the anatomy of the

reference template to its corresponding voxel in the anatomy of any other subject

in the population. Here, we use a high-dimensional registration technique proposed

by Shen et al. [188]. HAMMER (Hierarchical Attribute Matching Mechanism for

Elastic Registration) is an elastic registration technique that utilizes an attribute

vector for every voxel of the image. The attribute vector expresses the geometric

features, which are calculated from the tissue maps to reflect underlying anatomy at

different scales. HAMMER’s optimization determines the consistent transformations

2MRIcron: http://www.sph.sc.edu/comd/rorden/mricron/.
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Figure 4.2: 3D deformation field vectorization procedure.

that give identical mapping between the two images. Therefore, there exists a one-

to-one mapping between every subject and the template.

Among all the subjects within the population, one is randomly selected as the

template. HAMMER registration starts with a rigid transformation of all structural

MR volume data to the template frame. The rigid transformation guarantees the

alignment of the volume centers among all the brains and compensates for transla-

tional and rotational differences among different datasets. The resulting transforma-

tion parameters were also applied to the HG volumes of the corresponding subjects.

Rigid transformation is followed by the nonlinear warping. HAMMER provides a

3D deformation field d∗i : ST 7→ Si from the template (ST ) to subject volume (Si).

The deformation fields were masked with the template’s HG binary mask to only

include those voxels that correspond to Heschl’s gyrus anatomy in atlas generation.
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The resulting masked deformation fields were then used as the training samples for

statistical atlas generation.

Each deformation field, d∗i (x, y, z), can be expressed as a concatenation of 3D

vectors which describe the deformation in three orthogonal directions of X, Y, and Z

at each voxel (Eq. 4.1). Figure 4.2 depicts the procedure for the vectorization of the

3D deformation field.

~d∗i (x, y, z) = [~d∗i (x) ~d∗i (y) ~d∗i (z)]T (4.1)

Next, principal component analysis is applied to the vectorized deformation fields

to approximate the distribution of ~d∗i using a parameterized linear model:

~̂ ∗
d = ~̄ ∗

d +
∑

i

αi
~φi (4.2)

where ~̄ ∗
d, and αi refer to average deformation vector, and model parameter coeffi-

cients, respectively. ~φis are formed by the principal components of the covariance

matrix Σ:

Σ =
1

n− 1

n∑
i=1

(~d∗i − ~̄ ∗
d)(~d∗i − ~̄ ∗

d)T (4.3)

Assuming a multi-dimensional Gaussian distribution for every voxel, we can pa-

rameterize any deformation field in the form of the principal modes of variation gen-

erated using the training set. Principal modes were calculated for left and right

hemispheres, separately.
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4.3.5 Phase I-b: HG Reconstruction for a New Subject Data

The following procedure can be used to extract the HG structure within any new test

case:

1. The same template used in atlas generation is registered to the new subject

data using HAMMER.

2. The resulting deformation field is masked using the template’s HG binary mask,

and vectorized using the procedure described in the previous section.

3. The vectorized deformation field is then decomposed along the eigenvectors of

the constructed atlas to find the coefficients for different variation modes:

~̂ ∗
dnew = ~̄ ∗

d + Φ~αT (4.4)

where ~̂ ∗
dnew, ~̄ ∗

d, Φ, and ~α refer to the deformation field (size: 3mnp× 1), mean

deformation (size: 3mnp×1), and atlas eigenvectors (size: 3mnp×k) and eigen

coefficients (size: 1 × k), respectively. m × n × p and k represent the volume

size and the number of training samples, respectively.

4. The mean deformation, eigenvectors, and the corresponding eigen coefficients

are used to construct a new mapping that deforms the template’s HG volume

towards the anatomy of the new subject.

4.3.6 Phase II: Refining Segmentation using 3D Level Set Method

In order to compensate for the residual differences between the reconstructed and the

actual HG volume that were not captured by the atlas parameters, a 3D Laplacian
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level set method [186] was implemented using Insight ToolKit3 (Eq. 4.5) and applied

to the reconstructed HG volumes. As the name implies, Laplacian level set uses

second derivative features in the image to guide the region growing.

d

dt
Ψ = −αA(x) · ∇Ψ− βP(x) | ∇Ψ | +γZ(x)κ∇Ψ (4.5)

where A is an advection term, P is a propagation term, and Z is a spatial modifier

term for the mean curvature κ. α, β, and γ are all scalar constants. However, in

current implementation of the Laplacian level set, the advection term is not used (i.e.,

α = 0). The other parameters were optimized experimentally.

4.3.7 ROI-based Functional Analysis

In order to perform an ROI-based functional analysis in the auditory region using the

proposed automated segmentation method, the generated HG ROIs were segmented

into three tissue types; white matter (WM), gray matter (GM), and cerebrospinal

fluid (CSF) using FMRIB’s Automated Segmentation Tool (FAST) in FSL. This step

is required due to the fact that BOLD signal is generated within the GM tissue. Figure

4.3 shows an example of Heschl’s region with the resulting ROIs after applying each

processing step.

Experimental observations showed that at the time of applying the level set, the

overlap between adjacent cortical folds may misguide the propagating curves (i.e.,

unclear edge points) in a few test cases. Consequently, intensity-based segmentation

of the extracted regions results in appearance of small isolated islands due to the

fact that GM voxels corresponding to adjacent folds are separated by CSF voxels.

3Insight ToolKit: http://www.insight-journal.org/.
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Figure 4.3: Segmentation results after each processing step shown for a sample data.

Such falsely detected regions are removed using morphological enhancement filters

according to the following sequence: (1) apply 2D erosion filter with one-pixel width

in every sagittal plane through the whole brain volume to remove fragile connections

(e.g., connections with one voxel thickness between regions); (2) repeat step 1 for every

coronal plane through the whole brain volume; (3) go to step 1 until no further voxels

are removed; (4) calculate mass-weights (e.g., number of voxels) of the isolated islands

in every sagittal plane through the whole brain volume; (5) within every sagittal plane,

remove the isolated islands except for one with the largest mass-weight; (6) repeat

steps 4 and 5 for every coronal plane; (7) go to step 4 until no further islands are

removed. The above morphological processing pipeline was applied to every subject

brain volume.

4.4 Results and Discussion

From the 18 MRI datasets with labeled HG volumes, one dataset was randomly

selected as the template for the registration. Using a leave-one-out technique, the 17

remaining labeled datasets were divided into a set of 16 training samples and a testing
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set (17 different cases). Following the methodology presented in Section 4.3.4, for

each case, 16 datasets were used to generate a statistical atlas for HG. The generated

atlas parameters were then used to reconstruct the HG volume for the omitted test

case following the procedure described in 4.3.5. Next, the Laplacian level set was

initialized with the atlas-based reconstructed HG to refine the match between the

reconstructed HG and the actual HG region in the test case. Optimum values for the

level set parameters were determined experimentally as follows: propagation scaling:

β = 1, curvature scaling: γ = 5, and finally, the maximum number of iterations was

set to 600.

4.4.1 Overlap Measure

The overlap between the pre-labeled HG and the extracted HG volume using the pro-

posed technique was calculated for each hemisphere, separately, in terms of the ratio

of correctly classified voxels to the total number of voxels composing the reconstructed

HG:

TP

TP + FP
(4.6)

where, TP refers to the voxels that are correctly classified as HG voxels {TP =

N(VR∩VL)| VL: labeled volume, VR: reconstructed volume}, and FP is non-HG voxels

that are incorrectly classified as HG. Overlap measurement results demonstrated high

correspondence between the automatically extracted and the manually labeled HG

volumes as summarized in Table 4.1.
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Hemisphere Overlap Ratio (mean±std) %
Left Hemisphere 84.1± 14.3%

Right Hemisphere 83.0± 14.9%

Table 4.1: Average of overlap measure between the reconstructed and labeled HG
regions for 18 testing cases shown in the form of (mean±std) percentage.

4.4.2 ROI-based Functional Analysis

Here, we compare the results of functional group analysis on fMRI data extracted

from the manually labeled HG ROIs as a ‘gold standard’ with that extracted from

the automatically segmented ROIs.

Analysis at the fixed-effects level was conducted using a single General Linear

Model for each participant. The time series of the mean signal of all voxels con-

tained in right and left HG ROIs, as defined by both manually labeled and generated

volumes, was extracted for each subject using MarsBaR [29], and entered into the

fixed-effects level models. The least-squares parameter estimates for the condition

regressors were used to generate six contrasts for each subject. The contrast images

were entered into a second-level group analysis using SPSS4 and analyzed as a 3

(speech type) × 2 (prime type) × 2 (left vs. right HG) repeated measures ANOVA.

The significant results from analysis of the manually and automatically segmented

HG ROIs are shown in Table 4.2.

From Table 4.2 it can be inferred that the functional analysis tests for automat-

ically generated ROIs yields the same or even higher levels of activation compared

to analysis of data from manually labeled ROIs, with the exception of the NVM >

NVNM contrast. The higher t-statistics of automatically extracted HG functional

4Statistical Package for the Social Sciences: http://www.spss.com/.
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Contrast
Labeled ROIs Generated ROIs

Statistic P Statistic P
Main Effect of Speech Type F (2, 34) = 30.56 < 0.001 F (2, 34) = 47.72 < 0.001

C > NV t(17) = 3.75 = 0.002 t(17) = 4.92 < 0.001
C > N t(17) = 7.02 < 0.001 t(17) = 8.80 < 0.001

NV > N t(17) = 5.30 < 0.001 t(17) = 5.74 < 0.001
NVM > NVNM t(17) = 1.81 = 0.044 t(17) = 1.61 = 0.063

Table 4.2: Significant results from the ROI analysis of activity in HG.

analysis might be due to the fact that the HG volumes extended further into the

transverse temporal sulcus and Heschl’s sulcus than the manually segmented vol-

umes. From cytoarchitectonic studies [149], it is known that ‘core’ auditory cortical

regions can extend a long way into those sulci.

4.5 Conclusions and Future Work

This work presents an automatic method for the localization and segmentation of

the first Heschl’s gyrus in participants in an auditory fMRI study, so that these

can be used for anatomical ROI-based functional analysis. HG regions, manually

labeled in 18 brains, were compared to those extracted automatically. We observed

an overlap ratio of 84.1± 14.3% and 83.0± 14.9% in the left and right hemispheres,

respectively. The high overlap ratios confirm that the atlas generation phase was

able to capture much of the variability of Heschl’s gyrus among individuals, even

with a limited number of training samples. When we conducted ROI analysis on

functional data using manually and automatically segmented ROIs, we observed that

the automatically segmented ROIs appeared to yield similar activation compared to

the manually labeled ROIs. The proposed technique could also be adapted for the
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extraction of other anatomical regions in the brain, as long as they are sufficiently

defined in their morphology that they can be reliably segmented (labeled) by skilled

observers.

Currently, a pair-wise registration (HAMMER) is used to find the correspon-

dence among training samples, which introduces a bias toward the selected template’s

anatomy. Perhaps incorporating a template-free group-wise registration would avoid

such bias. We plan to extend this work to a larger sample set and to evaluate this

method with other functional studies.



Chapter 5

A Validation Framework for Probabilistic Maps using

Heschl’s Gyrus as a Model1

5.1 Abstract

Probabilistic maps are useful in functional neuroimaging research for anatomical la-

beling and for data analysis. The degree to which a probability map can accurately

estimate the location of a structure of interest in a new individual depends on many

factors, including variability in the morphology of the structure of interest over sub-

jects, the registration (normalization procedure and template) applied to align the

brains among individuals for constructing a probability map, and the registration

used to map a new subject’s dataset to the frame of the probabilistic map. Here,

we take Heschl’s gyrus (HG) as our structure of interest, and explore the impact

of different registration methods on the accuracy with which a probabilistic map of

HG can approximate HG in a new individual. We assess and compare the goodness

of fit of probability maps generated using five different registration techniques, as

1This chapter was published as: Amir M. Tahmasebi, Purang Abolmaesumi, Conor Wild, and
Ingrid S. Johnsrude, “A Validation Framework for Probabilistic Maps using Heschl’s Gyrus as a
Model”, NeuroImage, Vol. 50, No. 2, pp. 532–544, 2010.
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well as evaluating the goodness of fit of a previously published probabilistic map of

HG generated using affine registration [164]. The five registration techniques are:

a high-dimensional pairwise registration (HAMMER); three groupwise registration

techniques (BSpline-based, implicit reference-based or IRG, and DARTEL) as well as

a segmentation-based registration (unified segmentation of SPM5). The accuracy of

the resulting maps in labeling HG was assessed using evidence-based diagnostic mea-

sures within a leave-one-out cross-validation framework. Our results demonstrated

the superior performance of IRG and DARTEL compared to other registration tech-

niques in terms of sensitivity, specificity and positive predictive value (PPV). All

the techniques displayed relatively low sensitivity rates, despite high PPV, indicating

that the generated probability maps provide accurate but conservative estimates of

the location and extent of HG in new individuals.

5.2 Introduction

Researchers rely on brain atlases to obtain crucial information about brain anatomical

structure and function. Brain atlases are commonly used as aids in data processing,

data visualization, and data interpretation. They provide an objective method for

localizing activation foci, allowing researchers to make sense of their data and com-

pare it with results from other studies. Paper-based atlases include neuroanatomical

illustrations, photographs, and other imaging sources (see [201] for a review), but

cannot be registered with imaging data with any precision. With advances in tech-

nology, many digital brain atlas frameworks have been proposed. These include the

Visible Human Voxel-Man atlas [99], the AAL’s single subject atlas [206], the Har-

vard Brain Atlas [116] and the Cerefy Neuroradiology Atlas (CNA) [157]. These
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atlases were constructed from very few samples - often a single subject - and can-

not adequately capture the variability in morphology and extent of brain structures

that exists across even a restricted population such as that of neurologically normal

young individuals. To overcome the limitations of single-subject atlases, probabilistic

atlases, developed by aggregating data over several individuals, have been proposed

such as the ICBM452 [103] and MNI SPAM [60] (see [62, 199, 200] for more details

on probabilistic atlases and more examples). Probability maps allow one to estimate

the certainty of a region being a particular brain structure in any image (structural

or functional) that has been transformed to the spatial frame of the map. They can

also be used to analyze data in an anatomically informed way (i.e., region-of-interest

(ROI)-based analysis).

The validity of any probability map is determined by its diagnostic utility - how

well it can be used to estimate the location of a structure of interest in new individ-

uals. The diagnostic power of a probability map depends on many factors including

the anatomical variability of the structure; the registration applied to align the brains

among individuals, including both the normalization procedure as well as the registra-

tion template (if any) applied to construct the atlas; and the registration used to map

a new subject’s dataset to the space of the probabilistic map. Different registration

techniques, which in practice can range from simple rigid-body transformation with

a few parameters [44, 72, 218] to high-dimensional (high-d) deformable registrations

with millions of parameters [37, 46, 67], will yield maps of different diagnostic utility

even when the registration method used to construct the probability map is identical

to the registration used to transform a new subject data to the coordinate frame of

the probability map.
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(a)

(b)

Figure 5.1: (a) Three-dimensional visualization as well as three cross-sectional views
of the transverse temporal gyrus of Heschl (HG); (b) transverse sections
showing HG outlined in red in three individuals. These show the mor-
phological (geometric and topological) variation of Heschl’s gyrus among
individuals and between the two hemispheres of the same individual.
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Here, we compare five very different registration methods: an implicit reference-

based group (IRG) registration [86]; an inverse-consistent diffeomorphic groupwise

registration (DARTEL) [10]; a template-free BSpline-based groupwise registration

[21]; a high-dimensional deformable pairwise registration (HAMMER) [188]; and fi-

nally, the unified segmentation normalization [13] of the SPM5 software package (Sta-

tistical Parametric Mapping: Wellcome Department of Cognitive Neurology, London,

UK). The five selected registration techniques in this paper are considered as represen-

tatives of the two classes of registration algorithms: groupwise and pairwise methods.

High-dimensional pairwise registration techniques such as HAMMER and the unified

segmentation of SPM5 provide template-based alignment of the structure of interest

among individuals. The groupwise registration techniques (e.g., BSpline, IRG, and

DARTEL) avoid the anatomical bias introduced by choosing a specific template in

typical pairwise registration. The effect of template bias in probability maps becomes

even more dramatic when only a small group of subjects are used to make the map

since the resulting maps give high probabilities where the anatomy is similar to the

template and low probabilities elsewhere. In a groupwise registration, every brain in

the study is given equal weight in determining the anatomy of the final map. In this

paper, we begin to compare these two classes of registration methods.

We take human auditory cortex as our model structure. The transverse temporal

gyrus of Heschl (HG) is found on the superior temporal plane in humans as shown

in Figure 5.1(a) and is the approximate location of histologically and functionally

defined primary auditory cortex in humans [167]. The morphology of HG is highly

variable among individuals in terms of both geometry and topology (Figure 5.1(b)).

The size and shape of HG can vary: it sometimes appears as a single gyrus, or as two
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or multiple folds [127]. When more than one transverse temporal gyrus is present, the

primary auditory cortex is likely to be found on the anteriormost gyrus [168]. In 1996,

Penhune et al. [164] introduced the first probabilistic atlas of HG. This probabilistic

map was generated using labeled MRI data of 20 subjects, which were transformed

to a stereotaxic space using 12-parameter affine registration. We use this published

map as a benchmark against which to evaluate the other registration methods.

As in the study by Penhune and colleagues [164], we used labeled MR images

from 20 subjects to construct a probability map for Heschl’s gyrus. We evaluate and

compare the quality of the constructed probability maps using a leave-one-out (LOO)

cross validation: maps were created using labeled data from 19 datasets, and used

to label Heschl’s gyrus structure in the excluded dataset. The overlap between a

probability map and the manually labeled Heschl’s gyrus volume can be measured in

terms of hits (H)), misses (M), false positives (FP) and true negatives (TN). “Hit”

refers to those voxels in the manually labeled volume (e.g., HG) that are correctly

identified as HG by the probability map; “Miss” refers to voxels in the manually

labeled volume that are not identified by the probability map; FP refers to voxels

that are incorrectly identified as HG, and TN refers to voxels that are correctly

identified as not being HG. These values can be combined to compute three measures

of diagnostic utility taken from evidence-based medicine; namely sensitivity (Sn),

specificity (Sp), and positive predictive value (PPV). Sensitivity is defined as the

proportion of HG voxels (in a test subject) that are correctly identified by the map.

Specificity measures the proportion of non-HG voxels that are correctly identified

by the map. Finally, positive predictive value indexes the probability that a voxel,

flagged as expressing HG according to the probability map, actually expresses HG.
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For each map, we use the same registration method to warp test subjects as was used

to warp the brains constituting the map. However, these diagnostic utility measures

could also be used to assess the goodness of fit of maps when a different registration

method is employed to bring data into the (approximate) space of the probability

maps.

Jaccard [106] and Dice [52] similarity coefficients, associated with sensitivity and

specificity, have previously been used to evaluate the performance of segmentation

methods [165, 212, 235]. The Dice coefficient (DC, defined in Eq. (5.1)) is the

most common way to measure spatial overlap, and is a special case of the kappa

statistic commonly used in reliability analysis, when there is a much larger number of

background (negative) voxels than of target (positive) voxels [232]. Recently, Klein et

al. [122] used the Dice coefficient as a measure of mean overlap for comparing several

nonlinear deformation algorithms for brain image registration including SPM5 unified

segmentation and DARTEL. The DC can be calculated as:

DC =
2×H

2×H + M + FP
(5.1)

As can be seen from Eq. (5.1), the Dice coefficient does not distinguish between

M and FP errors: the cost of making these two types of error is assumed to be equal.

However, depending on the application, one type of error may be less desirable than

the other. For example, when using a probability map as a region of interest for fMRI

data analysis, a high FP rate would result in the averaging of signal from functionally

different voxels, whereas misses would only increase the standard error of the esti-

mated effect. Chang et al. [35] find the DC measure insufficient for analytical and

systematic evaluation of probability maps, and show that Jaccard and Dice measures
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do not have sufficient power to discriminate small variations in segmented images.

Although the DC does not tell the whole story, we consider it potentially useful and

so include it here for comparison.

5.3 Materials and Methods

In this section, we will first describe the 20-volume dataset that we used and how we

labeled Heschl’s region in each volume. We will then describe how all the data were

preprocessed, before detailing how the five different registration methods were applied,

how probability maps were constructed, and finally how the maps were evaluated for

goodness of fit.

5.3.1 Image Acquisition

T1-weighted anatomical images were acquired from 21 volunteer subjects (ages 18-

26, 12 female, all right-handed) with a 3D MP-RAGE sequence (TR = 1769 ms,

TE = 2.6 ms, flip angle α = 9◦, voxel resolution of 1.0 mm3). One brain dataset

(female subject) was excluded from the analysis due to history of seizure. Therefore,

20 subjects’ data were included for this study. MR imaging was performed on the 3.0

Tesla Siemens Trio MRI scanner in the Centre for Neuroscience Studies MRI Facility

at Queen’s University. All subjects gave informed consent and the procedure was

approved by the Queen’s University Health Sciences Research Ethics Board. MR

data were stripped to remove skull and scalp using the Brain Extraction Tool (BET)

of the FSL software (Oxford Centre for Functional MRI, Oxford University, UK)

followed by manual editing, when required, to correct for inaccurate segmentation of

brain from skull and scalp.
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frequency of HG (L,R) in % (1,1) (1,2) (2,1) (2,2)
current study 30 50 5 15
Penhune et al. [164] 70 20 5 5

Table 5.1: Frequency of different right-left Heschl combinations. This table is adapted
from Penhune et al. [164]. For comparison, numbers from Penhune’s study
are also included in the table.

5.3.2 Heschl’s Gyrus Boundaries

Four students (undergraduate and graduate) at Queen’s University were given train-

ing by an expert in labeling HG. Four labelers independently painted left and right

Heschl’s gyrus volumes according to the criteria proposed by Penhune et al. [164] and

further described by Abdul-Kareem et al. [1]: HG is bounded anteriorly by the first

transverse sulcus (TS) and posteriorly by Heschl’s sulcus (HS) or sulcus intermedius

(SI) when it extends at least half the length of the HG. The posteromedial boundary

of Heschl is a line drawn from the medial end of the TS to the medial end of the HS.

The anterolateral boundary is defined by the ending of the gyrus or in case of dupli-

cation by extending the lines defined by the TS and HS to the lateral border of the

temporal plane. Table 5.1 shows the frequency of different left-right HG combinations

based on Heschl duplication. The overall duplication frequency was 20% (4 out of 20)

and 65% (13 out of 20) in left and right hemispheres, respectively. MRIcron software

[150] was used to display the images as well as to label and save the regions of interest.

The HG region was labeled by marking all voxels within the boundaries described

above in every slice. HG was labeled separately in each hemisphere. Labelers viewed

and painted the desired region in three orthogonal planes simultaneously to be able

to make a more accurate definition of the borders.
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Hemisphere
No. of Labelers

1/4 2/4 3/4 4/4
Left 29.7± 2.6 16.5± 1.0 15.3± 0.5 38.8± 2.6
Right 26.8± 1.8 15.6± 0.7 18.4± 1.4 39.2± 2.8

Table 5.2: The average percentage of voxels (i.e., number of voxels labeled by ‘n’
number of labelers divided by the total number of voxels in the volume of
union) for different numbers of labelers in the form of (mean±std). These
values are averaged over the 20 subjects of the sample.

Figure 5.2 shows the union of HG regions, as independently painted by all four

labelers, for brain volumes from four subjects. Labeled HG voxels are shown with four

colors in the map: red, yellow, green, and blue represent voxels that are labeled as HG

by four, three, two and one out of four labelers, respectively. The percentage of voxels

correctly identified by 2, 3, or 4 labelers out of the total volume of labeled voxels (i.e.,

the number of voxels labeled by 2, 3 and 4 labelers divided by the total number of

voxels in the volume of union), averaged over the 20 subject volumes is given in Table

5.2. As can be observed from Figure 5.2, the significant difference between voxels

labeled by only one person (in blue) and the other cases (i.e., two, three or four

labelers) is at the anterolateral end of Heschl’s gyrus. Volumes of left and right HG

in each individual were created by identifying voxels labeled as HG by at least three

out of four people; this included approximately 56% of the volume of union as can

be seen in Table 5.2. We were concerned that selecting for our ‘ground truth’ volume

only those voxels labeled by all four observers would have been too conservative,

since this would have failed to include a majority of voxels in the volume of union.

To ensure that the ‘ground truth’ volume reflected all labelers equally, we computed

the overlap between each labeler’s painted HG and the ground truth map for each
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Figure 5.2: Axial cross-sections from the union of HG regions painted by all four la-
belers shown for four example subjects. Coordinates were kept in original
subject space to avoid the interpolation and resampling artifacts due to
spatial transformation. Four colors are used to distinguish among HG
voxels that are painted by different numbers of labelers: red, yellow,
green, and blue represent voxels that are labeled by four, three, two and
one out of four labelers, respectively. The left hemisphere, represented by
(L), is on the left.

subject, for each hemisphere (Table 5.3). Repeated-measures ANOVA of overlap

measures (labeler index: four levels; hemisphere: 2 levels) for 20 subject datasets no

significant difference was observed, either among labelers or between hemispheres.

As can be seen in Figure 5.2, the middle part of Heschl’s gyrus was labeled with

great consistency. However, the anterolateral and medial boundaries were harder to

discern. For example, the anterolateral boundary, defined as the visible ending of HG,

was often not a clear edge, but could appear as a gradual smoothing of the gyrus into

the superior temporal plane. In these cases, there was little consistency among raters

in the placement of the anterior boundary. Furthermore, a handful of subjects did
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Hemisphere
Labeler Index

ONE TWO THREE FOUR
Left 77.3± 2.6 69.3± 2.5 77.9± 1.9 74.2± 2.3
Right 80.3± 1.5 71.5± 2.1 76.0± 4.5 76.5± 2.1

Table 5.3: The average (i.e., N = 20) overlap ratios between every labeler’s painted
HG and the ground truth map (i.e., 3

4
) for left and right hemispheres, in

the form of (mean± std).

not have a clearly defined single vs. double HG, but instead an ambiguous one-and-

half HG (e.g., a heart shape); these cases presented a challenge for raters to reliably

identify the medial end of Heschl’s sulcus.

5.3.3 Data Pre-processing

The structural MR images were first affinely registered (12-parameter) to a common

reference frame (i.e., Colin27 or CJH27 [100] in MNI space) using SPM5 to align

the volume centers and sizes of all the brains. The resulting transformations were

applied to the HG volumes of the corresponding subject. Due to interpolation and

resampling artifacts, the affinely registered HG volumes did not remain as binary

images. To make them binary again, the volumes were thresholded at the value

10/255 (i.e., in these 8 bit images, voxels with values within the range [10, 255] were

considered as HG and given the value 255, whereas the rest of the voxels, in the range

[0, 9] were considered background and given the value 0).

5.3.4 Inter-subject Registration

Affine-registered structural MR volumes were warped using five different registration

techniques. The five registration methods were chosen from a wide range of available
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techniques including groupwise (A, B, C), and pairwise (D, E) methods:

A) The implicit reference-based group registration (IRG) [86] is a recently developed

groupwise registration technique that jointly estimates the transformation from each

image in the group to a “hidden” reference by optimizing the intensity difference of

each pair of deformed images. The algorithm assumes a small deformation linear

elastic model and uses the Fourier series to parameterize the deformation field.

B) DARTEL (Diffeomorphic Anatomical Registration Through Exponential Lie Alge-

bra) has been proposed by Ashburner [10] as an alternative method of normalization

in the SPM package. DARTEL is an algorithm for diffeomorphic image registration,

which utilizes large deformations in an inverse consistent framework. DARTEL’s de-

formations are parameterized by a time-invariant velocity field. Similar to the unified

segmentation method, DARTEL requires tissue classification of the brain images.

Intensity averages of the gray and white matter images were generated to serve as

an initial template for DARTEL registration. The template is iteratively updated

after each step of the registration. DARTEL encodes the spatial transforms using

approximately 6 × 106 parameters per subject (John Ashburner, communication on

SPM Forum, March 24, 2009). DARTEL was primarily designed for voxel-based mor-

phometry (VBM) studies, which is well-suited to its diffeomorphic nature.

C) The BSpline-based groupwise [21] registration uses the sum of voxel-wise entropies

as a joint alignment criterion. For deformation, BSpline control points are overlaid

uniformly over the image sets. The directions of movement of the BSpline control
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points are calculated based on the gradient of the objective function with respect to

the control point displacements. The control points are updated using gradient de-

scents until the objective function converges to a local minimum. While minimizing

the objective function, the sum of all the deformations is constrained to be zero in or-

der to force the mean scale of the warped images to be the same as the original images.

D) HAMMER (Hierarchical Attribute Matching Mechanism for Elastic Registration)

[188] is an elastic registration technique, which utilizes an attribute vector for every

voxel of the image. The attribute vector expresses the geometric features, which are

calculated from the tissue maps to reflect underlying anatomy at different scales. Our

application of the HAMMER algorithm proceeded in two steps: first, in order to gen-

erate the tissue map, the brain data is segmented into gray matter, white matter and

cerebrospinal fluid using FMRIB’s Automated Segmentation Tool (FAST) of the FSL

software package. Second, HAMMER registration is applied to warp the brain images

to the Colin27 template. HAMMER uses every voxel’s information in its hierarchical

multi-resolution approach, and so the number of parameters for the deformation field

is equal to the number of voxels within the volume.

E) SPM5’s normalization [13], referred to as “unified segmentation”, includes a prob-

abilistic framework, which integrates image registration, tissue classification, and in-

tensity bias correction within the same generative model. The number of deformation

parameters is on the order of 103: the exact number depends on the image field of

view (FOV) (John Ashburner, communication on SPM forum, March 24, 2009). The

unified segmentation technique requires tissue probability maps as the priors: here,



CHAPTER 5. ANATOMICAL PROBABILISTIC MAPS 94

the ICBM452 tissue probability maps were used.

The HG binary masks were warped using the deformation parameters generated

by each registration technique. Again, due to interpolation and resampling artifacts,

the warped HG volumes were thresholded to maintain them as binary masks. These

masks were averaged across subjects to produce a 3D probability map in the standard

coordinate frame (i.e., MNI space).

5.3.5 Map Construction and Comparison Framework

We employed a leave-one-out-based (LOO) cross-validation scheme to assess goodness

of fit of the maps. Nineteen out of twenty HG images were averaged across subjects to

produce a 3D probability map and this was used to estimate the location and extent

of right and left HG in the excluded (i.e., test) subject. This process was repeated

20 times, excluding each subject in turn. The published map [164] was also used to

evaluate the test cases. One should note that Penhune et al. used a different MRI

scanner (1.5T Philips Gyroscan system vs. 3T Siemens Trio MRI scanner used in

this study) and different realization of affine transformation (landmark-based affine

transformation [63] vs. 12-parameter affine registration of SPM5) for probability

map construction. Nevertheless, given that we registered our data to a space very

similar to the one used by Penhune et al. (MNI452 vs. MNI305), we anticipate little

difference in the end result of the two transformation methods.

We evaluate the quality of the probability maps in terms of their sensitivity (Sn),

specificity (Sp) and positive predictive value (PPV) at four different thresholds, ap-

proximately 60%, 70%, 80% and 90% (these exact values were not achievable owing
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Figure 5.3: Schematic depiction of hits, misses, false positive and true negative regions
identified by comparing a probability map at a given threshold with the
HG-labeled volume of a single subject in the right hemisphere. Note:
these are not actual data.

to the relatively small number of samples, N = 20). Those HG-labeled voxels from

the excluded subject that were correctly identified by the probability map are hits,

and those that were not identified in the excluded subject are misses; non-HG voxels

in the excluded subject that were incorrectly classified as HG voxels by the generated

probability map are FP voxels; and non-HG voxels that are correctly identified as

such are TN. Figure 5.3 schematically depicts the H, M, FP, and TN regions.

Sensitivity, selectivity and positive predictive value are defined as following:

(1) Sensitivity:

Sn =
H

H + M
(5.2)

(2) Specificity:
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Sp =
TN

TN + FP
(5.3)

(3) Positive predictive value:

PPV =
H

H + FP
(5.4)

The Dice coefficient can be formulated as a function of Sn and PPV:

DC =
2× PPV × Sn

PPV + Sn
(5.5)

In the comparison framework, left and right HG volumes were considered sep-

arately since previous work indicates increased inter-subject variability in the right

hemisphere [127, 164]. Three-factor repeated-measures ANOVA (hemisphere: two

levels; registration technique: six levels consisting of five registration techniques de-

scribed in Section 5.3.4 as well as the probability map of Penhune et al. [164]; thresh-

old: four levels) were conducted separately on Dice coefficients as well as on each of

the three diagnostic measures. Post-hoc comparisons (Sidak-corrected for multiple

comparisons to achieve α = 0.05) were used to identify significant differences when

required.

When discriminability is not perfect, there is a tradeoff between hit and false

positive rates (between Sn and 1-Sp). The poorer the discriminability, the higher

the false positive rate must be to identify a majority of true positive voxels. One

may be willing to risk false positive voxels in order to get as many hits as possible.

Conversely, one may prefer to miss some voxels to in order to avoid mislabeling

others. The tradeoff between true positive and false positive rates can be represented

graphically. Such a plot, adapted from Signal Detection Theory (SDT), is referred to
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as a Receiver Operating Characteristic (ROC) curve [236]. In an ROC curve, the true

positive rate (Sn) is plotted as a function of the false positive rate (1-Sp) for a binary

classifier system as its discrimination threshold is varied. Each point on the ROC

plot represents a sensitivity/specificity pair corresponding to a particular probability

threshold. A perfect classification (complete overlap between manual segmentation

and the probability map) would be represented by an ROC curve passing through the

upper left corner (100% sensitivity, 100% specificity). Therefore, the closer the ROC

plot is to the upper left corner, the better the probability map was at discriminating

HG voxels from non-HG voxels. Despite similarity in concept, one should note that Sn

vs. (1-Sp) plots shown in this work cannot be referred to as ROC curves. This is due

to the fact that some of the assumptions regarding the distribution of the noise and

signal are not satisfied for the specific application considered in this study (i.e., HG

voxels are considered as signal and non-HG voxels constituting the hemisphere volume

are noise); In signal detection theory, all noise trials are drawn from one distribution

with regard to the chance of making a false positive error. Therefore, having more or

fewer noise trials does not change the false positive rate. In other words, the “true”

probability of getting a false positive is independent of the number of the noise trials,

because all noise trials have an equal a-priori chance to lead to a false positive error.

However, in this study, at least two distributions could be considered for the noise or

non-HG voxels: (1) one distribution consisting of the voxels that are never identified

as HG such as voxels in frontal cortex. Such voxels never contribute to false positive

error; and (2) a second distribution consisting of the voxels that are located closer

to HG, for instance in the temporal lobe, and may mistakenly be labeled as HG

voxels (leading to false positive error). Therefore, we avoid such confusion between
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ROC curves from SDT and the Sn vs. (1-Sp) plots given in this study by referring

to the Sn vs. (1-Sp) plots as ROC-like curves. ROC-like curves were plotted for

different probability threshold values for the left and right hemispheres, for all of the

registration methods tried.

5.4 Results

Figure 5.4 shows the average of 20 structural images warped using the five differ-

ent registration techniques as well as the corresponding intensity histogram of the

mean image. IRG appears to stand out from the other groupwise registration tech-

niques, and HAMMER from the pairwise techniques, as they seem to provide rela-

tively sharper images.

The five constructed probability maps and the published probability map proposed

by Penhune et al. [164] are shown in Figure 5.5, overlaid on the Colin27 brain (in

the MNI coordinate frame). The colour map depicts the probability value of a voxel

belonging to HG, and a brighter colour corresponds to a probability value closer to 1.0.

As can be observed from Figure 5.5, IRG, DARTEL, and HAMMER yield probability

maps that are more concentrated over HG compared to the other techniques.

Figures 5.6(a) and 5.6(b) show the Dice coefficient at different probability thresh-

old values for the six probability maps. The left and right hemispheres are shown

separately. As can be observed from the figures, the overlap ratio (i.e., DC) in-

creases with probability threshold value, but begins to decrease again at a threshold

of approximately 40%, due to a decreased number of hits and increased misses. The

decrement rate appears less for IRG- and DARTEL-based maps compared to the

rest; these methods likely provide a better alignment of the individual labeled HG
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Figure 5.4: Three cross-sections of the mean warped brain volumes generated using
five different registration techniques shown at (x = 0, y = 0, z = 0) in the
MNI coordinate frame. The first three rows correspond to mean volumes
generated using IRG, DARTEL, and BSpline-based groupwise registration
methods for warping. The fourth row displays the Colin27 brain, which
was used as the template for pairwise registration using HAMMER (row
five). The last row corresponds to the average of brain volumes warped
using unified segmentation technique of SPM5 and the ICBM452 tissue
probability maps as the template. The intensity histogram of the mean
volumes are also shown for each method of registration. Intensity values
were normalized between 0 and 255.
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Figure 5.5: Cross-sectional images of HG probability maps corresponding to five reg-
istration techniques (IRG, DARTEL, BSpline groupwise, HAMMER, and
unified segmentation of SPM) as well as the published map [164] overlaid
on Colin27 brain at (x = −41, y = −20, z = +7) in the MNI coordinate
frame. ”actc” colormap was used to show each probability map as it provides
a wider range of colors for better distinction. Each row displays a probability
map constructed using a different registration technique. The sixth row depicts
the previously published map proposed by Penhune et al. [164]. The colormap
depicts the probability value of a voxel belonging to HG region (expressed as
a proportion of individuals exhibiting HG at that voxel, out of the sample of
20).
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(a) (b)

Figure 5.6: Dice coefficient measure for six probability maps, IRG, DARTEL, HAM-
MER, unified segmentation of SPM, BSpline-based groupwise, and the
published map [164] in a) Left hemisphere and b) Right hemisphere. Hori-
zontal axes correspond to different probability maps (left) and probability
threshold values (right). The vertical axis is the Dice coefficient value for
every threshold value between 0.1 and 0.9, for different probability maps.

volumes across subjects, which results in higher hit rates and lower miss rates at

higher thresholds. One should note that the point corresponding to the maximum

DC value corresponds to the threshold at which the overall error (i.e., M + FP) is

minimized while the hit rate is maximum. This threshold is given in the fourth col-

umn of Table 5.4 for different maps. For most of the maps a threshold around 40%

yields minimum error and maximum hit rate.

Mean of DC measures for all probability maps (collapsed across threshold and

hemisphere) are plotted in Figure 5.7(a). Results of a three-factor ANOVA on the Dice

coefficient demonstrate a significant main effect of the registration method (statistics

for significant effects are given in Table 5.4). Pairwise comparisons revealed the

following order of performance: IRG & DARTEL > HAMMER > SPM5 > BSpline

GW > published map.

The effect of hemisphere was also significant, such that the overlap ratio was
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greater in the left hemisphere. There was also a significant interaction between the

hemisphere and the registration method: pairwise comparisons revealed that the effect

of hemisphere was only significant for the published and BSpline-based groupwise

maps (i.e., the poorest performing maps). As expected, there was a significant main

effect of threshold cutoff: we observed a consistent decrease in DC with increasing

threshold value above approximately 40% for all maps. The registration and threshold

factors also interacted significantly, such that the decrement rate above the 40%

threshold was higher for the poorer performing maps. This result confirms our earlier

observation (from Figures 5.6(a) and 5.6(b)) that most maps appeared to fall off in

performance above a certain threshold, whereas IRG and DARTEL did not. There

was also a significant three-way interaction among the three factors: the decline in

DC measure was steeper for poorly performing maps with increasing the threshold.

Results of three-factor ANOVA on Sn, Sp, and PPV measures resembled those

of the DC analysis (statistics for significant effects are given in Table 5.4). Figures

5.7(b), 5.7(c), and 5.7(d) show the mean of Sn, Sp, and PPV measures for all six

probability maps, as well as the results of pairwise comparisons. We observed a sig-

nificant main effect of registration method for all three measures: For Sn, IRG >

DARTEL > HAMMER > SPM5 > published; For Sp, the main effect of registration

method was only significant between IRG and DARTEL; For PPV measures, the only

difference was that the SPM5 maps had greater PPV than the published maps. The

main effect of hemisphere was only significant for PPV (Left > Right). There was

a significant interaction between hemisphere and registration method for all three

measures. Post-hoc tests revealed a significant difference between hemispheres (Left

> Right) for the published map in all cases and also for the BSpline-based groupwise
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(a) (b)

(c) (d)

Figure 5.7: Mean and standard deviations for (a) Dice, (b) sensitivity, (c) specificity,
and (d) positive predictive value measures of six different probability maps
resulting from three-way ANOVA analysis, collapsed across threshold and
hemisphere factors. (∗) indicates a significant difference between the two
corresponding methods.
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only for Sn and Sp measures (Left > Right). There was a main effect of threshold for

all three measures, with consistently decreasing sensitivity and increasing PPV and

specificity with increasing threshold value for all maps, as expected. There was also a

significant interaction between the threshold and the registration method: similar to

the DC results, the Sn, Sp and PPV changed more quickly as a function of increas-

ing threshold (from the 40% threshold up) for the less accurate maps than for the

more accurate ones. There was a significant three-way interaction among registra-

tion method, threshold, and hemisphere: the decrease in performance with increasing

threshold for poorly performing maps was worse in the right hemisphere, consistent

with the DC results.

ROC-like curves corresponding to the left and the right hemispheres are shown

in Figures 5.8(a) and 5.8(b), respectively. These plots suggest that DARTEL and

IRG consistently outperformed the other methods, with the BSpline groupwise and

published (affine) maps exhibiting the poorest accuracy.

Users need to threshold a probability map at a particular value in order to use

it. This threshold can be very low (e.g., 1-5%, at which even voxels labeled as the

structure of interest on only one constituent brain are considered) but are usually

somewhat higher - typically 20% or more. Our analyses may help to inform about

what threshold value may be appropriate for a particular application, depending on

whether misses or false positives are equally undesirable, or whether one type is more

undesirable than the other. For example, at low threshold values, the number of

misses is lower than the number of false positives, whereas at high threshold val-

ues the number of misses will be higher than the number of false positives. We can

identify the threshold at which the number of these two error types is the same.
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(a)

(b)

Figure 5.8: ROC-like curves (1 - specificity vs. sensitivity) across the probability
threshold values (in 0.05 increments) for (a) left, and (b) right hemi-
spheres. As can be observed from the figures, DARTEL and IRG consis-
tently outperformed the other methods in both hemispheres.
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This ‘neutral point’ represents a threshold that is neither conservative nor liberal. In

order to find the neutral point for all the maps, plots depicting Sn and PPV as a

function of threshold were examined: see Figures 5.9(a) and 5.9(b). The threshold

value corresponding to such a neutral point is given in Table 5.4 for all the maps. As

can be observed from Figures 5.9(a) and 5.9(b) and Table 5.4, the optimal threshold

value that would balance the false positive and miss errors varies among maps and

hemispheres, ranging from 20% (i.e., published map) to 45% (i.e., IRG and DAR-

TEL). Exact threshold values are not achievable due to the relatively small number

of samples (i.e., N = 20).

It might also be useful to consider the thresholds at which sensitivity (i.e., hit rate)

and PPV are 50%. At high thresholds where sensitivity drops below 50%, the map is

generating more misses than hits. At low thresholds where PPV drops below 50%, the

map is generating more false positives than hits. Both of these are undesirable. For

each map, we can define a range of thresholds over which both values are higher than

50%. Figures 5.9(a) and 5.9(b) plot sensitivity and PPV as a function of threshold

for the left and right hemispheres, respectively. The threshold values at which the

sensitivity and PPV are at 50% for each type of map are also given in Table 5.5,

and these values define what could be considered “an acceptable quality range” of

thresholds for that map. As can be observed from Table 5.5, this range is from 5%

to 85% for the IRG groupwise maps, 10-85% for the DARTEL maps, 10-75% for the

HAMMER maps, 15-70% for the SPM5 maps, and almost nonexistent for the BSpline

groupwise and published maps.
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(a)

(b)

Figure 5.9: Plots of Sensitivity (red) and PPV (black) as a function of threshold for
all map types for (a) left and (b) right hemispheres, separately. The
intersection of Sn and PPV plots gives the threshold value in each map
corresponding to the neutral point where the miss and false positive rates
balance.
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Registration
FP = M PPV = 50% Sn = 50% max(DC)
L R L R L R L R

IRG GW 45 45 5 5 85 85 40 40
DARTEL 40 45 10 10 85 85 40 40
BSpline GW 40 40 40 35 45 45 30 30
HMR 40 45 10 10 75 80 40 40
SPM5 40 40 15 15 70 70 40 40
Published 35 20 65 20 N/A 20 20 10

Table 5.5: The first column gives the threshold values in each map corresponding to
the neutral point where the miss and false positive rates balance. Second
and third columns are the threshold values where the PPV and sensitivity
rates reach 50%, respectively. The fourth column gives the threshold value
where the Dice coefficient is maximum. (L) and (R) stand for left and right
hemisphere.

5.5 Discussion

Results from the DC, Sn, Sp, and PPV measures, and the ROC-like curves all con-

firm that a more accurate registration technique yields a probability map with higher

diagnostic power. In other words, the accuracy of the registration used in construc-

tion of a probability map directly influences the accuracy of the map in estimating

the location and extent of the structure of interest. Any conclusion regarding the

relative merits of groupwise and pairwise registration techniques cannot be gener-

ally made until more registration techniques are examined; however, according to

our preliminary results, some groupwise techniques such as IRG and DARTEL out-

perform some high-dimensional pairwise registration techniques such as HAMMER

and unified segmentation. These groupwise techniques exhibited greater sensitivity

than the pairwise methods, which implies that they generate fewer misses. All the

techniques displayed relatively low sensitivity (hit rates), despite high PPV, implying
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that the generated probability maps are generally accurate but conservative in label-

ing HG voxels. A conservative estimate is particularly appropriate for applications

like region-of-interest analyses in which signal is extracted from all voxels comprising

a region and these are averaged to estimate areal signal. If false positive errors are

very low, then signal from HG and non-HG voxels would not be averaged together

inappropriately.

According to the Dice measures reported in Figures 5.6(a) and 5.6(b), the IRG-

based map yields a better localization of HG compared to the HAMMER-based map;

however, from the Dice measure alone it is not clear whether the IRG map yields more

hits, fewer false positives, fewer misses or a combination of these. On the other hand,

by looking at the miss rate (1-Sn), one can easily conclude that the HAMMER-based

map results in more misses than the IRG-based map.

By separating misses and false positives, we were also able to calculate the thresh-

old at which equal numbers of these two types of error are committed (i.e., the ‘neutral

point’). If false positives are worse, then the threshold should be somewhat higher, if

misses are worse, then the threshold should be lower. But the threshold should prob-

ably also never range outside of the acceptable quality range, defined as the range

over which the number of hits is greater than the number of misses, and greater than

the number of false positives. Outside of this range, erroneously identified voxels ex-

ceed accurately identified voxels. Based on the data presented in Table 5.5, we would

suggest that a threshold set between 35% and 45% balances the two types of error,

and (with a few exceptions) one can comfortably vary the threshold from 20% below

this neutral point to 30% above. Another way of defining the optimal threshold, if the

type of error does not matter, would be to maximize hit rate and minimize the error
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(M + FP). This measure is very similar to the Dice coefficient, which we observed

to be optimized around 40% - a threshold approximately around this value (between

30-50%) would minimize error rate and also maximize hit rate for most of the maps.

On average, 3560 voxels out of a total volume of 1,040,000 voxels were labeled as

HG (in each hemisphere) in the 180 datasets (20 brains × 6 registration algorithms)

considered here. Although the precise voxels that were labeled in each dataset depend

on that individual’s morphology and on the registration method used, there are many

thousands of voxels that were never labeled as HG. In consequence, the numbers of

true negatives were artificially high and consequently, specificity values were very high.

We could modify the specificity values somewhat by considering a different population

of voxels: instead of considering the whole brain, we could have considered only

voxels that were labeled as HG in at least one dataset, using at least one registration

algorithm. Such a volume would have dramatically reduced the overall number of non-

HG voxels, decreasing the number of true negatives and thus reducing the sensitivity

values.

Examination of the average structural images (Figure 5.4) reveals two Heschl’s

gyri (i.e., a double fold) in the right hemisphere of the IRG- and DARTEL-based

average brain images, but only a single gyrus in the HAMMER-based average image.

This could be due to the fact that thirteen (out of twenty) subjects had a double HG

in the right hemisphere versus only four subjects with a double on the left. Since

the Colin27 brain (which was used as the template image for HAMMER registration)

has only a single HG in the right hemisphere, the pairwise registration enforced the

specific topology of the template brain (i.e., a single gyrus) on every subject. On

the other hand, the groupwise registration techniques use ‘hidden’ templates that
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are constructed using the group data and are updated iteratively with every stage

of the registration, and are an optimal match to the group’s anatomy. Generally

speaking, morphological similarities among individuals comprising a group will be

better preserved with groupwise registration.

Examination of ROC-like curves (Figures 5.8(a) and 5.8(b)) highlights an interest-

ing hemispheric asymmetry in the brain; specifically, the curves for groupwise based

maps in the right hemisphere, particularly for the BSpline-based groupwise map, are

closer to the 45◦ line, indicating poorer discriminability of HG from non-HG voxels.

As mentioned previously, groupwise techniques better reflect the group’s dominant

morphology as there is no fixed template to enforce a specific anatomical bias during

the registration. Therefore, this result from observing ROC-like plots may reflect

greater anatomical variability in the right hemisphere for Heschl’s gyrus (as previ-

ously reported [164]), which would result in less overlap among registered HGs from

different subjects. Furthermore, ANOVA results for the Dice and PPV measures

revealed a significant main effect of hemisphere, with greater values in the left hemi-

sphere. This is also consistent with greater anatomical variability of HG in the right

hemisphere [164].

In this paper, we compared diagnostic measures that result when sample brains

are warped using the same registration method as was used to create the probability

map. In the future, it may be interesting to compare measures that result when sam-

ple brains are warped using a registration technique different to that used to generate

the probability map. In conventional practice, sample brain deformations and the

probabilistic maps to which they are compared are often calculated using different

registration algorithms. For instance, as can be observed from Figures 5.9(a) and
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5.9(b), the published map yields low Sn and PPV values when compared against the

affinely registered data. However, Penhune’s map has been successfully utilized in dif-

ferent studies to extract the HG region. This could be due to the fact that nonrigid

registration techniques (such as SPM5’s normalization) have been used to transform

subject datasets to the space of the probability map and therefore, a better alignment

was achieved compared to the affine registration in our study. However, the accu-

racy of this method rests on the (possibly incorrect) assumption that the template

spaces are comparable. Shattuck et al. [187] recently suggested that registration

method does matter, and to avoid this problem have proposed three separate proba-

bilistic atlases; one for each of the three most common registration procedures. As we

demonstrate here, the question of “how good is the fit?” can be answered quantita-

tively. The overlap measures and validation framework proposed in this work could be

the key to exploring the assumption inherent in Shattuck et al.’s approach, and yield

evidence that researchers need not process their data using exactly the registration

technique used to create the probabilistic maps.

5.6 Conclusions

We assess how well six different probability maps of an anatomically defined region of

interest, generated using different registration techniques, could estimate the location

of this region in a new individual. For this purpose, we selected a variety of regis-

tration algorithms from different classes (i.e., pairwise and groupwise) to construct

probability maps for Heschl’s gyrus, the anatomical landmark for primary auditory

cortex in the human brain. Furthermore, we demonstrated how three measures taken

from evidence-based medicine - namely sensitivity, specificity, and positive predictive
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value - can offer greater insight into the diagnostic value of a probabilistic map than

typical overlap measures such as the Dice coefficient.

In general, the more accurate registration techniques yield probability maps of

higher diagnostic power. Among the selected registration methods, DARTEL and

IRG groupwise techniques outperformed the pairwise registration methods such as

HAMMER and SPM5, resulting in probability maps that could estimate the location

and extent of the structure of interest most accurately. However, generalization of

our conclusions to the whole class of groupwise versus pairwise registration meth-

ods requires further evaluation that includes more registration techniques from both

classes. We also assess the probability threshold that would minimize overall error

while maximizing the number of hits (Dice measure), as well as defining an “accept-

able quality range” of thresholds between the thresholds at which the maps generate

more errors than hits and true negatives. These may serve as useful guidelines when

users of probability maps are considering the threshold value(s) at which to apply

them. The proposed quantitative framework may be adapted to assess the goodness

of fit of probability maps created for other structures of interest and using other reg-

istration techniques, as long as some ’ground truth’ labeled volume of the structure of

interest can be developed, as is the case, for example, with probabilistic maps created

from cytoarchitectonically parcellated volumes [149, 233].



Chapter 6

A New Approach for Creating Customizable

Cytoarchitectonic Probabilistic Maps Without a Template1

6.1 Abstract

We present a novel technique for creating template-free probabilistic maps of cytoar-

chitectonic areas using a groupwise registration. We use the technique to transform

10 human post-mortem structural MR data sets, together with their corresponding

cytoarchitectonic information, to a common space. We have targeted the cytoar-

chitectonically defined subregions of the primary auditory cortex. Thanks to the

template-free groupwise registration, the created maps are not macroanatomically

biased towards a specific geometry/topology. The advantage of groupwise versus

pairwise registration in avoiding such anatomical bias is better revealed in studies

with small number of subjects and a high degree of variability among individuals

such as the post-mortem data. A leave-one-out cross-validation method was used to

1This work has been published in proceedings of MICCAI’09: Amir M. Tahmasebi, Pu-
rang Abolmaesumi, Xiujuan Geng, Patricia Morosan, Katrin Amunts, Gary E. Christensen,
and Ingrid S. Johnsrude, “A New Approach for Creating Customizable Cytoarchitectonic Prob-
abilistic Maps without a Template”, Proc. MICCAI, Vol. 5762, pp. 795-802, 2009, URL:
http://www.springerlink.com/content/t1qh85u346113k04/.
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compare the sensitivity, specificity and positive predictive value of the proposed and

published maps. We observe a significant improvement in localization of cytoarchitec-

tonically defined subregions of the primary auditory cortex using the proposed maps.

The proposed maps can be tailored to any subject space by registering the subject

image to the average of the groupwise-registered post-mortem images.

6.2 Introduction

Functional neuroimaging group studies usually involve a “normalization” step, in

which brain image data from every subject are transformed to a common standard

space. Such normalization compensates, at least in part, for the macroanatomical dif-

ferences (sulci and gyri patterns) among individual brains within the group, with the

expected consequence that the overlap of functional activation among subjects will be

increased. However, function is determined more by the cyto-, myelo-, and connec-

tional architecture of the brain [3, 56], than by the configuration of gyri and sulci, and

these microanatomical characteristics do not necessarily align with macroanatomy [4].

Recent progress in human brain mapping has enabled observer-independent analysis

of the cytoarchitecture of the cortex [2]. Integration of this detailed knowledge of

microanatomy with functional observations seems a promising way forward for un-

derstanding the principles underlying functional organization in the brain [64]. A lack

of information about inter-subject microanatomical variability has been a major chal-

lenge in this endeavor. A common solution, given that microanatomical details are

not easily obtainable from MR images, is the use of probabilistic maps of cytoarchitec-

tonic data, derived from a number of post-mortem data sets registered to a standard

stereotaxic space. To create a probability map, the structure of interest is first labeled
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Figure 6.1: Highlighted regions depict Te1.0 (blue), Te1.1 (green), and Te1.2 (red)
cytoarchitectonic subregions of the primary auditory cortex in a post-
mortem brain.

in a group of individuals. Then, all the labeled volumes are transformed to a common

space and overlapped to find the union of the labeled regions. Probability maps allow

statistical assessment of the location of a particular region in any image that is being

transformed to the spatial frame of the map. Moreover, they provide a way to predict

the position of a functional activation focus and provide a method for analyzing data

in an anatomically informed way (i.e., region-of-interest-based analysis).

Maps of the motor and somatosensory cortices, auditory cortex, visual cortex,

Broca’s region and others have already been published [3, 233] based on extensive

and painstaking analysis of 10 post-mortem human brains (Juelich/Dusseldorf data

sets). A list of available maps is given in [57]. In primary auditory cortex, Morosan

and colleagues [149] developed maps of three subregions: Te1.0, Te1.1, and Te1.2,
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which all overlap with the anteriormost gyrus of Heschl (HG). Figure 6.1 shows the

cross-sectional views of a post-mortem brain with the corresponding cytoarchitectonic

labels of the three subregions. Morosan utilized an affine registration to transform

the cytoarchitectonic labels to MNI space; however, due to inter-subject anatomical

variability of HG among the brains, the generated probability maps are diffuse, with

large overlaps between maps of adjacent regions. Recently, Bailey et al. [18] proposed

deformable registration of these three cytoarchitectonic data sets in order to create

maps tailored to particular individuals. In that method, the cytoarchitectonic subre-

gions are locally warped to the gyrus of Heschl in the subject brain. However, this

technique requires manual segmentation of HG in the subject image which is time

consuming, subjective, and requires anatomical expertise. Furthermore, entirely new

probability maps must be generated for each new brain image. The method proposed

here is completely automatic, and the probability map created can then be warped

to the space of any other brain image.

In this work, we present a new approach for creating cytoarchitectonic probabilis-

tic maps for microanatomical subregions that can also be customized for a specific

subject space. The proposed technique utilizes a groupwise deformable registration

[86] to warp the 10 post-mortem brains as well as the corresponding cytoarchitectonic

information to a common space (i.e., group space). The groupwise registration has

the advantage of avoiding the anatomical bias introduced by choosing a specific tem-

plate in typical pairwise registration frameworks. The effect of the template bias in

the resulting probability maps becomes even more dramatic when using a small group

of subjects (such as the post-mortem brains) as the resulting maps necessarily give

high probabilities where the anatomy is similar to the template and low probabilities
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elsewhere. On the other hand, in a groupwise registration, every brain in the study

is given equal weight in the final map. The constructed probability maps using the

proposed method can be further tailored to the anatomy of an individual subject by

using a deformable registration between the average of the warped post-mortem data

and the subject image.

We evaluate and compare the quality of the proposed probability maps using a

leave-one-out (LOO) method [196]. Maps were created based on nine data sets, and

used to segment the auditory subregion in the excluded data set. True positive, false

positive, false negative, and true negative voxels were measured, and the sensitivity,

specificity and positive predictive value (PPV) of the maps were calculated. The same

measures were calculated between the published maps and the labeled regions in the

post-mortem brains, with the necessary difference that the published maps (created

from all 10 data sets) also comprise the data that was used to evaluate them. Note

that this biases our results away from our prediction (that the new maps are better).

Repeated-measures ANOVAs were conducted on each of the diagnostic measures.

The proposed maps yielded significantly higher PPV and specificity compared to the

published maps, whereas the two map types did not differ in sensitivity. Further-

more, the overlap between probability maps for adjacent subareas was analyzed and

compared between the proposed and published maps. There was significantly less

overlap between every pair of maps created by the proposed method compared to the

published maps.
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Figure 6.2: Overview of the proposed approach for creating customized cytoarchi-
tectonic probability maps for primary auditory cortex subregions: Te1.0,
Te1.1, and Te1.2.

6.3 Materials and Methods

Figure 6.2 demonstrates an overview of the proposed approach. As shown in the

figure, the procedure consists of two major parts: (a) creating probabilistic maps

in the group space; and (b) customizing the constructed maps for a specific subject

brain. Both input data and the created outputs are in MNI space.

The 10 post-mortem human brains used in this study are from previously pub-

lished work [233]: serial coronal brain sections stained for cell bodies were quantita-

tively analyzed. An observer-independent method was used to determine the areal

border for each subregion. Results were digitized and mapped onto high-resolution

structural MR images of the same post-mortem brains, creating three-dimensional

labeled volumes of cytoarchitectonic regions. These areas are called Te1.0, Te1.1,

and Te1.2, and all overlap somewhat with Heschl’s gyrus. The post-mortem data was

intensity-bias corrected using BrainSuite2 software2 to achieve intensity matching

2BrainSuite2: http://brainsuite.usc.edu/.
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among the regions with similar tissue type.

6.3.1 Cytoarchitectonic Probabilistic Map in Group Space

The post-mortem MR images were concurrently registered to a common space using

implicit reference-based group (IRG) registration [86]. IRG is a recently developed

groupwise registration technique that jointly estimates transformation from each im-

age in the group to a “hidden” reference by optimizing the intensity difference of

each pair of the deformed images. The intensity-bias correction step applied to the

post-mortem data guarantees intensity matching between corresponding voxels of all

images within the group. The cost function includes a similarity cost and a regular-

ization constraint, defined as:

C = Csimilarity + Creg (6.1)

where

Csimilarity =
∑
i,j

∫
‖(Ii(hiR(x))− Ij(hjR(x)))‖2dx (6.2)

Ii represents the ith image in the group and hiR(x) is the transformation from

image Ii to the implicit reference. Creg is a small deformation linear-elastic constraint

[38] to penalize transformations with large and unsmooth distortion. The transformed

images converge to the implicit reference during the IRG registration eliminating the

bias associated with selecting a specific reference image. The algorithm assumes a

small deformation linear elastic model and uses the Fourier series to parameterize

the deformation field. A spatial and frequency multi-resolution procedure is used to
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estimate the full resolution transformations to avoid local minima. Next, the resulting

deformation fields are used to transform the corresponding cytoarchitectural labels

to the same group space. A probability map was constructed by averaging the 10

warped subregions.

In order to customize the generated probability maps for a specific subject, one

can use a deformable registration such as the normalization tool provided in SPM3

to transform the subject to the space of the average post-mortem brain or vice versa.

When conducting a group study, it is recommended that the group average image be

registered to the groupwise averaged post-mortem image.

6.3.2 Evaluation Framework

Leave-one-out cross-validation

The constructed probability maps as well as the post-mortem data were transformed

to MNI space using the SPM software for validation (nonlinear registration using

cosine basis function). The quality of the proposed probability maps was evaluated

using a leave-one-out method at two different thresholds: 20%, and 60% (for the

published maps) and 22.2% and 66.67% (for the proposed maps). All combinations

of nine out of 10 (10 cases) were used to create probability maps for three subregions of

Te1.0, Te1.1, and Te1.2 using the proposed method. The created maps were then used

to segment each subregion in the excluded brain, and true positive (TP), false positive

(FP), true negative (TN) and false negative (FN) voxels were calculated. Labeled

voxels from the excluded brain that were correctly identified by the probability map

are TP voxels. Labeled voxels that were not identified in the excluded brain are FN,

3Statistical Parametric Mapping: Wellcome Department of Cognitive Neurology, UK.



CHAPTER 6. CYTOARCHITECTONIC PROBABILISTIC MAPS 123

and unlabeled voxels that were incorrectly classified as the target subregion by the

probability map are FP. Finally, unlabeled voxels that are correctly identified by the

probability map are TN. We measure the quality of the maps based on sensitivity

(Sn), specificity (Sp) and positive predictive value (PPV):

Sn =
TP

TP + FN
, Sp =

TN

TN + FP
, PPV =

TP

TP + FP
(6.3)

The published maps were also used to evaluate the same post-mortem data; how-

ever, the published maps were evaluated on the same data that was used to constitute

the maps. MANOVAs were used to identify significant differences on these measures

between the two types of maps.

Between-map overlap

Any single voxel can only belong to one subregion. To the extent that voxels are

shared between two adjacent Te1 maps and are assigned high probabilities by both

maps, the maps do not segregate the regions well. We evaluate the two methods for

such between-map overlap (i.e., Te1.0/Te1.1, Te1.0/Te1.2, and Te1.1/Te1.2).

6.4 Results and Discussion

Figure 6.3 gives cross-sectional views of both the proposed and previously published

probability maps for Te1.0, Te1.1, and Te1.2 subregions overlaid on the Colin27 [100]

brain image. White and black colors correspond to the highest and the lowest proba-

bilities, respectively. As can be seen, the proposed probability maps are significantly

denser in terms of the spatial expansion and more focused on Heschl’s gyrus. Both

proposed and published probability maps are more diffuse in the right hemisphere
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Figure 6.3: Comparing cytoarchitectonic probability maps generated using the pro-
posed method and the previously published maps [149], superimposed on
Colin27 brain.

than in the left.

Sensitivity, specificity, and positive predictive values were calculated for both

proposed and published maps. We consider left and right hemispheres separately.

Four-factor MANOVAs (method: proposed vs. published; subregions of Te1: Te1.0,

Te1.1, and Te1.2; hemisphere: left or right; threshold value: 2 levels) were conducted

on each of the three diagnostic measures followed by post-hoc pairwise comparisons

to identify significant differences. PPV (F(1,9)=113.442, p < 0.05) and specificity

(F(1,9)=298.542, p < 0.05) were significantly higher for the proposed than the pub-

lished maps; however, sensitivity did not differ; see Table 6.1. Significant difference

in PPV despite no significant difference in sensitivity implies that the proposed maps

are more conservative in labeling the cytoarchitecture in brain compared to published
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Method
Sensitivity Specificity PPV
(mean±std) (mean±std) (mean±std)

proposed 23.8± 1.1% 96.8± 0.3% 73.4± 2.1%
published 24.2± 1.4% 84.8± 0.6% 30.4± 3.6%

Table 6.1: Mean±std of the sensitivity, specificity and PPV values of the 10 test cases
for both types of maps.

Overlapping
Method

Overlap Critical
Maps Percentage Voxels

Te1.0/Te1.1
Proposed 0.1% 0.0%
Published 1.4% 21.0%

Te1.0/Te1.2
Proposed 0.6% 3.0%
Published 1.0% 20.0%

Table 6.2: Total percentage of the overlapping voxels and the critical voxels in every
pair of the overlapping maps given for both methods.

maps.

Next, the percentage of the overlap between maps of adjacent subareas was cal-

culated and compared between the proposed and published maps. All maps were

thresholded at 40%, assuming overlap at lesser probabilities could arise for voxels

on the edges of the maps. We define an overlapping voxel as “critical voxel” if the

probability value for both maps exceeds 50%. As can be observed from Table 6.2,

there is a higher probability of overlapping voxels in the published maps exceeding

this critical value compared to our proposed maps. Nonadjacent regions (Te1.1 and

Te1.2) did not overlap in either map type.
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6.5 Conclusions

This work demonstrates a novel approach for creating template-free customizable cy-

toarchitectonic probabilistic maps for Te1 subregions of the human primary auditory

cortex. In anatomical/functional studies of the brain with a small number of subjects

(such as the post-mortem data set), pairwise matching introduces a large bias factor

in the registration results due to the high degree of inter-subject morphological vari-

ability among the individuals. The template-free strategy of registration avoids such

bias by simultaneous registration of all brains towards a virtual reference image that is

iteratively updated. The proposed method of cytoarchitectonic probability map con-

struction takes advantage of a novel groupwise registration to transform the labeled

post-mortem data into a common space in a template-free fashion. The presented

approach can be applied to any other area of the brain for which the corresponding

cytoarchitectonic data is available from post-mortem subjects. For the Juelich data

set, this includes motor cortex, somatosensory cortex, visual cortex, Broca’s area and

others. The proposed approach enables accurate and reliable testing of the hypothesis

of architectonic-functional relationships in cognitive neuroscience.

These probability maps, after the data from a functional neuroimaging (e.g.,

fMRI) subject has been registered to them, can be used to conduct a ROI-based

statistical analysis by using them as weighted filters on the functional data. Such

method of ROI-based functional analysis would allow for more precise and focused

functional differentiation of small, adjacent subregions in the brain.



Chapter 7

Reducing Inter-subject Anatomical Variation: Effect of

Normalization Method on Sensitivity of Functional Magnetic

Resonance Imaging Data Analysis in Auditory Cortex and

the Superior Temporal Region1

7.1 Abstract

Conventional group analysis of functional MRI (fMRI) data usually involves spa-

tial alignment of anatomy across participants by registering every brain image to

an anatomical reference image. Due to the high degree of inter-subject anatomical

variability, a low-resolution average anatomical model is typically used as the target

template, and/or smoothing kernels are applied to the fMRI data to increase the

overlap among subjects’ image data. However, such smoothing can make it diffi-

cult to resolve small regions such as subregions of auditory cortex when anatomical

1This chapter was published as: Amir M. Tahmasebi, Purang Abolmaesumi, Zane Z. Zheng,
Kevin G. Munhall, and Ingrid S. Johnsrude, “Reducing inter-subject anatomical variation: Effect
of normalization method on sensitivity of functional magnetic resonance imaging data analysis in
auditory cortex and the superior temporal region”, NeuroImage, Vol. 47, No. 4, pp. 1522-1531,
2009, URL: doi:10.1016/j.neuroimage.2009.05.047.
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morphology varies among subjects. Here, we use data from an auditory fMRI study

to show that using a high-dimensional registration technique (HAMMER) results

in an enhanced functional signal-to-noise ratio (fSNR) for functional data analysis

within auditory regions, with more localized activation patterns. The technique is

validated against DARTEL, a high-dimensional diffeomorphic registration, as well as

against commonly used low-dimensional normalization techniques such as the tech-

niques provided with SPM2 (cosine basis functions) and SPM5 (unified segmentation)

software packages. We also systematically examine how spatial resolution of the tem-

plate image and spatial smoothing of the functional data affect the results. Only

the high-dimensional technique (HAMMER) appears to be able to capitalize on the

excellent anatomical resolution of a single-subject reference template, and, as ex-

pected, smoothing increased fSNR, but at the cost of spatial resolution. In general,

results demonstrate significant improvement in fSNR using HAMMER compared to

analysis after normalization using DARTEL, or conventional normalization such as

cosine basis functions and unified segmentation in SPM, with more precisely localized

activation foci, at least for activation in the region of auditory cortex.

7.2 Introduction

Inter-subject variability in the spatial location of activation foci in functional neu-

roimaging studies can result from variability in anatomical structure, variability in

functional organization, or both. To the extent that variability in functional local-

ization reflects variability in anatomical structure, it may be decreased by improving

anatomical registration across subjects. The conventional approach for functional

localization is to find the correspondence among brain volumes of all participants
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within the study by registering every brain image to a given template brain. Such

inter-subject registration in group studies is referred to as “spatial normalization”.

Minimizing the contribution of variable anatomical structure to variability in the spa-

tial location of activation foci has several advantages: First, it increases experimental

power, so that small, focal functional activations can be more easily detected. Second,

it reduces the need for smoothing in group studies, and improves spatial resolution,

permitting activation foci to be localized to specific anatomical locations with greater

precision.

Several brain normalization techniques have been proposed to register anatomy

across subjects. Registration techniques vary from linear transformations of rigid-

body registration that have few parameters and match size and shape [44, 72], to

high degrees-of-freedom deformable registration methods that match residual details

on the cortical surface and internal brain structures [46, 67, 122, 200]. An overview

of different normalization techniques proposed for brain functional data analysis can

be found in [87].

The accuracy of inter-subject registration using normalization methods has been

assessed using both landmark-based [7, 226] and intensity-based [97] measures. Both

types of studies confirm the effectiveness of spatial normalization for reducing inter-

subject anatomical variability. In addition, the effect of inter-subject registration on

the accuracy of functional group analysis has received some attention. Gee et al.

[85] evaluated three different registration techniques (Bayesian volumetric warping

proposed by him, SPM96 [11] and a 9-parameter affine registration) using t-statistics

from a functional group analysis. Ardekani et al. [6] presented a quantitative com-

parison between three registration techniques (SPM’99, AFNI [44] and ART [5]) and
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examined the effect of registration method on the reproducibility of the fMRI activa-

tion maps. Both Gee and Ardekani concluded that increased accuracy in inter-subject

registration results in a significant increase in the sensitivity of activation detection.

Recently, Wu et al. [225] compared the performance of AIR [222], SPM95 [79], and

their custom-developed demons-based registration in a region-of-interest (ROI)-based

functional analysis. Similarly, they concluded that improving the normalization step

in fMRI data analysis improves the reliability of the colocalized fMRI results, but at

a cost of increased complexity of registration and computation time.

However, these published studies suffer from a number of limitations including:

1) the selected registration techniques are relatively low-dimensional and the impact

of using a high-dimensional registration method in functional analysis has not been

evaluated thoroughly; 2) the use of low-resolution anatomical templates and spatial

filtering (smoothing) in current techniques may, in any case, compromise the effec-

tiveness of using a high-dimensional inter-subject registration in group analysis; and

3) the cognitive tasks investigated in previous studies appear to activate large, dis-

tributed brain networks. To assess improvements in spatial resolution, it would be

better to choose a task that is known to activate an anatomically circumscribed re-

gion, so that improvements in structural anatomical registration and in functional

signal-to-noise ratio (fSNR) can be assessed concurrently. Here, we assess activity in

auditory and speech regions of the temporal cortex in response to auditory and speech

stimuli. The fSNR is defined as the ratio between the intensity of a signal associated

with changes in brain function and the variability in the data due to all sources of

noise. fSNR is conceptually very similar to t-statistics as calculated by SPM (Statis-

tical Parametric Mapping: Wellcome Department of Cognitive Neurology, London,
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UK) software, which we shall use as an index of fSNR.

In this study, we evaluate and compare the effectiveness of several registration

techniques. We compare a high-dimensional technique known as HAMMER (Hier-

archical Attribute Matching Mechanism for Elastic Registration) [188] to DARTEL

[10], a high-dimensional inverse-consistent diffeomorphic image registration method

and also to commonly used low-dimensional normalizations, such as the normaliza-

tion methods provided with SPM software (version 2 [14]: deformable modeling using

discrete cosine transform basis functions, and version 5 [13]: unified segmentation).

We evaluate: (a) the effects of the normalization technique; (b) the effects of the nor-

malization template; and (c) the effects of conventional isotropic spatial smoothing

of functional data, on fSNR. We assess the accuracy of the registration in reducing

macroanatomical differences among subjects both qualitatively (i.e., visually inspect-

ing the average of the registered volumes resulting from the application of each of the

registration techniques) and quantitatively (i.e., comparing the average of the normal-

ized cross-correlation (NCC) values calculated between the normalization template

image and the warped image data for all registration methods). Cross-correlation

is a simple but effective way to assess similarity between a registered volume and a

reference template. This metric is intended to be used in images of the same modal-

ity where the relationship between the intensities of the two images is given by a

linear equation. For applications in which the brightness of the image and the tem-

plate can vary due to lighting and exposure conditions, normalized cross-correlation

is used. Moreover, we compare peak activation values (t-statistics) resulting from sta-

tistical analysis on the group (treating the subject’s variable as a random effect) in

both smoothed and unsmoothed fMRI data that has been normalized using different
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registration techniques.

We also evaluate the effect of the normalization template. Standard normaliza-

tion techniques use a low-resolution average anatomical model as the target tem-

plate. In this work, we have selected four well-known templates: (1) ICBM152

[142], a population-based template; (2) Colin27 [100], a high-resolution single-subject

anatomical reference; (3) ICBM452 Tissue Probabilistic Atlas [103]; and finally, (4) A

custom-built group template, generated using the DARTEL tool of the SPM5 package

[13].

It is standard in conventional whole-brain fMRI analysis to apply isotropic three-

dimensional filtering kernels of 6− 10 mm typically to the functional data [145]. The

spatial smoothing is done for many reasons one of which is to reduce the effect of inter-

subject variability in group analysis. Although often helpful and necessary, smoothing

has the undesirable effect of reducing the spatial resolution, blurring and/or shifting

activations and merging adjacent peaks of activation. In this work, we examine

whether using a high-dimensional normalization will reduce or eliminate the need for

spatial smoothing to increase anatomical overlap among subjects, while maintaining

a similar fSNR to that obtained with spatial smoothing.

This paper is further evidence that high-dimensional non-rigid registration meth-

ods are needed for group analysis of functional activation in the auditory cortex, as

previously demonstrated by Desai et al. [50], and Kang et al. [114], which dealt with

flattened 2D cortical surfaces and furthermore, by Viceic et al. [207], which dealt with

3D volumes. Moreover, this paper explores the effects of the normalization template

and spatial smoothing on subsequent group analysis of functional data from an au-

ditory imaging experiment. This experiment examined whether functional networks
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supporting production of speech and perception of speech overlap [231]. We wished

specifically to determine whether a subset of regions in the superior temporal region

are particularly sensitive to a mismatch between the actual auditory consequences of

speaking and the predicted consequences based on the motor speech command. A

more complete description of the experiment can be found in [231]. Only aspects of

the experimental design relevant to the methodological question are described here.

7.3 Materials and Methods

7.3.1 Image Acquisition

Seventeen normal healthy volunteer subjects (13 female, 4 male, ages 23 ± 3 years

(mean±std), right-handed, native English speakers) participated in this study. All

subjects gave written informed consent for their participation. The experimental pro-

tocol was cleared by the Queen’s University Health Sciences Research Ethics Board.

MR imaging was performed on the 3.0 Tesla Siemens Trio MRI system in the Queen’s

University Centre for Neuroscience Studies, MRI Facility, Kingston, Ontario. T∗
2-

weighted GE-EPI sequences were acquired with a typical field of view of 211 ×
211 mm2, in plane resolution of 3.3 × 3.3 mm2, slice thickness of 4.0 mm, TA

= 1600 msec per acquired volume, TE = 30 msec, and TR = 3000 msec. In order to

present sounds and record the verbal responses without any acoustic interference, a

visual cue instructing the subject to listen or speak was presented at the beginning of

the 1400 msec silent period between successive scans: trials were always complete by

the end of this period. In addition to the functional data, a whole-brain 3D MPRAGE

T1-weighted anatomical image was acquired for each participant (voxel resolution of

1.0× 1.0× 1.0 mm3, flip angle α = 9◦, TR = 1760 msec, and TE = 2.6 msec).
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7.3.2 fMRI Experimental Paradigm

The experiment was designed as a 2× 2 factorial:

1. Whispering “TED”, with concomitant clear auditory feedback,

2. Whispering “TED”, while hearing masking Gaussian white noise,

3. Listening to the stimuli of the first condition without speaking,

4. Listening to the stimuli of the second condition without speaking,

5. A resting baseline condition was also scanned.

On each trial, the subject was told to produce “TED” if a green cross was presented

at the start of the trial, or to remain silent (listen/rest trials) if a red cross was

presented.

In every set of five trials, each of the five conditions was presented once in pseudo-

random order. Thirty-six such sets of trials were presented in each of three nine-

minute runs. The auditory stimuli in listening trials (conditions 3 and 4) were yoked

to those in the corresponding production trials of conditions 1 and 2 (i.e., listening

trials consisted of utterances generated on previous production trials, or their white-

noise masks).

7.3.3 Stimulus Generation Hardware

Two PC workstations (one for stimulus delivery and one for realtime speech signal

processing) communicated via a fast Ethernet switch. Auditory stimuli were delivered

via high-fidelity magnet compatible headphones (Nordic Neuro Lab, Norway). Verbal

responses were recorded via a dual-channel microphone system. Participants spoke
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into the optical microphone and their voices were digitized, transmitted, and saved

on the second workstation. Real-time analysis of the signal was achieved using an

embedded controller (National Instruments Co., Texas) and LabView software (Na-

tional Instruments, Inc.). Processed signals were converted back to analogue using

a multifunction I/O data acquisition board (National Instruments Co., Texas) and

played back over the headphone in realtime, either intact or as a modulated noise

burst. The processing delays were negligible (imperceptible to the listeners).

Here, we concentrate on two contrasts; (1) Four sound conditions vs. rest, which

should reveal activity in auditory regions; and (2) listening to speech (condition 3)

compared to rest (condition 5), which should reveal auditory activity as well as ac-

tivity in speech-sensitive regions of the superior temporal gyrus and sulcus.

7.3.4 Data Preprocessing

Structural and functional image data were passed through a series of pre-processing

steps before normalization; see Figure 7.1. Data were motion-corrected with respect

to the first volume of the first session using the realignment tool of SPM (i.e., using a

least squares approach and a 6 parameter rigid-body spatial transformation with 4th

degree B-Spline interpolation). Structural MR data were edited to remove skull and

scalp using the Brain Extraction Tool (BET) of the FSL software package (Oxford

Centre for Functional MRI, Oxford University, UK). Next, the structural images

were rigidly registered to the functional time series using the Mutual Information

coregistration tool of SPM5 [13].
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Figure 7.1: Preprocessing: The SPM package was used for fMRI data realignment
(motion correction), and structural-to-functional coregistration. Skull-
stripping and volume trimming were performed using FSL’s BET.

7.3.5 Normalization Template

In this study, we consider four common templates for the normalization: (1) ICBM152,

which was generated by registering 152 normal brain images to the MNI305 template

[61] using a nine-parameter affine transformation. This template has been incorpo-

rated into several software packages such as SPM. ICBM152 is an average volume

and therefore lacks anatomical details. The original ICBM152 template provided in

SPM package has the resolution of 2.0× 2.0× 2.0 mm3; however, we resampled this

template to 1.0×1.0×1.0 mm3 for comparison with the other templates. (2) Colin27

or CJH27 [100], in which structural details are preserved. Colin27 was created by

registering 27 high-resolution scans (1.0 × 1.0 × 1.0 mm3) of a single subject to the

more spatially blurred ICBM152 average brain. (3) ICBM Tissue Probabilistic Atlas,

which is used in SPM5 segmentation-based registration [13]. 452 subject T1-weighted
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MR images were linearly aligned with the MNI305 template, and classified into gray

matter, white matter, and cerebrospinal fluid. The 452 tissue maps were separated

into their separate components and each component was averaged across the subjects

to create a probability map for each tissue type. These maps give the prior probabil-

ity of any voxel in a registered image being of any of the tissue classes - irrespective

of its intensity. (4) Finally, a custom-built group template, generated using DARTEL

tool of SPM5 package [13]. Structural T1-weighted scans of 17 subjects within the

study were segmented into different tissue types using segmentation tool of SPM5.

Intensity averages of the grey and white matter images were generated to serve as

an initial template for DARTEL registration. The initial smooth template is then

iteratively sharpened after each phase of registration.

7.3.6 Spatial Smoothing

Normalized fMRI data may also undergo spatial smoothing. Spatial smoothing is an

averaging process in which the intensity at a given voxel is replaced by a weighted

average of the values of voxels in the spatial neighborhood of that voxel. Smoothing is

implemented as a convolution of the imaging data with a Gaussian kernel described

by a parameter of full width at half maximum (FWHM). In fMRI studies, spatial

smoothing is performed to render the data more normally distributed and there-

fore, appropriate for parametric tests. Also, smoothing reduces the effect of residual

inter-subject anatomical variability remaining after spatial normalization. Besides

suppressing the influence of anatomical variability across individual subjects, spatial

smoothing of fMRI data prior to the statistical analysis can enhance the signal-to-

noise ratio and increase sensitivity to signals of specific shapes and sizes depending
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Figure 7.2: Overlapping functional activation map shown for the anatomically neigh-
boring regions of Heschl’s gyrus (HG) and planum temporale (PT). Right:
The labeled regions in blue and red are extracted from HG and PT prob-
abilistic maps, respectively, which are thresholded at 40%. Left: The col-
ormap depicts the activation map resulting from statistical group analysis
of an auditory functional task using spatially smoothed fMRI data.

on filter design [138, 182]. Smoothing also results in fewer statistically independent

tests within a given volume in functional group studies, and thus a smaller correc-

tion for multiple comparisons is required. Moreover, smoothing is useful in reducing

resampling-related artifacts after image registration [136]. Finally, determination of

thresholds for statistical inference in SPMs (if the family-wise-error correction is used)

depends on the theory of Gaussian random fields and the assumption that the image

data are good lattice representations of a smooth Gaussian field [76, 224]. This only

holds when the voxel size is appreciably smaller than the smoothness, and it has been

suggested that smoothing be applied such that the effective FWHM is at least twice

the size of the voxel [224].

Spatial smoothing of fMRI data has some drawbacks as well. Undesirable effects

of smoothing include decreased effective spatial resolution, blurring and/or shifting
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of activations and merging of adjacent peaks of activation. Figure 7.2 demonstrates

an example of the undesirable effect of spatial smoothing in merging functional ac-

tivation foci from two anatomically adjacent regions of Heschl’s gyrus (HG) and

planum temporale (PT) in human auditory cortex. The labeled regions in blue and

red are extracted from HG [164] and PT [215] probabilistic maps, respectively, which

are thresholded at 40%. The most recent work of Weibull et al. [214] investigates

how the choice of spatial resolution and smoothing kernel width affects the temporal

signal-to-noise ratio in single-subject fMRI data analysis. Their conclusion is that in

studies requiring detailed localization and quantification of small activation clusters,

high resolution and limited smoothing kernel is most appropriate. However, when

expecting large volumes of activation or when the precise localization of a activation

focus is less important than simply observing it, lower resolution and smoothing may

be used more generously. Mikl et al. [145], and Reimold et al. [169], in separate

works, also investigate the related artifacts of spatial smoothing on t-maps and con-

clude that spatial smoothing may lead to critical, sometimes counterintuitive artifacts

in t-maps, especially in subcortical brain regions. In this work, we evaluate the effect

of such smoothing on t-statistics and functional signal-to-noise.

7.3.7 Inter-subject Registration

Four different registration techniques were considered for normalization of structural

images and the corresponding functional image data. All 17 subjects’ structural data

were aligned using these four registration techniques:

A) HAMMER is an elastic registration technique that utilizes an attribute vector
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for every voxel of the image. The attribute vector reflects the geometric features of

the underlying anatomy at different scales. Our application of the HAMMER algo-

rithm proceeded in two steps: First, the brain data were segmented into gray matter,

white matter and cerebrospinal fluid using FMRIB’s Automated Segmentation Tool

(FAST) of the FSL software package. Second, HAMMER registration is applied to

warp the brain images to the 1 mm3 Colin27 template. HAMMER uses every voxel’s

information in its hierarchical multi-resolution approach, and therefore, the number

of parameters for the deformation field is equal to the number of voxels within the

volume. Consequently, HAMMER registration is not appropriate for use with an

anatomically smooth template like ICBM152 as the anatomical details that are used

as the reference to guide the registration, does not exist in the smooth template.

HAMMER’s voxel-based approach for registration preserves the local amount of sig-

nal concentration unlike modulated voxel-based morphology analyses in which the

normalization is expected to compensate for structural differences while preserving

the total amount of signal. A copy of the HAMMER-based normalized fMRI dataset

was smoothed with an isotropic Gaussian kernel of FWHM 8 mm.

B) Normalization in SPM2 [14] includes global linear (affine transform) and local

nonlinear (3D discrete cosine transform basis functions) transformations. The de-

formation field for each subject is described by 1176 parameters. We consider two

templates for the normalization of the structural image from each fMRI subject: (i)

the default ICBM152 template with 2 mm3 spatial resolution, which was resampled

to 1 mm3 and (ii) the high-resolution single-subject 1 mm3 Colin27 template. In both

cases, a copy of the registered fMRI data was smoothed using an isotropic Gaussian
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kernel (FWHM 8 mm) to compensate for the inter-subject variability remaining after

the normalization procedure, created four sets of normalized data. Condition (i) with

smoothing is a standard implementation of SPM2 image processing procedures. One

should note that SPM-based normalization includes spatial smoothing of the images

prior to registration. This smoothing is due to the fact that the templates supplied

with SPM have been smoothed by 8 mm, and that smoothness combines by Pythago-

ras’ rule (refer to SPM manual [191]).

C) SPM5’s normalization [13], referred to as “unified segmentation”, includes a prob-

abilistic framework, which integrates image registration, tissue classification, and bias

correction within the same generative model. The number of deformation parameters

is in the order of 103; however, the exact number depends on the image field of view

(FOV) (John Ashburner, communication on SPM forum, March 24, 2009). The uni-

fied segmentation technique requires tissue probability maps as the priors and for the

current evaluation, ICBM452 tissue probability maps were used. Because we could

not define tissue probability maps for the single-subject template, we could not use

the Colin27 template as the target for normalization with SPM5. A copy of the regis-

tered fMRI data was smoothed using an isotropic Gaussian kernel with FWHM 8 mm.

D) DARTEL (Diffeomorphic Anatomical Registration Through Exponential Lie Alge-

bra) has been proposed by Ashburner [10] as an alternative method of normalization

in the SPM package. DARTEL is an algorithm for diffeomorphic image registration,

which utilizes large deformations in an inverse consistent framework. DARTEL’s de-

formations are parameterized by a time-invariant velocity field. Similar to the unified
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Condition Normalization Template Smoothing

HMR w. s. HAMMER Colin27 ×
HMR w/o s. HAMMER Colin27
SPM2c w. s. cosine basis functions Colin27 ×
SPM2c w/o s. cosine basis functions Colin27
SPM2i w. s. cosine basis functions ICBM152 ×
SPM2i w/o s. cosine basis functions ICBM152
SPM5 w. s. unified segmentation ICBM452 tissue maps ×
SPM5 w/o s. unified segmentation ICBM452 tissue maps
DARTEL w. s. diffeomorphic custom-built ×
DARTEL w/o s. diffeomorphic custom-built

Table 7.1: 10 different conditions considered for evaluating the effects of the normal-
ization method, the template resolution and the spatial smoothing on the
functional group analysis.

segmentation method, DARTEL also requires tissue classification of the brain images.

Intensity averages of the grey and white matter images were generated to serve as

an initial template for DARTEL registration. The template is iteratively updated

after each step of the registration. DARTEL encodes the spatial transforms using

roughly around 6× 106 parameters per subject (John Ashburner, communication on

SPM forum, March 24, 2009). DARTEL was primarily designed for voxel-based mor-

phometry (VBM) studies, which is well-suited to its diffeomorphic nature. Similar to

other conditions, a copy of the registered fMRI data was smoothed using an isotropic

Gaussian kernel with FWHM 8 mm.

Overall, we will be evaluating 10 different conditions, which are presented in Table

7.1.
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7.3.8 Assessment of Registration Accuracy

The accuracy of the inter-subject registration techniques and their impact on the lo-

calization of activation patterns, the influence of the normalization template, and the

effect of smoothing in functional group analysis were assessed for all four selected reg-

istration techniques. Average (n = 17) brain images were generated from the warped

structural data for all four registration conditions. Normalized cross-correlation was

used as the measure of similarity between the template volume and the warped vol-

ume data. Moreover, statistical analysis of fMRI was conducted using Analysis of

Variance (ANOVA).

Average Volume

Mean volumes were generated by averaging all 17 registered T1-weighted structural

volumes for four different registration conditions. Figure 7.3 shows the cross-sections

derived from the mean volumes obtained with each registration condition. Figure

7.4 provides a closer look at a region of interest around Heschl’s gyrus, the approx-

imate location of primary auditory cortex, for comparison. It can be observed that

HAMMER improves the delineation of sulci and gyri and consequently, the spatial

homogeneity between individual subject brains and the reference template (Colin27).

This was confirmed using normalized cross-correlation measure as shown in Section

7.4.

Similarity Measure: Normalized Cross-Correlation

NCC is computed by first normalizing each image to have zero mean and unit variance,

and then multiplying each voxel of one volume by the corresponding voxel in the other
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Figure 7.4: Zoomed window over Heschl’s gyrus region on average brain volumes gen-
erated using five different registration conditions; HAMMER, SPM2 us-
ing two templates: ICBM152 (upper row) and Colin27 (lower row), SPM5
unified segmentation, and DARTEL.

volume, and summing the products (Eq. 7.1).

NCC(S, T ) =
E[(S − S̄)(T − T̄ )]

σ(S)σ(T )
(7.1)

where S and T refer to the intensity values in the subject and template volumes,

respectively.

NCC values were computed for the entire brain volume of every subject consid-

ering different registration techniques. In addition to the entire volume, we created

rectangular cuboidal regions of interest around auditory cortex, extending into the

superior temporal sulcus, in both hemispheres. These ROIs were defined using the

following coordinate ranges: (Left: x = −66 : −20, y = −50 : +15, z = −15 : +20,

Right: x = +20 : +66, y = −50 : +15, z = −15 : +20 with respect to the ICBM152
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coordinate frame).

Statistical analysis of fMRI

Statistical analysis of fMRI data was accomplished with SPM5. Deformation param-

eters resulting from registration of each structural image to the desired template were

used to warp the corresponding fMRI data. The warped fMRI data were resampled

to 3.0 × 3.0 × 3.0 mm3 after normalization for all methods of registration prior to

conducting single-subject and second-level group analysis. Next, fMRI data were en-

tered into a fixed-effects general linear model for each subject using an event-related

analysis procedure. The hemodynamic response function was selected as the basis

function. Contrast images were created for each subject and these were entered into a

second-level group analysis, treating the subject factor as a random effect [76]. One-

sample t-tests were calculated for contrasts of ‘listening to speech vs. rest’ and ‘four

sound conditions vs. rest’ for each of the 10 different processing methods mentioned

in Section 7.3.7, enabling us to examine the effects of three factors:

1. Registration method: HAMMER, nonlinear warping using cosine basis func-

tions (SPM2), unified segmentation (SPM5), diffeomorphic registration (DAR-

TEL).

2. Template: Colin27 , ICBM152.

3. Spatial smoothing: with or without 8 mm isotropic Gaussian spatial smoothing.

Euclidean Distance Error

The Euclidean distances between the highest activation peak obtained from the group

analysis and the ’listening vs. rest’ contrast and the closest activation peak in each
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individual from single-subject analysis of the same contrast were calculated for all

10 different processing methods [20, 120, 147] as depicted in Figure 7.5. A smaller

discrepancy between the group and individual peaks indicates better inter-subject

alignment among all subjects after registration.

Analysis of Variance: Normalization vs. Smoothing

A 3 × 2 repeated-measures ANOVA was conducted on the Euclidean distance error

data. The factors were (1) registration method (four levels: HAMMER, cosine basis

functions (SPM2), unified segmentation (SPM5), DARTEL), and (2) smoothing (two

levels: with and without smoothing).

7.4 Results and Discussion

Volume
Registration Method

HMR SPM2c SPM2i SPM5 DARTEL
mean±std mean±std mean±std mean±std mean±std

Entire 98.2± 0.0 94.1± 0.1 95.7± 0.1 94.1± 0.2 97.6± 0.4
Left ROI 95.3± 0.1 68.8± 0.4 77.8± 0.3 77.8± 0.7 81.8± 1.0

Right ROI 95.3± 0.2 71.1± 0.4 82.9± 0.4 84.6± 0.4 87.7± 0.7

Table 7.2: Comparing mean and std. (%) of normalized cross-correlation values (17
subjects) among different registration techniques; HAMMER, cosine ba-
sis function of SPM2 using two templates: SPM2c (Colin27), SPM2i
(ICBM152), unified segmentation (SPM5), and diffeomorphic registration
(DARTEL) considering the entire brain and a region-of-interest around
the primary auditory cortex.

NCC scores were computed for the entire brain volume as well as the specified
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Figure 7.5: Euclidean distances between the highest activation peak obtained from
the group analysis and the ’listening vs. rest’ contrast and the closest
activation peak in each individual from single-subject analysis for the
same contrast were calculated for all 10 different processing conditions.

ROIs as defined in Section 7.3.8 for each of 17 subjects considering five different regis-

tration conditions. NCC results are shown in the form of mean±std in Table 7.2. One-

way ANOVA analysis on whole-brain NCC scores (five levels: HAMMER, SPM2c,

SPM2i, SPM5, and DARTEL), p < 0.05, was performed using SPSS software (Statis-

tical Package for the Social Sciences). Results showed a significant main effect of the

normalization method; HAMMER and DARTEL slightly outperformed SPM2 and

unified segmentation-based normalizations (i.e., less than 3% improvement). There

was no significant difference in performance between SPM5-based normalization and

SPM2-based normalization using the Colin27 template (SPM2c). In fact, SPM2c

performed worse than other methods. Pairwise comparisons using Sidak-correction
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between SPM2c and SPM2i revealed no significant difference in performance. There-

fore, it can be concluded that using a high-resolution template such as Colin27 does

not improve registration accuracy for SPM2-based registration. A second ANOVA

was performed on NCC scores for the left and right ROIs with two factors: normal-

ization method (five levels) and hemisphere (Left/Right), p < 0.05. There was a

significant main effect of hemisphere (i.e., a greater correlation (higher NCC score)

for the right hemisphere compared to left hemisphere). There was also a significant

main effect of the normalization method. Pairwise comparisons using Sidak-correction

showed that HAMMER significantly outperformed other techniques (i.e., over 11%

improvement) and SPM2 with the Colin27 template yielded the lowest NCC scores

among all methods. DARTEL slightly outperformed the other SPM-based normal-

ization methods; however, unlike the full volume case, DARTEL did not match up

HAMMER’s performance at ROI level. Such difference in performance is due to the

diffeomorphic nature of DARTEL registration, in which the method is given enough

freedom to estimate quite large deformations. Such freedom of deformation may re-

sult in unrealistic shrinkage/expansion of some structures in the brain image volume.

Consequently, diffeomorphic normalization can not capture small deformations re-

quired for matching areas with small residual anatomical details such as the selected

ROI in this study. There was no significant difference in performance between SPM2

using the ICBM152 template and SPM5 using the probabilistic tissue maps. Com-

paring SPM2c and SPM2i results, it was reconfirmed that SPM2-based normalization

cannot take advantage of the high-resolution template. There was also a significant

interaction between the two factors; NCC scores were higher for the right hemisphere
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Figure 7.6: Significance test of NCC score differences between left and right hemi-
spheres (R - L) among five types of normalization. (∗) indicates a signif-
icant difference in NCC score between left and right hemispheres.

than the left hemisphere for SPM2c, SPM2i, SPM5, and DARTEL but not for HAM-

MER, which yielded no difference between the two hemispheres (Figure 7.6).

Figure 7.7 illustrates the region of activation produced in the contrast of ‘four

sound conditions vs. rest’, across five registration conditions. Activation resulting

from the HAMMER-based normalization is more intense (lighter color) and more

tightly localized over auditory cortex, compared to other techniques. The increase

in t-values comparing smoothed vs. unsmoothed data for HAMMER-based, SPM2c-

based (using Colin27), SPM2i-based (using ICBM152), unified segmentation-based,

and finally, DARTEL-based normalized data are 1.5%, 22.6%, 13.5%, 85.7% and

20.3%, respectively. This implies that smoothing unnecessarily expands the region of

activation for the condition using HAMMER since there is no significant increase in

t-values for smoothed vs. unsmoothed HAMMER-normalized data; however, for anal-

yses conducted on SPM2, DARTEL, and specifically unified segmentation normalized
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Figure 7.7: Comparing activation maps (axial view) corresponding to an auditory-
related fMRI task for conditions given in Table 7.1. The colormap depicts
the activation maps resulting from group analysis of 17 subjects for the
contrast of ‘four sound conditions vs. rest’.

data, smoothing substantially improved fSNR.

The statistical analysis of fMRI data was performed in MATLAB R© using SPM

functions. Analysis of the ‘four sound conditions vs. rest’ contrast revealed signifi-

cant activation in the superior temporal region bilaterally using False Discovery Rate

(FDR) correction for multiple comparisons, p < 0.05. Highest activation peaks (i.e.,

t-value + 3D coordinates in MNI space) for two contrasts of ‘four sound conditions

vs. rest’ and ‘listening vs. rest’ observed in each hemisphere in the group analyses

(in which the subject was treated as a random effect) are listed in Table 7.3.

The following can be observed from the data presented in Table 7.3: (1) Group
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analysis of HAMMER-normalized data, with or without smoothing, yields higher t-

values in both hemispheres compared to normalized data using other techniques. Con-

sidering NCC comparison results (i.e., higher NCC scores for higher-d registration),

one can conclude that increased fSNR is due to increased overlap across subjects; (2)

Analysis conducted using SPM2 and Colin27 as the template, without smoothing,

yields higher t-values compared to the ICBM152 template without smoothing; how-

ever, the opposite is true if data are smoothed; (3) Smoothed fMRI data yields higher

t-values compared to unsmoothed data (except for one case; HAMMER, listening

vs. rest, Right Hemisphere); however, the smoothing-related increase in t-values is

more substantial for SPM2-, SPM5-, and DARTEL-based normalizations. One should

note that one application of spatial smoothing kernels in functional group analysis,

as mentioned in Section 7.3.6, is to render the data more normally distributed and

therefore, suitable for parametric tests. To check the validity of the normality condi-

tion for the non-smoothed normalized data, we checked the effective smoothing of our

data using SPM software tools - even without any smoothing applied, our data has an

average effective smoothness of 6 mm in all directions, which is approximately twice

the voxel size (3 mm3). We judge this to be sufficient to render the data appropriate

for parametric tests.

Average Euclidean Distances (AED) between the highest activation peak obtained

from group analysis and the ‘listening vs. rest’ contrast and the closest activation

peak observed in individual analyses for the same contrast are shown in Table 7.4.

ANOVA on Euclidean distances with the two factors: normalization method (four

levels) and smoothing (two levels) revealed a significant main effect of smoothing
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(F(1, 16) = 17.52, p < 0.05). Smoothing yielded significantly higher distance val-

ues than no smoothing. We also observed a significant main effect of normalization

method (F(4, 64) = 7.16, p < 0.05), which we followed up using Sidak-corrected

pairwise comparisons (see Figure 7.8); HAMMER registration yielded significantly

smaller distances between group location estimates and peaks in individuals compared

to SPM2i, SPM2c, unified segmentation, and DARTEL. There was no significant dif-

ference between SPM2c, SPM2i and SPM5; however, DARTEL yielded significantly

higher distances compared to the rest. Further, there was no significant difference be-

tween smoothed and unsmoothed data when normalized using HAMMER or SPM2c

registration. On the other hand, smoothing yielded higher distance values when the

normalization method is either SPM2i, SPM5’s unified segmentation, or DARTEL.

One may conclude that using a high-resolution template for normalization (such as

in HAMMER and SPM2c-based normalization) results in more accurate alignment of

the functional activation foci and therefore suppresses the impact of spatial smooth-

ing which is applied for increasing overlap among subject data; however, validation

of such conclusion requires further investigation by adding an extra factor for tem-

plate type within the statistical analysis. Finally, there was no significant interaction

between normalization method and smoothing.

Based on NCC scores, t-values, and analysis of Euclidean distances, it can be

concluded that higher t-test values resulting from HAMMER registration are due to

an increased activation overlap among all subjects. The use of the high-resolution

template with the low-dimensional SPM normalization procedure neither increased

the activation peak value nor improved the localization of activation foci. Clearly, the
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Figure 7.8: Average Euclidean distance MANOVA results from the ‘listening vs. rest’
contrast for five normalization methods with and without smoothing. (∗)
indicates the significant difference between smoothed and unsmoothed
data.

SPM2 normalization technique cannot take advantage of the spatial detail in a high-

resolution template to allow matching of morphologically variable regions. Spatial

smoothing of fMRI data prior to group analysis does increase the magnitude of peak

activation in most cases. However, such smoothing degrades spatial resolution, so

that activation foci cannot be localized as precisely.

7.5 General Discussion

In this work, we compared the effect of a high-dimensional elastic registration tech-

nique (i.e., HAMMER) to other normalization methods on group-level statistics in an

auditory fMRI experiment. The accuracy of the registration techniques was assessed
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using normalized cross-correlation. Moreover, the functional contrast-to-noise esti-

mates, and measures of distance between estimates of the location of peak activation

for the group and estimates for each individual, were also assessed and compared be-

tween different methods. Importantly, the functional peak assessment is derived from

data (i.e., fMRI data) that is independently acquired from the structural data in-

volved in the registration. Therefore, besides NCC-based comparison, the functional

peak assessment provides an independent converging evidence for the overall pattern

of results. We took higher normalization coefficients, higher t-values, and smaller

group-individual differences to be consistent with a greater anatomical homogeneity

(overlap) among experimental participants.

HAMMER outperformed SPM2, unified segmentation in SPM5, and DARTEL

normalization techniques according to all three aforementioned measures. A better

match across subjects in brain morphology resulted in better functional signal-to-

noise (higher t-statistics) and more focal regions of activation that were also more

precisely located with respect to Heschl’s gyrus. DARTEL’s deformation-based reg-

istration makes it a suitable choice for voxel-based morphometry analysis; however,

in applications such as normalization of fMRI data for group analysis when the focus

of the study is more localized to a specific region-of-interest, DARTEL-based regis-

tration does not have the freedom of small deformation to match macroanatomy in

small subregions of the brain. This may reduce the sensitivity to signal change in

that particular region.

The effect of using a high-resolution template (Colin27) for normalization was also

examined. The use of the high-resolution template with the low-dimensional SPM2
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normalization procedure neither increased the t-statistics nor improved the registra-

tion of activation foci across subjects; we conclude that the SPM2 normalization

technique cannot take advantage of the spatial detail in a high-resolution template to

improve alignment of morphological details across individuals. Spatial smoothing was

effective at increasing t-statistics and functional signal-to-noise. However, (1) such

smoothing decreases spatial resolution so that activation foci cannot be localized as

precisely, and (2) the effect of smoothing in terms of yielding higher t-values is more

significant for SPM-based analyses.

Inter-individual variability in the location of activation foci has at least three

components - variability in sulcal/gyral morphology; variability in the extent and to-

pography of microanatomically defined regions with respect to gross morphology, and

functional variability. To the extent that brains in a common reference space differ in

sulcal and gyral morphology, activation foci can be expected to be at different spa-

tial coordinates. It is this component of functional variability that we can overcome,

in part, with high-dimensional anatomical registration. However, brains also differ

in microanatomical structure, which is correlated with gross morphology although

not entirely. Thus, patches of tissue which may be microanatomically and function-

ally homologous across individuals may have somewhat different relationship with

sulcal and gyral morphology. This anatomical variability cannot be eliminated with

high-dimensional normalization, nor can variability in location due to the recruitment

of different perceptual/cognitive processes (and thus, anatomically and functionally

different cortical regions) across individuals. However, high-dimensional registration

techniques like HAMMER do provide a tool for assessing whether variability in the

location and extent of activation foci among individuals is due primarily to sulcal
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and gyral morphological variation among individuals, since it can be used to elimi-

nate this component. Residual inter-subject variability can then be attributed either

to anatomical variability at a microscopic scale (i.e., variability in the location and

extent of cytoarchitectonically or chemoarchitectonically or hodologically defined ar-

eas) or to variability in function due to a different processing network being recruited.

Use of high-dimensional registration techniques will permit the analysis and removal

of much of the anatomical component from current estimates of functional variabil-

ity thereby providing a more precise identification of regions related to elemental

cognitive functions.



Chapter 8

Functional Variability in Group Studies of fMRI Data: Is

Anatomical Inter-subject Alignment Equally Efficient for all

Levels of Cognitive Processing?

8.1 Abstract

In conventional functional neuroimaging studies, linking of anatomy to function is

achieved by anatomy-based realignment of the experimental sample brains to a tem-

plate. The relation between function and macroanatomical landmarks may vary from

region to region, and between low-level perceptual tasks such as registering visual or

auditory stimuli, and high-level, cognitive tasks, such as working memory, or process-

ing of language semantics (meaning). In this study, we examine the effectiveness of

precise anatomical matching for superimposing functional activation clusters across

subjects, comparing such overlap in auditory regions (reflecting low-level perceptual

processing) and in frontal and temporal regions (reflecting high-level processing of

linguistic meaning). We manipulate the degree of anatomical registration by using a

variety of registration methods, some of which match very precisely by virtue of their

160
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high degree of nonlinearity such as DARTEL of SPM8 software [10] and HAMMER

registration [188]. Other methods, such as affine transformation, only compensate

for orientation and overall size differences. Our results demonstrate that, in early

stages of auditory processing (i.e., medial geniculate nucleus of the thalamus and

auditory cortical core and belt), there is a reliable anatomy-function correlation, so

that more accurate inter-subject registration of anatomy also results in better inter-

individual functional alignment. However, at higher stages of processing, involving

the integration of meaning across the words of sentence in left frontal and posterior

temporal cortex, our group analysis results did not reveal any significant difference in

signal-to-noise power between different registration methods. Thus, better anatom-

ical registration does not improve functional overlap among individuals, indicating

greater variability in functional organization relative to anatomy in the frontal and

temporal areas supporting these meaning-based processes than in areas devoted to

sensory or perceptual processing.

8.2 Introduction

Relating function to structure in the human brain has mainly relied on the assumption

that brain processes are common and universal among individuals. Conventionally,

functional alignment across subjects is realized by aligning anatomical structures such

as sulci and gyri, working under the assumption that function follows gross anatom-

ical structure. However, with advances in neuroimaging techniques (e.g., functional

magnetic resonance imaging) and the increasing number of functional studies, re-

searchers have observed that even with similar or identical experimental paradigms

and methodologies and despite accurate alignment of anatomy, there still exists a
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large amount of inconsistency in the results in terms of localization, magnitude, and

extent of activation, suggesting that sources other than structural differences cause

such variation in neuroimaging studies of the brain. Examples of functional sources

of variability are genetic effects [25], gender (Frost et al. [81]), or handedness (Kim

et al. [118]). Importantly, functional variability among individuals can also be due

to differential engagement of brain regions, depending on individual differences in

cognitive strategies. Such variation can significantly alter the topological patterns of

brain activity across the brain. Several published studies document how behavioural

differences can manifest in different patterns of activity – Grafton et al. [91] showed

that in a memory study, slow learners use more areas associated with visuomotor,

whereas fast learners use frontal cortex. There are other studies that reflect individ-

ual differences in activation foci during recognition [119] and working memory tasks

[65]. As a result of different cognitive capacities, inter-subject alignment of individ-

uals based on anatomy can only afford approximate alignment of functional cortical

areas, at least for functions which differ substantially among individuals. One way

to determine how much of the inter-subject variability in an activation focus is due

to structural vs. functional variability is to use a high-d normalization, which will

optimally match gross anatomical features across individuals. After such normaliza-

tion, the variability that remains can be attributed to functional differences, if the

anatomical match was specific enough.

The auditory system in human brain consists of several cognitive processing levels,

spanning many brain regions in temporal and frontal cortex. Hierarchical organiza-

tion of processing streams are evident from neurophysiological studies in non-human

primates as well as electrophysiological studies in humans [48, 111, 172]. From low
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to high-level processing, auditory signals are relayed from brainstem and thalamus to

primary auditory cortex and to temporal and frontal regions, with cognitively more

complex processes dependent on regions further away from primary auditory cortex

[48, 172]. Low level processing of auditory information may be organized in consistent

fashion, relative to the gross anatomy, among individuals [172]. For instance, audi-

tory information is analyzed and decoded in brainstem nuclei and thalamus before

being transmitted to the auditory cortex and this basic acoustic analysis is likely to

be quite similar for everyone. One of the landmarks for such early low-level processing

of auditory signal is the medial geniculate body (MGB) of the thalamus. The MGB

occupies about three-fifths of the rostrocaudal extent of the thalamus, and rostrally

borders the lateral geniculate body. Similarly, Heschl’s gyrus and surrounding areas

are also involved in early processing of sound, including speech sounds [48, 181].

An example of high-level processing of auditory information is figuring out the

overall sentence-level meaning of sentences that incorporate words with more than

one meaning. For example, a high-ambiguity sentence like ‘the shell was fired to-

wards the tank’ requires that the listener work out which of the multiple meanings

of ‘shell’, ‘fired’ and ‘tank’ are appropriate to create a coherent, meaningful sen-

tence. Such extra processing is not required for sentences that are similar in every

respect, except no ambiguous words are present and the meaning can be figured out

more straightforwardly (e.g., her secrets were written in her diary). Sentences with

high-ambiguity require further processing by cortex regions that are associated with

selecting contextually appropriate word meanings. Such high-level processing may

be effected by different individuals in different ways, which would be reflected in

marked functional variability. Therefore, regardless of high precision in anatomical
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alignment, the functional variability among individuals may result in a poor overlap

in functional activation foci among individuals. Previously, Rodd et al. [172] and

Davis et al. [47] identified several peak activation foci for the high-ambiguity vs. low-

ambiguity contrast. These included the left posterior inferior temporal gyrus (ITG)

and left inferior frontal gyrus (IFG). In the studies by Rodd, Davis and colleagues

[47, 172], the location of functional activation appeared to move around substantially

- at the group level, peaks differed in location by between 14.1 and 24.6 mm (Eu-

clidean distance). It is possible that at least some of this group to group variability

reflects substantial inter-individual variability in activation location remaining after

anatomical normalization.

In this study, we investigate whether stimulus-driven activity in regions involved

in basic acoustic analysis (MGB and auditory cortex) respects anatomical structure

more than does frontal and posterior temporal activity related to the processing of

word meanings. We will do this by first manipulating the degree to which anatomical

structure matches to a template, and then examining the resulting overlap in func-

tional activity across subjects. We measure functional overlap as the magnitude of

the t-statistic in the group-level functional analysis [196]. If a very accurate brain

registration results in higher t-values than affine registration, we can conclude that

compensating for anatomical variability improves functional overlap, and the func-

tion is respecting anatomical landmarks registered by the normalization algorithm.

If accurate brain registration does not improve functional overlap over that observed

with affine registration, then the function must not be as closely tied to anatomy. If,

during sentence comprehension, higher-level semantic integration processes are less

tied to anatomy than are low-level acoustic analysis processes, then we should see
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higher t-values in auditory but not frontal and posterior inferior temporal areas when

high-dimensional registration is compared to affine registration.

For this purpose, a fMRI study on the neural mechanisms of speech comprehen-

sion was considered. We examined the effects of normalization at three levels of

processing : (1) low-level processing of sound in the medial geniculate , as well as 2)

in Heschl’s gyrus; and (3) processing of high-ambiguity compared to low-ambiguity

sentences in the IFG and posterior ITG in the left hemisphere. We normalized fMRI

image data using four different registration techniques; (1) DARTEL, a groupwise

registration method provided in the SPM8 software packages, which has millions of

parameters and affords a highly accurate, nonlinear spatial registration [10]; (2)HAM-

MER (Hierarchical Attribute Matching Mechanism for Elastic Registration), a very

high-dimensional pairwise registration proposed by Shen et al. [188]; (3) unified

segmentation, a relatively low-dimensional pairwise registration method included in

SPM5 software; and finally, (4) an affine transformation with only 12-parameters

(translation, rotation, scale and shear). We compared the efficiency of these registra-

tion techniques in aligning functional patterns at the group-level in terms of contrast-

to-noise ratios (t-values). A more accurate anatomical alignment among individuals

is expected to enhance the contrast-to-noise ratio due to increase in functional overlap

among subjects and therefore, results in higher t-values.

8.3 Materials and Methods

8.3.1 Image Acquisition

The fMRI study was conducted at the Centre for Neuroscience Studies at Queen’s

University, Kingston, ON, Canada. Twenty eight volunteers (21 females, aged 18-32,
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right-handed, native English speakers) were scanned. None of the subjects had any

history of head injury or neurological illness. All subjects gave written informed con-

sent for their participation. The experimental protocol was approved by the Queen’s

University Health Sciences Research Ethics Board. Four datasets were excluded due

to severe head motion during scanning. Data from 24 volunteers (17 females) were

used in this study.

MR imaging was performed on a 3.0 Tesla Siemens Trio MRI scanner. T∗
2-weighted

GE-EPI sequences were acquired with a typical field of view of 211×211 mm2, in plane

resolution of 3.3× 3.3 mm2, slice thickness of 4.1 mm, TA = 1960 msec per acquired

volume, TE = 30 msec, and TR = 1000 msec. Additionally, high-resolution T1-

weighted anatomical images were acquired from all volunteers using 3D MP-RAGE

sequence (TR = 1760 ms, TE = 2.6 ms, flip angle α = 9◦, and voxel resolution of

1.0 mm3).

8.3.2 Functional Paradigm

The fMRI study was primarily designed to identify brain regions that are involved

in the semantic aspects of comprehension, and will be discussed in detail elsewhere

(Johnsrude et al, in preparation). Six experimental conditions were scanned; (1)

high-ambiguity sentences presented clearly (A − N); (2) high-ambiguity sentences

presented with noise (A+N); (3) low-ambiguity sentences presented clearly (U−N);

(4) low-ambiguity sentences presented with noise (U+N); (5) a signal-correlated noise

baseline condition (SCN) [180] and (6) silence (rest condition) (R). Signal correlated

noise was defined by Schroeder as a waveform with the same spectral profile and

amplitude envelope as the original speech but consists entirely of noise, and is totally
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unintelligible. All conditions were adapted from previous studies (Rodd et al. [172]

and Davis et al. [47]). Each volunteer was presented with 59 trials of the high-

ambiguity condition, 59 trials of the low-ambiguity condition. For each condition,

sentences were arranged such that roughly half were presented in noise while the

other half were presented without noise. There were an additional 59 SCN and 59

silent/rest trials for the purpose of monitoring data quality. The experiment was

divided into four sessions of 61 scans, where the first two scans of each session were

discarded to allow T1 signal to equilibrate. Stimuli items were arranged into four

different sets of four blocks, each block consisting of 59 items. Overall, 244 volumes

were acquired for every subject over four sessions each lasting around 10 min.

Here, we concentrate on two comparisons:

1. SCN vs. silence [108];

2. high-ambiguity vs. low-ambiguity, which is calculated as:

((A + N) + (A−N)) - ((U + N) + (U −N));

The first contrast should reveal auditory stimulus-driven activity in auditory cor-

tex. The second contrast should reveal activity in left IFG and ITG ([47, 172]).

Structural MRI data were edited to remove skull and scalp using the Brain Ex-

traction Tool (BET) of the FSL software package (Oxford Centre for Functional MRI,

Oxford University, UK) and manual corrections. Stripped structural data were rigidly

registered to the functional time series using the Mutual Information coregistration

tool of SPM5. The fMRI data were preprocessed (within-subject realignment for mo-

tion correction) and analysed using Statistical Parametric Mapping software (SPM5,

Wellcome Department of Cognitive Neurology, London, UK). fMRI data were normal-

ized using four different registration techniques described in the next section. Warped
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EPI series were analyzed using a single general linear model followed by second-level

group analyses.

We randomly divided the 24 subjects into two sets of 12 (8 females in the first

group and 9 females in the second group) so that we could make an observation in

one group, and then examine whether we could replicate it in the second group. This

is important since our hypotheses are about how the normalization method affects

t-values at the group level - there would not be any predicted effect at the single-

subjects level. But at the group level we only obtain 1 t-value per contrast and so

cannot perform statistical comparisons. So we will examine the pattern of results in

two independent groups, and look for consistency.

8.3.3 Normalization

All 24 structural MR volumes from both groups were affinely registered1 to the

Colin27 high-resolution single-subject brain template [100] (MNI space). Affinely reg-

istered data were normalized using three registration methods with different warping

power (i.e., deformations with different degrees of freedom). First, DARTEL Tool-

box (Diffeomorphic Anatomical Registration Through Exponential Lie Algebra) [10],

which is an algorithm for diffeomorphic image registration. DARTEL registration is

a groupwise technique and as a result, subject data are transformed to a group space

that is not necessarily identical to the MNI coordinate frame. Therefore, DARTEL-

based warped data are also normalized to the MNI space using a second affine trans-

formation (refer to SPM8 manual). DARTEL was applied once to all 24 subjects

as a group and then to each of 12-person subgroups separately: this was necessary

1Affine transformation was realized using unified segmentation registration of SPM5 and by
setting the nonlinear cutoff frequency to infinity.
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Method No. of Parameters
HAMMER ∝ no. of voxels
DARTEL 6.4× 106

Unified Segmentation 103

Affine 12

Table 8.1: Comparing number of deformation parameters among four registration
methods: DARTEL, HAMMER, unified segmentation, and affine.

because DARTEL is a groupwise method. The second method we used was HAM-

MER, which is an elastic registration technique, which utilizes an attribute vector

for every voxel of the image. The attribute vector expresses the geometric features,

which are calculated from the tissue maps to reflect underlying anatomy at different

scales. Our application of the HAMMER algorithm proceeded in two steps: first,

in order to generate the tissue map, the brain data is segmented into gray matter,

white matter and cerebrospinal fluid using FMRIB’s Automated Segmentation Tool

(FAST) of the FSL software package. Second, HAMMER registration is applied to

warp the brain images to the Colin27 brain [100]. HAMMER uses every voxel’s infor-

mation in its hierarchical multi-resolution approach, and so the number of parameters

for the deformation field is equal to the number of voxels within the volume. The

final normalization method we applied was the unified segmentation normalization

of SPM5. Within this probabilistic framework, image registration (using discrete co-

sine transform basis functions), tissue classification, and intensity bias correction are

integrated within the same generative model. Table 8.1 ranks the four registration

methods (including affine) based on the number of deformation parameters.

The fMRI data from all subjects were warped using the three aforementioned

registration methods as well as affine-only transformation.
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8.3.4 Functional Activation Foci

Sound vs. rest

‘Sound vs. rest’ consists of the summation of four conditions: (A + N), (A − N),

(U + N), and (U − N) compared to the silent resting baseline condition. This con-

trast highlights activation along the auditory processing path including the medial

geniculate body in thalamus.

SCN vs. rest

Signal-correlated noise [180] should activate auditory cortical regions in both hemi-

spheres, when compared to a silent condition. This contrast highlights activation

in the probable location of primary auditory cortex, Heschl’s gyrus. It should also

activate other relays along the ascending auditory pathway, including the MGB.

High-ambiguity vs. low-ambiguity

According to Rodd et al. [172] and Davis et al. [47] the peak activation foci for the

high-ambiguity vs. low-ambiguity contrast are observed in the left posterior ITG and

the left IFG.

Accordingly, we focused our investigation on six activation foci as follows; for ’SCN

vs. rest’: bilateral peaks in primary auditory cortex (i.e., medial HG); for ‘sound vs.

rest’: two peaks on the left and right MGB; and finally, for ‘high-ambiguity vs. low-

ambiguity’ contrast: two spatially independent peaks, one in the left ITG and another

one in the left IFG.

8.4 Results

Figure 8.1 shows the average of 24 warped images using the four registration tech-

niques mentioned in Section 8.3.3. As can be observed from the figure, DARTEL,
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Method
Error (mean± std)

L-MGB R-MGB L-HG R-HG L-ITG L-IFG
DARTEL 1.45± 0.21 1.47± 0.21 2.84± 0.71 2.75± 0.59 4.28± 0.87 3.19± 1.05
Affine 3.21± 0.61 3.10± 0.57 5.22± 1.10 4.57± 0.96 5.81± 1.24 6.29± 1.94

Table 8.2: Comparing the average registration error between DARTEL and affine
and for the six different activation foci; L-MGB: left medial geniculate
body; R-MGB: right medial geniculate body; L-HG: left Heschl’s gyrus;
R-HG: right Heschl’s gyrus; L-ITG: left posterior inferior temporal gyrus;
L-IFG: left inferior frontal gyrus. The mean error is the average of all Eu-
clidean distance error calculated between every pair of deformation fields
and shown in the form of (mean± std).

HAMMER, and unified segmentation all result in quite precise alignment of the data

as the average images from all three techniques have clearly distinguish between

gray and white matter boundaries; however, the affine-based average image has fuzzy

boundaries between the two tissue types due to poor anatomical alignment.

We compared the accuracy of DARTEL nonlinear registration method versus

linear affine transformation using the following approach: DARTEL- and affine-

registered structural data were warped to Colin27 template brain using HAMMER

pairwise registration. The registration error was computed as the average of the

Euclidean distance between every pair of the resulting deformation fields. The reg-

istration error was calculated for rectangular cuboidal regions of interest centered at

the peak activation foci from group analysis of HAMMER-registered data given in

Tables 8.3, 8.4, and 8.5 (peak corresponding to Group 1+2). The window size was

selected as 80×80×80 mm3. Table 8.2 compares the registration error between DAR-

TEL and affine methods and for the six different activation foci. Figure 8.2 shows the

distribution of error for the two methods and for the six regions. Overall, DARTEL
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Figure 8.1: Three cross-sections of the mean warped brain volumes (N = 24) gener-
ated using four different registration techniques shown at (x = −41, y =
−20, z = +7) in the MNI coordinate frame.
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Figure 8.2: Comparing the distribution of error between DARTEL- and affine-
registered data computed for the six regions of interest; L-MGB: left
medial geniculate body; R-MGB: right medial geniculate body; L-HG:
left Heschl’s gyrus; R-HG: right Heschl’s gyrus; L-ITG: left posterior in-
ferior temporal gyrus; L-IFG: left inferior frontal gyrus.
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consistently yielded less error in all six regions compared to affine registration.

The fact that DARTEL outperformed the affine methods is consistent with Klein

et al. [122] who compared several nonlinear registration techniques. They used both

volume- and surface-based overlap measures in several labeled datasets, and observed

consistently better performance of DARTEL.

The activation foci coordinates as well as the corresponding t-values at the group-

level were extracted for the three contrasts (six foci in total) mentioned in the previous

section and for the four normalization methods described in Section 8.3.3. Figures 8.3,

8.4, and 8.5 compare the activation maps (axial views) among the four registration

methods for the activation foci corresponding to ‘sound vs. rest’, ‘SCN vs. rest’, and

‘high-ambiguity vs. low-ambiguity’ contrasts, respectively. All activation maps are

generated from the 24-subject group analysis. Tables 8.3, 8.4, and 8.5 compare the

coordinates as well as the t-values in the full group of 24 subjects as well as in the

two subgroups of 12 for the ‘sound vs. rest’, ‘SCN vs. rest’, and ‘high-ambiguity vs.

low-ambiguity’, respectively.

It can be observed from Table 8.3 that DARTEL- and HAMMER-based normal-

ization consistently result in a more accurate functional alignment around the medial

geniculate body on both left and right side among the individuals as the t-values are

higher compared to the affine registration. Similar conclusions could be made for the

activation patterns corresponding to the primary auditory cortex on Heschl’s gyrus

according to Table 8.4.

On the other hand, Table 8.5 shows a different behavior of the normalization

methods for the ‘high-ambiguity vs. low-ambiguity’ contrast, in which the activation

patterns are localized on the left posterior ITG and left IFG; there appears to be
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Figure 8.3: Sagittal views of the activation maps corresponding to ‘sound vs. rest’
contrast from the group analysis of fMRI data warped using the four
registration methods; DARTEL, HAMMER, unified segmentation and
affine. The peak activation locations (given in Table 8.3) are highlighted
with arrows. All activation maps are extracted from the group analysis
with 24 subjects. Coordinates are given in the MNI space.
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Figure 8.4: Sagittal views of the activation maps corresponding to ‘SCN vs. rest’
contrast from the group analysis of fMRI data warped using the four
registration methods; DARTEL, HAMMER, unified segmentation and
affine. The peak activation locations (given in Table 8.4) are highlighted
with arrows. All activation maps are extracted from the group analysis
with 24 subjects. Coordinates are given in the MNI space.
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Figure 8.5: Sagittal views of the activation maps corresponding to ‘high-ambiguity
vs. low-ambiguity’ contrast from the group analysis of fMRI data warped
using the four registration methods; DARTEL, HAMMER, unified seg-
mentation and affine. The peak activation locations (given in Table 8.5)
are highlighted with arrows. All activation maps are extracted from the
group analysis with 24 subjects. Coordinates are given in the MNI space.
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no clear distinction between high-dimensional registration methods such as DARTEL

and HAMMER and low-dimensional registration techniques such as affine in terms

of signal power. Looking at the t-values in the full group of 24 subjects as well as in

the two subgroups of 12, DARTEL and HAMMER did not result in higher t-values

compared to affine registration. In fact, the t-values were higher for the affine-based

registration when the two subgroups were combined.

According to Figures 8.6(a), 8.6(b), 8.7(a), and 8.7(b), there appears to be an in-

teraction between functional activation foci and the registration methods (HAMMER

vs. affine and DARTEL vs. affine). These figures highlight the change in t-values

from two different aspects: (1) decrease/increase in t-value when moving from low- to

high-level processing activation foci; and (2) trend of change in t-values when chang-

ing the inter-subject registration method. Figures 8.6(a), and 8.6(b) indicate t-values

from the analysis of one subgroup (12 subjects) whereas Figures 8.7(a), and 8.7(b)

indicate t-values for the other subgroup.

8.5 Discussion

Evidence from neuroimaging studies has shown that both medial geniculate body

[92] and Heschl’s gyrus [213] can reliably be identified as anatomical loci for early

processing of sound. However, when moving towards higher level processing such as

meaning-based processes in language comprehension, the identification of consistent

macroanatomical landmarks for specific functional activation foci is not as straight-

forward, possibly due to variability in functional organization.

In this study, we use a marked improvement in signal power (t-value) for high-

dimensional registrations compared to low-dimensional techniques as evidence that
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(a) (b)

Figure 8.6: Comparing the t-value changes among six activation foci (for the ‘sound
vs. rest’ contrast. L-MGB: left medial geniculate body; R-MGB: right
medial geniculate body; for the ‘SCN vs. rest’ contrast. L-HG: left Hes-
chl’s gyrus; R-HG: right Heschl’s gyrus; for the ‘high-ambiguity vs. low-
ambiguity’. L-ITG: left posterior inferior temporal gyrus; L-IFG: left
inferior frontal gyrus) from the first experiment between: (a) DARTEL
and affine; and (b) HAMMER and affine.

there exists a reliable and consistent correlation between anatomy and function in ar-

eas subserving sensory analysis (such as the medial geniculate body or Heschl’s gyrus).

On the other hand, we did not observe any significant difference in t-values between

high-d and low-d registered data in areas subserving higher cognitive functions (such

as processing of language semantics). Therefore, factors other than anatomical vari-

ability may be the reason why even accurate structural alignment does not result in

improved statistics power.

According to structure-based registration error given in Table 8.2, high-dimensional

registration methods such as DARTEL yields better anatomical alignment around the

medial geniculate body, Heschl’s gyrus (anatomical landmarks known for low-level au-

ditory processing) compared to affine transformation. Furthermore, higher t-values

corresponding to high-dimensional registration methods (as demonstrated in Tables

8.3, and 8.4) probably reflect greater functional alignment concomitant with greater
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(a) (b)

Figure 8.7: Comparing the t-value changes among six activation foci (for the ‘sound
vs. rest’ contrast. L-MGB: left medial geniculate body; R-MGB: right
medial geniculate body; for the ‘SCN vs. rest’ contrast. L-HG: left Hes-
chl’s gyrus; R-HG: right Heschl’s gyrus; for the ‘high-ambiguity vs. low-
ambiguity’. L-ITG: left posterior inferior temporal gyrus; L-IFG: left in-
ferior frontal gyrus) from the second experiment between: (a) DARTEL
and affine; and (b) HAMMER and affine.

anatomical alignment at these acoustic stages of processing. Such function-structure

alignment proves that humans utilize similar brain areas for early processing of audi-

tory information and as a result, an anatomy-based matching within the group also

accurately aligns functional patterns.

Registration error in regions of ITG and IFG that are known to be sensitive to

semantic processing [47, 172] were also less for DARTEL compared to affine registra-

tion (Table 8.2); however, t-statistics looked very similar across the two normalization

methods (Table 8.5). Therefore, one can conclude that there is greater variability in

frontal and temporal regions that are recruited when listeners process the meanings

of words and sentences. Such variability may be due to inter-subject differences in

genetic and/or experiential factors. In summary, functional variability is not neces-

sarily correlated with anatomical variability, and anatomy-based registration alone

is not sufficient to achieve functional alignment for all levels of cognitive processing.
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Therefore, it might be necessary to include factors other than anatomy in the reg-

istration framework that could compensate for variabilities due to different levels of

cognitive processing.

A few approaches have been proposed to compensate for functional variability

in group studies such as between-subject alignment of anatomy based on functional

response. CARET software [59] provides a functional matching method based on

landmarks that are drawn on the surface of the brain by the operator. Recently,

Sabuncu et al. [176] proposed a surface-based groupwise method using functional

data by maximizing the correlation of functional time-series among subjects while

preserving the topology of the brain.

A variety of anatomy-independent factors play significant role in defining unique

patterns of activity in individuals. Van Horn et al. [101] reviews a list of such

factors. Upon access to sufficient number of datasets, one could categorize subjects

with respect to one or combination of such independent factors and conduct group

analysis on each group of subjects, separately. Such a classification-based approach in

group studies provides an opportunity to explore how brain function relates to inter-

subject variability in anatomical organization. Such studies may result in a finer

mapping of function onto structure, and may also result in greater understanding of

what constitutes “normal” variability in the anatomical and functional organization

of the human brain.

8.6 Conclusions

In most group analysis of fMRI data, the effect of functional variability due to fac-

tors other than inter-subject anatomical differences such as subject-dependent factors
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(e.g., differences in cognitive strategies, and style) is underestimated or even ignored.

In this work, we demonstrate that anatomy-based inter-subject registration alone

does not necessarily yield functional matching among subjects. We assessed the ef-

ficiency of anatomical registration in matching functional foci at different stages of

the auditory system, ranging from acoustic analysis stages to the processing of mean-

ings of words and sentences. We compared the efficiency of four different registration

techniques (DARTEL and HAMMER with several millions of deformation parame-

ters, unified segmentation with a thousand and affine transformation with only 12

parameters) in terms of the accuracy of functional as well as anatomical alignment

among individuals. We demonstrated well-established anatomy-function correspon-

dence in early stages of auditory processing, by virtue of observing higher t-values in

the group analysis. In contrast, at higher stages of processing, we did not observe

that improvement in t-statistics, indicating that the inter-subject variability observed

in such regions is not solely due to anatomical variability.



Chapter 9

Conclusions and Future Work

This chapter summarizes the main contributions of this thesis while proposing avenues

for future research.

9.1 Summary of Contributions

Normal variations in human brain in terms of anatomy and function remains largely

unexplored. Questions regarding individual differences in cognitive function, in brain

anatomical organization, and links between these two domains arouse interest among

neuroscientists, psychologists, and philosophers. The human brain consists of many

inter-connected functional regions some of which are explored more thoroughly than

others. The human auditory system provides an excellent model within which to

investigate how functional and anatomical variability interrelate, since several pub-

lished studies address both anatomical and functional variations individually but not

simultaneously. This thesis explores the impact of inter-subject variation on relating

brain anatomy and function. The following are major contributions achieved during

the course of this thesis.

186



CHAPTER 9. CONCLUSIONS AND FUTURE WORK 187

9.1.1 Quantification of inter-subject anatomical variation for region-of-

interest-based functional analysis

One of the common approaches for conducting functional analysis is based on the

defining regions-of-interest by means of functional/anatomical atlases, and statistical

analysis of these ROIs. Manual extraction of a specific ROI is a tedious and time-

consuming chore, and must be conducted by expert observers, trained to identify a

particular structure using a defined set of morphological criteria. In Chapter 4, I pro-

posed a novel automatic segmentation technique for the extraction of a challenging

structure with high degrees of morphological variability, Heschl’s gyrus, the anatom-

ical landmark of primary auditory cortex, for the purpose of ROI-based functional

analysis. The accuracy of the proposed technique in terms of the overlap between the

automatic and manual segmentation is more than 83%. One popular way to define

ROIs is through the use of probabilistic maps. The degree to which a probability map

can accurately estimate the location of a structure of interest in a new individual was

the focus of research in Chapter 5. I assessed how well different probability maps of

an anatomically defined region of interest, generated using different registration tech-

niques, could estimate the location of this region in a new individual. Furthermore,

I demonstrated how three measures taken from evidence-based medicine - namely

sensitivity, specificity, and positive predictive value - can offer greater insight into the

diagnostic value of a probabilistic map than typical overlap measures such as the Dice

coefficient.
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9.1.2 Relating function to microanatomically defined anatomy

Most of the conventional approaches for relating anatomy to function in group studies

rely on the fact that functionally defined regions are consistently located relative

to macroanatomical landmarks such as sulci and gyri. However, cytoarchitectonic

studies using postmortem data have shown that the function of an area is more

likely to depend on its pattern of inputs and outputs, its cellular architecture and

the organization of its constituent cell layers. In Chapter 6, I presented a region-of-

interest extraction technique using probabilistic maps of the primary auditory cortex

that are constructed using microanatomical labeling (cytoarchitecture) of the brain.

I observed a significant improvement in localization of cytoarchitectonically defined

subregions of the primary auditory cortex using the proposed maps compared to

the previously published maps. Furthermore, the proposed maps can be tailored to

any subject space by registering the subject image to the average of the groupwise-

registered post-mortem images.

9.1.3 Inter-subject anatomical variability and the impact on sensitivity

of fMRI data analysis

Conventional group analysis of fMRI data usually involves spatial alignment of anatomy

across participants by registering every brain image to an anatomical reference im-

age. In Chapter 7, I evaluated the effect of such inter-subject registration and other

co-factors (such as the registration template and spatial smoothing) on sensitivity of

group-level fMRI data analysis in auditory cortex and the superior temporal region.

Results demonstrated significant improvement in sensitivity of fMRI data analysis

by utilizing a higher-dimensional warping technique for more accurate anatomical
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alignment among individuals.

9.1.4 Functional variability at different levels of cognitive processing

Finally, in Chapter 8, I examined whether individual variability in the location of acti-

vation foci is due to anatomical differences remaining after standard low-dimensional

registration, or whether it may also be due to true functional variability, and whether

this depends on brain region/stage of cognitive processing.

I provided evidence from an fMRI study to show that cognitively ‘early’ regions

devoted to the acoustic processing of sound are relatively invariant with respect

to anatomy (so that high-dimensional anatomical registration also improved the t-

statistics of functional activation foci in these regions, due presumably to greater

functional overlap). In contrast, whereas high-dimensional normalization also im-

proved anatomical registration in regions associated with the processing of linguistic

meaning (albeit not as much), it did not increase t-statistics related to meaning pro-

cessing in these areas. This suggests that higher cognitive processes do not follow

anatomy as closely as do basic sensory/perceptual processes.

9.2 Future Work

Establishment of one-to-one mappings between anatomy and function in human brain

that could be generalized to the whole population is quite challenging as there are

many variable factors that dynamically change the functional patterns, activation

centres and extent with respect to anatomy. Quantification of such variations is cru-

cial for achieving a unique one-to-one correspondence between structure and behavior.

In this thesis, I focused on a few aspects of such variation and their impact on the
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analysis of fMRI data within the context of two of the most common methods of

analysis, ROI- and volume-based methodologies. There are many opportunities for

this research to be continued:

(1) One of the major barriers in having a perfect mapping among individual brain

anatomies in a group study is the topological variations among subjects. This type of

variation is typically ignored or removed in fMRI data analysis. For instance, Heschl’s

gyrus sometimes appears as multiple gyri. In Chapters 4, 5, and 6, I only focused

on the extraction and analysis of the first HG, commonly known as the landmark

for primary auditory cortex. Other interesting studies could be considered for the

extraction and analysis of other gyri of Heschl.

(2) In Chapter 7, I compared the accuracy of several inter-subject registration

methods from both classes of pairwise and groupwise registration, based on the sen-

sitivity of volume-based fMRI data analysis. Solid conclusions regarding the effec-

tiveness of one method over the other (i.e., groupwise over pairwise or vice versa)

would require a thorough evaluation that involves tens of methods from both classes

of registration, and this has yet to be done.

(3) It is difficult to view functional activity within the highly folded surface of the

cortex when volume representation is used. Recent studies use surface-based tech-

niques for visualization and analysis of functional data. Moreover, proper normaliza-

tion of surface data to a common coordinate frame in terms of accurate alignment of

the corresponding regions among different individuals is still a challenging task and

requires further research. It would be very interesting to compare the efficiency of

volume- and surface-based analysis of fMRI data and their strength in dealing with

inter-subject variations.
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(4) Challenges in quantifying human brain variability have opened a new era

in anatomical brain mapping, which is focused on investigation of the homogeneity

of subjects’ data and classification of the subjects based on some pre-defined func-

tional/anatomical similarity metrics. Recently, a few research groups have explored

the application of subject classification in structural/functional group analyses seeking

a set of metrics derived from anatomical/functional data that would group ‘similar’

subjects in the same class [115, 24]. Morphological classification has been used to

explain differences between normal and pathologic populations [8] for different brain

diseases such as Alzheimer’s and schizophrenia (see [126] for references).

Similar to any classification problem, subject classification requires two steps. In

the first step, the most relevant features are extracted from the images. Second, the

extracted information for all images is fed to a classification method that is capable of

distinguishing among individual subgroups. After development of such classification

framework, statistical analyses could be conducted on each class of subjects, sepa-

rately. Data classification is well studied in the computer vision and machine learning

literature, but the application of such classification within neuroimaging has its own

unique problems that require further investigation.

Quantification of variations in anatomy and function is quite a challenge with nu-

merous degrees-of-freedom in each form of variability. Furthermore, finding a unique

set of features and an efficient classifier that could reliably group homologous subjects

requires a thorough investigation. Such cluster-based group study requires access to

a large database with enough individuals in each class to be able to conduct a statis-

tically powerful group analysis.
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Last but not least, quantification of brain variability would also aid in determina-

tion of the normative brain variation within the human population. Such achievement

would result in detection of abnormal anatomical or functional organization in indi-

viduals, which may aid in diagnosis and treatment, and improve clinical outcomes,

across a host of neurological and psychiatric disorders.
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