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Abstract
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Submitted for the degree of Doctor of Philosophy
Michaelmas Term, 2019

In this thesis, we aim to address two topical issues at the forefront of task-
based functional magnetic resonance imaging (fMRI). The first of these is a grow-
ing apprehension within the field about the reproducibility of findings that make up
the neuroimaging literature. To confront this, we assess how the choice of software
package for analyzing fMRI data can impact the final group-level results of a neu-
roimaging study. We reanalyze data from three published task-fMRI studies within
the three most widely-used neuroimaging software packages – AFNI, FSL, and SPM
– and then apply a range of comparison methods to gauge the scale of variability
across the results. While qualitatively we find similarities, our quantitative assess-
mentmethods discover considerable differences between the final statistical images
obtained with each package. Ultimately, we conclude that exceedingly weak effects
may not generalize across fMRI analysis software.

In the second part of this work we shift our attention to the analytical meth-
ods applied for fMRI inference. Here, we seek to overcome limitations with the tra-
ditional statistical approach, where for sufficiently large data sizes current meth-
ods determine universal activation across the brain, rendering the results as unin-
terpretable. We extend on a method proposed by Sommerfeld, Sain, and Schwartz-
man (2018) (SSS) todevelop spatialConfidenceSets (CSs) on clusters found in thresh-
olded rawblood-oxygen-level-dependent (BOLD)effect sizemaps. TheCSsgive state-
ments on the locations where raw effect sizes exceed, and fall short of, a purposeful
non-zero threshold. Wepropose several theoretical and practical implementation ad-
vancements to theoriginalmethod formulated in SSS, delivering a procedurewith su-
perior performance in sample sizes as low asN = 60. We validate the method with
3DMonte Carlo simulations that resemble fMRI data. We then compute CSs for the
Human Connectome Project (HCP) working memory task contrast images, illustrat-
ing the brain regions that show a reliable %BOLD for a given%BOLD threshold.

In the final part of this thesis, we develop the CSs to operate on standard-
ized Cohen’s d effect size images. We derive the statistical properties of the Cohen’s
d estimator to motivate three algorithms for computing Cohen’s d CSs, including a
novel method based on normalizing the distribution of Cohen’s d. With intensive 3D
Monte Carlo simulations, we find that two of these methods can be effectively ap-
plied to fMRI data. We compute Cohen’s d CSs on the HCP data, and by comparing
the CSs with results obtained from a standard testing procedure, exemplify the im-
proved localization of effects that can be gained by using the Confidence Sets.
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CHAPTER1
Introduction

Since its inception at the end of the twentieth century, functional magnetic reso-
nance imaging (fMRI) has experienced ameteoric rise to become the primary tool for
human brain mapping. While many forms of the technique exist, introduction of the
particularmethod based on the blood-oxygen-level-dependent (BOLD) effect has ul-
timately been the catalyst in elevating fMRI to such stature within the neuroimaging
community. Taking advantage of the magnetic properties of oxygen-rich red blood
cells, BOLD fMRImeasures changes in blood oxygenization alongside cerebral blood
flow and volume as a proxy to identify brain areas where elevated neuronal activity
has occurred in response to a stimulus. While the relationship between the BOLD
effect and neuronal activity is complex and remains controversial, it is the unique at-
tributes of BOLD fMRI – in particular, its capacity for non-invasive recording of sig-
nals across the entire brain at a high spatial resolution – that set the technique apart
from other scanningmethods.

However, BOLD fMRI is also a noisy process. The magnetic resonance (MR)
signals researchers set out to measure during a scanning session are corrupted by
artefacts from both the imaging hardware and the physiology of the participant. Ex-
amples of scanner noise include inhomogeneities of themagnetic field that can cause
spatial distortion or blurring in theMR image and scanner drift characterizedby tem-
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poral degradation of the MR signal. Physiological noise induced by subject motion,
respiration, and heartbeat exacerbate the problem.

Because of the low signal-to-noise ratio, researchers must apply a series of
statistical techniques to find meaning in the data. This usually entails carrying out a
number of preprocessing, modelling and analysis steps that together constitute the
fMRI processing pipeline. The fundamental objectives of preprocessing are to stan-
dardize brain locations across participants, to apply methods ensuring that the data
conform to statistical assumptions required for analysis, and to reduce the influence
of the noise artefacts present in the data. This is achieved by conducting a number of
steps, including slice-timing correction, motion correction, normalization, registra-
tion of the functional data to an anatomical template, and spatial smoothing.

For task-based fMRI, amass-univariate approach is utilized tomodel thedata.
During the scanning session, functional data areacquired in the formof voxels – cubic
intensity units that partition the brain comparable to the way in which pixels parti-
tion a computer screen. Each voxel’s time-series is considered independently within
the general linear model framework as a combination of signal components. To eval-
uate the effect of an experimental task condition relative to a baseline condition, hy-
pothesis testing is performed at each voxel to compute a statistical parametric map
of statistic values. Here, the behaviour of the signal under the null-hypothesis of no
activation is estimated using either a parametric approach, appealing to the body of
mathematics known as Random Field Theory, or a nonparametric approach, where
permutation methods are applied to estimate the null-distribution directly from the
data. Finally, the statistical parametric map is thresholded to localize brain function.

While we have provided a brief overview of the fMRI analysis pipeline, it is
notable that there is not a general consensus as to how each particular analysis step
should be carried out. Consequently, researchers have the freedom to make many
choices during an analysis, such as how much smoothing is applied to the data, or
how the haemodynamic response of blood flow to active neuronal tissues is mod-
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elled. However, this ‘methodological plurality’ comes with a drawback. While con-
ceptually similar, two different analysis pipelines applied on the same dataset may
not produce the same scientific results; choice of analysis pipeline, operating system,
and even software version can influence the final research outcomes of a study. Be-
cause of this, the high analytic flexibility associatedwith fMRI has been pinpointed as
a key factor that can lead to distorted and irreproducible results (Hong et al., 2019;
Ioannidis, 2005;Wager et al., 2009).

The degree to which varying methodological decisions can lead to discrep-
ancies in observed results has been investigated extensively. Choices for each indi-
vidual procedure in the analysis pipeline (for example, head-motion regression (Lund
et al., 2005), temporal filtering (Skudlarski et al., 1999), and autocorrelation correc-
tion (Woolrich et al., 2001)) alongside the order in which these procedures are con-
ducted (Carp, 2013) can all deeply influence the final determined areas of brain acti-
vation. In perhaps the most comprehensive of such studies (Carp, 2012a), a single
publicly available fMRI dataset was analyzed using over 6,000 different pipelines,
generating 34,560 unique thresholded activation images. These results displayed
a substantial degree of flexibility in both the sizes and locations of significant acti-
vation. In combination, these examples of research shape a sombre picture for the
possibility of study reproducibility.

Alongside issues concerned with the flexibility of the analysis workflow, the
statistical procedures carried out for fMRI inference have also come under intense
scrutiny in recent times. Because statistical tests are conducted at each brain voxel
independently, the p-value used to threshold the statistical parametric map is cor-
rected to account for the large number of simultaneous comparisons being carried
out and limit the expected number of voxels falsely declared as significant. This is al-
most always done using a false discovery rate correction procedure (Benjamini and
Hochberg, 1995) or aBonferonni correction to limit the familywise error rateofmak-
ing at least one significant finding.
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The importance of such statistical correctionmethods weremade prominent
within the neuroimaging community using a humorous example, where one author
identified significant activation in the brain of a dead salmon after applying inference
with an uncorrected p-value (Bennett et al., 2009). However, in recent times they
have been a source of major controversy. In 2016, Eklund, Nichols, and Knutsson
(2016) discovered that many fMRI software packages were incorrectly carrying out
themultiple-correctionprocedures for clusterwise inference, inflating the false-positive
rate to beyond 40%. The implications of this study brought into question the validity
of thousands of published fMRI results, leading to updates in the main fMRI analysis
packages (Cox et al., 2017a) and a re-evaluation of how clusterwise inference should
be applied (Flandin and Friston, 2019;Mueller et al., 2017; Cox et al., 2017b).

Nevertheless, a number of conceptual limitations remain with the fMRI sta-
tistical approach to inference. Specifically, there is a considerable amount of infor-
mation that is not captured when applying inference using cluster-size. In this set-
ting, a cluster-level p-value only conveys information about a cluster’s spatial extent
under the null-hypothesis. Since no information is provided regarding the statistical
significance of each voxel comprising a significant cluster, themost we can say is that
significant activation has occurred somewhere inside the cluster (Woo et al., 2014).
An implication of this is that when a large, sprawling cluster covers many anatomical
regions, the precise spatial specificity of the activation is in fact poor. A related prob-
lem of cluster inference is that no information is provided about the spatial variation
of significant clusters. For example, if an fMRI study was to be repeated many times
with new sets of subjects there would be variation in the size and shape of clusters
found, yet the current statistical results have noway to characterize this variability.

Amore pressing issue, perhaps, stems from an age-old paradox caused by the
‘fallacy of the null-hypothesis’ (Rozeboom, 1960). The paradox is that while statis-
tical models conventionally assume mean-zero noise, in reality all sources of noise
will never cancel, and therefore improvements in experimental design will eventu-
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ally lead to statistically significant results. Thus, the null-hypothesis will, eventually,
always be rejected (Meehl, 1967). The recent availability of ambitious, large-sample
studies (e.g Human Connectome Project (HCP), N = 1,200; UK Biobank, N = 30,000
and counting) have exemplified this problem. Analysis of high-quality fMRI data ac-
quired under optimal noise conditions has been shown to display almost universal
activation across the entire brain after hypothesis testing, even with stringent cor-
rection (Gonzalez-Castillo et al., 2012). For these reasons, there is an increased ur-
gency for methods that can provide meaningful inference to interpret all significant
effects.

In this work, we make contributions in two topical areas currently challenging the
field of task-based fMRI: Firstly, the need for further transparency as to the degree in
which the body ofwork comprising the fMRI literature is reproducible. Secondly, the
need for further methods to improve current inference practices carried out within
the field. To end this section, we summarize ourmain contributions before providing
an outline of the organization of this thesis:

1. While we have discussed a number of studies exploring how analysis decisions
can influence the results of an fMRI investigation, for all of these studies the
fundamental choice of software package through which the analysis was con-
ducted remained constant. This is despite a vast array of packages that are
used throughout the neuroimaging literature, the most popular of which are
AFNI, FSL and SPM. InChapter 3we comprehensively assess how the choice of
software package can impact the final results of a neuroimaging analysis. We
reanalyze three published task-fMRI studies within AFNI, FSL and SPM, and
quantify several aspects of variability between the three package’s group-level
statistical maps. Our findings suggest that exceedingly weak effects may not
generalize across software. We are unaware of any comparable exercise in the
literature.
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2. In carrying out the software comparison exercise, we implement a range of
quantitative methods for the novel application of comparing fMRI statistical
maps. These include Dice statistics, for assessing differences in the locations of
activation determined in each software’s thresholded statistical results, Bland-
Altman plots, for assessing differences between themagnitude of statistic val-
ues in each software’s unthresholded results, Euler Characteristics, for assess-
ing differences in the topological properties of each software’s activation pro-
file, and Neurosynth analyses, for assessing differences in the anatomical re-
gions associated to each software’s activation pattern. We believe thesemeth-
ods are generalizable and hope they may benefit any further comparison of
neuroimaging results.

3. In Chapter 4, we develop an inference method originally proposed for appli-
cation on geospatial data in Sommerfeld, Sain, and Schwartzman (2018) (SSS)
to create spatial Confidence Sets (CSs) on clusters found in fMRI percentage
BOLD effect size maps. While currently used hypothesis testing methods in-
dicate where the null, i.e. an effect size of zero, can be rejected, this form of
inference allows for statements about anatomical regions where effect sizes
have exceeded, and fallen short of, a meaningful non-zero threshold, such as ar-
eas where a BOLD change of 2.0% has occurred.

4. We make a number of theoretical and implementation advancements to the
SSSmethod for computingCSs that improve themethod’s finite-sample perfor-
mance in the context of neuroimaging. In particular, we propose a combination
of theWild t-Bootstrap method and the use of Rademacher variables for mul-
tiplication of the bootstrapped residuals, which we find substantially improves
performance of themethod inmoderate sample sizes. We also develop a linear
interpolation method for computing the boundary over which the bootstrap is
applied, and a novel approach for assessing the empirical coverage of the CSs
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that reduces upward bias in how the simulation results aremeasured.

5. In Chapter 5, we make further theoretical developments to the CSs for appli-
cation on standardized, Cohen’s d effect size images. By deriving the statistical
properties of the Cohen’s d estimator, we motivate three separate algorithms
to obtain Cohen’s d CSs. One of these methods is based on a novel procedure
to normalize the distribution of the sample Cohen’s d. By testing the three al-
gorithms using intensive 3DMonte Carlo simulations, we conclude that two of
the methods may perform particularly well on task-fMRI Cohen’s d effect size
maps.

The remainder of this thesis is organized into five chapters.
Chapter 2 is dedicated to presenting the context of this work and provid-

ing background on the current methodological procedures carried out for analysis
of task-fMRI data, with a particular emphasis on the statistical inference methods
relevant to this thesis.

In Chapter 3, we assess the analytic variability of group-level task-fMRI re-
sults under the choice of software package through which the analysis is conducted.
We reanalyze three published task-fMRI studies whose data has beenmade publicly
available, attempting to replicate the original analysis procedures within each soft-
ware package. We then make a number of qualitative and quantitative comparisons
to assess the similarity of our results.

In Chapter 4, we develop the inference method originally proposed in SSS to
create spatial Confidence Sets on clusters found in fMRI percentage BOLD effect
size maps. We summarize the theory in SSS before detailing our proposed modifi-
cations. We then carry out intensiveMonte Carlo simulations to investigate the per-
formance of theCSs on synthetic 3D signals representative of clusters found in fMRI
effect size maps. Finally, we illustrate the method by computing CSs on 80 subject’s
percentage BOLD data from theHumanConnectome Project workingmemory task.
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In Chapter 5, we make further theoretical developments to adapt the CSs
for application to Cohen’s d effect size images. We derive the finite and asymptotic
properties of the Cohen’s d estimator before formalizing three separate algorithms
to compute Cohen’s d CSs. We assess the performance of the three methods us-
ing Monte Carlo simulations similarly to the previous chapter. Finally, we provide a
demonstration of the three methods on Cohen’s d effect size maps from the Human
Connectome Project dataset, comparing the Cohen’s dCSs to results obtained using
a traditional statistical inference procedure.

InChapter 6we conclude this thesis, summarizing our contributions and pro-
viding discussion of possibilities for future work.
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CHAPTER2
Background

In this chapter, we provide the context that forms the basis of our research. We be-
gin by presenting a broad overview of the study of brain function, before narrowing
down to the specific field of task-based functional magnetic resonance imaging (t-
fMRI) that will be the main focus of study in this thesis. Here, we describe each of
the preprocessing and modelling components of a typical t-fMRI analysis pipeline.
Finally, we give an in-depth discussion of the state-of-the-art procedures used for
subject- and group-level t-fMRI inference that are of particular relevance to the re-
maining chapters of this work.
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2.1 The Study of Brain Function

Figure 2.1: An illustration showing the arteries at the base of the human brain. Reprinted
fromAnatomy (1918).

The human brain, the central organ of the human nervous system, has been
described as one of the most complex structures in the known universe. Made up of
approximately 86 billion neurons (Azevedo et al., 2009), where neuronal interaction
occurs continuously via trillions of synaptic networks to form intricate and dynamic
neural networks, the myriad of processes taking place inside the brain at any given
time make the study of brain function an intimidating challenge. Nevertheless, our
understanding of the brain has come alongway fromour ancient Egyptian ancestors,
who believed that the heart was the source of human intelligence, and for whom the
practice of drilling a hole into the skull was regarded as a solution to cure a headache
(Adelman andOthers, 1987;Mohamed, 2014).

Remarkably, much of this progress has come in the last century alone. A num-
ber of key developments within this time-frame include: confirmation of the neu-
ron doctrine, the concept that the nervous system is a collection of discrete indi-
vidual cells, postulated by Santiago Ramon y Cajal at the end of the 19th century
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and demonstrated in the 1950s thanks to the development of electron microscopy
(López-Muñoz et al., 2006); the first evidence of neuroplasticity, the ability for the
brain’s structure to change during an individual’s lifetime (Diamond et al., 1964; Ben-
nett et al., 1964); and the emergence of neuroimaging techniques such as electroen-
cephalography (EEG), positron emission tomography (PET), andmagnetic resonance
imaging (MRI). The toils of this scientific endeavour are now translating into con-
crete advancements influencing awide variety of aspects concernedwith population
health. Neuroscience research is beginning to find applications in the clinical setting
to advance our understanding of neurodevelopmental and neurodegenerative disor-
ders and generate novel therapies to treat and prevent such diseases. Brain imaging
has been used to localize the source of neurological impairment for diseases such
as epilepsy (Stacey and Litt, 2008), and neuroengineering techniques based on our
capability to stimulate neural circuits are implemented to treat Parkinson’s disease
(Kalia et al., 2013) anddystonia (Fox andAlterman, 2015). Structural- and functional-
MRI arebeing explored todeterminebiomarkers for diagnosis ofAlzheimer’s disease
prior to symptom onset (Sperling et al., 2014; McEvoy et al., 2009), alongside pro-
viding information about the role of different brain regions in human behaviour that
can contribute to an improved prognosis and patient response to therapy (Matthews
et al., 2006).

Modern neuroscience can be dissected into many major branches, each sub-
field taking a specific slant to studying the nervous system. It is therefore perhaps
unsurprising that in isolation, the phrase ‘the study of brain function’ is rather vague.
Brain function can manifest itself in ways that can be observed using a variety of
different measurements, whether that be with a molecular, chemical, structural, or
functional approach (Hargreaves and Klimas, 2012). Different modalities ofMRI are
employed to evaluate specific properties of the brain that characterize whichever
approach is taken. For instance, looking at brain function from an anatomical per-
spective, voxel-based morphometry (VBM) could be used to measure differences in
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local concentrations of brain tissue in order to assess changes in greymatter volume
(Mechelli et al., 2005). Additionally, one could apply diffusion tensor imaging (DTI)
to map white matter tractography in the brain (Alexander et al., 2007; Soares et al.,
2013). From a functional outlook, resting state fMRI (rs-fMRI) determines that spa-
tially remote brain areas are functionally connected when each region’s BOLD re-
sponse is temporally correlated in the absence of an explicit task (Lee et al., 2013).
On the other hand, task-based fMRI (t-fMRI) measures spatio-temporal changes in
the BOLD signal between task-stimulated and control states to find brain regions
that are activated in the presence of a stimulus (Glover, 2011).

Each imaging method and modality does not live inside a vacuum, and re-
cent work within the field has provided further insight of the interdependence be-
tween different approaches to examining brain function. One example of this is in
the study of resting state networks, which explores how distinct sets of brain re-
gions can reveal temporally correlated activation patterns when the brain is at rest.
While resting statenetworkshavebeenmostwidely investigatedusing rs-fMRI tech-
niques (e.g. Smith et al., 2009; Lee et al., 2012;Moussa et al., 2012),more recently the
same correlation patterns have been independently detected using EEG andmagne-
toencephalography (MEG) (Brookes et al., 2011; Fomina et al., 2015). This work not
only demonstrates how utilization of numerous tools can further our understand-
ing of resting state mechanisms, but also suggests a direct relationship between the
electro-physiological signals recorded with MEG and the BOLD fluctuations asso-
ciated with fMRI. Similarly, other recent efforts have shown that the functional re-
sponse to a cognitive taskmeasuredwith t-fMRImay be able to be predicted by con-
nectivity features from the same individual’s brain at rest (Parker Jones et al., 2017;
Tavor et al., 2016). This research signals towards an innate functional signature that
defines our behaviour, while also providing potential clinical solutions to obtain t-
fMRI data from patients who are unable to perform the specific task of interest.

In the context of this thesis, we will study brain function from a functional
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perspective, primarily focussed on task-based fMRI.

2.2 Blood-oxygen-level-dependent (BOLD) functionalMagnetic
Resonance Imaging (fMRI)

Whereas structural MRI is concerned with the anatomy of the brain, functional MRI
(fMRI) measures dynamic changes in blood flow in order to ultimately make infer-
ence on neuronal activation. This is possible due to the intrinsic relationship be-
tween local neuronal activity and subsequent changes in cerebral blood flow (CBF),
a biological phenomenon known as neurovascular coupling. An increased supply of
oxygen is carried by haemoglobin in red blood cells to provide energy to active neu-
rons, and it is the magnetic properties of the haemoglobin thatMRI takes advantage
of. Specifically, as deoxygenated haemoglobin is more magnetic than oxygenated
haemoglobin, MRI uses haemoglobin as an endogenous contrast agent from which
to source the signal. Neurovascular coupling induces inhomogeneities in the local
magnetic field due to a decreased concentration of deoxygenated haemoglobin that
lead to a detectable change in theMR signal.

The complete chain of events linking neuronal activity to a change inMRI sig-
nal is referred to as the blood-oxygen-level-dependent (BOLD) effect, and this type
of imaging is knownasBOLD fMRI. Proof of concept of theBOLDeffectwasfirst pro-
vided inOgawa, Lee, Kay, and Tank (1990), and the first use of BOLD fMRI for human
brain mapping was carried out in 1992 (Bandettini et al., 1992; Kwong et al., 1992;
Ogawaet al., 1992), leading to a largeuptakeof themethod that has continued to this
day. There are a number of alternative approaches for brain imaging, such as func-
tional Arterial Spin Labelling (fASL), which uses magnetically labelled arterial blood
water to quantify changes in CSF. While fASL can offer some advantages over fMRI,
and changes in CSF measured with this technique are more closely tied to neuronal
activation than theBOLDsignal, fASL suffers fromamuch lower signal-to-noise ratio
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that has consequently made fMRI the preferred imagingmodality of choice.

2.2.1 Physiology of the BOLDResponse

Figure 2.2: A schematic of the interaction between neurons. Image reused from Khan
Academy1 (CC BY-NC-SA 3.0 US).

Neuronal interaction transpires via a system of electrical and chemical activ-
ity. To send out information, an individual neuron – the pre-synaptic cell – emits an
electrical signal known as an action potential, for the purpose of stimulating another
target neuron – the post-synaptic cell. The action potential travels along the axon of
the sending cell, and is transmitted to the receiving cell at the synapse. Information is
delivered from theoutput branches (or, axon terminals) of the sending cell, across the
synapse, to the input branches (or, dendrites) of the receiving cell, involving the re-
lease of chemical neurotransmitters alongside a number of other cellular processes.
This may stimulate or inhibit the firing of action potentials at the target cell to com-
municate with other neurons, eventually leading to a configuration of neurons col-
lectively processing and responding to information.

The electrical and chemical processes involved in neuronal activation require
energy, which drives the neurovascular coupling. Blood vessels that flow into the
capillaries pervading the neuronal tissue dilate and the rate of CBF increases to reg-
ulate a greater supply of oxygen and nutrients to localized regions of active neurons.
Overall, the increases in CBF and cerebral blood volume (CBV) are many orders of

1All Khan Academy content is available for free at www.khanacademy.org.
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magnitude greater than the increases in oxygen extraction (CMRO2) caused by the
neuronal activation. Thus, there is anoverall net increaseofoxygenatedhaemoglobin,
and an increase in the BOLD signal. The expected BOLD response generated from a
brief stimulus is characterized quantitatively by theHaemodynamic Response Func-
tion (HRF), encompassing the individual changes in CBF, CBV and CMRO2 induced
by neuronal stimulation.

Figure 2.3: The current BOLD signal model. In the presence of a stimulus, changes in biolog-
ical parameters such as CBF, CBV and CMRO2 influence the final observed BOLD response.Reprinted fromBuxton (2012), with permission from Elsevier.

2.3 Task-based functionalMagneticResonance Imaging (t-fMRI)
Theultimate goal of a task-based functionalmagnetic resonance imaging (t-fMRI) ex-
periment is to understand thebrain regions that are responsive to aparticular task or
stimulus the researcher has chosen to investigate. Explicitly, the researcher seeks to
detect brain areas whose BOLD time series data is correlated to the task the partic-
ipant is instructed to perform in the scanner. Researchers can choose from a wide
range of possible tasks to explore how the brain processes in a variety of circum-
stances. For example, a cognitive task may be chosen to gain insight into how the
brain processes decision-making or recognition, while a physiological task may be
used to see how the brain reacts to a stimulus intended to cause pain or arousal, or
how the brain functions when participants are told to hold their breath. In general,
theexperimenter is only limited in choiceof taskby the constraints that the taskmust
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be able to be conducted within the scanner, and that the task should not involve any
sort of headmovement which could corrupt the signal.

The MR signal measured in the scanner is noisy, and the haemodynamic re-
sponse induced by a stimulus only causes fractional changes in the BOLD response,
typically of around one percent. Therefore, in order to increase the signal-to-noise
ratio (SNR) of the BOLD signal participants repeat the task several times in the scan-
ner. The typeof taskusedalongside the timings forwhich theparticipant is instructed
to perform the task inside the scanner are together known as the task paradigm or
experimental design. Many different task conditions can be investigated within one
task paradigm, however, it is fundamental that at least two conditions are included.
This is becauseBOLDdata is not quantitative, insofar thatwe are unable to interpret
the level of neuronal activity from the absolute magnitude of the BOLD response
alone. Instead, neuronal activity is inferred by using contrasts to measure the differ-
ence in the MR signal between two conditions. Commonly, the BOLD response to a
task condition is contrastedwith a baseline condition, where the participant is at rest
within the scanner. However, it is equally acceptable to contrast two separate task
conditions depending on the aims of the investigation.

Anexperimental designwhere the task condition is carriedout for anextended
period of time is said to have a block design (or boxcar design). One example of this
could be a task paradigm where the participant is instructed to look at an animal
photo for five seconds in each task repetition. Alternatively, in an event-related de-
sign the task or stimulus takes the form of a discrete, rapid event, such as a study
where the participant experiences a mild electric shock. A graphical representation
of each of these task paradigms is displayed in Figure 2.4, showing the onset timing
function along with the anticipated response for both types of stimuli. While block
designs have greater statistical powerwith a relatively largerBOLDresponse, the re-
searcher has more control with respect to how the stimuli are delivered in an event-
related design.
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Figure 2.4: The stimulus onset timings (blue) and expected response (red) for a task paradigm
using a block design where participants look at animal photos (top half), and a task paradigm
using an event-related design where participants are given a mild electric shock (bottom
half).

2.4 Overview of Analysis Pipeline
To analyze voxelwise t-fMRI BOLD data, a series of analysis steps are performed on
the data in succession. Together, the complete chain of analysis procedures carried
out is known as the analysis pipeline. Researchers have great flexibility as to how
the analysis pipeline is comprised, with various options and adjustable parameters
for each individual analysis step, and choices for the order in which certain proce-
dures are conducted. Nevertheless, a standard analysis pipeline of t-fMRI data can
be partitioned into threemain stages: preprocessing, modelling, and statistical infer-
ence. In the upcoming sections we will describe the individual processing steps that
are usually carried out in each of these analysis stages, while here we provide a brief
overview.

17



The main goals of preprocessing are to reduce the severity of noise artefacts
present in the raw BOLD fMRI data and to prepare the data for statistical analysis.
At themodelling stage, amass-univariate approach is adopted, whereby each voxel’s
functional time series data is considered independently as an instance of the general
linear model (GLM) framework. Within the GLM, the contrasts discussed in the pre-
vious section are formulated to statistically test the main hypotheses investigated
within the study. At the inference stage, a statistical parametric map is generated
containing statistic values at each voxel for each contrast of interest. For subject-
level inference, a participant’s statistical parametric map is thresholded to display
only voxels showing statistically significant results. This type of inference may be
of interest in a clinical setting, particularly to aid in the diagnosis of a patient. How-
ever, for a research study there is usually a greater emphasis placedonfinding results
that generalize across the larger population. In this case, each participant’s statis-
tic map is entered into a second-level model for group-level inference, and a thresh-
olded map is computed to localize effects that were consistent across all individuals
in the study.

In practice, the analysis pipeline is usually conducted within a neuroimaging
software package. Various software packages are available, many ofwhich are freely
distributed on the internet. The three most popular packages are AFNI (Cox, 1996),
FSL (Jenkinsonet al., 2012), andSPM(Pennyet al., 2011). While there are several dif-
ferences as to how each software package operates, most packages follow the same
fundamental principles to implement the threemain stages of the analysis pipeline.

2.5 Preprocessing
In this section, we present each of the analysis steps that are typically conducted
within a t-fMRI preprocessing pipeline: brain extraction, distortion correction, slice
timing correction, realignment, coregistration, spatial normalization, spatial smooth-
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ing, temporal filtering and intensity normalization. These procedures are carried out
to compensate for artefacts present in the data, and to ensure that the data satisfy
the assumptions used for modelling and inference.

2.5.1 Brain Extraction
Brain extraction is commonly the first procedure carried out in the analysis pipeline,
with the purpose of removing the skull and any other non-brain tissue from a partic-
ipant’s anatomical image. Since the purpose of the analysis is to infer areas of activa-
tion within the brain, it is sensible to remove any external structures that are not of
interest. However, brain extraction also has a more important role in improving the
outcomeof subsequent steps in the preprocessing pipeline. In the upcoming sections
we describe coregistration, where the subject’s functional data is spatially realigned
to the anatomical image, as well as spatial normalization, where each participant’s
data is registered to a standard space. Brain extraction helps to increase the robust-
ness of both of these registrationmethods, since differences in non-brain structures
can sidetrack the registration algorithms causing an inaccurate alignment of the re-
spective images.

In SPM, brain extraction is carried out by first applying a segmentation to the
anatomical image in order to generate probabilitymaps of the gray andwhitematter
tissue in the structural scan. Thegreyandwhitematter probabilitymapsare summed
and thresholded, creating a binarymap containing the brain regions to be included in
the analysis. Finally, the anatomical scan is masked with the binary map to remove
any non-brain structures. AFNI and FSL both use variants of the Brain Extraction
Tool (Smith, 2002) algorithm, implementing an adaptive model that evolves to fit the
brain’s surface in order to segment brain and non-brain tissue types.
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2.5.2 Distortion Correction
Distortion correction is applied to account for signal loss and geometric distortions
in the functional data that can manifest due to spatial inhomogeneities in the main
static magnetic field during the acquisition. These inhomogeneities arise due to the
different magnetic susceptibility properties of each tissue type in the brain, and the
most severely affected regions are those close to air-filled synuses, such as the tem-
poral or frontal lobe. If not corrected, signal dropout and distortion can cause failure
in the registration of the functional data to the non-distorted anatomical image.

While it is notpossible to recover regionsof signal loss, fielddistortions canbe
rectified with the use of a field map. A field map is obtained as part of the acquisition
to estimate the intensity of the static magnetic field. The analysis software uses the
field map to calculate the magnitude of the geometric distortions, and then applies
spatial transformations to unwarp the functional data. The field map is also used to
de-weight areas of substantial signal dropout during the registration, and if the signal
loss is particularly severe, ignore these locations in the analysis of the data.

Figure 2.5: Distortion correction applied to functional datawith the use of a fieldmap. While
lost signal can not be recovered, the correction has vastly improved distorted regions in the
frontal lobe. Functional data and field map images reprinted from the fMRIB Graduate Pro-
gramme lecture notes1, with the kind permission ofMark Jenkinson.

1https://fsl.fmrib.ox.ac.uk/fslcourse/
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2.5.3 Slice Timing Correction
While the statisticalmodelling of fMRI data assumes that the signal ismeasured over
the entire brain simultaneously, in reality functional imaging is usually carried out on
a slice-by-slice basis, creating a single 3D volume as a combination of multiple 2D
slices. Slices are acquired sequentially from top-to-bottom or bottom-to-top, or by
using an interleaved sequence where all odd-numbered slices are collected first, fol-
lowed by the even slices. Because of this, the BOLD signal is sampled at different
points of the HRF. This can create the illusion that the signal peaks earlier for slices
that are collected later in the acquisition, even though the underlying response is
identical.

Slice timing correction uses temporal interpolationmethods to artificially ob-
tain an intensity estimate for each brain voxel at a single time point, shifting the data
to recreate the image as if all measurements were obtained collectively. The refer-
ence time point is commonly chosen to be halfway through the scanning procedure,
and in this case the timings from all slices are corrected tomatch-upwith the timings
of the volume collected midway in the acquisition, which acts as the reference slice.
The time series data from each voxel is temporally shifted to line-up with the signal
response from the reference slice, and the voxel’s data between the acquisition time
points of the reference slice are re-estimated with interpolation. Commonly, this is
done using either sinc or spline interpolation.

It is debatable whether slice timing correction should be conducted before
or after realignment, and some practitioners have suggested that slice timing cor-
rection should be excluded from the analysis pipeline altogether. One alternative to
slice timing correction is to account for timing differences at the modelling stage of
the analysis. FSL recommend that temporal derivatives are incorporated as extra re-
gressors into theGLM, effectivelymaking themodel flexible to temporal shifts in the
signal response.
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2.5.4 Realignment
While a participant is told to remain as still as possible in the scanner, over the course
of the acquisition some headmovement is inevitable. This is particularly problematic
in fMRI, as it can corrupt the functional data in numerous ways. If left uncorrected,
head movement may cause a voxel’s time series data to contain signal from two dif-
ferent tissue types, and if the voxel is located at the edge of the brain, movement
can cause a loss of signal altogether. Additionally, the change in signal intensity in-
duced by head motion can be many orders of magnitude greater than the BOLD ef-
fect. Therefore, if head motion is elicited by the task the participant performs in the
scanner this can lead to false activations in the statistical results that invalidate the
analysis.

Realignment (or motion correction) of the functional data is performed to re-
move any substantial movement throughout the time series. To do this, each volume
in the time series is spatially transformed to match a reference volume, usually cho-
sen as the first volume of the data or an average image of all the scans. Specifically,
a rigid-body transformation of translations and rotations is applied to superimpose
each volume onto the reference image. The transformation is determined to opti-
mize a cost function that quantifies the goodness of alignment between the images,
e.g. a least squares (used by default in SPM) or normalized correlation (used by de-
fault in FSL) cost function. Finally, the transformed data are spatially interpolated
to obtain estimates of the signal response on the same voxel grid as the reference
image, usually with spline interpolation.

2.5.5 Coregistration
In order to carry out group analyses, corresponding voxels between each partici-
pant’s functional data should contain information from the sameanatomical location.
However, prior to normalizing data between subjects, coregistration is conducted to
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alignaparticipant’s functional timeseriesdatawith their ownanatomical image. Sim-
ilar to realignment, coregistration is achieved via a rigid-body transformation chosen
to minimize an appropriate cost function. However, to account for differences be-
tween the blurry, distorted functional data and the high-resolution structural image,
scalings are also included as parameters of the rigid-body transformation and a mu-
tual information cost function is commonly used.

2.5.6 Spatial Normalization
The goal of spatial normalization (or intersubject registration) is to warp all partici-
pants’ functional time series data into a universal coordinate space, integrating the
data between subjects to facilitate for group analyses. To remove structural variabil-
ity between subjects, each participant’s data is spatially transformedonto a standard
template brain image. The most commonly used templates are the MNI152 images,
created by the Montreal Neurological Institute by combining structural data from
152 healthy adults. The transformation is computed on a participant’s structural im-
age; the anatomy is registered to the template with a series of linear and non-linear
transformations, permitting for local deformations to change the size and shape of
the subject’s structural image for a better alignment with the brain standard. Fi-
nally, the functional data are warped to standard space by concatenating the trans-
formation from functional to structural space computed during coregistration with
this transformation from structural to standard space.

2.5.7 Spatial Smoothing
Prior to statistical analyses, spatial smoothing is conducted on the functional data.
Although thismay seemunsound, as any smoothingwill effectively reduce the spatial
resolution of the fMRI data, the reasons for smoothing are twofold. Themain reason
for smoothing is to improve the SNR of the data by filtering out high-frequency re-
gions. Intuitively, this works because averaging should reduce the intensity of noisy
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areas, while leaving the underlying functional signal of interest relatively unaffected.
The second reason is as a prerequisite for statistical analysis. Specifically, the meth-
odsused for parametric inferenceof fMRIdata are adaptive in correcting for themul-
tiple comparison problem dependent on the smoothness of the data (further details
about this are provided in Section 2.7.1). However, a minimum amount of smoothing
is required to obtain accurate control over the false discovery rate of activations in
the thresholded statistical results.

In practice, the functional data are convolvedwith a three-dimensional Gaus-
sian filter, and the amount of smoothing applied is proportional to the full width at
half maximum (FWHM) of the kernel function. A suitable degree of smoothing is
conditional on many factors, such as the quality of the data, the statistical power re-
quired, and the expected size of the final activation clusters. A typical smoothing
kernel FWHM for fMRI data is between 6 and 10mm3, although the preprocessing
pipelines for recent high-quality, large-sample fMRI datasets have used a lesser de-
greeof smoothing (e.g. 5mmFWHMfor theUKBiobank, 4mmFWHMfor theHuman
Connectome Project).

2.5.8 Temporal Filtering
Temporal filtering is another processing step that aims to increase the SNR of the
functional data, by taking advantage of the fact that the BOLD signals fMRI sets out
tomeasuregenerally havea consistent frequency range. Temporal filtering suppresses
or removes frequencies outside of this range, implicitly eliminating any artefactual
signals present in the data while leaving the neuronal signals of interest untouched.

A well-known source of noise is slow drifts that occur due to imperfections
in the scanning hardware. As components of the scanner heat up, this can induce a
gradual change in the MR signal resulting in low-frequency trends of less than 0.01
Hz in the data. The expected frequency of the BOLD signal response to a task stimu-
lus is around0.2Hz. Therefore, a high-passfilter canbeapplied, removingall frequen-
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cies below a set threshold to attenuate scanner-related drifts. Other forms of noise
are caused by physiological effects such as respiratory and cardiac cycles. These
artefacts have a frequency range higher than the expected BOLD response (respi-
ratory frequencies are∼0.3hz, cardiac frequencies∼1.0hz), although they may also
manifest in the data as lower frequencies due to the effects of aliasing. A low-pass fil-
termay be used to cut off higher frequencies and subdue artefacts such as physiolog-
ical noise. While a high-pass filter is commonly included as part of the preprocessing
pipeline, low-pass filters aremore controversial as they can cultivate autocorrelation
in the signal, violating the assumption of temporal independencemade for statistical
inference.

Figure 2.6: Showing the effect of high-pass filtering on one voxel’s BOLD time series data.
Thehigh-pass filter has removed the slowdrift seen in the rawBOLDsignal on the left. Figure
adapted from the fMRIBGraduate Programme lecture notes, with the kind permission ofMark
Jenkinson.

2.5.9 GrandMean Scaling
As touched on in Section 2.3, BOLD t-fMRI data are not quantitative. Because of this,
the fMRI scanner assigns arbitrary units to the signal intensities during the acquisi-
tion, and data can be scaled differently across scanning sessions. Grandmean scaling
(or intensity normalization) is applied to rescale each individual’s functional time se-
ries to increase the interpretability of the data across the group of participants. This
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is done bymultiplying the functional time series (across all voxels and time points) by
a constant so that the mean intensity takes a fixed value of, for example, 100. While
grand mean scaling will not affect the statistical inference results, normalizing the
data facilitates for comparability of the regression coefficient maps (i.e. beta maps)
obtained for each task condition at themodelling stage of analysis.

2.6 Modelling of t-fMRI data with the General LinearModel
The general linearmodel (GLM) is themostwidely used approach tomodellingBOLD
t-fMRI time series data, and a crucial part of any neuroimaging analysis. The GLM
generalises a broad class of models that estimate the observed response as a lin-
ear combination of experimental and confounding variables. A key strength of this
framework is its flexibility, allowing for analyses of data both within and between
individuals, and providing a foundation for which experimental hypotheses can be
assessed with a variety of statistical tests, using either parametric or nonparamet-
ric statistics. In this section we provide an overview of the GLM in the context of
brain imaging, before describing some of the most commonly used statistical tests
performedwithin the GLM for analysing fMRI data.

2.6.1 The GLMSet-up
To analyze voxelwise t-fMRI data, each voxel’s time series is independentlymodelled
within the GLM. This is commonly referred to as a mass-univariate analysis – the
‘mass’ term specifies that the sameanalysis is performedmany times, and ‘univariate’
indicates that each analysis is performed separately at every brain voxel (as opposed
tomultivariate, which considers many locations as part of one analysis).

Mathematically, for a compact domain S ⊂ RD (in fMRI, D = 3 and S is the
brain mask), the GLM at location (or brain voxel) s ∈ S is expressed as

Y (s) = Xβ(s) + ε(s), (2.1)
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whereY (s) is aN×1 vector of observations at s,X is aN×p designmatrix contain-
ing explanatory variables linking the observations in Y (s) to the effect sizes in β(s),
β(s) is a p× 1 vector of the unknown parameters, and ε(s) is aN × 1 vector of error
terms. It is assumed that the errors are independently distributed conditional onX
by a Gaussian distribution withmean zero.

The aim of the regression is to find parameter estimates β̂(s) that best fit the
model to the data. The goodness of fit is determined by a method of least squares
depending on additional constraints added to the model. The parameter estimates
are then used at the inference stage to test hypotheses about the data expressed in
terms of the unknown parameters contained inβ(s).

2.6.2 Estimating the Parameters withOrdinary Least Squares (OLS)
OLS is used to solve (2.1) with the assumption that the errors are spherical, which
means that there is no autocorrelation and that each error term has constant vari-
ance. Combined with the normality assumption stated in the previous section, this
means

ε(s) |X ∼ N (0, σ2(s)IN ), (2.2)

where IN is theN × N identity matrix. OLS solves the GLM by minimizing the sum
of squares cost function S given by

S(β(s)) = ‖Y (s)−Xβ(s)‖2 =
N∑
i=1

|Yi(s)−
p∑
j=1

Xijβj(s)|2. (2.3)

This gives theOLS estimates

β̂(s) = arg min
β

S(β(s)) = (XᵀX)−1XᵀY (s). (2.4)

By the Gauss-Markov Theorem, it can be shown that the OLS estimates are the Best
LinearUnbiasedEstimates (BLUE) ofβ(s)providing all the assumptions are satisfied.
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2.6.3 Prewhitening
The key assumption of OLS is that the errors are spherical, however, this is often vi-
olated for fMRI data. As discussed in Section 2.5.8, functional data are character-
ized by slow drifts which induce temporal autocorrelation in the MR signal. While
high-pass filtering can be applied in an attempt to remove the majority of low fre-
quency components, another strategy is to estimate the autocorrelation directly and
then remove it by prewhitening the data. This can bemore efficient than filtering for
event-related designs (Woolrich et al., 2001).

If the data are correlated, the error terms havemarginal distribution

ε(s) |X ∼ N (0, σ2(s)V (s)), (2.5)

where V (s) is the correlation matrix. Since V (s) is symmetric and positive-definite,
V (s) satisfies the assumptions for the Cholesky decomposition, which means there
exists a lower triangular matrixK(s) such that V −1(s) = Kᵀ(s)K(s). Providing
thatK(s) can be accurately determined, the idea is to update themodel bymultiply-
ing both sides of the GLM byK(s) so that the error terms are spherical. Denoting
Y ∗(s) = K(s)Y (s), and defining X∗(s) and ε∗(s) similarly, then for the updated
GLM

Y ∗(s) = X∗(s) + ε∗(s), (2.6)

the conditional covariance of ε∗(s) is

Cov(ε∗(s) |X) = K(s)Cov(ε(s) |X)Kᵀ(s) = σ2(s)IN . (2.7)

Therefore, the sphericity assumption is satisfied for the updatedmodel, andOLS can
be applied to obtain the BLUE ofβ(s).
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2.6.4 Estimating the Variance
For statistical inference, the variance of the errors σ2(s) needs to be estimated. This
can be done using the OLS estimates. The fitted values given by the OLS estimates
are Ŷ (s) = Xβ̂(s). The differences between the observed data points and the fitted
values are known as the residuals, denoted by ε̂(s) = Y (s) − Ŷ (s). The variance of
the errors is estimated as the sum of squares of the residuals divided by the degrees
of freedom of themodel

σ̂2(s) =
εᵀ(s)ε(s)

N − p
. (2.8)

Thedegreesof freedomhereareN−p, since thereareNobservationsY1(s), ..., YN (s)

and p parameters β1(s), ..., βp(s) to estimate.

2.6.5 Inferencewith Null-Hypothesis Significance Testing
The pay-off from obtaining the parameter estimates using OLS is that it enables us
to statistically test hypotheses about the unknown effect sizes. This form of infer-
ence is known as null-hypothesis significance testing (NHST). Hypotheses are ex-
pressed using a contrast vector c to define a linear combination of the parameters.
The null-hypothesis is always expressed in the formH0 : cᵀβ(s) = 0, although this
covers a wide variety of tests. For example, in a GLM with two parameters, β(s) =

(β1(s), β2(s)), the contrast c = (1, 0)would lead to the null-hypothesisH0 : β1(s) =

0, establishing a test to determine if the first parameterβ1(s) is significantly different
from zero. However, one could also test for significant differences between the two
parameters by choosing the contrast vector c = (1,−1) to form the null-hypothesis
H0 : β1(s) = β2(s).

If the sphericity assumption is satisfied, then the distribution of cᵀβ̂(s) is

cᵀβ̂(s) ∼ N (cᵀβ(s), σ2(s)cᵀ(XᵀX)−1c). (2.9)
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Therefore, hypotheses about a contrast of the model parameters cᵀβ̂(s) can be as-
sessedwith a t-test, using the knowledge that

cᵀβ̂(s)− cᵀβ(s)√
σ̂2(s)cᵀ(XᵀX)−1c

∼ tN−p, (2.10)

where tN−p is a Student’s t-distribution withN − p degrees of freedom. In practice,
the hypothesisH0 : cᵀβ(s) = 0 is tested by computing the t-statistic

T (s) =
cᵀβ̂(s)√

σ̂2(s)cᵀ(XᵀX)−1c
(2.11)

and then obtaining a p-value by comparing T (s) to a t-distribution with N − p de-
grees of freedom. For a one-sided hypothesis test where the alternative hypothesis
is given byHA : cᵀβ(s) > 0, the p-value is computed as p = P (tN−p ≥ t). In fMRI,
the statistical parametricmap (or unthresholded statisticmap) is an image containing
the p-values computed at every voxel. A p-value is said to be statistically significant
when p < α, whereα is a predetermined significance level set according to inference
standards appropriate for the study (typically for fMRI, α is set at 5% before correc-
tion for multiple comparisons). In this case, the conclusion of the test is that there
is sufficient evidence to reject the null-hypothesis in favour of the alternative. Thus,
for the nullH0 : cᵀβ(s) = 0, a statistically significant p-value would suggest a non-
zero effect size at location s. A thresholded statistic map is obtained by masking the
statistical parametric map to show only voxels with a statistically significant p-value.

In addition to testing a single contrast, onemay alsowish to testmultiple con-
trasts at once. For example, in the two-parameter GLM described above, the null-
hypothesisH0 : β1(s) = β2(s) = 0 could be chosen to test for a significant effect size
in either of the parameters. In this case, the contrast c is given as amatrix

c =

1 0

0 1

 , (2.12)
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where each row corresponds to each of the hypotheses being tested (for this exam-
ple, β1(s) = 0 and β2(s) = 0 respectively). This time, inference is carried out using an
F -test. The F -statistic is computed as

F (s) = (cᵀβ̂(s))ᵀ[rcᵀĈov(β̂(s))c]−1(cᵀβ̂(s)), (2.13)

where r is the rankofc, andap-value is obtainedbycomparingF (s) to anF -distribution
with r numerator andN − p denominator degrees of freedom.

2.6.6 First-Level (Subject-Level) Analysis
In a first-level (or subject-level) analysis, the GLM set-up in Section 2.6.1 is used to
analyze and test hypotheses related to the t-fMRI data obtained from an individual
in a single scanning session.

At each brain voxel s, theN × 1 observations vectorY (s) contains the BOLD
signal response data recorded by the scanner across allN sampled time-points dur-
ing the session. The columns of the designmatrixX(s) comprise of task-related and
nuisance regressors to model the response in Y (s). The number of task-related re-
gressors is dependent on the task paradigm and the statistical hypotheses the re-
searcher wishes to test. For example, in the animal photo paradigm described at the
end of Section 2.3, to test for activations when the participant was looking at any of
the animal photos, a single regressor could be used to model the change in BOLD
signal attributable to a photo being displayed. However, if instead the researcher
wanted to test for changes in activation when the participant looked at photos of
dogs compared to photos of cats, thenmultiple regressors would need to be used for
pictures of each animal type.

The predicted response of each task-related regressor is estimated by con-
volving the onset timing function for the stimulus with the HRF. Figure 2.7 shows
how the predicted response is obtained for the block design used in the animal photo
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task. There are a variety ofways tomodel theHRF; by default FSL and SPMuse a sin-
gle canonical HRF, however alternative methods include use of a basis set of smooth
functions (Friston et al., 1998) or a more flexible finite impulse response basis set
(Goutte et al., 2000). For each task-related condition, temporal derivatives may be
includedas anadditional regressor to account fordifferencesbetween theactual and
modelled HRF. See Lindquist et al. (2009) for a comparison of different HRFmodels.

The time series ofmotion-related parameters (e.g. translations and rotations)
used for realignment are commonly added to the GLM as nuisance regressors to
compensate for any leftover motion artefacts in the signal after preprocessing. Fur-
ther nuisance regressors may include cardiac and respiratory recordings to account
for fluctuations in the BOLD signal caused by changes in heart rate and breathing
patterns during the scan.

To remove temporal autocorrelation in theBOLDsignal thedataarewhitened
(as in Section 2.6.3), after which unbiased estimators of the parameters in β(s) can
be computed via OLS (as in Section 2.6.2). Finally, changes in neuronal activity be-
tween the task conditions is tested by contrasting the task-related regressors with
an appropriate contrast vector c under the null-hypothesis H0 : cᵀβ(s) = 0, using
the NHST procedure described in Section 2.6.5.

Figure 2.7: Showing how the predicted response for the animal photo task in Figure 2.4 is
created by convolution of the onset timing function with the HRF.
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2.6.7 Second-Level (Group-Level) Analysis
The contrast parameter estimates obtained for each individual during the first-level
analysis are combined in a second-level (or group-level) analysis to test whether re-
sults can be generalized to the larger population. The second-level model aims to
account for variation in quantity estimates within each individual’s data, as well as
variability between the participants stemming from biological differences between
each subject. This is fundamental from a research perspective as it means that con-
clusions drawn from a second-level analysis can relate to the whole population from
which the participants came from, rather than just the the specific cohort of individ-
uals involved in the study. In this section we will describe a simplified second-level
model for a one-sample t-test used to test for a consistent response in a first-level
contrast effect across all individuals. However, within the GLM framework it is also
possible to conduct a between-groups analysis with a two-sample t-test to assess ac-
tivation differences in two distinct cohorts (e.g. a group of patients and a group of
controls) and to incorporate other design types such as a paired t-test or one-way
analysis of variance.

For the GLM set-up in Section 2.6.1, in a group-level analysis N represents
the total number of participants in the study cohort. For a pre-specified contrast, the
N ×1 observations vectorY (s) contains each subject’s first-level contrast effect, i.e.
Y (s) = cᵀβ(s) = [cᵀβ1(s), ..., cᵀβN (s)]ᵀ. This gives the instance of the GLM

cᵀβ(s) = XβG(s) + ε(s), (2.14)

where the group-level parameters are notated with βG(s) to distinguish from the
subject-level parametersβ(s). For a one-sample t-test the first column of the design
matrix X is an intercept where all elements are set equal to 1. Other columns of
the design are covariates to be considered for the analysis, such as the age of each
participant or a score to describe each individual’s performance in the scanning task.
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For simplicity we will assume no covariates are included, soX(s) is a column vector
of 1s. ε(s) is the vector of group-level errors terms, assumed to have distribution

ε(s) ∼ N (0, σ2
G(s)IN ), (2.15)

where σ2
G(s) is the between-subject variance for the group.
Of course, in any practical analysis scenario the true subject-level contrast

effects cᵀβ(s) are unknown, and therefore the contrast estimates obtained in the
first-level analyses cᵀβ̂(s)must be used instead. This leads to the GLM formulation

cᵀβ̂(s) = XβG(s) + ε∗(s), (2.16)

where the errors ε∗(s)must nowaccount forwithin-subject variation caused by esti-
mating each participant’s parameter effect size as well as the between-subject vari-
ance. Rearranging (2.14) and (2.16),

ε∗(s) = cᵀβ(s)− cᵀβ̂(s) + ε(s), (2.17)

and therefore

Cov(ε∗(s)) = Cov(cᵀβ̂(s)) + σ2
G(s)IN

=


σ2

1(s) 0 0

0
. . . 0

0 0 σ2
N (s)


︸ ︷︷ ︸
within-subject variance

+ σ2
G(s)IN︸ ︷︷ ︸

between-subject variance
, (2.18)

where σ2
i (s) is the within-subject variance for the ith subject.
From this point on, two approaches are frequently used in the fMRI literature.

The first approach assumes that the within-subject variances are equal across indi-
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viduals so that the errors are homoscedastic, meaning that each error term has the
same variance. The second approach relaxes this assumption, allowing the within-
subject variances to differ between individuals. In this case, the variance of the error
terms also differ, meaning that the error terms are hetroscedastic.

2.6.8 Solving the Second-Level GLMwith Homoscedastic Errors
Assuming that the within-subject variance terms are equal, σ2

1(s) = ... = σ2
N (s),

(2.18) reduces to

Cov(ε∗(s)) = (σ2
S(s) + σ2

G(s))IN , (2.19)

where σ2
S(s) is the common within-subject variance. Since this means the errors are

spherical, the group-level effect estimates can be obtained usingOLS as described in
Section2.6.2. For theone-sample t-testwhereX is a columnvectorwith all elements
equal to one, this leads to the parameter estimates

β̂G(s) =
1

N

N∑
i=1

β̂i(s). (2.20)

2.6.9 Solving the Second-Level GLMwith Hetroscedastic Errors
Assuming that the within-subject variance terms are not equal, then the errors are
hetroscedastic and therefore the sphericity assumption required forOLS is violated.
In this case, aweighted least square (WLS) approach is used to solve theGLM instead.
Conceptually, the idea ofWLS is to de-weight themost variable subject-level param-
eter estimates contained in cᵀβ̂(s). In practice, this is done by constructing a weight
matrixW (s) equal to the inverse of the covariancematrix of the observations. In the
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context of the second-level analysis, (2.18) leads to the weight matrix

W (s) =


(σ2

1(s) + σ2
G(s))−1 0 0

0
. . . 0

0 0 (σ2
N (s) + σ2

G(s))−1

 . (2.21)

TheWLS parameter estimates are then computed as

β̂WLS(s) = (XᵀW (s)X)−1XᵀW (s)cᵀβ̂(s), (2.22)

which for the one-sample t-test example reduces to

β̂WLS(s) =

(
N∑
i=1

1

σ2
i (s) + σ2

G(s)

)−1 N∑
j=1

cᵀβ̂j(s)

σ2
j (s) + σ2

G(s)
. (2.23)

In theWLS approach to solving the GLM, the weight matrixW (s) effectively
applies awhitening transformation to thedata. In fact, it canbe advantageous to sim-
plifyWLSby using a similar procedure as described in Section 2.6.3 for prewhitening.
Using the same notation as Section 2.6.3, the error terms in the group-level GLM can
be whitened using the diagonal matrixK(s), whereKii(s) =

√
Wii(s). The updated

model

K(s)cᵀβ̂(s) = K(s)XβG(s) +K(s)ε∗(s) (2.24)

satisfies the sphericity assumption and can therefore be solved using OLS. The pa-
rameter estimates obtained with this method are equivalent to solving the original
model directly withWLS.

In this presentation, we have assumed that the within- and between-subject
variance components are known, when in practice they must be estimated. Usually,
the within-subject variance estimates obtained from the first-level analyses are also
used in the group-level model. There aremany proposedmethods for estimating the
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between-subject variance, several of which use an iterative procedure based onOLS
or residual maximum likelihood estimates. For more, see (Searle et al., 2009; Wool-
rich et al., 2004;Worsley et al., 2000).

2.7 TheMultiple Comparisons Problem
A fundamental issue with the mass-univariate approach for fMRI inference is the
multiple comparisons problem. Because the GLM is applied at each voxel indepen-
dently, across the entire brainmask this means thousands of statistical tests are per-
formed simultaneously. The significance level for each test can be described as the
probability of wrongly determining a ‘discovery’ when the null-hypothesis of no ac-
tivation is in fact true. In statistical terms, this is the probability of making a type I
error. The problem is, while a significance level of 5% may be appropriate for one
test, as more inferences are carried out the probability of an erroneous inference
also increases. To highlight this point, if 100 tests are performed independently, each
with a significance level of 5%, then the probability of at least one false discovery is
99.4%. In the context of fMRI, where a typical brainmask contains over 100,000 vox-
els, this problem is especially severe – if the voxelwise significance level of 5% is not
corrected, we can expect over 5,000 brain voxels to falsely be determined as active
in the thresholded statistical results.

In the task-fMRI literature, two different approaches are commonly used to
correct for the multiple comparisons problem. The false discovery rate (FDR) pro-
cedure corrects the significance level to control the expected proportion of type I
errors across all detected voxels in the thresholded statistical results. For example,
if a 0.05 FDR procedure is applied for subject-level inference on 20 subjects’ data, in
any individual’s thresholded statistic image we expect 5% of activations to be false-
positives. The second approach is to employ a familywise error (FWE) correction,
used to control the expected frequency that any type I errors are made across the
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whole brain. This is a more stringent form of correction – in the 20-subject example,
using a 0.05 FWE procedure we expect only one individual’s thresholded image to
contain any false-positives.

Inmaking a choicebetweenFDRorFWEcorrection there is a trade-off. While
FDR is more statistically powerful than FWE, the drawback is a greater risk of false
activations. This has led to criticismconcerning the spatial specificityofFDR-corrected
results; particularly, since the location of false activations in an FDR-thresholded
map are unknown, it is not possible to say with certainty that any given voxel is ac-
tivated. On the other hand, FWE correction has also come under fire for being too
conservative.

Multiple comparison correction procedures are carried out in fMRI at either
the voxelwise or clusterwise level. Voxelwise inference is intuitive, once a corrected
threshold has been determined via the FDR or FWE procedure, the thresholded sta-
tistical results are computed as all voxels whose t-statistic value exceeds the cor-
rected threshold. Clusterwise inference involves a two-step procedure. First, a pri-
mary voxelwise threshold c is chosen, usually in correspondencewith anuncorrected
significance level such as α = 0.005. Thresholding the statistic map at c creates
groups of contiguous voxels above c, or ‘clusters’. For this reason, c is commonly re-
ferred to as the cluster-forming threshold. Subsequently, a cluster-extent thresh-
old k is determined based on the distribution of cluster sizes obtained under the
null-hypothesis of no activation. The final thresholded results are computed as all
suprathreshold clusters with a spatial extent larger than k.

FDR and FWE correction procedures can be applied for both voxelwise and
clusterwise inference, with the key difference that voxelwise corrections are based
on the sampling distribution of voxel intensities under the null-hypothesis of no sig-
nal while clusterwise corrections use the sampling distribution of cluster size. In the
remainder of this section, we consider two methods for obtaining FWE-corrected
results at the voxelwise level. First, we present how the body of mathematics called
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Random Field Theory (RFT) is used to treat FWE correction with a parametric ap-
proach. Then, we show how FWE correctionmay also be obtained with permutation
methods that make weaker assumptions about the data. While we will not consider
FDRhere, further information canbe found inBenjamini andHochberg (1995)where
the method was originally proposed, or Genovese, Lazar, and Nichols (2002) for a
presentation of FDR in the context of functional neuroimaging.

2.7.1 Random Field Theory for Voxelwise FWECorrection
Voxelwise FWE control is established using an intrinsic relationship linking the prob-
ability of making a false discovery with the distribution of the maximum t-statistic
over the brain. For a threshold c,

P (RejectH0|H0 true) = P
(

max
s∈S

T (s) > c
)
, (2.25)

where T (s) is the t-statistic map given in (2.11) and H0 is the null-hypothesis of no
activation.

The intuition of RFT is that under the global null of no signal anywhere, T (s)

can bemodelled by a stationary continuousGaussian randomfieldZ(s)ofmean zero
and unit variance over the same domain S. Note that this imposes assumptions that
the data are stationary and that the discretely sampled statistic image T (s) is suf-
ficiently smooth enough to be approximated by a continuous random field. It is be-
cause of the latter that spatial smoothing of the datamust be carried out during pre-
processing. Supposing that the model is valid, then the right-hand side of (2.25) is
approximated by P

(
max
s∈S

Z(s) > c
)
. Remarkably, this probability can be obtained

with use of the Euler characteristic (EC), a measure originating from algebraic topol-
ogy that provides information about a shape’s fundamental structure irrespective of
how the shape is distorted or deformed.

For a threshold c, defining the excursion setAc as the set of voxels where the
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random field exceeds c, i.e.Ac =
{
s ∈ S : Z(s) > c

}
, the EC χc can be characterized

as counting thenumber of clusters,minus thenumber of ‘handles’, plus the number of
‘holes’ inAc. If c is chosen large enough then we expect the handles and holes to dis-
appear, so the EC provides an approximation of the number of clusters. This relates
back to the maximum distribution, because ifmax

s∈S
Z(s) > c, then clearly there must

be at least one suprathreshold cluster in the excursion. Putting all this information
together,

P
(

max
s∈S

T (s) > c
)
≈ P

(
max
s∈S

Z(s) > c
)

≈ P
(
χc > 0

)
. (2.26)

Finally, further increasing of the threshold c will result in fewer voxels con-
tained in the excursion set until χc will almost certainly take the value of 1 (if the
excursion set is made up of one suprathreshold cluster) or 0 (if the excursion set is
empty). In this case,

P
(
χc > 0

)
= E

(
χc

)
. (2.27)

In practice, with a parametric approach the FWE-corrected p-value is always
approximated using the expectation of the EC.WhenS ⊂ R3, e.g. S is the brainmask
in a neuroimaging application, the expected EC has the closed-form solution

E
(
χc

)
≈ λ(S)|Λ|

1
2 (c2 − 1) exp (−c2/2)/(2π)2, (2.28)

where λ(S) is the Lebesguemeasure (i.e. the volume) of the brain mask and |Λ| is the
determinant of the covariancematrix of the gradient ofZ(s),

|Λ| =

∣∣∣∣∣Cov

([
∂

∂x
Z(s),

∂

∂y
Z(s),

∂

∂z
Z(s)

])∣∣∣∣∣. (2.29)
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Essentially, |Λ| provides a measure of the smoothness of the random fieldZ(s); for a
less smooth processZ(s), the determinant is larger.

2.7.2 Permutation Testing for Voxelwise FWECorrection
In the previous section, we showed that the crux of estimating the FWE-corrected
p-value is to approximate the maximum distribution of T (s). We demonstrated how
this was carried out with a parametric approach by assuming that under the global
null, T (s) can bemodelled by aGaussian randomfield. However, this imposed strong
assumptions on the data which in practice are seldom fulfilled. In particular, it has
been shown that RFT estimates of the FWE p-value are conservative unless the data
are extremely smooth with high degrees of freedom. To remediate these problems,
nonparametric methods have been proposed as an alternative.

The principle idea of permutation testing for FWE correction is that if the
global null-hypothesis is true, i.e. there is really no signal anywhere, then the labels
of each observation are arbitrary and the data is exchangeable. Therefore, themaxi-
mumdistribution ofT (s) under the global null can be constructed empirically by cre-
ating a large number of surrogate realizations of the data, where on each realization
the data labels are permuted randomly and themaximum value is obtained from the
corresponding statistic map.

In the first-level analysis model described in Section 2.6.6, where the obser-
vations are fMRI time series data from one individual, permutation testing is usually
inappropriate; due to temporal correlation in the data, the exchangeability assump-
tion is violated. However, permutation testing is viable for the group-level model in
Section 2.6.7, where the observations are first-level contrast of parameter estimates
(cope) maps cᵀβ̂1(s), ..., cᵀβ̂N (s) obtained from each individual in the cohort.

In a two-sample t-test where cope maps are obtained from two groups, e.g.
a group of patients and a group of controls, permutation testing is conducted by ex-
changing the labels between the groups. For a one-sample t-test, where there are no

41



group labels to swap, the principle of exchangability is replaced by an assumption of
symmetry; if the null-hypothesisH0 : cᵀβ(s) = 0 is true, then it should not matter if
a change of sign is applied to all readings in any individual contrast image. In this case,
a permutation test is carried out where each surrogate realization is established by
randomly multiplying each individual contrast image cᵀβ̂i(s) by 1 or -1. Clearly, the
assumption of symmetry for the noise distribution is much weaker than Gaussianity
required for RFTwith the parametric approach.

In full, the voxelwise FWE-corrected p-value for a second-level one-sample
t-test is obtained via permutation test using the following algorithm:

1. LetP be a large number of permutations thatwill be carried out for the permu-
tation test. A largerP will provide amore precise approximation of the empiri-
cal null distribution, commonly P = 10, 000 is used.

2. Create surrogateobservationsof thedatacᵀβ̂∗1(s), ..., cᵀβ̂∗N (s), whereeachcᵀβ̂∗j (s)

is obtainedbymultiplyingcᵀβ̂j(s) randomlybyeither1or -1. Specifically, cᵀβ̂∗j (s) =

rjc
ᵀβ̂j(s), where the rj are independent and identically distributedRademacher

variables (that is, rj = 1 or−1, each with probability 1/2).

3. Obtain the group-level statisticmapT ∗(s) for the surrogate data, and compute
themaximum statistic value across the image t∗ = maxs∈ST

∗(s).

4. Repeat steps 2 and 3P times to create an empirical distribution t∗1, ..., t∗P of the
maximum statistic.

5. Assuming that t∗1, ..., t∗P are ordered from smallest to largest (otherwise, rear-
range the labelling so this is true), for a desired FWE rate of α, choose c =

t∗d(1−α)P e, where d(1− α)P e is the smallest integer greater than (1− α)P .

6. With this construction, it can be shown that c is the corrected p-value for a vox-
elwise FWE rate of α.
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2.8 Conclusion
In this section, we provided the background that will form the basis of our research.
We startedwith a general discussion ofwhat itmeans to study brain function, before
providing an overview of the biological phenomena behind the BOLD effect mea-
sured in a functionalMRI study. In the rest of this sectionwegavean in-depthoverview
of task fMRI, whichwill be themain field of investigation in this thesis. We described
the fundamental preprocessing steps carried out in a t-fMRI analysis, as well as the
most commonmethods used tomodel subject- and group-level fMRI data within the
general linearmodel. Finally, we described themultiple comparison problem for task
fMRI inference, and thendemonstratedhowaparametic andnonparametric approach
canbeused to control the voxelwise familywise error rate in the thresholded statistic
result maps computed at the end of a t-fMRI analysis.
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CHAPTER3
Exploring the Impact of Analysis Software on Task-fMRI Results

Functional magnetic resonance imaging (fMRI) for human brain mapping has given
researchers remarkable power to probe the underpinnings of human cognition, be-
haviour, and emotion. As the field has evolved over the last 25 years, so to have
the number of tools and techniques available to researchers, expanding our poten-
tial to gain insight into how the human brain works. However, this plurality of anal-
ysis methods has also lead to its own complications. The problem is, with numer-
ous valid methodological strategies for analyzing a dataset, this also increases the
chance of yielding distorted results with inflated levels of false activations (Hong
et al., 2019; Ioannidis, 2005;Wager et al., 2009). Combined with selective reporting
issues such as publication bias, where there has been evidence to suggest that stud-
ieswith significant findings are disproportionately represented in the fMRI literature
(David et al., 2013; Ioannidis et al., 2014), these conditions have created the perfect
storm. In recent years,manyattempts to replicate the results of published fMRI stud-
ies have been unsuccessful, in what has been deemed an ongoing reproducibility cri-
sis within the field (Poldrack et al., 2017; Gorgolewski and Poldrack, 2016; Open Sci-
ence Collaboration, 2015).

Thechoiceof procedures, operating system, and softwareversion implemented
to conduct an analysis have all been shown to induce variability in the final research
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results of an investigation. In a study examining the use of FreeSurfer tomeasure the
cortical thickness and volumeof structural brain images (Gronenschild et al., 2012), a
change in software versionwas shown to have led to increases of over 10% in the ob-
served anatomical measurement; a switch in workstation from which the software
was run also manifested significant deviations in the final result. In related work
(Glatard et al., 2015), changes in operating system led to differences in the results
of an independent component analysis of resting state fMRI data carried out using
FSL. Here, disparities in both the number of components determined aswell as infor-
mation betweenmatched componentswere foundwhen the analysis was conducted
on two separate computing clusters.

In Chapter 1, we referenced a handful of studies where different choices in
individual analysis procedures were found to influence the final activation maps for
a task-fMRI investigation. However, in each of these studies the software package
through which the analyses were carried out remained fixed. This is despite the fact
that a variety of analysis packages are used throughout the fMRI literature, themost
popularofwhichareAFNI (RRID:SCR_005927; (Cox, 1996)), FSL (RRID:SCR_002823;
(Jenkinson et al., 2012)), and SPM (RRID:SCR_007037; (Penny et al., 2011)). While
SPM is the oldest, FSL has grown in popularity and together the three packages have
beenestimated toaccount for80%ofpublished functional neuroimaging results (Carp,
2012b). Although there are differences in how each software package models and
processes data, the analysis framework for task-fMRI – now amature research area
– is expected to be similar across software, and hence the results each package yields
should be comparable. We therefore seek to answer the question: Howmuch of the
variability in neuroimaging results is attributable to the choice of analysis software
package?

In this chapter we reanalyze data from three published neuroimaging studies
using each of the three main software packages and quantify differences in the re-
sults. We choose three publicationswith data that have beenmade publicly available
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on theOpenfMRI database (RRID:SCR_005031, http://openfmri.org; (Poldrack et al.,
2013)), recently relaunched as OpenNeuro (http://openneuro.org), and attempt to
recreate the main figure from each publication by replicating the original analysis
within each package. These particular studies were selected on the basis that they
reported clearly defined regions of brain activation and utilized analysis procedures
feasible across the three softwarepackages. We thenmakeanumberof comparisons
to assess the similarity of our results. While a similar study from our group explored
the results producedbyeachof thesepackages after implementing analysis pipelines
using the default settings in each software (Pauli et al., 2016), here we attempt to
make the analysis pipelines as similar as possible while still maintaining comparabil-
ity across the three packages. While our primary focus is comparing standard results
across software, we also aim to address recent concerns about the multiple-testing-
corrected parametric inferences that each of these studies used (Eklund et al., 2016).
For each study, we conduct equivalent inference procedures (when possible) using
nonparametric statisticswithin eachpackage, and thenmake intra-software compar-
isons between the parametric and nonparametric results.

All aspects of this work were carried out under the supervision and mentor-
ship of Prof. Thomas Nichols and Dr. Camille Maumet. Dr. Maumet made additional
contributions to the data analysis code and the Python Jupyter Notebooks used to
create the figures for this work.
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3.1 Data and AnalysisMethods
3.1.1 Study Description andData Source
Weselected three t-fMRI studies for reanalysis fromthepublicly accessibleOpenfMRI
data repository: ds000001 (Revision: 2.0.4; (Schonberg et al., 2012)), ds000109 (Re-
vision2.0.2; (Moranet al., 2012)), andds000120 (Revision1.0.0; (Padmanabhanet al.,
2011)). Each of the datasets had been organized in compliance with the Brain Imag-
ingDataStructure (BIDS,RRID:SCR_016124; (Gorgolewski et al., 2016)). Thesedatasets
were chosen following an extensive selection procedure (carried out between May
2016 and November 2016), whereby we vetted the associated publication for each
dataset stored in the repository. Wesought tofindstudieswith simple analysis pipelines
and clearly reported regions of brain activation that would be easily comparable to
our own results. Exclusion criteria included the use of custom software, activations
defined using small volume correction, and application of more intricate methods
such as region of interest and robust regression analysis, which we believed could
be impractical to implement across all analysis software. A full description of the
paradigm for each of our chosen studies is included in the respective publication,
here we give a brief overview.

For the ds000001 study, 16 healthy adult subjects participated in a balloon
analog risk task over three scanning sessions. On each trial, subjects were presented
with a simulated balloon, and offered amonetary reward to ‘pump’ the balloon. With
each successive pump the money would accumulate, and at each stage of the trial
subjects had a choice of whether theywished to pump again or cash-out. After a cer-
tain number of pumps, which varied between trials, the balloon exploded. If subjects
had cashed-out before this point they were rewarded with all the money they had
earned during the trial, however if the balloon exploded all money accumulated was
lost. Three different coloured ‘reward’ balloons were used between trials, each hav-
ing a different explosion probability, as well as a grey ‘control’ balloon, which had no
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monetary value andwould disappear from the screen after a predetermined number
of pumps. Here we reproduce the result contrasting the parametrically modulated
activationsof pumpsof the rewardballoons versus pumpsof the control balloon, cor-
responding to Figure 3 and Table 2 in the original paper.

The ds000109 study investigated the ability of people from different age-
groups tounderstand themental state of others. A total of 48 subjectswere scanned,
although 43 had acceptable data for the false belief task: 29 younger adults and 14
older adults. In this task participants listened to either a ‘false belief’ or ‘false photo’
story. A false belief story would entail an object being moved from one place to an-
other, with certain characters witnessing the change in location while others were
unaware. False photo stories were similar except that they involved some physical
representation of the missing object, such as a photo of an object in a location from
which it had been subsequently removed. The task had a block design where stories
were represented for ten seconds, after which participants had to answer a question
about one of the characters’ perceptions of the location of the object. We reproduce
the contrastmap of false belief versus false photo activations for the younger adults,
corresponding to Figure 5a and Table 3 from the original publication.

Finally, the ds000120 study explored reward processing across different age
groups. fMRI results were reported on 30 subjects, with 10 participants belonging
to each of the three age groups (children, adolescents and adults). Participants took
part in an antisaccade task where a visual stimulus was presented in each trial and
subjects were instructed to quickly fixate their gaze on the side of the screen oppo-
site to the stimulus. Prior to a trial, subjectswere given a visual cue to signal whether
or not they had the potential towin amonetary reward based on their upcoming per-
formance (a ‘reward’ or ‘neutral’ trial). We reproduce the main effect of time activa-
tion map, an F -statistic for any non-zero coefficients in the sine HRF basis, corre-
sponding to Figure 3 and Table 1 in the original publication.
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3.1.2 Data Analyses
All data analyses were conducted using AFNI (version AFNI_18.1.09), FSL (version
5.0.10), and SPM (version SPM12, v6906). Computation was performed on a cluster
comprised of 12 Dell PowerEdge servers (6 R410, 12 core 2.40GHz processors, 6
R420, 12 core 2.80GHz processors) running CentOS 7.3.

Pipeline
Afull decompositionof thepipelines implementedwithin the threepackages for each
study is presented in Table 3.1. Here, we give a brief description of the procedures.

In AFNI, preprocessing and subject-level analyses were conducted using the
@SSwarper program and afni_proc.py. For ds000001 and ds000109, we used the
3dMEMA program to perform a one-sample t-test, while for ds000120 we used the
3dMVMprogram at the second level to conduct amixed-effects analysis, generating
an F -statistic for themain effect of time.

In FSL, analyses were carried out using the FMRI Expert Analysis Tool (FEAT,
v6.00). For each analysis, at the first level a separate .fsf file was created for each
scanning session. Runs were then combined as part of a second-level fixed-effects
model, yielding results which were subsequently inputted into a group analysis.

In SPM, preprocessing, subject- and group-level analyses were conducted by
selecting the relevantmoduleswithin SPM’s Batch Editor. In particular, subject-level
andgroup-level analyseswere conductedusing theSpecify1st-level andSpecify2nd-
level modules respectively.

Once analyses were complete, the results for each software package were
exported as NIDM-Results packs (FSL and SPM only, (Maumet et al., 2016)) and up-
loaded toapublic collectionon theNeuroVault onlinedata repository (RRID:SCR_003806,
(Gorgolewski et al., 2015)).
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50
Table 3.1: Software Processing Steps. Implementation of each of the processing steps
(ds000001, ds000109, ds000120) within AFNI, FSL and SPM.

Processing Step AFNI FSL SPM
Preprocessing Script @SSWarper2

afni_proc.py
FEAT First-level
analysis

Batch (multiple
modules)

Slice-timing1 -tshift_opts_ts
-tpattern

Pre-stats: Slice timing
correction Slice Timing

Realignment/Motion
Correction -volreg_align_e2a Pre-stats: Motion

correction: MCFLIRT
Realign: Estimate and
Reslice

Segmentation Not applied Not applied Segment

Brain Extraction
(Anatomical)

-copy_anat
[@SSWarper result]
-anat_has_skull no

bet (command line) Image Calculator3

Brain Extraction
(Functional) Not applied Pre-stats: BET brain

extraction Not applied

Intrasubject
Coregistration

-align_opts_aea
-giant_move
-check_flip

Registration: Normal
search, BBR Coregister: Estimate

Intersubject
Registration

-tlrc_base
-volreg_tlrc_warp
-tlrc_NL_warp
-tlrc_NL_warped _dsets
[@SSWarper result]

Registration:
Nonlinear,Warp
resolution 10mm

Normalise: Write

Analysis Voxel Size
-volreg_warp_dxyz
(overriding default
determined from
functional images)

determined by
anatomical template
voxel sizes

Normalise: Write:
Writing Options: Voxel
Sizes

Smoothing -blur_size
Pre-stats: Spatial
smoothing FWHM
(mm)

Smooth

First-level Script afni_proc.py FEAT First-level
analysis Specify 1st-level

Model Specification
-regress_stim_times
-regress_stim_labels
-regress_basis_multi
-regress_stim_types

Stats: Full model setup:
EVs

fMRImodel
specification



51Table 3.1 (continued)
Processing Step AFNI FSL SPM

Inclusion of 6Motion
Parameters

Implicitly added with
‘regress’ block

Stats: StandardMotion
Parameters

fMRImodel
specification: Data &
Design: Multiple
regressors:
Realignment Param file

Model Estimation Nothing to specify Nothing to specify Model estimation

Contrasts
-regress_3dD_stop
-regress_reml_exec
-regress_opts_3dD
-gltsym

Stats: Full model setup:
Contrasts ContrastManager

Second-level Script 3dMEMA
3dMVM1

Feat Higher-level
analysis Specify 2nd-level

Model Specification

3dMEMA
-set
-missing_data 0
3dMVM1

-dataTable

Stats: Full model setup:
EVs

Factorial design
Specification:
One-sample T-test
Full factorial

Model Estimation Nothing to specify Nothing to specify Model estimation

Contrasts Nothing to specify Stats: Full model setup:
Contrasts ContrastManager

Second-level
Inference

3dMask_Tool (Obtain
group-mask)
3dClustSim
3dClust
3dCalc (Binarizing
cluster masks and
masking t-stat)
3dTcat (Obtaining one
image in a 4D volume)

Post-stats Results Report

Results
sharing

NIDM-Results export Not available nidmfsl Results Report

NeuroVault upload Upload all statistic
images

Upload of
‘group.gfeat.nidm.zip’

Upload of
‘spm_****.nidm.zip’

1 ds000120 only.
2 The@SSWarper programwas run on each subject prior to afni_proc.py for brain extraction of the anatomi-
cal image, and to apply the nonlinear warp of the anatomy toMNI space.
3 Image calculator was used to create the brain mask from grey matter, white matter and CSF images; see
text.



Common Processing Steps
A number of processing steps for each package were included in all of our analyses,
regardless of whether they had been implemented in the original study. While this
meant deviating from an exact replication of the original pipeline, these processing
steps were either fundamental to ensure that the results from each software pack-
age could be compared objectively, or steps that are widely accepted as best prac-
tices within the community. In this section we describe these steps.

Successful coregistrationof the functional data to the structural brain images,
and subsequently, registration to the MNI template, was of paramount importance
to us for fair comparability of the results. During our first attempt at analyzing the
ds000001datasetwe discovered that seven subjects had essential orientation infor-
mation missing from the NIfTI header fields of their functional and structural data.
As the source DICOM files were no longer available, the original position matrices
for this dataset were unable to be retrieved. This caused coregistration to fail for
several subjects across all three software packages in our initial analysis of this data.
We rectified the issue bymanually setting the origins of the functional and structural
data. OpenfMRI released a revision (Revision: 2.0.4) of our amended dataset which
we used for the analysis. Further to this, we also set a number of common prepro-
cessing steps within each package to be applied in all of our analyses.

Firstly, brain extractionwas conductedon the structural image in all software.
We did this to improve registration and segmentation. In AFNI, brain extraction was
carried out using 3dskullstrip. This was called implicitly from within the @SSwarper
program. The skull-stripped anatomical volume obtained here was inputted into our
afni_proc.py scripts where further preprocessing and first-level analyses were car-
riedout. In FSL, brain extractionwasperformedonboth the functional and structural
data. The Brain Extraction Tool (BET; (Smith, 2002)) was applied to each structural
image from the command line before preprocessing, and to the functional data with
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theBEToptionwithin thePre-statsmodule of FEAT. In SPM, brain extractionwas im-
plemented via the segmented structural images. Grey matter, white matter and CSF
images were summed and binarised at 0.5 to create a brain mask, which was applied
to the bias corrected structural image using the Image Calculator module.

Coregistration of the functional data to the anatomy was carried out for the
most part using the default settings in each software. In AFNI, alignment of the data
was conducted using the align_epi_anat.py program called implicitly from the align
blockwithin theafni_proc.py scripts. We included the -volreg_align_e2aoptionwithin
our scripts to specify alignment of the functional data onto the anatomy, as by de-
fault AFNI conducts the inverse transformation of anatomy onto functional. Fur-
ther to this, we also added the -align_opts_aea program to all of our scripts with the
-giant_move and -check_flip options to allow for larger transformations between the
images. In FSL, coregistration was carried out within FEAT using the default linear
registration methods with a boundary-based registration (BBR) cost function. The
default methods were also applied within SPM’s Coregister: Estimate module, using
a normalisedmutual information cost function.

Registration of the structural and functional data to the anatomical template
was executed using each package’s nonlinear settings. In AFNI, nonlinear registra-
tion of the anatomical data to the MNI template was conducted as part of the @SS-
warper program run prior to the afni_proc.py script. The transformations computed
by @SSwarper were passed to afni_proc.py using the -tlrc_NL_warped_dsets option,
and applied to the functional data within the tlrc block using the -volreg_tlrc_warp
option. By default, the resampled functional data in MNI space has voxel size deter-
mined fromthe raw4Ddata;we forced2mmcubic voxelswith the -volreg_warp_dxyz
option for compatibility with FSL and SPM’s 2mm default. In FSL, registration to
the MNI template was conducted using FMRIB’s Nonlinear Image Registration Tool
(FNIRT; (Andersson et al., 2007)), controlling the degrees of freedom of the transfor-
mation with a warp resolution of 10mm. In SPM, the nonlinear deformations toMNI
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space were obtained as part of the Segment module and then applied to the struc-
tural and functional data within the Normalise: Write module.

As a form of quality control, we created mean and standard deviation im-
ages of the subject-level MNI-transformed anatomical and mean functional images.
Alongside the subject-level data, these images were assessed to check that registra-
tion to MNI space had been successful. When intersubject registration failed reme-
dial steps were taken within each software; these are described in the software im-
plementation parts of the following study-specific analysis sections.

Across all software packages sixmotion regressorswere included in the anal-
ysis designmatrix to regress outmotion-related fluctuations in theBOLD signal. Use
of six or more derived motion regressors is commonly recommended as good prac-
tice, andwechose touse just six regressors as this couldbeeasily implementedacross
software.

Finally, we note that each software package uses a different default connec-
tivity criterion fordetermining significant clusters: 6-connectivity forAFNI, 18-connectivity
for SPM, and 28-connectivity for FSL. Since these settings are not typically modified
wehave kept these defaults in all of our analyses to reflect standard practices carried
out within each software.

We now describe the task-specific analysis procedures for each of the three
studies as carried out in the original publications, and how these methods were im-
plemented within each package. While we decided to keep the above steps of the
analysis pipelines fixed, for all remaining procedures we attempted to remain true to
the original study. Any further deviations necessitated are discussed in the software
implementation sections. Notably, apart from the addition of six motion regressors,
all of our common steps relate to preprocessing. Therefore, for first- and group-level
analysis we attempt to exactly replicate the original study.
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ds000001Analyses
In the publication associated with the ds000001 study all preprocessing and analy-
sis was conducted within FSL (version 4.1.6). Data on all 16 subjects were available
to us on OpenfMRI. In the original preprocessing, the first two volumes of the func-
tional datawerediscarded and thehighpass-filterwas set to a sigmaof 50.0s. Motion
correctionwas conducted usingMCFLIRT andbrain extraction of the functional data
was applied with BET, after which FSL’s standard three-step registration procedure
was carried out to align the functional images to the structural scan. Spatial normal-
izationwas implementedwith FMRIB’s Linear Image Registration Tool (FLIRT; (Jenk-
inson et al., 2002)), and data were smoothed using a 5mm full-width-half-maximum
(FWHM) Gaussian kernel. At the run level, each of the events were convolved using
a canonical double-gamma HRF; FEAT’s (then newly available) outlier de-weighting
was used. Subject-level analysis of the functional data were conducted using a GLM
within FEAT, where a selection of the regressors were orthogonalized. The three
scanning sessions for each participant were carried out separately and then com-
bined together at the second level. A pair of one-sided t-tests were conducted at the
group-level to test for positive and negative effects separately. For each test, clus-
terwise inference was performed using an uncorrected cluster-forming threshold of
p < 0.01, FWE-corrected clusterwise threshold of p < 0.05 using Gaussian Random
Field Theory.

Weopted tonotuseoutlier de-weightingon thebasis that suchmethodswere
impractical to implement across all software packages.

AFNI Implementation
Using our default procedure for the AFNI analysis, we found that coregistration of
the functional scans onto the anatomy failed for four subjects. To remedy this issue,
for this study we modified our afni_proc.py scripts: within the -align_opts_aea mod-
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ule, the ‘-ginormous move’ option was added to align the centres of the functional
and anatomical volumes, and the ‘-cost lpc+ZZ’ option was used to apply a weighted
combination of cost functionals. Both of these changes are recommended for data
with little structural detail. Following these modifications all coregistrations were
successful.

To replicate the orthogonalization methods from the original study, a sepa-
rateorthogonalization scriptwas run for each subject prior to thefirst-level analyses.
Within this script, the (un-orthogonalized) regressorswere generated by passing the
event timing files to 3dDeconvolve, after which the 3dTproject command was used
to obtain the desired projections. The orthogonalized regressor files outputted from
this script were then entered into afni_proc.py to replicate the original subject-level
analysis model.

Trials were convolved with a single gamma HRF using either the BLOCK or
dmBLOCK option within the -regress_basis_multi module, determined by whether
theeventfilehadfixedorvariableduration times respectively. The -regress_stim_types
optionwas added toour afni_proc.py script to specify event files for regressorswhich
hadbeenparametricallymodulated in theoriginal study, and identify theorthogonal-
ized regressors.

At the group level, we performed a mixed-effects analysis using 3dMEMA.
The critical cluster size threshold was determined by Monte Carlo simulation with
the 3dClustSim program.

FSL Implementation
Implementation in FSL closely followed the original procedure described above, with
the exception that nonlinear registrationwas used to transform the data to standard
space.
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SPM Implementation
Implementation in SPM closely followed the pipeline outlined in Table 3.1.

ds000109Analyses
The original preprocessing and statistical analysis for the ds000109 study was car-
ried out using SPM8. Data were shared on 36 of the 40 subjects, 21 of which were
young adults that had fMRI data compatible for our reanalysis. First, functional data
were realigned and unwarped to correct for head motion and geometric distortions.
After transforming the data into a standardized space, the normalized data were
smoothed with an 8mm FWHM Gaussian kernel. Further to this, custom software
was applied to exclude functional volumes where head motion had exceeded a cer-
tain limit, however this processwas omitted fromour pipelines since this featurewas
not available in any of the software packages. The preprocessed data were entered
into a GLM for first-level analyses where trials were modeled using a block design
and convolved using SPM’s canonical HRF. Each participant’s contrast images were
then entered into a one-sample group analysis using clusterwise inference, cluster-
forming threshold of p < 0.005, FWE-corrected clusterwise threshold of p < 0.05

using Random Field Theory; in their analysis, this amounted to a critical cluster size
threshold of 56 voxels.

AFNI Implementation
Intersubject registration to the MNI atlas failed for one subject, causing a loss of
the functional lobe in this subject’s registered functional map. We addressed this
by revising this study’s AFNI pipeline to use the -pad_base 60 option within the -
tlrc_opts_atmodule included in afni_proc.py. This gaveextra padding to theMNI tem-
plate so that no part of the functional imagewas lost during the alignment.

The HRF was modelled with SPM’s canonical HRF using the SPMG1 option
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for each eventwithin the -regress_basis_multi option and passing the duration of the
regressor as an argument to the function.

At the group level, we performed a mixed-effects analysis using 3dMEMA. p-
values were determined byMonte Carlo simulation within 3dClustSim.

FSL Implementation
To recreate the original HRF model in FSL, we chose the Double-Gamma HRF from
the convolution options within FEAT.

SPM Implementation
Implementation in SPM closely followed the original procedure described above.

ds000120Analyses
A multi-software analysis procedure was used for the ds000120 study, where data
were preprocessed with FSL and then analyzed using AFNI. fMRI data were shared
on OpenfMRI for 26 of the original 30 subjects, and 17 had data available for the
task of interest. This was the only study that applied slice-timing correction, adjust-
ing the functional data for an interleaved slice acquisition. Functional scans were
realigned to the middle volume, and following brain extraction with BET, registered
to the structural scan in Talairach space using FLIRT and FNIRT. Data were high-pass
filtered with a sigma value of 30.0s and smoothed with a 5mm FWHMGaussian ker-
nel. Like the previous study, further methods were used to remove functional vol-
umes with excessive motion. These methods were left out from our analyses due to
discordance across software. Subject-level analyses were conducted within AFNI.
To allow for flexible modelling of the response to the saccade task, this study used
an HRF basis consisting of eight sine functions with a post-stimulus window length
of 24.0s. At the group level, subjects were entered into a mixed-effect model, with
subjects as a random factor, trial type (reward, neutral) and time aswithin-group fac-
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tors, and age group (child, adolescent, adult) as a between-group factor. Clusterwise
inference was used on the main effect of time activation map (F8,142 statistic), with
a cluster-forming threshold of p < 0.001, FWE-corrected clusterwise threshold of
p < 0.05 using Monte Carlo simulation methods. The computed critical cluster size
threshold was 23 voxels.

For our replication exercise we only consider the main effect of time. This
analysis is based on the corresponding time effect contrasts for each subject and re-
quires a simpler model, with one random effect (subject) and one fixed effect (time).

AFNI Implementation
Slice timingwas conductedusing the -tshift_opts_ts programwithin afni_proc.pywith
the -tpattern option applied to specify an interleaved slice acquisition.

The sinebasis set used for theHRFwasmodelledusing the -regress_basis_multi
module with the SIN option.

At the group level, a mixed-effect analysis was carried out with the 3dMVM
program. Following this, 3dClustSim was used to obtain the cluster extent corre-
sponding to the original study threshold. In our analysis we found the cluster size
threshold to be 48 voxels.

FSL Implementation
The repeated-measures design used in the group-level analysis of the original study
wasnot feasible to implement for parametric inference inFSL, andas such,wedidnot
attempt anFSL reanalysis for this study. (TheFEATmanual doesdescribes “Repeated
Measure” examples, but these are based on a restrictive assumption of compound
symmetry; here this would entail assuming that all 8*7/2=28 correlations among the
basis regression coefficients were equal.)
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SPM Implementation
Slice timing was conducted using the Slice Timing module within the Batch Editor of
SPM.

Although an exact equivalent of the original HRF model was not possible in
SPM, we chose the closest equivalent using the Fourier basis set with an order of
4, leading to a total of 9 basis functions fit to each of the reward and neutral condi-
tions for each of the three runs. A set of 9 first level contrasts computed the average
Fourier coefficients over conditions and runs.

To reproduce the group-level analysis in SPM, a full factorial design was cho-
sen within the ‘Factorial design specification’ module of the Batch Editor with a time
factor (9 levels), and adding age-group to themodel using two covariates (adolescent
vs child, adult vs child); themain effect of timewas tested with anF -contrast.

3.1.3 ComparisonMethods
We applied three separate quantitative methods to measure the similarity between
the group results obtained within each software package for each of the three stud-
ies.

Firstly, Bland-Altmanplots comparing theunthresholdedgroup statisticmaps
were created for each pairwise combination of software packages. These plotted the
difference between the statistic values (y-axis) against the mean statistic value (x-
axis) for all voxels lying inside the intersection of the two software’s analysis masks.
The plots provide an assessment of the level of agreement between two software
packages about the magnitude of the statistic value observed at each voxel. If two
software packages were in perfect agreement, all points on the bland-altman plot
would lie on thex-axis, since thedifference between the statistic values at each voxel
would be zero. The degree of disagreement is therefore evaluated by the perpendic-
ular distance of points from the x-axis; for example, for an “AFNI-FSL” Bland-Altman
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plot, points lie above the x-axis for locations where AFNI’s statistic value is larger
than FSL’s. With the difference plotted against the average, general patterns of dis-
agreement can be discerned.

In addition to this, we created Bland-Altman plots to compare percentage
BOLD change maps (for ds000120, partial R2 maps) between software. For each
package, an appropriate normalization of the group-level beta maps was conducted
to convert to percentage BOLD change units. Due to differences in how each pack-
age scales thedata, a different normalizationwas required for eachof the threepack-
ages. For ds000120, the partialR2 maps were computed via a transformation of the
group-level F -statistic images. We provide full details on how each of these proce-
dures were carried out in the appendix (Appendix A.1 for percent BOLD change, Ap-
pendix A.2 for partialR2). In all of our Bland-Altman comparisons, we excludedwhite
matter and cerebral spinal fluid voxels according to theMNI tissue probability maps
thresholded at 0.5.

We also computed the Dice similarity coefficient for each pairwise combina-
tion of the group-level thresholded statisticmaps. The coefficient is calculated as the
cardinality of the intersection of the thresholdedmaps divided by the average of the
cardinality of each thresholdedmap. While Bland-Altman is interested in the similar-
ity between statistic values, Dicemeasures the overlap of voxels as ameans to assess
the spatial similarity of activated clusters. The coefficient takes a value between zero
and one, where one indicates complete congruence between the size and location of
clusters in both thresholded maps, while zero indicates no agreement. Dice coeffi-
cients were computed over the intersection of the pair of analysis masks, to assess
only regions where activation could occur in both packages. We also calculated the
percentageof ‘spill over’ activation, i.e. the percentageof activation in one software’s
thresholded statisticmap that fell outside of the analysismask of the other software.

Aparticular concernwehadwas that apair of statistic images could inessence
be very similar, but differ by a scale factor over all voxels. Another possibility was
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that one software could have greater sensitivity for voxels where signal was present,
causing differences between images only for relatively higher statistical values. Both
of these features would not be identifiable using our previous comparison methods.
To address this, we computed theEuler characteristic (EC) for each software’s group-
level t-statistic map (F -statistic for ds000120), thresholded using t-values between
-6 to 6 (0 to 6 for ds000120; increasing with an increment of 0.2). Alongside the
EC, we also computed the number of clusters in the statistic images using the same
thresholds. As discussed in Section 2.7.1, for a given threshold t, the EC calculates
the number of clusters, minus the numbers of ‘handles’, plus the number of ‘holes’
in a thresholded image. For large t, we expect the handles and holes to disappear,
and therefore the EC provides an approximation of the number of clusters in the im-
age. For smaller t, we expect our thresholded image to be one connected clusterwith
many holes and handles (like Swiss cheese) – it is in this situation where the EC is
clearly more informative about differences between images than the cluster count
alone. Over all t, the EC curve provides a signature of an entire statistic image, and
provides ameans to assesswhether only superficial scaling differences are responsi-
ble for disparities between a pair of images.

For a qualitative assessment of whether similar activation patterns were dis-
playedbetweenpackages, aNeuroSynth (RRID:SCR_006798, http://neurosynth.org)
association analysis was conducted on each software’s unthresholded statistic map.
These analyses performed a cognitive decoding of the unthresholded statistic image
with images in the NeuroSynth database, to find the words or phrases most strongly
associated with the activation patterns found in the statistic map.

Finally,wevisually compared thecorresponding slicesof each software’s thresh-
olded statistic map to those presented in the publication figure we had attempted to
recreate. Ensuring we had found activation in approximately the same regions as
the original publication gave us an indication that we had successfully replicated the
study’s analysis pipeline.
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3.1.4 Permutation TestMethods
For ds000001 and ds000109, in parallel to our replication analyses we computed
an additional set of group-level results applying nonparametric permutation test in-
ference procedures available within each software package (a one-sample repeated
measures permutation test needed for ds000120 was not available in AFNI). The
first-level contrast maps obtained from our initial replications for each subject were
entered into a group-level one-sample t-test where clusterwise inference was con-
ducted using the same cluster-forming thresholds, and then 5% level FWE corrected
thresholds were computed by permutationmethods, with 10,000 permutations.

AFNI Implementation
In AFNI, permutation inferencewas carried out using the 3dttest++modulewith the
-ClustSim option. By applying this option, permutations generated multiple realiza-
tions of noise which 3dClustSim used to generate cluster-threshold tables. Signif-
icant clusters in the group-activation map were found with 3dclust, using a critical
cluster size threshold extracted from the 3dClustSim output.

FSL Implementation
Permutation test inferencewas conducted inFSLusing randomise (version2.9; (Win-
kler et al., 2016)). This outputted a ‘corrp’ imagewhichwas thenused tomask the raw
t-statistic image to show significant voxels for the appropriate thresholds.

SPM Implementation
TheStatistical nonParametricMapping (SnPM,versionSnPM13;RRID:SCR_002092;
(Nichols andHolmes, 2002)) toolboxwas used to carry out permutation tests in SPM.
The “MultiSub: One Sample T test on diffs/contrasts”, Compute and Inference mod-
ules within SnPMwere applied to obtain the final group-level activationmaps.
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Each of the comparison methods described in the previous section were also
applied to our permutation results to assess cross-software differences for nonpara-
metric inferencemethods. In addition,wealsogenerated intra-softwareBland-Altman
plots and Dice coefficients to understand differences between the parametric and
nonparametric methods applied within each package.

Thesemethodswere excluded for ds000120, since it was not possible to con-
duct permutation inference for anF -test within AFNI, and parametric inferencewas
unfeasible in FSL as discussed in the previous section.

3.1.5 Scripting of Analyses and Figures
AFNI and FSL scripts were written in Python 2.7.14 and SPM scripts were written in
Matlab R2016b. Scripts were made generalizable, such that the only study-specific
differences for each of the analyses in a software package were the raw data and
working directory inputs, the subject- and group-level analysis templates (as well as
a run-level template for FSL), and a unique conditions structure necessary for cre-
ating the onset files for the specified study. For each analysis package, a script was
written to extract the stimulus timings from the raw data to create event files that
were compatible within the software. Subject-level analysis templates were batch
scripts created for each study containing all processing steps of the subject analy-
sis pipeline for the respective software, with holding variables used where subject-
or run-specific inputs were required. The main script would take the template as an
input and, cycling through each of the subjects, replace the holding variables with
appropriate pathnames to create distinct batch scripts for each participant. These
were then executed to obtain subject-level results for all participants in the study.

A Python Jupyter Notebook (Kluyver et al., 2016) was created for each of the
three studies. Each notebook harvests our results data fromNeuroVault and applies
the variety of methods discussed in the previous section using NiBabel 2.2.0 (Brett
et al., 2017), NumPy1.13.3 (Walt et al., 2011) andPandas 0.20.3 (McKinney andOth-
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ers, 2010) packages. Figureswere created usingMatplotlib 2.1.0 (Hunter, 2007) and
Nilearn 0.4.0 (Abraham et al., 2014).

3.2 Results
All scripts and results are available through ourOpen Science Framework (OSF; (Erin
D. Foster, 2017)) Project at https://osf.io/U2Q4Y/ (Bowring et al., 2018a), and group-
level statistic maps used to create the figures in this section are available on Neu-
roVault: https://neurovault.org/collections/4110/, https://neurovault.org/collections/4099/,
https://neurovault.org/collections/4100/, for ds0000001, ds000109 and ds000120
respectively. All analysis scripts, results reports, and notebooks for each study are
available throughZenodo (NielsenandSmith, 2014) at https://doi.org/10.5281/zenodo.1203654
(Bowring et al., 2018b).

Registration of each subject’s functional data onto the anatomy was visually
assessed. Themean and standard deviation images of theMNI structural and (mean)
functional data substantiate that registration was successful in all packages across
the three studies (Fig. A.1; note that axial slices are slightly different beteen software
due to different bounding boxes of the images).

3.2.1 Cross-Software Variability for Parametric Inference
While qualitatively similar, variability in the t-statistic values and locations of signifi-
cant activation was substantial between software packages across all three studies.

Comparisonsof the thresholded resultswith thepublishedfindings are shown
in Figure 3.1, with furthermulti-slice comparisons across software in Figure 3.2 (also
in Figs. A.2, A.4, and A.6). The ds000001 study described positive activation in the
bilateral anterior insula, dorsal anterior cingulate cortex (ACC), and right dorsolat-
eral prefrontal cortex, and negative activation in the ventromedial prefrontal cortex
and bilateral medial temporal lobe. In our reanalyses (Fig. 3.1, left) all three software
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Figure 3.1: Comparison of the thresholded statistic maps from our reanalysis with the main
figures from each of the three publications. Left: For ds000001 data, thresholded t-statistic
images contrasting the parametric modulation of pumps of reward balloons versus the para-
metric modulation of the control balloon; beneath, a sagittal slice taken from Fig. 3 in Schon-
berg et al. (2012). Middle: For ds000109, thresholded t-statistic maps of the false belief
versus false photo contrast; beneath, a midsagittal render from Moran et al. (2012). Right:
For ds000120, thresholded F -statistic images of the main effect of time contrast; beneath,
a midsagittal render from Fig. 3 in Padmanabhan et al. (2011). Note that for ds000109 and
ds000120 the publication’s figures are renderings onto the cortical surface while our results
are slice views. While each major activation area found in the original study exists in the re-
analyses, there is substantial variation between each reanalysis.



ds000001	

ds000109	

ds000120	

Figure 3.2: Comparison of the thresholded statistic maps from our reanalysis displayed
as a series of axial slices. Top: ds000001’s thresholded t-statistic maps contrasting para-
metric modulations of the reward balloons versus pumps of the control balloons. Middle:
ds000109’s thresholded t-statistic maps of the false belief versus false photo contrast. Bot-
tom: ds000120’s thresholdedF -statisticmaps of themain effect of time contrast. This figure
complements the single slice views shown in Fig. 3.1.
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Figure 3.3: Comparison of the unthresholded statistic maps from our reanalysis of the three
studies within each software package. Left: ds000001’s unthresholded t-statistic maps of
the parametric modulation of pumps of reward balloons versus the parametric modulation
of the control balloon contrast. Middle: ds000109’s unthresholded t-statistic maps of the
false belief versus false photo contrast. Right: ds000120’s unthresholdedF -statisticmaps of
the main effect of time contrast. While areas of strong activation are somewhat consistent
across all three sets of reanalyses, there is substantial variation in non-extreme values.



Bland-Altman	Plots:	Parametric	Analyses	

ds000001	 ds000109	

Figure 3.4: Cross-software Bland-Altman 2D histograms comparing the unthresholded
group-level t-statisticmaps computed as part our reanalyses of the ds000001 and ds000109
studies within AFNI, FSL, and SPM. Left; Comparisons for ds000001’s balloon analog risk
task, t-statistic images contrasting the parametric modulation of pumps of the reward bal-
loons versus parametric modulation of pumps of the control balloon. Right; Comparisons for
ds000109’s false belief task, t-statistic images contrasting the false belief versus false photo
conditions. Density images show the relationship between the average t-statistic value (ab-
scissa) and difference of t-statistic values (ordinate) at corresponding voxels in the unthresh-
olded t-statistic images for each pairwise combination of software packages. While there is
no particular pattern of bias, as the t-statistic differences are centered about zero, there is
remarkable range, with differences exceeding± 4 in all comparisons.



Bland-Altman	Plots:	Parametric	Analyses	

ds000120	

Figure 3.5: Cross-software Bland-Altman 2D histogram comparing the unthresholded main
effect of time F -statistic maps computed in AFNI and SPM for reanalyses of the ds000120
study. The differences are generally centered about zero, with a trend of large F -statistics
for AFNI. The funnel-like pattern is a consequence of the F -statistic taking on only positive
values.

found activation in these set of regions, with the exception that decreases in theme-
dial temporal lobe were unilateral in FSL and SPM (left only). FSL also localized a vi-
sual response that was not present in the corresponding AFNI and SPM thresholded
maps (Fig. 3.1, left, and Fig. 3.2, top, z = 0 slice).

Theds000109study reportedactivations in thebilateral temporoparietal junc-
tion (TPJ), precuneus, anterior superior temporal sulcus (aSTS), and dorsal medial
prefrontal cortex (dmPFC). Similar activations from our reanalyses are seen in Fig-
ure 3.1, middle, although FSL only found activation in the right TPJ and aSTS. Further
comparisons shown in Figure 3.2,middle, highlight disagreement in the results: AFNI
and FSL detected significant deactivations in distinct brain regions (inferior tempo-
ral gyrus for AFNI, inferior frontal gyrus for FSL), while SPM did not determine any
significant deactivation. FSL also found a positive response in the superior temporal
gyrus (STG) where AFNI and SPMdid not (Fig. 3.2, middle, z = 0 and z = 12 slices).
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Theoriginal ds000120 study localized activation for themain effect of time in
multiple regions of the brain – the frontal, supplementary, posterior parietal cortex,
basal ganglia, prefrontal cortex, ventral striatum and orbitofrontal cortex all showed
significant activation. Our reanalyses (Fig. 3.1, right) are consistent with these find-
ings, with the exception that neitherAFNI or SPMexhibited orbitofrontal (OFC) acti-
vation (however, the SPM analysis mask had poor OFC coverage). AFNI’s F -statistic
values look to be generally larger than SPM here (Fig. 3.2, bottom, z = 0 and z = 12
slices). The unthresholded statistic maps from our reanalyses (Figs. 3.3, A.7, A.9 and
A.11) also show that while extreme values display moderate agreement, there are
considerable differences across the brain in each given study.

NeuroSynth association analyses conducted on the unthresholded t-statistic
maps (Table 3.2) show that the most strongly related term to the activation patterns
displayed in all three sets of resultswas the same: ‘anterior insula’ for each software’s
ds000001map, ‘medial prefrontal’ for ds000109, and ‘visual’ for ds000120. Phrases
related to the task paradigm used in each study (‘goal’ for ds000001, ‘theory mind’
for ds000109, ‘visual’ for ds000120) were found across all software’s activation pat-
terns, alongside a range of common anatomical terms.

Figure3.4 compares statistic values acrosspackagesusingBland-Altmanplots
(rendered as 2D histograms) for ds000001 and ds000109. The distribution of the
pairwise differences in t-statistics (y-axes) is generally centered about zero, indicat-
ing no particular bias, however there is substantial variation here, with t-statistic
differences exceeding 4.0 in magnitude. Pairwise correlations ranged from 0.429
to 0.747 for inter-software comparisons (Fig. 3.3). The Bland-Altman plots compar-
ing percentage BOLD change maps (Fig. A.13) are more conclusive, showing a clear
trend for SPM to report larger effect estimates than the other two packages. Fig-
ure 3.5 presents the Bland-Altman plot comparing the unthresholdedF -statistic im-
ages for ds000120, which has a very different appearance sinceF -statistics are non-
negative. The corresponding Bland-Altman plot comparing partial R2 values (Fig.
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Table 3.2: Neurosynth Analyses. The Neurosynth analysis terms most strongly associated
(via Pearson correlation) to each software’s group-level statistic map across the three stud-
ies. Non-anatomical terms are shown in bold.

AFNI FSL SPM
Neurosynth
Analysis

Pearson
Corr.

Neurosynth
Analysis

Pearson
Corr.

Neurosynth
Analysis

Pearson
Corr.

ds000001 Anterior insula 0.359 Anterior insula 0.240 Anterior insula 0.322
Insula 0.276 Task 0.233 Anterior 0.245
Anterior 0.243 Tasks 0.203 Insula 0.240
Insula anterior 0.233 Parietal 0.190 Goal 0.229
Thalamus 0.221 Goal 0.188 Task 0.225
Goal 0.211 Workingmemory 0.184 Insula anterior 0.214
Pain 0.198 Working 0.181 Thalamus 0.201
Supplementary 0.197 Basal ganglia 0.173 Acc 0.199
Premotor 0.196 Ganglia 0.172 Anterior cingulate 0.196
Anterior cingulate 0.192 Basal 0.169 Ganglia 0.188

ds000109 Medial prefrontal 0.422 Medial prefrontal 0.355 Medial prefrontal 0.361
Medial 0.381 Medial 0.309 Theorymind 0.331
Default 0.366 Default 0.301 Default 0.329
Theorymind 0.348 Posterior cingulate 0.299 Precuneus 0.314
Default mode 0.341 Default mode 0.290 Default mode 0.310
Precuneus 0.334 Social 0.282 Medial 0.301
Posterior cingulate 0.327 Cingulate 0.275 Mind 0.296
Social 0.322 Theorymind 0.270 Prefrontal 0.294
Mind 0.311 Resting 0.261 Mind tom 0.289
Mind tom 0.287 Precuneus 0.259 Posterior cingulate 0.287

ds000120 Visual 0.377 Visual 0.481
v1 0.317 Occipital 0.367
Occipital 0.293 v1 0.340
Eye 0.261 Visual cortex 0.267
Eyemovements 0.252 Spatial 0.248
Visual cortex 0.243 Spl 0.245
Early visual 0.241 Eye 0.242
Spatial 0.232 Early visual 0.238
Task 0.229 Lingual 0.238
Parietal 0.222 Intraparietal 0.237



Table 3.3: Summary of the mean differences and correlations between the three softwares’
test statistic images. Mean differences correspond to the y-axes of the Bland-Altman plots
displayed in Figures 3.4, 3.4, 3.9 and 3.10. Each mean difference is the first item minus the
second; for example, the AFNI vs. FSL mean difference is given by AFNI minus FSL. Correla-
tion is the Pearson’s r between the test statistic values for the given pair of software pack-
ages. Intersoftware differences are greater than intrasoftware.

ds000001 ds000109 ds000120
Software Inference Type Mean

Difference
Pearson
Corr.

Mean
Difference

Pearson
Corr.

Mean
Difference

Pearson
Corr.

AFNI vs. FSL Parametric 0.009 0.616 0.035 0.585
Nonparametric 0.271 0.577 0.006 0.573

AFNI vs. SPM Parametric 0.061 0.614 -0.490 0.747 0.415 0.748
Nonparametric -0.096 0.628 -0.445 0.787 n\a n\a

FSL vs. SPM Parametric -0.047 0.684 -0.529 0.429
Nonparametric -0.479 0.720 -0.439 0.438

AFNI Para. vs Nonp. 0.155 0.984 -0.048 0.981
FSL Para. vs Nonp. 0.382 0.844 -0.064 0.946
SPM Para. vs Nonp. 0.000 1.000 0.000 1.000

A.14) for this study is similar in shape. Broadly speaking, while there are no gross dif-
ferences in sensitivity, there is a slight tendency for AFNI’s extreme statistics to ex-
ceed the other two packages, and SPM’s to exceed FSL’s, most evident in ds000109.

Spatial localization of significant activation in the thresholded t-statistic im-
ages also varied across software packages. Figure 3.6 shows theDice coefficients for
all pairs of analyses (parametric results are presented in the first 3 rows of the larger
triangles). For ds000001, the average value of Dice coefficients comparing locations
of activations across reanalyses is 0.379. These values improve for ds000109, where
the mean Dice coefficient for positive activations is 0.512. Here, AFNI and FSL were
the only software packages to report significant negative clusters for the ds000109
study. Strikingly, these activations were found in completely different anatomical
regions for each package, witnessed by the negative activation AFNI/FSL Dice coef-
ficient of 0. Finally, theAFNI/SPMDice coefficient for the thresholdedF -statistic im-
agesobtained fords000120 is0.684; it is notable that across all studies, theAFNI/SPM
Dice coefficients are consistently the largest.
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Spill over values, given by the grey values beneath the Dice coefficients in
Figure 3.6, are generally largest for SPM comparisons. They are particularly promi-
nent in the negative activation plot for ds000001, where there is at least 30% spill
over for all parametric pairwise comparisons, the largest being 39% for SPM/FSL.
Recalling that these values are the percentage of activation which occurred within
one package that was outside the other package’s analysis mask, this is likely due to
the fact SPM consistently had the smallest analysis mask out of the three packages,
while FSL had the largest. In our ds000001 reanalyses, SPM’s group-level analysis
mask was made up of 175269 voxels, while AFNI’s had 198295 voxels and 251517
for FSL. For ds000109, SPM’s group-level mask contained 178461 voxels compared
to AFNI’s 212721 and FSL’s 236889. Finally, for ds000120, SPM had 174059 voxels
to AFNI’s 208340. (Note, FSL consistently had slightly more non-zero voxels in it’s
mask image than in it’s corresponding statistical results images).

Further evidence of spatial variability is also exhibited by the Euler character-
istic (EC) plots for the parametric analyses presented in Figure 3.7, top (and supple-
mentary Fig. A.12 for ds000120), complemented by the cluster count plots in Figure
3.8, top. We note that because the EC plots were created by thresholding each soft-
ware’s statisticmapat afixed rangeof t-values (without the computationofp-values),
differences between the parametric and nonparametric EC curves are due to differ-
ences between thefirst-levelmodels used in each case (mixed-effects for parametric,
OLS for nonparametric), rather than the actual parametric and nonparametric infer-
ence procedures used to obtain p-values.

As the EC counts the number of clusters, minus the number of ‘handles’, plus
the numbers of ‘holes’ in an image, for large thresholds we expect the EC to closely
approximate the number of clusters of significant activation present in the equiva-
lent thresholded map. This is confirmed by Figures 3.7 and 3.8. Both figures show
that across the two studies FSL had a smaller number of activated clusters at larger
thresholds. For ds000001, the peak cluster count value (Fig. 3.8, top left) occurs at
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a lower threshold for FSL. This plot suggests that in general FSL’s t-statistic values
were more liberal here – the initial rise of the FSL curve signifies the t-statistic im-
age breaking up into clusters at lower thresholds than AFNI and SPM, and then as
the clusters begin to get ‘thresholded out’ this causes the FSL curve to dip below
the other two packages. The EC plots highlight overall topological differences in the
statistic maps: if the imageswere the same up to an image-widemonotonic transfor-
mation, this would be revealed by the EC curves having the same general shape but
with some portions shifted or compressed. In this sense, the distinct shapes seen in
portions of the curves (e.g. for ds000109, negative thresholds) suggest differences in
the topologies of each software’s activation pattern.

3.2.2 Cross-Software Variability for Nonparametric Inference
Consistentwith the parametric inference results, activation localization and statistic
values varied greatly between packages for the permutation test results computed
for ds000001 and ds000109.

Before reviewing statistic map comparisons, we stress that the goal of these
nonparametric analyses was to obtain FWE-corrected cluster p-values with weaker
assumptions. Therefore, the permutation test unthresholded statistic maps are not
“nonparametric" maps, but rather usual one-sample t-test maps that form the basis
of permutation analyses. While SPM’s parametric analysis uses the sameone-sample
t-test as it’s nonparametric counterpart, AFNI’s and FSL’s parametric models use a
mixed-effects model and weighted least squares. In this sense, (in contrast to the
thresholded maps) all comparisons of the nonparametric test statistic values do not
convey information about nonparametric inference per se, but compare differences
in the preprocessing and first-level modelling within the three packages while hold-
ing the second-level model constant.

Quantitative assessmentwithDice coefficients are shown inFigure3.6 (“perm"
vs “perm" cells) and,in accordance with the parametric results, are generally poor.
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Figure 3.9: Cross-software Bland-Altman 2D histograms for the ds000001 and ds000109
studies comparing the unthresholded group-level t-statistic maps computed using permu-
tation inference methods within AFNI, FSL, and SPM. Similar to the results obtained using
parametric inferences in Figure 3.4, all of the densities indicate large differences in the size
of activations determinedwithin each package.



Like the parametric analyses, AFNI/SPM Dice values are altogether better than the
other comparisons. For ds000001, FSL’s nonparametric method found no significant
clusters, and thus all Dice coefficients connected to this analysis are zero. However,
note that the significant regions found in theother parametric andnonparametric re-
sults for this studymostly comprise of a single activation cluster spanning the lateral
andmedial frontal cortex, insular cortex, basal ganglia, and brainstem – an extensive
and irregularly-shaped cluster that could easily become disconnected and thus lose
significance. As before, ds000109Dice values are generally better than ds000001.

ThenonparametricBland-Altmanplots (Fig. 3.9) showsubstantial spreadqual-
itatively similar to the parametric ones (Fig. 3.4), and correlations between the non-
parametric statistics maps follow a similar trend to the parametric comparisons (Ta-
ble 3.3). EC curves (Fig. 3.7, bottom) again exhibit considerable topological variation
between software packages. Notably, while AFNI and SPM’s EC curves are relatively
similar across choice of inference method, FSL permutation inference determined
substantially more clusters than parametric inference for small positive thresholds
in both studies (Figs. 3.7 and 3.8, bottom).

3.2.3 Intra-Software Variability, Parametric vs Nonparametric
Comparisons of parametric and permutation test inference resultswithin each pack-
age hold all preprocessing and first level modelling constant, only varying the sec-
ond level model and inference procedure. The level of agreement between the two
inferences within each package varied greatly across software. Before making com-
parisons, we note that since SPM’s parametric and nonparametric inference share
the same group-levelmodel, the unthresholded statistic images produced using each
inferencemodel are identical here.

The thresholded statistic maps are generally similar within each of the soft-
ware packages (ds000001: Fig. A.2 vs Fig. A.3; ds000109: Fig. A.4 vs A.5), with the
exception of FSL’s nonparametric inference ‘decreases-only’ finding for ds000001.
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Bland-Altman	Plots:	Intra-So.ware	Comparisons	

ds000001	 ds000109	

Figure 3.10: Intrasoftware Bland-Altman 2D histograms for the ds000001 and ds000109
studies comparing the unthresholded group-level t-statistic maps computed for parametric
and nonparametric inference methods in AFNI, FSL and SPM. Each comparison here uses
the same preprocessed data, varying only the second-level statistical model. SPM’s para-
metric and nonparametric both use the same (unweighted) one-sample t-test, and thus show
no differences. AFNI and FSL’s parametric models use iterative estimation of between sub-
ject variance and weighted least squares and show some differences, but smaller than the
between-software comparisons.



Unthresholded maps are notably more similar for ds000109 (Fig. A.9 vs A.10) than
for ds000001 (Fig. A.7 vs Fig. A.10), again noting that SPM’s pairs of maps are identi-
cal here.

Bland-Altmanplots (Fig. 3.10) revealmuchgreater levels of parametric-nonparametric
agreement, with AFNI displaying greater agreement than FSL. For FSL, we selec-
tively investigated voxels that differed by the greatest amount and often found indi-
vidual subjects responsible: a single subject with a large observation can drive a con-
ventional one-sample t-test, but when the same subject also has large intrasubject
variance FSL’s mixed-effect model downweights that subject, leading to a substan-
tially different t-test. For ds000109, the increased difference in AFNI’s values for
larger statistic values could also reflect a similar downweighting procedure within
the package.

The Dice coefficients comparing the thresholded permutation test and para-
metric inferences are generally the best of any (Fig. 3.9, 3-element lower diagonal).
In general, the origin of parametric-nonparametric differences are parametric infer-
ence determining a slightly larger number of significant clusters.

3.3 Discussion
Our results have displayed extensive differences in the results between the analysis
pipelines of the three software packages. The lowDice values and differences in Eu-
ler characteristics (Figs. 3.6 and 3.7) are particularly salient, showing heterogeneity
in the sizes and shapes of clusters determined across packages, indicating a strong
dependence on software in terms of the anatomical regions covered by the activa-
tion. While some authors have pointed out the limitations of interpreting differences
in the set of voxels thatmake up a significant activationwhen using clusterwise infer-
ence (which makes assessments based on topological properties of statistical maps)
(Chumbley and Friston, 2009), we seemerit in the use of quantitativemeasurements
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such as Dice due to the ultimate application of statistical maps to infer the precise
areas of the brain active during a task. While a deeper analysis on the differences
between topological aspects of images across software would be valuable, there are
inherent difficulties in this approach, such as identifying corresponding features be-
tween maps when the number and size of activations reported are variable across
software.

It is notable that the level of variation in our analysis results also fluctuated
across the datasets we analyzed. This is highlighted in our Dice comparisons, where
the ds000001Dice coefficients are considerably smaller than ds000109 for both the
inter and intra-software comparisons. The relatively poor performance of ds000001
may be due to the smaller sample size for this study (16 vs 21 for d000109), as well
as the particular inference method used in the study. For ds000001, group-level in-
ference was conducted using a cluster-forming threshold of p < 0.01 uncorrected. A
recent study (Eklund et al., 2016) found that parametric inference for a one-sample
t-test at this threshold in AFNI, FSL and SPM resulted in false-positive rates far ex-
ceeding the nominal level – severely for cluster-forming threshold p < 0.01, mod-
estly for p < 0.001 – while nonparametric permutation inference performed closer
to the expected 5% FWE level. The results obtained here for ds000001 are consis-
tent with these findings: across all three software packages, the thresholded images
produced frompermutation test inference display fewer significant clusters than the
corresponding parametric maps. While the cluster-defining threshold p < 0.005 ap-
plied in the ds000109 study was not analyzed in Eklund et al., consistency between
packages using parametric and nonparametric inference was greater for this study.

Notably, while all packages are purportedly using the same MNI atlas space,
an appreciable amount of activation detected by AFNI and FSL fell outside of SPM’s
analysis mask (shown by the ‘spill over’ values displayed in grey, Fig. 3.6). Consider-
able differences in mask sizes are likely to have been a major factor for the dispar-
ities in activation and low Dice coefficients seen across packages. For effects close
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to the edge of the brain, a larger analysis mask allows for a larger cluster volume,
which can ultimately be the difference as to whether a cluster is determined as sig-
nificantly active or not. Thismay explainwhy only FSL, which had the largest analysis
mask, found an auditory response in the ds000109 study, or why Dice coefficients
are generally worse for negative activations than positive in our ds000001 renanal-
yses, where positive clusters were on the whole reported in more central anatomi-
cal regions. Another possible reason for poor Dice values here is that the size and
number of clusters determined for negative activationswas smaller than that of pos-
itive activations. As Dice and spill-over values are proportional measurements, this
means they will have been more susceptible to differences in cluster and mask size
for the negative activations relative to the positive. Disagreement in atlas spacemay
have contributed to the lackof structure in theBland-Altmanplots, howevernogross
misalignment between packages was evident (Fig. A.1). While far from perfect, the
ds000120 AFNI and SPM thresholded results have the best Dice similarity score,
likely due to the use of a very strongmain effect as an outcome of interest.

Qualitative comparison of the results provide some optimism, with certain
patterns of activation found across all packages. For example, the ds000001 para-
metric analyses were unanimous in determining significant activation in the ante-
rior insula. While there is greater discordance over the precise location of activation
within the anterior insular region, as well as the precise statistic values here, alto-
gether our results align. This may substantiate that the strongest effects are robust
across packages, supported by our own comparisons of the unthresholdedmaps that
showedmoderate agreement between software packages in areaswith strong signal
(many of these anatomical regions were identified across all three packages’ Neu-
roSynth association analyses) but greater disagreement elsewhere, with ds000109
and ds000120 displaying more consistency than ds0000001. However, in making
these qualitative comparisons, what has become most apparent is the importance
for researchers to – at the very least – share their final statistical maps. The reasons
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for this are exhibited most clearly by our ds000109 analyses; the visual slice com-
parisons of our replications of the main figure from the original study in Figure 3.1,
shown alongside the publication figure itself, look remarkably similar and could lead
to the conclusion that each package’s results highly agree. It is only when analyzing
these results over the whole brain that we discover broad differences in these acti-
vation patterns, e.g. positive activation identified in the auditory cortex in FSL that
was not reported by AFNI and SPM, and significant deactivation determined only by
AFNI and FSL.

At the start of our investigations, we selected a common set of preprocess-
ing steps to be applied within each software package across all studies regardless of
whether they had been used in the original analysis. This was to maximise the com-
parability of the results while maintaining consistency with best practices within the
community. However, several complications aroseduringour analyses. Fords000001,
orientation information was missing from seven of the subjects’ structural and func-
tional scans. Because the source DICOM files were no longer available, it was not
possible to retrieve theoriginal positionmatrices. As a consequenceof this, the struc-
tural and functional images were misaligned, resulting in suboptimal coregistration
during our analyses. Additionally, a bug in the event-files induced during data con-
version to the BIDS standard had resulted in a loss of the some of the event timings.
Thanks to the cooperation of BIDS andOpenfMRI these problemswere solved; a re-
vised dataset (Revision: 2.0.4) was uploaded toOpenfMRI and used in our analysis.

Future effortswould be strengthened by additional sharing of analysis scripts
and statistic maps, enabling confirmation of analyses that follow original procedures
and permitting more quantitative comparison of statistic maps. We havemade all of
our analysis scripts and statistic maps available, and we hope more researchers join
this trend to advance openness in neuroimaging science.
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3.3.1 Limitations
This study has mainly focused on comparing statistic maps, since these are the im-
ages studied to make judgements about localisation and determine the neuroscien-
tific interpretation of results. However, by comparing the statistic maps obtained at
the end of the pipeline, we have only assessed the net accumulation of differences
across the entire analysis procedure. To illuminate the specific steps that contribute
most to this variation, further in-depth assessment of software differences at each
stage of the analysis pipelinewill be required. One recent example of thiswas a study
that investigateddifferences in theprewhitening procedures conducted inAFNI, FSL
and SPM, by employing an analysis pipeline that used a single software package to
carry out all other stages of processing (Olszowy et al., 2019). Further work could
consider the factorial expansion of all possible combinations of preprocessing, first-
level modelling, and second-level modelling, akin to previous efforts in assessing re-
producibility over a number of pipelines (Strother et al., 2002).

Due to the restrictive requirements of this investigation – the necessity for
published task-based fMRI data using analysismethods compatible inAFNI, FSL, and
SPM– the three studies analyzed here were found to be the only datasets hosted on
OpenfMRI suited to theaimsof our investigation. Of thedatasets thatwerenotused,
the most common reasons for exclusion were that no publication was associated to
the data, that the sample size of the study was too small, or that custom software
or region of interest analysis had been used as part of the analysis pipeline which
was not feasible across the three software packages. Nevertheless, a greater sample
of studies will need to be replicated across the packages to gain a more comprehen-
siveunderstandingof thevariability between softwareandvalidate the results found
here. With increasing access to population neuroimaging studies, where thousands
of fMRI subject data are available, a future study could test for non-zero software-
related variation by splitting a large dataset (e.g. UK Biobank (Alfaro-Almagro et al.,
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2018), N > 10,000) into smaller subsets to generate an extensive collection of repli-
cation analyses across the three packages. This may allow for the creation of a null-
distribution from which differences between software results could be assessed in
terms of statistical significance and confidence intervals, expanding on the raw con-
crete differences between t-statistic maps highlighted in this effort. As simulation
techniques become more advanced, there is also the potential for the creation of
synthetic subject-level fMRI data as a ground truth towhich each software package’s
results could be compared (Ellis et al., 2019).

Of thedatasetswediduse, subject dataweremissing fromboth theds000109
and ds000120 datasets. For ds000109, while 29 young adults were scanned for the
false belief task, only 21 were present in the dataset; for ds000120, we analyzed 17
subjects instead of the 30 used in the original study. These analyses therefore should
not be compared like-for-like with the published results, and have substantially less
statistical power than the original studies. Overall, our sample sizes for the three
datasets analyzed (ds000001, ds000109, ds000120) are 16, 21, and 17 respectively.
While small, these sample sizes are fairly representative of a typical functional neu-
roimaging study over the past two decades – between 1995 and 2015, the median
sample size of an fMRI study increased steadily from 8 to 22 (Poldrack et al., 2017).
This increase has continued, and a review of 2017 publications found amedian sam-
ple size of 33 (Yeung, 2018). Therefore, while our datasets are important for judging
previouswork, a future comparison exercisewith larger datasetswould be a valuable
addition to the literature.

We have kept many parameters fixed in our analyses, such as the use of non-
linear registration for all software packages, and the addition ofmotion regressors in
all our designmatrices. Further investigation is warranted into how changes in these
variables influence the analysis; for example, while we decided to fix a 2mm cubic
voxel size in all packages (since this is the default in FSL and SPM), a recent study
found that alterations in this parameter can significantly impact statistical inference
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(Mueller et al., 2017). There are alsomany areas of the parameter spacewe have not
explored, such as the inclusion of analyses that use small volume corrections, more
stringent cluster-forming thresholds (Eklund et al., 2016;Woo et al., 2014), and two-
tailed testing (Chen et al., 2018).

3.4 Conclusion
Across all three of the studies reanalyzed here we have discovered considerable dif-
ferences between the AFNI, FSL, and SPM results. The scale of these differences has
been highlighted by each of the quantitative metrics applied to compare the group-
level statisticmaps: Dice coefficientswere commonly less than50%for cross-software
comparisons, Bland-Altmanplots showed thatdifferencesbetween reported t-statistic
values were as large as 4 for a considerable quantity of voxels, and Euler character-
istic curves displayed a divergence in the number of clusters being reported in each
software, even at large thresholds.

In reporting these comparisons,wearenotmakingany statements as towhich
software package is better or worse. Without a gold standard to compare against
no such claims can be made, and we believe further development of well-validated
pipelines by multiple groups can encourage innovation and ultimately benefit the
field. Rather, we feel that the key contribution of our work is the quantitative mea-
surement of inter-software differences on common datasets. Our finding that ex-
ceedinglyweakeffectsmaynot generalize acrosspackages, evidencedacross all three
of our analyses, is the primary take-homemessage of this work. While larger effects
were found to bemore robust – demonstrated by the similarNeurosynth association
analysis results that suggest some alignment in the final qualitative conclusions that
can be drawn from all three softwares’ statistical maps – we stress that our analy-
ses have been conducted under particularly favourable conditions; in this effort, we
have sought out studies with a strong, primary effect and then made extensive ef-

88



forts to harmonize our analyses. Because of this, at best our results present an op-
timistic view of inter-software disparities. To better understand the underlying dif-
ferences between software, further work on quantification of pipeline-related vari-
ation is needed, which in the long-term will hopefully lead to harmonisation in soft-
ware implementation to reduce these differences. Another line of work would be
the creation of integrative intra-study, ensemble learning techniques to integrate in-
consistent findings. An additional contribution with this effort has been to provide
generalizablemeasures andmetrics in order to enable software validation, whichwe
hopemay benefit any further comprehensive comparison of software packages.

89



CHAPTER4
Spatial Confidence Sets for Raw Effect Size Images

Themass-univariate approach for functionalmagnetic resonance imaging (fMRI) anal-
ysis remains a widely used statistical tool within neuroimaging. However, as dis-
cussed in Chapter 1, this method suffers from at least two fundamental limitations:
first, with sufficient sample sizes there is high enough statistical power to reject the
null hypothesis everywhere, making it difficult if not impossible to localize effects of
interest. Second, with any sample size, when cluster-size inference is used a signifi-
cant p-value only indicates that a cluster is larger than chance. Therefore, no notion
of confidence is available to express the size or location of a cluster that could be
expected with repeated sampling from the population.

For the reasons discussed above, alongside further concerns about miscon-
ceptions and the misuse of p-values in statistical testing (Nuzzo, 2014; Wasserstein
et al., 2016), there has been a growing consensus among sections of the neuroimag-
ing community that the statistical results commonly reported in the literature should
be supplemented by effect estimates (Chen et al., 2017; Nichols et al., 2017). The
main argument put forward supporting raw effect sizes is that they increase the in-
terpretability of statistical results, highlighting the magnitude of statistically signifi-
cant differences andproviding another layer of evidence to support theoverall scien-
tific conclusions inferred from an fMRI study. This may also help tackle reproducibil-
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ity concerns that have become prominent within the field due to failed attempts in
replicating published neuroimaging results (Poldrack et al., 2017), a problem aggra-
vated by the ubiquity of underpowered studies in the fMRI literature where tradi-
tional statistical inferencemethods are unlikely to detect themajority of meaningful
effects (Cremers et al., 2017; Turner et al., 2018).

In this chapter, we address these issues by extending on a method proposed
by Sommerfeld, Sain, and Schwartzman (2018) (SSS) to develop spatial Confidence
Sets (CSs) on clusters found in thresholded raw effect size maps. Unlike hypothesis
testing, the CSs allow for inference on non-zero raw effect sizes. While the method
can be applied to any parameter in a mass-univariate general linear model, here we
focus inferenceon themeanpercentageblood-oxygen-level-dependent (BOLD) change
raw effect. For a cluster-forming threshold c, and a predetermined confidence level
1−α, the CSs comprise of two sets: the upper CS (denoted Â+

c , red voxels in Fig. 4.1),
giving all voxels we can assert have a percentage BOLD raw effect size truly greater
than c; and the lower CS (Â–

c , blue voxels overlapped by yellow and red in Fig. 4.1),
for which all voxels outside this set we can assert have a percentage BOLD raw effect
size truly less than c. The upper CS is smaller and nested inside the lower CS, and
the assertion is made with (1 − α)100% confidence holding simultaneously for both
regions. Figure 4.1 provides an illustration of the schematic we will use to display
the CSs, also showing the point estimate set (Âc, yellow voxels overlapped by red)
obtained by thresholding the data at c.

This chapter is organized as follows: first of all we summarize the key theory
of the CSs, before detailing our proposed advancements to the methods used in SSS.
We then describe the settings for our simulations, and provide background informa-
tion about the Human Connectome Project (HCP) dataset analyzed in this work. Fi-
nallywe report the results of our simulations, before presenting theCSs obtained for
the HCP data.

All aspects of this work were carried out under the supervision and mentor-
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Interpreting the Confidence Sets for a c = 2.0% BOLD threshold 

All	YELLOW	voxels	(overlapped	by	red)	lie	in	the	set	Âc.		
This	region	is	obtained	by	thresholding	the	data	at	2.0%,	it	is	
the	point	es>mate	(or	“best	guess”)	from	the	data	of	all	voxels	
that	have	a	percentage	BOLD	change	of	greater	than	2.0%.			

All	RED	voxels	lie	in	the	upper	Confidence	Set	Âc
+.	We	have	

95%	confidence	over	the	whole	brain	that	all	voxels	inside	the	
red	have	a	true	percentage	BOLD	change	of	greater	than	2.0%.	

All	BLUE	voxels	(overlapped	by	yellow	and	red)	lie	in	the	lower	
Confidence	Set	Âc

-.	We	have	95%	confidence	over	the	whole	
brain	that	all	voxels	outside	the	blue	(i.e.	background	voxels)	
have	a	true	percentage	BOLD	change	of	less	than	2.0%.	

Figure 4.1: Schematic of the colour-coded regions used to visually represent the Confidence
Sets (CSs) and point estimate set. CSs displayed in the glass brain were obtained by applying
the method to 80 participants contrast data from the Human Connectome Project working
memory task, using a a c = 2.0%BOLDchange threshold at a confidence level of 1−α = 95%.

ship of Prof. ThomasNichols andDr. Armin Schwartzman. Theoretical aspects of this
work were developed in collaboration with Dr. Fabian Telschow. Dr. Telschow also
made contributions to the simulation and simulations figures code.

4.1 Theory
4.1.1 Overview
A comprehensive treatment of the original method, including proofs, can be found
in SSS. Here we develop the method specifically for the general linear model (GLM)
and describe our own enhancements to the method. While the method can be per-
formed for subject-level inference, we will motivate the method in the context of
a group-level analysis, describing how the method can be applied to subject-level
%BOLD estimate maps in order to obtain group-level CSs making confidence state-
ments about %BOLD effect sizes relating to the entire population from which the
participants were drawn.

For a compact domain S ⊂ RD , e.g. D = 3, consider the GLM at location

92



s ∈ S,
Y (s) = Xβ(s) + ε(s) (4.1)

whereY (s) is anN×1 vector of observations ats,X is anN×pdesignmatrix,β(s) is
an p×1 vector of unknown coefficients, and ε(s) anN×1 vector ofmean-zero errors,
independent over observations, and with each εi(s) having common variance σ2(s)

and some unspecified spatial correlation. (Throughout we use boldface to indicate a
vector- or matrix-valued variable.) In the context of a task-fMRI analysis, Y (s) is a
vector of subject-level %BOLD response estimatemaps obtained by applying a first-
level GLM to each of theN participants’ functional data.

For a p × 1 contrast vector w, we seek to infer regions of the brain where a
contrast of interest wTβ(s) has exceeded a fixed threshold c. Particularly, we are
interested in the noise-free, population cluster defined as:

Ac = {s ∈ S : wTβ(s) ≥ c}. (4.2)

Aswe are unable to determine this excursion set in practice, our solution is to
find spatial CSs: anupper set Â+

c and lower set Â–
c that surroundAc for a desired con-

fidence level of, for example, 95%. We emphasize that these clusters regard the raw
units of the signal. Going forward, we assume that the design matrixX and contrast
w havebeen carefully chosen so thatwT β̂(s)has the interpretation ofmean%BOLD
change across the group. For example, in a one-sample group fMRImodelwhere data
Y (s) have %BOLD units, choosingX as a column of 1’s andw = (1) would ensure
that wT β̂ has units of %BOLD change1. In this setting, we wish to obtain an upper
CS, Â+

c , such thatwe have 95% confidence all voxels contained in this set have a pop-
ulation raw effect size greater than, for example, c = 2.0%BOLD change, and a lower
CS, Â–

c , such that we have 95% confidence all voxels outside of this set have a popula-
1For examples of how to set upmore complex designs and contrasts, see Figure A.2. in theAppendix

A section of (Poldrack et al., 2011).
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tion raw effect size less than 2.0% BOLD change. Moreover, we desire that the 95%
confidence statement holds simultaneously across both CSs at once. SSS show that a
construction of suchCSs is possiblewithin the general linearmodel framework using
the following key result.
Result 1. Consider the general linear model setup described in (4.1). Let β̂(s) denote the
ordinary least squares estimator of β(s), β̂(s) = (XTX)−1XTY (s), and define v2

w =

wT (XTX)−1w to be the normalised variance of the contrast estimate.
Then for a constant k, and for upper and lower CSs defined as

Â+
c :=

{
s : wT β̂(s) ≥ c+ k σ̂(s)vw

}
, Â–

c :=

{
s : wT β̂(s) ≥ c− k σ̂(s)vw

}
,

the limiting coverage of the CSs is

lim
n→∞

P

[
Â+

c ⊂ Ac ⊂ Â–
c

]
= P

[
sup
s∈∂Ac

|G(s)| ≤ k

]
,

where ∂Ac denotes the boundary of Ac, and G(s) is a smooth Gaussian field on S with
mean zero, unit variance, and with the same spatial correlation as each εi(s).

Result 1 is subject to continuity of the relevant fields and some basic condi-
tions on the increments andmoments of the error field ε. A list of these assumptions,
as well as a proof of Result 1, are itemized in SSS.

For a predetermined confidence level 1− α (e.g. 1− α = 95%), by choosing k
such that

P

[
sup
s∈∂Ac

|G(s)| ≤ k

]
≥ 1− α, (4.3)

Result 1 ensures with asymptotic probability of (at least) 1 − α that Â–
c contains the

true Ac, and Â+
c is contained within Ac. In practice, k is determined as the (1 −

α)100 percentile of the maximum distribution of the asymptotic absolute error pro-
cess |G(s)| over the true boundary set ∂Ac = {s : wTβ(s) = c}. The upper CS taken
away from the lower CS

(
Â–

c ∩
(
Â+

c

)c) can be interpreted analogously to a stan-
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A 1D Intuition of the Confidence Sets

 ^ wTβ(s)  

Location s

 c + kσ(s)vw
 c

Observed 
Group

 %BOLD
Signal 

 ^ wTβ(s)  

 ^

 c - kσ(s)vw
 ^

Figure 4.2: A demonstration of how the CSs are computed for a realization of the GLM
Y (s) = Xβ(s) + ε(s) in 1-dimension, for each location s. The yellow voxels Âc are obtainedby thresholding the observed group contrastmap at a threshold c; this is the best guess ofAc,the set of voxelswhose true, noise-free raweffect surpasses c. The red upperCS Â+

c and bluelowerCS Â–
c are computed by thresholding the signal at c+k σ̂(s)vw and c−k σ̂(s)vw respec-tively. We have (1− α)100% confidence that Â+

c ⊂ Ac ⊂ Â–
c , i.e. that Â+

c (red) is completelywithin the trueAc, andAc is completelywithin Â–
c (blue). Wefind the critical value k from the

(1− α)100 percentile of themaximumdistribution of the absolute error process over the es-
timated boundary ∂Âc (green ’s) using theWild t-Bootstrap; σ̂(s) is the estimated standard
deviation and vw is the normalised contrast variance.



dard confidence interval: with a confidence of 1−α, we can assert the true boundary
∂Ac lies within this region. Here, we allude to the classic frequentist interpretation
of confidence, where stated precisely, there is a probability of 1 − α that the region(
Â–

c ∩
(
Â+

c

)c) computed from a future experiment fully encompasses the true set
boundary ∂Ac.

Application of Result 1 presents us with two challenges: that the boundary
set ∂Ac and the critical value k are both unknown. To solve the first problem, SSS pro-
pose using ∂Âc as a plug-in estimate of ∂Ac. However, there remain technicalities at
to how the boundary is determined in any non-abstract setting, and in particular in
a 3D image. In Section 4.1.3 we propose our own novel method for boundary esti-
mation. Before that, we address the second problem, finding the critical value k via a
Wild Bootstrap resampling scheme.

4.1.2 TheWild t-BootstrapMethod for Computation of k
To apply Result 1, we require knowledge of the tail distribution of the limiting Gaus-
sian fieldG(s) along the boundary ∂Ac. However, the distribution of this field is un-
known, because it is dependent on the unknown spatial correlation of the errors
εi(s). We can approximate the maximum distribution of G(s) using the Gaussian
Wild Bootstrap (Chernozhukov et al., 2013), also known as the Gaussian Multiplier
Bootstrap,whichmultiplies residuals by randomvalues to create surrogate instances
of the random errors.

SSS constructG(s) as follows: the standardized residuals,

ε̃(s) =
Y (s)−Xβ̂(s)

σ(s)
, (4.4)

aremultiplied by i.i.d. Gaussian randomvariables, r∗1, ..., r∗N , summed and scaled, pro-
ducing a bootstrap field

G∗(s) =
1√
N

N∑
i=1

r∗i ε̃i(s) (4.5)
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with approximately the same covariance as each error εi(s), where the superscript
asterisk (∗) indicates these are just one of many bootstrap realizations. WithB boot-
strap samples G∗(s), we choose k as the (1 − α)100 percentile of the B suprema
sups∈∂Âc

|G∗(s)| to approximate the LHSof (4.3) andapplyResult 1 toobtain theCSs.
Up to this point,wehave summarized theGaussianWildBootstrapmethodol-

ogy as proposed in SSS. However, when applying thismethod to our own simulations,
we consistently found that our coverage results fell below thenominal level. Thiswas
particularly severe for 3D simulations we conducted using a small sample size (N =

60), where our results in some cases suffered from under-coverage 40% or more be-
low the nominal level (see Fig. 4.8). Hence we made two alterations: First, while SSS
used Gaussian multipliers, we found improved performance using Rademacher vari-
ables, where each ri takes on 1 or -1 with probability 1/2; others have also reported
improved performance with Rademacher variables as well (Davidson and Flachaire,
2008). Second, we implemented a Wild t-Bootstrap (Telschow and Schwartzman,
2019) method, normalizing the bootstrapped residuals ε̃i(s) by their standard devi-
ation σ̂∗(s). This detail was omitted in the proof of Result 1 provided in SSS, where
the true standard deviation was assumed to be known. By taking into account the
estimation of the standard deviation via the Wild t-Bootstrap, we found improved
performance for moderate sample sizes. TheWild t-Bootstrap version ofG is

G̃∗(s) =
1√
N

N∑
i=1

r∗i
ε̃i(s)

σ̂∗(s)
, (4.6)

where σ̂∗(s) is the standard deviation of the present realization of the bootstrapped
residuals r∗i ε̃i(s). We then determine k as described above but using G̃∗(s) instead
of G∗(s). Going forward, we refer to this method as the “Wild t-Bootstrap", to be
contrasted with the original “GaussianWild Bootstrap" method proposed in SSS.

With these two alterations we found a dramatic increase in performance for
small sample sizes in 3D simulations. Notably, in contrast to theGaussianWild Boot-
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strap, our simulation results presented in Section4.3 suggest that empirical coverage
rates for this modified procedure remain valid, i.e. stay above the nominal level.

4.1.3 Approximating the Boundary on a Discrete Lattice
In the previous section, we described the ideal bootstrap procedure used to obtain
the maximum distribution of G(s) along the boundary ∂Ac in order to apply Result
1. However, in any practical application, data will be observed on a discrete grid of
lattice points at a fixed resolution. Therefore, a key challenge is how to appropriately
approximate the true continuous boundary ∂Ac from the lattice representation of
the data.

In SSS, spline-interpolation was used to estimate a 1D boundary at a resolu-
tion greater than their 2D sampled field (SSS, Section 4.1). However, to apply the
method to fMRI datawewillworkwith 3D images, and estimating a2Dspline bound-
ary for a 3D field is more involved, requiring careful tuning of the spline basis to ac-
commodate the structure of the 3D signal. Instead, we choose to use a first-order
weighted linear interpolation method to approximate the signal values at estimated
locations along the true, continuous boundary ∂Ac, providing a method of boundary
estimation that is less computationally intensive than spline interpolation.

Consider two adjacent points on the lattice, sO and sI , such that sO lies out-
sideofAc, whilesI lies insideAc. By thedefinitionofAc,wTβ(sO) < c, andwTβ(sI) ≥

c. Under the assumption that the component of the signal between sO and sI in-
creases linearly, we can find the location s∗ between sO and sI such thatwTβ(s∗) =

c, our estimate of where the true continuous boundary ∂Ac crosses between sO and
sI . We can then construct a linear interpolant for the location s∗, using weights

m1 =
wTβ(sI)− c

wTβ(sI)−wTβ(sO)
, m2 =

c−wTβ(sO)

wTβ(sI)−wTβ(sO)
, (4.7)

for the locations sO and sI respectively. By construction, applyingm1 andm2 to the
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contrast image returns the threshold: m1w
Tβ(sO) + m2w

Tβ(sI) = wTβ(s∗) = c.
Applied to the standardized residuals ε̃(sO) and ε̃(sI), we can likewise obtain the
residuals at the estimated continuous boundary point ε̃(s∗) = m1ε̃(sO) +m2ε̃(sI).

By repeating this procedure for all adjacent points sO and sI that lie on the
lattice either side of ∂Ac, we are able to estimate the standardized residual values at
locations that should approximately sample the true continuous boundary ∂Ac, and
therefore we can apply the ideal bootstrap procedure outlined in Section 4.1.2. Of
course, in practice we apply this interpolation method on the observed, noisy data,
using the plug-in estimated boundary ∂Âc.

In the simulation results in Section 4.3, we assess performance of themethod
when the bootstrap procedure is carried out over the true boundary ∂Ac, and the
plug-in estimated boundary ∂Âc that must be used in practice.

4.1.4 Assessment of Continuous Coverage on a Discrete Lattice
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Figure 4.3: Demonstrating the resolution issue for testing the subset condition Â+
c ⊂ Ac ⊂

Â–
c .Figure 4.3(a): HereAc is comprised of the right half of the image (all green and yellow pixels),and Â+

c is shown as yellow pixels. It appears that Â+
c ⊂ Ac.Figure 4.3(b): The same configuration as Fig. 4.3(a) at double the resolution. Here, we have

enough detail to see that Â+
c has crossed the boundary ∂Ac (yellow seeping into blue), andthe subset condition Â+

c ⊂ Ac has been violated.

In testing the finite-sample validity of ourmethod through simulation, it is im-
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perative that we are able to accuratelymeasurewhen violations of the subset condi-
tion Â+

c ⊂ Ac ⊂ Â–
c occur. While this may seem a trivial task, as touched on in the

previous section, the boundaries of each of these three sets can become ambiguous
when data are collected on a discrete lattice.

To illustrate this point, consider the configuration of sets displayed in Figure
4.3(a). In this instance, suppose the right half of the image corresponds toAc (green
pixels overlapped by yellow), and yellow pixels belong to Â+

c . We wish to determine
whether the condition Â+

c ⊂ Ac has been violated or not. Onemay argue that at the
resolution forwhich thedata havebeen acquired, all pixels that belong to Â+

c also be-
long toAc, and therefore noviolationhas occurred. However, the example presented
in Fig. 4.3(a) has in fact been derived from a 2D simulation conducted at a higher res-
olution: this 50 × 50 simulation was obtained by down-sampling a 100 × 100 grid by
dropping every other pixel. Fig. 4.3(a) displays the sets Ac and Â+

c from the down-
sampled, low resolution simulation, while Figure 4.3(b) shows the same set of results
at the original resolution. In Fig. 4.3(b) we see that there has been an upcrossing of
the yellow pixels belonging to Â+

c over the boundary of the green, and therefore the
subset condition Â+

c ⊂ Ac has been violated. From this simulation, it is clear that
if we conclude no violation has occurred in situations like Fig. 4.3(a), our empirical
coveragewill miss violations and be positively biased. By an analogous argument the
same issue occurs when testing violations ofAc ⊂ Â–

c .
This direct comparisonof the lattice representationof the three setswasused

to assess coverage for the simulations carried out in SSS. While they observed the
phenomenon of missed violations leading to over-coverage, their proposed solution
was to sequentially increase the resolution of the data. We instead tackle the issue
by againmaking use of interpolation.

Since in a simulation we know the true continuous mean image and Ac, fol-
lowing the method described in Section 4.1.3 we can obtain weights m1 and m2 to
interpolate between points sO and sI either side of the true, continuous boundary
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∂Ac, in order to find a location s∗ that approximately lies on the boundary (if the true
mean is linear, s∗ lies exactly on the boundary). To determine if s∗ ∈ Â+

c , we then
reapply the weightsm1 andm2 and assess whether

wT β̂(s∗)−k σ̂(s∗)vw = m1

(
wT β̂(sO)−k σ̂(sO)vw

)
+m2

(
wT β̂(sI)−k σ̂(sI)vw

)
≥ c.

(4.8)
If the inequality holds, then by definition s∗ ∈ Â+

c . Otherwise, s∗ /∈ Â+
c , and there-

fore we can conclude that the subset condition Â+
c ⊂ Ac has been violated. By

checking whether wT β̂(s∗) + k σ̂(s∗)vw ≥ c, we can similarly test for a violation
ofAc ⊂ Â–

c .
By applying this interpolation scheme to all pairs of lattice points with one

point inside, one outside, the lattice representation of the boundary, we have de-
vised a method to more accurately assess violations of the subset condition Â+

c ⊂

Ac ⊂ Â–
c for configurations similar to 4.3(a). We applied this method for testing

the subset condition in our simulations alongside a direct comparison of the lattice
representations of the three sets of interest as was done in SSS. The addition of the
weighted interpolationmethod caused a considerable decrease in the empirical cov-
erage results towards the nominal level in all of our 3D simulations. Using the direct
comparison of the three sets on its own here essentially determined total empirical
coverage (Â+

c ⊂ Ac ⊂ Â–
c for all simulation runs), even when using small sample

sizes and a low nominal coverage level (see Fig. 4.8). This is likely to be because the
discrete lattice of observed data points is relatively less dense inside the true con-
tinuous process for larger, 3D settings, and therefore more violations of the subset
condition are missed if only a direct comparison of the lattice representation of the
CSs is carried out.
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4.2 Method
4.2.1 Simulations
In this sectionwedescribe the settings used in order to evaluate theCSs obtained for
synthetic data. As a simplified instance of the general linearmodel setup described in
Section 4.1.1, we simulate 3000 independent samples of the signal-plus-noisemodel

Yi(s) = µ(s) + εi(s), i = 1, ..., N

using a rangeof signalsµ(s), Gaussian noise structures εi(s)with stationary andnon-
stationary variance, in two- and three-dimensional regions S. We compute the criti-
cal value k, applying theWild t-Bootstrapmethod outlined in Section 4.1.2 withB =

5000bootstrap samples to both the true boundary ∂Ac and the plug-in boundary ∂Âc

that would be used in practice. The boundaries are obtained using the interpola-
tion method outlined in Section 4.1.3. We then compare the empirical coverage, i.e./
the percentage of trials that the true thresholded signal is completely contained be-
tween the upper and lowers CSs (i.e. the number of times for which Â+

c ⊂ Ac ⊂ Â–
c),

across the two sets of results, using the assessmentmethod outlined in Section 4.1.4.
In each simulation, we apply themethod for sample sizes ofN = 60, 120, 240 and 480,
and using three nominal coverage probability levels 1− α = 0.80, 0.90 and 0.95.

4.2.2 2D Simulations
We analyzed the performance of the CSs on a square region of size 100 × 100. For
the true underlying signal µ(s) we considered two different raw effects: first, a lin-
ear ramp that increased from a magnitude of 1 to 3 in the x-direction while remain-
ing constant in the y-direction (Figure 4.4(a)). Second, a circular effect, created by
placing a circular phantom of magnitude 3 and radius 30 in the centre of the search
region, which was then smoothed using a 3 voxel FWHM Gaussian kernel (Figure
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4.4(b)). If we were to assume that each voxel had a size of 2mm3, this would amount
to applying smoothingwith a 6mmFWHMkernel, a fairly typical setting used in fMRI
analyses.

To each of these signals we added subject-specific Gaussian noise εi(s), also
smoothedusinga3voxel FWHMGaussiankernel,withhomogeneousandnon-homogeneous
variance structures: thefirst noisefieldhada spatially constant standarddeviationof
1 (Figure 4.5(a)), the second field had a linearly increasing standard deviation struc-
ture in the y-direction from√0.5 to√1.5while remaining constant in the x-direction
(Figure4.5(b)). Thus, thevarianceof this noisefield spatially increased in they-direction
from 0.5 to 1.5 in a non-linear fashion.

Altogether, the two underlying signals and two noise sources gave us four
separate trials; across all of the simulations, we obtained Confidence Sets for the
noise-free clusterAc at a cluster-forming threshold of c = 2.
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(b) Signal 2.
Figure 4.4: Linear ramp and circular signals µ(s).
Figure 4.4(a): Signal 1. A linear ramp signal that increases from magnitude of 1 to 3 in the
x-direction.
Figure 4.4(b): Signal 2. A circular signal with magnitude of 3 and radius of 30, centred within
the region and convolvedwith a 3 voxel FWHMGaussian kernel.
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(b) Signal 2.
Figure 4.5: Stationary and non-stationary standard deviation fields of the noise εi(s).Figure 4.5(a): Standard Deviation 1. Stationary variance of 1 across the region.
Figure 4.5(b): Standard Deviation 2. Non-stationary (linear ramp) standard deviation field
increasing from√0.5 to√1.5 in the y-direction.

4.2.3 3D Simulations
Four signal types µ(s) were considered to analyze performance of the method in
three dimensions. The first three of these signals were generated synthetically on a
cubic region of size 100×100×100: Firstly, a small spherical effect, created by placing
a spherical phantom of magnitude 3 and radius 5 in the centre of the search region,
which was then smoothed using a 3 voxel FWHM Gaussian kernel (Figure 4.6(a)).
Secondly, a larger spherical effect, generated identically to the first effect with the
exception that the spherical phantom had a radius of 30 (Figure 4.6(b)). Lastly, we
created an effect by placing four spherical phantoms of magnitude 3 in the region of
varying radii and then smoothing the entire image using a 3 voxel FWHM Gaussian
(Figure 4.6(c)). For each of these signals, the final imagewas rescaled to have amaxi-
mum intensity of 3.

Similar to the two-dimensional simulations, for the three signals described
above we added 3-voxel smoothed Gaussian noise of homogeneous and heteroge-
neous variance structures. The first noise field had a spatially constant standard de-
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(c) Signal 3.
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(d) Signal 4.

Figure 4.6: The four 3D signal types µ(s), from top-to-bottom: small sphere, large sphere,
multiple spheres, and the UK Biobank full mean image. Note that the colormap limits for the
first three signal types are from 0 to 3, while the colormap limits for the UK Biobank mean
image is from -0.4 to 0.5.



viation of 1, while the second field had a linearly increasing standard deviation in the
z-direction from√0.5 to√1.5, while remaining constant in both the x- and y- direc-
tions. For all three effects, we obtained Confidence Sets for the threshold c = 2.

For the final signal type, we took advantage of big data that has been made
available through theUKBiobank in an attempt to generate an effect that replicated
the true %BOLD change induced during an fMRI task. We randomly selected 4000
subject-level contrast of parameter estimate resultmaps fromtheHariri Faces/Shapes
task-fMRI data collected as part of the UK Biobank brain imaging study. Full de-
tails on how the data were acquired and processed is given in Miller et al. (2016),
Alfaro-Almagro et al. (2018) and the UK Biobank Showcase; information on the task
paradigm is given in Hariri et al. (2002). From these contrast maps, we computed a
group-level full mean (Figure 4.6(d)) and full standard deviation image. In the final
simulation, we used the group-level Biobank mean image as the true underlying sig-
nalµ(s) for each subject, and the full standard deviation imagewas used for the stan-
dard deviation of each simulated subject-specific Gaussian noise field εi(s) added to
the true signal. Because of the considerably large sample size of high-quality data
from which these maps have been obtained, we anticipate that both of these im-
ages are highly representative of the true underlying fields that they approximate.
Both images weremasked using an intersection of all 4000 of the subject-level brain
masks.

Once again, we smoothed the noise field using a 3 voxel FWHMGaussian ker-
nel; as the Biobank maps were written with voxel sizes of 2mm3, this is analogous to
applying 6mm FWHM smoothing to the noise field of the original data. We obtained
Confidence Sets for a threshold of c = 0.25%BOLD change.

4.2.4 Application to Human Connectome Project Data
For a real-data demonstration of the method proposed here, we computed CSs on
80 participants data from the Unrelated 80 package released as part of the Human
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Connectome Project (HCP, S1200 Release). We applied the method to subject-level
contrast maps obtained for the 2-back vs 0-back contrast from the working mem-
ory task results included with the dataset. To compare the CSs with results obtained
from standard fMRI inference procedures, we also performed a traditional statistical
group-level analysis on the data. A one-sample t-test was carried out in SPM, using a
voxelwise FWE-corrected threshold of p < 0.05 obtained via permutation test with
SPM’s SnPM toolbox. We chose to use the HCP for its high-quality task-fMRI data,
theworkingmemory task specifically picked for its associationwith cognitive activa-
tions in subcortical networks that can not be distinguished by the anatomy. Full de-
tails of the task paradigm, scanning protocol and analysis pipeline are given in Barch
et al. (2013) and Glasser et al. (2013); here we provide a brief overview.

For the working memory task, participants were presented with pictures of
places, tools, faces and body parts in a block design. The task consisted of two runs,
where on each run a separate blockwas designated for each of the image categories,
making four blocks in total. Within each run, for half of the blocks participants un-
dertook a 2-back memory task, while for the other half a 0-back memory task was
used. Eight EVs were included in the GLM for each combination of picture category
andmemory task (e.g. 2-back Place). We computed CSs on the subject-level contrast
images for the 2-back vs 0-back contrast results that contrasted the four 2-back re-
lated EVs to the four 0-back EVs.

Imaging was conducted on a 3T Siemans Skyra scanner using a gradient-echo
EPI sequence; TR = 720ms, TE = 33.1 ms, 208 × 180 mm FOV, 2.0 mm slice thick-
ness, 72 slices, 2.0 mm isotropic voxels, and a multi-band acceleration factor of 8.
Preprocessing of the subject-level data was carried out using tools from FSL and
Freesurfer following the ‘fMRIVolume’ HCP Pipeline fully described in Glasser et al.
(2013). To summarize, the fundamental steps carried out to each individual’s func-
tional 4D time-series data were gradient unwarping, motion correction, EPI distor-
tion correction, registration of the functional data to the anatomy, non-linear reg-
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istration to MNI space (using FSL’s Non-linear Image Registration Tool, FNIRT), and
global intensity normalization. Spatial smoothing was applied using a Gaussian ker-
nel with a 4mmFWHM.

Modelling of the subject-level data was conducted with FSL’s FMRIB’s Im-
proved Linear Model (FILM). The eight working task EVs were included in the GLM,
with temporal derivatives terms added as confounds of no interest, and regressors
were convolved using FSL’s default double-gamma hemodynamic response function.
The functional data and GLM were temporally filtered with a high pass frequency
cutoff point of 200s, and time series were prewhitened to remove autocorrelations
from the data.

In comparison to a typical fMRI study, the 4mmFWHMsmoothing kernel size
used in the HCP preprocessing pipeline is modest. Because of this, we applied ad-
ditional smoothing to the final contrast images to emulate maps smoothed using a
6mmFWHMGaussian kernel.

4.3 Results
4.3.1 Methodological Comparisons
In this workwe have proposed two fundamental methodological changes to the pro-
cedures carried out in SSS: in Section 4.1.2 we suggested the Wild t-Bootstrap in-
steadof theGaussianWildBootstrapused for SSS, and inSection4.1.4we introduced
the interpolationmethod for assessing empirical coverage alongside the direct com-
parison methods used for SSS. Here, we show the impact of these methodological
innovations on the empirical coverage results from simulations carried out using two
different synthetic signals, the 2D circular signal (Signal 2. in Fig. 4.4(b)) and the 3D
large spherical signal (Signal 2. in Fig. 4.6(b)). The standard deviation of the subject-
specific Gaussian noise fields εi(s) had a stationary variance of 1 across the region in
both simulations (for the 2D case, this corresponds to Standard Deviation 1. in Fig.
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4.5(a)).
Empirical coverage results for each of the three confidence levels 1 − α =

0.80, 0.90and0.95arepresented for the2Dcircular signal inFigure4.7 and for the3D
large spherical signal in Figure 4.8. In both simulations, for all methods the bootstrap
procedure was carried out over the estimated boundary ∂Âc (as must be done with
real data). In each figure, the green curves highlight the results for theGaussianWild
Bootstrap and coverage assessmentmethod thatwere applied in SSS. The red curves
highlight the results for the Wild t-Bootstrap and interpolation assessment method
that we have proposed.

In Fig. 4.7 and Fig. 4.8, all simulations using the direct comparison assessment
(SSS Simulation Assessment) produced results substantially above the nominal level,
converging to almost 100% for both theGaussianWild Bootstrap (green curves) and
Wild t-Bootstrap (blue curves) methods across all three confidence levels. We sus-
pect this is due to the resolution issue described in Section 4.1.4, suggesting that this
assessment method missed violations of the coverage condition Â+

c ⊂ Ac ⊂ Â–
c

causing a considerable positive bias in all of these results. Further evidence of this
is suggested by the empirical coverage obtained for simulations using the interpola-
tion assessment method (BTSN Simulation Assessment, pink and red curves), which
appear to be convergingmuch closer to the nominal level as is theoretically expected
by Result 1.

Considering only the results using the interpolation assessment, in both fig-
ures empirical coverage for theWildBootstrapmethod (pink curves) camebelow the
nominal level for small sample sizes. For the 2D circle simulation, the empirical cov-
erage result for 60 subjects was 84.7% for the nominal target of 1 − α = 0.95 (right
plot in Fig. 4.7). For the 3D spherical simulation this under-coverage was even more
severe, where the corresponding empirical coverage result was 54.9% (right plot in
Fig. 4.8). In comparison, coverage performance for theWild t-Bootstrapmethod (red
curves) wasmuch improved, staying close to the nominal level in both the 2D and 3D
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Figure 4.7: Coverage results for the 2D circular signal simulation with homogeneous Gaus-
sian noise (Signal 2. (Standard deviation 1.) in Fig. 4.4(b) (Fig. 4.5(a)). Empirical coverage
results are presented for implementations of the CS method with and without the Wild t-
Bootstrap we propose in Section 4.1.2 and the interpolation schema for assessing simula-
tions results we propose in Section 4.1.4. All empirical coverage results for simulations using
the SSS assessment method are close to 100%, suggesting that this assessment substantially
biases the results upwards. Using our proposed assessment method, while both the Wild t-
Bootstrap and GaussianWild bootstrap converge to the nominal level, theWild t-Bootstrap
performed better for small sample sizes.
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Figure 4.8: Coverage results for the 3D large spherical signal (Signal 2. in Fig. 4.6(b)) simu-
lation with homogeneous Gaussian noise. Empirical coverage results are presented for im-
plementations of the CS method with and without the Wild t-Bootstrap we propose in Sec-
tion 4.1.2, and the interpolation schema for assessing simulations results we propose in Sec-
tion 4.1.4. Once again, all simulations using the SSS assessment method quickly converge to
close to 100%. Using our proposed assessmentmethod, theGaussianWild bootstrap had se-
vere under-coverage for small sample sizes, while theWild t-Bootstrap results hover slightly
above the nominal level for all sample sizes.



simulations across all sample sizes. While for the 3D spherical signal the empirical
coverage remained slightly above the nominal target, for the circular signal almost
all results lie within the 95% confidence interval of the nominal coverage level. For
these reasons, in the remaining simulation results presented in this section we only
consider theWild t-Bootstrapmethodwith our proposed interpolation assessment.

4.3.2 2D Simulations
Empirical coverage results for each of the three confidence levels 1 − α = 0.80, 0.90

and 0.95, are presented for the linear ramp signal (Signal 1. in Fig. 4.4(a)) in Figure4.9,
and for the circular signal (Signal 2. in Fig. 4.4(b)) in Figure 4.10. Results are also pre-
sented in tabular format in Table B.1. In both plots, results obtained for simulations
applying the bootstrap procedure over the estimated boundary ∂Âc are displayed
with a solid line, while results for simulations using the true boundary ∂Ac are dis-
played with a dashed line. We emphasize that when computing CSs for real data,
only the estimated boundary can be used.

For the linear ramp, across all confidence levelsweobservedvalid, over-coverage
for theestimatedboundarymethod, andunder-coverage for the trueboundarymethod.
In both cases, the degree of agreement between our empirical results and the nom-
inal coverage level improved for larger confidence levels, and as the sample size in-
creased. For instance, while our estimated boundary empirical results were around
88%when the nominal target level was set at 80% (Fig. 4.9, left), corresponding em-
pirical coverage results hovered around 97% for a nominal target of 95% (Fig. 4.9,
right). Comparing the differences between the solid and dashed curves, there is also
greater harmonization between the estimated and true boundary results for higher
confidence levels. The method performed similarly regardless of whether homoge-
neous or heterogeneous noisewas added to themodel, evidencedby theminimal dif-
ferences between the red and the blue curves for each of the two boundarymethods
seen in the plots.
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Figure 4.9: Coverage results for Signal 1., the 2D linear ramp signal. While the true bound-
ary coverage results (dashed curves) fall under the nominal level, results for the estimated
boundary method (solid curves) that must be applied to real data remain above the nomi-
nal level. Performance of themethod improved for larger confidence levels, and in particular,
the estimatedboundary results for a95%confidence level seen in the right plot hover slightly
above nominal coverage for all sample sizes.
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Figure4.10: Coverage results forSignal 2., the2Dcircular signal. Coverageperformancewas
close to nominal level in all simulations. The method was robust whether the subject-level
noise had homogeneous (red curves) or heterogeneous variance (blue curves), or whether
the estimated boundary (dashed curves) or true boundary (solid curves)methodwas used; in
all plots, all of the curves lie practically on top of each other.

For the circular signal themethod performed remarkablywell, with almost all
our empirical coverage results lying within the 95% confidence interval of the nom-
inal coverage rate (red and blue curves sandwiched between black dashed lines for
all three plots in Fig. 4.10). Once again, the use of homogeneous or heterogeneous
noise in the model had minimal difference on the method’s empirical coverage per-
formance, and in this setting, our results were virtually identical whether the esti-
mated boundary or true boundary was used for the bootstrap procedure. This has
made the dashed curves hard to distinguish in the plots, as the solid curves lie practi-
cally on top of them.
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4.3.3 3D Simulations
Empirical coverage results for each of the three confidence levels 1 − α = 0.80, 0.90

and 0.95, are presented in Figures 4.11, 4.12, 4.13 and 4.14 respectively for each of
the four signal types (small sphere, large sphere,multiple spheres, Biobank fullmean)
displayed in Fig. 4.6. Results are also presented in tabular format in Table B.2. Once
again, results obtained for simulations applying the bootstrap procedure over the es-
timated boundary ∂Âc are displayed with a solid line, and results for simulations us-
ing the true boundary ∂Ac are displayedwith a dashed line.

Overall, the results for all four signal types were consistent: in general, em-
pirical coverage always came above the nominal target level, and the extent of over-
coverage diminished when a higher confidence level was used. Particularly, for a
nominal target of 1 − α = 0.95, all of our 3D empirical coverage results lie between
95%and98%. Themethodwas robustwhether the bootstrap procedurewas applied
over the true or estimated boundary, or whether the variance of the noise field was
homo- or heterogeneous. The similarity of the empirical coverage results, in spite of
differences in these specific settings, is exhibited in all of the plots by the uniformity
of the red and blues curves (indicating minimal differences in performance whether
the noise had homogeneous or heterogeneous variance), and agreement between
the solid and dashed curves (indicating minimal differences in performance whether
the true boundary or estimated boundary was used). In the empirical coverage plots
for the small and large spherical signals shown in Figs. 4.11 and 4.12, all of these
curves lie virtually on top of each other.

While performance with the multiple spheres and Biobank signals presented
in Figs. 4.13 and 4.14was slightly betterwhen using the true boundary, the true- and
estimated boundary performance converged as the sample size increased.
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Figure 4.11: Coverage results for Signal 1., the 3D small spherical signal. For all confidence
levels, coverage remainedabove thenominal level in all simulations, and for a95%confidence
level (right plot), coverage hovered slightly above the nominal level for all sample sizes. The
method was robust whether the subject-level noise had homogeneous (red curves) or het-
erogeneous variance (blue curves), or whether the estimated boundary (dashed curves) or
true boundary (solid curves) methodwas used.
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Figure 4.12: Coverage results for Signal 2., the large 3D spherical signal. Coverage results
here were very similar to the results for the small spherical signal shown in Fig. 4.11, sug-
gesting that themethod is robust to changes in boundary length.
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Figure 4.13: Coverage results for Signal 3., the multiple spheres signal. Once again, for all
confidence levels, coverage remained above the nominal level in all simulations. Here, the
true boundarymethod (dashed curves) performed slightly better than the estimated bound-
arymethod (solid curves) in small sample sizes, although the choice of boundarymade less of
a difference for a higher confidence level. For a 95% confidence level (right plot), all results
hover slightly above nominal coverage for all sample sizes.
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Figure 4.14: Coverage results for Signal 4., the UK Biobank full mean signal, where the full
standard deviation imagewas used as the standard deviation of the subject-level noise fields.
Coverage results herewere similar to the results for themultiple spheres signal shown in Fig.
4.13: In small sample sizes, coverage was slightly improved for the true boundary method
(dashed curves) compared to the estimated boundary method (solid curves), however, for a
95% confidence level (right plots), all results hover slightly above nominal coverage for all
sample sizes.



4.3.4 Human Connectome Project
Confidence Sets obtained from applying the method to 80 subjects contrast data
fromtheHumanConnectomeProjectworkingmemory task are shown inFigure4.15
and Figure 4.16.

In both Fig. 4.15 and Fig. 4.16, the red upper CS localized brain regions within
the frontal cortex commonly associatedwithworkingmemory. This includedareasof
themiddle frontal gyrus (left and right; Fig. 4.15, sagittal and coronal slices), superior
frontal gyrus (left and right; Fig. 4.16, coronal slice) anterior insula (left and right; Fig.
4.15, sagittal and axial slices), as well as the anterior cingulate (Fig. 4.16, all slices).
In all of the above regions, the method identified clusters of voxels for which we can
assert with 95% confidence therewas a percentage BOLD change raw effect greater
than 2.0% (Fig. 4.15 and Fig. 4.16, bottom plots).

Further brain areas localized by the upper CS were the frontal pole (left and
right; Fig. 4.15, sagittal and axial slices), supramarginal gyrus (left and right; Fig. 4.15,
sagittal slice and Fig. 4.16, coronal and axial slices), precuneous (Fig. 4.16, sagittal
slice) and cerebellum (Fig. 4.15, sagittal slice). While for these areas we can assert
with 95% confidence there was a percentage BOLD change raw effect greater than
at least 1.0% (Fig. 4.15 and Fig. 4.16, top plots), on the whole the method only local-
ized areas where there was a %BOLD change of at least 2.0% in parts of the frontal
cortex. This can be observed by the ‘disappearance’ of the red CSs in brain regions
located in the ocipital lobe for the 2.0%BOLD change plots when comparedwith the
corresponding 1.0% and 1.5%BOLD change plots in Fig. 4.15 and Fig. 4.16.

As the percentage BOLD change threshold increases between plots, there is
a shrinking of both the blue lowerCSs and red upper CSs; by using a larger threshold,
there are fewer voxels we can confidently declare have surpassed this higher level
of percentage BOLD change, and thus the volume of the red upper CSs decreases
(in some cases, vanishing). At the same time, there are more voxels we expect to be
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Threshold c Sagittal (X = -32) Coronal (Y = 24) Axial (Z = 2)
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Figure 4.15: Slice views of the Confidence Sets for 80 subjects data from the HCP working
memory task for c = 1.0%, 1.5% and 2.0% BOLD change thresholds. The upper CS Â+

c is dis-played in red, and the lowerCS Â–
c displayed in blue. In yellow is the point estimate set Âc, thebest guess from the data of voxels that surpassed the BOLD change threshold. The red up-

per CS has localized regions in the frontal gyrus, frontal pole, anterior insula, supramarginal
gyrus and cerebellum for which we can assert with 95% confidence that there has been (at
least) a 1.0%BOLD change raw effect.
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Figure 4.16: Further slice views of the Confidence Sets. Here, we see that the red upper CS
has also localized regions in the anterior cingulate, superior front gyrus, supramarginal gyrus,
and precuneous for which we can assert with 95% confidence that there has been (at least) a
1.0%BOLD change raw effect.



able to confidently declare have fallen below the threshold. Since these are precisely
the (grey background) voxels that lie outside of the lower blue CSs, the volume of the
blue lower CSs also decreases.

Finally, in Figure B.1 and Figure B.2 the red upper CSs are compared with
the thresholded t-statisticmap (green-yellow voxels) obtained from applying a tradi-
tional one-sample t-test group-analysis to the 80 subjectsworkingmemory task con-
trast data, using a voxelwise FWE-corrected threshold of p < 0.05. Differences here
highlight howstatistical significancemaynot translate to practical significance;while
over 28,000 voxelswere declared as active in the thresholded t-statistic results, only
4,818 voxels were contained in the upper CS, indicating a percentage BOLD change
of at least 1.0%.

4.4 Discussion
4.4.1 Spatial Inference on%BOLDRaw Effect Size
Thorough interpretationofneuroimaging results requires anappreciationof theprac-
tical (as well as statistical) significance of differences through visualization of raw ef-
fect magnitudemaps withmeaningful units (Chen et al., 2017).

In this work, we have presented a method to create Confidence Sets for raw
effect sizemaps, providing formal confidence statementson regionsof thebrainwhere
the%BOLDresponsemagnitudehasexceededa specifiedactivation threshold, along-
side regions where the %BOLD response has not surpassed this threshold. Both of
these statements aremade simultaneously, and across the entire brain. This not only
enables researchers to infer brain areas that have responded to a task, but also al-
lows for inference on areas that did not respond to the task. In this sense, themethod
goes beyond statistical hypothesis testing, where the null-hypothesis of no activa-
tion can ‘fail to be rejected’, but never accepted. By operating on percentage BOLD
change units instead of t-statistic values, the Confidence Set maps present a clear
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and more direct interpretation of the biophysical changes that occur during a neu-
roimaging study, which can be distorted by the thresholded statisticmaps commonly
reported at the end of an investigation (Engel and Burton, 2013). In essence, the CSs
synthesize information that is usually provided separately in a raw effect size and
t-statistic map, determining practically significant effects in terms of effect magni-
tude, that are also reliable in terms of statistical significance traditionally given by
p-values in a statistic image. While in this work we have focused on BOLD fMRI, the
methods presented here are applicable to any neuroimaging measure that can be fit
in a group-level GLM.

The choice of threshold c is ultimately up to the user, and may depend on the
aims of the investigation. Researchersmay choose a threshold based on prior knowl-
edge of raw effect sizes observed in previous similar studies, and it is likely that lo-
calization of larger raw effects will be possible as sample sizes increase. Obtaining
the CSs for the Human Connectome Project contrast data in this work was compu-
tationally quick, each analysis taking no longer than a couple of minutes. Therefore,
one possible strategy is to evaluate a variety of different c’s on pilot or historical data
before fixing a value to use on a study of interest.

4.4.2 Analysis of HCP data and Simulation Results
In our analysis of theHCPworkingmemory task-fMRI dataset, we have primarily fo-
cused on activated areas localized by the red upper CS. However, the CSmaps in Fig.
4.15 and Fig. 4.16 also quantify the spatial precision of the point estimate ‘best guess
from the data’ yellow activation clusters. While so far we have described the Confi-
dence Sets in terms of the red and blue upper and lower CSs, we now highlight that
the set difference between the upper and lowers CSs acts as a confidence region it-
self; with 95% confidence, we can assert that the boundary of the point estimate set
(raw effect size > threshold; yellow voxels overlapped by red in Fig. 4.15 and Fig.
4.16) is completely contained within this region. The set difference region, visual-
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ized by blue and yellow voxels (but not red) in Fig. 4.15 and Fig. 4.16, anticipates how
the point estimate clustersmay fluctuate if the experimentwas to be repeated again.
From this perspective, the vast areas of the brain covered by blue in Fig. 4.15 and Fig.
4.16 demonstrate the high level of uncertainty in localizing a raw effect size of, for
example, 1.0% BOLD change, despite the large sample size of N = 80 used for the
HCP. The regions of greatest uncertainty were subcortical areas, covered by expan-
sive clusters of blue as seen in the axial slices displayed in Fig. 4.15 and sagittal slices
in Fig. 4.16. Large intersubject variability here may be explained by the high multi-
band acceleration factor used in the HCP scanning protocol, which is generally more
suited for scanning the cortex (Smith et al., 2013).

For the 2D simulations, the method achieved close to nominal coverage for
the circular signal, butperformed lesswell for the rampsignal, obtainingunder-coverage
for the trueboundarymethodandover-coverage for theestimatedboundarymethod.
We believe differences in the circle and ramp results are not due to changes in the
signal shape per se, but instead are caused by differences in the slope of each shape
close to the true boundary ∂Ac. Since the linear ramp signal has a shallower gradi-
ent at the true boundary compared to the circle, local changes in the observed signal
around the boundary are dominated by changes in the noise. Since the noise is more
wavey than the signal, the linear interpolation method for obtaining the boundary
is likely to be less accurate for the ramp, causing too many violations of the subset
condition, which may explain the under-coverage for the true boundary results seen
here.

For the 3D simulations, the method obtained over-coverage in all of our re-
sults. Here, thedegreeof over-coveragewas consistently larger for the smaller confi-
dence level of1−α = 0.80 in comparison to the larger confidence level of1−α = 0.95.
Notably, the over-coverage was also more severe for signals with a longer bound-
ary, such as the multiple spheres and Biobank signals, when compared to the Small
Sphere signal that had a shorter boundary length. One possible reason for this is that
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our proposed method for assessing coverage may still be missing instances where
violations of the subset condition Â+

c ⊂ Ac ⊂ Â–
c occur, causing the results to be

slightly positively biased. While our assessment method reduces the influence of
grid coarseness by sampling locations on the true continuous boundary ∂Ac, ulti-
mately we can still only assess coverage at a discrete set of points on a continuous
process. For signals with a longer boundary length, the set of sampled locations ob-
tainedwith the interpolationmethod is relatively less densewithin the true continu-
ous boundary, and thus it is more likely violations of the subset condition aremissed.
Over-coverage for smaller confidence levels may also be explained by this, as theo-
retically more violations should occur here, but these may be missed due to inaccu-
racies caused by the discreteness of the lattice. This line of reasoning is consistent
with Section 4.4 of SSS, where it was shown that coverage approached the nominal
level as the resolution of the grid was increased.

4.4.3 Methodological Innovations
In this work, we have advanced on the original methods applied in SSS. From a theo-
retical standpoint, we have proposed aWild t-Bootstrapmethod (dividing bootstrap
residuals by bootstrap standard deviation) to compute the critical quantile value k.
We have also introduced an interpolation scheme for obtaining the boundary and
assessing the simulation coverage results to reduce the influence of grid coarseness.
In Section 4.3.1, we demonstrated that applying the assessmentmethod in SSS could
lead to empirical coverage of close to 100%, suggesting that thismethodmay consid-
erably bias the simulation results upwards. When using our proposed assessment,
the Wild Bootstrap method suffered from under-coverage, most severely for small
sample sizes in the 3D setting of the large spherical signal presented in Fig. 4.8. This
was greatly remedied by the Wild t-Bootstrap method, for which empirical results
stayed close to the nominal target independent of sample size.

Our simulations using the original procedures may not seem consistent with
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the simulation results published in Figure 5 of SSS, where empirical coverage stayed
close to the nominal target. However, the signal-plus-noise models investigated to
test the performance of the CSs in SSS were much smoother than the synthetic sig-
nals considered to emulate fMRI data with this effort. By applying a larger degree of
smoothing, the signals used in SSS effectively had amuch higher resolution. Because
of this, it is likely the resolution issue presented in Fig. 4.3 was less critical, reducing
the positive bias in empirical coverage induced from using the original simulation as-
sessment procedure. Further evidence for this is provided in Figure 7 of SSS, where
they observed an increase in coverage after repeating their simulations on a coarser
lattice. In our simulation results in Section 4.3.1, the scale of under-coverage from
using the Gaussian Wild bootstrap method was much more severe for the 3D simu-
lation on the spherical signal in Fig. 4.8 compared with the 2D circular signal in Fig.
4.7. This may explain why the GaussianWild bootstrapmethod performed relatively
well in SSS, as only 2D signals were considered there.

4.4.4 Limitations
Theprincipal limitation of thiswork is one that is intentional and explicit: ourmethod
is for spatial inference onmaps of raw and not standardized effects, such as Cohen’s
d or partialR2 (t- orF -statistics, which scale with sample size, do not estimate popu-
lation quantities and are not suitable for making confidence statements). Evenwhen
scaled to percentage BOLD change, it has been shown that raw effects canmodulate
with acquisition parameters such as the scanner field strength or echo time (UIudag
et al., 2009). Users should therefore be cautious when combining effect estimates
from studies using heterogeneous acquisition setups, and clearly specify such dif-
ferences when reporting the results of any meta-analysis on raw effects. It is also
known that inhomogeneities in the vasculature of the brain is a cause of variation in
the BOLD response. Therefore, we recommend that any interpretation of %BOLD
change inferred from the CSs is referenced against a variance map or similar image
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that indicates the most venous brain regions. We note that each of these points are
general complications of raw effect sizes within fMRI, rather than issues with the
method proposed in this effort per se. Nevertheless, the use of standardized effect
estimates may help to remedy these problems.

The need for resampling to conduct inference is another limitation of this ef-
fort, especially given the big data motivation of this work. However, the bootstrap
is only conducted on the estimated boundary, ∂Âc, not the whole 3D volume, which
substantially reduces the computational burden. For very large datasets, techniques
for approximating empirical distributions can be used to improve the accuracy of the
estimation of k based on a smaller number (e.g.B = 500) of bootstrap samples (Win-
kler et al., 2016).
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CHAPTER5
Spatial Confidence Sets for Cohen’s d Effect Size Images

In Chapter 4, we extended on a method initially proposed by Sommerfeld, Sain, and
Schwartzman (2018) (SSS) to obtain Confidence Sets (CSs) for inference on %BOLD
change effect size maps. Unlike traditional hypothesis testing methods, where infer-
ence is only provided in terms of the presence of an effect, we developed the CSs to
make confidence statements about the precise brain regions where raw effect sizes
had surpassed, and fallen short of, a non-zero%BOLD threshold.

In this chapter, we set out to adapt the CSs for application to fMRI Cohen’s d
effect size images. For a one-sample t-test, theCohen’s d estimate is computed as the
sample mean effect size divided by the population standard deviation

(
i.e. d̂ = µ̂

σ̂

)
.

Therefore, in contrast to percentage BOLD, Cohen’s d provides an interpretation of
the effect magnitude in terms of standardized units. Standardized effects are ar-
guablymore appropriate for evaluation of functional imaging data, since the parame-
ter estimatesobtained froman fMRIanalysis are commonly reported inunits that are
essentially arbitrary. To acquire contrast estimates interpretable as %BOLD change
requires that the analysis data, analysis design and contrast vector are appropriately
normalized, and this rescaling is dependent on both the task paradigm and software
package used for the analysis (see Appendix A.1 for further discussion). While this
process can be cumbersome and susceptible to error, obtaining Cohen’s d images is
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relatively straightforward; due to the simple relationship connecting the Cohen’s d
estimator and the t-statistic, d̂ = t√

N
, Cohen’s d effect estimate maps can be eas-

ily obtained from the unthresholded t-statistic images reported within all the main
neuroimaging software packages. At the end of the previous chapter we discussed
further issues associated with raw effects, such as physiological factors and choices
in acquisitionparameters that can inducevariance in theBOLDsignal. For all of these
reasons, Cohen’s dmay provide a more interpretable measure of effect size with im-
proved comparability of functional results between studies.

The statistical characteristics of Cohen’s d effect sizemaps are fundamentally
different to the raw %BOLD images motivating the Confidence Sets in the previous
chapter. In this work, we derive the properties of Cohen’s d before proposing three
separate methods for computing CSs on Cohen’s d effect size images. Our ultimate
goal here is to provide a method of obtaining Cohen’s dCSs with adequate empirical
coverage performance on images representative of fMRI Cohen’s d effect size maps.

The remainder of this chapter is organized as follows: first, we contextualize
the problem of obtaining Confidence Sets for Cohen’s d images, exemplifying the key
differenceswhich distinguish Cohen’s d from the%BOLDeffect size. We then derive
properties of the Cohen’s d estimator, exploring how the methods developed in the
previous chapter can be modified to give a procedure for Cohen’s d images. From
this, we propose three separate algorithms to compute Cohen’s d CSs. We assess
the empirical coverage performance of each of these methods on 2D and 3DMonte
Carlo simulations, andfinally, present theCSs obtained fromapplying each algorithm
toHuman Connectome Project workingmemory task-fMRI data.

All aspects of this work were carried out under the supervision and mentor-
ship of Prof. ThomasNichols andDr. Armin Schwartzman. Theoretical aspects of this
work were developed in collaboration with Dr. Fabian Telschow.
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5.0.1 From%BOLD to Cohen’s d
For a compact domain S ⊂ RD , e.g. D = 3, for i = 1, ..., N consider the one-sample
model at location s ∈ S,

Yi(s) = µ(s) + εi(s), (5.1)

where Y1(s), ..., YN (s) are the observations at s, µ(s) is the true underlyingmean in-
tensity across the observations, and ε1(s), ..., εN (s) are i.i.d. mean-zero errors with
common variance σ2(s) and some unspecified spatial correlation. In Chapter 4, we
motivated themethod to obtain CSs in the context of a one-sample group-level fMRI
analysis for inference on the raw %BOLD change effect size. In this instance, µ(s)

represented the true mean %BOLD change across the group, and the CSs localized
brain regions to assert where µ(s) had exceeded, and fallen short of, a non-zero fixed
threshold c. Here, we instead seek to obtain CSs for the standardized Cohen’s d ef-
fect size defined as:

d(s) =
µ(s)

σ(s)
. (5.2)

Therefore, in this case we are interested in the excursion setAc where the true pop-
ulation Cohen’s d effect size surpasses the threshold c, defined as:

Ac = {s ∈ S : d(s) ≥ c}. (5.3)

SinceAc is unknown,wepursue amethod for constructing pairs of spatial CSs: an up-
per set Â+

c and a lower set Â–
c such that for a desired confidence level of, for example,

1− α = 95%, the CSs surround the true excursion setAc

(
i.e. Â+

c ⊂ Ac ⊂ Â–
c

)
. Con-

tingent on this, with 95% confidence we may assert that all voxels contained in the
upper CS Â+

c have a Cohen’s d effect size greater than, for example, c = 0.8, and si-
multaneously, we are95%confident all voxels outside the lowerCS Â–

c have aCohen’s
d effect size less than 0.8. Here, we emphasize the classic frequentist connotation of
the term ‘confidence’; letting ∂Ac denote the boundary ofAc, then precisely, there is
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a probability of 1−α that the region
(
Â–

c ∩
(
Â+

c

)c) computed from a future experi-
ment fully encompasses the true set boundary ∂Ac. In this sense, the upper CS taken
away from the lower CS

(
Â–

c ∩
(
Â+

c

)c) is similar to a standard confidence interval.
In Chapter 4, we adapted the mathematical theory first proposed in SSS to

obtain such a method for the mean %BOLD change µ(s). Let X̄(s) = 1
N

∑N
i=1 Yi(s),

the sample mean %BOLD change effect. Then subject to continuity of the relevant
fields and some basic conditions on the error terms εi(s), for the excursion set Ac,µ

of voxels with a true%BOLD effect size greater than c,

Ac,µ = {s ∈ S : µ(s) ≥ c}, (5.4)

we showed that for a critical constant k, the upper and lower CSs constructed as

Â+
c,µ :=

{
s : X̄(s) ≥ c+

k√
N
σ̂(s)

}
, Â–

c,µ :=

{
s : X̄(s) ≥ c− k√

N
σ̂(s)

}
(5.5)

asymptotically satisfied thedesiredpropertiesdescribedabove for themean%BOLD
change effect size. Further to this, weproposed aWild t-bootstrapmethod for deter-
mining the critical value k, and demonstrated that on applying this method the CSs
were also valid for data with smaller sample sizes.

We now seek to develop a similar methodology for the Cohen’s d effect size.
However, the statistical properties of the Cohen’s d estimator d̂(s) = X̄(s)

σ̂(s) are con-
siderably different to the sample mean X̄(s). To provide a visual intuition of this in
the case ofGaussian data, in Figure 5.1we display images of both of these fields from
a 2D simulation over a square region S = 100 × 100. ForN = 60 subjects, we simu-
lated a toy runof the signal-plus-noisemodel in (5.1)where the trueunderlying signal
µ(s)wasa linear rampeffect increasing fromamagnitudeof0 to10 in thex-direction
while remaining constant in the y-direction (Figure 5.1(a)). To the signal we added
subject-specific Gaussian noise εi(s) with a spatially constant standard deviation of
σ(s) = 1, smoothed using a 3 voxel FWHMGaussian kernel. Notably, in this setup the
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true Cohen’s d field d(s)was identical to µ(s).
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(a) The true underlying signal µ(s) = d(s),
a linear ramp increasing from 0 to 10 in the
x-direction.
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(b) The samplemean field X̄(s)
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(c) The sample Cohen’s d field d̂(s) = X̄(s)
σ̂(s)

Figure 5.1: Visualizing the differences between the sample mean and sample Cohen’s d field
from the 2D simulation. While the sample mean image appears to be uniformly smooth
across the region, the sample Cohen’s d field becomes rougher from left-to-right.

In Figure 5.1(b) and Figure 5.1(c) we show the sample mean and sample Co-
hen’s dfields from this simulation. While the samplemean image is uniformly smooth
across the space, theCohen’s dfield becomesmore speckled from left-to-right. Com-
paring the sample fields with the true underlying signal, readings in each column of
the sample mean image appear to be evenly centred around the true underlying ef-
fect size. This is not the case for the estimated Cohen’s d image, where looking at
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the far right column, an appreciable quantity of values are close to 12 when the true
underlying effect sizewas 10. Altogether, this suggests that themoments of the sam-
ple Cohen’s dmay be dependent on the true underlying effect size. In the following
section we will derive the limiting properties of the Cohen’s d estimator for Gaus-
sian data, before proposing our theoretical adjustments to themethods presented in
Chapter 4 to obtain CSs for Cohen’s d effect size images.

5.0.2 Limiting Properties of the Cohen’s d Estimator
Motivated by the example in Fig. 5.1, we now consider the one-samplemodel

Yi(s) = µ(s) + εi(s), i = 1, ..., N (5.6)

for i.i.d. Gaussian data Y1(s), ..., YN (s) ∼ N (µ(s), σ2(s))with samplemean and stan-
dard deviation:

X̄(s) =
1

N

N∑
i=1

Yi(s), σ̂2(s) =
1

N

N∑
i=1

(
Yi(s)− X̄(s)

)2
. (5.7)

Wewish tounderstand the limiting structureof theCohen’sdestimator d̂(s) =

X̄(s)
σ̂(s) . Applying themultivariate central limit theorem, X̄(s) and σ̂(s) have joint limit-
ing distribution:

√
N
((
X̄(s), σ̂(s)

)
−
(
µ(s), σ(s)

))
→ N

(
0,Σ(s)

)
, (5.8)

where
Σ(s) =

σ2(s) 0

0 σ2(s)
2

 . (5.9)

Applying the multivariate delta method to (5.8) with the function f(x, y) = x√
y , this
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yields
√
N

(
X̄(s)

σ̂(s)
− µ(s)

σ(s)

)
→ N

(
0, 1 +

µ2(s)

2σ2(s)

)
. (5.10)

Therefore, the limiting field of the Cohen’s d estimator d̂(s) is asymptotically normal
with asymptotic variance 1 + d2(s)

2 . As alluded to in the previous section, it is notable
that unlike the sample mean, the asymptotic variance of the Cohen’s d estimator is
dependent on the underlying true effect size.

We will now assume that the errors are i.i.d., ε1(s), ..., εN (s) ∼ ε(s), where
ε(s) is a mean zero Gaussian random field such that for all s, t ∈ S:

Cov[ε(s), ε(t)] = σ(s)σ(t)ρ(s, t), (5.11)

where ρ(s, t) is the Pearson correlation coefficient. In this case, we can also derive
the covariance of the limiting distribution. Consider the vector,



Yi(s)

(Yi(s)− µ(s))2

Yi(t)

(Yi(t)− µ(t))2


, (5.12)

which hasmean
(
µ(s), ε2(s), µ(t), ε2(t)

)
and covariancematrix

Σ(s, t) =



σ2(s) 0 σ(s)σ(t)ρ(s, t) 0

0 2σ4(s) 0 2σ2(s)σ(t)2ρ2(s, t)

σ(s)σ(t)ρ(s, t) 0 σ2(t) 0

0 2σ2(s)σ2(t)ρ2(s, t) 0 2σ4(t)


.

(5.13)
By implementing the multivariate central limit theorem once again, from above we
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deduce the asymptotic joint distribution
√
N
((
X̄(s), σ̂2(s), X̄(t), σ̂2(t)

)
−
(
µ(s), σ2(s), µ(t), σ2(t)

))
→ N

(
0,Σ(s, t)

)
.

(5.14)
Applying themultivariatedeltamethodwith the function g(x1, y1, x2, y2) =

(
x1√
y1
, x2√

y2

)
yields

√
N

((
X̄(s)

σ̂(s)
,
X̄(t)

σ̂(t)

)
−

(
µ(s)

σ(s)
,
µ(t)

σ(t)

))
→ N

(
0,Σ∗(s, t)

)
, (5.15)

where

Σ∗(s, t) =

 1 + d2(s)
2 ρ(s, t) + ρ2(s, t)d(s)d(t)

2

ρ(s, t) + ρ2(s, t)d(s)d(t)
2 1 + d2(t)

2

 . (5.16)

In the upcoming section, we will use these properties to motivate a construc-
tion for Cohen’s dConfidence Sets.

5.0.3 Spatial Confidence Sets for Cohen’s d Effect Size Images
Once again, consider the model outlined at the start of Section 5.0.1. For clarity, we
reiterate that the spatial CSs for the raw %BOLD change field µ(s) of focus in our
previous work took the form

Â+
c,µ :=

{
s : X̄(s) ≥ c+

k√
N
σ̂(s)

}
, Â–

c,µ :=

{
s : X̄(s) ≥ c− k√

N
σ̂(s)

}
, (5.17)

where k was determined via a Wild t-bootstrap procedure. Such a construction of
the CSs wasmotivated by the limiting properties of the field

M(s) =
√
N · X̄(s)− µ(s)

σ̂(s)
. (5.18)

In particular, letting ∂Ac,µ denote the boundary of Ac,µ defined in (5.4), then on a
neighbourhood U of ∂Ac,µ, it was shown in SSS that M(s) converges weakly to a
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smooth Gaussian field G(s) on U with mean zero, unit variance, and with the same
(unknown) spatial correlation as each of the εi.

In the previous section, for the model given in (5.6) we derived the pointwise
convergence of the function

N(s) =
√
N · d̂(s)− d(s)√

1 + d2(s)
2

(5.19)

to a Gaussian field G(s)withmean zero, unit variance, and covariance structure

Cov[G(s),G(t)] =
ρ(s, t) + ρ(s, t)2 d(s)d(t)

2√(
1 + d(s)2

2

)(
1 + d(t)2

2

) . (5.20)

This suggests a natural analog to the construction of CSs in (5.17) for the Cohen’s d
effect size given by

Â+
c,d :=

{
s : d̂(s) ≥ c+ k√

N

√
1 +

d̂2(s)

2

}
, Â–

c,d :=

{
s : d̂(s) ≥ c− k√

N

√
1 +

d̂2(s)

2

}
.

(5.21)
Ideally, we wish to apply the sameWild t-bootstrap procedure described in Section
4.1.2 of Chapter 4 to approximate the limiting field G in order to determine k. How-
ever, we will now show that such an approach is not viable for Cohen’s d, before
proposing a modified procedure to solve the problem. Going forward our focus will
primarily be on the Cohen’s d effect size, and thus for brevity, we will drop the sub-
script from our notation and refer to the Cohen’s d CSs above as Â+

c and Â–
c respec-

tively.

5.0.4 Modified Residuals for the Cohen’s dWild t-bootstrap
In SSS, it was shown that the limiting coverage of the CSs for the %BOLD effect size
µ(s) is governed by the maximum distribution of the limiting Gaussian fieldG(s) on
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the boundary ∂Ac,µ, such that

lim
n→∞

P

[
Â+

c,µ ⊂ Ac,µ ⊂ Â–
c,µ

]
= P

[
sup

s∈∂Ac,µ

|G(s)| ≤ k

]
. (5.22)

Since the limiting Gaussian field G(s) is unknown, in Chapter 4 we implemented a
Wild t-bootstrap procedure to approximate G(s) on the boundary ∂Ac,µ. Defining
the standardized residuals,

ε̃i(s) =
Yi(s)− X̄(s)

σ̂(s)
, (5.23)

then theWild t-bootstrap approximating field is given by

G̃∗(s) =
1√
N

N∑
i=1

r∗i
ε̃i(s)

σ̂∗(s)
, (5.24)

where the r∗i are i.i.d. Rademacher variables, and σ̂∗(s) is the standard deviation of
the current realization of bootstrapped residuals r∗i ε̃i(s). The asterisk (∗) indicates
that G̃∗(s) is one of many bootstrap samples; in practice, we would obtain a large
numberB of bootstrap samples G̃∗(s), andapproximatek as the (1−α)100percentile
of theB suprema sups∈∂Âc

|G̃∗(s)|.
While this method is valid in regards to %BOLD change, for Cohen’s d we

demonstrate that asymptotically the correlation structure of the approximating field
G̃∗(s) is incorrect. Consider again the Gaussian model in Section 5.0.2. In this in-
stance, the covariance of the approximating field is:

Cov[G̃∗(s), G̃∗(t)] =
1

N

N∑
i,j=1

ε̃i(s)ε̃j(t)

σ̂∗(s)σ̂∗(t)
Cov[ri, rj ]

=
1

N
· 1

σ̂∗(s)σ̂∗(t)
· 1

σ̂(s)σ̂(t)

N∑
i=1

(Yi(s)− X̄(s))(Yi(t)− X̄(t))

→ ρ(s, t), (5.25)
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where we note that since the standardized residuals ε̃i(s) are asymptotically Gaus-
sian with unit variance, the bootstrap estimate of the standard deviation of the stan-
dardized residuals σ̂∗(s) also converges pointwise to 1. Comparing this with the cor-
relation structure of the true limiting fieldG(s) given in (5.20), letting d(s) = d(t) and
setting q = d2(s)

2 ≥ 0, we observe that:

Cov[G(s),G(t)] =
ρ(s, t) + ρ2(s, t)d(s)d(t)

2√(
1 + d2(s)

2

)(
1 + d2(t)

2

) = ρ(s, t)
1 + ρ(s, t)q

1 + q
≤ ρ(s, t). (5.26)

Therefore, the limiting covariance of the approximating field overestimates the co-
variance function of G(s).

To solve this, we implement a Taylor expansion transformation recently pro-
posed in Telschow and Davenport (2019) to construct modified residuals with the
desired limiting properties. Motivated by the delta method procedures used in Sec-
tion 5.0.2, an estimation of the residual field for a single subject i is given by:

Ei(s) =
Yi(s)

Yi(s)− µ̂(s)
− µ̂(s)

σ̂(s)
= f

(
Yi(s), (Yi(s)− µ̂(s))2

)
− f

(
µ̂(s), σ̂2(s)

)
, (5.27)

where the function f(x, y) = x√
y . A first-order Taylor expansion of f(x, y) about the

point
(
µ̂(s), σ̂2(s)

)
yields the approximating Cohen’s d residuals:

Ri(s) = ∇f(µ̂(s), σ̂2(s))

((
Yi(s), (Yi(s)− µ̂(s))2

)
−
(
µ̂(s), σ̂2(s)

))ᵀ

=
Yi(s)− µ̂(s)

σ̂(s)
− µ̂(s)

2σ̂(s)

((
Yi(s)− µ̂(s)

)2
σ̂2(s)

− 1

)
. (5.28)

Normalizing by the estimated standard deviation of the limiting field G(s), we obtain
themodified standardized residuals:

R̃i(s) =
Ri(s)√
1 + d̂2(s)

2

. (5.29)
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In Telschow and Davenport, they prove that the limiting covariance of R̃i(s) is equal
to the covariance function of G(s). Therefore, a modification of (5.24) leads us to the
Cohen’s d version of theWild t-bootstrap approximating field,

G̃∗(s) =
1√
N

N∑
i=1

r∗i
R̃i(s)

σ̂∗(s)
, (5.30)

where now σ̂∗(s) is the standard deviation of the bootstrapped Cohen’s d residuals
r∗i R̃i(s).

While normalization of the Ri(s) by an estimator of the standard deviation
of G(s) provides us with residuals that have the correct limiting properties, for ap-
plication to fMRI data we are compelled to optimize the performance of the method
for smaller sample sizes. In this regard, it may be preferable to standardize theRi(s)
using an estimator tailored to the sample. Noting that the sample mean of the ap-
proximating residuals, X̄R(s) = 1

N

∑N
i=1Ri(s), is equal to zero for allN , letting

σ̂2
R(s) =

1

N

N∑
i=1

R2
i (s), (5.31)

then an alternative to (5.29) is to normalize the Cohen’s d residuals by their sample
standard deviation so that

R̃i(s) =
Ri(s)

σ̂R(s)
. (5.32)

These standardized residuals could then be used for the Wild t-bootstrap approxi-
mating field given in (5.30). In this case, the sample standard deviation should also
be accounted for in the formation of theCSs, suggesting an alternate construction to
(5.21) given by

Â+
c :=

{
s : d̂(s) ≥ c+

k√
N
σ̂R(s)

}
, Â–

c :=

{
s : d̂(s) ≥ c− k√

N
σ̂R(s)

}
. (5.33)

In Section 5.1.1, we assess the performance of the CSs on synthetic data when the
residuals are standardized using either the estimated limiting variance

√
1 + d̂2(s)

2 or

139



the sample standard deviation σ̂R(s).

5.0.5 FinitePropertiesof theCohen’sdEstimatorandaVariance-stabilizing
Transformation

Up to now, we have used the limiting properties of the Cohen’s d estimator to moti-
vate two possible constructions for Cohen’s d CSs ((5.21) and (5.33)). In this section,
we will draw our attention to the distributional properties of d̂(s) for finite samples
to make further improvements on these methods, as well as develop another novel
procedure for obtaining CSs based on Gaussianizing the distibution of d̂(s).

Again, assuming the Gaussian model described in Section 5.0.2, we observe
that the Cohen’s d estimator can be expressed in the form:

d̂ =
X̄

σ̂
=

1√
N
· X̄

σ̂/
√
N

=
1√
N
·

X̄−µ
σ/
√
N

+ µ

σ/
√
N√(

σ̂2

σ2/(N−1)

)
/(N − 1)

. (5.34)

Since X̄−µ
σ/
√
N
is normally distributed with unit variance and zero mean, and σ̂2

σ2/(N−1)

follows a chi-square distribution with N − 1 degrees of freedom, from the RHS of
the equality we see that √Nd̂ is characterized by a noncentral t-distribution with
noncentrality parameter √Nd and N − 1 degrees of freedom. It is known that the
noncentral t is asymmetric unless µ = 0; in general, the size of the asymmetry scales
with the magnitude of the noncentrality parameter and is inversely proportional to
the degrees of freedom. Therefore, we expect the distribution of the Cohen’s d es-
timator to be highly skewed when the true effect size is large and the sample size is
small. This conflicts with the symmetric construction of the upper and lower CSs Â+

c

and Â–
c given in (5.21) and (5.33), suggesting that the coverage performance of these

twomethodsmay decline in such situations.
To account for skewness, we adapt amethodoriginally proposed in Laubscher

(1960) to stabilize the variance of the noncentral t, transforming to a distribution
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which is approximately Gaussian, and hence, symmetric.

Theorem 1. Assume the one-sample Gaussian model described in Section 5.0.2. For fixed
N , let:

a =

√
N − 1

N − 3
, b =

√
8N2 − 17N + 11

(N − 3)(4N − 5)2
,

and define
α =

1

b
, β =

a

b
.

Then for b∗ =
√
Nb, α∗ = α√

N
, and β∗ =

√
Nβ, define the transformation f : R→ R as:

f
(
d̂
)

=
√
N

[
α∗ arcsinh

(
β∗d̂

)
− α∗ arcsinh

(
β∗d

(
1− 3

4N − 5

)−1
)

+
1

2N
b∗2

(
d

(
1− 3

4N − 5

)−1
)(

N − 1

N − 3
+Nd2

(
8N2 − 17N + 11

16(N − 3)(N − 2)2

))− 1
2
]
.

(5.35)

Then the random variable f(d̂) has, approximately, zero mean and unit variance.
Proof. We closely follow the workings given in the ‘2. Noncentral t.’ section of Laub-
scher (1960). We have shown that√Nd̂ is distributed by a noncentral t-distribution
with noncentrality parameter√Nd̂ andN − 1 degrees of freedom. Defining:

CN =

√
N − 1

2

Γ
(
N−2

2

)
Γ
(
N−1

2

) , (5.36)

where Γ is the gamma function, then the expectation and variance of√Nd̂ are:

E
[√

Nd̂
]

=
√
NdCN , (5.37)

Var
[√

Nd̂
]

=
N − 1

N − 3
+Nd2

(
N − 1

N − 3
− C2

N

)
. (5.38)
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It is known thatCN is well-approximated by the polynomial

CN ≈

(
1− 3

4N − 5

)−1

. (5.39)

Substituting into equations (5.37) and (5.38), we deduce approximations of the ex-
pectation and variance of√Nd̂,

E
[√

Nd̂
]
≈
√
Nd

(
1− 3

4N − 5

)−1

= m1, (5.40)

Var
[√

Nd̂
]
≈ N − 1

N − 3
+Nd2

(
8N2 − 17N + 11

16(N − 3)(N − 2)2

)
= m2. (5.41)

Now, noting that:
m2

1 = Nd2 (4N − 5)2

16(N − 2)2
, (5.42)

thenm2 can be expressed in the form

m2 = a2 + b2m2
1, (5.43)

where a =
√

N−1
N−3 , b =

√
8N2−17N+11

(N−3)(4N−5)2 . Using the variance expression in (5.43) and
applying Corollary 1. in Laubscher, the approximate variance-stabilizing transforma-
tion of√Nd̂ is given by

ψ
(√

Nd̂
)

=

∫ √Nd̂
0

(
a2 + b2x2

)− 1
2
dx

= α arcsinh

(
β
√
Nd̂

)
, (5.44)

where α = 1
b and β = a

b . The quadratic Taylor approximation of ψ
(√

Nd̂
)
about the

pointm1 is given by
ψ
(√

Nd̂
)
≈ ψ(m1)− 1

2
b2m1m

− 1
2

2 . (5.45)
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Therefore, the random variable:

g
(√

Nd̂
)

= ψ
(√

Nd̂
)
− ψ(m1) +

1

2
b2m1m

− 1
2

2 (5.46)

will have, approximately, mean zero and unit variance. Substituting the precise ex-
pressions forψ,m1, andm2 into (5.46) yields

g
(√

Nd̂
)

= α arcsinh

(
β
√
Nd̂

)
− α arcsinh

(
β
√
Nd

(
1− 3

4N − 5

)−1
)

+
1

2
b2

(
√
Nd

(
1− 3

4N − 5

)−1
)(

N − 1

N − 3
+Nd2

(
8N2 − 17N + 11

16(N − 3)(N − 2)2

))− 1
2

.

(5.47)

At this point, we have established a variance-stabilizing transformation in terms of
√
Nd̂, when in practice, we require a transformation in terms of the Cohen’s d esti-

mator d̂. This is possible by applying a change of variables to b, α and β. Defining
b∗ =

√
Nb,α∗ = 1

b∗ = 1√
N
α, and β∗ = b∗

a =
√
Nβ, substituting into (5.47) obtains the

desired transformation:

g
(√

Nd̂
)

:= f
(
d̂
)

=
√
N

[
α∗ arcsinh

(
β∗d̂

)
−α∗ arcsinh

(
β∗d

(
1− 3

4N − 5

)−1
)

+
1

2N
b∗2

(
d

(
1− 3

4N − 5

)−1
)(

N − 1

N − 3
+Nd2

(
8N2 − 17N + 11

16(N − 3)(N − 2)2

))− 1
2
]
.

(5.48)

Numericalworkpresented inLaubscher (1960) shows that the90thpercentile
value of f

(
d̂
)
in (5.48) closely estimates φ−1(0.9) for a range of true effect sizes d

when the sample size is larger than 40. This suggests that, formoderate sample sizes,
the distribution of f

(
d̂
)
is approximately Gaussian.

An immediate observation from the proof of Theorem1. is that the estimated
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expectation of d̂ is
E
[
d̂
]
≈ d
(

1− 3

4N − 5

)−1

, (5.49)

and therefore, unlike the samplemean, theCohen’s d estimator is biased. To improve
the performance of the CSs for small sample sizes, this bias should be accounted for
in the formulation of the CSs. This leads to a bias-corrected version of the CS con-
struction in (5.21) given by

Â±c :=

{
s : d̂(s) ≥ c

(
1− 3

4N − 5

)−1

± k√
N

√
1 +

d̂2(s)

2

}
, (5.50)

and similarly, a bias-corrected version of the alternate construction in (5.33) given by

Â±c :=

{
s : d̂(s) ≥ c

(
1− 3

4N − 5

)−1

± k√
N
σ̂R(s)

}
. (5.51)

Additionally, for any application to real data, the Wild t-Bootstrap described in Sec-
tion 5.0.4 must be applied over an approximation of the boundary ∂Ac = {s ∈ S :

d(s) = c}. Taking into consideration the bias of the Cohen’s d estimator, we will
therefore use the plug-in boundary:

∂Âc =

{
s ∈ S : d̂(s) = c

(
1− 3

4N − 5

)−1
}
. (5.52)

Finally, by the monotonicity of the mapping x 7→ α∗ arcsinh

(
β∗x

)
, another possi-

bility is to construct the CSs in the transformed domain f(S). From Theorem 1, the
transformed CSs are constructed as

Â±c =

{
s : α∗ arcsinh

(
β∗d̂(s)

)
≥ α∗ arcsinh

(
β∗c

(
1− 3

4N − 5

)−1)

− 1

2N
b∗2

(
c

(
1− 3

4N − 5

)−1
)(

N − 1

N − 3
+Nc2

(
8N2 − 17N + 11

16(N − 3)(N − 2)2

))− 1
2

± k√
N

}
.

(5.53)
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In this case, the Cohen’s d residuals given in (5.28) for theWild t-Bootstrapmust also
be modified. An estimation of the transformed residual field for a single subject i is
given by

Ei(s) = α∗ arcsinh

(
β∗

Yi(s)

Yi(s)− µ̂(s)

)
− α∗ arcsinh

(
β∗
µ̂(s)

σ̂(s)

)

= h
(
Yi(s), (Yi(s)− µ̂(s))2

)
− h
(
µ̂(s), σ̂2(s)

)
, (5.54)

where the functionh(x, y) = α∗ arcsinh

(
β∗ x√

y

)
. Similarly to themethods applied in

Section 5.0.4, a first-order Taylor expansion of h(x, y) about the point
(
µ̂(s), σ̂2(s)

)
obtains the transformed Cohen’s d residuals

R̃i(s) = ∇h(µ̂(s), σ̂2(s))

((
Yi(s), (Yi(s)− µ̂(s))2

)
−
(
µ̂(s), σ̂2(s)

))ᵀ

=
α∗β∗√

1 + β∗2 µ̂
2(s)
σ̂2(s)

(
Yi(s)− µ̂(s)

σ̂(s)
− µ̂(s)

2σ̂(s)

((
Yi(s)− µ̂(s)

)2
σ̂2(s)

− 1

))
. (5.55)

In practice, the critical value k in (5.53) is computed by applying theWild t-Bootstrap
over ∂Âc using the transformed Cohen’s d residuals given above for the bootstrap
approximating field in (5.30).

For coherence, we will now formalize the complete procedures to obtain CSs
for each of our three proposed CS constructions in (5.50), (5.51), and (5.53).

5.0.6 Three Algorithms for Computing Cohen’s dCSs
Based on our derivations up to this point, we give three algorithms to compute Co-
hen’s d CSs for data modelled within the one-sample model in Section 5.0.1. While
the first two algorithms are similar, the key difference separating these methods is
the estimator of the variance used in the formation of the CSs and for standardizing
the Cohen’s d residuals. We first describe Algorithm 1., wherewe use 1 + d̂2(s)

2 as the
estimator of the variance,motivated by the variance of the limiting fieldG(s) derived
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in Sections 5.0.2 and 5.0.3.
Algorithm 1. For observations Y1(s), ..., YN (s)modelled by the one-sample linear model
in (5.1), the following procedure yields CSs for theCohen’s d image d̂(s) = µ̂(s)

σ̂(s) correspond-
ing to a fixed threshold c and confidence level (1− α)%.
1. For each observation, Yi(s), let ε̂i(s) denote the residual field, ε̂i(s) = Yi(s)− µ̂(s).
Then compute the Cohen’s d residuals as

Ri(s) =
ε̂i(s)

σ̂(s)
− µ̂(s)

2σ̂(s)

(
ε̂2i (s)

σ̂2(s)
− 1

)
.

2. Normalize theCohen’sd residuals by the estimated limiting standard deviation of the
Cohen’s d image to obtain the standardized residuals,

R̃i(s) =
Ri(s)√

1 + µ̂2(s)
2σ̂2(s)

.

3. Draw N i.i.d. Rademacher variables r∗1, ..., r∗N , and compute the Wild t-Bootstrap
approximating field,

G̃∗(s) =
1√
N

N∑
i=1

r∗i
R̃i(s)

σ̂∗(s)
,

where σ̂∗(s) is the bootstrap standarddeviation of the bootstrapped residuals r∗i R̃i(s).
4. Obtain the value k∗ = sups∈∂Âc

|G∗(s)|, using the bias-corrected estimator of the
boundary ∂Âc =

{
s ∈ S : d̂(s) = c

(
1− 3

4N−5

)−1
}
.

5. For a large number of bootstrap replications B repeat steps 3. and 4., obtaining the
empirical distribution of the absolute maximum KB = {k∗1, ..., k∗B}. Compute k as
the (1− α) percentile ofKB .

6. Obtain the Cohen’s d CSs,

Â±c :=

{
s : d̂(s) ≥ c

(
1− 3

4N − 5

)−1

± k√
N

√
1 +

d̂2(s)

2

}
.
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We now describe Algorithm 2. Here, we use the sample variance of the Co-
hen’s d residuals σ̂2

R(s) as the variance estimator, motivated by our workings in Sec-
tion 5.0.4.

Algorithm 2. For observations Y1(s), ..., YN (s)modelled by the one-sample linear model
in (5.1), the following procedure yields CSs for theCohen’s d image d̂(s) = µ̂(s)

σ̂(s) correspond-
ing to a fixed threshold c and confidence level (1− α)%.
1. For each observation, Yi(s), let ε̂i(s) denote the residual field, ε̂i(s) = Yi(s)− µ̂(s).
Then compute the Cohen’s d residuals as

Ri(s) =
ε̂i(s)

σ̂(s)
− µ̂(s)

2σ̂(s)

(
ε̂2i (s)

σ̂2(s)
− 1

)
.

2. Normalize the Cohen’s d residuals by their sample standard deviation to obtain the
standardized residuals,

R̃i(s) =
Ri(s)

σ̂R(s)
.

3. Draw N i.i.d. Rademacher variables r∗1, ..., r∗N , and compute the Wild t-Bootstrap
approximating field,

G̃∗(s) =
1√
N

N∑
i=1

r∗i
R̃i(s)

σ̂∗(s)
,

where σ̂∗(s) is the bootstrap standarddeviation of the bootstrapped residuals r∗i R̃i(s).
4. Obtain the value k∗ = sups∈∂Âc

|G∗(s)|, using the bias-corrected estimator of the
boundary ∂Âc =

{
s ∈ S : d̂(s) = c

(
1− 3

4N−5

)−1
}
.

5. For a large number of bootstrap replications B repeat steps 3. and 4., obtaining the
empirical distribution of the absolute maximum KB = {k∗1, ..., k∗B}. Compute k as
the (1− α) percentile ofKB .
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6. Obtain the Cohen’s d CSs,

Â±c :=

{
s : d̂(s) ≥ c

(
1− 3

4N − 5

)−1

± k√
N
σ̂R(s)

}
.

Finally, wedescribeAlgorithm3. Basedon thederivations in Section5.0.5, we
transform the estimated Cohen’s d image to a field which is approximately Gaussian.
This is done to stabilize the variance and remove the skewof theCohen’s d estimator,
which may adversely effect the performance of the CSs. By the monotonicity of the
transformation, the CSs obtained using this method are valid for inference on the
true (un-transformed) Cohen’s d effect size.

Algorithm 3. For observations Y1(s), ..., YN (s)modelled by the one-sample linear model
in (5.1), the following procedure yields CSs for theCohen’s d image d̂(s) = µ̂(s)

σ̂(s) correspond-
ing to a fixed threshold c and confidence level (1− α)%.
1. For each observation, Yi(s), let ε̂i(s) denote the residual field, ε̂i(s) = Yi(s)− µ̂(s).
Then compute the transformed, variance-stabilized Cohen’s d residuals as

R̃i(s) =
α∗β∗√

1 + β∗2 µ̂
2(s)
σ̂2(s)

(
Yi(s)− µ̂(s)

σ̂(s)
− µ̂(s)

2σ̂(s)

((
Yi(s)− µ̂(s)

)2
σ̂2(s)

− 1

))
.

2. Draw N i.i.d. Rademacher variables r∗1, ..., r∗N , and compute the Wild t-Bootstrap
approximating field,

G̃∗(s) =
1√
N

N∑
i=1

r∗i
R̃i(s)

σ̂∗(s)
,

where σ̂∗(s) is the bootstrap standarddeviation of the bootstrapped residuals r∗i R̃i(s).
3. Obtain the value k∗ = sups∈∂Âc

|G∗(s)|, using the bias-corrected estimator of the
boundary ∂Âc =

{
s ∈ S : d̂(s) = c

(
1− 3

4N−5

)−1
}
.

4. For a large number of bootstrap replications B repeat steps 3. and 4., obtaining the
empirical distribution of the absolute maximum KB = {k∗1, ..., k∗B}. Compute k as
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the (1− α) percentile ofKB .
5. Obtain the Cohen’s d CSs,

Â±c =

{
s : α∗ arcsinh

(
β∗d̂(s)

)
≥ α∗ arcsinh

(
β∗c

(
1− 3

4N − 5

)−1)

− 1

2N
b∗2

(
c

(
1− 3

4N − 5

)−1
)(

N − 1

N − 3
+Nc2

(
8N2 − 17N + 11

16(N − 3)(N − 2)2

))− 1
2

± k√
N

}
.

(5.56)

5.1 Methods
5.1.1 Simulations
In this section we describe the settings used to evaluate the performance of each of
the three algorithms for obtainingCohen’s dCSs on synthetic data. For eachmethod,
we simulate 3000 independent samples of the Gaussian one-samplemodel

Yi(s) = µ(s) + εi(s), i = 1, ..., N

using a rangeof signalsµ(s), Gaussian noise structures εi(s)with stationary andnon-
stationary variance σ2(s), in two- and three-dimensional regions S. To compute the
critical value k, we apply the given method’s Wild t-Bootstrap procedure with B =

5000 bootstrap samples on the estimated boundary ∂Âc that must be used for appli-
cation to real data. Weobtain theboundaryusing the linear interpolationmethodde-
scribed in Section 4.1.3 of Chapter 4. We then then compute the empirical coverage
– thepercentageof trials that the true thresholded signal is completely containedbe-
tween the upper and lowers CSs

(
i.e. the number of times forwhich Â+

c ⊂ Ac ⊂ Â–
c

)
– using the interpolation assessment method described in Section 4.1.4 of Chapter
4. In each simulation, we apply the given method to sample sizes ofN = 60, 120, 240

and 480, and using three nominal coverage probability levels 1 − α = 0.80, 0.90 and
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0.95.

5.1.2 2D Simulations
We analyzed the performance of the three algorithms to obtain Cohen’s d CSs on a
square regionof size 100×100. For the trueunderlying signalµ(s)weconsidered two
different raw effects: first, a linear ramp that increased from amagnitude of 0 to 1 in
the x-directionwhile remaining constant in the y-direction. Second, a circular effect,
created by placing a circular phantom of magnitude 1 and radius 30 in the centre of
the search region, whichwas then smoothed using a 3 voxel FWHMGaussian kernel.
If we were to assume that each voxel had a size of 2mm3, we note that this would
amount to applying smoothingwith a 6mmFWHMkernel, a fairly typical setting used
in fMRI analyses.

To each of these signals we added subject-specific Gaussian noise εi(s), also
smoothedusinga3voxel FWHMGaussiankernel,withhomogeneousandnon-homogeneous
variance structures: thefirst noisefieldhada spatially constant standarddeviationof
1, and therefore in this case the true Cohen’s d effect was identical to the underlying
signal µ(s). The second field had a linearly increasing standard deviation structure in
the y-direction from√0.5 to√1.5while remaining constant in the x-direction. Thus,
the variance of this noise field spatially increased in the y-direction from 0.5 to 1.5 in
a non-linear fashion.

The true Cohen’s d fields d(s) for the linear ramp signal with homogeneous
andheterogeneousnoise are shown inFigure5.2. The correspondingCohen’sdfields
for the circular signal are shown in Figure 5.3. Altogether, for the three algorithms,
the twounderlying signals and twonoise sources gaveus12 separate trials; across all
of the simulations, we obtained Cohen’s dConfidence Sets for the noise-free cluster
Ac at a cluster-forming threshold of c = 0.8. In Chapter 2.2 of Cohen (2013), d = 0.8

was classified as a ‘large effect’; for group-level analyses of large-sample fMRI data
with ample statistical power (such as the HCP or UK Biobank), effect sizes of this
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(a) The Cohen’s d field d(s) for the linear
ramp signal µ(s) and homogeneous noise
structure.
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(b) The Cohen’s d field d(s) for the linear
ramp signal µ(s) and heterogeneous noise
structure.

Figure 5.2: The two Cohen’s d effects corresponding to the linear ramp signal µ(s). On the
left, the subject-specific Gaussian noise field εi(s) has a spatially constant standard devia-tion of 1, and therefore d(s) = µ(s). On the right, εi(s) had a spatially increasing standarddeviation structure in the y-direction (from top-to-bottom), while remaining constant in the
x-direction.
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(a) The Cohen’s d field d(s) for the circular
signal µ(s) and homogeneous noise struc-
ture.
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(b) The Cohen’s d field d(s) for the circular
signal µ(s) and heterogeneous noise struc-
ture.

Figure 5.3: The two Cohen’s d effects corresponding to the circular signal µ(s). On the left,
the subject-specific Gaussian noise field εi(s) has a spatially constant standard deviation of1, and therefore d(s) = µ(s). On the right, εi(s) had a spatially increasing standard devi-ation structure in the y-direction (from top-to-bottom), while remaining constant in the x-
direction.



magnitudemay be used to assess brain areas where practically significant activation
has occurred.

5.1.3 3D Simulations
Four signal types µ(s) were considered to analyze the performance of the three al-
gorithms in three dimensions. The first three of these signals were generated syn-
thetically on a cubic region of size 100 × 100 × 100: firstly, a small spherical effect,
created by placing a spherical phantom of magnitude 1 and radius 5 in the centre of
the search region, whichwas then smoothed using a 3 voxel FWHMGaussian kernel.
Secondly, a larger spherical effect, generated identically to the first effect with the
exception that the spherical phantom had a radius of 30. Lastly, we created an effect
by placing four spherical phantoms of magnitude 1 in the region of varying radii and
then smoothing the entire image using a 3 voxel FWHMGaussian.

Each of the images were rescaled after smoothing to have a maximum inten-
sity of 1. For the small and large spherical effect an imagewise rescaling was applied,
where all locations in the smoothed map were divided through by the maximum in-
tensity across the region. For the final effect, because parts of the four spherical
phantomsoverlappedafter smoothing, the signal intensities in these regions summed
to greater than 1. In this case, we rescaled the smoothed map by reducing the in-
tensities in these areas to have a magnitude of 1 while leaving the rest of the image
untouched.

Similar to the two-dimensional simulations, for the three signals described
above we added 3-voxel smoothed Gaussian noise with homogeneous and hetero-
geneous variance structures. The first noise field had a spatially constant standard
deviation of 1, while the second field had a linearly increasing standard deviation in
the z-direction from√0.5 to√1.5, while remaining constant in both the x- and y- di-
rections. As demonstrated for the 2D simulations in Figures 5.2 and 5.3, this lead to
two different true Cohen’s d effect-size images d(s) corresponding to the homoge-
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(b) Large Sphere
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(c) Multiple Spheres
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(d) UK Biobank

Figure 5.4: Four of the Cohen’s d fields d(s) used for the 3D simulations. In (a) to (c), we
show the Cohen’s d field for the three different spherical effects µ(s) when Gaussian noise
with spatially homogeneous standard deviation was added to the signal. In (d) we show the
Cohen’s d field corresponding to the UK Biobank full mean and standard deviation images.
Note that the colormap limits for the first three Cohen’s d effect-size images are from 0 to 1,
while the colormap limits for the UKBiobank image is from -0.8 to 0.8.



neous and heterogeneous standard deviation fields σ(s) used for the noise.
For the final signal type, we took advantage of big data that has been made

available through theUKBiobank in an attempt to generate an effect that replicated
the true %BOLD change induced during an fMRI task. We randomly selected 4000
subject-level contrast of parameter estimate resultmaps fromtheHariri Faces/Shapes
task-fMRI data collected as part of the UK Biobank brain imaging study. Full de-
tails on how the data were acquired and processed is given in Miller et al. (2016),
Alfaro-Almagro et al. (2018) and the UK Biobank Showcase; information on the task
paradigm is given in Hariri et al. (2002). From these contrast maps, we computed a
group-level full mean and full standard deviation image. In the final simulation, we
used the group-level Biobankmean image as the true underlying signal µ(s) for each
subject, and the full standard deviation image was used for the standard deviation
of each simulated subject-specific Gaussian noise field εi(s) added to the true signal.
Because of the considerably large sample size of high-quality data fromwhich these
maps have been obtained, we anticipate that both of these images are highly rep-
resentative of the true underlying fields that they approximate. Both images were
masked using an intersection of all 4000 of the subject-level brain masks.

Once again, we smoothed the noise field using a 3 voxel FWHMGaussian ker-
nel; as the Biobank maps were written with voxel sizes of 2mm3, this is analogous to
applying 6mmFWHMsmoothing to the noise field of the original data.

In Figure 5.4, we show the true underlying Cohen’s d fields for the three syn-
thetic 3D effects with homogeneous noise structure, and the Cohen’s d field cor-
responding to the UK Biobank full mean and standard deviation. For all four signal
types, we obtained Cohen’s dConfidence Sets for the threshold c = 0.8.

5.1.4 Application to Human Connectome Project Data
To provide a real-data demonstration of the three methods proposed in this work,
we computed Cohen’s d CSs on 80 participants data from the Unrelated 80 pack-

154



age released as part of the Human Connectome Project (HCP, S1200 Release) us-
ing all three algorithms described in Section 5.0.6. Cohen’s d CSs were obtained for
the subject-level 2-back vs 0-back contrast maps from the working memory task re-
sults includedwith theHCP dataset. For a comparisonwith standard fMRI inference
procedures, we also performed a traditional statistical group-level analysis on the
data. A one-sample t-test was carried out in SPM, using a voxelwise FWE-corrected
threshold of p < 0.05 obtained via permutation test with SPM’s SnPM toolbox. De-
tails about HCP’s scanning protocol and data-analysis pipeline alongside a descrip-
tion of the working memory task are provided in Section 4.2.4 of Chapter 4. Mirror-
ing themethods used in the previous chapter, we applied additional smoothing to the
final contrastmaps tomimic images smoothed using a 6mmFWHMGaussian kernel.
This is a more typical degree of smoothing applied to functional data than the 4mm
kernel originally used in the HCP analysis pipeline.

5.2 Results
5.2.1 2D Simulations
Empirical coverage results for each of the three algorithms are presented for the lin-
ear ramp signal in Figure 5.5 and for the circular signal in Figure 5.6. In both figures,
on the top row we display the coverage results obtained when the standard devi-
ation field of the noise was homogeneous across the region (corresponding to Fig.
5.2(a) for the linear ramp, Fig. 5.3(a) for the circle), and on the bottom rowwe display
theequivalent resultswhen the standarddeviationfieldwas spatially heterogeneous
(Fig. 5.2(b) and Fig. 5.3(b) for the linear ramp and circle respectively). Coverage re-
sults obtained with Algorithm 1. are displayed with a red curve, Algorithm 2. with a
blue curve, and Algorithm 3. with amagenta curve.

For the linear ramp, across all confidence levels 1 − α = 0.80, 0.90, and 0.95

wegenerally observedvalid over-coverage for all three algorithms, particularlywhen
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Figure 5.5: Coverage results for the linear ramp signal, with homogeneous (top row) and het-
erogeneous (bottom row) Gaussian noise structures. For large sample sizes the empirical
coverage performance of all three algorithms was similar, hovering slightly above the nomi-
nal level in all simulations. ForN = 60 the degree of over-coverage became larger for Algo-
rithm 1., while empirical coverage for Algorithm 2. fell below the nominal target. Algorithm
3. performed best, with all results remaining particularly close to the nominal target level for
simulations using a 95% confidence level (right plots).
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Figure 5.6: Coverage results for the circular signal, with homogeneous (top row) and hetero-
geneous (bottom row) Gaussian noise structures. All algorithms performed very well, and
unlike the linear ramp, empirical coverage for all three methods converged quickly towards
the nominal level. For smaller sample sizes there was a slight degree of over-coverage, most
noticeably for simulations using the 80% nominal target. Overall, Algorithm 2. performed
marginally better than the other twomethods, and Algorithm 1. performed the worst.



larger sample sizes were used. In all plots, it appears that the coverage rates for the
three algorithms are converging to the same value, slightly above the nominal tar-
get. Specifically, for the nominal target level of 80%, in both the homogeneous and
heterogeneous cases all empirical results seem to be converging to around 88% (Fig.
5.5, left-side plots). For the 95% target, the scale of disagreement between the em-
pirical results and the nominal target is smaller; here, all coverage results hover close
to 96% forN = 240 and 480 (Fig. 5.5, right-side plots).

While for larger sample sizes theperformanceof all three algorithmswas sim-
ilar, therewas greater disparity between themethods for simulations using the small
sample size of N = 60. Here, the empirical coverage results for Algorithm 1. were
consistently higher than the other twomethods, and at the same time, results for Al-
gorithm 2. were always the smallest. Notably, unlike the other twomethods, the em-
pirical coverage rate for Algorithm 2. fell below the nominal level in all simulations
with a sample size ofN = 60.

For the circular signal, on thewhole all threemethods performed verywell. In
this instance, almost all empirical results for Algorithm 2. and Algorithm 3. lay within
the 95% confidence interval of the nominal coverage rate (blue and magenta curves
sandwichedbetweenblackdashed lines for all plots inFig. 5.6),withAlgorithm2. per-
forming marginally better. While we observed slight over-coverage with the three
methods forN = 60, most substantially in simulations using the 80% nominal target
(Fig. 5.6, left-side plots), empirical coverage converged towards the nominal level for
all three algorithms.

Finally, the use of homogeneous or heterogeneous noise in the model had
minimal impact on any of the algorithm’s empirical coverage performance for either
of the signals. This is exemplified in Figs. 5.5 and 5.6, where in both cases the homo-
geneous coverage plots presented in the top row are almost identical to the corre-
sponding heterogeneous plots shown below.
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5.2.2 3D Simulations
Empirical coverage results for each of the three algorithms are presented in Figures
5.7, 5.8, 5.9 and 5.10 respectively for each of the four 3D signal types displayed in
Fig. 5.4 (small sphere, large sphere, multiple spheres, UK Biobank). For the spherical
effects (Figs. 5.7, 5.8 and 5.9), on the top row we display the coverage results ob-
tained when the standard deviation field of the noise was homogeneous across the
region, and on the bottom row we display the equivalent results when the standard
deviationfieldwas spatially heterogeneous. For theUKBiobank signal (Fig. 5.10), the
full standard deviation image computed from the UK Biobank data was used for the
standard deviation field of the noise, and hence in this case there is only one row of
results. Once again, coverage results obtainedwith Algorithm1. are displayedwith a
red curve, Algorithm 2. with a blue curve, and Algorithm 3. with amagenta curve.

Across all 3D simulations, we observed consistencies between the results ob-
tained with each of the three algorithms: in general, empirical coverage for all meth-
ods came above the nominal target, and similar to the 2D simulations, the extent of
over-coverage was smaller when a larger confidence level was used. Comparing the
three methods, coverage results for Algorithm 1. were considerably higher than the
other twomethods, particularly when a small sample size and confidence level were
used. For the ‘large sphere’ and ‘multiple spheres’ signal types, Algorithm 1. suffered
with over-coverage of above 15% in simulations with a sample of size ofN = 60 and
a nominal target level of 80% (Figs. 5.8 and 5.9, left-side plots). For both of these sig-
nals, therewas still a considerable amountof over-coveragewhen larger sample sizes
ofN = 120, 240 and (to a lesser degree) 480were used. On the other hand, Algorithm
2. and Algorithm 3. performed similarly in large sample sizes across all simulations,
with empirical coverage results coming slightly above the nominal target. Notably,
both of these algorithms performed very well for simulations with a 95% nominal
target level (all figures, right-side plots). Differences between these two methods
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Figure 5.7: Coverage results for the small sphere signal type, with homogeneous (top row)
and heterogeneous (bottom row) Gaussian noise structures. In general, empirical coverage
remained above the nominal level across all simulations, and for the 95% confidence level
(right plots), the results of all threemethods fell close to thenominal target. Allmethodswere
robust as to whether the subject-level noise had homogeneous or heterogeneous variance
structure. Because of this, there are minimal differences comparing the plots between both
rows.
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Figure 5.8: Coverage results for the large sphere signal type, with homogeneous (top row)
and heterogeneous (bottom row) Gaussian noise structures. Compared with the small
sphere results displayed in Fig. 5.8, empirical coverage resultswere higher for all threemeth-
ods here. Algorithm 1. suffered from a particularly large degree of over-coverage for simula-
tions with a small sample size. Coverage performance for Algorithm 2. and Algorithm 3. was
closer in resemblance to the corresponding small sphere results, with Algorithm 2. perform-
ing slightly better. This suggests that both of these methods are fairly robust to changes in
the boundary length.
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Figure 5.9: Coverage results for the multiple spheres signal type, with homogeneous (top
row) and heterogeneous (bottom row) Gaussian noise structures. Algorithm 2. and Algo-
rithm 3. both performed well, particularly for the 95% confidence level, where coverage lev-
els remained in the vicinity of the 95% confidence interval of the nominal target. While Al-
gorithm 2. was closer to the nominal target for N = 60, in some cases empirical coverage
went slightly below the nominal level. In comparison to the other two methods, Algorithm
1. suffered from a large degree of over-coverage, which slightly improved as the sample size
increased.
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Figure 5.10: Coverage results for the UK Biobank signal type, where the full standard de-
viation image was used as the standard deviation of the subject-level noise fields. Cover-
age results here were similar to the results for the multiple spheres signal type shown in Fig.
5.9. Once again, both Algorithm 2. and Algorithm 3. performedwell, with empirical coverage
rates hovering above the nominal target for large sample sizes, while results for Algorithm 1.
came further above the nominal level.



weremore distinguished for smaller sample sizes ofN = 60 and 120, where coverage
results for Algorithm 2. weremoderately less than Algorithm 3. Consequentially, Al-
gorithm2.’s results came closer to the nominal target here, although for the ‘multiple
sphere’ and ‘UK Biobank’ signal types, in some cases Algorithm 2.’s results fell below
the nominal level (Figs. 5.9 and 5.10). Overall, empirical coverage for Algorithm 3.
was themost uniform of the threemethods with respect to changes in sample size.

Comparing Figs. 5.7 and 5.8, we observed a slight deterioration in the perfor-
mance of all three algorithms when moving from the small sphere signal type to the
large sphere. In particular, results obtained from applying the three methods to the
large sphere fell further above the nominal target relative to the small sphere. This
wasmost severe for Algorithm 1., where differences between the two sets of results
were larger than 10% for the 80% confidence level (Figs. 5.7 and 5.8, left-side plots).
These differences were comparatively marginal for Algorithm 2. and Algorithm 3.,
where we observed only a slight increase in empirical coverage. This would suggest
that both of thesemethods are fairly robust to changes in the boundary length.

Finally, the use of homogeneous or heterogeneous noise in the model once
again had very little impact on the performance of all three algorithms. Neverthe-
less, for simulations with small sample sizes, a heterogeneous noise structure led to
a slight decrease in the empirical coverage results for Algorithm 2. and Algorithm 3.
(Figs. 5.7, 5.8 and 5.9, left-side plots).

5.2.3 Human Connectome Project
Cohen’s dConfidence Sets obtained by applyingAlgorithm3. to 80 subjects’ contrast
data from the Human Connectome Project are shown in Figure 5.11. CSs computed
on the samedata usingAlgorithm1. andAlgorithm2. are displayed in FiguresC.1 and
C.2 respectively. For eachfigure,wedisplay theCSsobtained fromapplying the spec-
ified algorithmwith three separate thresholds, c = 0.5, 0.8, and 1.2. These three Co-
hen’s d effect sizes were classified asmedium, large, and very large in Cohen (2013).
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Threshold c Sagittal (X = 28) Coronal (Y = 4) Axial (Z = 52)

0.5 Cohen’s d

R                                            L                    R                                            L                    

0.8 Cohen’s d

R                                            L                    R                                            L                    

1.2 Cohen’s d

R                                            L                    R                                            L                    

Figure 5.11: Slices views of the Cohen’s d Confidence Sets obtained from applying Algo-
rithm 3. to the HCPworking memory task data, using three Cohen’s d effect size thresholds,
c = 0.5, 0.8 and 1.2. The upper CS Â+

c is displayed in red, and the lower CS Â–
c in blue. Yel-low voxels represent the point estimate set Âc, the best guess from the data of voxels thathave surpassed theCohen’s d threshold. The red upperCS has localized regions in the frontal

gyrus, paracingulate gyrus, angular gyrus, cerebellum and precuneus which we can assert
with 95% confidence have attained (at least) a 0.5 Cohen’s d effect size.
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Threshold c Sagittal (X = 28) Coronal (Y = 4) Axial (Z = 52)

0.5 Cohen’s d

R                                            L                    R                                            L                    

0.8 Cohen’s d

R                                            L                    R                                            L                    

1.2 Cohen’s d

R                                            L                    R                                            L                    

Figure 5.12: Comparing the upper Confidence Sets computed with Algorithm 3. on the HCP
working memory task data (same slice views as Fig. 5.11) with the thresholded t-statistic re-
sults obtained by applying a traditional group-level one-sample t-test, voxelwise p < 0.05
FWE correction (green-yellow voxels). While the thresholded statistic map contains a single
cluster covering a sizable portion of the parietal lobe across both hemispheres (axial slices),
the upper CSs have localized the precise areas of the precuneus and anglur gyrus where we
can confidently declare a Cohen’s d effect size of at least 0.5. This demonstrates how the CSs
can provide improved spatial specificity in determining regions with practically significant
activation.



In the topplot of Fig. 5.11, the redupperCSs localizedbrain regionswithin the
frontal cortex that are commonly associatedwithworkingmemory. This included ar-
eas of the superior frontal gyrus (left and right, all slices), middle frontal gyrus (left,
coronal slice), paracingulate gyrus (left and right, axial slice) and insular cortex. Other
brain areas encapsulated inside the upper CS were the angular gyrus (left and right,
axial slice), cerebellum (left and right, sagittal slice) and precuneus (left and right, ax-
ial slice). For all these regions, the method identified clusters of voxels where we can
assert with 95% confidence there was a Cohen’s d effect size greater than 0.5.

By increasing the threshold to c = 0.8 (Fig. 5.11, middle plot), there was a
shrinking of both the blue lower CSs and red upper CSs. Therefore, while we can
confidently declare amedium effect size in all of the brain areas identified above, the
quantity of voxels within each region that we can proclaim to have a large effect size
is considerably smaller. In the case of the right cerebellar hemisphere (left, sagit-
tal slice) and insular cortex, the upper CS vanished completely, indicating that the
method did not locate any voxels in these regions where we can assert a Cohen’s d
effect size greater than 0.8.

For the largest threshold assessed, c = 1.2, the red upper CS was empty, and
hencewe can not assert any region of the brain to to have attained a very large effect
size. Notably, the yellow point estimate set contains a small but appreciable num-
ber of voxels, signifying that based on the data alone, these voxels were estimated to
have a Cohen’s d effect size greater than 1.2. Conversely, the large quantity of (grey
backgroud) voxels lying outside the blue lower CS in Fig. 5.11 imply an effect size less
than 1.2 across the vast majority of the brain.

In Figure 5.12, the red upper CSs computed with Algorithm 3. are compared
with the thresholded t-statistic map (green-yellow voxels) obtained from applying a
one-sample t-test group-analysis to the 80 subjects’ contrast data, using a voxelwise
FWE-corrected threshold of p < 0.05. This figure demonstrates the improved spa-
tial specificity that can be provided with the CSs in comparison with the traditional
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approach. Specifically, while the thresholded statistic map contains one large clus-
ter covering a sizeable portion of the parietal lobe across both brain hemispheres,
the red upper CSs pinpoint precise areas in the precuneus and angular gyrus where
a practically significant medium (or large) Cohen’s d effect size can be inferred (Fig.
5.12, axial slices).

5.3 Discussion
5.3.1 Spatial Inference on Cohen’s d Effect Size
To fully appreciate the outcomes of a neuroimaging study, information about the
magnitude (as well as presence) of effects must be reported at the end of an investi-
gation. It is only with this knowledge that one can truly determine the practical rele-
vance (and potential clinical importance) of any discoveriesmadeduring the analysis.
In thiswork,wehavepresented threemethods to createConfidenceSets forCohen’s
d effect size maps, providing formal confidence statements on regions of the brain
where the Cohen’s d effect size has exceeded a specified activation threshold, along-
side regions where the effect size has not surpassed this threshold. Both of these
statements are made simultaneously across the entire brain, enabling researchers
to pinpoint the precise regions where meaningful differences have occured as well
as identifying areas that have not responded to the task. This is in contrast to the
traditional statistical approach, where a p-value can only quantify the compatibility
between the observed data and what would be expected under the null-hypothesis
of no activation, andno information is provided about the effect sizewhenafinding is
deemed to be statistically significant. Since the p-value is confounded by the sample
size of the study, it is not possible to implement a similar framework to obtain Con-
fidence Sets for statistic images; as sample sizes increase p-values also become arbi-
trarily large, until ultimately there is enough statistical power to determine even the
smallest of effects as statistically significant. On the other hand, as theCohen’s dCSs
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are computedusingestimatesof theeffect strength, for larger samplesweexpect the
red upper CS to closely approximate the population parameterAc representing the
set of voxels with a true population effect magnitude above a purposeful activation
threshold c.

The use of Confidence Sets for inference on effect sizemay also help to allevi-
ate issues associatedwith hypothesis testing for studieswith lower statistical power.
Specifically, for studieswith small sample sizes it has been reported that applying tra-
ditional inferenceprocedures can lead to spurious or irreproducible resultswith con-
siderably inflated observed effect sizes (Poldrack et al., 2017; Cremers et al., 2017).
In regards to the latter, this is often caused by a form of selection bias known as the
‘winners curse’ (Reddan et al., 2017; Button et al., 2013), whereby voxels whose ob-
served effect size has exceeded their expected performance are intrinsically more
likely to be determined as statistically significant. This becomes a problem asmagni-
tudes are commonly reported only for significant voxels, a practice that leads to pos-
itively biased effect estimates. Our analysis results from the Human Connectome
Project dataset exemplify how the CSs can help to resolve this issue. In Fig. 5.11, the
yellow point estimate ‘best guess from the data’ clusters identified a number of vox-
els with aCohen’s d effect size greater than 1.2 thatwere also included in the thresh-
olded statistic map obtained from applying a one-sample t-test, voxelwise p < 0.05

FWE correction (Fig. 5.12). However, by synthesizing information about the effect
magnitude as well as the reliability of the estimate, the CSs presented in Fig. 5.11 af-
firm that there are in fact no voxels that can be confidently declared to have an effect
size larger than 1.2. On the contrary, only a handful of brain regions were contained
in the red upper CS asserting a Cohen’s d effect size exceeding 0.5 for theHCPwork-
ingmemory task data.

In our previous effort we described a method to obtain CSs for unstandard-
ized percentage BOLD change maps, rather than the Cohen’s d images that have
served as our main focus here. The use of Cohen’s d instead of %BOLD is likely to be
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advantageous due to complications associated with the BOLD effect, and at a more
rudimentary level, the difficulties involved in obtaining percentageBOLDchange im-
ages. While all of the main fMRI software packages provide contrast of parame-
ter estimate maps, each of the three most widely-used analysis packages (AFNI, FSL
& SPM) scale the raw data differently; the parameter estimates are often given in
arbitrary units which deviate between packages. Conversion to percentage BOLD
change therefore requires a software-dependentnormalization,whereonemust take
into consideration how to appropriately scale the data, design matrix and analysis
contrasts. While this can be cumbersome and prone to human error, conversion to
Cohen’s d is relatively simple. Due to the straightforward relationship between the
Cohen’s d effect size and the t-statistic

(
d̂ = t√

N

)
, users can easily generate Co-

hen’s d images from the unthresholded t-statistic maps outputted by all the main
neuroimaging packages. As discussed in our previouswork,%BOLDeffect sizes have
also been shown to modulate according to acquisition parameters such as the scan-
ner field strength or MRI pulse sequence, and inhomogenieties in vascularity be-
tween different brain regions can cause further variation in the BOLD response. For
all of these reasons, theCohen’s dCSmapsmay also bemore suitable for comparison
between studies.

In this work, we have used classifications of the Cohen’s d effect size as ini-
tially suggested inCohen (2013), describing0.5 as a ‘medium’ effect, 0.8 as ‘large’, and
1.2 as ‘very large’. While these benchmarks provide basic descriptors of effect size, in
general we recommend that users take appropriate steps to contextualize what sort
of magnitude constitutes a meaningful finding in their own study. Users should fac-
tor in the aims of their investigation, the quality of the study and, if possible, the ef-
fect sizes reported in similar previous efforts before choosing a threshold. Obtaining
theCSs for theHumanConnectomeProject contrast data in thisworkwas computa-
tionally quick, with each analysis taking less than one minute for all three proposed
algorithms. Therefore, one possible strategy is to evaluate a variety of different c’s
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on pilot or historical data before fixing a value to use on a study of interest.

5.3.2 Three Algorithms for Cohen’s dConfidence Sets
In this work, we have theoreticallymotivated three algorithms for obtaining Cohen’s
d CSs. Our simulation results in Sections 5.2.1 and 5.2.2 have demonstrated differ-
ences in the coverage performance for each of these algorithms. Across all sets of
simulation results, empirical coverage for Algorithm1. came above the nominal level,
with particularly severe over-coverage for 3D simulations carried out on large syn-
thetic signals when small sample sizes were used (Figs. 5.7, 5.8 and 5.9). The cause
for such poor performance here is likely to be due to the variance term used to con-
struct the CSs in Algorithm 1. Recalling the derivations in Section 5.0.2, the variance
term

√
1 + d̂2(s)

2 used for Algorithm 1. was chosen as an estimator of the variance
of the limiting Gaussian field G(s). Therefore, while we expect this term to correctly
approximate the variance of the bootstrap approximating field asymptotically, our
theory provides no indication about the accuracy of this term in small samples. The
over-coverage seen in our simulation results suggests that this term overestimates
the true variance of the approximating fieldwhen the sample size is low. While there
was some improvement in Algorithm 1.’s results asN increased, even for the largest
sample size we analyzed, N = 480, empirical coverage for the other two methods
was consistently closer to the nominal target level.

Algorithm 2. and Algorithm 3. performed well in all of our 2D and 3D simu-
lations. For simulations using a 95% confidence level, the empirical coverage perfor-
mance of these two methods was remarkably similar for N ≥ 120 (in most cases,
slightly above the nominal target). It is therefore difficult to conclude which method
should be implemented in practice. For our 3D simulations (Figs. 5.7 to 5.10), Algo-
rithm 2.’s empirical coverage results fell slightly closer to the nominal level in most
cases. However, the results for Algorithm 3. were more robust to changes in sample
size; for the UK Biobank and multiple spheres simulations (Figs. 5.9 and 5.10), the
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empirical coverage performance for Algorithm 3. was relatively uniform in terms of
sample size, while Algorithm 2.’s coverage fell below the nominal level for N = 60.
This may imply a further drop-off in performance for Algorithm 2. on data with sam-
ple sizes below 60, suggesting that Algorithm 3. could be favourable here.

Froma theoretical standpoint, thevariance-stabilizing transformationapproach
used in Algorithm 3. assumes that the observations are Gaussian, while this is some-
what relaxed for Algorithm 2., where the bootstrap is applied to estimate the stan-
dard deviation directly from the data. While this supports that Algorithm 2. may be
preferable for non-Gaussian data, in our Human Connectome Project analyses the
CSs maps obtained using both methods (Fig. 5.11 for Algorithm 3., Fig. C.2 for Al-
gorithm 2.) were virtually identical, indicating that both methods could be equally
effective for fMRI data with sample sizes on the order of the HCP.
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CHAPTER6
Conclusion and FutureWork

In this thesis, we have focussed our attention on some of the key issues at the fore-
frontof task-based functionalmagnetic resonance imaging (fMRI).Ourworkhasbeen
carriedout at apivotalmoment in thefield’s history, during theemergenceofpopulation-
size neuroimaging studies that are delivering functional data on an unprecedented
scale. While fMRI has traditionally been a small data enterprise, where sample sizes
of 20 to 30 subjects are common for a task-based study, datasets such as the UK
Biobank and Human Connectome Project are now giving researchers the opportu-
nity to analyze fMRI data acquired from tens of thousands of participants. Popula-
tion neuroimaging projects promise to transform our understanding of brain func-
tion, and are already yielding rich results (Miller et al., 2016; David C. Van Essen,
2016). However, the arrival of these datasets has also made this a critical time to
reassess the current analysis methods implemented for task-based fMRI, as well as
presenting new questions about how to appropriately analyze data of such magni-
tude.

The challenges posed by the big data revolution have guided all aspects of this
effort. With thepluralityof tools and techniquesbeingapplied toanalyzepopulation-
size datasets, there has been a growing apprehension within the field about the de-
gree of analytic variability across neuroimaging results. In Chapter 3, we helped ad-
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dress these concerns in regards to variation between fMRI analysis software. By
reanalyzing three publicly available fMRI datasets in the three most popular anal-
ysis packages, we ultimately demonstrated the fragility of group-level fMRI results
dependent on the software package chosen to analyze the data. Our main contri-
bution here was the measurement of inter-software differences using a variety of
quantitativemethods. Dice coefficients, Bland-Altmanplots andEulerCharacteristic
curves illuminated disparities between the final group-level statistic maps obtained
with each analysis package in terms of the location, magnitude and topology of each
software’s activation profile.

Our findings that weak effectsmay not generalize across software have high-
lighted the need for further examination of pipeline-related variation. While here
we focussed on the statistic maps obtained at the end of an analysis, a limitation of
this approach was that it meant our comparisons reflected the net accumulation of
differences across the entire pipeline, rather than diagnosing the precise procedures
where the greatest variation between software transpired. In futureworkweplan to
carry out additional analyses on the three datasets used in this effort, implementing
a common preprocessing strategy before utilizing procedures from different pack-
ages in the remaining stages of the analysis. This will distinguish whether the largest
sources of software-variability are during the preprocessing or statistical modelling
of fMRI data, prompting a further assessment of individual procedures to find areas
where the three packages can be harmonised.

Alternatively, on thebasis that eachanalysis package represents apeer-reviewed
and valid analytic strategy, another line of work may include the development of
techniques to synthesize inconsistent findings. While meta-analysis methods are
routinely used in fMRI to aggregate data from separate studies, our setting is unique
as all results are obtained by analyzing a single source dataset within multiple soft-
ware packages. Therefore, unlike a traditional meta-analysis, any inter-result varia-
tion is solely due to methodological differences between analysis software. As part

174



of futurework,we look toexpandoncurrent approaches todevelopa series of ‘same-
data meta-analysis’ techniques. By accounting for the correlation between individ-
ual statistic maps obtained from numerous analyses of a single dataset, we hope to
establish methods that can provide a calibrated, consensus result across software.
These sort of techniques may benefit further efforts to combine data from replica-
tion studies, suchas theNeuroimagingAnalysis Replication andPrediction Study (Botvinik-
Nezer et al., 2019), where a single fMRI dataset has been analyzed bymultiple teams
worldwide.

In the second part of this thesis, we shifted our attention to themethods car-
ried out for fMRI inference. Once again, big data played a key role in motivating this
work; the introduction of population fMRI datasets have shed light on the practical
limitations of current statical inference methods, providing ample power such that
traditional testing methods essentially declare whole-brain activation. To overcome
this, we endeavoured to develop a method that bypassed statistical testing to make
inference on the practical effect sizes of interest.

InChapter4,weextendedon recentworkbySommerfeld, Sain, andSchwartz-
man (2018) (SSS) to compute Confidence Sets (CSs) on fMRI %BOLD change maps,
providing confidence statements about brain regionswhere%BOLD effect sizes had
exceeded, and fallen short of, a non-zero cluster-forming threshold. In this work, we
discovered that themethods used to evaluate empirical coverage for the simulations
carried out in SSS had biased the results upwards. By developing a more accurate
assessment procedure based on linear interpolation, we demonstrated that the ap-
proach for computing CSs described in SSS could suffer from under-coverage when
applied to3Dsynthetic datawithmoderate sample sizes. To remedy this, we adapted
the method to incorporate a Wild t-Bootstrap and the use of Rademacher variables
for multiplication of the bootstrapped residuals. Across a range of 2D and 3D simu-
lations, we showed that empirical coverage performance for ourmodified procedure
remained close to the nominal target level, suggesting that the method could be ef-
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fectively applied to fMRI %BOLD data.
In Chapter 5, we made further advancements on the Confidence Sets for ap-

plication to fMRI Cohen’s d effect size images. By deriving the statistical character-
istics of the Cohen’s d estimator, we explored how the methods studied in Chapter
4 could be adapted to compute Cohen’s d CSs. One of our main contributions here
was the development of a transformation to normalize the distribution of the sample
Cohen’s d, motivating a procedure for obtaining Cohen’s d CSs in the transformed
domain. Altogether, we formulated three separate algorithms to compute Cohen’s d
CSs. By testing our methods on 2D and 3DMonte Carlo simulations, we found that
two of these procedures performed particularly well. In the final part of this work,
we demonstrated the Cohen’s d CSs on Human Connectome Project working mem-
ory task-fMRI data, and by comparing the CSs with statistical results obtained using
a traditional inference procedure, we showed how the CSs can provide an improved
localization of meaningful effects.

While in this work we have focussed on CSs, recently an increased amount of
attention has been given to developing methods that estimate simultaneous confi-
dence bands for functional data (Degras, 2017; Telschow and Schwartzman, 2019). A
future study may investigate how confidence bands could be applied to fMRI effect
size maps, similar in vein to the work carried out here on Confidence Sets. Whereas
the CSs localize brain regions to assert where effect sizes exceed (and fall short of)
a threshold, the purpose of the confidence bands would be to envelope the activa-
tion across the entire brain. This would provide information about the maximum and
minimum effect sizes in an image, that could then be used, for example, to determine
an appropriate threshold for computing CSs. Finally, while Cohen’s d is commonly
applied in fMRI to estimate effect sizes following a t-test, partial R2 is also used to
assess group-level results when multiple predictors are tested (e.g. with an F -test).
As an extension on the methods developed here, a generalization of the Confidence
Sets for application to fMRI partialR2mapsmay therefore be desirable.
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APPENDIXA
Software Comparison SupplementaryMaterial

A.1 Percentage BOLD changeMaps
While each of the three software packages provide contrast of parameter estimate
maps (going forth “contrast estimate”), the units of the analysis differs between soft-
ware. We first review the issue of units for fMRI, before detailing howwe addressed
this issue for each software package.

Raw fMRI data has arbitrary units, and a normalization step is required to
produce effect estimates that are both comparable across subjects and give an in-
terpretable magnitude of the BOLD effect. The final units of the contrast estimates
depend on how the data, designmatrix and contrast vectors are scaled.

Consider arbitrary first level data at a voxelY (N -vector) and an fMRI design
matrixX (N × P matrix), related by E(Y ) = Xβ, where β (P -vector) are the re-
gression coefficients and the effect of interest is cβ̂, where c (P -row-vector) is the
contrast. The following scaling is needed to ensure interpretable contrasts of param-
eter estimates.

• Data: The data needs to be scaled so that 1 unit change corresponds to 1%
BOLD change,

Y ∗ =
100

B
Y (A.1)
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whereB is an estimate of themean or baseline.

• Design: The design needs to be scaled such that a unit change in a coefficient
gives rise to a unit effect change in the fitted data,

X∗ =
1

h
X (A.2)

where h is the (assumed common) predictor baseline-to-peak (or baseline-to-
plateau for long blocks).

• Contrast: The contrast needs to be scaled to preserve the units of the coeffi-
cients,

c∗ =
1

s
c, (A.3)

where s is the sum of the positive contrast elements (or, if all elements are less
than zero, minus the sum of the negative elements).

The ideally scaled data, design and contrast gives rise to the contrast estimate
c∗β̂∗ which we can relate to the arbitrarily scaled data:

c∗β̂∗ = c∗(X∗>X∗)−1X∗>Y ∗

=
100h

Bp
c(X>X)−1X>Y

=
100h

Bp
cβ̂. (A.4)

This scaling is described in terms of first-levelmodels, but can be applied to a second-
level contrast estimate if the values of h,B and p are the same for all subjects.

In AFNI, a localized (i.e. voxelwise) approach is taken to overcome this hurdle
(Chen et al., 2017). By including the ‘scale’ block in our subject-level analysis scripts,
each voxel’s time series was normalized (in our notation, using a voxelwise B) to a
voxelwise mean of 100 for all subjects. Scaling of the design matrix is conducted im-
plicitlywithinAFNI, and as the sumof the contrast elementswas 1 in all our analyses,
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no contrast scalingwasnecessary. Becauseof this, the effect estimatemapsobtained
at the group-level in our AFNI analyses could be directly interpreted as percentage
BOLD changemaps.

In FSL and SPM a global (i.e. brain-wide) approach is taken for data scaling,
so that the modelled data (Y ) has a typical mean value of B = 100 for SPM, and
B = 10, 000 for FSL. In practise, it is known that SPM can underestimate the global
mean intensities of each subject, leading to a grand mean intensity larger than 100
(Nichols, 2012). To account for this, in SPM we calculatedB empirically by comput-
ing the mean image of all subject-level functional maps and then finding the median
value over subjects. We computed h directly for the block design (ds000109) and
based on an isolated event for the event-related design (ds00001); in FSL this re-
quired creating dummy designs with high-pass filtering disabled. Contrast scaling
was only required in SPM (s = 3 for ds000001’s 3-run design, s = 2 for ds000109’s
2-run design).
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A.2 PartialR2Maps
Since ds000120 used a sine basis HRF, this study’s general linear model contained
multiple predictor variables which hampered the computation of a percent BOLD
changemeasure. Instead we computed partialR2 maps to assess the explained vari-
ance (relative to data variance not already explained by other terms) of the main ef-
fect of the saccade condition.

With ν1 and ν2 as the numerator and denominator degrees of freedom of the
F -statistic, respectively, we used the relationship between R2 and the F -statistic
given by the identity:

F =
R2

1−R2

ν2

ν1
, (A.5)

which solves forR2 as

R2 = 1− 1

1 + ν1
ν2
F
. (A.6)
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A.3 Supplementary Figures

AFNI FSL SPM 
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Figure A.1: Registration Quality Control: Mean and standard deviation of anatomical and
mean functional images
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Figure A.2: ds000001 inter-software comparisons, 5% FWE clusterwise inference
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Figure A.3: ds000001 inter-software comparisons, 5% FWE clusterwise permutation infer-
ence
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Figure A.4: ds000109 inter-software comparisons, 5% FWE clusterwise inference
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Figure A.5: ds000109 inter-software comparisons, 5% FWE clusterwise permutation infer-
ence



186

Figure A.6: ds000120 inter-software comparisons, 5% FWE clusterwise inference
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Figure A.7: ds000001 inter-software comparisons, t-statistic maps
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Figure A.8: ds000001 inter-software comparisons, t-statistic maps from permutation
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Figure A.9: ds000109 inter-software comparisons, t-statistic maps
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Figure A.10: ds000109 inter-software comparisons, t-statistic maps from permutation
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Figure A.11: ds0001020 inter-software comparisons, F -statistic maps
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Figure A.12: ds000120 inter-software comparisons, Euler characeristic and cluster count
curves for F -statistic maps
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Bland-Altman	Plots:	Percent	BOLD	Comparisons		

ds000001	 ds000109	

Figure A.13: Bland-Altman percent BOLD comparisons
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Bland-Altman	Plots:	R^2	Comparisons	

ds000120	

Figure A.14: ds000120R2 comparisons
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B.1 Supplementary Human Connectome Project Results
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Threshold c Sagittal (X = -32) Coronal (Y = 24) Axial (Z = 2)

1.0% BOLD change

R L R L

1.5% BOLD change

R L R L

2.0% BOLD change

R L R L

Figure B.1: Comparing the upper Confidences Sets for the HCP working memory task data
(same slice views as Fig. 4.15) with the thresholded t-statistic results obtained by applying a
traditional group-level one-sample t-test, voxelwise p < 0.05 FWE correction (green-yellow
voxels). While over 25,000 voxels were determined as statistically significant with the stan-
dard inference method, less than 5,000 voxels were asserted to have at least a 1.0% BOLD
change by the CSs. In particular, the two statistically significant clusters spanning the left
and right side of the frontal lobe contained almost no voxels with a practical effect size of
over 1.5% BOLD change.
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Threshold c Sagittal (X = -4) Coronal (Y = 16) Axial (Z = 48)

1.0% BOLD change

R L R LR L R LR L R L

1.5% BOLD change

R L R LR L R LR L R L

2.0% BOLD change

R L R LR L R LR L R L

Figure B.2: Comparing the upper Confidences Sets for the HCP working memory task data
(same slice views as Fig. 4.16) with the thresholded t-statistic results obtained by applying a
traditional group-level one-sample t-test, voxelwise p < 0.05 FWE correction (green-yellow
voxels). While one large statistically significant cluster covers the supramarginal gyrus, angu-
lar gyrus and precuneous, the CSs localize the precise areaswith practically significant effect
sizes within each of these regions.



B.2 Supplementary Tables
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199Table B.1: Empirical coverage results for the 2D simulations using nominal (nom.) cover-
age levels 1 − α = 80%, 90% and 95%. Results are shown for applying theWild t-Bootstrap
method to the residual field along the estimated boundary ∂Âc (top) and the true boundary
∂Ac (bottom).

2D Signal 1. (Ramp) 2D Signal 2. (Circle)
Standard Dev 1. Standard Dev 2. Standard Dev 1. Standard Dev 2.

∂Âc

80% nom.
N = 60 90.13%± 0.54% 87.57%± 0.60% 78.13%± 0.75% 80.23%± 0.73%

120 87.53%± 0.60% 88.40%± 0.58% 80.53%± 0.72% 78.70%± 0.75%
240 87.43%± 0.61% 87.33%± 0.61% 79.73%± 0.73% 79.53%± 0.74%
480 87.40%± 0.61% 85.07%± 0.65% 78.50%± 0.75% 77.40%± 0.76%

90% nom.
N = 60 95.53%± 0.38% 94.83%± 0.40% 88.90%± 0.57% 89.90%± 0.55%

120 94.07%± 0.43% 93.73%± 0.44% 90.13%± 0.54% 89.40%± 0.56%
240 94.23%± 0.43% 93.60%± 0.45% 89.17%± 0.57% 90.17%± 0.54%
480 93.50%± 0.45% 93.33%± 0.46% 89.30%± 0.56% 88.40%± 0.58%

95% nom.
N = 60 97.67%± 0.28% 97.33%± 0.29% 94.10%± 0.43% 94.60%± 0.41%

120 97.13%± 0.30% 96.60%± 0.33% 94.40%± 0.42% 94.37%± 0.42%
240 97.30%± 0.30% 97.07%± 0.31% 94.43%± 0.42% 95.53%± 0.38%
480 96.97%± 0.31% 97.13%± 0.30% 94.80%± 0.41% 93.73%± 0.44%

∂Ac

80% nom.
N = 60 60.27%± 0.89% 57.30%± 0.90% 78.17%± 0.75% 80.23%± 0.73%

120 66.03%± 0.86% 68.30%± 0.85% 80.53%± 0.72% 78.67%± 0.75%
240 71.10%± 0.83% 72.23%± 0.82% 79.83%± 0.73% 79.57%± 0.74%
480 76.27%± 0.78% 76.17%± 0.78% 78.57%± 0.75% 77.40%± 0.76%

90% nom.
N = 60 78.47%± 0.75% 76.60%± 0.77% 88.97%± 0.57% 90.00%± 0.55%

120 81.67%± 0.71% 83.40%± 0.68% 90.20%± 0.54% 89.43%± 0.56%
240 85.20%± 0.65% 85.83%± 0.64% 89.17%± 0.57% 90.17%± 0.54%
480 88.50%± 0.58% 87.23%± 0.61% 89.27%± 0.57% 88.43%± 0.58%

95% nom.
N = 60 88.97%± 0.57% 87.27%± 0.61% 94.17%± 0.43% 94.57%± 0.41%

120 89.87%± 0.55% 90.67%± 0.53% 94.47%± 0.42% 94.30%± 0.42%
240 92.07%± 0.49% 92.47%± 0.48% 94.40%± 0.42% 95.50%± 0.39%
480 94.23%± 0.43% 94.10%± 0.43% 94.87%± 0.40% 93.73%± 0.44%



200Table B.2: Empirical coverage results for the 3D simulations using nominal (nom.) cover-
age levels 1 − α = 80%, 90% and 95%. Results are shown for applying theWild t-Bootstrap
method to the residual field along the estimated boundary ∂Âc (top) and the true boundary
∂Ac (bottom).

3D Signal 1. (Small Sphere) 3D Signal 2. (Large Sphere)
Standard Dev 1. Standard Dev 2. Standard Dev 1. Standard Dev 2.

∂Âc

80% nom.
N = 60 83.40%± 0.68% 83.77%± 0.67% 85.10%± 0.65% 85.73%± 0.64%

120 83.67%± 0.67% 84.03%± 0.67% 85.87%± 0.64% 85.23%± 0.65%
240 84.03%± 0.67% 83.77%± 0.67% 85.23%± 0.65% 85.40%± 0.64%
480 85.03%± 0.65% 82.20%± 0.70% 87.67%± 0.60% 85.30%± 0.65%

90% nom.
N = 60 92.30%± 0.49% 92.87%± 0.47% 92.40%± 0.48% 93.47%± 0.45%

120 92.07%± 0.49% 91.27%± 0.52% 93.00%± 0.47% 93.50%± 0.45%
240 92.33%± 0.49% 92.87%± 0.47% 93.30%± 0.46% 92.90%± 0.47%
480 93.03%± 0.46% 91.53%± 0.51% 93.50%± 0.45% 93.47%± 0.45%

95% nom.
N = 60 96.87%± 0.32% 96.83%± 0.32% 96.40%± 0.34% 96.70%± 0.33%

120 96.07%± 0.35% 95.60%± 0.37% 96.97%± 0.31% 97.10%± 0.31%
240 96.20%± 0.35% 96.83%± 0.32% 96.23%± 0.35% 96.90%± 0.32%
480 96.30%± 0.34% 96.13%± 0.35% 96.83%± 0.32% 93.80%± 0.44%

∂Ac

80% nom.
N = 60 83.60%± 0.68% 83.90%± 0.67% 85.20%± 0.65% 85.80%± 0.64%

120 83.80%± 0.67% 83.93%± 0.67% 85.90%± 0.64% 85.23%± 0.65%
240 84.03%± 0.67% 83.90%± 0.67% 85.27%± 0.65% 85.40%± 0.64%
480 85.03%± 0.65% 82.27%± 0.70% 87.73%± 0.60% 85.37%± 0.65%

90% nom.
N = 60 92.43%± 0.48% 92.90%± 0.47% 92.37%± 0.48% 93.40%± 0.45%

120 91.97%± 0.50% 91.43%± 0.51% 92.97%± 0.47% 93.60%± 0.45%
240 92.37%± 0.48% 92.90%± 0.47% 93.33%± 0.46% 92.90%± 0.47%
480 93.03%± 0.46% 91.40%± 0.51% 93.57%± 0.45% 93.47%± 045%

95% nom.
N = 60 96.87%± 0.32% 96.93%± 0.31% 96.37%± 0.34% 96.70%± 0.33%

120 96.07%± 0.35% 95.53%± 0.38% 96.97%± 0.31% 97.13%± 0.30%
240 96.17%± 0.35% 96.93%± 0.31% 96.23%± 0.35% 96.80%± 0.32%
480 96.33%± 0.34% 96.13%± 0.35% 96.77%± 0.32% 96.80%± 0.32%
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Table 2. (continued)

3D Signal 3. (Multiple Spheres) 3D Signal 4. (UK Biobank)
Standard Dev 1. Standard Dev 2. UK Biobank SD

∂Âc

80% nom.
N = 60 89.47%± 0.56% 89.20%± 0.57% 89.17%± 0.57%

120 87.60%± 0.60% 88.17%± 0.59% 87.17%± 0.61%
240 86.17%± 0.63% 86.33%± 0.63% 86.27%± 0.63%
480 86.13%± 0.63% 86.10%± 0.63% 87.67%± 0.60%

90% nom.
N = 60 95.20%± 0.39% 94.87%± 0.40% 95.23%± 0.39%

120 94.53%± 0.42% 93.97%± 0.43% 94.63%± 0.41%
240 93.67%± 0.44% 93.17%± 0.46% 93.73%± 0.44%
480 93.97%± 0.43% 93.87%± 0.44% 93.50%± 0.45%

95% nom.
N = 60 97.93%± 0.26% 97.73%± 0.27% 97.37%± 0.29%

120 97.37%± 0.29% 97.47%± 0.29% 97.73%± 0.27%
240 97.23%± 0.30% 96.50%± 0.34% 96.93%± 0.31%
480 97.23%± 0.30% 97.63%± 0.28% 96.83%± 0.32%

∂Ac

80% nom.
N = 60 84.30%± 0.66% 85.33%± 0.65% 83.30%± 0.68%

120 84.93%± 0.65% 86.20%± 0.63% 85.13%± 0.65%
240 85.73%± 0.64% 85.60%± 0.64% 84.97%± 0.65%
480 86.03%± 0.63% 85.97%± 0.63% 87.73%± 0.60%

90% nom.
N = 60 92.93%± 0.47% 92.20%± 0.49% 92.77%± 0.47%

120 93.20%± 0.46% 93.27%± 0.46% 93.50%± 0.45%
240 93.37%± 0.45% 93.07%± 0.46% 92.67%± 0.48%
480 93.97%± 0.43% 93.80%± 0.44% 93.57%± 0.45%

95% nom.
N = 60 96.80%± 0.32% 96.50%± 0.34% 96.70%± 0.33%

120 96.90%± 0.32% 96.83%± 0.32% 97.07%± 0.31%
240 97.20%± 0.30% 96.30%± 0.34% 96.40%± 0.34%
480 97.27%± 0.30% 97.63%± 0.28% 96.77%± 0.32%
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C.1 Supplementary Human Connectome Project Results
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Threshold c Sagittal (X = 28) Coronal (Y = 4) Axial (Z = 52)

0.5 Cohen’s d

R                                            L                    R                                            L                    

0.8 Cohen’s d

R                                            L                    R                                            L                    

1.2 Cohen’s d

R                                            L                    R                                            L                    

Figure C.1: Slices views of the Cohen’s d Confidence Sets obtained from applying Algo-
rithm 1. to the HCPworking memory task data, using three Cohen’s d effect size thresholds,
c = 0.5, 0.8 and 1.2. Comparingwith Fig. 5.11 and Fig. C.2, theCSs presented here are slightly
more conservative than the corresponding CSs obtained with Algorithm 2. and Algorithm 3.
(in the sense that the red upper CSs here are smaller, and blue lower CSs are larger). This is
consistent with the simulation results obtained in Section 5.2.1 and 5.2.2, where the empiri-
cal coverage for Algorithm 1. was consistently larger than the other twomethods.
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Threshold c Sagittal (X = 28) Coronal (Y = 4) Axial (Z = 52)

0.5 Cohen’s d

R                                            L                    R                                            L                    

0.8 Cohen’s d

R                                            L                    R                                            L                    

1.2 Cohen’s d

R                                            L                    R                                            L                    

Figure C.2: Slices views of the Cohen’s d Confidence Sets obtained from applying Algorithm
2. to the HCP working memory task data, using three Cohen’s d effect size thresholds, c =
0.5, 0.8 and 1.2. Comparingwith Fig. 5.11, the upper and lowerCSs presentedhere are almost
identical to the corresponding CSs obtainedwith Algorithm 3.



Bibliography

Alexandre Abraham, Fabian Pedregosa, Michael Eickenberg, Philippe Gervais, An-
dreas Mueller, Jean Kossaifi, Alexandre Gramfort, Bertrand Thirion, and Gaël
Varoquaux. Machine learning for neuroimaging with scikit-learn. Front. Neuroin-
form., 8:14, February 2014.

George Adelman andOthers. Encyclopedia of neuroscience. Birkhäuser, 1987.
Andrew LAlexander, Jee Eun Lee,Mariana Lazar, andAaron S Field. Diffusion tensor
imaging of the brain. Neurotherapeutics, 4(3):316–329, July 2007.

Fidel Alfaro-Almagro, Mark Jenkinson, Neal K Bangerter, Jesper L R Andersson, Lu-
dovica Griffanti, Gwenaëlle Douaud, Stamatios N Sotiropoulos, Saad Jbabdi, Moi-
ses Hernandez-Fernandez, Emmanuel Vallee, Diego Vidaurre, MatthewWebster,
PaulMcCarthy, Christopher Rorden, AlessandroDaducci, Daniel C Alexander, Hui
Zhang, Iulius Dragonu, PaulMMatthews, Karla LMiller, and StephenMSmith. Im-
age processing and quality control for the first 10,000 brain imaging datasets from
UK biobank. Neuroimage, 166:400–424, February 2018.

Grays Anatomy. Gray H. Barnes &Noble, 1918.
Jesper L R Andersson, Mark Jenkinson, Stephen Smith, and Others. Non-linear reg-
istration, aka spatial normalisation FMRIB technical report TR07JA2. FMRIB Anal-
ysis Group of the University of Oxford, 2:1–21, 2007.

Frederico A C Azevedo, Ludmila R B Carvalho, Lea T Grinberg, José Marcelo Farfel,
Renata E LFerretti, Renata EPLeite,Wilson JacobFilho, Roberto Lent, and Suzana

205



Herculano-Houzel. Equal numbersof neuronal andnonneuronal cellsmake thehu-
man brain an isometrically scaled-up primate brain. J. Comp. Neurol., 513(5):532–
541, 2009.

P A Bandettini, E CWong, R S Hinks, R S Tikofsky, and J S Hyde. Time course EPI of
human brain function during task activation. Magn. Reson. Med., 25(2):390–397,
June 1992.

DeannaMBarch, GregoryCBurgess,Michael PHarms, Steven EPetersen, Bradley L
Schlaggar, Maurizio Corbetta, Matthew F Glasser, Sandra Curtiss, Sachin Dixit,
Cindy Feldt, Dan Nolan, Edward Bryant, Tucker Hartley, Owen Footer, James M
Bjork, Russ Poldrack, Steve Smith, Heidi Johansen-Berg, Abraham Z Snyder,
David C Van Essen, and WU-Minn HCP Consortium. Function in the human con-
nectome: task-fMRI and individual differences in behavior. Neuroimage, 80:169–
189, October 2013.

Y Benjamini and Y Hochberg. Controlling the false discovery rate: a practical and
powerful approach tomultiple testing. J. R. Stat. Soc., 1995.

CraigMBennett,Michael BMiller, andGeorge LWolford. Neural correlates of inter-
species perspective taking in the post-mortem atlantic salmon: an argument for
multiple comparisons correction. Neuroimage, 47(Suppl 1):S125, 2009.

E L Bennett, M C Diamond, D Krech, and M R Rosenzweig. CHEMICAL AND
ANATOMICAL PLASTICITY BRAIN. Science, 146(3644):610–619, October 1964.

RotemBotvinik-Nezer, Roni Iwanir, Felix Holzmeister, JürgenHuber,Magnus Johan-
nesson, Michael Kirchler, Anna Dreber, Colin F Camerer, Russell A Poldrack, and
TomSchonberg. fMRI data ofmixed gambles from the neuroimaging analysis repli-
cation and prediction study. Sci Data, 6(1):106, July 2019.

AlexBowring, CamilleMaumet, andThomasNichols. Exploring the impact of analysis
software on task fMRI results, 2018a.

206



Alexander Bowring, Camille Maumet, and Thomas Nichols. NISOx-
BDI/Software_Comparison. Zenodo,March 2018b.

AlexanderBowring, CamilleMaumet, andThomasE.Nichols. Exploring the impact of
analysis software on task fmri results. Human Brain Mapping, 40(11):3362–3384,
2019a. doi: 10.1002/hbm.24603. URL https://onlinelibrary.wiley.com/doi/
abs/10.1002/hbm.24603.

Alexander Bowring, Fabian Telschow, Armin Schwartzman, and Thomas E.
Nichols. Spatial confidence sets for raw effect size images. NeuroImage, 203:
116187, 2019b. ISSN 1053-8119. doi: https://doi.org/10.1016/j.neuroimage.

2019.116187. URL http://www.sciencedirect.com/science/article/pii/

S1053811919307785.

Matthew Brett, Michael Hanke, Marc-Alexandre Côté, Chris Markiewicz, Satra-
jit Ghosh, Demian Wassermann, Stephan Gerhard, Eric Larson, Gregory R Lee,
Yaroslav Halchenko, Erik Kastman, Cindee M, Félix C Morency, moloney, Ariel
Rokem, Michiel Cottaar, Jarrod Millman, jaeilepp, Alexandre Gramfort, Robert D
Vincent, Paul McCarthy, Jasper J F van den Bosch, Krish Subramaniam, Nolan
Nichols, embaker, markhymers, chaselgrove, Basile, Nikolaas NOosterhof, and Ian
Nimmo-Smith. nipy/nibabel: 2.2.0, 2017.

Matthew J Brookes, Mark Woolrich, Henry Luckhoo, Darren Price, Joanne R Hale,
Mary C Stephenson, Gareth R Barnes, Stephen M Smith, and Peter G Morris. In-
vestigating the electrophysiological basis of resting state networks using magne-
toencephalography. Proc. Natl. Acad. Sci. U. S. A., 108(40):16783–16788, October
2011.

Katherine S Button, John P A Ioannidis, Claire Mokrysz, Brian A Nosek, Jonathan
Flint, Emma S J Robinson, andMarcus RMunafò. Power failure: why small sample

207

https://onlinelibrary.wiley.com/doi/abs/10.1002/hbm.24603
https://onlinelibrary.wiley.com/doi/abs/10.1002/hbm.24603
http://www.sciencedirect.com/science/article/pii/S1053811919307785
http://www.sciencedirect.com/science/article/pii/S1053811919307785


size undermines the reliability of neuroscience. Nat. Rev. Neurosci., 14(5):365–376,
May 2013.

Richard B Buxton. Dynamic models of BOLD contrast. Neuroimage, 62(2):953–961,
August 2012.

Joshua Carp. On the plurality of (methodological) worlds: estimating the analytic
flexibility of FMRI experiments. Front. Neurosci., 6:149, October 2012a.

Joshua Carp. The secret lives of experiments: methods reporting in the fMRI litera-
ture. Neuroimage, 63(1):289–300, October 2012b.

JoshuaCarp. Optimizing theorder of operations formovement scrubbing: Comment
on power et al. Neuroimage, 76:436–438, August 2013.

Gang Chen, Paul A Taylor, and RobertWCox. Is the statistic value all we should care
about in neuroimaging? Neuroimage, 147:952–959, February 2017.

GangChen, RobertWCox,Daniel RGlen, JustinKRajendra, RichardCReynolds, and
Paul A Taylor. A tail of two sides: Artificially doubled false positive rates in neu-
roimaging due to the sidedness choice with t-tests. Hum. Brain Mapp., September
2018.

VictorChernozhukov, Denis Chetverikov, andKengoKato. Gaussian approximations
andmultiplier bootstrap for maxima of sums of high-dimensional random vectors,
2013.

Justin R Chumbley and Karl J Friston. False discovery rate revisited: FDR and topo-
logical inference using gaussian random fields. Neuroimage, 44(1):62–70, January
2009.

Jacob Cohen. Statistical power analysis for the behavioral sciences. Routledge, 2013.
RWCox. AFNI: software for analysis and visualization of functional magnetic reso-
nance neuroimages. Comput. Biomed. Res., 29(3):162–173, June 1996.

208



Robert W Cox, Gang Chen, Daniel R Glen, Richard C Reynolds, and Paul A Taylor.
FMRI clustering in AFNI: False-Positive rates redux. Brain Connect., 7(3):152–171,
April 2017a.

Robert W Cox, Gang Chen, Daniel R Glen, Richard C Reynolds, and Paul A Taylor.
fMRI clustering and false-positive rates. Proc. Natl. Acad. Sci. U. S. A., 114(17):
E3370–E3371, April 2017b.

Henk R Cremers, Tor D Wager, and Tal Yarkoni. The relation between statistical
power and inference in fMRI. PLoS One, 12(11):e0184923, November 2017.

Sean P David, Jennifer J Ware, Isabella M Chu, Pooja D Loftus, Paolo Fusar-Poli,
Joaquim Radua, Marcus R Munafò, and John P A Ioannidis. Potential reporting
bias in fMRI studies of the brain. PLoS One, 8(7):e70104, July 2013.

Matthew F Glasser David C. Van Essen. The human connectome project: Progress
and prospects. Cerebrum, 2016, 2016.

Russell Davidson and Emmanuel Flachaire. The wild bootstrap, tamed at last. J.
Econom., 146(1):162–169, September 2008.

DavidDegras. Simultaneous confidence bands for themean of functional data.Wiley
Interdiscip. Rev. Comput. Stat., 9(3):e1397, 2017.

MCDiamond, DKrech, andMRRosenzweig. THE EFFECTSOFANENRICHEDEN-
VIRONMENT ON THE HISTOLOGY OF THE RAT CEREBRAL CORTEX. J. Comp.
Neurol., 123:111–120, August 1964.

Anders Eklund, Thomas E Nichols, and Hans Knutsson. Cluster failure: Why fMRI
inferences for spatial extent have inflated false-positive rates. Proc. Natl. Acad. Sci.
U. S. A., 113(28):7900–7905, July 2016.

Cameron Ellis, Christopher Baldassano, Anna C Schapiro, Ming Bo Cai, and

209



Jonathan D Cohen. Facilitating open-science with realistic fMRI simulation: val-
idation and application. January 2019.

StephenA Engel and Philip C Burton. Confidence intervals for fMRI activationmaps.
PLoS One, 8(12):e82419, December 2013.

Ariel Deardorff Erin D. Foster. Open science framework (OSF). J. Med. Libr. Assoc.,
105(2):203, April 2017.

Guillaume Flandin and Karl J Friston. Analysis of familyâĂŘwise error rates in sta-
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