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Abstract

A statistical meta-analysis combines the results of several studies that address

a set of related research hypotheses, thus increasing the power and reliability

of the inference. Meta-analytic methods are over 50 years old and play

an important role in science; pooling evidence from many trials to provide

answers that any one trial would have insufficient samples to address. On the

other hand, the number of neuroimaging studies is growing dramatically, with

many of these publications containing conflicting results, or being based on

only a small number of subjects. Hence there has been increasing interest in

using meta-analysis methods to find consistent results for a specific functional

task, or for predicting the results of a study that has not been performed

directly. Current state of neuroimaging meta-analysis is limited to coordinate-

based meta-analysis (CBMA), i.e., using only the coordinates of activation

peaks that are reported by a group of studies, in order to “localize” the brain

regions that respond to a certain type of stimulus. This class of meta-analysis

suffers from a series of problems and hence cannot result in as accurate results

as desired.

In this research, we describe the problems that existing CBMA methods are

suffering from and introduce a hierarchical mixed-effects image-based meta-

analysis (IBMA) solution that incorporates the sufficient statistics (i.e., voxel-

wise effect size and its associated uncertainty) from each study. In order

to improve the statistical-inference stage of our proposed IBMA method,

we introduce a nonparametric technique that is capable of adjusting such

an inference for spatial nonstationarity. Given that in common practice,

neuroimaging studies rarely provide the full image data, in an attempt

to improve the existing CBMA techniques we introduce a fully automatic

model-based approach that employs Gaussian-process regression (GPR) for

estimating the meta-analytic statistic image from its corresponding sparse

and noisy observations (i.e., the collected foci). To conclude, we introduce a

new way to approach neuroimaging meta-analysis that enables the analysis

to result in information such as “functional connectivity” and networks of the

brain regions’ interactions, rather than just localizing the functions.
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Chapter 1

Introduction

A statistical meta-analysis combines the results of several studies that address a

set of related research hypotheses, thus increasing the power and reliability of the

inference (Sutton et al., 2000). Meta-analytic methods are over 50 years old (Fisher,

1948) and play an important role in science; pooling evidence from many trials to provide

answers that any one trial would have insufficient samples to address. For example,

a recent meta-analysis of clinical trials of depression found that anti-depressants were

ineffective on all but sickest patients (Kirsch et al., 2008).

The number of neuroimaging studies is growing dramatically, where a conservative

measure of the functional magnetic resonance imaging (FMRI) literature shows a growth

from 2 publications in 1993 to 1,970 publications in 2007 and an exponential growth since

2000, predicting a doubling of the yearly publication rate every 3.5 years1. However many

of these publications contain conflicting results, or are based on only a small number of

subjects. Hence there has been increasing interest in using meta-analysis methods to find

consistent results for a specific functional task. These same methods can also be used to

predict the results of a study that has not been performed directly, by combining studies

that intersect on a particular concept.

The typical number of subjects in an FMRI study is low, from 10 to 20 subjects, which

results in low power (probability of detecting a true positive) and increasing the chance

that the results will not replicate in another group of subjects. For example, Thirion et al.

1Based on a per-year PubMed search of “FMRI” in title or abstract.
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(2007) investigated the reproducibility of statistical inference over different numbers of

randomly-selected subjects from a pool of 80 subjects performing the same task. They

showed that the number of subjects needed to give a generalizable result is greater than

20. This suggests that studies in the literature based on small samples are difficult to

interpret in isolation and researchers could greatly benefit from pooling evidence from

multiple studies.

The standard brain imaging meta-analysis methods are based on just the x,y,z

locations of local maxima in a statistic image. These locations comprise only a small

fraction of all the information in the statistical results, yet the number of publications

using these methods continues to grow. Thus the overall goal of the work that follows is

to understand the limitations of the current imaging meta-analysis methods, and propose

new methods that make better use of the data, and provide more interpretable results.

Having investigated such methods, we conclude by applying them to assessment of the

correspondence between the “active” and “resting” brain in terms of their underlying

functional components and the functional connectivity of such components.

The purpose of this chapter is to provide a brief introduction to both functional MRI

and meta-analysis, describe the current state of neuroimaging meta-analysis, and outline

the rest of the thesis. First, we describe magnetic resonance imaging (MRI) and its

use in functional neuroimaging, design and analysis of neuroimaging studies and a brief

introduction to meta-analysis as a statistical tool for pooling studies. Next, we describe

the recent advances in neuroimaging and challenges that current neuroimaging meta-

analysis is facing. We conclude this chapter with an outline of the thesis, including a

short summary of each chapter.

1.1 Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) is a technique commonly used in visualizing the

anatomy and function of the human body, which employs three main components in

order to generate an image. As the main component, a strong magnetic field is used to
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align nuclear magnetization of the hydrogen atoms’ protons of the water molecules in

the body. The resulting magnetization of the protons is in the same direction as the

main magnet and thus is undetectable. This justifies the use of a radio-frequency (RF)

pulse for altering the alignment of this magnetization in order to produce a transverse

magnetic field that is detectable by the scanner. The hydrogen protons precess at a

known frequency proportional to the strength of the constant magnetic field, known as

the Larmor frequency. Thus, a magnetic field gradient can be used to encode spatial

location in the frequency and (with changing gradients) the phase of the precessing

protons to reconstruct an image. An excellent reference for MR physics and image

formation is Jezzard et al. (2003).

Functional MRI (FMRI) is a specialized MRI scan that indirectly measures changes

in neuronal activity. An increase in local neuronal activity increases oxygen consumption,

which increases blood flow and blood volume. The flow and volume increases provide an

abundance of oxyhemoglobin, decreasing the proportion of deoxygenated haemoglobin,

which results in an increase in signal intensity (Jezzard et al., 2003). While this blood-

oxygen-level dependent (BOLD) signal is not quantitative, and percent change in signal

is only approximately proportional to blood flow change, this is the most commonly used

method in neuroscience imaging studies of human subjects.

1.2 FMRI Study Design and Analysis

An FMRI study consists of imaging the brain while the subject performs a cognitive

task or is at rest. In the first part of this section we describe different steps in a generic

activation-data analysis, which will be followed by a brief introduction to resting-state

data and its analysis.

1.2.1 Activation FMRI

There are two types of experimental designs used in activation FMRI studies: blocked

and event-related design (Amaro and Barker, 2006). In a blocked design, subjects should

13



maintain their cognitive engagement to a series of stimuli of the same condition (presented

subsequently) over a period of time (until the beginning of the next condition’s stimulus

series). The resulting BOLD response corresponds to the whole block and thus has

poor temporal resolution, is strong and robust, and results in more powerful statistical

inference than with event-related designs, in general (Friston et al., 1999). In an event-

related design, however, the BOLD response corresponding to each stimulus (as opposed

to each block in blocked design) is detected, which can be analysed in detail, may be more

robust to artifacts like head motion (because of its speed), allows for randomization of the

order of conditions (and hence more complicated experiments), and allows for analyses

of the individual responses to trials (D’Esposito et al., 1999).

After running the experiment, each subject’s data consists of a 4D volume

corresponding to each voxel’s (i.e., an x, y, z coordinate) activity over time. This data

must be preprocessed, which includes motion correction (and realignment) (Jenkinson

et al., 2002) and spatial smoothing, before voxel-wise modelling of the time series using

a standard haemodynamic response (convolution) function (HRF) (Woolrich et al., 2001;

Beckmann et al., 2003; Woolrich et al., 2004). The final step of a neuroimaging analysis

is the statistical inference (hypothesis testing) using parametric (Worsley et al., 1996;

Poline et al., 1997; Cao and Worsley, 2001; Worsley et al., 2002) or nonparametric

methods (Nichols and Holmes, 2002), including correcting the P-values for the multiple-

comparison problem caused by searching the entire brain for significance (Nichols and

Hayasaka, 2003). The result is an ‘activation map’ for a single subject, which is

thresholded and typically shown as a colour overlay on an anatomical reference image.

Such a single-subject analysis is referred to as a ‘first-level analysis’. In order to combine

different subjects’ results together their brain-images need to be transformed into a

common atlas space (Jenkinson and Smith, 2001; Jenkinson et al., 2002). When multiple

subjects are combined it is referred to as a ‘second-level analysis’. When a second-

level analysis simply pools the intrasubject variance estimates, it produces a ‘fixed-

effects’ (FFX) inference where significance is gauged against within-subject variation
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(measurement error) only. When a second-level analysis considers both within- and

between-subject variation, it is called a ’random-effects’ (RFX) or ’mixed-effects’ (MFX)

analysis. RFX inferences should generalize to the population from which the units (here,

subjects) are sampled to increase the final inference’s statistical usefulness.

In order to form the parametric/statistical maps one can use a general linear model

(GLM) as follows. Consider the analysis of the data from a group of subjects (i.e.,

a group analysis) where there are S subjects and that each subject, s, uses a within-

subject analysis to estimate the effect-size at voxel k (k = 1, ..., K). This subject-specific

effect size, ys,k, can be shown to be given by:

ys,k = αs,k + ws,k, where ws,k ∼ N (0, τ 2
s,k). (1.1)

αs,k = µk + us,k, where us,k ∼ N (0, σ2
k),

where µk is the overall population mean effect at voxel k, αs,k denotes the effect for subject

s, τ 2
s,k represents the within-subject variances, and σ2

k is the random-effects variance (or

the inter-subject heterogeneity variance) (Woolrich et al., 2004). Combining the two lines

in Equation 1.1 gives:

ys,k = µk + us,k + ws,k, (1.2)

which implies that group analysis estimates the voxel-wise group-level mean effect size,

{µk}k=1,...,K , and between-subject variance, σ2
k, using the subject-level summary statistics,

{{αs,k}s=1,...,S}k=1,...,K and {{τ 2
s,k}s=1,...,S}k=1,...,K , e.g., by employing a Bayesian method

such as FLAME (FMRIB’s Local Analysis of Mixed Effects) (Woolrich et al., 2004).

1.2.2 Resting-state FMRI

Spontaneous or ‘resting-state’ fluctuations in the BOLD signal, as measured by FMRI,

may present a valuable data resource for understanding the human neural functional

architecture. Consistent large-scale spatial patterns of coherent signal have been identified

in the human brain using both FMRI and positron emission tomography. Techniques
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assessing functional connectivity, originally applied to BOLD FMRI data alongside

studies of model-driven, task-evoked activation, have also proven useful for resting-state

research and have greatly supported and contributed to increasing scientific interest in

the spontaneous, or ‘default’ neural activity of the brain at baseline. As outlined in Cole

et al. (2010), these methods provide useful conceptual complements to the inferences made

from task-FMRI data, and hence are increasingly being applied across multiple fields of

neuroscience, to further inform our understanding of the fundamental organisation of

processing systems in the human brain.

The majority of approaches to analyzing resting-state FMRI data have thus far

been spatially model-driven, with strong a priori hypotheses regarding the functional

connectivity of a small number of brain regions of interest (ROIs) or individual voxel

locations of interest. Recently, however, a great deal of attention has been focused on the

patterns of connectivity between multiple ROIs within spatially distributed, large-scale

“networks”, characterized via both model-driven (e.g., seed-based correlation analysis)

and data-driven analyses (e.g., independent component analysis (Beckmann et al., 2005)).

These patterns have been variously termed ‘intrinsic connectivity networks’, or ‘resting-

state networks’ (RSNs). They are purported to reflect the intrinsic energy demands

of neuron populations that, via firing together with a common functional purpose,

have subsequently wired together through synaptic plasticity. RSNs can be reliably

and reproducibly detected at individual subject and group levels across a range of

analysis techniques. A characteristic set of co-activating functional systems is found

consistently across subjects (Beckmann et al., 2005; Smith et al., 2009), stages of cognitive

development, and degrees of consciousness (please see Cole et al. (2010) for an extensive

review).

1.3 Meta-analysis

In statistical hypothesis testing, there are two types of errors (or incorrect conclusions)

that can be made. If a null hypothesis is incorrectly rejected when it is in fact true, this
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is called a “Type I” error (also known as a false positive). A “Type II” error (also known

as a false negative), however, occurs when a null hypothesis is not rejected despite being

false. Small sample size, which happens to be an issue in neuroimaging studies, increases

the chance of Type II error and hence reduces the statistical power (i.e., the probability

that the test will reject a false null hypothesis) of the analysis (Thirion et al., 2007).

In order to overcome the statistical power problem of individual studies, meta-analysis

pools a group of studies by employing appropriate statistical methods, in order to achieve

a more reliable and powerful inference. Standard meta-analysis methods are typically

based on combining the Z-stats or P-values of a group of studies. As reviewed in Lazar

et al. (2002), the two most common methods are the Fisher’s P-value combining (based

on −2
∑n

i=1 log Pi ∼ χ2
2n statistic) and Stouffer’s average Z-stat method (based on

√
nZ̄

statistic). These methods test the null hypothesis that all the studies are truly negative,

resulting in a fixed effects inference. This type of inference can be driven by a single

study and thus does not reflect the consistency of the studies considered.

While a behavioural study can completely report the Z-stats or P-values in one or

more tables in a published report, a neuroimaging study has 10’s or 100’s of thousands

of statistic values that can only be partially reported by traditional paper publication.

Thus, neuroimaging papers summarize their results by providing the readers with a series

of brain images (qualitative results) and a table including the local maxima locations

(i.e., (x,y,z) coordinates) in a standard space (quantitative results). In spite of different

solutions proposed for sharing the raw data or sufficient summary statistic images,

neuroimaging still suffers from the lack of such data-sharing policy. As a result, the input

to the standard neuroimaging meta-analysis consists of such coordinate lists, which we

refer to as coordinate-based meta-analysis (CBMA). CBMAs harvest coordinates from

individual journal papers or from curated databases such as BrainMap2 (Laird et al.,

2005b). There are several limitations to CBMA methods, one being the information

loss due to the relative sparseness of such a representation of the image results, and

2http://www.brainmap.org

17



another being that coordinates are very sensitive to methods adopted in the study, from

thresholding to report preparation (e.g., how many foci per cluster are reported) (Wager

et al., 2007, 2009).

One of the first CBMA approaches was Fox et al.’s functional volumes modelling

(FVM) method (Fox et al., 1997), though it lacked a formal statistical framework (Fox

et al., 1998). The FVM method assumed a Gaussian spatial distribution of

activations (Fox et al., 1999), though subsequent authors relaxed this assumption using

non-parametric modelling of the distribution of foci (Nichols and Holmes, 2002; Wager

et al., 2007). Currently, there are three widely used CBMA methods: ALE, KDA and

MKDA. ALE, or activation likelihood estimation (Turkeltaub et al., 2002), is implemented

in software provided by the BrainMap database. In brief, ALE constructs ‘likelihood’

maps for each activation focus by placing a 3D Gaussian density with specified FWHM at

the focus location; these maps are then combined with the addition rule for probabilities,

giving the probability that one or more foci are near a given voxel. KDA, or kernel

density analysis (Wager et al., 2004) also treats each focus independently, but instead

uses a spherical kernel and a simple addition rule to produce a map showing the number

of foci within a given radius. MKDA, or multi-level KDA (Wager et al., 2007), does not

treat each focus independently, and instead creates a binary map for each study, showing

where there is one or more foci within a given radius; these study binary maps are then

averaged, giving the proportion of studies having any foci within a given radius from a

voxel. Unlike ALE and KDA, MKDA does not treat all foci equally and uses studies as

the units of analysis, and thus minimizes the potential for one study with many foci to

drive a meta-analytic result.

While authors of meta-analyses rarely have access to the complete original datasets,

when they are available, it is natural to perform an image-based meta-analysis (IBMA),

which combines whole-brain statistic volumes, rather than just using a summary of them

(i.e., a list of local maxima coordinates). To account for both within- and between-

study variance, a hierarchical FFX or MFX model is a natural approach. In FMRI a
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generic hierarchical modelling framework is often used where, instead of modelling all of

the data at all levels simultaneously, summary statistics are passed between levels of the

hierarchy (Beckmann et al., 2003; Woolrich et al., 2004). It was shown by Beckmann et al.

(2003) that a “two-level MFX model with its study-level parameters being estimated from

parameter and variance estimates of the subject level” can be made equivalent to a “single

complete mixed-effects model whose parameters are estimated directly from all of the

original single sessions’ time series data” if the (co-)variance at the second level is set equal

to the sum of the (co-)variances in the single-level form. This statement is generalizable

to fMRI meta-analysis, i.e., IBMA only requires the values of the parameter estimates and

their (co-)variance from each study, generalizing the well-established “summary statistics”

approach to IBMA.

Thus, an essential requirement of such models is that both effect size (contrast of

parameter estimate, or COPE) images and their variance (variance of the contrast of

parameter estimate, or VARCOPE) images are passed up from one level to the next,

allowing subjects with poor precision to be down-weighted relative to high precision

subjects, and provide MFX inferences that incorporate both within- and between-subject

variation. At the third level, such methods down-weight studies with poor precision,

and results in inferences that account for both within- and between-study variation. If

between-study random variation is not of third-level analysis’s interest, FFX model can be

employed instead. Justification and interpretation of such models are discussed in Higgins

et al. (2009).

1.4 Meta-analytic Inference under Nonstationarity

When detecting changes in functional or structural brain image data in a meta-analysis

(as well as a study-level analysis), it is necessary to have powerful inference methods

that offer precise control of false positive risk. Once a meta-analytic statistic image

is created that assesses the evidence of an effect at each voxel, the two most common

“thresholding” approaches are voxel-based and cluster-based inference. While voxel-wise
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methods use a single threshold to classify signals as “real,” cluster-based inference uses

two thresholds, an arbitrary cluster-forming threshold followed by a cluster-size threshold

to label clusters as “real”. Cluster-based inference has a higher sensitivity compared to

voxel-intensity-based tests when the signal is spatially extended (Friston et al., 1996;

Poline et al., 1997).

An approach closely related to cluster-wise inference, that can be applied to meta-

analytic statistic images, is threshold-free cluster enhancement (TFCE) (Smith and

Nichols, 2009), which removes the dependence on the arbitrary cluster-forming threshold

uc. TFCE attempts to keep the sensitivity benefits of cluster-based inference (by using

the cluster size information at a range of possible uc values), while avoiding an arbitrary

choice of a single uc. The method produces a voxel-wise output image in which each

voxel’s value represents the accumulative cluster-like local spatial support over a range

of cluster-forming thresholds.

When the image noise (i.e., IBMA model’s residual) fails to have uniform smoothness

it is said to be “nonstationary”, as the correlation between neighboring voxels depends

on where the voxels are located. Under nonstationarity, the sensitivity and specificity

of a (standard, stationary) cluster-size test depend on local smoothness of the image,

as bigger clusters are expected in smoother areas. Thus, any improvement in adjusting

the statistical inference for nonstationarity can be of both study-level and meta-analytic

inference’s interest.

To overcome this problem, cluster sizes can be adjusted for nonstationarity with

a local smoothness estimate based on RFT (Worsley et al., 1996). Alternatively, the

adjusted cluster-size statistic can be assessed with a permutation test to obtain P-values,

constituting a semi-parametric approach (Hayasaka et al., 2004): The statistic is derived

using parametric RFT to adjust for the impact of spatially-varying smoothness, but non-

parametric permutation is used to assign P-values. A comparison of the results from such

adjusted cluster-size statistics and the maximal-voxel statistic is presented in Moorhead

et al. (2005). TFCE, on the other hand, has been shown to give generally better sensitivity
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than other methods over a wide range of test signal shapes and SNR values (Smith and

Nichols, 2009; Smith et al., 2008). However, TFCE’s performance when nonstationarity

is present has not been studied to date.

1.5 Existing Meta-analytic Problems

As previously described, current state of neuroimaging meta-analysis is limited to CBMA,

i.e., using only the coordinates of activation peaks that are reported by a group of studies,

in order to “localize” the brain regions that respond to a certain type of stimulus.

This class of meta-analysis suffers from a series of problems and hence cannot result

in as accurate results as desired. Depending on such problems in the analysis being

related to the input, output or underlying model, we call them “input, output and

model problems”, respectively. Even when carrying out an IBMA using the full COPE-

VARCOPE data, a highly recommended approach is to use cluster-related (e.g., standard

and threshold-free-enhanced cluster size) statistics, whose results are shown to be very

sensitive to the spatial variation in image smoothness and hence require an adjustment

for nonstationarity (Hayasaka et al., 2004) (i.e., “nonstationarity problem”). Finally,

there are other ways to approach neuroimaging meta-analysis to enable the analysis to

result in information such as “functional connectivity” and networks of the brain regions’

interactions (Smith et al., 2010), rather than just localizing the functions (i.e., “approach

problem”).

Input problem It is important to appreciate the censoring that takes place by

summarizing the full statistic images with a list of (x,y,z) coordinates. Well-established

summary statistics approach to hierarchical neuroimaging modelling implies that in order

to have the highest level of inference (e.g., a meta-analysis) as accurate as pooling all the

lowest-level data (e.g., subject-level BOLD time series) in a single-level model, voxel-wise

COPE and VARCOPE at lower levels must be passed on to the higher levels. However,

in CBMA, COPE-VARCOPE images (each with 100s of thousands of values) are first
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converted into a Z-stat image from which, approximately 10 to 20 (x,y,z) coordinates

are incorporated in the analysis. It is clear that this is likely to result in a great loss of

information, which will influence the meta-analysis result.

Model problem In spite of the censored nature of CBMA input data (i.e., a small

group of voxels), existing CBMA models such as ALE and KDA, require their users to

further censor the data by excluding the effect-size estimates (e.g., Z-stat) corresponding

to the input coordinates. This also makes it impossible for the existing models to jointly

incorporate the activation and deactivation information. In order for ALE and KDA

to offer a solution that incorporates both activation and deactivation foci, they run two

separate analyses: one using activation information, and the other using deactivation

information. An additional problem caused by excluding the effect size is automatic

estimation of the image smoothness. The only attempt made to infer the meta-analytic

images’ smoothness was by Eickhoff et al. (2009), by using the coordinate information.

However, smoothness represents how similar voxel-wise “effect sizes” are as a function

of their spatial distance from each other. Thus, any smoothness measure that does not

incorporate effect-size similarity into account, will suffer from an estimation-accuracy

problem.

Output problem This category of current CBMA problems addresses the fact that the

output of methods such as ALE and KDA is different from what is provided by standard

(image-based) analyses. That is, in an ideal world, one would prefer the CBMA results

to resemble IBMA results, which is a COPE and VARCOPE (i.e., a mean effect and its

standard deviation). Another important strength of IBMA is its RFX model that can

account for heterogeneity in the study pool. Since such RFX variance is estimated based

on the mean and SD of the study-level “effect sizes”, which cannot be incorporated by

CBMA, coordinate-based method still cannot yet provide an ideal output.
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Nonstationarity problem One solution to avoid the previous problems is to use

the study-level sufficient statistics and carry out an IBMA. However, as previously

shown Hayasaka et al. (2004), validity of cluster-related inference, as one of the most

advocated techniques for image-based inference, depends on stationarity of the statistical

image. The problem is caused by the fact that in nonstationary images, clusters tend

to be larger in smooth regions than in rough regions just by chance. Thus, in order to

achieve an accurate meta-level inference, choosing IBMA over CBMA is not enough and

requires an extra adjustment in order to cancel this effect out.

Approach problem Finding solutions for the above problems will presumably result

in an accurate meta-level localization. However, given the number of studies that are

stored in a large neuroinformatic database, one can redefine the meta-analysis problem

as “finding the network of the brain-regions’ interaction” rather than “finding the regions

in charge of a certain class of stimuli”. Under this approach, one can use the rich literature

of graphical models and functional connectivity in order to address the structure under

which the brain regions interact with each other (Smith et al., 2010).

1.6 Outline of the Thesis

The general outline of the thesis is as follows. Although we appreciate that some

researchers may not have access to full-image data, for those who have this luxury, we first

(in Chapter 2) introduce an IBMA technique and advocate it as the ideal solution. For

those employing this solution, we recommend a complementary analysis (in Chapter 3) in

order to adjust the (cluster-related) inference for the nonstationarity in the data. Given

that most neuroimaging meta-analyses are CBMA and that existing CBMA techniques

suffer from multiple weaknesses (e.g., subjective model selection, and excluding the effect

size from the analysis), for those who cannot employ our IBMA solution (described in

Chapters 2 and 3), we introduce a novel CBMA technique (in Chapter 4) that results in

an accurate MFX meta-analysis. We conclude our research (in Chapter 5) by introducing
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a new way of analyzing coordinate data (e.g., from BrainMap), where instead of using

them for localizing activation in the brain, we introduce methods for analyzing them

jointly with (resting-state) BOLD time-series, in order to pinpoint the structure of the

brain’s functional connectivity. This last solution can be useful for addressing cognitive

neuroscience questions such as the extent of correspondence between the activation and

rest, in terms of their functional connectivity.

In more detail, each of the major research chapters independently addresses one or

more problems from the ones described above. That is, apart from the introductory text

in Chapter 1, each of the other chapters has its own literature review, materials and

methods description and conclusions.

Chapter 2 introduces a hierarchical IBMA technique (addressing CBMA’s input

problem) and presents the results from the evaluation of CBMA methods; using full image

data of a set of studies to directly compare the results with when a sparse representation

of the same data is used. By definition CBMA methods retain less information from each

study than IBMA methods, but this work attempts to quantify how much information is

lost, whether the CBMA methods can capture similar patterns of activations that IBMA

methods provide, and how sensitive the CBMA results are to the change in the value of

their spatial tuning parameters.

Chapter 3 is about adjusting the image-based inference (such as the one introduced

in Chapter 2) for the nonstationarities (addressing the nonstationarity problem).

Neuroimaging inference depends on the local image smoothness, as activation areas tend

to be larger in smoother regions by chance alone. In order to adjust the inference for

such nonstationarities, activation extents can be adjusted according to a local smoothness

estimate. In our new model empirically-estimated average cluster size at each voxel

is defined as a measurement of image smoothness. This adjustment technique plus

the standard approach (using random-field theory) are employed in a nonparametric

framework and tested on both simulated and real data; results show improvement in

inference accuracy.
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Chapter 4 returns to the coordinate-based meta-analysis in an attempt to improve the

existing CBMA methods (addressing CBMA’s input, output and model problems). In

common practice, although IBMA is recommended, neuroimaging studies rarely provide

the full image data and instead only report the magnitude and coordinate of their

activation peaks in the papers. On the other hand, current CBMA models incorporate

minimal information from published studies and do not infer the parameters of their

model from the data, and hence result in an inaccurate solution. We solved these problems

by employing Gaussian-process regression (GPR) for estimating the underlying statistic

image at the location of each voxel given sparse noisy observations from the landscape

at some nearby voxels. Our results on both simulated and real data show that GPR

outperforms the existing CBMA techniques and is capable of offering an accurate solution

to the problems that the current CBMA techniques suffer from.

Chapter 5 employs some of the previously described models in order to extract the

functional components of the brain (at both activation and rest) and infer the structure

of their multi-way interaction (addressing the approach problem). Neural connections,

providing the substrate for functional networks, exist whether or not they are functionally

active at any given moment. However, it is not known to what extent brain regions are

continuously interacting when the brain is “at rest.” In this work, we identify the major

explicit activation networks by carrying out an image-based activation network analysis

of thousands of separate activation maps derived from the neuroinformatic databases

of functional imaging studies, involving nearly 30,000 human subjects. In addition, we

extract networks of covariation when the brain is “at rest” by using resting FMRI data of

36 subjects. The results show that the full repertoire of functional networks utilized by the

brain in action is continuously and dynamically active even when at rest. Next, we carry

out a joint multivariate exploratory analysis of resting-state FMRI and activation data in

order to pinpoint the structure of the underlying network of interactions. However, like

others we have found that network modelling using a high number of nodes is difficult

(at least for the task database), hence, we used a log-linear graphical model to look for
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interactions, finding triplets of functional nodes which appear to interact (i.e., when one

node modulates the functional connection between the other two).
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Chapter 2

Meta-analysis of Neuroimaging
Data: a Comparison of Image-based
and Coordinate-based Pooling of
Studies
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Abstract

With the rapid growth of neuroimaging research and accumulation of

neuroinformatic databases the synthesis of consensus findings using meta-

analysis is becoming increasingly important. Meta-analyses pool data across

many studies to identify reliable experimental effects and characterize the

degree of agreement across studies. Coordinate-based meta-analysis (CBMA)

methods are the standard approach, where each study entered into the

meta-analysis has been summarized using only the (x,y,z) locations of peak

activations (with or without activation magnitude) reported in published

reports. Image-based meta-analysis (IBMA) methods use the full statistic

images, and allow the use of hierarchical mixed effects models that account for

differing intra-study variance and modeling of random inter-study variation.

The purpose of this work is to compare image-based and coordinate-based

meta-analysis methods applied to the same dataset, a group of 15 FMRI

studies of pain, and to quantify the information lost by working only with

the coordinates of peak activations instead of the full statistic images. We

apply a 3-level IBMA mixed model for meta-analysis, highlighting important

considerations in the specification of each model and contrast. We compare

the IBMA result to three CBMA methods: ALE, KDA and MKDA, for various

CBMA smoothing parameters. For the datasets considered, we find that ALE

at σ = 15mm, KDA at ρ = 25 − 30mm and MKDA at ρ = 15mm give the

greatest similarity to the IBMA result, and that ALE was the most similar

for this particular dataset, though only with a Dice similarity coefficient of

0.45 (Dice measures range from 0 to 1). Based on this poor similarity, and the



greater modeling flexibility afforded by hierarchical mixed models, we suggest

that IBMA is preferred over CBMA. To make IBMA analyses practical,

however, the neuroimaging field needs to develop an effective mechanism for

sharing image data, including whole-brain images of both effect estimates and

their standard errors1.

1The work in this chapter has appeared as Salimi-Khorshidi et al. (2009a).
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2.1 Introduction

The number of neuroimaging studies is growing dramatically, with the FMRI literature

having grown from 2 publications in 1993 to 1,970 publications in 2007, and exponential

growth since 2000 predicting a doubling of the yearly publication rate every 3.64 years2.

However many of these publications contain conflicting results, or are based on only a

small number of subjects. Hence there has been increasing interest in using meta-analysis

methods to find consistent results for a specific functional task. These same methods can

also be used to predict the results of a study that has not been performed directly, by

combining studies that intersect on a particular concept.

Many neuroimaging studies are under-powered, with the typical number of subjects

ranging from 10 to 20 subjects. The main challenge in performing statistical inference

over such small sample sizes is the limited power and, related, the chance that results

will be reproduced in another group of subjects. For example, Thirion et al. (2007)

investigate the reproducibility of statistical inference over different numbers of randomly-

selected subjects from a pool of 80 subjects performing the same task. They show that

the number of subjects needed to give a generalizable result is greater than 20. This

suggests that studies in the literature based on small samples are difficult to interpret in

isolation and researchers could greatly benefit pooling evidence from multiple studies.

A statistical meta-analysis combines the results of several studies that address a

set of related research hypotheses, thus increasing power and reliability (Sutton et al.,

2000). While authors of meta-analyses rarely have the complete original datasets, when

they are available, it is natural to perform an image-based meta-analysis (IBMA) which

combines whole-brain statistic volumes, rather than just using a summary of them (i.e.,

a list of local maxima coordinates). Lazar et al. (2002) review a number of ways to

combine different subjects’ statistic maps, and such methods can equally be applied to

combining different studies’ maps. In particular, the Fisher’s P-value combining method

2Based on a per-year PubMed search of “FMRI” in title or abstract.



and Stouffer’s average Z method (
√

nZ̄) have frequently been used in traditional meta-

analyses. These methods are fixed effects (FFX) methods, however, and their output

does not reflect the consistency of the studies considered.

To account for both within- and between-study variance, a hierarchical mixed effects

(MFX) model is a natural approach. In FMRI a generic hierarchical modeling framework

is often used where, instead of modeling all of the data at all levels simultaneously,

summary statistics are passed between levels of the hierarchy (Beckmann et al., 2003;

Worsley et al., 2002). While this work has generally been used to combine first-level

intra-subject FMRI model results into a second-level group FMRI model, it can be equally

well used to combine multiple second-level studies into a third-level meta-analysis. An

essential component of the work is that both effect size (contrast of parameter estimate)

images and their variance (variance of the contrast of parameter estimate) are passed up

from one level to the next, allowing subjects with poor precision to be down-weighted

relative to high precision subjects, and provide MFX inferences that incorporate both

within- and between-subject variation. At the third level, this translates to a method

that can down-weight studies with poor precision, and inferences that account for both

within- and between-study variation. At the third level, between-study random variation

may not be of interest and so FFX may be used instead. For example, if one only wants

to obtain the most sensitive pooling of a group of studies, a FFX inference at the 3rd

(study) level would be appropriate. If, on the other hand, one wants to find the areas

found most reliably in many studies, then a 3rd level MFX inference would be desired.

In common practice, neuroimaging studies rarely provide the full image data, and

instead only activation foci magnitude and location are reported in journal papers,

or submitted to results databases such as BrainMap3 (Laird et al., 2005b). Hence

most meta-analysis methods are based only on activation foci in a standard space (e.g.

MNI152) and we called this the coordinate-based meta-analysis (CBMA) approach.

There are several limitations to CBMA methods, one being the information loss due

3http://www.brainmap.org
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to the relative sparseness of such a representation of the image results, and another being

that coordinates are very sensitive to methods adopted in the study, from thresholding to

report preparation (e.g., how many foci per cluster are reported) (Wager et al., 2007). For

example, from one single dataset, three different sets of foci could be obtained depending

on whether just three local maxima per cluster are reported (the default in SPM) above

a corrected threshold, all local maxima are reported above a corrected threshold, or all

maxima above an uncorrected threshold are reported. Since there is no universal standard

for reporting results, CBMA methods should ideally take account of these differences but

rarely do.

CBMA approaches were pioneered by Fox et al.’s functional volumes modeling (FVM)

method (Fox et al., 1997), though it lacked a formal statistical framework (Fox et al.,

1998). The FVM method assumed a Gaussian spatial distribution of activations (Fox

et al., 1999), though subsequent authors relaxed this assumption using non-parametric

modeling of the distribution of foci.

Currently, there are three widely used CBMA methods: ALE, KDA and MKDA.

ALE, or activation likelihood estimation (Turkeltaub et al., 2002), is implemented in

software provided by the BrainMap database. In brief, ALE constructs ‘likelihood’ maps

for each activation focus by placing a 3D Gaussian density with specified FWHM at the

focus location; these maps are then combined with the addition rule for probabilities,

giving the probability that one or more foci are near a given voxel. KDA, or kernel

density analysis (Wager et al., 2004) also treats each focus independently, but instead

uses a spherical kernel and a simple addition rule to produce a map showing the number

of foci within a given radius. MKDA, or multi-level KDA (Wager et al., 2007), does not

treat each focus independently, and instead creates a binary map for each study, showing

where there is one or more foci within a given radius; these study binary maps are then

averaged, giving the proportion of studies having any foci within a given radius from a

voxel. Unlike ALE and KDA, MKDA does not treat all foci equally and uses studies as

the units of analysis, and thus minimizes the potential for one study with many foci to
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drive a meta-analytic result.

By definition, the CBMA methods retain less information from each individual study

than IBMA methods. However, it is an open question as to how much information is lost,

and whether the CBMA methods can capture similar patterns of activations that IBMA

methods provide. Further, the CBMA methods have spatial tuning parameters (Gaussian

FWHM for ALE, and sphere radius for KDA and MKDA) which have no objectively-

defined optimal setting. Hence the purpose of this work is to compare CBMA results

to IBMA results for a variety of CBMA tuning parameter settings, to understand the

relative sensitivity of each method and how performance depends on CBMA parameters.

2.2 Materials and Methods

In this section we first describe IBMA methods, reviewing the hierarchical MFX model,

itemising practical issues and discussing when a MFX versus FFX model is appropriate.

We then describe and compare the three considered CBMA methods. After introducing

the collection of pain datasets used, we present the evaluation methods used to compare

the different IBMA and CBMA methods.

2.2.1 IBMA Analyses

Several preparations must be made before any IBMA. First, all image data or relevant

summary images must be warped into a common atlas space. While this is a fundamental

pre-processing step, it is important that the atlas is the same for all subjects and all

studies, and that the warping methods are as similar as possible between studies. All

images should use the same size kernel smoothing, though if subjects come from different

imaging centers a “Smooth to” strategy can be used (Friedman et al., 2006).

Another fundamental issue with IBMA methods is masking. Most standard analysis

software will only analyze a voxel if all subjects (or studies) have data. This means that

the analysis mask is the intersection of all the masks contributing to the model, which can

result in dramatic erosion of the brain volume analysed. In particular, a single subject
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with some missing data (e.g. due to motion, or a poor anatomical-functional alignment)

can dramatically reduce the final analysis mask.4 It is important to be aware of such

effects and ameliorate these through either careful investigation of each session’s data,

generous intrasubject mask definition, or the use of statistical methods that allow for

missing data.

IBMA methods that are only based on Z or T statistic images are unitless, while

methods that use effect magnitude images require great care to ensure compatible units

between the design matrices and contrasts in each study. For example, if one study has

BOLD regressors with a baseline-to-peak height of 1 and a second study has BOLD

regressors with a baseline-to-peak height of 2, then first study will have parameter

estimate units twice that of the second study. Similar issues arise with respect to

compatibility of contrasts, especially those expressing differences between conditions or

groups. The best strategy is to ensure that all intrasubject model predictors have the same

scaling, and that all contrasts preserve that scale. To ensure that a contrast preserves the

units of the predictors, it is usually sufficient to require that all positive contrast elements

sum to 1.0 and all negative elements (if any) sum to -1.0.

There are a variety of possible IBMA analysis methods (described next), but each can

be classified as providing either FFX or MFX inferences. A FFX meta-analysis measures

evidence for a non-zero effect relative to the inter-subject variability pooled over studies,

while a MFX meta-analysis measures an effect relative to the combination of inter-subject

and inter-study variability. As meta-analysis is often used to increase power with less

concern given to inter-study consistency, a FFX may well be the most appropriate type of

inference, whereas a MFX inference should only be required if a strong statement about

inter-study consistency is needed.

4Note that the FSL 4.0 software introduced a new masking approach that resulted in a smaller mask
than in previous versions, sometimes resulting in severely contracted group masks. FSL 4.1 uses a more
generous masking scheme and is recommended for IMBA or any study using a large number of subjects.
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2.2.1.1 Combining Methods

One approach to IBMA is the generic combining of statistic images, one per study. For

a thorough review of this approach see Lazar et al. (2002), which discusses many of

the well-known methods in the meta-analysis literature. In this work we consider only

Fisher’s P-value combining method (−2×
∑

i ln Pi, where Pi is the uncorrected p− value

of the ith study) and Stouffer’s Z-transform test (
∑

i Zi/
√

n, where Zi is the z-score for

the ith study). These two methods are FFX methods, which provide evidence of one or

more studies possessing an effect. One limitation of Fisher’s method is that it can give

significant results even when the signs of one-sided tests input to it are highly discordant,

while conflicting signs will cancel with the Stouffer’s method.

2.2.1.2 Single-level Regression

The simplest model for the effect magnitude data is a single regression model for all data.

If all first-level time series data are modeled at once, the resulting (giant) regression model

would yield FFX inferences. This requires massive computing resources to simultaneously

access gigabytes of data, therefore it is not really practical and thus we do not consider

it further.

A regression of the study-level data, in contrast, is very practical. It consists of

an ordinary least square (OLS) regression, a simple unweighted analysis of mean effect

magnitude data (one per study), as is typically done in SPM and as is available in many

other packages such as FSL and AFNI. This produces MFX inferences, but does not

weight studies according to their sample size or standard errors. Hence we prefer a multi-

level model which weights each study according to study-level precision and which can

produce either FFX or MFX inferences.

(One may think of an OLS analysis of study-level MFX Z-score data, instead of effect

magnitude data. While this provides a kind of MFX inference, as between study variance

is considered and the z-scores themselves convey group-level significance, the fitted model
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is difficult to interpret as it is modeling average significance rather than average effect

magnitude. However, we include in our results as “Stouffer’s-MFX” for completeness.)

2.2.1.3 Hierarchical Model for Fixed- or Mixed-Effects Inferences

A multi-level hierarchical model (Beckmann et al., 2003; Woolrich et al., 2004; Worsley

et al., 2002) fits data of any kind that is grouped within levels, for example time-

series data within subjects, or subject data within studies. We first describe it in

terms of combining subjects for a single group analysis5. First, each subject is modeled

individually, producing effect estimates and standard errors. Next these intrasubject

effects and standard errors are modeled together, producing group-level effect estimates

and separate within- and between-subject variance estimates. For a MFX inference

(FLAME-MFX), each subject is individually weighted according to the balance of their

within-subject and the between-subject variance, producing an optimal estimate of the

population effect. For a FFX inference (FLAME-FFX), the between-subject variance is

ignored, but subjects are still individually weighted (unlike OLS) using just the within-

subject variance.

2.2.1.4 Hierarchical Model for Image-based Meta-analysis

We use this same multi-level hierarchical framework to fit a three-level meta-analysis

model: Level 1 is the intra-subject modeling of each subject’s FMRI time series data,

level 2 is the inter-subject analysis for each study, and level 3 is the inter-study meta-

analysis. For details of the FSL’s FLAME method used we refer the reader to the original

citations (Beckmann et al., 2003; Woolrich et al., 2004), but in brief: At level 1, temporal

autocorrelation is modeled voxel-wise, providing efficient estimates of each subject’s effect

estimates; at level 2, after alignment into standard space, each subject’s effect estimates

and standard errors are combined to give a mean group effect size estimate and MFX

variance; at level 3, the study-level effect sizes and variances are again jointly modeled to

5A multi-level hierarchical model is implemented in the FSL software’s “FMRIB’s local analysis of
mixed effects” or FLAME package, http://www.fmrib.ox.ac.uk/fsl
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provide either MFX or FFX inference. The 3rd level model will typically be very simple

(e.g. a column of ones to estimate the mean effect over studies), but can have any form.

For example, a 3rd level model could be used to test for differences between studies or

account for study-level covariates.

Note that a potential source of confusion is how, at both level 2 and 3, either MFX

or FFX inferences can be produced. We are not advocating the use of FFX standard

errors at the second (study) level. In both single-study and multiple-study analyses, it is

crucial that the second-level standard errors incorporate the between-subject variation.

Otherwise the final meta-analysis will not reflect between-subject variation in response

magnitudes and will have a very limited interpretation. Hence, the only inference choice

is whether to use MFX or FFX at the 3rd level.

2.2.2 CBMA Analyses

While there have been a wide variety of methods proposed for CBMA (Fox et al., 1997,

1998, 1999; Chien et al., 2002; Neumann et al., 2005), we have limited our evaluations to

three: ALE, KDA and MKDA. In all three methods a map of the evidence for activations

is created based on a set of foci coordinates. A qualitative 1D example is shown in

Figure 2.1. All of the methods assess significance using a Monte Carlo resampling

approach where, under the null hypothesis of no coherent activation, the foci are randomly

distributed across space. At each voxel an uncorrected p-value is obtained by counting the

number of Monte Carlo realisations that equal or exceed the original value. Family-wise

error corrected p-values can similarly be obtained by counting the number of realisations

where the maximal (image-wise) value exceeds the original value.

2.2.2.1 ALE

For each focus, ALE scores each voxel as a function of its distance from that focus using

a Gaussian kernel of size σ (Turkeltaub et al., 2002). After this step, each voxel has

a vector of “activation likelihood” probability values whose elements correspond to foci

(one probability per foci). These values are assumed to be independent (the occurrence
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Figure 2.1: Illustration of a 4-study, 1-dimensional meta analysis. A true signal (dashed
line) is created and four simulated statistic “images” are created by adding smoothed
white noise to the true signal (bold lines in the first column of the first four rows). To
apply CBMA to these simulated 1D studies, local maxima (foci) are extracted from each
observed signal (circles on the bold lines). Next, the locations of these foci are fed into
each CBMA technique. In the last row, the results of each method in reproducing the true
signal using the foci are shown. As can be seen, averaging over the complete signals (as
IBMA does) yields a better estimate of truth compared to using local maxima (CBMA).
ALE results in a smooth estimate (due to its Gaussian kernel) which KDA and MKDA
are rougher (due to its spherical kernel). Note that the “true” profile is generated as a
sum of Gaussian densities, which is most consistent with the ALE method.
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of one focus is assumed to give no information about whether or not the other foci

will occur) and then combined with the addition rule for probabilities to yield the final

activation likelihood, or ALE statistic value. This statistic indicates the probability

of having at least one peak lying in that particular location, based on the Gaussian

model for each focus. The procedure is repeated with Monte Carlo realisations of the

data (the same number of foci randomly distributed over the brain) building up a null

distribution of ALE maps. The significance test formally tests the global null hypothesis

of no coherent activation, but rejecting this null hypothesis voxel-wise should provide

evidence of consistent activation at a particular location. Pseudo-code for ALE is shown

in Appendix A.1 and a 1D simulated example is shown in the second column of Figure 2.1.

2.2.2.2 KDA

KDA is similar to ALE, but uses a different kernel and method for combining the statistic

maps. KDA creates maps for each focus with a spherical indicator function “kernel”, with

a radius ρ (Wager et al., 2004, 2007). A statistic map is created by summing, producing a

map of the number of peaks activated within radius ρ. Similarly to ALE, a Monte Carlo

test is used to reject the global null hypothesis of no coherent activation. Pseudo-code

for KDA is shown in Appendix A.2 and its 1D simulation is shown in the third column

of Figure 2.1.

2.2.2.3 MKDA

A clear limitation of both ALE and KDA is the independent treatment of each focus. If

one study has 100 foci and another only 10, the first study will have an immense impact

on the results, even if the increased number of foci is only due to different thresholding.

The ALE and KDA Monte Carlo procedures also independently scramble each focus,

even though a null study would be expected to generate some clustering of foci, due to

the smoothness of the image data.

MKDA (Wager et al., 2007) attempts to address these limitations with two

modifications to KDA. First, the convolved images are summed by study and truncated at
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unity, creating study-specific images which indicate the presence of one or more foci within

radius ρ. These study images are averaged, creating the mean number of studies that have

one or more foci near a given voxel. This provides robustness to possible bias from studies

that systematically report more foci per cluster and produces a more interpretable map.

Second, the Monte Carlo procedure scrambles foci as clusters, producing realisations that

bear greater resemblance to real data (i.e., have clustered foci) but lack any inter-study

coherence. Hence MKDA is testing against a more realistic null hypothesis (no study-level

coherence) and, since no single study can contribute disproportionately to the result, it

is expected to produce more reliable and reproducible activation results. Pseudo-code for

MKDA is shown in Appendix A.3 and its 1D simulation is shown in the fourth column

of Figure 2.1.

2.2.2.4 Group Comparisons with CBMA Methods

While the CBMA methods don’t have the flexibility of the hierarchical modeling

framework described above, it is possible to make simple tests between groups of studies.

As presented in (Laird et al., 2005a), if two groups of studies are separately analyzed

for creating their corresponding whole-brain statistic maps, subtracting these two maps

gives a measure of the difference contrast. Statistical significance of this difference map

is assessed with respect to a null distribution of no coherence in either maps, created

by taking null maps from each analysis and computing the difference. The final result

provides evidence for difference in activation, though this approach has several caveats

(detailed in the Discussion section).

2.2.3 Data

The aim was to pool results of 15 pain studies to find regions of activation induced by

painful stimuli. In total, 163 healthy adult subjects were imaged (age range 20-35 y, mean

26.2 y; 97 male, 66 female) in either a 3T Siemens Trio MRI scanner (using a 12-channel

head coil), or 3T Varian MRI scanner (using a 4-channel head coil). All data employed

had been collected in accordance with local ethics approval. In spite of some differences,
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all studies concentrated on pain as the main effect of interest. In three of these studies,

a pain stimulus is combined with some language-related explanatory variables (EVs, or

covariates). In two other studies, a painful stimulus is combined with some cues that warn

or deceive subjects about an upcoming painful stimulus. Another group of six studies

considers the effect of treatment on subjects’ pain perception. In the other four studies,

a pain stimulus is modulated to obtain different perceived pain levels. All studies have

at least one pain EV, which allows us to form a simple “pain” contrast for each subject

at the first level (and consequently at second and third levels) (Iannetti et al., 2005).

Despite having a pain covariate in all studies, the pain delivery mechanisms are

different across the studies. For example, six of the studies used a mechanical pain

stimulus, while the other nine studies used a thermal pain stimulus. We investigate a

differential response to the two forms of pain delivery in 3rd level (meta) analysis. The

result of this analysis will be areas of the brain that show more or less thermal-induced

pain activation relative to mechanical-induced pain.

Processing of functional images at the first level was performed using FSL (Smith

et al., 2001). Functional images were motion corrected (Jenkinson et al., 2002) and

spatially smoothed (full width half maximum = 5 mm) prior to temporal model

fitting (Beckmann et al., 2003; Woolrich et al., 2004, 2001). Co-registration to the

MNI152 standard brain space was performed in 2 stages: (1) the FMRI data from a given

subject was registered to that subject’s T1 structural using linear registration and (2)

the subject’s structural image was registered to the MNI standard brain using nonlinear

registration (Jenkinson and Smith, 2001; Jenkinson et al., 2002).

In the second-level analyses (Woolrich et al., 2004) MFX activation maps

corresponding to the main pain effect were created. Third-level cross-study analyses

were carried out using all studies, with a one-group model or a two-group model split

by mechanical vs. thermal stimulus study type. Both fixed (FLAME-FFX) and mixed

(FLAME-MFX) activation maps were created at the third level.

We used the results of the 15 pain studies to create the foci lists for the CBMA
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analyses. For each study, the second-level analysis produced a list of foci, the locations

of local maxima in the statistic image. A constraint is imposed to find local maxima that

are not closer than 8mm to each other, which matches the default behavior of SPM’s

results. Based on this framework, a list of 231 foci are extracted from all 15 available

studies. This foci list is the main input to all following CBMA (ALE, KDA and MKDA).

2.2.4 Map Comparison

We use the results of the IBMA FLAME-FFX model to define a “reference” result against

which the other methods are compared. This choice of standard result follows from a

sequence of three assessments: IBMA is preferred over CBMA, as the image data are a

strict superset of the information in CBMA analyses; FFX is preferred over MFX, as the

typical meta-analysis goal is aggregation of evidence for an effect, not MFX’s inference

on inter-study concordance; and, for the choice of IBMA analysis method, FLAME’s

hierarchical model is preferred over other traditional meta-analystic measures, due to its

statistical optimality and flexibility for dealing with group differences and covariates.

We compare CBMA maps to the IBMA reference image with one symmetric and two

asymmetric measures. The Dice similarity measure (DSM) (Dice, 1945) is a symmetric

measure of the resemblance of two binary images:

DSM =
2|I ∩ C|
|I|+ |C|

(2.1)

where |I| and |C| are the number of non-zero voxels in a thresholded IBMA (reference)

image and a thresholded CBMA image, and |I ∩ C| is the number of non-zero voxels in

their intersection. DSM ranges from 0 (no overlap), to 1 (perfect overlap).

If the reference is taken as “truth”, we can compute the traditional (asymmetric)

similarity measures, the true positive rate (TPR), and the false positive rate (FPR):

TPR =
|C ∩ I|
|I|

(2.2)

FPR =
|C ∩ (¬I)|
|¬I|

(2.3)
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where |¬I| are the number of zeroed voxels in the thresholded reference image. The

interpretation of TPR is the probability of a CBMA method correctly labeling a voxel

as “active”, averaged over all truly active voxels, where “true activation” is defined by a

threshold applied to the reference image (see below). Likewise, the FPR is the probability

of a CBMA method falsely labelling a voxel as “active”, averaged over all truly inactive

voxels.

To evaluate CBMA methods with respect to selected IBMA methods, two thresholding

schemes are utilized. In the first scheme, three uncorrected p-values (0.001, 0.01 and 0.05)

are used to threshold both IBMA and CBMA output maps, providing equal (nominal)

false positive rates for each method, and yielding equivalent thresholded images to

compute DSM.

In the second thresholding strategy, maps from IBMA and CBMA are each

thresholded differently. For IBMA, a 0.05 false discovery rate (FDR) (Nichols and

Hayasaka, 2003) corrected threshold is used to create a reference map with high sensitivity.

For CBMA, the same set of uncorrected p-values as before (0.001, 0.01 and 0.05) is

used. With this strategy, the TPR and FPR measures can be computed, while keeping

the reference image fixed (i.e. it doesn’t change with the CBMA uncorrected p-value

threshold).

For each thresholding scheme, each CBMA method is tested over a range of kernel

parameters. ALE’s kernel parameter is the value of the Gaussian kernel’s standard

deviation (σ), and MKDA/KDA’s kernel parameter is its indicator kernel’s radius (ρ).

The aim is to find the optimal setting for each method (for this dataset and a 5mm

FWHM Gaussian smoothing), while comparing CBMA with IBMA. σ values compared

are {5, 10, 15, 20, 25, 30, 35, 40, 45, 50}, and ρ values {5, 10, 15, 20, 25, 30, 35, 40,

45, 50}. For each CBMA method, each threshold (0.001, 0.01 and 0.05) and each kernel

parameter, the binary resulting map is compared with two binary references (the first

and second thresholding scheme), and each comparison yields a single DSM. The larger

the DSM, the better the method-threshold-kernel combination.
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2.3 Results

Figure 2.2 shows statistic maps for the six IBMA methods considered, each thresholded

at uncorrected p=0.001, to give an indication of the differences between the different FFX

and MFX image-based combining methods. The figure shows a clear distinction between

the FFX methods (Figure. 2.2a, 2.2d, & 2.2e) and the MFX methods (Figure. 2.2b &

c), with the FFX showing considerably more activation. The FFX result based on a

hierarchical model (Figure. 2.2a, FLAME-FFX) shows a smoother profile of activation,

while the classic meta-analytic statistics (Figure. 2.2d Fisher’s, 2.2e Stouffer’s) were more

irregular, perhaps indicating their greater sensitivity to individual (instead of average)

study significance. A complete map of the FLAME-FFX reference is shown in Figure 2.3.

The evaluation of CBMA methods as a function of kernel parameter is shown in

Figure 2.4 for the first thresholding scheme (same uncorrected threshold for IBMA and

CBMA). Results for the second thresholding scheme had lower DSM scores overall and

are qualitatively similar (not shown). For all methods, the best DSM was for the most

liberal p-value threshold considered (0.05). For DSM and TPR, the curves generally

had the same shape, with an optimal value that was consistent over different p-value

thresholds.

Among all CBMA methods, ALE seems to yield the best results overall, with KDA

performing similarly and MKDA being more conservative with respect to our reference

image. This conservativeness could be due to MKDA treating studies as independent

units, instead of each focus, suggesting that it would require more studies to obtain

a similar consistency map to KDA. As can be seen in a 1D illustration in Figure 2.5,

increasing the number of studies makes MKDA’s statistic more similar to the reference

image. The false positive rate for ALE and KDA analyses increases with kernel size, and

the “optimal” kernel in both ALE and KDA has a false positive rate close to 0.1. Setting

a kernel size of of 5mm for ALE or 20mm for KDA limits their FPR to .05, which puts

them on more similar footing in terms of DSM to MKDA. Thus, the MKDA’s DSM is
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(a) FLAME-FFX

(b) FLAME-MFX

(c) OLS-MFX

(d) Fisher’s-FFX

(e) Stouffer’s-FFX

(f) Stouffer’s-MFX

Figure 2.2: IBMA map resulting from MFX at second level and different IBMA methods
at third level. Z-stat maps are converted to their corresponding p-value maps and then,
to give clearer visualization, the − log10 p map is shown (with min-max of 3-15). As can
be seen, FLAME-MFX and OLS show less extended activations, in areas of consistency
across studies. Slice locations are in mm in MNI space.
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Figure 2.3: Reference image against which CBMA methods are compared. This is the
resulting map from a three-level hierarchical analysis, with FLAME-FFX at the third
level. Color overlays show − log10 p map (with min-max of 3-15). Slice locations are in
mm in MNI space.

possibly lower because it is more conservative and more similar to a MFX analysis.

The optimal kernel parameter values (shown in Figure. 2.4) can depend on the amount

of first level smoothing applied to studies from which foci are collected. We investigate

this by repeating the entire comparative analysis on the basis of 4, 5, 7, 10 & 15mm

FWHM first level smoothing (with the reference map re-defined for each smoothing).

The DSM results of these comparisons are shown in Figure 2.6. As these plots show, the

optimal kernel parameter is not very sensitive to smoothing extent; particularly when

it varies in the range of 4-10mm (which is the typical smoothing range used in FMRI

studies).

We find the optimal kernel parameter for each CBMA method to be: σ = 15mm for

KDA, ρ = 25mm for KDA and ρ = 15mm for MKDA. Figure 2.7 compares the reference

IBMA result to the DSM-optimized CBMA results. Note the dramatic difference in the

sensitivity and the overlap pattern of detected regions.

Using the optimal settings we also tested a contrast between two sub-groupings of

the 15 studies. There were 9 studies with thermal pain and 6 studies with mechanical

pain. We examined the IBMA and CBMA inference for just thermal (i.e., Therm), just
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Figure 2.4: Evaluating CBMA methods for different kernel parameter values with respect
to the reference map. In the first column, DSM, TPR and FPR of the ALE method are
shown. In the second and third columns, the same performance measures are shown
for KDA and MKDA. In all plots, the x-axis is the kernel parameter (σ for ALE and ρ
for KDA and MKDA). To estimate the DSM value, images are thresholded at different
p-values (shown in the legend) and then binary images are compared. Note that in this
plot all scores are for the first thresholding scheme. For the second thresholding scheme,
plots are very similar, but with smaller DSM scores overall. More liberal thresholding
yields higher DSMs (∗ indicates the coordinate corresponding to maximum DSM).
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Figure 2.5: Illustration of a 20-study, 1-dimensional meta analysis. Using the same setting
as in Figure 2.1 except with 20 studies, MKDA’s estimate is more similar to ALE and
KDA’s estimate.
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Figure 2.6: Evaluating the effect of smoothing extent of studies on optimal CBMA
methods’ kernel parameter values with respect to their corresponding reference map. The
first, second and third columns show the results for ALE, KDA and MKDA, respectively.
The first, second and third row show DSM, TPR and FPR for each CBMA method,
respectively (∗ indicates the coordinate corresponding to maximum DSM). Each line in
each subplot corresponds to one FWHM from 4, 5, 7, 10 and 15mm, and all CBMA maps
are thresholded at 0.05 (pthresh = 0.05).
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(a) IBMA: FLAME-FFX

(b) CBMA: ALE

(c) CBMA: KDA

(d) CBMA: MKDA

Figure 2.7: The reference IBMA map (panel a) shown with CBMA maps. Colour overlays
show − log10 p values (with min-max of 3-15). Maps in panel b,c and d are resulting from
ALE with σ = 15mm, KDA with ρ = 25mm and MKDA with ρ = 15mm, respectively.
Slice locations are in mm in MNI space.
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mechanical (i.e., Mech) and their difference (i.e., Therm>Mech and Therm<Mech),

shown in Figure 2.8 a,e and Figure 2.9 a,e. To generate the Therm/Mech contrast

image, foci are collected only from those studies using thermal/mechanical pain stimuli.

All of the CBMA analyses are performed using ALE, KDA and MKDA with σ = 15mm,

ρ = 25mm and ρ = 15mm, respectively. Results from this analysis are shown in

Figure 2.8b-d,f-h and Figure 2.9b-d,f-h.

In studies using both thermal and mechanical pain stimuli, activity is widely extended

across the cortex. For example, both sets of studies activate the attentional network,

including the parietal sulcus. Note that we cannot unambiguously attribute Therm vs.

Mech effects to differences in pain perception, as there are multiple confounding factors.

For example, in most of the mechanical studies, stimuli were delivered to the right foot,

while the thermal stimuli were delivered to the left arm. This confounding effect can be

seen clearly in activation maps as a lateralization effect, where the thermal stimuli cause

activation in right somatosensory cortex, while mechanical stimuli cause more activation

on left somatosensory cortex. Also note that mechanical activations are more medial

(Figure. 2.8 e), while the thermal activations are more lateral (Figure. 2.8 b), consistent

with typical somatosensory findings Becerra et al. (2006); Borsook et al. (2008).

The other confound arising from the studies’ experimental setups are the difference

in visual cortex activity. Most thermal studies used a visual analogue scale (VAS),

while studies using mechanical stimuli instructed subjects to close their eyes during the

experiment (compare visual cortex in Figure. 2.8b & 2.8e).

Figure 2.8b-d, f-h and Figure 2.9b-d, f-h show the corresponding results for the

coordinate-based methods. Note that the CBMA and IBMA results are more similar for

the Therm and Mech effects, and less so for the Therm>Mech and Therm<Mech

results. This differential performance is likely due to the lack of information about

activation decreases in the coordinate-based data. For example, while Therm>Mech

can be significant if Therm activation is greater than Mech, it can also be significant if

the Mech deactivation is greater than Therm deactivation, which can’t be reconstructed
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(a) IBMA : Thermal

(b) ALE : Thermal

(c) KDA : Thermal

(d) MKDA : Thermal

(e) IBMA : Mechanical

(f) ALE : Mechanical

(g) KDA : Mechanical

(h) MKDA : Mechanical

Figure 2.8: Using a third-level design to answer cognitive pain questions both in IBMA
and CBMA. − log10 p overlay maps are shown (with min-max of 2-3). Slice locations are
in mm in MNI space.
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(a) IBMA : Therm>Mech

(b) ALE : Therm>Mech

(c) KDA : Therm>Mech

(d) MKDA : Therm>Mech

(e) IBMA : Mech>Therm

(f) ALE : Mech>Therm

(g) KDA : Mech>Therm

(h) MKDA : Mech>Therm

Figure 2.9: Using difference contrasts to answer cognitive pain questions both in IBMA
and CBMA, for the Therm > Mech and Mech > Therm contrasts. − log10 p maps
are shown (with min-max of 2-3). Slice locations are in mm in MNI space.
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Figure 2.10: The effect of deactivation information in difference contrasts for a sample
slice (z=20mm in MNI space). This figure shows z-statistic images (z > 2) for Therm,
-Therm, Mech, -Mech, and Therm> Mech, from left to right respectively. It can be
seen that the reason for having significant areas corresponding to Therm> Mech that
are not significant in Therm is associated with deactivation in Mech.

by positive activation foci. This highlights a potential danger of omitting deactivation

foci from such a comparison (see Figure. 2.10).

Finally, note the much greater spatial detail available in the IBMA results. These

show a greater general richness, as well as greater sensitivity for finding small activation

areas, again attributable to IBMA’s retention of all data.

2.4 Discussion and Conclusions

In this chapter we have tried to assess the information lost from working only with foci

when the voxel-level data are available, as well as highlight the importance of kernel

parameters in a typical CBMA. Using a group of 15 pain studies, all analyzed in a

similar fashion, we generated a reference map using a three-level hierarchical model, and

generated foci to produce the data that would normally be used for a CBMA. While

we know of no other work that considers IBMA and CBMA in such a parallel way

with a common set of studies, we stress that our findings may depend on the number

of studies considered, number of subjects in each, scanning techniques, and chosen foci

extraction/reporting style. None-the-less, we believe our collection of pain studies are

representative of common practice and are useful for the evaluations considered.

Using DSM plots, it is clear that CBMA methods cannot produce the same map

as an IBMA. The best result for CBMA comes from ALE for σ = 15mm, which is just
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DSE=0.45. Using this evidence, it seems a necessary future concern for the neuroimaging

field to find a way to share datasets (Toga, 2002; Van Horn et al., 2004). Full data need not

be transferred, rather just sufficient statistics, that is effect magnitude estimates and their

standard errors. However there are a multitude of issues to be taken into consideration

for a successful future sharing policy which are beyond the scope of this chapter. These

issues include description of the experimental design (Miller et al., 2001; Liu and Frank,

2004; Liu, 2004; Smith et al., 2007), image acquisition, and analysis techniques adopted

in different research groups and institutes (Friedman et al., 2006, 2007; Zou et al., 2005).

Hierarchical GLM models can be applied simply by using summary statistic maps

(like contrasts of effect sizes and their variances) (Beckmann et al., 2003; Woolrich et al.,

2004). As an appropriate way of doing IBMA, there is no hard rule about whether to

use FFX or MFX at the third level. We propose, in general, using FFX at the third

level on the basis that individual studies are valid samples from the population and, even

if just one is significant, this is valid information to drive a meta-analysis. If there is

greater concern about the quality of the constituent studies in a meta-analysis, a MFX

approach would be a safer approach, and would only identify consistent results relative

to the inter-study variability.

Two important parameters that all three CBMA techniques depend on are kernel

parameter and significance threshold. We tried to investigate both of these factors to find

the optimal combination of these parameters to maximize the IBMA-CBMA similarity

(at least for our datasets). The main reason for adopting a voxel-wise comparison with

a fixed, uncorrected p-value threshold is to have comparable thresholds for all methods.

For example, using a threshold from FDR would create adaptively-determined thresholds

for each result. This is also the reason why we adopted the same protocol in CBMA

techniques.

For the other important factor, kernel parameter, we tried to find a good kernel

value given typical first-level analyses (FWHM=5mm first-level smoothing). Our

recommendation for these parameters is σ=15mm for ALE, ρ=25mm for KDA and
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ρ=15mm for MKDA. These values are dependent on our 15-study sample, but can provide

a guide for other similar data. Although this raises another weak-point of CBMA—that

the most optimal setting can vary from one dataset to another—the same could be said

with respect to the effect that first-level smoothing has on IBMA approaches.

Comparing results from analysis techniques using DSM is not necessarily the best

way for all such comparisons. DSM is a combination of TPR and FPR and in other

comparisons/applications it may not be necessary for all variables to have the same

weight. For example, in cases where FPR is the most important variable, a method such

as MKDA may then appear to perform relatively better, in spite of having a smaller

overall DSM. Another issue that might cause MKDA to be more desirable than ALE and

KDA is cases where there is a large difference in the number of foci extracted from each

study. In such cases, pooling in ALE or KDA style can be highly biased toward studies

with higher numbers of foci. As the MKDA technique looks for consistency over studies

(by using studies as input units), outlier studies and foci will have less chance of having

noticeable effects on the final result.

The obvious primary weak point of CBMA techniques arises from discarding a huge

amount of information, simply by using coordinates of maxima (i.e., a systematic flaw of

CBMA). When a comparison is made between different conditions, there will be further

loss of accuracy if deactivations are not included. In case of having two contrasts, C1 and

C2, a difference contrast like C1 − C2 can be significant if C1 is more active than C2, or

C1 is less de-active than C2. The first case can be partially assessed by activation foci,

while the second case cannot be assessed in the absence of deactivation foci. In short, the

difference between IBMA and CBMA group comparisons can be due to either omission of

decreases resulting in CBMA false negatives, or thresholding artifacts resulting in CBMA

false positives.

This was highlighted by the differences in our thermal-mechanical comparisons

between the CBMA and IBMA results. Based on this, it is strongly recommended to

include deactivation foci in CBMA, as well as activation foci, to have a more accurate
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and reliable result. However, of course, the greater data reduction implicit in CBMA

approaches is considerably more convenient than needing to provide full summary images

from all studies; CBMA can even be carried out purely on the basis of activations reported

in journal papers.

We have offered a three-part justification on why the IBMA FLAME-MFX analysis

should be the reference. As further evidence, if CBMA were a better choice, and in

fact IBMA were less sensitive than CMBA, this would be evidenced by CMBA having

essentially perfect power relative to IBMA reference image. Instead, CMBA shows

quite poor power relative to the IBMA reference, and thus further justifies the choice

of reference method.

Finally, we note that the recommended IBMA method (hierarchical linear modeling)

depends on comparable contrast (and standard error) images obtained for each subject

and each study, unlike the CBMA methods, and other IBMA methods, which are based

only on t- or z-statistics that are invariant to design matrix or contrast scaling. All of the

IBMA methods can be affected by corrupted masks for one or more subjects, resulting in

excessive erosion of the analysis mask. These issues simply highlight the importance of

careful quality control of the analysed data to maximize the interpretability of the final

results.

56



Chapter 3

Adjusting The Effect Of
Nonstationarity In Cluster-based
And TFCE Inference
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Abstract

In nonstationary images, cluster inference depends on the local image

smoothness, as clusters tend to be larger in smoother regions by chance

alone. In order to correct the inference for such a nonstationary, cluster

sizes can be adjusted according to a local smoothness estimate. In this study,

adjusted cluster sizes are used in a permutation-testing framework for both

cluster-based and threshold-free cluster enhancement (TFCE) inference and

tested on both simulated and real data. We find TFCE inference is already

fairly robust to nonstationarity in the data, while cluster-based inference

requires an adjustment to ensure homogeneity. A group of possible multi-

level adjustments are introduced and their results on simulated and real data

are assessed using a new performance index. We also find that adjusting

for local smoothness via a separate resampling procedure is more effective

at removing nonstationarity than an adjustment via a random field theory

based smoothness estimator1. The results in this chapter are recommended

as a complimentary analysis to the IBMA method introduced in Chapter 2.

1The work in this chapter has appeared as Salimi-Khorshidi et al. (2010).



3.1 Introduction

When detecting changes in functional or structural brain image data, it is necessary to

have powerful inference methods that offer precise control of false positive risk. Once a

statistic image is created that assesses the evidence of an effect at each voxel, the two

most common “thresholding” approaches are voxel-based and cluster-based inference.

While voxel-wise methods use a single threshold to classify signals as “real,” cluster-based

inference uses two thresholds, an arbitrary cluster-forming threshold followed by a cluster-

size threshold to label clusters as “real”. Cluster-based inference has a higher sensitivity

compared to voxel-intensity-based tests when the signal is spatially extended (Friston

et al., 1996; Poline et al., 1997).

In the original implementation of cluster-based inference (Roland et al., 1993; Poline

and Mazoyer, 1993) a null distribution of cluster sizes from simulated images having the

same characteristics (e.g., spatial autocorrelation) as the observed data is generated to

assess the significance of the clusters. Further modifications of this approach have been

proposed for fMRI (Forman et al., 1995) and PET (Ledberg et al., 1998). The most

widely used approaches to cluster-based inference, however, are the ones based on the

random field theory (RFT) (Friston et al., 1994; Hayasaka et al., 2004). Like any other

parametric tests, several assumptions are required, such as smooth images, a sufficiently

high cluster-forming threshold uc, and the uniform smoothness of images (Worsley et al.,

1992; Petersson et al., 1999). An alternative to the RFT-based cluster inference is the

permutation test (Holmes et al., 1996; Bullmore et al., 1999; Nichols and Holmes, 2002),

which requires almost no assumptions (except the exchangeability of the data under the

null hypothesis).

When the image noise fails to have uniform smoothness it is said to be

“nonstationary”, as the correlation between neighboring voxels depends on where the

voxels are located. Under nonstationarity, the sensitivity and specificity of a (standard,

stationary) cluster-size test depend on local smoothness of the image, as bigger clusters are



expected in smoother areas. To overcome this problem, cluster sizes can be adjusted for

nonstationarity with a local smoothness estimate based on RFT (Worsley et al., 1996).

Further assumptions and approximations produce a null distribution for this adjusted

cluster-size statistic that accounts for both variation in cluster size and the substantial

sampling variability in the estimate of local smoothness, providing valid uncorrected or

corrected P-values2. Alternatively, the adjusted cluster-size statistic can be assessed with

a permutation test to obtain P-values, constituting a semi-parametric approach (Hayasaka

et al., 2004): The statistic is derived using parametric RFT to adjust for the impact of

spatially-varying smoothness, but non-parametric permutation is used to assign P-values.

A comparison of the results from such adjusted cluster-size statistics and the maximal-

voxel statistic is presented in Moorhead et al. (2005).

An approach closely related to cluster-wise inference is threshold-free cluster

enhancement (TFCE) (Smith and Nichols, 2009), which removes the dependence on the

arbitrary cluster-forming threshold uc. While TFCE does introduce two new parameters,

in practice they are fixed to values justified by theory and empirical results. TFCE

attempts to keep the sensitivity benefits of cluster-based inference (by using the cluster

size information at a range of possible uc values), while avoiding an arbitrary choice of

a single uc. The method produces a voxel-wise output image in which each voxel’s value

represents the accumulative cluster-like local spatial support at a range of cluster-forming

thresholds. TFCE has been shown to give generally better sensitivity than other methods

over a wide range of test signal shapes and SNR values (Smith and Nichols, 2009; Smith

et al., 2008). However, TFCE’s performance when nonstationarity is present has not

been studied to date.

In this work we assess the accuracy of the established RFT-based nonstationary

cluster-size inference method, and propose a new fully nonparametric approach to

nonstationarity adjustment based on the local empirical distribution of the cluster-related

2We only consider family-wise error (FWE) corrected P-values, defined as the smallest critical value
α such that a cluster can be declared significant controlling for the chance of one or more false positive
clusters anywhere in the image.
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statistics. Our proposed method uses a resampling-based estimate of nonstationarity,

followed by a permutation test that applies an adjustment based on that estimate. Since

this entails two successive null-hypothesis resampling procedures, we call it “2-pass”. We

evaluate this new approach, in the context of both standard cluster-based and TFCE

inference, and measure the spatial homogeneity of false-positive risk using the variability

of uncorrected P-values. We compare the impact of using no adjustment, RFT-based

(i.e., explicit smoothness-estimation-based) adjustment, and our proposed empirical

adjustment using various real and simulated data with spatially-varying smoothness.

3.2 Materials and Methods

Our starting point is a general linear model (GLM) fit at each voxel. For a D-dimensional

image, at voxel i we have

Yi = Xβi + εi (3.1)

where Yi is the observed intensity vector (M×1), βi is the parameter vector (P×1), X

is the design matrix (M×P). We assume E(εi) = 0 and Var(εi) = τ 2
i (mean zero and

constant variance errors). An unbiased estimate of β̂i gives residuals

ε̂i = Yi −Xβ̂i, (3.2)

which are used to estimate τ̂ 2
i = ε̂i

>ε̂i/η, where η are the degrees of freedom of the error,

and leads to the test statistic Ti = cβ̂i/(τ̂i

√
c(X>X)−1c>) for a given contrast c.

3.2.1 Smoothness in Random Field Theory

We first introduce the notions of smoothness and roughness for standard, stationary

RFT methods, then generalize to the nonstationary case. A core assumption of standard

RFT methods is that the standardized errors ε∗i = εi/τi comprise a sampled version of

the mean zero and unit variance “component fields”, which are smooth, homogeneous

Gaussian processes; “smooth” meaning that the spatial autocorrelation function has two
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derivatives at the origin, and “homogeneous” meaning that the autocorrelation function is

spatially invariant, i.e., stationary. RFT roughness (inverse smoothness) is parameterized

by the D ×D matrix Λ,

Λ = Var(ε̇∗) (3.3)

where ε̇∗ is the D×1 vector of spatial partial derivatives of the component fields. A

common assumption is that Λ is diagonal3, and so we denote λd, d = 1, ...,D as the

diagonal entries.

It is more convenient to work in terms of smoothness instead of roughness, and so the

following transformations are used:

σ2
d =

1

2λd

(3.4)

FWHMd = (8 · ln(2))1/2 σd (3.5)

where σd is the standard deviation of a Gaussian kernel needed to convolve a white noise

field to have roughness λd and FWHMd is the full width at half maximum (FWHM) of

the same Gaussian kernel. The geometric mean of the FWHMd values,

FWHM =

(
D∏

d=1

FWHMd

)1/D

(3.6)

is a useful summary measure of smoothness over the D dimensions. Related to FWHM is

RESEL, short for RESolution ELement; it is the size of the D-dimensional search volume

in units of its smoothness,

RESEL =
V∏D

d=1 FWHMd

(3.7)

where V is the number of voxels in the search volume.

Nonstationary RFT methods require voxel-wise estimates of roughness and

smoothness. Details of how such local estimates are made are reviewed in Appendix B.1,

but we simply use a voxel index i to indicate local versus global estimates (e.g. FWHMid

3This is a common assumption in FSL and SPM for low degrees of freedom.
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for the FWHM in direction d at voxel i). The “RESEL count” for a single voxel is the

size of one voxel in units of RESELs, and has the designation RPV for “RESELs per

voxel”:

RPVi =
1∏D

d=1 FWHMid

. (3.8)

The RPV of each voxel is crucial for the RFT nonstationary cluster size adjustment

described below.

We next describe the RFT adjustment followed by our proposed empirical adjustment.

First some common notation: for a given cluster-forming threshold uc let S be the size

of a cluster (i.e., its voxel count), and let S be the set of voxel indices that define the

cluster; let Si be the size of a cluster that covers voxel i with the statistic value Ti, zero

if Ti < uc. Generically, any time we index a cluster statistic with i, we imply the use of

a voxel-wise “cluster image”, where each voxel takes the value of the cluster statistic of

the cluster that covers voxel i, or zero if there is no cluster at i.

3.2.2 RFT Cluster-size Adjustment

In a nonstationary cluster test, the size of a cluster is measured in units of RESELs.

While the most straightforward approach might seem to be to compute cluster size in

voxels S and then standardize it in some way, instead the RFT method specifies summing

up the RPVi within each cluster. That is, for a given cluster the RPV cluster size is

SRFT =
∑
i∈S

RPVi. (3.9)

The SRFT can be shown to equal to the size of the cluster in another version of the data

that has been spatially distorted such that stationarity holds (Worsley et al., 1999). Also,

under stationarity it can be shown that each RPVi is proportional to the inverse of the

expected cluster size (Friston et al., 1994). Thus, while SRFT does not take the form of

“S standardized”, it can be seen as the “sum of S standardized voxels”.

While this SRFT statistic has an approximate parametric null distribution (Hayasaka

et al., 2004), for symmetry with other methods we do not rely on these results and only
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consider P-values from nonparametric permutation. Even with permutation P-values

for SRFT, however, inference with this statistic may not completely eliminate the effects

of nonstationarity. That is, RPV may not entirely account for differences in average

cluster size, due to insufficient smoothness or highly structured, convoluted patterns

of smoothness. And even if RPV captures the differences in cluster size on average, the

distribution of SRFT may still vary depending on true smoothness; for example, the effects

of discreteness at very low smoothness (since S is an integer) may impact the distribution

of SRFT differently in very smooth areas. This motivated the development of alternate

approaches, as described next.

3.2.3 Empirical Cluster-size Adjustment

Motivated by the RFT statistic which sums up standardized voxels, we propose an

empirical adjustment where we replace the voxel-wise measure of roughness (RPV) with

the inverse expected cluster size under the null hypothesis. This method relies on the

use of a resampling method (e.g., permutation) to provide null-hypothesis realizations of

the data. For permutation k (k = 1, . . . , K), let Si,k be the size of the cluster at voxel i,

where k = 1 corresponds to the (unpermuted) original data. Then the empirical cluster

size per voxel (ECSPV) is

ECSPVi =

(∑K
k=2 (Si,k)

E

KSi

)1/E

(3.10)

where KSi
is the number of permutations k ∈ {2, ..., K} where Si,k > 0 (i.e., to normalize

the sum of cluster sizes by the count of clusters at voxel i), and E is a normalization

parameter. We found that the severe skew of cluster sizes in D=3 dimensions makes

the arithmetic mean quite sensitive to outliers, and thus considered E < 1 to reduce

the skew and provide a better measure of central tendency of cluster size. We consider

different values of E (2/3, 1 and 2) in our evaluations (more details below). We exclude

the original data from ECSPV calculation to avoid non-null signal and hence biasing this

measure.
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A “first pass” resampling is needed to estimate the ECSPV, and then a “second pass”

of resampling is done as part of a formal cluster size permutation test, with the test

statistic

SEmp =
∑
i∈S

1

ECSPVi

, (3.11)

which, analogous to SRFT, adjusts the size of each voxel before summing.

It is also possible to jointly use the RFT-based and empirical adjustment, i.e.,

replacing the S in Eq. 3.10 with SRFT. While we don’t expect this to be so useful since

SRFT is already adjusted for spatial inhomogeneities, we consider this procedure as well

for completeness. Note that the first-pass estimation of ECSPVi is not a permutation

test, but rather a resampling-based estimation of a nuisance parameter. See Appendix

B.2 for a detailed justification.

3.2.4 Empirical TFCE Adjustment

The TFCE statistic is defined voxel-wise and based on cluster-wise results. The

(unadjusted) TFCE statistic at voxel i is

TFCEi =
∑

u=0,du,2du,...,umax

SETFCE
i uHTFCE (3.12)

where ETFCE and HTFCE are tuning parameters set to their recommended values of 0.5

and 2.0 (Smith and Nichols, 2009), respectively, du is discretization step size and umax is

a value larger than the maximum statistic in the image. We define the empirical TFCE

per voxel (ETPV) as

ETPVi =

∑K
k=1 TFCEi,k

KTFCEi

(3.13)

where TFCEi,k is the value of the TFCE statistic at voxel i on permutation k, and KTFCEi

is the number of permutations where TFCEi,k > 0 (TFCE is zero for all voxels where

Ti ≤ 0). The voxel-wise normalization is

TFCEEmpi =
TFCEi

ETPVi

. (3.14)
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We also define a RPV-adjusted version of TFCE, by replacing S with SRFTin Eq. (3.12)

and hence creating TFCERFT.

Note that so far we introduced two cluster-related statistics in the first run

(i.e., unadjusted): TFCE and S whose adjustment with RFT method results

in SRFT and TFCERFT, respectively. Both of these statistics can be adjusted empirically

via a second run in order to result in SEmp and TFCEEmp. Note that if the

heterogeneity in the distribution of cluster-size were completely explained by local

variation in RPV/FWHM, an empirical method could do no better than an RFT-based

solution (Hayasaka et al., 2004). However, the accuracy of RFT has been shown to break

down in many settings; hence we propose empirical approaches that do not assume a

theoretical relationship between RPV/FWHM and cluster size. As there is no unique

solution to this problem we consider a range of possible empirical adjustments.

3.2.5 Nonstationarity Assessment

A formal permutation test for nonstationarity is not possible, since stationarity does

not imply exchangeability (i.e., spatial correlation is still present under stationarity).

However, a null hypothesis of stationarity does justify a global pooling of permutation

distributions. In fact, some authors (Bullmore et al., 1999) use such globally pooled

distributions to reduce the number of permutations needed. Pooling also allows

an evaluation of nonstationarity in the following way. Under stationarity, a global

permutation distribution will produce P-values that are valid and homogeneous over

the brain. Under nonstationarity, however, these P-values are very significant in smooth

areas and very insignificant in rough areas. This spatial effect will be consistent, and

seen even in permuted versions of the data. Hence our assessment of nonstationarity

is based on the spatial standard deviation of uncorrected P-values based on a globally

pooled permutation distribution.

We now precisely define this process for unadjusted cluster size S, but the very same

method is also applied to SRFT, SEmp, TFCE, TFCERFT and TFCEEmp. Let {S∗
k′} be the
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pooled cluster-size permutation distribution (more details in Appendix B.3), the set of all

cluster sizes observed over space and over permutations; as each of the K permutations

will generally contribute multiple clusters, the size of the pooled distribution KS∗ will be

very large, KS∗ � K. The pooled uncorrected P-value for cluster size S is the proportion

of pooled statistics that equal or exceed the observed cluster size:

PS =
#k′{S∗

k′ ≥ S}
KS∗

(3.15)

where #′
k{S∗

k′ ≥ S} is the number elements in the pooled distribution that equal or

exceed the observed statistic, k′ = 1, . . . , KS∗ .

Further, each element S∗
k′ of the permutation distribution can also be transformed to

an uncorrected P-value, PS∗
k′
, by applying Eq. (3.15) to S∗

k′ instead of S. Then, considering

the corresponding “cluster images”, the pooled uncorrected P-value for a cluster observed

at voxel i on permutation k is

PSi,k
=

#k′{S∗
k′ ≥ Si,k}
KSi

. (3.16)

Valid uncorrected P-values are uniformly distributed (U(0, 1) with the mean of 0.5)

under the null hypothesis and stationarity, while invalid or conservative P-values induced

by nonstationarity will bias P-values up or down. In particular, we are concerned

with spuriously small P-values in relatively smoother regions. Working instead with

− log10 P-values to emphasize very significant P-values, one can show that − log10 P-

values are exponentially distributed (under the null) with mean and standard deviation

of 1/ ln(10) = 0.4343. Hence, we quantify the heterogeneity of false-positive risk with

null data by computing − log10 P-values, averaging them over the K permutations at

each voxel (since the nonstationarity effects will be consistent over permutation), and

computing the resulting image’s standard deviation (SD).

Note that such voxel-wise averaging of − log10 P-values across permutations is sensible

for any voxel-wise statistic, such as TFCE. For cluster-based statistics however, there is

a bias in that large clusters are more likely to hit a given voxel than small clusters. As

67



an extreme example, suppose that 99% of clusters have size of 1 voxel, and 1% of clusters

have size V/2, equal to half the search volume; for a given voxel i, the relative chance

that it will ever see a 1-voxel cluster is 0.99 × (1/V ), while the chance it will observe

the half-volume cluster is 0.01× (1/2). Therefore in order to correct this bias a weighted

mean is used to compute the average − log10 P-value at each voxel,

Mi =

∑K
k=1− log10(PSi,k

) wi,kISi,k>0∑K
k=1 wi,kISi,k>0

, (3.17)

where wi,k = 1/Si,k is the weight, proportional to the chance of a cluster of size Si,k

hitting voxel i, and I is the indicator function.

All permutation tests use 1000 permutations, resulting in a minimum possible P-value

of 0.001 (− log10(P ) of 3). Also, for null-data cluster-based analyses, the cluster-forming

threshold of uc = 2.5 and 3 for simulated and real data, respectively, are applied to T-

statistic images, and the optimal parameter set of Etfce = 0.5 and Htfce = 2 (as proposed

in Smith and Nichols (2009) for T-statistic images) is used for TFCE inference.

3.2.6 ROC-based Evaluations

To summarize each method’s performance on a simulated signal+noise data, we use a

receiver-operator characteristic (ROC) curve, where the free parameter is the critical

threshold on S (or which ever method is being evaluated). We use the area under the

curve (AUC) as a single-valued summary of an ROC curve; the higher the AUC, the

better.

An ROC curve is strictly defined only for a single detection task, repeated many

times with different thresholds. In our setting, following Smith and Nichols (2009),

with thousands of tests (one per voxel) a free-response (FR) ROC curve is more

appropriate (Bunch et al., 1978). An FR-ROC curve replaces either FPR or TPR (or

both) with measures that aggregate true or false positives over voxels. We chose to use the

FWE-FPR (the chance of one or more false positives anywhere) on the x-axis instead of

a marginal (uncorrected) FPR, as practitioners are usually interested in FWE-corrected
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inferences, and FW-TPR to measure the chance of one or more detections. Finally, since

only performance with low false positive risk is of interest, we computed the AUC only

for FW-FPR<0.05, scaling by 1/0.05 to renormalize the AUC to the range [0, 1].

3.2.7 Data

Each method’s performance is assessed on both simulated and real data. For the

stationary null data simulation, two subject-groups of size 20, standard Gaussian noise

images, dimension 150 × 150 × 150, are generated and smoothed with a Gaussian

smoothing kernel, with σ=2, 3, 4 and 5 voxels. To avoid generating nonstationarity

at the edge, the outer 30 voxels are excluded, and the remaining central 90 × 90 × 90

cube is analysed for a between-group difference contrast using the permutation testing in

FSL’s (FMRIB Software Library4) randomise.

To simulate the nonstationary null data, we again start with two groups of 20 150×

150 × 150 Gaussian noise images. The images are then smoothed with three different

3D Gaussian kernels, producing three images with low, medium, and high smoothness.

These images are combined in a way that an outer layer smoothed with σ1 encloses a

middle layer smoothed with σ2, which encircles a core smoothed with σ3 (we denote the

nonstationary configuration as σ1/σ2/σ3). The core is 30×30×30 voxels, centred within

a 60 × 60 × 60 voxel middle layer, which itself was centred in a 90 × 90 × 90 volume.

The combined image is smoothed again with a 3D Gaussian filter with σ =1.5 voxels

to eliminate discontinuities at the borders of different smoothness, and, finally, to avoid

the edge effects the outer 30 voxels are discarded (see Algorithm 2 of Appendix B.4 and

Figure 3.1).

To generate realizations with true signal we simulate a two-group analysis with

expected between-group differences in the form of scaled Gaussian probability density

functions (PDFs) located at (x,y,z) coordinates of (45,45,45), (55,55,55), (60,60,60),

(70,70,70), (90,60,50), (50,70,100), (90, 100, 70), (65, 80, 90), (105,65,40), (110,60,110),

4http://www.fmrib.ox.ac.uk/fsl
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Table 3.1: The coordinates (x,y,z) of the centre of the Gaussian functions and their
standard deviation (σ). These Gaussian blobs simulate a 3D signal for one group of
subjects.

Index X Y Z σ

1 45 45 45 6
2 55 55 55 2
3 60 60 60 5
4 70 70 70 4
5 90 60 50 3
6 50 70 100 4
7 90 100 70 2
8 65 80 90 6
9 105 65 40 4
10 110 60 110 3
11 90 60 90 4
12 90 90 80 3

(90, 60, 90) and (90, 90, 80) inside a 150x150x150 volume, with corresponding σ = 6, 2,

5, 4, 3, 4, 2, 6, 4, 3, 4, and 3, respectively. Each Gaussian function is scaled to have unit

peak intensity and, after summing the 12 foci together, the resulting signal image is also

scaled to have unit peak intensity and, finally, all values below 0.25 are set to zero. This

signal image is used as described in Algorithm 2 of Appendix B.4 for an ROC analysis.

To assess each method’s performance on real data, we also considered null fMRI and

VBM datasets. All data employed had been collected in accordance with local ethics

approval. The fMRI dataset is a pain study with 16 healthy subjects (also used in

Chapter 2). Processing of the functional images at the first level is performed using

FSL (Smith et al., 2001). Functional images were motion corrected (Jenkinson et al.,

2002) and spatially smoothed (σ = 1, 1.5, 2, 3 and 5 mm) prior to temporal model

fitting including modelling of autocorrelation (Woolrich et al., 2001). Registration to the

MNI152 standard brain space was performed in two stages: (1) the fMRI data from a

given subject was registered to that subject’s T1 structural using linear registration and

(2) the subject’s structural image was registered to the MNI standard brain using linear

registration (Jenkinson and Smith, 2001; Jenkinson et al., 2002). Dividing these subjects

arbitrarily into two groups is a null-data analysis as there is no expected difference.
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Figure 3.1: Sample slices from the simulated data. The top image shows slices from
the signal image (white blobs) overlaid on the mask corresponding to the middle-layer
smoothness region (σ2 region, with gray color). As this figure shows, there are signals
at the boundaries as well within each smoothing region, which helps assessing different
methods’ performance at each region. In other rows, nonstationary noise images for
σ=2/3/4, 2/4/3 and 3/2/4 (from top to bottom, respectively) are shown to illustrate the
effect of variation in local smoothness of the image. The displayed slices are selected from
z=1 to z=90, including every fourth slice.
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The VBM data includes one null dataset composed of structural gray-matter images

of 35 healthy control subjects (age range 51-86 y, mean 70.1 y; 20 male, 15 female), and

one three-group dataset composed of structural gray-matter images of 46 healthy control

(age range 51-86 y, mean 71.2 y; 28 male, 18 female), 50 AD (Alzheimer’s disease; age

range 49-89 y, mean 74.1 y; 31 male, 19 female) and 57 MCI (mild cognitive impairment;

age range 50-84 y, mean 70.1 y; 32 male, 25 female). For VBM analysis of the null data,

subjects in the one-group data are randomly assigned a group label and divided into

two groups (hence no group difference is expected). In order to assess the inter-group

differences, an optimized VBM protocol is carried out using FSL-VBM (Douaud et al.,

2007), which localizes the brain regions with significant grey-matter-volume differences

between the groups. In this protocol, first a left-right-symmetric study-specific grey-

matter template is built from the healthy cohort grey matter, i.e., segmented native

images. The gray-matter images are nonlinearly registered to the ICBM-152 grey matter

template using FNIRT (FMRIB’s Non-linear Image Registration Tool) 5, flipped along the

x-axis and then averaged. This step is followed by nonlinear normalization of grey-matter

images onto this study-specific template. The method also introduces a compensation

(or “modulation’) for the contraction/enlargement due to the nonlinear component of

the transformation by dividing each voxel of each registered grey matter image by the

Jacobian of the warp field. Finally, modulated registered grey-matter-volume images are

smoothed at σ = 2, 3, 4 and 5 mm for the null data and σ = 7 mm for the three-group

data.

3.3 Results

In the following figures we label unadjusted methods, TFCE and S, “1-pass”; we label

results with RFT-based adjustment, TFCERFT and SRFT, “1-pass, rpv”. When using

an empirical adjustment, TFCEEmp and SEmp, we use the label “2-pass”, and when

empirical adjustment is applied to RFT-based adjusted statistic, we label it “2-pass,

5http://fsl.fmrib.ox.ac.uk/fsl/fnirt/
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rpv”. Also, when excluding the outlier observations from the calculations (as described

in Appendix B.1 and B.1.2), we use “robust” in the label. We first review the results for

null simulated and real data. Figure 3.2 shows the heterogeneity of uncorrected cluster

size P-values, measured as the standard deviation (SD) of − log10(P) over space (see

Section 3.2.5), for stationary and nonstationary simulated null data.

As expected, Figure 3.2 shows that all of the methods show good homogeneity with

stationary data, but the unadjusted (1-pass through the permutation testing) method

has dramatically increased SD with nonstationary data. RPV adjustment reduces SD to

the level of stationary data, as does the robust RPV-adjustment; as the simulated data

of course do not have outliers, it is notable that the robust method does not appear to

suffer from using less data. The 2-pass empirical adjustment has the smallest SD of all

methods considered. An empirical adjustment following RPV adjustment (“2-pass, rpv”)

is nearly as bad as no adjustment at all, possibly because the empirical adjustment does

a poor job capturing the small amount of nonstationarity remaining after RFT-based

adjustment.

Note that if the data is stationary we do not expect to see dramatic differences when

comparing one method with another. However, in the so called “stationary” null data in

Figure 3.2, there still can be some nonstationarities caused by “edge effects”, i.e., voxels

closer to the edges have a smaller chance for being hit by a large cluster than those voxels

at central regions, and hence a smaller ECSPV. This cannot be evaluated using RFT-

based RPV calculations, and thus, can be counted as a strength of the empirical method.

Also, it is not the absolute standard deviation that is important, but rather the relevant

comparison between the right and left side of Figure 3.2 is the actual performance index

for each method; this cross-data comparison of methods indicates that two-pass methods

are similar while one-pass has degraded performance under nonstationarity.

As mentioned in Section 3.2.5, the cluster-forming threshold for the analysis of null

data is uc=2.5. In many papers, however, higher values such as uc=3 are also used in order

to avoid violating the RFT assumptions for parametric cluster-based inference (Poline
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et al., 1997). As the choice of uc is arbitrary and hence has no gold standard value, in

order to address this concern we carried out the same analysis with uc=3, which did not

improve the results. Thus, we used uc=2.5 and as we do not carry out the parametric

cluster inference this should not be a concern.

Figure 3.3 shows equivalent results for TFCE inference. Note that the absolute range

of SD’s is an order of magnitude smaller than the SDs for cluster inference. Using

TFCERFT (i.e., 1-pass, rpv) does not provide good correction for nonstationarity, while

TFCEEmp (i.e., 2-pass and 2-pass, rpv) has dramatically reduced the SD.

Real fMRI and VBM null data analyses show similar reductions in uncorrected P-

value heterogeneity with the use of adjustment methods; 2-pass empirical methods always

produce the most homogeneous inference (Figures 3.4 & 3.5).

Several variations in the methods did not show noticeable differences in performance

and are omitted from the plotted results. Kiebel’s smoothness estimation method was

indistinguishable from Jenkinson’s method (see the related formula in Appendix B.1),

and so only results using the latter are displayed. Use of the empirical adjustment

normalization factor E = 2/3 always performed slightly better than E = 1 and 2, and

thus only the E = 2/3 results are shown (simulation results exploring different values of

E can be found in Salimi-Khorshidi et al. (2009a)).

Using simulated-data analyses with signal present and AUC as a measure of power,

the optimal method depended on the configuration of the nonstationarity and the signal-

to-noise ratio (SNR). Figure 3.6 shows AUC at representative samples of the patterns of

nonstationarity and SNR levels considered. Over all, cluster-based inference appears

to improve with either of the two adjustment techniques (i.e., RPV and empirical),

depending on the configuration of nonstationarity. TFCE, however, does not necessarily

show an improvement when adjusted, which implies its robustness to nonstationarities.

For the real-data VBM analysis, testing for MCI grey matter greater than AD grey

matter, clusters were found in the areas typical of AD atrophy: medial temporal lobe,

posterior cingulate, and frontal lobe (see Karas et al. (2004) and Risacher et al. (2009)).

74



2 3 4 5
0.2

0.25

0.3

0.35

0.4

0.45
cluster−based inference on stationary data

applied smoothing (Gaussian kernel’s σ)

st
an

da
rd

 d
ev

ia
tio

n

 

 

1−pass

1−pass, rpv

2−pass

2−pass, rpv

1−pass, rpv, robust

2/3/4 2/4/3 3/2/4 3/4/2 4/2/3 4/3/2
0.2

0.25

0.3

0.35

0.4

0.45
cluster−based inference on nonstationary data

configuration of nonstationarity

 

 

Figure 3.2: Heterogeneity of cluster-size test’s false positive risk for simulated null
data, as measured by the spatial standard deviation of uncorrected cluster-wise
− log10(P− values). For stationary null data (left) the SD is plotted against applied
smoothing (the σ of the Gaussian kernel); there is low heterogeneity for all the measures
considered. For nonstationary null data (right) − log10(P− values) standard deviation
is plotted against different configurations of nonstationarity; here the standard deviation
is higher over all, and is much greater for 2/4/3 in particular. The 1-pass P-values are
always the most heterogeneous, and the 2-pass empirically-adjusted P-values are always
the most homogeneous, with RPV-based adjusted P-values in-between.
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Figure 3.3: Heterogeneity of TFCE false positive risk for simulated null data, as measured
by the spatial standard deviation of uncorrected TFCE − log10(P− values). See Fig.
3.2 caption for descriptions of abscissa values. For stationary null data (left), there
is low heterogeneity for either standard (1-pass) TFCE or RPV-adjusted TFCE, and
ultra-low heterogeneity for 2-pass TFCE (compare with Fig. 3.2). For nonstationary
null data (right), the standard deviation is not appreciably higher overall, indicating
TFCE’s robustness with respect to nonstationarity. While standard TFCE shows higher
standard deviation for some configurations of nonstationarity (2/4/3 in particular), the
RPV-adjusted TFCE is more stable. Again, the 2-pass TFCE has exceptionally low
P-value standard deviation (i.e., high homogeneity).
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Figure 3.4: Heterogeneity of false positive risk for null fMRI data versus applied image
smoothing, as measured by the spatial standard deviation of uncorrected cluster and
TFCE − log10(P− values). For cluster size inference (left) heterogeneity increases with
increasing smoothing, but 1-pass P-values are always the most heterogeneous, and 2-pass
empirically adjusted P-values always the most homogeneous. For TFCE inference (right)
P-values are much more homogeneous and are generally unaffected by image smoothness.
Again, the 2-pass TFCE has very low heterogeneity.
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Figure 3.5: Heterogeneity of false positive risk for null VBM data versus applied
image smoothing, as measured by the spatial standard deviation of uncorrected cluster
and TFCE − log10(P− values). For cluster size inference (left) heterogeneity tends
to decreases with increasing smoothing, but 1-pass P-values are always the most
heterogeneous, and 2-pass empirically adjusted P-values always the most homogeneous.
For TFCE inference (right), the 1-pass TFCE P-values show decreasing heterogeneity
with increasing image smoothness, just like cluster-based inference. However, the 2-pass
TFCE again has very low heterogeneity.
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Figure 3.6: Joint sensitivity-power evaluation using area under the ROC curve (AUC)
with simulated nonstationarity data. From a wide range of simulations, six representative
results are shown: Upper row shows peak SNR=6, and lower row shows peak SNR=9;
columns show different configurations of nonstationarity, from left to right: 2/3/4, 2/4/3,
and 3/2/4. Highest AUC depends on exact setting, but is usually an adjusted cluster
method or a TFCE method.
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Figure 3.7: VBM cluster-size results (MCI>AD) with smoothness maps. Top row shows
clusters obtained with a T-stat=3 cluster-forming threshold. Middle row shows FWHM-
based smoothness image (intensity range 0-8), and bottom row shows ECSPV1/3 image
(intensity range 0-15). Note not only how the largest clusters appear in smoothest areas
(by either measure), but also the differences between the two smoothness measures;
FWHM is greatest in the cerebellum, while ECPSV is greatest in the posterior cingulate
area. Displayed slices are selected from z=-32mm to z=38mm, every 14 millimeters in
MNI coordinates.

Figure 3.7 shows these clusters, along with maps of the two measures of local smoothness,

FWHM (middle) and ECSPV1/3. It is notable that some of the areas of highest ECSPV

are exactly where the clusters have been observed, suggesting that the clusters may

be false positives or these areas of signal simply coincide with areas where there is

exceptionally structured noise. Figure 3.8 shows the MCI>AD results using TFCE. The

2-pass adjustment has reduced sensitivity, but precisely in the areas where the ECSPV is

large; thus the adjustment is doing what it is supposed to do. The 2-pass RPV, however,

is almost as good as the 2-pass, suggesting that, in this case, the empirical adjustment

was not harming the accuracy of the the method.

To further understand the difference between the RPV-based and ECSPV-based

adjusted inferences, we directly compared smoothness estimates and the change in P-

value after adjustment within each of the 33 clusters in the real VBM data (Figure 3.9).
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(a) 1-pass (unadjusted)

(b) 1-pass RPV

(c) 1-pass RPV, Robust

(d) 2-pass

(e) 2-pass RPV

Figure 3.8: TFCE results for VBM data (MCI>AD) using different adjustment methods.
The standard TFCE result (a) is very similar to RPV-adjusted TFCE (b). RPV-based
adjustment by using a robust RPV calculation (c) shows similar posterior cingulate
effects, but finds reduced parietal, frontal or insular differences. 2-pass adjustment
(d) and RPV-adjustment with 2-pass adjustment (e) show patterns suggesting that the
significance of the parietal, frontal and insular areas may have been over-estimated with
the standard TFCE or RPV-adjusted TFCE. Colour (red-yellow) shows 1-P-value with
range 0.95-1, and the displayed slices are selected from z=-32mm to z=38mm, every 14
millimeters in MNI coordinates.
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These clusters’ specifications are shown in the table in Table 3.2. The table specifies

how smooth/rough each cluster is (on average) using different measures introduced in

the chapter, and also, what the effect of adjustment was on its significance. As an

example of this information’s usage, the plots in Figure 3.10 confirm that FWHM shows

a positive correlation with ECSPV1/3, but there are some exceptions. In particular

the posterior cingulate cluster had the largest ECSPV but only moderate FWHM.

The effect of adjustment, measured by − log10(P
FWE
1−pass) − (− log10(P

FWE
adjusted)), shows the

expected pattern of increased significance for clusters in relative rough regions, and

decreased significance for clusters in relatively smooth regions. Note that since the right

panel of Figure 3.10 compares the effect of adjustment versus FWHM, RFT’s measure

of nonstationarity, it is not surprising that RFT shows the expected pattern. More

important is that the empirical adjustment shows the general pattern expected, indicating

that it is making similar corrections as RFT.

3.4 Discussion and Conclusions

Cluster-based inference must account for nonstationarity in VBM and other types of data

with highly variable smoothness. Parametric RFT methods that ignore nonstationarity

are invalid, and result in inflated false positive risk in smooth areas. Nonparametric

cluster-size tests based on the maximum distribution (i.e., FWE corrected inferences) are

valid, but will have non-uniform sensitivity related to the local smoothness. For example,

in a very rough region, the mean null cluster size might be 2.5, and clusters as large as

10 voxels might never occur by chance; hence we might regard a 50 voxel cluster in

this region as very unusual. But since the maximum distribution considers all regions,

including smooth regions where, say, the mean null cluster size is 1000, the maximum-

based FWE significance will never find a 50 voxel cluster to be significant. If (as may

often be the case) the likelihood of finding extended signal is affected by nonstationarity

in a similar manner to the effect of the nonstationarity on the null distribution, then

correction of nonstationarity could hope to improve both sensitivity and specificity
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Figure 3.9: The 33 clusters surviving the cluster-forming threshold of T-stat=3 with their
indices (the same indices as shown in Table 3.2). Clusters with a size less than 10 voxels
are excluded from the analysis. In this image colour is just to show cluster location, and
the displayed slices are selected from z=-52mm to z=72mm, every 4 millimeters in MNI
coordinates.
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Table 3.2: Specifications of the clusters formed in real VBM analysis (same as those in
Figures 3.9 and 3.10); columns 1-7 are clusters’ indices as are as shown in Figure 3.9 and
their size (in voxel count), mean FWHM, mean ECSPV1/3, pre-adjustment − log10 P ,
empirically-adjusted − log10 P and RPV-adjusted − log10 P .
Index Voxel Count <FWHM> <ECSPV1/3 > − log10 PFWE − log10 PFWE

emp − log10 PFWE
rpv

01 5035 6.16 13.35 3.00 3.00 3.00
02 1723 7.43 9.55 2.52 2.70 2.40
03 1262 7.89 8.91 2.30 2.40 2.30
04 451 4.58 6.33 1.60 2.40 2.40
05 348 7.81 6.02 1.46 1.80 1.16
06 252 7.52 6.01 1.24 0.49 0.80
07 241 4.73 5.40 1.21 1.44 1.77
08 164 7.23 5.26 1.00 0.42 0.54
09 128 5.00 4.83 0.89 0.88 1.10
10 113 4.90 4.40 0.82 1.01 1.02
11 108 6.38 6.43 0.80 0.03 0.49
12 80 5.01 3.90 0.67 1.06 0.71
13 79 4.50 4.06 0.64 0.82 0.95
14 77 5.23 4.06 0.62 0.66 0.60
15 57 5.09 5.00 0.47 0.03 0.51
16 50 6.31 4.58 0.41 0.04 0.29
17 35 4.53 3.12 0.30 0.33 0.42
18 32 6.71 4.12 0.23 0.02 0.08
19 32 7.15 5.77 0.27 0.01 0.06
20 32 4.23 2.95 0.27 0.50 0.45
21 31 4.96 3.26 0.26 0.07 0.24
22 23 4.52 3.15 0.18 0.05 0.25
23 22 4.87 3.20 0.17 0.04 0.16
24 21 6.55 4.54 0.17 0.01 0.05
25 17 4.51 3.96 0.13 0.06 0.22
26 17 4.71 4.16 0.13 0.01 0.14
27 15 5.02 2.97 0.10 0.03 0.09
28 15 7.99 2.51 0.10 0.16 0.01
29 13 5.52 6.30 0.09 0.01 0.04
30 13 4.65 2.50 0.09 0.05 0.11
31 13 4.77 2.67 0.09 0.04 0.09
32 13 4.26 2.82 0.10 0.03 0.14
33 13 4.48 2.66 0.09 0.05 0.12
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Figure 3.10: Relationship between empirical and RPV measures of cluster size for the
VBM data (MCI>AD). Left shows the 33 clusters found with a t = 3 cluster-forming
threshold, plotting ECSPV1/3 versus FWHM (each measure averaged within a cluster).
There is a roughly linear relationship, with some outliers. Right shows the relationship
between the change in − log10 P FWE (between no adjustment and adjustment with either
empirical, i.e., 2-pass, or RPV-based method) and FWHM. In general, adjustment causes
clusters in rough areas to increase in significance and clusters in smooth areas to decrease
in significance, as would be expected.
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In this work we have shown that the RFT-based method to account for nonstationarity

does not completely eliminate spatial heterogeneity, and we have proposed an empirical

measure that produces more uniform false positive risk over the image. The success of the

RFT-based RPV approach to nonstationarity-adjustment depends on local smoothness

accurately accounting for differences in cluster size over the image, and does not account

for edge effects where, all things being equal, clusters near boundaries will always be

smaller than clusters in the middle of the analysis volume. Our empirical ECSPV measure

directly estimates local cluster size under the null hypothesis, and forms a cluster size

statistic that should be uniform with respect to both smoothness and cluster position

relative to the analysis boundary.

The primary finding of our work is that cluster inference with our proposed ECSPV

measure has minimal heterogeneity of false positive risk over the image, as measured in a

diverse collection of real and simulated null datasets (Figures. 3.2, 3.4 & 3.5). We obtained

the best homogeneity when the cluster sizes were raised to the E = 2/3 power before

averaging. We did not find any appreciable difference between Kiebel’s vs. Jenkinson’s

method for RPV estimation.

The uniformity of our empirically-adjusted cluster-size method, however, comes at

the expense of a somewhat noisier measure of local smoothness (Figure. 3.7, middle

vs. bottom), and results in lower sensitivity (Figure. 3.6). TFCE, a cluster-informed

voxel-wise inference method, was found to be much less affected by nonstationarity (even

without any adjustment) than cluster-size-based thresholding (Figure. 3.3) and to have

good power.

On the real VBM data analysis, the unadjusted method detected 5 significant

clusters, the RPV-adjusted analysis detected 5, and the ECSPV-adjusted analysis

detected 6 clusters. The apparent overall reduction in sensitivity (in both significant

and insignificant clusters) is due to the ECSPV finding evidence of large clusters in the

posterior cingulate area even under permutation. While AD declines in that region are

of course typical for the disease, we find that the strength of evidence based on spatial
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extent is over-stated by the RFT nonstationary method.

In conclusion, while our proposed method does not dominate in terms of power,

whenever severe nonstationarity is considered we find it to be the method of choice to

ensure false positive risk is optimally invariant to image smoothness. However, when

compared with cluster-based inference, TFCE appears to be a very safe approach in

order to minimize the effect of nonstationarity in the inference.
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Chapter 4

Using Gaussian-Process Regression
for Meta-analytic Neuroimaging
Inference Based on Sparse
Observations
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Abstract

The purpose of neuroimaging meta-analysis is to localize the brain regions

that are activated consistently in response to a certain intervention. As a

commonly used technique, current coordinate-based meta-analyses (CBMA)

of neuroimaging studies utilize relatively sparse information from published

studies, typically only using (x,y,z) coordinates of the activation peaks.

Such CBMA methods have several limitations. First, there is no way to

jointly incorporate deactivation information when available, which has been

shown to result in an inaccurate statistic image when assessing a difference

contrast. Second, the scale of a kernel reflecting spatial uncertainty must

be set without taking the effect size (e.g., Z-stat) into account. To address

these problems, we employ Gaussian-process regression (GPR), explicitly

estimating the unobserved statistic image given the sparse peak activation

“coordinate” and “standardized effect-size estimate” data. In particular, our

model allows estimation of effect size at each voxel, something existing CBMA

methods cannot produce. Our results show that GPR outperforms existing

CBMA techniques and is capable of more accurately reproducing the (usually

unavailable) full-image analysis results1.

1The work in this chapter is under review by IEEE Transactions on Medical Imaging.



4.1 Introduction

A statistical meta-analysis combines the results of studies that address a set of related

research hypotheses, thus increasing the power and reliability of the inference (Sutton

et al., 2000). It is becoming more popular in the field of neuroimaging as the number

of studies in the field is increasing and many of the conducted studies either contain

conflicting results or are based on only a small number of subjects. The small sample size

makes the studies statistically under-powered (i.e., increases the chance that their results

will not be reproduced in another group of subjects) and hence emphasizes the need for

a meta-analysis.

Neuroimaging meta-analyses are either coordinate-based meta-analysis (CBMA) or

image-based meta-analysis (IBMA); while existing CBMA methods are based only on

activation foci in a standard space (i.e., a minimal summary of each study that can

be found in journal papers), IBMA methods combine whole-brain statistic volumes.

Although authors of neuroimaging meta-analyses rarely have access to the complete

original datasets, when they are available, it is natural to perform an IBMA. Lazar

et al. (2002) review a number of ways to combine different subjects’ statistic maps,

which also applies to combining different studies’ maps. Among these solutions are the

Fisher’s method for combining P-values and Stouffer’s method for combining Z-stats

(
√

nZ̄) that have been frequently used in traditional meta-analyses (Lazar et al., 2002).

As an alternative to such simple fixed effects (FFX) models, we proposed a flexible

hierarchical mixed effects (MFX) model in Chapter 2 to account for both within- and

between-study variance; instead of modeling all of the data at all levels simultaneously,

this model passes the summary statistics between the levels of the hierarchy (Beckmann

et al., 2003; Woolrich et al., 2004).

In common practice, however, although IBMA is preferable over CBMA, neuroimaging

studies rarely make public the full image data, and instead only report the magnitude and

coordinates of their activation peaks in the papers; a collection of such information can



be found in databases such as BrainMap2 (Laird et al., 2005b). With coordinate-based

data, there are two widely used meta-analysis methods: activation likelihood estimation

(ALE) (Turkeltaub et al., 2002) and kernel density approximation (KDA) (Wager et al.,

2004); more details and a review can be found in Wager et al. (2007). In both ALE

and KDA methods, the stereotactic coordinates of activation peaks are the “units” of

analyses (they are treated/processed independent from each other and then pooled).

In rough terms, they assess the consistency across studies by convolving an impulse at

each peak activation location, combining the convolved images into test statistic images,

and comparing the observed statistic images to null-hypothesis images. In KDA, the

smoothing kernel is spherical with radius ρ, while in ALE it is Gaussian with standard

deviation of σ.

Given the nature of the inputs to any given coordinate-based analysis, the result is

not expected to perfectly resemble the IBMA results. For instance, in Chapter 2, we

found a loss of sensitivity in CBMA when compared with IBMA, which is mostly due

to the fact that study images are summarised by a list of sparsely-located coordinates.

Also, as addressed by (Wager et al., 2007), the fact that each study employs a different

approach (e.g., which of Z- or T-stat images is used; at what value the statistic image

is thresholded; how many supra-threshold coordinates are reported in the paper), will

influence the input and hence the result of coordinate-based analyses. In addition to

such problems that any coordinate-based technique will suffer from, existing coordinate-

based techniques such as ALE and KDA suffer from their strong dependency on their

arbitrarily-selected kernel size. Investigating this issue, Eickhoff et al. (2009) modeled

ALE’s kernel size as the parameter that “should reflect the uncertainty of the reported

spatial location due to between-template and between-subject variance”. However, as

the extent of this kernel is a property of the meta-analysis result (i.e., its smoothness),

it should ideally be “inferred” from the study specifications, and spatial arrangement of

the foci with respect to each other (in terms of both their coordinates and effect size).

2http://www.brainmap.org
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When solely using “activation” foci, deactivated and neutral regions are represented

similarly (i.e., both regions have no representative foci in the CBMA input), which can

result in inaccurate results when inferring difference contrasts. For example, imagine a

region in which studies in Group1 report effect sizes around 0 and studies in Group2

report very negative effect sizes; using full-image information is likely to result in a

Group1-Group2 that is significantly bigger than zero in this region. However, there is

no evidence (i.e., foci) supporting a nonzero Group1-Group2 difference when carrying

out CBMA, which is the discrepancy between IBMA and CBMA in difference contrasts

(shown in Chapter 2). Thus, deactivation foci are important and it would be preferable if

CBMA could “jointly” incorporate the activation and deactivation information. Lastly,

no matter how similar the studies included in the meta-analysis are, there is always

heterogeneity in the study pool (e.g., caused by slight variations in the study design, or

different numbers of subjects taking part in each study), the extent of which cannot be

easily assessed by ALE and KDA, as they only use the coordinates, not the effect size.

Regarding some of the aforementioned shortcomings, Neumann et al. (2008) propose

a post-ALE hierarchical clustering, which models the foci as samples from a mixture of

clusters with various prior shapes located across space. A modification of the core ALE

method is also introduced by Eickhoff et al. (2009), which performs a MFX by pooling

the study-level activation-likelihood (AL) maps and testing the resulting map against the

distribution under the H0 of “there is no consistency across individual studies’ AL maps”.

A similar MFX version of KDA (known as multi-level KDA or MKDA) was introduced

by Wager et al. (2007), where each study is represented by a binary map (with voxels

being 1 if the study reports a foci in its vicinity and is 0 otherwise). This approach

alleviates the inconsistency across studies in terms of the number of foci they report, but

still does not address the extent of uncertainty in the meta-level effect size. In a very

different approach, Costafreda et al. (2009) use a parametric CBMA by modelling the

activation coordinates as random samples drawn from a Poisson point process; assuming

different underlying Poisson processes for each group in this model can result in a MFX

92



meta-analytic solution. However, even with such modifications, CBMA would still benefit

from an approach capable of incorporating all available information (e.g., deactivation

information and foci’s Z-stat) and resulting in effect-size images.

In this chapter, we employ Gaussian-process (GP) regression (GPR) (Rasmussen and

Williams, 2006) in order to tackle these problems. GPR is very similar to Kriging (Stein,

1999), which computes the best linear unbiased estimator of the field at a target point in

D-dimensional space from observations of that field at nearby locations with a stochastic

model of the spatial dependence. This space is also known as feature space with

points being D-dimensional feature vectors that under the field are mapped into their

corresponding scalar target values. By using GPR we assume that “points close in the

feature space will be close in the target space” holds for the random field (i.e., the statistic

image) under consideration. Assuming that the data is generated by a multivariate

Gaussian process results in the following advantages: (1) This makes the joint usage

of activation and deactivation possible; (2) It enables GPR to incorporate the effect size

and the location information (i.e., coordinates) rather than location alone; (3) It provides

a solution for estimating the random-effects variance/heterogeneity, which provides the

meta-analysis with both FFX and RFX options; (4) It enables the analysis to predict

the effect size at voxels that have no observation associated with them (i.e., regression);

and (5) the scale of the spatial covariance, playing an equivalent role to the kernel size

in CMBA is estimated from the data instead of set arbitrarily or by a rule-of-thumb.

4.2 Materials and Methods

In this section, we first describe the full IBMA model, followed by a mathematical

description of the neuroimaging CBMA. The GPR model is introduced next, for

application to coordinate-based meta-analysis. Since GPR is applied to two types of data

(simulated and real fMRI data), the simulation procedure and general analysis routine

and data preparation before the GP meta-analysis are also described. This is followed by
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a brief introduction to Dice coefficient (DC) and receiver operating characteristic (ROC)

curves as performance indices.

4.2.1 Image-based Neuroimaging Meta-analysis

In order to achieve improved statistical power and more generalizable conclusions, one

approach is to pool the results from a group of neuroimaging studies using IBMA. In

essence, pooling the study-level statistics in IBMA is very similar to pooling the subject-

level statistics in group-level analysis and hence can utilize similar models, i.e., a two-

level MFX model. It was previously shown by Beckmann et al. (2003) that a “two-level

MFX model with its study-level parameters being estimated from parameter and variance

estimates of the subject level” can be made equivalent to a “single complete mixed-effects

model whose parameters are estimated directly from all of the original single sessions’

time series data” if the (co-)variance at the second level is set equal to the sum of the (co-

)variances in the single-level form. This statement is generalizable to fMRI meta-analysis,

i.e., IBMA only requires the values of the parameter estimates and their (co-)variance from

each study, generalizing the well-established “summary statistics” approach to IBMA.

Consider a meta-analysis where there are S studies and that each study, s, uses a

within-study analysis to estimate the effect-size at voxel k (k = 1, ..., K). This study-

specific effect size, ys,k, can be shown to be given by:

ys,k = αs,k + ws,k, where ws,k ∼ N (0, τ 2
s,k). (4.1)

αs,k = µk + us,k, where us,k ∼ N (0, σ2
k),

where µk is the overall population mean effect at voxel k, αs,k denotes the effect for study

s, τ 2
s,k represents the within-study variances, and σ2

k is the random-effects variance (or

the inter-study heterogeneity variance) (Woolrich et al., 2004). Combining the two lines

in Equation 4.1 gives:

ys,k = µk + us,k + ws,k, (4.2)
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which implies that IBMA estimates the meta-level mean effect size, {µk}k=1,...,K , and

between-study variance, σ2
k, using the study-level summary statistics,

{{αs,k}s=1,...,S}k=1,...,K and {{τ 2
s,k}s=1,...,S}k=1,...,K (e.g., by employing a Bayesian method

such as FLAME (FMRIB’s Local Analysis of Mixed Effects) Woolrich et al. (2004)).

4.2.2 Coordinate-based Neuroimaging Meta-analysis

As each neuroimaging study consists of hundreds of thousands of hypothesis-tests (i.e.,

large K), it is almost impossible to report the result of all these tests (i.e., all voxels

considered) in one paper. Therefore, in practice, neuroimaging meta-analysis uses a

summary from each study, i.e., a set of coordinates corresponding to the location (and

often Z-stat magnitude) of activation peaks. Therefore, the model in Equation 4.2 requires

two modifications, which we will now address: (1) it needs to offer a solution for sparsity

of observations, and (2) it needs to accommodate the use of standardized effect-sizes (i.e.,

Z-stats) instead of αs,k.

Typically CBMA does not have access to both αs,k and τ 2
s,k information; instead it

has access to zs,k = αs,k/τs,k. Therefore, the model in Equation 4.2 changes into

zs,k = µk/τs,k + es,k, where es,k ∼ N (0,
σ2

k + τ 2
s,k

τ 2
s,k

). (4.3)

As an approximation, we assume that for every study, τs,k = τk (i.e., studies are similarly

reliable in their effect-size estimates), Equation 4.3 can then be rewritten as

zs,k = µ̃k + es,k, where es,k ∼ N (0, 1 + σ̃2
k), (4.4)

where µ̃k = µk/τk and σ̃2
k = σ2

k/τ
2
k . This model will produce FFX inferences if we assume

σ̃2
k = 0 (i.e., no RFX variance).

4.2.3 Using GPR for CBMA

Even though CBMA only has access to n × 1 vector z={zk}nk=1 at n sparsely-located

voxels with voxel coordinates V={vk}nk=1 (i.e., an n × 3 matrix), we can employ GPR

to model those voxels’ (unobserved) standardized mean effect size µ̃ = {µ̃k}nk=1 (n × 1
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vector). Under GPR, µ̃ is assumed to be a sample from a Gaussian process (i.e., a

distribution over functions), i.e.,

µ̃ ∼ GP(m,C), (4.5)

where m and C denote the mean and covariance matrix of the process. We set m=0

(expressing a prior belief of no activation in the absence of foci), and use a squared

exponential (SE) covariance function to model the smoothness of µ̃, i.e.,

C(k, k′) = σ2
f exp

(
−d(vk,vk′)2

2`2

)
, (4.6)

where d(vk,v
′
k) is the Euclidian distance between kth and k′th voxel, and σf and `

denote the model’s parameters for signal-variance and length-scale, respectively. Thus,

C depends on σf and `, and given that they are the prior distribution’s parameters, in the

rest of this chapter we call them our model’s “hyperparameters”. Figure 4.1 illustrates

how the shape of the GP varies as a function of σf and `.

Assuming that z is sampled from µ̃ with Gaussian noise N (0, σ2
nI), this results in

zk ∼ N (µ̃k, σ
2
n) at the location of kth voxel, or z ∼ N (µ̃, σ2

nI) for the n observations.

This resembles CBMA’s generative model in Equation 4.4 (where ∀k σ2
n = 1 + σ̃2

k),

which, together with the model in Equation 4.5, provides the CBMA with a solution for

predicting the n∗× 1 vector of standardized effect-size µ̃∗ at a new set of n∗ given voxels

V∗(i.e., n∗ × 3 matrix of prediction points that can have overlapping voxels with V as

well). In the first step of this solution (inference phase), the model’s hyperparameters Θ =

{σf , σn, `} are estimated with “evidence optimization” (EO). In the next step (prediction

phase), given the data ({V,z}) and estimated hyperparameters Θ = Θ̂, GPR uses its key

predictive formula (Rasmussen and Williams, 2006)

p(µ̃∗|V, z,V∗) = N (µ̄∗, cov(µ̃∗)), (4.7)

where

E[µ̃∗] = µ̄∗ = C(V∗,V)[C(V,V) + σ2
nI]−1z (4.8)

cov(µ̃∗) = C(V∗,V∗)−C(V∗,V)[C(V,V) + σ2
nI]−1C(V,V∗),
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Figure 4.1: The effect of GP’s hyperparameters on its shape. Data is generated from a
GP with hyperparameters ` =2 and 5 (shown at the left side of each row), σf =1 and 2
(shown on top of each column), and σn =0 (i.e., no obervation noise), as shown by the
+ symbols. Using Gaussian process prediction with these hyperparameters we obtain a
95% confidence region for the underlying function (∼ GP) (shown in grey). The red band
on the background of each subplot shows the the corresponding GP if no data is given
(with its mean shown as a black thin dashed line, and its 95% confidence region shown
in red). This figure shows how higher ` corresponds to higher smoothness (bottom row),
and how higher σf translates to stronger signal (right column). It also shows how our
observation can reduce the uncertainty in our prior (i.e., the red region).
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where C(V∗,V∗) is the n∗ × n∗ prediction covariance matrix of the GP function at

n∗ prediction voxels, C(V∗,V) is the n∗ × n matrix of covariance between n training

and n∗ prediction points, and C(V,V∗)= C(V∗,V)T . Note that the predictive formula

is the conditional normal distribution, i.e., p(µ̃∗|µ̃), where µ̃∗ and µ̃ jointly form a

multivariate normal distribution. According to Equation 4.8, the estimated uncertainty

is the difference between two terms: the first term is simply the GP prior covariance from

which is subtracted a (positive) term representing the information the observations give

us about the function.

4.2.3.1 Hyperparameter Estimation with EO

EO estimates the model’s hyperparameters from observations {V,z}. Evidence, or

“marginal likelihood”, is the integral of the likelihood times the prior, where the term

marginal refers to the marginalization over µ̃ (i.e., the GP function)

p(z|V) =

∫
µ̃

p(z|µ̃,V)p(µ̃|V)dµ̃. (4.9)

This is straightforward to evaluate since µ̃|V ∼ N (0,C(V,V))

log p(µ̃|V) = −1

2
µ̃TC(V,V)−1µ̃− 1

2
log |C(V,V)| − n

2
log 2π. (4.10)

and z|µ̃ ∼ N (µ̃, σ2
nI), and the log marginal likelihood is

log p(z|V) = −1

2
zT (C(V,V) + σ2

nI)−1z− 1

2
log |C(V,V) + σ2

nI| −
n

2
log 2π(4.11)

where C(V,V) is the n× n covariance matrices of the GP function at n training voxels.

Note that this can also be obtained directly by observing that z ∼ N (0,C+σ2
nI). The EO

results in the Θ = {σf , σn, `} that satisfies Θ̂ = arg max
Θ

(log p(z|V)). We employed the

conjugate gradient method (an algorithm for the numerical solution of particular systems

of linear equations, namely those whose matrix is symmetric and positive-definite) for

solving EO’s optimization problem (Avriel, 2003). As detailed below, we consider different

configurations for estimating Θ, however, in practice we only advocate fixing σf , using a

Gamma prior on ` and estimating σn and ` by using EO.
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4.2.3.2 Prior on length-scale hyperparameter `

To improve the accuracy/plausiblity of the estimation of `, one can add prior information

on the scale (`) with a Gamma prior distribution

` ∼ Gamma(`; η, ν) =
1

νηΓ(η)
xη−1e−`/ν , (4.12)

with mean ην and variance ην2. We consider the use of a mean 1 voxel, variance 5 voxel2

prior, denoted as Γ(1, 5), for all our analyses (note that our real fMRI image is 2 mm×2

mm×2 mm). We must choose and fix the prior mean and variance, but our results should

be less sensitive to these choices relative to if we had just fixed ` to a particular value.

Note that, placing a prior on ` helps to regularize its estimation to a plausible range. For

example, in a CBMA we know that the smoothness extent is normally from a limited

range, i.e., values from outside this range are not likely to be the smoothness of an FMRI

data (e.g., we will not have `=100 mm in reality).

4.2.3.3 Fixing σ2
f to Account for Coordinate Sampling Bias

The basic GPR model as described so far is suitable for problems where z are random

samples drawn from a Gaussian random field plus a noise. In a CBMA application,

however, samples are not randomly drawn from Z-stat images; rather they are the location

of the peaks surviving a threshold, e.g., Z-stat>3. Therefore, it is necessary to reflect

this in the model’s hyperparameters for a more reliable/accurate inference and prediction.

Instead of using EO to estimate σ̂f based on the characteristics of the data, we fix it to

force the desired behavior of µ̃∗, when away from sampled points V.

When there is no sample zk in the local vicinity of voxel k, the GP will tend towards

a voxel-wise marginal distribution such as µ̃∗ ∼ N (0, σ2
fI). However, depending on the

values of σf , σn, `, even if k is distant from sampled points V, the predicted value of

µ̃∗ may be far from zero (as determined by Equation 4.8). To ensure that predictions in

such regions stay near zero away from sampled data, we fix σf (Groves et al., 2009).

Consider a prediction µ̃∗ at a randomly selected location, with no influence from

sampled data, i.e., µ̃∗ ∼ N (0, σ2
fI). In this case, if we assume the null hypothesis is true
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Table 4.1: The list of analyses carried out in this chapter in terms of their underlying
model, inputs and outputs. Note that the ∗ in the second subscript (e.g., such as the one
in GPRjoint,∗) can denote different possibilities (i.e., s, l and n) shown in Table 4.2.

Notation Model Input Output

ALEactivation ALE (x,y,z) of activation foci Positive Z-stat map
ALEdeactivation ALE (x,y,z) of deactivation foci Negative Z-stat

map
KDAactivation KDA (x,y,z) of activation foci Positive Z-stat map

KDAdeactivation KDA (x,y,z) of deactivation foci Negative Z-stat
map

GPRactivation,∗ GPR (x,y,z) and Z-stat of activation
foci

Full Z-stat map

GPRdeactivation,∗ GPR (x,y,z) and Z-stat of deactivation
foci

Full Z-stat map

GPRjoint,∗ GPR (x,y,z) and Z-stat of activation
and deactivation foci

Full Z-stat map

FLAME-MFX GPR voxel-wise COPE and VARCOPE Full Z-stat map
FLAME-MFX GPR voxel-wise COPE and VARCOPE Full Z-stat map

then σf = 1 (σ̃2 = 0, Equation 4.4). However, as we are working with peaks, even null

peak data will have variance in excess of unity. Further, since we believe many studies to

be under-powered, there are false negative foci that should have been detected (i.e., true

µ̃∗ ≥ t, for analysis threshold t) but are not (z = µ̃∗ + e < t). Thus we choose σf > 1 to

reflect the omitted foci. We investigate the sensitivity of our choice of σf below.

4.2.4 CBMA Notations

It is important to note the differences between various methods we employed for

coordinate- and image-based meta-analysis in this chapter. A summary of all these

differences (in terms of their underlying model, inputs and outputs) can be found in

Table 4.1. We addressed the problem that arises when comparing a “full Z-stat map” such

as GPRjoint,∗ results with uni-sign maps such as ALEactivation and ALEdeactivation results,

by comparing positive ALEactivation with positive GPRjoint,∗ and negative ALEdeactivation

with negative GPRjoint,∗.
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Table 4.2: The list of GPR inference scenarios utilized in this chapter. In all these
scenarios, evidence optimization is employed and the ∗ notation in the subscript can be
any one of activation, deactivation or joint cases. For instance, GPRjoint,s denotes a case
that is provided with both activation and deactivation foci, where σf=3 and a Gamma
prior on ` exists, and σn and ` are inferred using evidence optimization.

Notation fixed prior EO infers

GPR∗,s (fixed σf ) σf=3 Gamma on ` ` and σn

GPR∗,l (fixed `) ` - σf and σn

GPR∗,n (no fixed hyperparameter) - - `, σf and σn

4.2.4.1 GPR Notations

Given various possibilities for the GPR analysis, e.g., adding priors on hyperparameters

and/or fixing hyperparameters’ values, we adopted a subscript-representation (shown in

Table 4.2) that denotes each case. In the rest of the chapter, we will use these notations.

4.2.5 Data

In this study, meta-analytic methods are applied to contrast of parameter estimates

(COPEs) and their variances (VARCOPEs) that are either simulated or are from real

fMRI experiments.

4.2.5.1 Simulated Data

In order to compare the methods in a scenario where the underlying ground truth is

known, using Algorithm 1 a group of subject-level COPE and VARCOPE images are

simulated (i.e., the end-result of the simulation is subject-level COPEs and VARCOPEs,

not the functional time-series). Simulation starts with a binary image (with 1s at the

location of foci in the list F and 0s elsewhere) that if smoothed will result in a “meta-

level gold standard” signal (i.e., COPE), G. Assuming that each study comes from

its own meta-level underlying signal Gs (i.e., from different populations due to different

interventions and designs that each study employs), we next move the foci in F slightly,
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in order to generate Fs. Smoothing the binary image corresponding to Fs results in Gs,

meta-level COPE corresponding to sth study.

In the 1D simulation, F consists of 12 foci located at coordinates {55, 120, 200, 250,

400, 470, 550, 600, 660, 770, 810, 900}, representing the centres of blobs of σ={12, 15, 8,

13, 9, 10, 12, 12, 9, 12, 11, 15} voxels. In the 3D simulation, F consists of 12 foci located

at coordinates {(20,20,5), (7,7,7), (14,14,14), (20,20,20), (30,30,30), (5,25,35), (10,10,30),

(10,30,10), (30,8,28), (10,40,25), (22,11,33), (30,25,15)}, representing the centres of blobs

of σ = 3 voxels. It is worth noting that, given ALE’s Gaussian and GP’s SE kernels’

nature, such simulation might slightly favour them, when compared to KDA, that uses

an indicator function as its kernel. However, given the high number of foci that are

included in the CBMA, KDA’s statistic image will end up having a smoother shape, i.e.,

representing a Gaussian-blob-type statistic image, which can be an indication of this issue

being less important in CBMA of large number of input foci.

Using Gs as the meta-level COPE in the GLM (described in Section 4.2.1) results in

the study-level COPE images, Ys. We assume that the number of subjects in each study

is a random number between 10 and 20 (with uniform probability). For the ith subject

of study s, COPE image Ys,i is generated by feeding the GLM with Ys while using the

parameters in Table 4.3. Such univariate (i.e., voxel-wise) hierarchical GLM is utilized in

many neuroimaging (Beckmann et al., 2003) and general meta-analysis (Copas and Shi,

2001) papers. In order to carry out a study-level analysis on subject-level COPE images,

we next simulated VARCOPE images by drawing random samples from N (0, 1) at each

voxel (i.e., Ys,i(v)± ηs,i(v), where ηs,i(v) ∼ N (0, 1)).

IBMA of simulated images, i.e., subject-level COPEs and VARCOPEs, is carried out

using FSL (Smith et al., 2001). In the second-level analyses, each study’s MFX map,

corresponding to the average of its subjects’ activation maps was created using FLAME

(FMRIB’s Local Analysis of Mixed Effects) (Woolrich et al., 2004). Third-level analyses

were carried out using all studies, with a one- or two-group model (depending on the case)

in order to create FLAME-MFX and FLAME-FFX maps. For the CBMA, local maxima
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Algorithm 1 Hierarchical Data Simulation

Require: S, F , δ, Σ, V , varhetro
ma , varFFX

ma , varhetro
st , varFFX

st

for s = 1 to S do
Fs ← ∅
for f=1 to length( F) do

fnew,x ← F(f, x) + random number from([-δ δ])
fnew,y ← F(f, y) + random number from([-δ δ])
fnew,z ← F(f, z) + random number from([-δ δ])
add( Fs, fnew,x, fnew,y, fnew,z)

end for
Gs ← 0
for f = 1 to length(F) do
T ← 0
T (Fs(f)) ← 1
T ← smooth(T , Σ(f))
T ← T /max( T )
T ← zero values under 0.2(T )
Gs ← Gs + T

end for
Is ← random integer from([10 20])
for v=1 to length(V) do
Ys(v) ∼ N (Gs(v), {varhetro

ma (v), varFFX
ma (v)})

for i=1 to Is do
Ys,i(v) ∼ N (Ys(v), {varhetro

st (v), varFFX
st (v)})

end for
end for

end for
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Table 4.3: The list of parameters used in 1D and 3D data simulation (see Algorithm 1 for
more details). Columns ‘Value I’, ‘Value II’, ‘Value III’ and ‘Value IV’ show the parameter
values in one-group 1D, two-group 1D, one-group 3D and two-group 3D simulations,
respectively (see Section 4.3.1 and 4.3.2 for more details).
Notation Description Value I Value II Value III Value IV

S Number of studies 20 20 20 20
F Coordinates of the Gaussian blobs’

centres (gold standard)
- - - -

Fs Coordinates of the Gaussian blobs’
centres for study s (slightly displaced
F)

- - - -

Is Number of subjects in study s - - - -
Ys COPE image of study s - - - -
Ys,i COPE image for subject i in study s - - - -
T Temporary image - - - -
δ Displacement of the coordinates 5 5 5 5
Σ SD of the Gaussian blobs - - - -
V List of voxels mask mask mask mask

varhetro
ma Meta-level RFX variance 0 0 0 0

varFFX
ma Meta-level FFX variance 2 2 2 2

varhetro
st Study-level RFX variance 10 10 10 10

varFFX
st Study-level FFX variance 5 5 5 5

and minima along with their Z-stats (positive for maxima and negative for minima) are

extracted from study-level FLAME-MFX Z-stat maps. A constraint is imposed to 3D

(resp. 1D) cases: only report the local maxima that are not closer than 10 (20) voxels to

each other and are in clusters bigger than 25 (20) voxels that survive a cluster-forming

threshold of Z-stat=±2.5. These constraints are to make the simulated scenario more

similar to the way papers typically report their foci in neuroimaging, e.g., reported foci

of each cluster are not closer than 8 mm when using SPM3 reports.

4.2.5.2 Real Data

For the real data, the results of 20 different pain studies (collected in accordance with

local ethics approval) are pooled in order to find regions of activation induced by painful

stimuli. In total, 212 healthy adult subjects were imaged (age range 20-35 y, mean 26.8

y; 127 male, 85 female) in either a 3T Siemens Trio MRI scanner (using a 12-channel

3http://www.fil.ion.ucl.ac.uk/spm/
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head coil), or 3T Varian MRI scanner (using a 4-channel head coil). Note that the 15

studies employed in Chapter 2 is a subset of these 20 studies. This data In spite of some

differences, all studies concentrated on pain as the main effect of interest (the same studies

as those described in Chapter 2). Eight of the studies used a mechanical pain stimulus,

while the other 12 studies used a thermal pain stimulus. We investigate a differential

response to the two forms of pain delivery in the third-level analysis. The result of this

analysis extracts the areas of the brain that show more or less thermally-induced pain

activation relative to mechanically-induced pain.

Processing of functional images at the first level was performed using FSL (Smith

et al., 2001). Functional images were motion corrected (Jenkinson et al., 2002) and

spatially smoothed at FWHM (full width half maximum) of 5 mm prior to temporal

model fitting (Beckmann et al., 2003; Woolrich et al., 2004, 2001). Co-registration to the

MNI152 standard brain space was performed in 2 stages: (1) the fMRI data from a given

subject was registered to that subject’s T1 structural using linear registration (Jenkinson

and Smith, 2001; Jenkinson et al., 2002) and (2) the subject’s structural image was

registered to the MNI standard brain using nonlinear registration. In the second-level

analyses (Woolrich et al., 2004) FLAME-MFX activation maps corresponding to the

main pain-effect were created. Third-level cross-study analyses were carried out using all

studies, with a one-group model or a two-group model (split by mechanical vs. thermal

stimulus study type). Both FLAME-FFX and FLAME-MFX maps were created at the

third level.

Using the results of the 20 pain studies, the foci lists are created for the “standard”

CBMA analyses; again, one activation (i.e., local maxima) list and one deactivation (i.e.,

local minima) list. For each study, this foci-list consists of foci not closer than 8 mm

to each other (which matches the default behaviour of SPM) that belong to clusters

surviving the cluster-forming threshold of Z-stat=±2.5.
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4.2.6 Map Comparison

While the gold-standard reference for the simulated data is available, for the real fMRI

data we use the FLAME-MFX IBMA results to define the “gold-standard” reference

to which the other methods are compared. This choice of reference is based on three

assumptions: IBMA is preferred over CBMA (if the relevant information is available), as

the image data are a superset of the information in CBMA analyses; MFX is preferred

over FFX, as the goal of the meta-analysis is to estimate the effect size consistently

reported in the study pool, which might consist of different populations (particularly

when the pool gets larger in terms of the number of studies); and, for the choice of IBMA

analysis method, FLAME’s hierarchical model is preferred over other traditional meta-

analystic measures due to its statistical optimality and flexibility for dealing with group

differences and covariates (Woolrich et al., 2004).

We first compare CBMA maps to the IBMA gold-standard with the Dice Coefficient

(DC) (Dice, 1945), which is a symmetric measure of the similarity of two binary images:

DC =
2|I ∩ C|
|I|+ |C|

(4.13)

where |I| and |C| are the number of non-zero voxels in a thresholded reference image

and a thresholded CBMA image, and |I ∩ C| is the number of non-zero voxels in their

intersection. DC ranges from 0 (no overlap), to 1 (perfect overlap). CBMA methods are

compared to the reference image after thresholding, e.g., binarisation at Z-stat=±2.5.

CBMA methods are tested over a range of kernel parameters, i.e., the Gaussian kernel’s

standard deviation (σ) for ALE and indicator kernel’s radius (ρ) for KDA, in order to

find the optimal setting for each method given the data. In fMRI meta-analysis, σ

values are {5, 10, 15, 20, 25, 30}mm and ρ values are {15, 20, 25, 30, 35, 40}mm; for

simulated 3D data these values are {1,2,4,6,8,10}voxels and {2,4,6,8,10,12}voxels for σ

and ρ, respectively.

In order to summarize each method’s performance on a range of possible thresholds,

we use a receiver-operator characteristic (ROC) curve, where the free parameter is the
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binarization threshold. We use the area under the curve (AUC) as a single-valued

summary of an ROC curve; the higher the AUC, the better. An ROC curve is strictly

defined only for a single detection task, repeated many times with different thresholds.

In our setting, following Smith and Nichols (2009), with thousands of hypothesis-tests

(one per voxel) a free-response (FR) ROC curve is more appropriate (Bunch et al., 1978).

An FR-ROC curve replaces either FPR or TPR (or both) with measures that aggregate

true or false positives over voxels. At a given threshold, we define TPR as “the number

of voxels that are above the threshold in both CBMA and our gold standard image

(e.g., IBMA) divided by the total number of voxels that are above the threshold in our

gold standard image” and FPR as “the number of voxels that are incorrectly above the

threshold in CBMA divided by the total number of voxels that are below the threshold

in our gold standard image”.

4.3 Results

Given various data types utilized for the assessment of GPR CBMA, in this section, each

subsection is dedicated to one type of input data (e.g., 1D simulated, 3D simulated and

real fMRI data).

4.3.1 Simulated Data: 1D

We first illustrate the results when meta-analyzing 20 simulated 1D studies in Figure 4.2.

The one-group 1D simulation parameters are shown in column ‘Value I’ of Table 4.3.

As described earlier, meta-analysis of the simulated data starts from pooling the subject-

level COPEs and VARCOPEs of each study, which results in “FLAME-MFX study-level”

COPEs, VARCOPEs and Z-stat images. There is one underlying signal for the meta-

analysis (G) whose variants are the underlying signals of the populations that each study

is sampled from (Gs).

Figure 4.3 shows a case where GPR accommodates our prior belief on its

hyperparameters’ values (GPRjoint,l with `=25 voxels), together with a case where GPR
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Figure 4.2: Comparing the GPRjoint,s with Γ(1,5) prior on ` (EO inferred `=25.6 voxels
and σn=1) with FLAME when applied to 1D simulated data. In the top row, one sample
study’s underlying signal (the bold line) is shown together with its FLAME-MFX Z-
stats (the thin line). The foci extracted from this FLAME-MFX study-level Z-stat image
(i.e., the ‘+’ markers) are collected for GPRjoint,s whose result (i.e., mean±SD) is shown
in the middle row (notice the shading corresponding to the estimation errors, i.e., 90%
confidence interval). In this row, +’s represent the foci from the 20 studies included in the
CBMA. The bottom row displays the Z-stat images of FLAME-MFX and FLAME-FFX
together with the Z-stat resulting from GPRjoint,s. The goodness of this fit is assessed
by using the coefficient of determination or R2, which is 91%, i.e., 91% of the signal
variance is explained by the GPRjoint,s which indicates a very accurate result. Note that
the FLAME-FFX results are scaled by a 1/2 factor for the purpose of visualization.
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Figure 4.3: GPR’s flexibility in accommodating the prior knowledge on ` by fixing its
value or assuming a probability distribution for it. This figure shows GPRjoint,l when `=25,
and GPRjoint,n in the first and second rows, respectively. The foci are collected from the
same 20 simulated studies described in Figure 4.2 and the shadings correspond to the
estimation errors, i.e., 90% confidence interval.

does not incorporate any prior information (i.e., GPRjoint,n). Figure 4.4 on the other

hand, displays the variation in GPR in terms of the types of its input by showing the

results for GPRjoint,s, GPRactivation,s and GPRdeactivation,s, all with a Γ(1,5) prior on `.

Note that, in this chapter we advocate the use of GPR∗,s and other alternatives are just

demonstrated for comparison.

One of the strengths of GPR is its ability to incorporate the deactivation information

and hence its better estimation of the underlying statistical landscape in difference

contrasts. Figure 4.5 displays the difference-contrast meta-analysis (e.g., similar to

comparing two groups of studies: one assessing an intervention on subjects having a

Disease and one on Control subjects using the Disease-Control contrast) where

two main groups of 1D studies are simulated in order to produce a signal for the difference

contrast that is different from zero. The two-group 1D simulation parameters are shown in

column ‘Value II’ of Table 4.3. The results can resemble the results from IBMA methods
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Figure 4.4: GPR’s flexibility in incorporating various foci types (e.g., activation only,
deactivation only or joint activation and deactivation). In rows 1 to 3 we have GPRjoint,s,
GPRactivation,s and GPRdeactivation,s with a Γ(1,5) prior on `. If there are no foci at the
location of a voxel, the prior on σf pushes the estimated landscape toward an N (0,σ2

f )
distribution. The foci are collected from the same 20 simulated studies described in
Figure 4.2 and the shadings correspond to the estimation errors, i.e., 90% confidence
interval.
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Figure 4.5: The results of GPRjoint,s with Γ(1,5) prior on ` when applied to two-group
simulated 1D data in order to localize their difference. Top-left displays one sample
study from each group whose underlying signals and estimated study-level Z-stats are
shown by bold and thin lines, respectively. The foci extracted from the study-level Z-stat
images are collected for GPR-CBMA whose results are shown in the right column (top
and bottom for G1 and G2, respectively); the shading corresponding to the estimation
errors, i.e., 90% confidence interval and +’s represent the foci included in each group’s
CBMA. Bottom-left displays the Z-stat images of FLAME-MFX together with the Z-stat
resulting from GPRjoint,s.

very accurately. Note that the difference Z-stat corresponds to a T-test for the differences

between two means (using each group’s mean and SD as calculated in Equation 4.8).

The activation in the meta-analytic result at around voxel 125 corresponds to the

deactivation foci reported consistently by studies in G2 in contrast to no foci reported

by studies in G1. Traditional CBMA using activation foci only would miss this effect

completely.

4.3.2 Simulated Data: 3D

The one-group and two-group 3D simulation parameters are shown in column ‘Value

III’ and ‘Value IV’ of Table 4.3, respectively. The ground truth signal and the results

from various meta-analysis techniques for the 3D simulations can be seen in Figures 4.6

and 4.7. According to these results, GPR performs similarly to the IBMA methods such

as FLAME-FFX.

111



(a) One-group case’s gold standard

(b) FLAME-FFX

(c) FLAME-MFX

(d) GPRjoint,s

(e) GPRactivation,s (red) & GPRdeactivation,s (blue)

(f) KDAactivation (red) & KDAdeactivation (blue)

(g) ALEactivation (red) & ALEdeactivation (blue)

Figure 4.6: IBMA and CBMA results when pooling a one-group set of 3D simulated
studies. The underlying signal for the one-group simulation is shown in (a) with the
results from pooling these studies under a mean/average contrast using FLAME-FFX,
FLAME-MFX, GPRjoint,s with Γ(1,5) prior on `, GPRactivation,s & GPRdeactivation,s with
Γ(1,5) prior on `, ALEactivation & ALEdeactivation with σ=4 voxels, and KDAactivation &
KDAdeactivation with ρ=6 voxels shown in (b)-(g), respectively. Note that the extent of
the ALE and KDA are those at which they have their best performance when compared
with the gold standard (see Figure 4.8). In this figure, red-yellow and blue colours show
Z-stat values with range [2, 4] and [-2, -4], respectively.
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(a) Group 1 gold standard

(b) Group 2 gold standard

(c) FLAME-FFX: G1-G2

(d) FLAME-MFX: G1-G2

(e) GPRjoint,s: G1-G2

(f) KDAactivation: G1-G2

(g) ALEactivation: G1-G2

Figure 4.7: IBMA and CBMA results when contrasting two groups of 3D simulated
studies against each other. The underlying signals for G1 and G2 are shown in (a) and
(b), respectively. The results for G1-G2 contrast from FLAME-FFX and FLAME-MFX
are shown in (c) and (d), respectively. The CBMA results are for GPRjoint,s with Γ(1,5)
prior on ` (e), KDAactivation with ρ=6 voxels (f) and ALEactivation with σ=4 voxels (g). In
this figure, red-yellow and blue colors show Z-stat values with range [2, 4] and [-2, -4],
respectively.

113



1−2 2−4 4−6 6−8 8−10 10−12
0

0.1

0.2

0.3

0.4

0.5

0.6

σ−ρ

CBMA’s performance on mean contrast

D
C

 

 

1−2 2−4 4−6 6−8 8−10 10−12
0

0.1

0.2

0.3

0.4

0.5

0.6

σ−ρ

CBMA’s performance on difference contrast

 

 

ALE
activation

 & ALE
deactivation

KDA
activation

 & KDA
deactivation

GPR
joint,s

GPR
activation,s

 & GPR
deactivation,s

Figure 4.8: Using DC for evaluating the performance of CBMA methods when applied
to the simulated 3D data (dash-separated σ and ρ on the x-axis corresponds to ALE
and KDA’s kernel sizes, respectively). The left panel compares ALE and KDA against
our advocated method (i.e., GPRjoint,s with Γ(1,5) prior on `) and GPRactivation,s &
GPRdeactivation,s with a Γ(1,5) prior on `, when applied to mean (left panel) and difference
(right panel) contrasts. The result indicates the GPRjoint,s performs better than ALE and
KDA over a range of their kernel sizes.

We compare CBMA results with the gold standard using the DC as the measure of

overlap. For ALE and KDA, as there is not a best kernel-extent that is estimated by

taking into account both coordinates and effect-sizes, a fairly large range of possible values

are tested (which will include the value proposed in Eickhoff et al. (2009) as the optimal

extent of uncertainty of coordinates). The results from the DC analysis are shown in

Figure 4.8, where ALE and KDA are compared with GPRjoint,s, the method we advocate

for neuroimaging CBMA.

4.3.3 fMRI Data

We first illustrate how foci from the study pool are spatially distributed in Figure 4.9; it

also displays how frequently each voxel is reported as (de)active. The foci-map is the sum

of the foci, signed (i.e., + for activation and − for deactivation foci) binary maps; one map

per foci with +1/-1s at voxels closer than 8 mm to the focus if activation/deactivation

and 0s otherwise (e.g., a value of 10 in the foci map means that there are 10 more
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(a) Indicator map (ρ = 8mm)

(b) Frequency map of the activation/deactivation in the study pool

Figure 4.9: The foci- and frequency-maps from the fMRI study pool, with red and blue
spots displaying the positive and negative areas, respectively. This figure is useful for
displaying the spatial distribution of foci and the agreement between studies in each
area’s activation. The indicator and frequency maps are both thresholded at ±(2-10).
Red-yellow and blue colours show Z-stat values with range [2, 15] and [-2, -15], respectively
(with green regions being their overlap), and the displayed slices are selected from z=-40
mm to z=40 mm, every 12 mm in MNI coordinates.

activation foci than deactivation foci in the 8 mm radius of that voxel). Note that

this is the subtraction of the deactivation foci’s KDA statistic-image from the activation

foci’s KDA statistic-image. In order to generate the frequency map,
∑

study[I(zstudy >

2.5) − I(zstudy < −2.5] (where I(.) returns 1 when its input argument is true and 0

otherwise) is estimated at each voxel (e.g., a value of 5 in the frequency map means that

there are 5 more studies that report that voxel as active than studies that report that

voxel as deactive). These two images are only useful for seeing how foci are scattered in

the brain.

As CBMA incorporates spatially-sparse samples with similar target values (e.g., 2.5<

|yi| <5), EO estimates large ` values, particularly if samples are only activation foci.

This is due to the fact that according to the observations, target values of sample feature

vectors are very similar even if they are not spatially close, which in theory is expected to

happen under large `. Thus, we require a prior belief of ` to blance this phenomenon. In

Figure 4.10, each point on the x-axis (i.e., 300, 350, 400, 450 and 500) denote the number

of foci selected from the fMRI foci pool, and the y-axis is the mean±SD of estimated `.

For instance, the fMRI foci pool consists of 530 foci, we randomly select 300 foci from
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Figure 4.10: The effect of the number of foci included in the CBMA on the inferred ` when
using the GPRjoint,s with a Γ(1,5) prior on `. For the value x on the x-axis, we randomly
select x sample foci from the pool and infer the `; this is repeated 5 times. The mean and
SD of the resulting 5 ` values are shown on the y-axis. The EO estimate of ` increases
when the number of foci in the CBMA decreases. This also demonstrates GPR’s flexibility
in accommodating both prior belief and data in its estimation of hyperparameters, i.e.,
even though we have a prior on `, there is still flexibility in its estimation depending on
the data.

this pool and repeat this process for 5 times (with replacement); each of these 5 repeats

results in an estimate for ` whose mean and SD are shown on the y-axis for x-axis value

of 300. This figure shows that even though we have a prior on `, there is still flexibility

in its estimated value depending on the data.

Using the foci in Figure 4.9 for a mean-contrast CBMA results in the maps in

Figure 4.11. As in the simulated 3D data, in order for ALE and KDA to use

both activation and deactivation foci they are run twice: once with activation (i.e.,

ALEactivation) and once with deactivation (ALEdeactivation) foci. This figure displays

FLAME-FFX and FLAME-MFX together with ALE, KDA and GPR. The lack of

sensitivity is an obvious outcome of using the minimal peak information in the CBMA,

when compared to IBMA that uses the whole image from each study. In order to

assess the CBMA methods in a difference contrast, the results for the Therm-Mech

contrast (whose negated image corresponds to the Mech-Therm contrast) are shown in
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Figure. 4.12. This is expected to display the areas of the brain where thermal stimulus

(Therm) causes a different level of (de)activation when compared to mechanical stimulus

(Mech).

Following this qualitative summary of each method’s performance, in order to

quantitatively measure various methods’ accuracy when applied to real fMRI data, we

use DC with FLAME-MFX as the gold-standard. Both gold-standard and CBMA maps

are thresholded at Z-stat=2.5 (i.e., P-value=0.012) in order to result in the DC binary

maps; DC scores are plotted in Figure 4.13. As DC correspond to a single binarisation

threshold, which may not necessarily be consistent across different CBMA methods, we

also used AUC of the ROC curve; this assesses the CBMA methods’ performance over a

wider range of thresholds (results are shown in Figure 4.14).

Finally, it is necessary to assess the dependence of GPRjoint,s CBMA on the value that

σf is fixed at. For this assessment, DC of GPRjoint,s is measured when σf is fixed at 1,2,3,4

and 5. The results, shown in Figure 4.15, demonstrate how robust the performance is

with respect to variations in σf , as long as it is larger than 2. This result justifies our

choice of σf=3 in this chapter.

4.4 Discussion and Conclusions

In this study, we reviewed the problems that the current coordinate-based meta-

analysis techniques suffer from and offered a framework for tackling them. Our new

method employs GPR, a nonparametric approach to regression, using a group of

observations/samples from a Gaussian random field (i.e., statistic image) in order to

estimate its value at various locations (i.e., voxels). This is the first important difference

between GPR and other CBMA approaches; while existing CBMA methods try to localize

the consistency, GPR estimates the pooled effect size (i.e., Z-stat in this particular

application) as well. Thus, not only does GPR use the (x,y,z) coordinates of the foci,

it also incorporates these foci’ Z-stats. The most similar method to ours is Costafreda
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(a) FLAME-FFX

(b) FLAME-MFX

(c) GPRjoint,s

(d) GPRactivation,s (red) & GPRdeactivation,s (blue)

(e) KDAactivation (red) & KDAdeactivation (blue)

(f) ALEactivation (red) & ALEdeactivation (blue)

Figure 4.11: IBMA and CBMA results when pooling a one-group set of fMRI
studies. Z-stats from FLAME-FFX and FLAME-MFX are displayed in (a) and (b),
respectively. The CBMA results are for GPRjoint,s with Γ(1, 5) prior on `, GPRactivation,s

& GPRdeactivation,s with Γ(1,5) prior on `, KDAactivation & KDAdeactivation with ρ=25,
and ALEactivation & ALEdeactivation with σ=15, shown in (d)-(g), respectively. The false
positives in GPR when compared with FLAME are due to the foci existing in those
false-positive regions (see Figure 4.9), which also causes ALE and KDA false positives.
Red-yellow and blue colours show values with range [2, 4] and [-2, -4], respectively, and
the displayed slices are selected from z=-40 mm to z=40 mm, every 12 mm in MNI
coordinates.
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(a) FLAME-FFX

(b) FLAME-MFX

(c) GPRjoint,s

(d) KDAactivation

(e) ALEactivation

Figure 4.12: IBMA and CBMA results when contrasting two groups of fMRI studies
(Therm-Mech). Z-stats from FLAME-FFX and FLAME-MFX are displayed in (a) and
(b), respectively. The CBMA results are for GPRjoint,s with Γ(1,5) prior on `, KDAactivation

with ρ = 25 mm, and ALEactivation with σ = 15 mm, shown in (d)-(e), respectively. Red-
yellow and blue colours show Z-stat values with range [2, 4] and [-2, -4], respectively,
and the displayed slices are selected from z=-40 mm to z=40 mm, every 12 mm in MNI
coordinates.
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Figure 4.13: Using DC for assessing the performance of CBMA methods when applied to
pooling real fMRI studies (dash-separated σ and ρ on the x-axis corresponds to ALE and
KDA’s kernel sizes, respectively). Having both CBMA and IBMA images binarised at
Z-stat=2.5, DC shows that GPRjoint,s with Γ(1, 5) prior on ` outperforms ALE, KDA and
GPRactivation,∗ & GPRdeactivation,∗ with Γ(1, 5) prior on `. The CBMA results are worse for
the difference contrast than the mean contrast.
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Figure 4.14: Using the area under the ROC curve for assessing the performance of
CBMA methods when applied to the real fMRI data (see the text for more details
on the notations). AUC shows GPRjoint,s (with Γ(1, 5) prior on `) outperforms ALE,
KDA and GPRactivation,s & GPRdeactivation,s with Γ(1, 5) prior on ` over a range of possible
binarisation thresholds for the mean contrasts, and gives a similar results on the difference
contrast (note that, dash-separated σ and ρ on the x-axis corresponds to ALE and KDA’s
kernel sizes, respectively).
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Figure 4.15: The effect of fixed σf in GPRjoint,s’s performance. In this figure, the x-axis
shows the values σf is fixed at and y-axis is the DC score after thresholding the GPRjoint,s

Z-stat maps at 2.5 and comparing against the fMRI gold standard. This plots implies
that GPRjoint,s is fairly robust to varying the σf over the 2-5 range.

et al. (2009), which does not utilize the effect sizes and only provides an analytic model

for the coordinates.

Existing CBMA methods incorporate only the coordinates of the activation foci

and have no solution for jointly-incorporating the deactivation information if available.

Therefore, in order to estimate the deactivation map, traditional CBMA needs a separate

analysis using the deactivation foci. This is the second difference between GPR and the

former CBMA approaches, which not only makes the traditional methods less accurate,

but also reduces their accuracy when assessing difference contrasts. This is caused by

the fact that when solely using the activation foci, regions that are neutral to one group

while showing deactivation in another group are represented similarly (i.e., both have no

representative foci in the input). This is shown in Chapter 2 for finding the regions

showing different activation-deactivation patterns when caused by Thermal painful

stimuli than when caused by Mechanical.

Having collected the input information, existing CBMA approaches need the

researcher to choose the model parameters (the extent of the kernel). Although smoothing

kernels utilized by studies might provide insights for the appropriate CBMA kernel
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size, this arbitrariness is a weakness of the method. In an attempt to address this

issue, Eickhoff et al. (2009) modeled ALE’s kernel size as the parameter that “should

reflect the uncertainty of the reported spatial location due to between-template and

between-subject variance”. However, as the extent of this kernel is a property of the meta-

analysis result (i.e., its smoothness), it should be “inferred” from the spatial arrangement

of the foci with respect to each other (in terms of both their coordinates and effect size).

As the third main difference, GPR has an evidence-optimization step before the regression

that automatically determines the optimal values for the model hyperparameters, i.e., `, σf

and σn. Additionally, when there is enough information a priori about the parameters,

GPR offers a flexible framework for incorporating that information in the form of a fixed

hyperparameters (e.g., ` or σf ) or a probability distribution over a hyperparameters (e.g.,

a Gamma distribution for `).

According to the results when fixing σf while using a Gamma prior on `, GPR yields

more accurate results over a wide range of scenarios. The reason we recommend this

approach is that it reflects: (1) when no foci are observed, the Z-stat maps could have

most likely had a value in [-Zthreshold, +Zthreshold] that did not survive the thresholding

(at Zthreshold) prior to foci extraction, and (2) depending on the data, we have a prior

belief about a range of values of ` that can model the spatial dependency; Gamma PDF

models this belief. This PDF is recommended to have a mean ` close to the smoothness

of interest with a reasonably small SD.

Note that, in our advocated GP model, we fixed the value of σf at 3, and only

infer the values for ` and σn. The choice of σf=3, i.e., accommodating our prior

knowledge of the data in the GP model, is already shown by (Groves et al., 2009) to

be useful in neuroimaging models. This value of 3 quantifies our belief on the amount of

uncertainty we have around the 0 mean of the GP. This prior belief, when mixed with

the data/observations, will show itself as in Equation 4.8, where C(V∗,V∗) is our prior

belief of uncertainty, from which is subtracted a positive term. That is, new observations

reduce our uncertainty about the underlying function. As shown by Figure 4.15, our
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results are fairly robust in the range of values that we tested and hence we recommended

the ones with better performances (i.e., 2 and 3).

When the covariance, i.e., smoothness of the data, is known a priori (similar to ALE

and KDA) GPR offers a solution with fixed ` (shown in Figure 4.3). Also, ` is more

interpretable and has a nice correspondence to the statistical image’s smoothness, which

makes it easier to choose a value for it (if so desired) than for ALE’s σ (for example).

That is, the kernel in ALE and KDA models the uncertainty associated with the location

of the reported foci, which indirectly depends on the smoothness while the value of `

is itself the smoothness of the field and hence is in a clearer correspondence to original

image’s smoothness.

An important strength of GPR-CBMA is its underlying model that resembles the

traditional hierarchical GLM-based meta-analytic model that is the fundamental model

in many IBMA methods (e.g., Woolrich et al. (2004)). With the model’s parameters

inferred, CBMA can become nearly as informative as IBMA, e.g., it has the power to

offer a FFX as well as an RFX meta-analysis. This model can accommodate various

flexibilities (such as “RFX meta-regression”) in GPR analysis. However, due to the nature

of coordinate inputs, GPR-CBMA is not as accurate as its IBMA alternatives. Figure 4.9

shows this phenomenon by displaying the discrepancy that exists between coordinate and

full-image (de)activation maps. For instance, a decent number of deactivation foci are

reported (top row), which, given how deactivation is not frequently reported by studies

(bottom row), implies that a limited number of studies contribute to this foci set.

We have presented a solid mathematical framework for the CBMA, and hence there

are many possible extensions to this model. One of the interesting outcomes of the GPR

analysis is its estimates for each voxel’s effect size with a corresponding uncertainty.

Utilizing such voxel-wise pairs of COPEs and VARCOPEs was shown to be useful in

producing graphical tools for assessing the bias and heterogeneity in the meta-analytic

pool (Salimi-Khorshidi et al., 2009b; Nielsen, 2009). For the traditional CBMA, however,
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the lack of such pairs made it almost impossible to harvest this rich graphical meta-

analytic literature.

Moving in the direction of incorporating more information from neuroimaging papers

is expected to increase the information intake from the literature and hence enable

CBMA results to better resemble those from IBMA. While incorporating the deactivation

information and Z-stats, as demonstrated in this chapter, is a step in this direction,

there is still more information in journal papers that is not taken into account. One

important issue in CBMA is that not all studies report the effect sizes corresponding to

the reported coordinates. Although this case will have no influence on ALE and KDA

(a point of strength for these methods), the current version of GPR CBMA will not be

able to accommodate those foci in the analysis. However, in such cases, depending on

the other related information in the paper(s), one can use GPR with imputation.

In statistics, imputation is the substitution of some value for a missing data point

or a missing component of a data point. Once all missing values have been imputed,

the dataset can then be analysed using standard techniques for complete data. For

instance, consider a study that reports m coordinates (i.e., (x, y, z) triplets) that have

no Z-stats associated with them. In such cases, one can randomly draw m samples from

N (uc, 1), where uc reflects the Z-stat at which the study has thresholded its statistic

image. In order to have a more robust inference in such a case, however, one can employ

“multiple imputation” (i.e., repeating this process for multiple times and pooling the

predictions/results) and assess the stability of the result. Also, in cluster-wise-inference

papers, one can use assumptions such as those that come from random-field theory, where,

given the cluster size, cluster-forming threshold and an estimation of the smoothness, the

Z-stat at the location of the peak can be inferred.”

Given the complexity of neuroimaging meta-analysis, the ideal model is the

one that incorporates all our prior (e.g., anatomical) knowledge in modelling the

observations/data. For instance, apart from incorporating our knowledge of plausible

` and σf , we could limit GPR CBMA to a grey-matter mask, which translates to our
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anatomical knowledge. The current state of GPR (as well as ALE and KDA) CBMA

cannot employ other anatomical information in its inference and prediction, such as those

used by Phan et al. (2002), which makes Phan et al. (2002) a good pre-/post-processing

to GPR, ALE, and KDA.

Also, it is important to note that the result of the meta-analysis will depend on the

“inclusion criteria”, i.e., a set of rules according to which the data from a particular

study is chosen to be fed into the meta-analysis. One way of assessing the studies is by

implementing the the semantics of the experimental description in the model (Nielsen and

Hansen, 2002, 2004). This relates to cases where one wants to conduct a literature search

prior to the mathematical meta-analysis, which was not the case in this study. However,

meta-analysis researchers are strongly advised to take into account issues such as bias and

heterogeneity in their study selection, model selection and results interpretation (Salimi-

Khorshidi et al., 2009b).
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Chapter 5

Identifying Modulatory
Network-interactions in the Brain:
Correspondence between Activation
and Rest
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Abstract

The brain’s functional networks can be modelled by graph representations

of activity, where the vertices represent functional/anatomical regions and

the edges are their functional connectivity. In recent studies the BrainMap

task activation database has been used to map such networks of coactivation,

whose functional units (“nodes”) are shown to be in correspondence with those

extracted from the resting brain. However, correspondences in these nodes’

non-additive (e.g., modulatory) interactions are yet to be assessed. In this

work we carried out a joint multivariate exploratory analysis of resting-state

FMRI (rFMRI) and BrainMap data in order to (1) extract the spatial maps

of these nodes and (2) pinpoint the network structure underlying these nodes’

interactions. However, like others we have found that network modelling using

a high number of nodes is difficult (at least for the task database), hence, we

used a log-linear graphical model (LLGM) to look for interactions, finding

triplets of functional nodes which appear to interact (i.e., when one node

modulates the functional connection between the other two). Correspondence

was found between the set of significant modulatory rFMRI and BrainMap

triplets, which extends the component-matching result reported previously to

the components’ non-additive interactions.



5.1 Introduction

Extracting functional networks describing connectivity between different brain regions is

an emerging area in the field of neuroimaging, with 950 papers listed in PubMed from a

“functional connectivity” AND FMRI search. These studies differ in the types of data

(e.g., activation data (Patel et al., 2006), resting-state data (Zhang et al., 2010) or imaging

studies’ databases such as BrainMap1 (Toro et al., 2008)) and their mathematical models

(e.g., confirmatory (McIntosh and Gonzalez-Lima, 1994) or exploratory (Burge et al.,

2009)).

One of the major data modalities for such studies is resting FMRI (rFMRI), the

spontaneous fluctuations in the resting brain, which shows temporal correlation between

any part of the brain and other parts of the same functional network. Finding such

functional networks, in addition to offering information about the structure and function

of the healthy brain, is shown to be of great potential clinical value (e.g., Veer et al.

(2010)). Several networks of correlated temporal patterns in the “resting brain” have

been identified. These distinct patterns can be separated from each other from a single

resting FMRI dataset, because, although each has relatively consistent time courses across

its set of involved regions, the different networks have different temporal characteristics

from each other.

Although such “resting state networks” (RSNs), and related networks of deactivation

under task, have also been investigated in other modalities such as electroencephalography

(EEG) and positron emission tomography (PET), the majority of the research to date

has used FMRI. Although there has been concern that some patterns of spatially

extended spontaneous signals may be of non-neural physiological origin, these concerns

are increasingly being addressed, and it has been posited that RSNs do reflect functional

networks (see an excellent review in (Fox and Raichle, 2007)).

It was shown by Smith et al. (2009) that the full repertoire of major functional

networks utilized by the brain in externally instigated action is continuously and

1www.brainmap.org



dynamically active even when “at rest”. The activation networks in Smith et al. (2009)

are identified by carrying out an analysis of thousands of separate activation maps derived

from the BrainMap database of functional imaging (co)activation studies.

BrainMap is currently the largest database of FMRI and PET brain activation

studies, including the results from thousands of journal articles, each with several

different task conditions and contrasts between these. What makes BrainMap an

interesting source of data for brain research is in having inferences from a large number

of task studies; any aggregate inference on this data is hence generalizable to the wider

population. In other words, the result from employing a meta-analytic approach for

determining interdependencies between brain regions is inferring on the most general

level possible (Salimi-Khorshidi et al., 2009a). However, (Ramsey et al., 2010) argue

that the results obtained as such cannot be interpreted as representations of conditional

dependence relations among localized neural activities; specifically, directed pathways in

such graphical results may be artifacts of the manner in which distinct kinds of studies

are combined in the meta-analytic procedure.

Given the correspondence found between functional modules of the brain in activation

and rest (Smith et al., 2009), our study searches for the existence and extent of such

correspondence in brain regions’ multi-way (or non-additive) interactions. We are

specifically interested in looking for modulatory interactions, where one region’s “activity”

modulates the strength of the connection between two other regions. Thus far, various

network-modelling methods have been employed for mining the brain regions’ connections

(readers are referred to Smith et al. (2010) for an extensive review and comparison of

these methods), with little work to date looking for non-additive effects (an obvious

exception being the non-exploratory use of dynamic causal modelling (Friston et al.,

2003) which allows for the prediction and evaluation of modulatory effects). However,

like others (Neumann et al., 2009), we have found that network modelling using a high

number of nodes is difficult in the case of the BrainMap database dataset, due to the fact

that this contains such sparse representations of the original data (just the activation
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peak coordinates) that the more sophisticated network models are not provided with

sufficiently rich data to robustly achieve their ambitious goals. Instead, here we use

a log-linear graphical model (LLGM) to look for “small-scale” interactions, considering

only 3 functional nodes at any one time.

The LLGM in this study is a Poisson regression (PR) model, which is a special case

of the generalized linear model (GLZ), a flexible generalization of ordinary least squares

regression). The GLZ generalizes linear regression by allowing the linear model to be

related to the response variable via a link function (McCullagh and Nelder, 1999); using

the logarithm link function is a special form of GLZ known as PR, used to model count

data and contingency tables. Under this model, in order to assess an N-way interaction,

N time-series are first binarised in order to form an N-way contingency table whose cell-

counts are then modelled using PR in order to accept or reject the null hypothesis (H0):

“there is not an N-way interaction among the variables”.

The small-scale graphical model in this study attempts to find triplets (N=3) of

functional “nodes” which appear to interact, e.g., when one node modulates the functional

connection between the other two. In order to assess such three-way interactions (if found)

further, the binarised time-series of an interactive triplet are fed into an odds-ratio (OR)

analysis, one of a range of statistics used to assess the chance of a particular outcome if

a certain factor (or exposure) is present. The OR is a relative measure of chance, which

pinpoints the directionality of such interactions by telling us how much more likely it is

that one region that is exposed to another region’s activation will develop the outcome

as compared to when it is not exposed. Section 5.2 describes the details of the analysis

whose results are then shown in Section 5.3.

5.2 Materials and Methods

In this section, we first introduce the datasets used in this study, consisting of one

rFMRI dataset and a group of studies collected from the BrainMap database. Next,

the exploratory approach employed for extracting the spatial map and time series of each

130



functional node is described. At the end of this section LLGM and the post-hoc OR

analysis are introduced.

5.2.1 Data

As described earlier, this research aims to find the existence and extent of correspondence

between active and resting brain in their small-scale networks of multi-way interactions.

Therefore, two groups of data are required: one for assessing the interaction mechanisms

under activation, and one for assessing the same thing “at rest”.

5.2.1.1 Simulated Data

In order to test our method on a dataset where the truth is known a priori, a network of 10

nodes is used to simulate rich, realistic BOLD time-series (see Figure 5.1). These nodes’

time-series are simulated so that they resemble the variations that are observed in reality

from “functional nodes” (see Section 5.2.2 for the description) that are extracted from the

data. The simulations were based upon the dynamic causal modelling (DCM) (Friston

et al., 2003) FMRI forward model, which uses the nonlinear balloon model (Buxton

et al., 1998) for the vascular dynamics, sitting on top of a neural network model. The

fundamentals of our simulation are the same as those carried out by (Smith et al., 2010)

for simulating the brain networks.

Each node of this network has an external input that is binary (“up” or “down”)

and generated based on a Poisson process that controls the likelihood of switching state.

Neural noise/variability of standard deviation 1/20 of the difference in height between the

two states is added. The mean durations of the states were 2.5 s (up) and 10 s (down),

with the asymmetry representing longer average “rest” than “firing” durations; the final

results did not depend strongly on these choices (for example, reducing these durations

by a factor of 3 made almost no difference to the final results). These external inputs

into each node can be viewed equivalently as either a signal feeding directly into each

node, or as noise appearing at the neural level. The neural signals propagate around the
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Figure 5.1: The network topology fed into the FMRI data simulations and its
corresponding connection matrix. An element in the upper diagonal of the connection
matrix implies a directed connection from a lower-numbered node to a higher-numbered
one. The nonlinear interaction is added such that activity of node 4 modulates the
strength of the connection between nodes 1 and 2, and activity of node 5 modulates the
strength of the connection between nodes 8 and 9. Note that the modulatory edges are
shown as dashed lines in the topology.

network using the DCM neural network model, as defined by:

ż = (A +
m∑

j=1

ujB
j)z + Cu (5.1)

where z is the neural time-series, ż is its rate of change, A denotes the “fixed” connectivity

matrix, the
∑

term denotes the connectivity “modulation”, u are the external inputs

and C the weights controlling how the external inputs feed into the network (i.e.,

the identity matrix in this application). The off-diagonal terms in A determine the

network connections between nodes, and the diagonal elements are all set to -1, to model

within-node temporal decay. Each node’s neural time-series was then fed through the

nonlinear balloon model for vascular dynamics responding to changing neural demand.

The amplitude of the neural time-series were set so that the amount of nonlinearity

(nonlinearity here being potentially with respect both to changing neural amplitude

and duration) matched what is seen in typical 3T FMRI data, and BOLD % signal

change amplitudes of approximately 4% resulted (relative to mean intensity of simulated
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timecourses). The balloon model parameters were in general set according to the prior

means in DCM.

However, it is known that the haemodynamic processes vary across brain areas and

subjects, resulting in different lags between the neural processes and the BOLD data,

with variations of up to at least 1s (Chang et al., 2008). We therefore added randomness

into the balloon model parameters at each node, resulting in variations in haemodynamic

response function (HRF) delay of standard deviation 0.5s. Finally, thermal white noise of

standard deviation 0.11% (of mean signal level) was added. The BOLD data was sampled

with a TR of 3 s and the simulations comprised 50 separate realisations (or “subjects”),

all using the same simulation parameters, except for having randomly different external

input time-series, randomly different HRF parameters at each node (as described above)

and (slightly) randomly different connection strengths. Each “subject’s” data was a

10-min FMRI session (200 time-points) in this simulation.

5.2.1.2 Resting FMRI Data

The rFMRI dataset and its analysis followed a fairly standard protocol. Thirty-six healthy

adult subjects were imaged (age range 20-35 y, mean 28.5 y; 21 male, 15 female) in a

3T Siemens Trio MRI scanner, using a 12-channel head coil. All data employed had

been collected in accordance with local ethics approval. Structural brain images were

acquired using a T1-weighted 3D MPRAGE sequence, resolution 1×1×1 mm. These

were used purely to aid the registration of the functional data into a common standard

brain coordinate system (MNI152).

Resting FMRI BOLD (blood-oxygenation-level dependent) data were acquired with

a standard gradient echo echo-planar-imaging (EPI) acquisition, TR 2 s, TE 28 ms, flip

angle 89◦, resolution 3×3×3.5 mm, whole-head coverage except for the lowest parts of the

cerebellum in some subjects. The resting FMRI scan lasted 6 min, during which ambient

light was minimized, and the subjects were instructed to lie with eyes open, think of

nothing in particular, and not to fall asleep.
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Data preprocessing was carried out with FSL tools (Smith et al., 2004; Woolrich

et al., 2009). The following pre-statistics processing was applied for each subject: head

motion correction using MCFLIRT (Jenkinson et al., 2002); non-brain removal using

BET (Smith, 2002); spatial smoothing by using a Gaussian kernel of FWHM (full-

width at half maximum)=5 mm; grand-mean intensity normalization of the entire 4D

dataset by a single multiplicative factor; high-pass temporal filtering (subtraction of

Gaussian-weighted least-squares straight-line fitting, with σ =50.0 s). Registration of

each subject’s FMRI data to that subject’s high-resolution structural image was carried

out using FLIRT (Jenkinson et al., 2002), with the affine transform then refined using

BBR (boundary-based registration) (Greve and Fischl, 2009). Registration from the

high-resolution structurals to MNI152 standard space was achieved using FLIRT affine

registration and then further refined using FNIRT nonlinear registration (Andersson

et al., 2007).

This dataset is not related to any experiments contained in BrainMap and the resulting

functional modules are expected to represent group-averaged networks of brain regions

with BOLD FMRI signals that are temporally correlated, i.e., the most representative

networks of covariation when the brain is at rest. This is the same rFMRI data as that

used in Smith et al. (2009).

5.2.1.3 BrainMap Data

The BrainMap database contains the results of a large number of brain activation studies;

at the time of our analyses, it contained the results from 1,687 journal articles. Each study

can involve multiple “conditions”, for example, comparing finger tapping with rest and

comparing different rates of tapping with each other. The 1,687 studies resulted in 7,342

separate activation/contrast images and involved 29,671 human subjects.

In addition, a large amount of study information is included in the database, including

carefully structured, rich descriptive text detailing the experimental paradigm. Each

paradigm is also categorized under one or more of 66 behavioural domain classifications;
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these provide a more simplistic summary of the experimental tasks but are immediately

quantitatively useful.

In the BrainMap database, the spatial distributions of these activations are

represented via the coordinate locations of statistically-significant local maxima in the

activation images. All coordinates are in a standard brain “space,” in the case of

BrainMap, the Talairach coordinate system (Talairach and Tournoux, 1987). For each

activation result, we recreated a 2-mm-resolution standard space pseudo-activation image

by filling an empty image with points corresponding to the activation coordinates and

then convolving this with a Gaussian kernel of FWHM=10 mm. Although the actual

spatial extent of the original activation has not been preserved, this smoothing extent is

a reasonably close match to that applied as data preprocessing in many FMRI activation

studies and is close to the spatial variability in database coordinate locations as carefully

investigated by Eickhoff et al. (2009). We tested other spatial smoothing extents from 8-

to 15-mm FWHM and found the results not significantly sensitive to the exact extent.

5.2.2 Functional Nodes

As shown by Smith et al. (2009), when fed into a probabilistic ICA analysis (Damoiseaux

et al., 2006; Beckmann et al., 2005), rFMRI and BrainMap datasets result in very similar

networks of covariation. Hence, these two types of data are compatible for a joint analysis

in order for the extraction of their underlying functional modules using ICA, i.e., they

share virtually the same networks of covariation and hence BrainMap can be pooled

with a group of subjects’ rFMRI data for a single, integrated ICA decomposition. By

applying a high dimensional ICA to this combined dataset (in our case ending up with 125

non-artefactual components), the components are sufficiently highly-split that it is more

appropriate to consider each component as a functional node than a functional network.

Therefore, the 7,342 coactivation images extracted from BrainMap (as described

above) are concatenated together to produce a 2D dataset, where the first dimension

is space (the 3 spatial dimensions are unwrapped onto 1 dimension of size
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91×109×91=902,629 voxels) and the second is experiment ID (1:7,342; this dimension is

often referred to as “time” in our text, as a convenient shorthand, and in analogy to the

temporal dimension in the rFMRI data). Next, the 4D FMRI time series of all subjects

are concatenated to produce a 2D dataset with its first dimension being space (of size

902,629 voxels) and the second dimension being time (1:6336; 6336=176×36, is the result

of voxel-wise concatenation of 36 subjects’ time series). These two datasets are then

scaled to have equivalent spatiotemporal variance (estimated through a singular value

decomposition analysis of the eigenvalues), and concatenated in their second dimension

(i.e., “time”), which results in the “joint” 2D data.

The ICA step was carried out using MELODIC at dimensionality of 150 (i.e.,

decomposing the joint data into 150 components of covariation). From the resulting

150 maps, 25 artifactual maps were excluded after a visual investigation of the spatial,

temporal and (temporal) spectral characteristics, leaving the remaining 125 maps as the

representative covarying functional nodes (or “sub-networks”) across a large sample of

normal subjects in both activation and rest. The individual subject (i.e., 37 subjects:

36 rFMRI subjects and 1 BrainMap “subject”) analysis of the joint data was carried

out using a regression technique (dual regression (Beckmann et al., 2009)) that allows for

voxel-wise comparisons of functional connectivity by identifying subject-specific temporal

dynamics of each component. This involves using the full set of group-ICA spatial maps in

a linear model fit (spatial regression) against the separate data sets, resulting in matrices

describing temporal dynamics for each component and subject.

The result of this stage is a group of 125 spatial maps from the ICA decomposition

(i.e., network “nodes”) each with thirty-seven time series consisting of thirty-six subject-

specific rFMRI time-series (each with 176 time points) and one BrainMap time-series

(with 7342 “time” points) from the dual-regression analysis. Given the existing 125

nodes, there are 125!/(3!×122!)=317750 possible ways to choose a triplet of nodes, whose

thirty-seven “subjects”’ of time series are analyzed next (using the LLGM described in

Section 5.2.3) in order to test the null hypothesis of “no multi-way interaction”.
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5.2.3 Log-linear Graphical Model

As previously described, we are interested in understanding the non-additive multi-

way interactions in a small scale while using a relatively interpretable model, i.e.,

studying triplets of nodes instead of extracting the full structure and parameters of

large networks. The model employed in this study is an example of generalized linear

models (GLZ) (McCullagh and Nelder, 1999), used here for the analysis of count data

and contingency tables. The GLZ allows the independent or explanatory variable (EV)

to be linearly related to the response variable via a link function and hence unifies various

models such as linear regression (Draper and Smith, 1998), logistic regression (Agresti,

2002) and Poisson regression (PR) (Cameron and Trivedi, 1998).

More precisely, we study the application of PR models to the analysis of contingency

tables resulting from binarization of the time-series of the previously-described functional

nodes. In this stage, each node’s rFMRI and BrainMap time series are first binarised at

their 90th percentile (i.e., the “binarization threshold”) in order to generate a series of

binary events (i.e., ON and OFF). The reason for choosing 90th percentile is its reliability

in assessing the correspondence between rFMRI and BrainMap (discussed in Section 5.3).

Next, these three binary time-series form 8-cell (i.e., C=8) contingency tables that are

the basis of the PR analysis, which is a GLZ with Poisson error (i.e., the stochastic

component of the model)

Pr(Y = yt|µt) = p(yt|µt) (5.2)

=
e−µtµyt

t

yt!
,

and natural logarithm link function (i.e., the systematic component)

ln(yt) = XT βt + εt (5.3)

= ln(µt) + εt,

where Y is the random variable representing the C×1 count vector (with its entries being

the counts in contingency tables’ cells), yt is an observed count vector (C×1), µt is the
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parameter vector (P×1), XT βt is a linear combination of predictors (with XT as the

P×C design matrix), and εt is the Poisson noise for triplet t (note that the factorial is

element-wise). A key premise in this model is that the events constituting each count are

independent; otherwise the Poisson model does not apply.

In order to see how yts are calculated, consider a simple 2×2 contingency table for

instance, where each of n independent binary observations are classified in one of its cells

and treated as realizations of independent Poisson random variables. With nij as the

number of observations (e.g., time points) and {X1=i, X2=j}, the contingency table

X1 = 1 X1 = 2
X2 = 1 n11 n21

X2 = 2 n12 n22

is formed with n =
∑2

i=1

∑2
j=1 nij as the total number of events (i.e., the length of

time-series).

Under independence (H0), count vectors yt can be modelled/explained by three

covariates: a constant mean, X1 and X2 (i.e., “simple model”). In case of a dependency or

interaction between X1 and X2 in order to explain the observed counts, the model requires

an X1X2 regressor to be introduced as well (i.e., the “saturated” or “full” model). In order

to test the no-interaction H0, one can use the simple model and evaluate the goodness

of its fit (after estimating the model parameters using a maximum likelihood estimation

(MLE) (McCullagh and Nelder, 1999)) by calculating the deviance (D). Deviance is

−2(Lsim − Lsat) with Lsim and Lsat being the likelihood maximized for the simple and

saturated models, respectively; if D is bigger than expected by chance only, the no-

interaction hypothesis is rejected, i.e., X1 and X2 have a non-additive interaction. Under

the H0, D has a χ2
ν distribution; ν is the difference between the number of parameters in

the saturated and simple models (i.e., ν=1 when simple and saturated models differ in

only one covariate).

In this study, however, we assess the three-way interactions where instead of two

variables there are three binary variables (X1, X2 and X3) and hence a three-way

contingency table. The saturated and simple models are different in that the simple
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model does not have the X1X2X3 explanatory variable. The rest of the analysis is similar

to the two-way tables, i.e., assessing the no-three-way-interaction H0 using D ∼ χ2
ν , where

ν = 1 as we only lack X1X2X3 in the simple model. Rejecting the H0 in this model means

there are variations in X1, X2 and X3 that cannot be described by X1, X2, X3, X1X2,

X2X3 and X1X3 alone, but also requires X1X2X3.

Using such an LLGM analysis for assessing the H0 for each triplet results in 37 Z-stats

in total, corresponding to that triplet’s 37 chunks of trivariate time series. Pooling the

36 rFMRI Z-stats, using a one-sample T-test, results in a group-level Z-stat indicating

the strength of evidence against H0 for a given triplet (in the rFMRI dataset as a whole)

and concludes the triplet’s assessment with two Z-stats (i.e., one for rFMRI and one for

BrainMap). In other words, the result of the LLGM analysis is {zrFMRI, zBrainMap}, 317750

pairs of {zt
rFMRI, zt

BrainMap}317750
t=1 , each corresponding to the strength of the evidence for

rejecting H0 in one triplet (see Algorithm 3 in Appendix C.1 for a pseudo-code summary).

Note that the “Z-stat threshold” for triplet t refers to thresholding zt
BrainMap and zt

rFMRI.

5.2.4 Correspondence Analysis

In order to assess the correspondence between the triplets of non-additive interaction

between the active and resting brain, we first need to exclude from the existing 317750

triplets those that do not demonstrate any functional connections. That is, a triplet is

included in the correspondence analysis if the estimated graph from a “global” network

analysis (with all the 125 nodes) has at least one edge connecting a pair of its nodes, and

excluded otherwise.

If we consider a continuum of methods, with one extreme being pure pairwise methods

(e.g., correlation) and the other extreme global network modelling approaches (e.g.,

Bayesian networks), there are methods such as partial correlation and sparse Inverse

COVariance Estimation (ICOV) that sit somewhere in the middle (still using all nodes’

data in their calculations), with ICOV a little closer to the more global modelling extreme.

In (Smith et al., 2010) it was shown that such pseudo-global approaches in general (and
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ICOV in particular) result in fairly accurate network inference even when fed with a

relatively small number of observations (Huang et al., 2010; Smith et al., 2010). Thus,

in order to find the triplets with no intra-triplet functional connectivity prior to the

correspondence analysis, we use the binarised connectivity (inverse covariance) matrix

from ICOV.

The inverse of the covariance matrix is an efficient way to estimate the full set of partial

correlations (Marrelec et al., 2006). Regularisation can be applied under the constraint

that this matrix is expected to be sparse (e.g., using the Lasso method (Friedman et al.,

2008)), which shrinks entries that are close to zero more than those that are not. For

a mathematical description, suppose that there are p brain regions to be modelled,

i.e., {X1,...,Xp}, each with their corresponding time-series that we can assume follow

a multivariate normal distribution. Given the measurement data of the brain regions,

ICOV finds an estimate for the inverse covariance of the brain regions by solving the

following optimization:

Θ̂ = arg max
Θ>0

log(det(Θ))− tr(SΘ)− λ||Θ||1, (5.4)

where Θ and Θ̂ denote the inverse covariance and its estimate, S is the sample covariance

matrix, det(.) and tr(.) denote the determinant and trace of a matrix, ||.||1 denotes the

sum of absolute values of all the entries in a matrix, and λ is a pre-selected regularization

parameter. We use an implementation of ICOV referred to as L1precision2, which requires

the setting of the regularisation-controlling parameter λ. Following the results in Smith

et al. (2010) we set λ to be 10 (higher λ gives greater regularisation).

The result of the previous analysis is a group of triplets (<317750) across which the

resting and active brain’s correspondence, is to be assessed. As, the estimated extent

of such a correspondence depends on the chosen binarization threshold, we carry out an

investigation on a range of possible binarization thresholds before choosing one. If there

is no systematic overlap between rFMRI and BrainMap (i.e., independence, H0), and

2www.cs.ubc.ca/˜schmidtm/Software/L1precision.html
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having NrFMRI and NBrainMap interactive triplets in rFMRI and BrainMap, respectively,

the expected overlap is Nexpected=Ntotal× p1× p2× p3, where Ntotal is the total number of

triplets and p1 is the chance of a given triplet having at least one edge, p2 is the chance

of the triplet being interactive in the rFMRI data (NrFMRI/Ntotal), and p3 is the chance

of the triplet being interactive in the BrainMap data (NBrainMap/Ntotal). Probability p1 is

calculated as:

p = 1− P (no ICOV edges) (5.5)

where P (no ICOV edges) is the ratio of the triplets that have no ICOV edge to all possible

triplets.

We use the robustness of the observed- to expected-overlap ratio (i.e.,

Nobserved/Nexpected) (when varying the binarization and Z-stat thresholds) as a

performance index for finding the optimal thresholds (described above) on half of the

data. Using this threshold for finding the extent of the correspondence on the other half

of the data helps us avoid the over-fitting problem when finding the best binarization

threshold. Figure 5.2 shows the diagram of the whole analysis (from time-series data to

correspondence analysis).

5.2.5 Odds-ratio Analysis

The outcome of the Poisson regression described in Section 5.2.3 is only

acceptance/rejection of the H0: whether or not the three-way interaction exists among

X1, X2 and X3 given their binary observations, which gives no information about the

directionality of such interactions (if found). Having found a three-way interaction it is

a natural next-step to question the underlying structure in more detail, e.g., if activation

of X1 increases the interaction between X2 and X3. Therefore, the odds ratio (OR), a

descriptive statistic for the strength of association or non-independence among binary

data values, is used for further analysis.

In statistics, odds are a way of presenting probabilities; the odds of an event happening

is the probability that the event will happen divided by the probability that the event
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Figure 5.2: Summary diagram of the method, illustrating all the various steps involved in
the analysis. Please see Appendix C.1 for more details description of some of the blocks.

will not happen. For example, the odds that a single throw of a die will produce a six

are 1 to 5, or 0.2. The odds ratio (OR), however, as the name implies, is the ratio of the

odds of an event occurring in one group to the odds of it occurring in another group. In

recent years ORs have become widely used in medical reports as they provide an estimate

(with confidence interval) for the relationship between two binary variables and enable

researchers to examine the effects of other variables on that relationship, using logistic

regression.

Using OR as a way of comparing whether the probability of a certain event is the

same for two groups (i.e., a 2 × 2 table), an odds ratio of 1 implies that the event is

equally likely in both groups; an odds ratio greater than one implies that the event is

more likely in the first group while an odds ratio less than one implies that the event is

less likely in the first group. For example, using the contingency table from Section 5.2.3

results in

ORX1,X2 =
n11/(n11 + n12)

n12/(n11 + n12)
/
n21/(n21 + n22)

n22/(n21 + n22)
= n11n22/n12n21, (5.6)
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which is a symmetric measure, i.e., ORX1,X2 = ORX2,X1 . In a three-way table, as OR is

defined for two variables, dependencies can be defined by ORX1,X2|X3=OFF, ORX1,X2|X3=ON

and so forth. Therefore, for each triplet identified as having a non-additive interaction,

the underlying mechanism can be extracted by assessing how the change in the state of

one variable can increase or decrease the interaction between the other two. In order to

assess the three-way interaction, we defined ORX1,X2,X3 = ORX1,X2|X3=ON/ORX1,X2|X3=OFF,

which tests for existence of a three-way interaction.

5.3 Results

We first illustrate the results from the analysis of the simulated data. As we know a

priori, there are two three-way interactions in the simulated network: node 4 modulating

the strength of the 1-2 edge and node 5 modulating the strength of the 8-9 edge. Having

each node’s time-series binarised at the 90th percentile for each subject, calculating

the P-values corresponding to existence of nonlinear interactions for every possible

triplet (pooled across subjects), and keeping the ones that survive a false discovery rate

(FDR) (Genovese et al., 2002) threshold of p <0.05, results in exact the two correct

triplets of non-additive interaction. The subject-wise and pooled log10(OR) and Z-stat

results are shown in Figure 5.3, for one of the two interacting triplets. This figure

shows that (1) how LLGM can find the non-additive interactions, and (2) how odds-

ratio analysis can provide more details about the underlying interaction.

In the real data, the 125 components that are included in this analysis lie within

cortical and subcortical grey matter, and have temporal/spectral characteristics typical

for resting state networks. Figure 5.4 displays the spatial maps corresponding to these

components with their indices that we will use in the rest of this section. Each of the

components displayed in Figure 5.4 have 37 time-series associated with them: one for

BrainMap and thirty-six for the thirty-six subjects’ rFMRI. Therefore, for a given triplet

of nodes, the acceptance or rejection of H0 (i.e., no three-way interaction) requires 37

LLGM analyses.
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Figure 5.3: Subject-level and pooled log10(OR) and Z-stat for a triplet of nodes with non-
additive interaction (X1, X2 and X3 correspond to 1, 2 and 4 in Figure 5.1, respectively.
The top row shows log10(OR) for two-way and three-way interactions (see Section 5.2.5
for details on how to interpret OR), while the bottom row shows Z-stats corresponding
to three-way interactions. In both these rows, the x-axis is the subject index (1 to 50)
with the last value on the x-axis (i.e., 51) being the pooled log10(OR) and Z-stat. These
two plots imply that three-way interaction exists in this triplet, and the extent of this
non-additive interaction varies across subjects. Also, log10(OR) for X1X2|X3=ON shows
that X3 being ON increases the interaction between X1 and X2, which is consistent with
the simulation ground truth.
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32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62

63 64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90 91 92 93

94 95 96 97 98 99 100 101 102 103 104 105 106 107 108 109 110 111 112 113 114 115 116 117 118 119 120 121 122 123 124 125

Figure 5.4: The spatial maps of the ICA components. Each column in each row illustrates
three important (i.e., those closest to the statistic-maps’ centre of gravity) axial slices of
the spatial map corresponding to one of the functional nodes.
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Figure 5.5 illustrates a sample triplet of nodes with each of its nodes’ BrainMap and

rFMRI time-series. In this triplet, X1, X2 and X3 match Broca’s area, a premotor region

and the temporal pole, respectively. For each of these nodes, two time-series are plotted

together with their raster plot (group of lines that represent the state in a binary (i.e.,

ON/OFF) series of events) when each time-series is binarised at the 90th percentile. The

information in these raster plots is then used for forming the three-way contingency table.

Figure 5.5 shows just the first three subjects’ rFMRI data and a subset of BrainMap

studies with the same length (i.e., 528 samples). However, when feeding the data into the

LLGM, the binary events in the whole length of rFMRI and BrainMap time-series are used

for calculating each triplet’s {zBrainMap,zrFMRI} pair. For example, the triplet in Figure 5.5

results in {zBrainMap,zrFMRI} = {3.46, 4.92}, which implies the existence of a significant

three-way interaction among its three nodes in both activation and rest. Applying a

threshold to such pairs of Z-stats from every triplet results in a list of triplets that show

a significant multi-way interaction in activation, rest or both, and hence can provide

a measure of correspondence between activation and rest in terms of their functional-

regions’ multi-way interactions. Figure 5.6 displays counts for this overlap at a Z-stat

threshold of 2.5 in its first column (as a function of the binarization threshold applied to

rFMRI and BrainMap time-series).

Results in the second, third and fourth columns of Figure 5.6 show the

Nobserved/Nexpected ratio at various rFMRI and BrainMap binarization thresholds, with

interaction significance thresholded at different Z-stat values (using half of the data -

a “training” subset, with respect to the choice of thresholds). The visual investigation

of the top plots implies that the use of 90th percentile for both rFMRI and BrainMap

results in a decent correspondence between rFMRI and BrainMap over a range of Z-

stat thresholds. Therefore, we advocate this threshold in this chapter for forming the

contingency tables before carrying out the LLGM analysis on the other half of the data.

LLGM results in a group of triplets that measure the extent of three-way interactions

when considering BrainMap, rFMRI or both. This extent can vary when going from one
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Figure 5.5: A sample triplet with (a subset of) its associated time-series. Each row
corresponds to one functional node, which has its BrainMap and rFMRI time-series
plotted in red and blue, respectively. Having these time-series binarised at their 90th
percentile results in the shown raster plot (representing the state “ON” in a binary (i.e.,
ON/OFF) series of events). Using these binary time-series, contingency tables are formed
whose cell counts are then fed into the LLGM analysis for assessing the H0: “no three-
way interaction”. For clarity, this figure only shows the first three subjects’ rFMRI, i.e.,
528 samples, and the first 528 studies from BrainMap.
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Figure 5.6: The extent of correspondence between the three-way interactions found
in BrainMap and rFMRI over a range of binarization thresholds. This shows the
correspondence in the first (i.e., training subset) half of the data. The first column (left)
of the image displays the number of triplets surviving a Z-stat thresholding of 2.5 in
both rFMRI and BrainMap (Nobserved) at various binarization thresholds, with the x-axis
representing the BrainMap binarization threshold and each line representing a different
rFMRI threshold. The remaining columns display the overlap-to-expected ratio (i.e.,
Nobserved/Nexpected) of the number of survivors at Z-stat thresholds of 1.5, 2.5 and 3 (in
second, third and fourth columns, respectively). Given that the 90th percentile results in
a more reliable correspondence at various Z-stat thresholds, we chose and hence advocate
this value as the binarization threshold for both BrainMap and rFMRI time-series. The
extent of this correspondence at the chosen thresholds in the second half of the data (i.e.,
testing subset) is shown as a circle in the third column.
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behavioural domain to another (in BrainMap) or from one subject to another (in rFMRI).

Therefore, in order to assess such variations and behavioural-domain-specific interaction

mechanisms, we analyzed the BrainMap data by dividing it into various behavioural

domain groups (e.g., action-execution, working-memory, etc) and applying LLGM to

each of them separately. A similar sub-data analysis is carried out for rFMRI where each

subset corresponds to a subject; hence results are expected to show the inter-subject

variability in the interactions. Results from these analyses are shown in Figures 5.7

and 5.8.

The results thus far show a striking correspondence found between the set of

significant rFMRI and BrainMap triplets, extending the single-component matching

results in Smith et al. (2009). From these plots, it can be concluded that corresponding

non-additive/modulatory interactions exist (on average) in rest and activation, although

the extent of which can vary under different interventions (i.e., different behavioural

domains) and for different individuals.

In order to find the functional nodes that appear to be involved in the largest numbers

of “matched” triplets (i.e., those with both ZrFMRI and ZBrainMap bigger than 2.5), we

counted the number of matched triplets each node appears in, with results shown in

Figure 5.9. This plot is interpreted as the areas with high modulatory effect between

two other regions’ functional connection. The descriptions assigned to each region are

taken from standard atlases distributed with FSL, such as the Juelich cyto- and myelo-

architectonic atlas, the Harvard-Oxford structural brain atlas and the MNI structural

atlas. These often-seen modulatory areas are also mapped onto the behavioural domains

(experimental paradigm classifications) in the BrainMap database. Given that the spatial

maps have their associated time series that quantify their relevance to each of the original

7,342 BrainMap activation images, by multiplying the value at each time point by the

corresponding behavioural domain(s) and averaging over all time points, we can derive a

measure of how strongly each network relates to each behavioural domain. Each column is

normalized to have a mean count of 1, to balance for different domains being represented
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Figure 5.7: Assessing the inter-domain variability of three-way interactions in BrainMap
data for the triplet shown in Figure 5.5. The bottom row displays the non-additive
interaction’s Z-stat when using the BrainMap ‘time-series’ from all or a subset of studies;
the log10(OR) for the same data that generated the Z-stats can be found in the top
row (see Section 5.2.5 for details on how to interpret OR). The log10(OR) is used for
assessing the effect of one region on the other two regions’ apparent causal connection.
The strength of the three-way interaction varies across different behavioural domains,
e.g., is high in action-execution-speech and action-motor-learning, and low in cognition-
attention. When assessed on average (“marginal”) across all behavioural domains (the
bottom row) it still shows a large three-way interaction.
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Figure 5.8: Assessing the inter-subject variability of three-way interactions in rFMRI
data for the triplet shown in Figure 5.5. The bottom row displays the non-additive
interaction’s Z-stat when using the rFMRI time-series of a given subject; the log10(OR)
for the same data that generated the Z-stats can be found in the top row. The log10(OR)
is used for assessing the effect of one region on the other two regions’ interaction. The
extent of this three-way interaction varies across subjects (and/or sessions), e.g., being
low in subject 14 and high in subjects 2 and subject 8. However, when all subjects’ Z-
stats are pooled (i.e., using a T-test) the result shows a significant three-way interaction
(#37).
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different numbers of times in the database.

5.4 Conclusions and Discussion

We have applied a multivariate exploratory method (ICA) jointly to meta-analytic task

FMRI pseudo-images and rFMRI data in order to find functionally-distinct brain regions

(i.e., nodes) and their interconnections. With over seven thousand functional contrasts

and rFMRI from thirty-six subjects involved, we hoped for statistically powerful (i.e.,

small likelihood of type II error) and hence generalisable results. Modulatory effects

between the nodes are found by using a log-linear graphical model, identifying just small-

scale interactions, as we have found that network modelling using a high number of nodes

is challenging in these datasets. In this approach, when one node modulates the functional

connection between two others (i.e., a three-way interaction), LLGM assigns this triplet

of nodes a significant Z-stat. The interactions are further analyzed by employing an

odds-ratio analysis, which pinpoints the directionality of such interactions.

Our results confirm the existence of strong non-additive interactions among

functionally-distinct brain regions in both activation and rest, with a striking

correspondence. The extent of this correspondence, however, varies across different

behavioural domains and in different individuals. The pattern of some such variations

matches expectations, e.g., the premotor region has a stronger involvement in non-

additive interactions in motor-domain (e.g., action-execution) studies.

The proposed method is capable of capturing the local graphical structure of multi-

node interactions, i.e., the method can also be extended from a 3-way to an N-way

interaction simply by using N variables to form the contingency table and LLGM. Given

the interest in the application of graphical models to neuroimaging data, we expect LLGM

to be capable of offering new solutions to this problem. This is in essence very similar

to factor graphs (Kschischang et al., 2001) that are based on the idea that dealing with

complicated global functions of many variables often exploit the manner in which the

given functions factor as a product of “local” functions, each of which depends on a
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Figure 5.9: Regions with high frequency of appearance in three-way-interactive triplets.
Left shows the number of matching triplets that a particular node appeared in, with each
bar representing one node (the important slices for each of these nodes are shown in the
middle panel). The effect of the behavioural domain on the multi-way interactions of each
of these nodes is shown on the right, with its x-axis being the behavioural domain. Given
that the spatial maps have their associated time series that quantify their relevance
to each of the original 7,342 BrainMap activation images, by multiplying the value at
each time point by the corresponding behavioural domain(s) and averaging over all ‘time
points’, we can derive a measure of how strongly each network relates to each behavioural
domain. 153



subset of the variables; visualizing such a factorization with a bipartite graph is called a

factor graph.

When extracting a larger number of functional components from joint rFMRI-

BrainMap data, we probe a different level in the hierarchy of functional networks and

their subnetworks, which according to Smith et al. (2009) are in correspondence between

activation networks and resting networks at “low” and “medium” levels of decomposition.

Previously reported evidence on the existence of correspondence between such networks

across different individuals, provides convincing evidence that, although the quality of our

results (e.g., in terms of spatial detail and signal-to-noise ratio) is aided by having multiple

subjects’ resting datasets combined, the close matching of the rFMRI onto BrainMap in

their modulatory structure is not an artifact of combining many subjects together (Smith

et al., 2009).

An important issue to note when pooling sub-populations of data in order to achieve

a population-level conclusion is the possibility of encountering Simpson’s paradox (Blyth,

1972), in which a trend present in different groups is reversed when the groups are

combined. This occurs when the sizes of the groups, which are combined in the

presence of an ignored hidden variable (or confounding variable that is an extraneous

variable in a statistical model that correlates with both the dependent and independent

variables) are very different. Thus, like other paradoxes, it only appears to be a paradox

because of incorrect assumptions, incomplete or misguided information, or a lack of

understanding a particular concept. In this study, however, in spite of the existence

of such a heterogeneous sample size (see Figure 5.10), using the appropriate models for

pooling the sub-populations’ Z-stats, we hope to have minimized the risk of this effect.

The quality of the described correspondence between the interactive-networks in

BrainMap and rFMRI is particularly compelling given the fundamentally different nature

of the two data-types jointly fed into the ICA analysis. For the resting FMRI analyses,

we have data from just 36 subjects (compared with nearly 30,000 subjects in BrainMap),

comprising just a few minutes’ rFMRI data from each. For the BrainMap analyses, the
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Figure 5.10: The number of studies in each sub-population of the BrainMap database.
This plot implies the importance of taking the sample size (as a potential confound
variable) into account when pooling the sub-populations for a more global inference.
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pseudo-activation images have to be created purely from the coordinates of the peaks of

just a few locations in the brain for each activation condition. In addition to not having

the full richness of the original activation maps, BrainMap comprises results from across a

broad range of imaging hardware types, data qualities, analysis software implementations,

and task paradigm specifics. The fact that the major functional networks found from

the resting and task domains match so closely indicates that BrainMap has been largely

successful in its goal of objectively representing the brain’s activation dynamics and hence

can be a valuable resource providing neuroimaging researchers with useful data.

The LLGM employed in this study assumes that the samples (i.e., time-/study-points)

are independent realizations from Poisson distributions. While this assumption may

perfectly hold in the BrainMap case, for RSN data, however, we expect a temporal

autocorrelation. Given the short-scale nature of such autocorrelations and that we

binarise the time-series, we expect this issue to be less serious. Please note that the current

results require further analysis and consideration for neuroscientific interpretations, which

is our next step (i.e., future works).
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Chapter 6

Conclusions and Future Works

This thesis was initiated by “input”, “output”, “model”, “nonstationarity” and

“approach” problems that existed in neuroimaging meta-analysis, and concluded by

presenting several novel approaches for both coordinate- and image-based meta-analysis.

Given the growing interest in such meta-analyses in the field of neuroimaging, any new

development that can result in more accurate inference is of great value. In addition to

the described improvements, evaluation of the techniques that are reported in this thesis

(e.g., GPR, ALE and KDA) sheds light on the strengths and weaknesses of each of them.

Such information can provide meta-analysis researchers with awareness about the issues

that should be taken care of prior to reporting the results or/and even carrying out the

analysis. In the rest of this chapter, we briefly present a list of our contributions, introduce

a series of issues where neuroimaging meta-analysis still requires further developments

and conclude the thesis with a brief overall summary.

6.1 Summary of Contributions

In the introduction chapter, we introduced a list of problems that neuroimaging meta-

analysis was to address. The focus of the rest of this thesis was to present solutions for

overcoming these problems in order to enable neuroimaging meta-analysis to result in

more accurate inference. Below, an itemized list of these solutions/contributions is given.
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Image-based meta-analysis: As the first step in our approach toward meta-analysis,

we attempted to encourage the field of neuroimaging to start sharing the full-image

data (i.e., volumes of effect-size estimates and their uncertainties) for future meta-

analyses. In order to make such a data sharing as simple as possible, we introduced

a hierarchical Bayesian model that only requires the voxel-wise effect-size estimates and

their uncertainties. It was previously shown that passing such summary statistics (i.e.,

sufficient statistics) from lower levels of this hierarchy to their next levels is equal to

fitting a large single-layer model to the lower-level time series. This approach provides

the meta-analysis with uncensored data and offers the richness of the possible models that

can be employed for the meta-analytic pooling and inference. The results of such IBMA

were shown to be more accurate than those from incorporating coordinate summaries

(i.e., CBMA).

Adjusting the image-based inference for nonstationarity: In order to overcome

the nonstationarity problem in cluster-related inference, we next introduced a new

empirical approach for adjusting two cluster-related inferences: cluster-size and threshold-

free cluster-enhancement (TFCE) and provided an extensive review and comparison of

all possible existing approaches in the field. Our results on both simulated and real data

show that our empirical approach (when applied to both cluster-size and TFCE statistics)

is better than or at least as good as existing solutions that are based on random-field

theory.

Coordinate-based meta-analysis using Gaussian-process regression: Given

that the input to neuroimaging meta-analysis is limited to only the (x,y,z) coordinates

of activation peaks, and how the existing CBMA approaches suffer from a series of

weaknesses, we next introduced an appropriate nonparametric CBMA model. Assuming

the statistical landscape being a Gaussian process with (de)activation foci as random

samples drawn from it, our approach is simply a Gaussian-process regression that starts

by learning its hyperparameters from the observations and then attempts to predict the
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effect-size values in the rest of the image. Our results on both simulated and real data

show that GPR outperforms the existing CBMA techniques and is capable of addressing

the problems that existing CBMA techniques suffer from.

Joint analysis of FMRI time-series and BrainMap data: In addition to the new

ways of carrying out a coordinate- or image-based meta-analysis, we introduced a new

approach possibility: joint analysis of both BrainMap and FMRI data in order to pinpoint

the functional networks of the brain. Given the striking correspondence found between

the covarying components in activation and rest, such analyses can provide an answer

to the next question: is there a correspondence between the resting and active brain in

terms of their network structure. Note that, generalizing such concatenations to slightly

different problems requires careful considerations (e.g., compatibility of the datasets and

preprocessing applied to each one).

Network modelling: Network modelling using BrainMap falls at the intersection

of two big trends in the field of neuroimaging: (1) meta-analysis and (2) functional-

connectivity analysis. However, extracting the accurate structure of such networks

becomes more difficult when the number of nodes becomes larger. Therefore, we

approached this problem in a slightly different way by using a different class of such

models (i.e., log-linear graphical models) for a reformulated problem (i.e., finding triplets

of functional nodes which appear to interact in such a way that one node modulates the

functional connection between the other two).

Neuroscience application: The aim of this research is to develop statistical models

and tools for modelling and analysis of the neuroimaging data. Therefore, the proposed

methods were tested on various neuroscientific applications such as pain perception

(image- and coordinate-based meta-analysis, and network modelling), neuro-degenerative

diseases (e.g., voxel-based morphometry that is adjusted for nonstationarity), and resting

brain (network modelling and source extraction). In all these applications, we introduced
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methods that show a better performance than (or are equally as good as) the ones being

currently used by neuroimaging researchers.

6.2 Problems to Overcome and Future Directions

In spite of the improvements that this research has provided for meta-analysis research

in neuroimaging, there are still things that require further improvement. The traditional

CBMA methods were only capable of incorporating the (x,y,z) coordinates of the peaks.

We took CBMA one step forward by enabling it to use more information such as the

effect sizes. However, there are still other pieces of information in the literature than can

be incorporated in the CBMA models. For example, given the cluster size in a cluster-

based inference along with the cluster-forming threshold and local smoothness estimate,

random-field theory can provide an estimate for the shape of the landscape around a

cluster’s maximum. Such information is provided in papers that carry out cluster-based

inference.

In the meta-analysis literature, it is strongly recommended to carry out a bias and

heterogeneity assessment prior to the actual pooling. Bias and heterogeneity can be

caused by differences between the constituent studies and as a result of the impact of

omitted studies. Even the best-designed meta-analyses will have differences in subject

population, interventions, outcome definition, and study design. There are various

graphical tools and statistical tests to assess the issues of heterogeneity and bias in

neuroimaging meta-analyses (e.g., funnel plot, Galbraith plot and forest plots). One

of the reasons why such tools were not used prior to coordinate-based analyses is not

having access to study-level effect sizes and their standard deviations, which are required

for plotting such graphs. With our proposed IBMA approach and GPR CBMA, however,

such tools can be employed for a more appropriate meta-analysis, and hence an assessment

of their performance needs to be reported by future research.

In all CBMA methods, including our GPR, the reported coordinates are taken for

granted and assumed to carry zero uncertainty. Our GPR model does not explicitly model
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the uncertainty in the location of the foci. However, such uncertainty is an implicit feature

of the GPR model; as it assumes that the nearby voxels have similar values, modelling

the uncertainty of the target values indirectly has a location uncertainty implication in

it. In order to have such uncertainties explicitly modeled, for example, a new layer can

be added to the meta-analytic models such as GPR, which models the foci as samples

from a spatial point process. After this development, both coordinates and effect-sizes,

and the uncertainty associated with them are explicitly modeled and hence can make

detailed interpretation of the result possible.

Our graphical modelling approach overcomes some of the problems encountered in

modelling large brain networks. However, there are still many issues that we believe

necessitate customized network modelling. For instance, our results indicate that there

are modulatory structures in the brain where one node changes the strength of the other

nodes’ interaction; this is not reflected in the existing models. One example solution

would be to use factor graphs, while there are variety of other possible more customized

models that can be developed for this particular application.

Another important point that is missing in graphical modelling of the brain’s

functional networks, is the fact that there is no single network that can explain the brain’s

function. That is, most of the graphical models that are employed for the analysis of

functional connectivity are not “dynamic”; even those models that are known as dynamic

(e.g., dynamic Bayesian networks) are no more than two static networks. One solution

for describing the dynamic behavior of the brain’s functional time-series is the use of

“mixture of stochastic processes”, e.g., mixture of Gaussian processes with temporal

covariance structures. Under these models, each time-series at a time can belong to a GP

group with a mean characteristic time-series. Also, instead of a group of static network

structure, one can employ a temporal covariance for the time-series that captures the

dynamical behavior.
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6.3 Final Conclusions

Meta-analysis is important for pooling data from under-powered studies such as many

of the ones in the field of neuroimaging, which justifies its increasing popularity in

neuroimaging. However, due to the spatiotemporal characteristic of the neuroimaging

data, traditional meta-analyses cannot be employed without customization. We addressed

a series of such customizations by introducing a flexible hierarchical mixed-effects model

which can take advantage of the sensitivity that cluster-related inferences provide.

Additionally, we provide a series of adjustment procedures that can overcome the problem

of spatial heterogeneity of smoothness (i.e., nonstationarity) when carrying out a cluster-

related inference. Due to the nature of the neuroimaging data and the sparseness of its

corresponding shared information, however, we need to take the traditional univariate

meta-analysis to a different level by adding the spatial covariance to it. We tackled

this problem by introducing Gaussian-process regression, which lies under the same

hierarchical principles as the initial model we started with (i.e., IBMA) and hence can

provide very similar outputs (i.e., voxel-wise estimates for effect-size mean and standard

deviation). Additionally, we provided a neuroimaging meta-analysis research with a new

approach toward meta-analysis: meta-analytic functional connectivity. In summary, we

expect this research to be of neuroimaging researchers’ great interest and provide them

with some useful solutions.
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Appendix A

Image-based meta-analysis

A.1 Pseudo-code for ALE Method

Activation Likelihood Estimation (ALE) Pseudo-code
begin

for all foci in the list
begin

for all voxels in the brain
calculate the activation likelihood using the Gaussian kernel

end
for a necessary number of times (i.e., 10000 times)
begin
generate a group of randomly located foci (uniformly distributed over whole gray matter)
for all these fake foci
begin

for all voxels in the brain
calculate the activation likelihood using the Gaussian kernel

end
end
test the real AL map wrt AL maps from Monte Carlo approach

end

A.2 Pseudo-code for KDA Method

Kernel Density Approximation (KDA) Pseudo-code
begin

for all foci in the list
begin

for all voxels in the brain closer than a radius to each foci
increment voxel’s intensity(with step of one)

end
for a necessary number of times (i.e., 10000 times)
begin

generate a group of randomly located foci (uniformly distributed over whole gray matter)
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for all these fake foci
begin

for all voxels in the brain
increment voxel’s intensity(with step of one)

end
end
test the real density map wrt density maps from Monte Carlo approach

end

A.3 Pseudo-code for KDA Method

Multi-level Kernel Density Analysis (KDA) Pseudo-code
begin

for all studies
begin
generate the KDA map
make comparison indicator maps (CIM) by binarising the map wrt 0.5

end
weight and average CIMs to make the proportion of study comparison maps (PSCM)
for a necessary number of times (i.e., 10000 times)
begin

for all CIMs
begin
extract the blobs
move the centers of blobs randomly (Monte Carlo part)

end
make the PSCM maps

end
test the real PSCM map map wrt distribution of Monte Carlo-generated PSCM maps

end
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Appendix B

Nonstationarity

B.1 Estimation of Smoothness/Roughness

There are two methods for estimating the smoothness of the component fields available.

One is directly motivated by the definition of Λ and is based on the variance of the

partial derivatives of the residuals. The other uses the assumption that the spatial

autocorrelation function has the form of a Gaussian density, which leads to an estimate

based on sample correlations of adjacent voxels. We demonstrate that both methods can

be seen to have additive contributions from each residual image, and so allow smoothness

estimation to be based on only a subset of the images.

B.1.1 Kiebel’s Method

Using random field theory (RFT) concepts, Kiebel et al. (1999) propose an unbiased

estimator for the covariance of the partial derivatives at voxel i in a D-dimensional

Gaussian random field as

λi,d =
ν − 2

ν − 1
· 1

M

M∑
t=1

(
∂Ŝi,t

∂xd

)2

(B.1)

where Ŝ is the standardized estimated residual, ν is the number of degrees of freedom, and

M is the number of observations (time points or subjects). In Eq. B.1, xd represents three

main directions of the image (x, y, and z) at which the partial derivative is calculated

via the gradient operator (∇Ŝi = Ŝi+−Ŝi

δd
) and used to estimate the voxel-wise roughness
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measures as

RPVi,d = (8 · ln(2))−1/2 · (2λi,d)
1/2 (B.2)

RPVi =
D∏

d=1

RPVi,d.

where σi = (8 · ln(2))−1/2 RPV −1
i and FWHMi = (8 · ln(2))1/2 σi.

As an alternative, a robust two-step estimate can be made by using just the “control

group”, or using all observations after excluding the outlier observations. For the latter

estimate, using

λi,d,t =
ν − 2

ν − 1
·

(
∂Ŝi,t

∂xd

)2

(B.3)

in the first step (instead of Eq. B.1) results in a voxel-wise array of FWHM estimates

(one per observation). Truncating both tails of the FWHM histogram at each voxel and

keeping the remaining observations results in a voxel-wise list (l) of L observations, which

changes Eq. B.1 to

λi,d =
ν − 2

ν − 1
· 1

L

∑
t∈l

(
∂Ŝi,t

∂xd

)2

(B.4)

in the second step of the calculations, which is to be followed by Eq. B.2 for the robust

estimation.

B.1.2 Jenkinson’s Method

As the smoothing filter’s width decreases, the gradient operator and hence Kiebel’s

estimator increasingly become inaccurate. An alternative estimate can be established

based on the correlation of neighbouring voxels (together with a Gaussian autocorrelation

function assumption) for a more robust estimate (Flitney and Jenkinson, 2000; Nichols,

2008). Using

Ŝ2
i =

1

M

M∑
t=1

Ŝ2
i,t (B.5)

ŜSi,d =
1

M

M∑
t=1

(
Ŝi+d,t · Ŝi,t

)
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results in an estimation for voxel i’s autocorrelation (Ŝ2
i ) as well as its cross-correlation

with its next voxel in the d direction (ŜSi,d). Using these estimations in

σ2
i,d =

(
4 · ln

(
Ŝ2

i

ŜSi,d

))−1

(B.6)

followed by Eq. B.2 results in an estimation for smoothness. Similar to Kiebel’s method,

using only the control group or excluding the outlier observations is expected to result in

a more robust smoothness estimation. In order to find the outlier observations,

ŜS
2

i,t = Ŝ2
i,t (B.7)

ŜSi,d,t = Ŝi+d,t · Ŝi,t

replaces the Eq. B.5 in the first step of the calculations in order to result in a voxel-wise

array of FWHM estimates. Truncating both tails of the FWHM histogram at each voxel

results in a list (l) of L observations, which changes Eq. B.5 to

Ŝ2
i =

1

L

∑
t∈l

Ŝ2
i,t (B.8)

ŜSi,d =
1

L

∑
t∈l

(
Ŝi+d,t · Ŝi,t

)
in the second step of the calculations, which is to be followed by Eq. B.2 for the robust

estimation. In this study, 15% of the observations on each tail of the histogram are

labelled as outliers.

B.2 Validity of Empirical Cluster Size Adjustment

Our “2-pass” nonstationarity-adjustment method for cluster and TFCE inference is a

resampling-based estimation of a nuisance variable, followed by a permutation test that

incorporates that estimated nuisance. In this appendix we precisely define the procedure

(for cluster statistic, which is generalizable for TFCE statistic) and justify its use despite

the apparent “double dipping” or double-use of the data.

The cluster-size statistic is affected by both nuisance variation, due to variable

smoothness, as well as inflation of cluster size due to true signal. Specifically, under
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the null hypothesis we can write the mean size of a cluster occurring at voxel i as

E(Si|Si > 0, H0) = γi (B.9)

and when there is a signal present,

E(Si|Si > 0) = µiγi, (B.10)

where we have conditioned on Si > 0 (since we are only interested in the case when a

cluster actually occurs at i). ECSPVi (Eq. 3.10) is our resampling-based estimator of γi;

simply, the empirical mean cluster size over null hypothesis samples of the image (with

the outlier/skew adjustment parameter E (=2/3 for example)).

First consider adjusting the size of an individual cluster; a randomly selected cluster

comprising of voxels S and size statistics Si. If γi was known, the test statistic Si/γi

would be perfectly adjusted for nonstationarity. However, we would no longer have a

cluster-size test, as voxel-wise {Si/γi} comprises an image and doesn’t tell us how to

make inference on any particular given cluster.

For a cluster comprising of voxels S, there are two possible adjustment strategies: to

normalise cluster size S (a cluster-wise approach) or to normalise each voxel in S (a voxel-

wise approach). To adjust cluster size S using the former approach, we could compute

γ̄S =
∑

i∈S γi/S, and use test statistic Sclus
adj = S/γ̄C. Alternatively, we could adjust each

voxel to create a test statistic Svox
adj =

∑
i∈S 1/γi (instead of unadjusted “S =

∑
i∈S 1”

statistic). When a cluster arises in a homogeneous region, both a cluster-wise and voxel-

wise approach should give the same adjusted value. When there is heterogeneity within

the cluster, the voxel-based adjustment should give better correction as each voxel is

considered individually. For example, if a single voxel in a cluster had an arbitrarily

large γi, the average γ̄C could be dramatically altered while the sum over 1/γi would be

negligibly affected.

Replacing γi with ECSPVi, we in fact considered both approaches. However we found

that the voxel-wise approach of adjusting individual voxels consistently produced similar

or better results, and so we only considered the voxel-wise approach in this work.
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Null Hypothesis Validity The estimator ECSPVi is computed from “first pass”

permutation of the data, and then is fixed upon the subsequent “second pass” permutation

test. At any one voxel, this “double use” of the data cannot invalidate a local

(uncorrected) permutation test, as the ECSPV-based adjustment is fixed over all

permutations. Over space, one could imagine invalid two pass procedures, such as

one suggested by a reviewer: In the first pass, find the location i∗ of the maximum

statistic, and for the second pass use a statistic that zeros all voxels except i∗. However,

that example actually uses the original data, permutation k = 1 in our notation. Our

procedure only uses resampled data k > 1, and it is not evident how to construct such

a pathological procedure without using the original data. In as much as our procedure

reduces the heterogeneity of the statistic from an image of {γi} to a constant value on

average, it will not produce any increase in false positive rates.

Alternative Hypothesis Sensitivity Under the alternative µi > 1 and for our

method to succeed we need to argue that adjustments made with ECSPV do not cancel

out the signal. Again, since we do not use the original data, permutation should eliminate

any signal present in the data, rendering ECSPVi an accurate estimate of γi. However,

when the signal is very strong, it is possible for the effect to “leak” into the permutation

distribution. That is, some permutations will consist of nearly the original dataset, plus

only a minor perturbation. In this case ECSPVi could be overestimated and degrade

power. We checked our true signal simulations and found that, for very high signal

magnitudes, the images of ECSPVi faintly showed the location of the signal. Using an

alternate permutation method (Ter Braak, 1992), which uses permutation of full model

(instead of null model) residuals, eliminated this “leakage” problem. Changing from

the standard permutation method (Freedman and Lane, 1983) to the alternate method,

however, had negligible impact on the real data analysis; this is not surprising, since we

only observed the leakage at extremely high signal magnitudes.
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B.3 Storing the Empirical Statistics

Since the number of permutations is not extremely large, it is possible to store each

and every cluster size across the permutations. However, in order to overcome the

computational problem in storing the TFCE scores of all voxels across all permutations

(a matrix of size ’number-of-voxels’ × ’number-of-permutations’), instead of saving each

and every TFCE score, they are stored in a histogram format, i.e., an intensity- down-

sampled version of the data. TFCE scores have an arbitrary scale but typically range

into the thousands, while RFT-adjusted TFCE scores (TFCERFT) are quite small. Thus

we use a unit bin size for raw TFCE scores and a 0.001 bin size for TFCERFT.

B.4 Pseudo-codes

In order to describe the methodological issues employed in this paper, they are illustrated

in a pseudo-code format as follows. In order to assess each method’s performance in

terms of their statistical sensitivity and power, Algorithm 2 is used to simulate the

nonstationary data for the ‘Signal+Noise vs. Noise’ analysis, i.e., two groups of subjects.

This data is then analyzed by different RFT-based and empirical adjustment techniques

whose performance is then quantified by an area under the ROC curve analysis. The

nonstationary null data can be thought of as a special case of this simulation where

SNR=0, with σ values of 2/3/4, 2/4/3, 3/2/4, 3/4/2, 4/2/3 and 4/3/2. Note that σ1, σ2

and σ3 are the three numbers in σ, i.e., σ1/σ2/σ3.
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Algorithm 2 Simulation of the Nonstationary Data for ‘Signal+Noise vs. Noise’ Analysis

for realization=1 to 50 do
noise img ← randn(40,150,150,150)
for i=1, 2 and 3 do

noise imgσi
← smooth(noise img, σi)

noise imgσi
← noise imgσi

/SD(noise imgσi
)

end for
for σ=2/3/4, 2/4/3 and 3/2/4 do

nonstat noise imgσ ← combine(noise imgσ1 ,noise imgσ2 ,noise imgσ3)
nonstat noise imgσ ← smooth(nonstat noise imgσ, 1.5)
nonstat noise imgσ ← nonstat noise imgσ/SD(nonstat noise imgσ)
for SNR = 6 and 9 do

for subject=1 to 10 do
nonstat noise imgσ(subject) ← nonstat noise imgσ(subject) + SNR× signal

end for
for subject=11 to 20 do

nonstat noise imgσ(subject) ← nonstat noise imgσ(subject)
end for
nonstat noise imgσ ← exclude boundary voxels(nonstat noise imgσ)
for all adjustment methods do

output ← randomise(nonstat noise imgσ, adjustment method)
AUCrealization, method, SNR, σ ← ROC analysis(output, signal)

end for
end for

end for
end for
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Appendix C

Triplet Analysis

C.1 Analysis Procedure

Algorithm 3 Summary of the rFMRI-BrainMap LLGM Analysis

rFMRI←preprocess(rFMRI)
BrainMap←preprocess(BrainMap)
JointData←ScaleConcatenateAndMakeJoint2D(BrainMap, rFMRI)
(ComponentsMaps, ComponentsTimeSeries)←ICAto150Components(JointData)
(ComponentsMaps, BrainMapTimeSeries, rFMRITimeSeriessubject=1,...,36)

←DualRegression(BrainMap, rFMRI, ComponentsMaps,
ComponentsTimeSeries)

for triplet = 1 TO 317750 do

(Xo1,Xo2,Xo3)←ExtractTrivariateTimeSeries(rFMRITimeSeries, triplet)
for subject = 1 TO 36 do

(X1,X2,X3)←GetThisSubjectsChunck(Xo1,Xo2,Xo3, subject)
(X1,X2,X3)←BinarizeAtPercentileThreshold(X1,X2,X3, percentile)
YCellCounts←FormTheContingencyTableAndGiveTheCounts(X1,X2,X3)
ZrFMRI(subject)← ApplyLLGM(YCellCounts, Xsimple, Xsaturated)

end for
ZvectorrFMRI(triplet)←OneSampleTtest(ZrFMRI)

(X1,X2,X3)←ExtractTrivariateTimeSeries(BrainMapTimeSeries,triplet)
(X1,X2,X3)←BinarizeAtPercentileThreshold(X1,X2,X3, percentile)
YCellCounts←FormTheContingencyTableAndGiveTheCounts(X1,X2,X3)
ZvectorBrainMap(triplet)← ApplyLLGM(YCellCounts, Xsimple, Xsaturated)

end for
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