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Abstract 

Neuroimaging analysis has led to fundamental discoveries about the 

healthy and pathological human brain. Different imaging modalities allow 

garnering complementary information about brain metabolism, structure 

and function. To ensure that the integration of imaging data from these 

modalities is robust and reliable, it is fundamental to attain deep 

knowledge of each modality individually. Epilepsy, a neurological condition 

characterised by recurrent spontaneous seizures, represents a field in 

which applications of neuroimaging and multi-parametric imaging are 

particularly promising to guide diagnosis and treatment. In this PhD thesis, 

I focused on different imaging modalities and investigated advanced 

denoising and analysis strategies to improve their application to epilepsy. 

The first project focused on fluorodeoxyglucose (FDG) positron emission 

tomography (PET), a well-established imaging modality assessing brain 

metabolism, and aimed to develop a novel, semi-quantitative pipeline to 

analyse data in children with epilepsy, thus aiding presurgical planning. As 

pipelines for FDG-PET analysis in children are currently lacking, I 

developed age-appropriate templates to provide statistical parametric 

maps identifying epileptogenic areas on patient scans. 

The second and third projects focused on two magnetic resonance 

imaging (MRI) modalities: resting-state functional MRI (rs-fMRI) and 

arterial spin labelling (ASL), respectively. The aim was to i) probe the 

efficacy of different fMRI denoising pipelines, and ii) formally compare 

different ASL data acquisition strategies. In the former case, I compared 

different pre-processing methods and assessed their impact on fMRI 
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signal quality and related functional connectivity analyses. In the latter 

case, I compared two ASL sequences to investigate their ability to quantify 

cerebral blood flow and interregional brain connectivity. 

The final project addressed the combination of rs-fMRI and ASL, and 

leveraged graph-theoretical analysis tools to i) compare metrics estimated 

via these two imaging modalities in healthy subjects and ii) assess 

topological changes captured by these modalities in a sample of temporal 

lobe epilepsy patients. 
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Impact Statement 

This PhD research provides novel insights in the pre-processing and 

analysis of FDG-PET, rs-fMRI and ASL data in the context of epilepsy. 

The work on paediatric FDG-PET (Chapter 3) has delivered a pipeline for 

semi-quantitative analysis of paediatric PET data at Great Ormond Street 

Hospital. This tool is currently used to guide pre-surgical planning of 

children with refractory epilepsy by informing the current visual 

assessment of FDG-PET data. This study was presented at the IEC, 2017. 

The resulting manuscript has been published in the Journal of Nuclear 

Medicine in October 2018 (PubMed ID: 29626122) and cited 2 times 

(Google Scholar, July 10th, 2019). This paper obtained the Alavi-Mandell 

Award from the SNMMI, 2019. 

The impact of pre-processing of blood-oxygen-level-dependent (BOLD) 

fMRI data is an important topic which has been extensively investigated in 

the past years. In Chapter 4, seven pipelines applied to resting-state and 

task fMRI were compared. This work further validated previous studies 

and extended the existing literature of pipeline comparison where task 

fMRI was hardly ever investigated. This work provides guidelines in terms 

of the impact of denoising methods on BOLD signal, activation maps and 

connectivity results. In particular, through this project, investigators 

working with fMRI data can be informed on the impact of a given pre-

processing method on subsequent inferences. The preliminary results of 

this study were published and presented as conference proceedings at 

GNB 2018 and at EUSIPCO (IEEE), 2018. The final work was presented 
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as abstract at OHBM 2019 and the corresponding manuscript is currently 

under review. 

ASL is a relatively new imaging modality which has shown promising 

results in terms of quantification of brain perfusion and assessment of 

connectivity in a more specific way than BOLD fMRI. Several acquisitions 

are currently available and understanding how they impact estimates of 

perfusion or connectivity is of paramount importance. In Chapter 5, I 

compared two sequences, namely pulsed ASL and pseudo continuous 

ASL, currently available on the PET/MR scanner at UCLH, to quantify the 

advantages and limitations of each acquisition strategy. This work reports 

the impact of these sequences on perfusion estimation (clinical use) and 

connectivity analysis (research use). The results of this work were 

published and presented as conference proceedings at EUSIPCO (IEEE), 

2019. 

Finally, Chapter 6 combined rs-fMRI and ASL using graph theory. This 

work impacts the growing field of graph analysis providing a comparison of 

results obtained from BOLD rs-fMRI and ASL. In addition, by analysing a 

group of epilepsy patients, this study contributes to the understanding of 

aberrant connectivity which characterises this neurological condition. In 

this context, the complementary information of BOLD fMRI and ASL data 

were further confirmed. Findings of this study laid the groundwork for 

future investigation into the use of combined BOLD- and perfusion-based 

graph theory to investigate, epilepsy as a “network disease”. This can in 

turn inform treatment planning by identifying abnormal connectivity which 

can be quantified using specific graph metrics, characterising brain 

topology at different scales and across modalities. 
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Chapter 1 Introduction 

1.1 Overview  

Human neuroimaging analysis has led to fundamental discoveries about 

the healthy and pathological brain (Glasser et al., 2016). Over the past 

years, several different imaging modalities have been developed to probe 

the brain’s structure, metabolism and function in vivo (Aiello, Cavaliere 

and Salvatore, 2016). Structural magnetic resonance imaging (MRI) has 

been used to investigate brain anatomy and its changes during 

development or as a result of a pathology (Giedd, 2004; Sidhu, Duncan 

and Sander, 2018). F-18-deoxyglucose positron emission tomography 

(FDG-PET) can detect areas of abnormal metabolism through the degree 

of glucose uptake in the brain, which is linked to brain dysfunction 

(Frackowiak and Friston, 1994). Finally, electroencephalogram (EEG) and 

task-based functional MRI (fMRI) improve localisation of abnormal brain 

activity and related impaired networks (Richardson, 2010; Hauf et al., 

2012). In addition to these clinically adopted imaging modalities, initial 

research has been carried out to assess the potential of resting-state fMRI 

(rs-fMRI) and arterial spin labelling (ASL). These two non-invasive MRI 

sequences provide complementary information to the more conventional 

modalities in relation to functional brain changes. Rs-fMRI based on the 

blood-oxygen-level-dependent (BOLD) contrast focuses on low frequency 

(< 0.1 Hz) spontaneous brain fluctuations of the signal, recorded when the 

subject is resting in the scanner (Lee, Smyser and Shimony, 2013). The 

functional relevance of this signal has been firstly demonstrated by Biswal 

et al., 1995 (Biswal et al., 1995) and it is now exploited to assess brain 
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plasticity (Guerra-Carrillo, Mackey and Bunge, 2014) and aberrant 

functional connectivity (FC) in patients (Lee, Smyser and Shimony, 2013). 

On the other hand, ASL focuses on brain perfusion by using tagged blood 

as an endogenous tracer. This technique, by quantifying the delivery of 

blood to the brain can help localising areas of hypo-perfusion or hyper-

perfusion usually associated with brain dysfunction (Chappell, Macintosh 

and Okell, 2017b). Overall, these two MRI sequences can provide 

additional information about brain functionality to further understand 

healthy and diseased brains. 

Multi-parametric imaging is a powerful approach which has shown great 

potential for deeper understanding of pathologies and for guiding 

treatment (Swati, Chandrasekharan and Bejoy, 2010; Sui et al., 2013). It 

consists in integrating different imaging modalities and sequences, thereby 

capturing and combining static and dynamic phenomena associated with a 

given neurological condition (Richardson, 2010). The combination of these 

different imaging techniques can provide information which are 

complementary to each other and their concordance is key to guide 

clinical decisions (Pittau et al., 2014; Aiello, Cavaliere and Salvatore, 

2016). However, to ensure that the results obtained through this 

integration are reliable and robust, it is paramount as an initial step, to gain 

a deep understanding of each modality. This includes choosing the most 

suited sequence parameters during data acquisition and investigating 

different ways to remove potential confounding factors from the acquired 

data. Ideally, one can think of creating an optimal processing pipelines for 

each modality. The above, along with the unique biological importance of 

each technique, gives a more comprehensive picture of the brain function 

and dysfunction. 

An exciting application of neuroimaging and multi-parametric imaging is in 

epilepsy. This is a neurological condition characterised by repeated 

seizures during which neurons fire abnormally and synchronously causing 

a variety of symptoms (NHS, 2015). The diagnosis and treatment of 

epilepsy is a major challenge that the health system is currently facing and 
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for which medical imaging has shown great potential (Richardson, 2010). 

Epilepsy develops in 50 in every 100,000 people per year and overall 

affects more than 500,000 people in the UK, of which 60,000 are under 18 

years old (Epilepsy society, 2015; NHS, 2015; Duncan, Winston and 

Koepp, 2016). In about 70% of cases, seizures are successfully managed 

by anti-epileptic drugs (AEDs), despite their severe systemic side effects. 

For the remaining 30% of cases (medical refractory or intractable 

epilepsies), surgical resection of the hypothesised epileptogenic area 

(where the seizure is arising) is considered (NHS, 2015). This procedure if 

planned accurately, can lead to seizure freedom in 60-70% of cases 

(NHS, 2015). 

In this context, different imaging modalities can provide complementary 

information regarding the epileptogenic area. Multi-modal evaluation is 

clinically adopted for the pre-surgical planning of refractory epilepsies 

when a multi-disciplinary team (MDT) qualitatively assess several 

examinations to determine which brain area has to be resected to achieve 

seizure freedom with the least deficits. In general, pre-surgical planning 

includes complete seizure history, physical and neurological examinations, 

EEG monitoring and MRI to assess structural changes (Da Eun and Joon 

Soo, 2010; Rüber, David and Elger, 2018). Additionally, FDG-PET is used, 

despite its low resolution, to detect abnormal metabolism in MR negative 

cases and task fMRI can be used to map eloquent cortex to spare (Da 

Eun and Joon Soo, 2010; Sidhu, Duncan and Sander, 2018). This multi-

modal evaluation has dramatically improved surgical outcome (Sidhu, 

Duncan and Sander, 2018). However, different imaging modalities are 

generally only qualitatively assessed with little or none quantification or 

fusion. Overall, multi-modal imaging provides improvements towards 

diagnosis and treatment of epilepsy (Figure 1.1). Firstly, high concordance 

between different imaging modalities is related to higher chances of 

correct focus localisation and hence of seizure freedom post-surgery (Seo 

et al., 2011). Secondly, it could identify potential surgical candidates who 

would not have been surgically treated if assessed by one modality only 
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(Seo et al., 2011). Conducting this assessment with the use of multi-

parametric imaging also helps refining the location and extent of the 

epileptogenic area, thereby directing placement of intracranial electrodes, 

if needed. A step further in this direction is represented by the quantitative 

and computerised integration of these modalities to identify imaging 

features in a more standardised and objective way in order to aid and 

direct the current assessment (Satterthwaite et al., 2013). 

 

Figure 1.1: Example of multi-modal image concordance in pre-surgical planning 
of a temporal lobe epilepsy (TLE) patient. (A) Cortical thickening of the left 
temporal lobe is visible on MRI T1-weighted (T1w) image (red arrow). (B) This 
area corresponds to the region of hyper-perfusion on subtraction ictal single-
photon emission computed tomography (SPECT) co-registered to MRI (SISCOM, 
red circle) and (C) of hypo-metabolism on FDG-PET (white circle). (D) FDG-PET 
3D rendering. All these imaging modalities agree with the neuropsychological and 
electrophysiological findings. The resection of the identified epileptogenic area 
(left temporal lobe) led to seizure freedom. This figure is adapted from Da Eun et 
al., 2010 (Da Eun and Joon Soo, 2010). 

In addition to localising the epileptogenic area, the combination of different 

imaging modalities and sequences can shed light on the connectivity of 

the epileptogenic area with the rest of the brain. Indeed, over the past 

years, there has been a shift from localisation (detection of the 

epileptogenic area) to connectivity (understanding the connection of the 

altered area with other brain regions) by considering epilepsy as a 

“network disorder” (Spencer, 2002; Bernhardt, Bonilha and Gross, 2015; 

Fornito and Bullmore, 2015). Even focal epilepsies have been regarded as 

arising from localised network dysfunctions, rather than localised 

pathology, with structural and functional changes more widespread than 

the seizure onset zone (Sidhu, Duncan and Sander, 2018). In this context, 
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the use of different imaging modalities (structural and functional, Figure 

1.2) can provide a picture of brain connectivity from different points of view 

and determine not only where seizures arise, but also how and to which 

brain regions they propagate. In other words, connectomics can identify 

the networks supporting seizure generation and spread (Sidhu, Duncan 

and Sander, 2018). This in turns can inform pre-surgical evaluation and 

treatment as seizure expression can potentially be altered by intervening 

in an area of the subject-specific epileptogenic network (Spencer, 2002; 

Rüber, David and Elger, 2018). 

 

Figure 1.2: Example of the use of multi-parametric imaging to investigate brain 
connectivity. Different imaging sequences such as (A) functional MRI and (B) 
structural MRI can be used to create connectivity graphs which probe the brain 
from different points of view. This figure is adapted from Bernhardt et al., 2015 
(Bernhardt, Bonilha and Gross, 2015). 

A) Functional MRI B) Structural MRI
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Epilepsy still remains a complex and not fully understood neurological 

condition, for which intensive research is currently carried out to better 

understand it and guide its diagnosis and treatment. In this context, 

neuroimaging plays a pivotal role thanks to the state of the art available 

technologies and processing platforms, developed over the past decades 

(Duncan, Winston and Koepp, 2016). In particular, the availability of 

PET/MRI scanners which allow the simultaneous acquisition of structural 

and functional imaging datasets, is supporting the possibility of combining 

this information to guide clinical decision making (Duncan, Winston and 

Koepp, 2016; Mannheim et al., 2018). This multi-modal and multi-

parametric assessment of epilepsy can be made possible by developing 

specific and accurate methodologies to analyse and quantify these 

datasets. In this way, precise patient specific information about brain 

structure, metabolism and perfusion is available to inform patients’ clinical 

evaluation and subsequent treatment. To conclude, I believe that the 

combination of different imaging modalities can have a significant impact 

on the understanding of epilepsy mechanisms and on the development of 

appropriate treatments. 

1.2 Research Plan and Thesis Structure 

The following thesis is organised as follows: Chapter 2 provides a general 

overview on the imaging modalities which I have considered during my 

PhD (FDG-PET, rs-fMRI and ASL). I will describe 1) the general principles 

of each modality and their relevance to epilepsy; 2) the sources of noise 

and how to mitigate their effect on the data; 3) the potential post-

processing analyses. Chapter 3 describes the development of an age-

specific pipeline for the semi-quantification of FDG-PET data in children 

with refractory epilepsy. Chapter 4 investigates the issue and challenges 

of fMRI data pre-processing by comparing seven denoising methods and 

assessing their impact on the BOLD signal and connectivity measures. 

Chapter 5 reports a comparison of two ASL sequences available on the 
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University College London Hospital (UCLH) PET/MRI scanner to assess 

their ability to estimate blood flow and perfusion-based connectivity. 

Chapter 6 combines rs-fMRI and ASL under the graph theory framework 

to compare these two imaging modalities in healthy controls (HC) and 

quantify brain topological changes in patients with temporal lobe epilepsy 

(TLE). Finally, Chapter 7 summarises the work carried out during my PhD 

and highlights future directions in the context of single-subject multi-

parametric imaging applied to epilepsy and other neurological conditions. 
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Chapter 2 Background of PET, BOLD-

based fMRI and ASL 

2.1 PET to Assess Brain Metabolism 

2.1.1 General Principles of PET  

Positron emission tomography (PET) is a nuclear medicine functional 

imaging modality which exploits radioisotopes bound to a carrier molecule 

(normally fluorodeoxyglucose [FDG], a glucose analogue) to map 

molecular processes in the brain. This technique is based on the detection 

of pairs of photons emitted by the annihilation of positrons (released from 

a positron-emitting tracer) and electrons (in the surrounding tissue) (Figure 

2.1) (Jones, Friston and Dolan, 1991). This tracer is introduced in the body 

on a biologically active molecule through injection. This is followed by an 

uptake period (to reach steady state), which usually takes 30-60 min and 

has to be carried out in a silent and dark room, to limit brain stimuli which 

can bias the uptake to unrelated regions. After the uptake period, the 

tracer has reached a dynamic equilibrium in the cortex at which point the 

subject can be scanned. Computer analysis allows the reconstruction of 

3D images which map tracer concentration. PET is an highly sensitive 

imaging modality which allows to measure nanomolar to picomolar 

differences in the concentration of radiotracer across tissues (Jones, 

Friston and Dolan, 1991). Since PET measures concentration of 

radioactivity in tissue, the tracer molecule has to be specific to the organ 

or process of interest (Jones, Friston and Dolan, 1991). The most 

commonly used active biological molecule is FDG. This is a 2-deoxy-2-

[18F]fluoro-D-glucose where the hydroxyl group at the C-2 position in the 
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glucose molecule has been substituted by the positron emitting 

radionuclide fluorine-18 (Half-life: 109.7 min and emission positron Emax: 

1.656 MeV) (Zukotynski, 2012). When this molecule is used, the obtained 

images reflect the tissue glucose metabolism. 

 

Figure 2.1: Schematic representation of PET acquisition principles. 

In epilepsy, FDG-PET is used to detect areas of inter-ictal (period between 

seizures) hypo-glucose metabolism usually associated to epileptogenic 

areas (Da Eun and Joon Soo, 2010; Richardson, 2010) (Figure 2.2). 

Hypo-metabolism of glucose has been generally attributed to neuronal 

loss, altered blood-brain barrier and synaptic density (Da Eun and Joon 

Soo, 2010). However, the pathophysiology of regional hypo-metabolism in 

epilepsy is still not fully understood and continues to be investigated 

(Richardson, 2010). In practice, FDG-PET has been used to lateralise the 

epileptogenic area. On the other hand, regions of hyper-metabolism on 

FDG-PET scans could be related to ictal or post-ictal state. This 

information is not usually considered during the diagnostic process, as the 

timing of the seizure is not known, making the scan an unreliable marker 

of neuronal activity. 
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Figure 2.2: Example of FDG-PET used in the pre-surgical planning of a MRI 
negative patient. (A) The pre-surgical MRI does not show any lesion, while (B) 
the PET image reports extensive hypo-metabolic areas (white arrow). (C) To 
better delineate the region to be resected, the MRI and PET are co-registered. 
(D) The post-surgery MRI shows the resected area (red arrow), which 
corresponds to the hypo-metabolic region on the FDG-PET scan. The patient 
was seizure-free post-surgery. This figure is adapted from Tamber et al., 2012 
(Tamber and Mountz, 2012). 

Besides FDG, new radiotracers have been investigated which are thought 

to be more specific for the assessment of epilepsy. Some examples 

include: flumazenil or 11C-alpha-methyl-l-tryptophan (11C-AMT) (Da Eun 

and Joon Soo, 2010; Richardson, 2010). However, their use is limited to 

research and their role in the evaluation of epilepsy still needs to be fully 

established (Da Eun and Joon Soo, 2010). The main drawback of PET is 

the radiation exposure of the patient which limits the number of times the 

scan can be repeated, as opposed to magnetic resonance imaging (MRI) 

or electroencephalogram (EEG) acquisitions. When compared to structural 

MRI, PET has a lower spatial resolution (e.g. 1 mm vs 2-3 mm voxel size), 

hence better detection of the epileptogenic area is achieved when PET 

images are co-registered with corresponding structural MRI (Da Eun and 

Joon Soo, 2010). Despite these limitations, FDG-PET still plays a key role 

in the assessment of epilepsy thanks to its ability to provide localised 

glucose metabolic information alongside brain structural integrity. 

A B C

Pre-surgical 
MRI

Pre-surgical 
FDG-PET

D

Post-surgical 
MRI

Co-registered 
MRI & FGD-PET



 47 

2.1.2 Noise in PET Data 

Being FDG-PET a sensitive imaging modality to assess brain metabolism, 

it is highly affected by several factors, which need to be monitored during 

FDG administration, uptake and image acquisition (Vriens et al., 2010). 

The first issue is related to subject motion during acquisition. This can 

have several sources, e.g. can be due to bulk motion, cardiac and 

respiratory cycles, and it influences image reconstruction as it invalidates 

the assumption of object stationarity in the scanner (Vaquero and 

Kinahan, 2015; Mannheim et al., 2018). This significantly degrades PET 

resolution (Mannheim et al., 2018). The magnitude of these effects 

depends on the extent and frequency of the motion itself (Vriens et al., 

2010), but it has been shown that PET spatial resolution can be degraded 

from 2-7 mm to 11 mm (Mannheim et al., 2018). In addition to degraded 

resolution, motion leads to spatial heterogeneities and influences lesion 

localisation by smearing the lesion activity concentration which in turn 

leads to loss of quantification accuracy and affects the effectiveness of 

PET as a diagnostic tool (Vriens et al., 2010; Mannheim et al., 2018). 

Another confounding factor related to the patient during acquisition, is the 

subject’s coldness and discomfort which can increase FDG uptake in the 

muscles and brown fat tissues, leading to decreased sensitivity and 

specificity of the scan for lesion detection (Vriens et al., 2010). 

In addition, FDG-PET is characterised by low signal to noise ratio (SNR) 

and spatial resolution (Huerga et al., 2017). This leads to partial volume 

effects (PVEs) which cause incorrect estimation of the true local signal 

concentration of radioactivity and limit the quantification accuracy of PET 

data (Aston et al., 2002; Mannheim et al., 2018). PVE is defined as the 

spill in of activity from the surrounding regions and the spill out of activity 

to the surrounding regions. Another effect, still due to the limited spatial 

resolution of PET is the “tissue fraction effect”, related to the fact that the 

signal in each voxel is determined by the sum of different tissues’ signals 

(Huerga et al., 2017; Mannheim et al., 2018). PVEs can lead to data 
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misinterpretation due to underestimated activity, especially in small lesions 

(Huerga et al., 2017; Mannheim et al., 2018). Several methods have been 

developed to correct for PVEs and recover the underestimated activity. 

MRI segmentations of uniform tissues such as grey matter (GM), white 

matter (MW) and cerebral spinal fluid (CSF) can provide a-priori 

information of anatomical tissue distribution which can guide the recovery 

of PVEs (Mannheim et al., 2018).  

2.1.3 Pre-processing of PET Data 

General steps for the analysis and quantification of FDG-PET images 

include: registration, brain masking, smoothing and intensity normalisation 

which are further explained below. 

• Registration. In order to compare different images, either of the 

same subject across modalities (e.g. FDG-PET and MRI) and acquisitions 

(e.g. repeated scans across time) or of a group of subjects (e.g. patients 

and controls), it is essential that they are aligned in the same space. In this 

way, the observer will be able to look at the same brain view and 

anatomical locations across scans (Barnes, 1999). This is achieved 

through image registration which refers to the one-to-one mapping 

between coordinates in the reference image (i.e. the static one on which 

the other images are overlaid) and the floating image/s (i.e. the one/s to be 

aligned to the reference) (Barnes, 1999). The choice of the reference 

image onto which all the other scans are mapped can lead to biases in the 

subsequent comparison. Hence, a common reference frame is usually 

used where scans can be assessed across subjects and imaging centres 

(Barnes, 1999). The two most used standard spaces are the Talairach and 

Montreal Neurological Institute (MNI) spaces. The former is obtained from 

the brain dissected and anatomically labelled in 4-mm thick axial slices 

(Barnes, 1999); while the latter is a standard brain created by using a 

large series of MRI normal control scans (MRC - Cognitive and Brain 

Sciences Unit, 2017). In addition to these standard spaces, different 

images represent distinct spaces (e.g. functional, structural) which can be 
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taken as reference for other scans to be overlaid to. The spatial 

correspondence between images can be achieved by applying rigid, affine 

or non-rigid transformations (or a combination of those) to the floating 

image until complete overlapping with the reference image is obtained. 

Rigid transformations (6 degrees of freedom [DoF]: 3 rotations + 3 

translations) are used for within subject registrations (e.g. overlay the 

functional to structural image of the same subject), when distance 

between points in the image needs to be preserved. When differences in 

overall image scaling are present (e.g. between subjects), affine 

transformations (12 DoF: 3 rotations + 3 translations + 3 scaling + 3 

shears) are used. Finally, a non-linear mapping (i.e. 12 DoF affine 

[initialisation] + non-linear transformations) is used to account for local 

differences in brain shapes. This can be used for more accurate between-

subject registrations and to match the brain structures between individual 

scans and the template in standard space (i.e. standardisation or spatial 

normalisation) (Barnes, 1999). Visually inspecting the results of the 

registration is an important quality check as any misalignment will 

propagate in the statistical analysis. 

• Brain masking. This step involves removing the areas outside of the 

brain (skull, scalp). This is usually achieved by means of a binary brain 

mask (1 in the brain and 0 in tissue of no interest/background) which has 

to be in the same space as the image of interest. By doing this, one makes 

sure to focus only on the voxels in the brain, thereby obtaining a 

meaningful result while also reducing the number of voxels which are 

statistically compared. 

• Smoothing. The spatially normalised images are usually smoothed 

out prior to the statistical analysis. This step makes the data conform more 

to the Gaussian field model used to make statistical inferences. 

Additionally, it also aims to compensate for registration errors, to reduce 

noise by smearing out the signal at higher spatial frequencies and to 

decrease variations due to differences between subjects (Barnes, 1999; 

Schenk, 2006). Smoothing is achieved through convolution with a 
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Gaussian kernel (i.e. spatial filter) whose size, defined in terms of full width 

half maximum (FWHM), varies with the application. The rule of thumb 

adopted is to smooth by at least twice as much the voxel size of the 

original image in all directions (Barnes, 1999). Filtering with small FWHM 

preserves the amplitude of the activation area, but leaves stochastic noise, 

while large FWHM increases the extent of the activated region, but it might 

include noise from other structures. In general, the filter size for optimum 

results of a given dataset’s analysis, is defined empirically (Barnes, 1999). 

• Intensity normalisation. It aims at compensating for overall 

differences in uptake across individuals, due to physiological and image 

related variations. This is achieved by dividing all the voxels by a 

reference value, thereby scaling the images to the same overall range of 

intensities (Schenk, 2006). The scaling value is usually taken as the 

average uptake in a brain area known to be unaffected by the disease 

(unbiased area, not hypo- nor hyper-metabolic) (Schenk, 2006; Nie et al., 

2018). However, this is highly dependent on the disease and can be hard 

to identify. Additionally, if a small area is chosen, like a subcortical area, it 

might be prone to registration errors making it an unreliable reference 

area. Another option consists in using the global mean metabolism, 

estimated across the whole brain. However, this strategy might be biased 

in the case of subjects who have abnormal global uptake (Schenk, 2006). 

Finally, one can use the mean value in a region of interest (ROI) placed in 

the GM or WM area which is easy to localise and less prone to registration 

errors, but it might still be affected by subject’s abnormal global 

metabolism. There is no gold standard for the choice of reference region 

and different results might be obtained with different intensity 

normalisation options. Intensity normalised images are used for further 

analyses and statistical comparisons across groups. 

2.1.4 Post-processing of PET Data 

FDG-PET images are usually analysed with three main approaches: visual 

assessment, ROI-based analysis and voxel-wise statistical analysis. 
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• Visual assessment. In the case of visual assessment, reconstructed 

FDG-PET images are reviewed by an expert to identify abnormal uptake 

(i.e. regions of hypo-metabolism in the case of epilepsy). This procedure is 

widely used in clinical practice, but tends to be subjective and highly 

dependent on the experience and expertise of the observer (Archambaud 

et al., 2013). To aid visual assessment of PET data, the images are 

usually co-registered to the corresponding MRI scans. This step further 

informs the spatial localisation of PET abnormalities and their overlap with 

GM areas on the structural scans. 

• ROI-based analysis. This approach consists in assessing PET 

activity in pre-defined areas of interest. A number of ROIs are placed on 

the image (either the PET or the corresponding anatomical scan) and the 

mean uptake in those areas is computed. In this way, the information of 

many neighbouring voxels is reduced by collapsing it to a single average 

value (Barnes, 1999). The latter can be compared to the contra lateral side 

(e.g. asymmetry index) or to the one in a normative dataset. Despite 

reducing the amount of data to process, this method might lead to lost 

information (Barnes, 1999). For instance, large ROIs might collapse data 

from distinct functional systems, leading to less sensitive or mislocalised 

changes. On the other hand, smaller ROIs are more sensitive, but can be 

easily misplaced. Indeed, the accurate location of the ROIs, overlapping 

the area under investigation is fundamental. The information provided by 

this analysis are less subjective when compared to the visual assessment, 

but limited by the choice of the ROIs (size, shape and location), which also 

hampers whole brain analysis (Jones, Friston and Dolan, 1991).  

• Voxel-wise statistical analysis. This is an objective, observer 

independent and reproducible methodology, which does not depend on 

anatomically defined ROIs (Archambaud et al., 2013). It consists in 

automatically detecting significant changes of glucose metabolism 

between two populations (e.g. patients and controls) or, in an extreme 

case between one subject (n = 1) and a reference group. The scans of 

each population are pre-processed (mainly masked, smoothed, and 
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intensity normalised) and brought to a standard space where they can be 

compared in a voxel-wise fashion. The control dataset defines the 

distribution of “normal” FDG uptake at every voxel and the patients’ 

metabolism is then compared against this normal distribution. Voxel-wise 

parametric maps based on statistical tests (e.g. unpaired two-sample t-

test) are calculated to highlight areas of significant difference among 

groups of subjects. In other words, the null hypothesis that the two mean 

images are the same is tested using a t-test (if both datasets have the 

same distribution) at every single voxel. A t-value is assigned to each 

voxel in the image, which represent the evidence that that voxel is 

significantly different from the reference uptake (the higher the t-value, the 

greater the significance). T-values can be transformed to unit Gaussian 

distribution, leading to z-scores (number of unit standard deviation from 

the reference mean). The latter are calculated in the case of one subject 

vs many. The probability of getting the observed t-value can be calculated 

using the t-distribution, a theoretical probability distribution with 

symmetrical bell-shape. A cut-off level (usually 0.05) is considered to 

determine which tests are statistically significant. Since a large number of 

statistical tests are performed (one independent test at each voxel), some 

p-values will result to be less than 0.05, purely by chance. This issue 

(when you do multiple statistical tests some are false positives) is known 

as “multiple comparisons problem”. Common methods to deal with this 

issue are: (1) Bonferroni correction (level of significance divided by the 

number of independent statistical tests), (2) alternative Bonferroni 

correction (consider the effect of smoothing to define the number of tests) 

and (3) false discovery rate (FDR, control the proportion of false positives 

among the tests for which the null hypothesis was rejected). The main 

disadvantage of voxel-wise analysis is its high sensitivity to data pre-

processing (Barnes, 1999). For instance, errors in image registration (i.e. 

misalignment), can lead to false negative results (type II errors) in the 

subsequent statistical analysis. The amount of spatial smoothing also 

affects the final statistical results: too much smoothing leads to type II 

errors while too little causes type I errors (false positive results). 
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2.2 BOLD-based fMRI to Assess Brain Activation 

and Connectivity 

2.2.1 General Principles of BOLD-based fMRI 

Blood-oxygenated-level-dependent (BOLD)-based functional MRI (fMRI) is 

a non-invasive MRI modality used to assess brain activity when the patient 

is performing a task (task fMRI) or to characterise the brain functionality 

when resting in the MR scanner (resting-state fMRI [rs-fMRI]) (Richardson, 

2010). It provides an indirect measure of neural activity by exploiting the 

BOLD signal (Figure 2.3). This technique is based on the concept that 

during functional activations the metabolic demand in the activated brain 

region increases. This leads to local vasodilatation and increased cerebral 

blood flow (CBF) in order to supply oxygen to the active region 

(haemodynamic response). The oxygen delivered exceeds the metabolic 

demand, thereby leading to a decrease in the concentration of 

deoxyhaemoglobin (paramagnetic) relative to baseline, in the area of 

interest. This in turns causes a decreased susceptibility and spin 

dephasing around the activated area which results in an increased signal 

in T2-weighted (T2w) and T2*w acquisitions (Lee, Smyser and Shimony, 

2013). 
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Figure 2.3: Schematic representation of how BOLD contrast arises. With no 
functional activation, the metabolic demand is at baseline (i.e. no brain area 
needs more oxygen supply than others). Upon functional activation, the metabolic 
demand in the active brain area increases, leading to an over-supply of blood 
flow (oxygen). This leads to a decrease in deoxyhaemoglobin and blood 
susceptibility which causes increased signal (compared to baseline), detected on 
T2w and T2*w sequences. 

Two main paradigms have been used for the acquisition of BOLD-based 

fMRI: task and rs-fMRI (Figure 2.4). They differ in the way the fMRI time 

series are modulated and hence they provide different information about 

brain activity. Task fMRI involves the use of a paradigm/task administered 

(cognitive effort) to the subject in the scanner. In this way, the brain activity 

is modulated by the external stimulus. For example, a block visual task 

(Figure 2.4A) causes an increase in brain activity in the primary visual 

cortex when some pictures are shown, compared to baseline (no image). 

This information can be used to localise active brain areas related to the 

task administered. In order words, task fMRI is based on the hypothesis 

that brain activations are related to the external stimulus over time. On the 

contrary, rs-fMRI is acquired while the subject is not performing any 

particular task in the scanner (resting with eyes closed or opened). In this 

way, spontaneous low frequency fluctuations in the BOLD signal are 

recorded and assumed to be related to neural firing (Lee, Smyser and 

Shimony, 2013) (i.e. the acquired time series are not modulated by an 

external stimulus, Figure 2.4B). Therefore, rs-fMRI can be used to 

investigate the brain wandering at rest, rather than to localise a particular 

brain activity. The advantage of using rs-fMRI lies in the absence of the 

task administered and hence subject participation, which can be 
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challenging especially in patients. Rs-fMRI acquisitions are relatively short 

(typically, 5-8 min) and protocols are easier to standardise. However, it is 

more difficult to assess what the subject is doing in the scanner and avoid 

him/her falling asleep. This can be potentially monitored by means of 

simultaneous EEG acquisitions, which however are logistically challenging 

to carry out. Test-retest reliability of rs-fMRI might be lower and there are 

still limitations in the current methods of analysis. 

 

Figure 2.4: Task and resting-state fMRI general principles. (A) In the case of task 
fMRI, brain activity is modulated by the task administrated. (B) In the case of rs-
fMRI, the subject is resting in the scanner and the voxel time series are not 
modulated by any specific task. They instead represent the unconstrained brain 
activity which can be used for functional brain connectivity analyses. 

Nevertheless, rs-fMRI has shown to be a powerful technique to investigate 

the functional organisation of the brain (Lee, Smyser and Shimony, 2013). 

Areas with similar functional properties have shown coherent BOLD 

fluctuations and are referred to as resting-state networks (RSNs) 

(including the visual, executive, auditory, Figure 2.5) (Fox and Greicius, 

2010). RSNs are thought to reflect the intrinsic energy demand of neuronal 

populations, which have been synchronously activated to achieve a 

functional task and have wired together as a result of brain plasticity (Cole, 
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Smith and Beckmann, 2010). RSNs have been detected at the both 

single-subject and group levels (Cole, Smith and Beckmann, 2010). The 

most extensively investigated and robustly reproduced network is the 

default mode network (DMN) which includes posterior cingulate cortex 

(PCC) and precuneus (PCUN), medial frontal cortex (mFC) and angular 

gyrus (ANG) brain areas (Figure 2.5E). In healthy subjects, the DMN has 

shown increased activity during rest and deactivation upon task initiation 

(“task-negative” network) (Fox and Greicius, 2010).  

 

Figure 2.5: Example of the most common RSNs. These include: (A) visual 
medial, (B) visual lateral, (C) auditory and other sensory associative, (D) 
somatomotor, (E) DMN, (F) executive control and salience processing and (G, H) 
right and left frontoparietal RSNs. This figure is adapted from Cole et al., 2010 
(Cole, Smith and Beckmann, 2010). 

In epilepsy, task fMRI has been exploited to identify eloquent regions 

related to speech, memory, visual and motor functions which need to be 

spared during surgery (Widjaja and Raybaud, 2008; Da Eun and Joon 

Soo, 2010) (Figure 2.6). This technique is able to lateralise language 

areas, so replacing the invasive Wada-test. The latter consists in making 

the patient performing language/memory tasks after having anesthetised 
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either of the brain hemispheres, through carotid injection of barbiturate. In 

this way, the function of the non-affected hemisphere can be assessed 

(Widjaja and Raybaud, 2008; Da Eun and Joon Soo, 2010). The main 

disadvantage of task fMRI is the loss of specificity, as some brain areas 

might be active despite not being specifically related to the task performed 

(Da Eun and Joon Soo, 2010; Richardson, 2010). Moreover, further 

research is currently needed to establish more effective paradigms (able 

to strongly activate specific brain regions) and to better clarify the role of 

this modality in pre-surgical evaluation of epilepsy (Widjaja and Raybaud, 

2008; Da Eun and Joon Soo, 2010). In the case of rs-fMRI, the activity of 

the DMN, together with that of other RSNs has been found to be generally 

decreased when patients were compared to healthy controls (HC) (Fox 

and Greicius, 2010). However, more research is currently needed to 

establish guidelines for data acquisition and processing and to allow 

effective clinical translation of this MRI technique (Fox and Greicius, 

2010). 

 

Figure 2.6: Example of task fMRI used in the assessment of epilepsy. FMRI 
maps are usually co-registered to the corresponding MRI scan ((A) axial, (B) 
sagittal, and (C) coronal views). The primary hand motor area is activated during 
a tapping task (red/orange area). This is an eloquent area to be spared during 
the resection of the epileptogenic area located in the right precentral gyrus. This 
figure is adapted from Swati et al., 2010 (Swati, Chandrasekharan and Bejoy, 
2010). 

The main limitation of BOLD-based fMRI, in general, is its small signal 

change, around 1%, between baseline and activation (Glover, 2011). 
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Accurate pre-processing is required to separate the signal of interest 

(based on neural activity) from noise confounds. Averaging many acquired 

volumes is also needed to increase the SNR (Buxton, 2013). Another 

important issue, mainly related to the readout sequence used for fMRI 

acquisition (echo-planar imaging sequence, EPI) is the difference in 

magnetic susceptibility between air and tissue which creates 

inhomogeneities in the static magnetic field (B0). This leads to geometric 

distortion and BOLD sensitivity loss (Buxton, 2013). fMRI can also be 

unreliable in cases where BOLD response is unpaired as a result of 

diseases of the vascular system (e.g. tumour, stenosis and vascular 

malformation) (Duchowny, Cross and Arzimanoglou, 2013). 

2.2.2 Noise in fMRI Time Series 

The BOLD-based fMRI signal is very noisy and the response related to 

neural signal only represents a relatively small change from the baseline 

(Caballero-Gaudes and Reynolds, 2017). Non-neuronal contributions to 

the BOLD time series arise from several factors including: head motion, 

physiological noise (cardiac and respiratory) and scanner artefacts (e.g. 

thermal noise, instrumental drifts and hardware instability) (Bright, Tench 

and Murphy, 2017; Caballero-Gaudes and Reynolds, 2017). All these 

artefacts influence the fMRI signal and can lead to spurious results. In the 

case of task fMRI, noise can decrease the sensitivity and specificity to 

identify BOLD response in relation to task activation (Caballero-Gaudes 

and Reynolds, 2017). In the case of rs-fMRI, non-neuronal fluctuations can 

artifactually increase functional connectivity ([FC], expressed as 

correlation between time series) between brain areas (Caballero-Gaudes 

and Reynolds, 2017). In the rest of this section, a brief description of the 

main non-neuronal contributions and their impact to BOLD fMRI data are 

provided.  

• Head motion. It arises from the subject moving in the scanner and it 

significantly impacts the fMRI time series and derived activations and 

connectivity measures (Hernandez-Garcia and Muckley, 2015; Caballero-
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Gaudes and Reynolds, 2017). It is indeed assumed that each time series 

comes from a specific voxel. However, the tissue content of the voxel 

changes when the subject moves in the scanner (Hernandez-Garcia and 

Muckley, 2015). Signal changes due to head motion arise from: 1) altered 

net magnetisation in a voxel due to a change in the voxel composition and 

hence proton density, 2) altered timing between successive excitation 

experienced by spins in a voxel so that the assumption of steady state net 

magnetisation of a voxel does not hold, 3) the magnetic field becomes 

inhomogeneous as initial shimming has been based on a particular head 

position at the start of the acquisition (Caballero-Gaudes and Reynolds, 

2017). In general, artefacts related to head motion are particularly evident 

at the brain edges or at the interface between tissues. The most evident 

implication of head motion is the misalignment between images (i.e. 

rotation/translation between subsequent volumes) (Hernandez-Garcia and 

Muckley, 2015). A rigid transformation to realign each volume to a 

reference (usually the middle volume) is the solution to correct for this 

misalignment. However, the effect of motion cannot be completely 

resolved by realignment, as changes in signal intensity are still present 

after motion correction. One way to mitigate these effects is to include the 

realignment time series (generated during realignment) in the model 

design, thereby regressing out the variance associated with the motion 

parameters from the signal of interest (Hernandez-Garcia and Muckley, 

2015). 

• Physiological noise. Non-neuronal physiological fluctuations are 

mainly related to cardiac pulsatility and respiratory cycles and are always 

present in fMRI time series (Caballero-Gaudes and Reynolds, 2017). 

Cardiac pulsatility is particularly evident close to big brain vessels and 

arteries and it generates movements in different brain structures together 

with inflow effects (increased fMRI signal near the macrovasculatures due 

to increased regional blood flow velocity). Cardiac components usually 

fluctuate at around/above 1 Hz. Respiration results in subtle head 

movements and thus in changes in the magnetic field and altered spin 
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history. Additionally, respiration can indirectly affect the fMRI signal by 

modulating the CO2 level which acts as a vasodilator and can affect the 

CBF and resulting BOLD contrast (Liu, 2017). Respiratory components 

usually oscillate at frequencies around 0.3 Hz. These are relatively higher 

frequencies compared to the BOLD signal: in the case of task fMRI, the 

haemodynamic response acts like a low-pass filter at 0.3 Hz cut-off; while 

in the case of rs-fMRI, spontaneous BOLD fluctuations are known to 

oscillate at 0.01-0.1 Hz (Caballero-Gaudes and Reynolds, 2017). 

• Scanner artefacts. Another class of noise affecting fMRI time series 

arises from the scanner and acquisition equipment. Ideally, the magnetic 

field is homogeneous and all the radio frequency (RF) and gradient pulses 

are applied perfectly across time (Liu, 2017). However, in practice there 

are variations in the way the pulses are applied, instabilities, imperfections 

in the MR system and inhomogeneities in the magnetic field. These can 

lead to distortions and variations in the acquired image, which are usually 

mitigated by designing and maintaining the MR system appropriately. 

2.2.3 Pre-processing of fMRI Data 

The aim of pre-processing in fMRI is to eliminate confounding factors, 

such as motion and physiological noise which can lead to spurious results. 

General pre-processing steps include: realignment, slice timing correction, 

scrubbing, spatial smoothing, temporal filtering, co-registration to structural 

data and spatial normalisation to standard space. 

• Realignment. This step aims at reducing the effect of head motion 

in the data and it is one of the first steps carried out during pre-processing 

(Caballero-Gaudes and Reynolds, 2017). It consists in registering the fMRI 

volumes, acquired over time to a reference volumes (usually the first or the 

middle one) (Caballero-Gaudes and Reynolds, 2017). To simplify the 

estimation of the transformation, it is assumed that the head is a rigid body 

and therefore a 6 parameters transformation (3 directions of translation 
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and 3 directions of rotation) is sufficient to perform the alignment of 

volumes across time. 

• Slice timing correction. This step aims at accounting for the fact that 

slices in the same volumes are not acquired at exactly the same time, 

when 2D readouts are employed. They are indeed acquired subsequently, 

usually in an interleaved manner (i.e. all odd slices first, then even) 

(Strother, 2006). Hence, if the acquisition is ascending/descending the last 

slice is acquired almost one TR after the first, while in the interleaved case 

adjacent slices are acquired TR/2 apart. Slice timing correction consists in 

interpolating using the information of voxels in neighbouring acquisitions to 

reconstruct the signal as if the slices were acquired all at the same time. 

Of note, it is recommended to estimate motion parameters (realignment 

step) before slice timing correction, as the latter involves interpolations 

which can affect the estimated motion time series (Power et al., 2017). 

• Scrubbing (or censoring). This step involves removing time points 

where head movements were significantly high. The motivation behind this 

step is that the changes in intensity due to large head jerks are not 

captured by motion parameters and might bias parameters estimation 

(Caballero-Gaudes and Reynolds, 2017). This is implemented by either 

adding a nulling regressor (i.e. discarding the volume from the analysis) or 

by interpolating the data between the corrupted volume (Caballero-

Gaudes and Reynolds, 2017). Two indices of data quality have been 

proposed to identify these corrupted timeframes: framewise displacement 

(FD) and Derivative of root mean square VARiance over voxelS (DVARS). 

The former is calculated as the sum of absolute values of the derivatives 

of the six motion parameters, thereby quantifying the change of head 

position between frames (Power et al., 2012). DVARS is calculated for 

each volume as the root mean square (RMS) of the derivatives of all brain 

voxels’ time courses, thereby capturing the change in intensity between 

frames (Power et al., 2012). A temporal mask is then created to eliminate 



 62 

the time points exceeding 0.5 for FD values or 50% DBOLD for DVARS 

(Power et al., 2012). 

• Spatial smoothing. It is carried out to reduce uncorrelated noise and 

improve the correspondences in group studies. An isotropic volumetric 

kernel with FWHM bigger than the voxel size is usually used (Caballero-

Gaudes and Reynolds, 2017). There is no ground truth regarding the 

optimal kernel size. The rule of thumb tends to be to smooth twice as 

much as the voxel size, but adaptive smoothing techniques have been 

developed which estimate the optimal smoothing size from the data 

(Strother, 2006). Intuitively, smoothing too much eliminates small effects 

and subtle differences between groups; on the other hand, smoothing too 

little leads to unimportant small effects (related to noise) being detected as 

significant. 

• Temporal filtering. Temporal filtering (usually high-pass or band-

pass) aims at removing from the time series those frequencies which are 

likely to be associated to noise, while retaining the ones related to the 

signal of interest. Spontaneous signals associated with RSNs have been 

found to be dominant at frequencies 0.01-0.1 Hz (Chen and Glover, 2015). 

Cardiac and respiratory cycles are usually associated with frequency 

above 0.1 Hz, where signals related neural activity are thought to be 

minimal (Chen and Glover, 2015). High-pass filtering, using a cut-off of 

0.01 or 0.0078 Hz is commonly used to remove low-frequency drifts 

(scanner drifts) from the data. Band pass filtering aims at removing the 

frequency components below 0.01 Hz and above 0.1 or 0.08 Hz, thereby 

retaining the frequency band where rs-fMRI oscillations are known to have 

maximum power. However, by being restricted to a specific band, higher 

frequencies which might be of interest in rs-fMRI studies are eliminated 

(Chen and Glover, 2015). As a general note, the exact frequency that 

effectively removes noise is not known and it might vary with the type of 

data and acquisition parameters. 
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• Co-registration to structural data and spatial normalisation. In the 

analyses which involve groups, the fMRI data have to be registered to a 

standard space. In order to do that, the transformation to bring the fMRI 

data to the corresponding structural scan is estimated together with the 

one to bring the structural scan to standard space. The former is usually a 

rigid transformation (6 DoF), while the latter involves a non-linear warping 

of the structural image to match a standard space (usually initialised with a 

12 DoF affine transformation). This transformation is more accurately 

computed using the structural image, which has higher resolution 

compared to the fMRI data. The two transformations (fMRI-to-

structural_MRI and structural_MRI-to-standard space) are then combined 

and applied to the fMRI data. In this way, the fMRI data are interpolated 

only once, rather than carrying out two interpolations (one to structural and 

the other to standard space).  

2.2.4 Post-processing of fMRI Data 

BOLD-based fMRI can be used to assess brain activity, using different 

post-processing methods. As already mentioned, task fMRI is mainly used 

to localise brain activity as a result of an external stimulus. This is usually 

carried out using a general linear model (GLM) where the time series are 

regressed to the task which is modelled by convolving the vector of block 

onset (box car function) with a canonical haemodynamic response 

function (HRF, regressor of interest). The obtained activation maps are 

thresholded to retain only the most significant active clusters. In the case 

of rs-fMRI, several analyses have been developed to probe brain activity 

from different points of view (Figure 2.7). Some of these approaches, such 

as seed-based analysis, effective connectivity and graph theory can be 

also applied to task fMRI data. 
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Figure 2.7: Summary of rs-fMRI post-processing analyses. From the acquired 
and pre-processed rs-fMRI time series, different analyses can be carried out 
including (going clockwise): seed-based analysis, where a ROI is chosen and its 
FC is assessed with the rest of the brain; independent component analysis where 
the fMRI data are decomposed in RSNs of interest representing brain areas 
oscillating together; regional homogeneity a measure of time series synchrony at 
the local level; amplitude of local frequency fluctuations; effective connectivity 
which investigates which brain area drives activity in another region (causal 
connectivity); classification of a subject into a particular patient group; graph 
theory where the brain is modelled as a network to investigate its topology and 
functional organisation in healthy and patient populations. This figure is adapted 
from Tahmasian et al., 2015 (Tahmasian et al., 2015). 

• Seed-based analysis. This post-processing method involves the a-

priori definition of a cluster or ROI from an atlas (“seed”). Global functional 

interactions are then modelled by computing statistical dependencies (e.g. 

correlation) between average BOLD time series of this ROI and all other 

voxels in the brain (seed-to-voxel analysis) or another ROI (ROI-to-ROI 

analysis) (Jiang and Zuo, 2016). A threshold is then set to identify the 

voxels significantly correlated with the region/s under investigation (Figure 

2.8) (Lee, Smyser and Shimony, 2013). In addition, FC can be compared 

across groups to infer which brain areas show increased/decreased 

connectivity as a consequence of a disease. This method is easy to apply 

and to interpret, as it provides a direct answer to the question of FC of one 

ROI to the rest of the brain (Cole, Smith and Beckmann, 2010). However, 

this approach relies on a simplification of brain connectivity and it is highly 

dependent on the choice of ROI (location and size) (Cole, Smith and 

Smith et al., PNAS 2009

Wang et al., Frontiers in 

System Neuroscience 2015
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Beckmann, 2010). This analysis can be carried out using tools like CONN 

(https://web.conn-toolbox.org/). 

 

Figure 2.8: Schematic summary of seed-based analysis. An ROI (“seed”) is 
initially selected and its average time series is computed. This mean time series 
is then correlated with all the other brain voxels’ time series (or with another 
selected ROI). The obtained map of correlations is thresholded to retain only the 
significant correlations. 

• Independent component analysis (ICA). This is a data-driven 

method which is able to extract RSNs from rs-fMRI data. This technique 

considers all the voxels in the image at the same time and uses 

multivariate statistical analysis to separate the dataset into distinct 

networks (independent components, ICs) which are maximally 

independent (spatially) and correlated in terms of their spontaneous 

fluctuations over time (Figure 2.9) (Cole, Smith and Beckmann, 2010). ICA 

is able to identify structured noise within distinct ICs, which can be 

separated from those representing signal of interest. However, this 

method is based on an iterative optimisation, which leads to between-run 

variation of results, even on the same set of data and it requires the 

number of ICs to be set a-priori, not to end up with a different number for 

each subject (Cole, Smith and Beckmann, 2010). Some RSNs might be 

split into sub networks and assigned to different ICs, which can make 

network identification challenging (Cole, Smith and Beckmann, 2010). 

Nevertheless, this data-driven method can provide a complete picture of 
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RSNs such as the default mode, motor, visual and auditory networks 

(Figure 2.5). These can be compared between groups to investigate which 

network or network component might be affected as a result of a 

pathology. Software to carry out ICA decomposition include FSL 

(MELODIC, https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/MELODIC), Group ICA of 

fMRI Toolbox (GIFT, https:/www.nitrc.org/projects/gift) and BrainVoyager 

(https://www.brainvoyager.com/). 

 

Figure 2.9: Schematic summary of standard ICA. The pre-processed fMRI is 
used as input. The image is represented as a 2D matrix (time x space). ICA 
decomposes this matrix into pairs of spatial components and corresponding time 
courses. The input data are assumed to correspond to the sum of the outer 
products of time courses and spatial maps. Many ICs are outputted as spatial 
maps and time course (an example is shown in this figure). This figure is adapted 
from the fslwiki (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/MELODIC) and Griffanti et al., 
2017 (Griffanti et al., 2017). 

• ALFF, fALFF and ReHo. Rs-fMRI can be used to derive measures 

of regional spontaneous brain activity, such as amplitude of low frequency 

fluctuations (ALFF) and regional homogeneity (ReHo). The former is 

defined as the square root of the power spectrum integrated in a low-

frequency range (0.01–0.1 Hz). It provides a quantification of the intensity 

of spontaneous fluctuations in the BOLD signal (Figure 2.10) (Zang et al., 

2007; Zou et al., 2008; Chao-Gan and Yu-Feng, 2010). Significantly higher 

ALFF values were reported in the DMN and in the visual area during 

resting-state acquisitions with eyes-opened. However, this measure was 

also increased in non-specific areas, such as cistern areas which 

highlighted possible physiological noise contamination. To overcome this 

issue, an adjusted measure was proposed: the fractional ALFF (fALFF) 

which is computed as the ratio of power spectrum of low-frequency (~0.01-
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0.1 Hz) to the total frequency range (~0-0.25 Hz) (Zou et al., 2008). fALFF 

increases sensitivity and specificity to detect regional spontaneous brain 

activity (Figure 2.10). ReHo is a data-driven method, based on the 

Kendall’s coefficient of concordance which quantifies the degree of 

synchrony of a voxel time series with its neighbours (usually 26 

neighbouring voxels) at rest (Figure 2.10) (Zang et al., 2004). ReHo maps 

have values between 0 (no concordance) and 1 (complete agreement) 

with the neighbours. Being an intrinsically local measure, ReHo is 

insensitive to region to region variability of the HRF (as opposed to seed-

based analysis) and it is relatively easy to compute and robust, compared 

to other local connectivity measures. The ReHo maps can be compared 

between groups to highlight significant increase/decrease of this measure 

as a result of a disease. ALFF/fALFF and ReHo can be easily computed 

using software, such as DPARSF (https://rfmri.org/DPARSF), REST 

(https://www.nitrc.org/projects/rest/), C-PAC (https://fcp-indi.github.io/) or 

AFNI (https://afni.nimh.nih.gov/). 
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Figure 2.10: Schematic summary of the computation of the local fMRI measures: 
ALFF/fALFF and ReHo. For ALFF and fALFF (top) the voxel time series are 
transformed to frequency space and the power in the low-frequency range is 
computed (and normalised in the case of fALFF). This calculation leads to 
ALFF/fALFF maps (Tsai et al., 2014) which can be used for further analyses and 
statistical comparison. In the case of ReHo (bottom) the Kendall’s coefficient of 
concordance is computed at every voxel. In the formula !" is the mean of the !# 
(sum rank of the ith time point over all neighbouring voxels within the cube) over 
time; $ is the number of time series in cluster and % is the number of ranks (time 
points of a time series). This calculation leads to a ReHo map which can be used 
for further analyses or statistical comparison across groups (Tsai et al., 2014).  

• Effective connectivity. Defining connectivity in terms of statistical 

dependency between time series (as mentioned above) does not allow to 

infer causality. FC is indeed generally undirected, i.e. does not refer to 

temporal precedence. Conversely, effective connectivity concerns hidden 

neural states generating recorded measures. Two commonly used 

methodologies to investigate this type of connectivity in fMRI are Granger 

causality and dynamic causal modelling (DCM) (Friston, Harrison and 

Penny, 2003). The general idea of the former method is that X causes 

activity in Y if X contains information that helps predicting the future of Y 

better than information contained in either the past of Y or the past of any 

other variable (Z). However, this framework is generic and its reliability can 

be influenced by regional variations of haemodynamic latency (Friston, 

Moran and Seth, 2013). On the other hand, DCMs quantify the directed 

influence from one region to another and thus the causal interregional 

dynamics. Causality in DCM does not only rely on temporal precedence, 

but it also concerns where and when the system is perturbed (Stephan et 

al., 2010). In this framework, several hypothetical models are specified 
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and Bayesian model selection is used to choose the model which best fits 

the observed data and shows the lowest complexity (Figure 2.11) 

(Goulden et al., 2014). The application of this methodology to rs-fMRI is 

still in its early stage, given the recent development of the spectral DCM 

(spDCM, https://www.fil.ion.ucl.ac.uk/spm/doc/spm12_manual.pdf) for rs-

fMRI data in 2014 (Friston et al., 2014). This approach is important in the 

context of epilepsy where the causality of activity between brain regions 

can help defining the network underlying seizure generation and spread.

 

Figure 2.11: Schematic summary of the general principles behind effective 
connectivity using DCM analysis. Average time series are extracted from each 
area of the model (A, B, C). Several possible models are specified. These can 
involve and input (endogenous fluctuations in rs-fMRI and stimulus in task fMRI) 
and different connections between regions (i.e. forward or feedback). Self-
connections are often specified which represent self-inhibitory properties of the 
brain area. The least complex model that best explains the observed data is 
selected to be the one representing the underlying functional architecture of the 
network (Kahan and Foltynie, 2013). 

• Graph theory. This is the mathematical basis of network science 

and it is now applied to networks derived from fMRI data (Medaglia, 2017). 

It provides a framework to understand and describe the intrinsic brain 

organisation, dynamics and cognitive-behavioural processes (Medaglia, 

2017). Of note, this method can be applied to both structural and 

functional data. In the former case, structural networks are derived which 

reflect the anatomical connections or synaptic links between neuronal 

populations. In the latter case (considered in this work), functional 

networks are obtained which encode the functional coupling (statistical 
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dependency) of brain regions’ time series (Sporns and Betzel, 2016). The 

general graph theory framework is based on the idea that the brain can be 

modelled as a network composed of nodes (brain regions derived from a 

brain parcellation or atlas) and edges (functional coupling expressed as 

correlation, coherence or covariance) (Bullmore and Bassett, 2011). 

Average time series are extracted from different brain regions and their 

pairwise functional coupling is computed. This leads to the creation of an 

adjacency matrix (Aij), encoding the graph, where each entry is the weight 

of the coupling between every node i and j (Figure 2.12) (Medaglia, 2017). 

The edges of the graph can be binary (0: no connection, 1: connection) or 

weighted (range of values expressing the strength of coupling) (Medaglia, 

2017). 

 

Figure 2.12: Schematic summary of graph analysis. The nodes of the network are 
initially defined (from a brain parcellation or atlas). The average time series are 
computed for every node (in the case of fMRI data). The coupling (e.g. 
coherence/correlation) between each pair of regions is computed leading to an 
adjacency matrix encoding the graph. 

From this matrix several graph theoretical tools and measures can be 

derived to investigate network properties and topology. The graph 

organisation can be analysed at different scales: microscales (organisation 

of nodes and edges), mesoscale (arrangement of nodes into communities 

or modules) and macroscale (global network organisation) (Medaglia, 

2017). Examples of microscale measures include the degree, number of 

edges connected to a node; clustering coefficient, how close neighbours 

are to be a completely connected graph; local efficiency; connectedness of 

edges within neighbours of a node. At the mesoscale, the graph is 

characterised by modules or communities (often related to specialised 
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functional components) defined as clusters of nodes with high intra 

module connectivity and relatively low inter module connectivity (Bullmore 

and Bassett, 2011; Sporns and Betzel, 2016). Macroscale organisation 

can be summarised by using the global average of measures at the nodal 

level. Some examples include characteristic path length, average short 

path between all nodes in the graph; global efficiency, inverse of path 

length relating to the efficiency of information spread across the graph 

(Medaglia, 2017). Network topology and organisation can be compared to 

random graphs or across groups to infer how the brain is affected as a 

consequence of a disease or condition (Bullmore and Bassett, 2011). 

More information about graph theory applied to functional data and the 

different measures is provided in Chapter 6.  

Over the past years, FC has been shown to fluctuate over time, 

highlighting that static measure of FC, which assumes stationarity over the 

whole scan, might not capture the full picture of brain activity (Hutchison et 

al., 2013; Preti, Bolton and Van De Ville, 2017). This gave rise to the 

relatively new field of dynamic FC, which aims at investigating the dynamic 

aspects of spontaneous brain activity in the time scale of seconds (Preti, 

Bolton and Van De Ville, 2017). Several different methodologies have 

been developed in this field, with the most commonly adopted being the 

sliding window method. Time series representing brain activity in different 

areas are used as inputs. Connectivity is computed between each pair of 

time courses as correlation/coherence, within a temporal interval of the 

time series, defined by a window with a given duration. This window is 

then shifted by a given step and another connectivity matrix is computed. 

This process is repeated for the whole length of the time course, leading to 

the creation of graph matrices encoding the temporal evolution of whole-

brain FC (Figure 2.13). Intuitively the length of the time window is crucial to 

obtain meaningful information: it has to be short enough to be sensitive to 

capture dynamic FC changes, but long enough to leave out non-specific, 

spurious correlations (Preti, Bolton and Van De Ville, 2017). After 

computing this dynamic functional connectome, a community detection 
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algorithm can be run in each window to compute measures quantifying 

graph changes across time. 

 

Figure 2.13: Schematic summary of dynamic FC (sliding window approach). A 
connectivity matrix is computed for each time window. This allows the 
investigation of the dynamic changes of network properties, rather than 
considering graphs as stationary. 

One can for example compute the flexibility (number of times a node 

changes module alliance over time) (Bassett et al., 2011), integration 

(probability of one region to be in the same network community as regions 

from other systems) (Bassett et al., 2015) or recruitment (probability of one 

region to be in the same network community as regions from its own 

system) (Bassett et al., 2015) of the brain connectivity over time. These 

measures can be compared across groups to understand how dynamic 
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network reconfiguration is affected in neurological conditions. Graph 

theory measures can be computed using the Brain Connectivity Toolbox 

(BCT, https://sites.google.com/site/bctnet/) or Network Community 

Toolbox (https://commdetect.weebly.com/) and graphs can be compared 

using the Network Based Statistic Toolbox (NBST, 

https://sites.google.com/site/bctnet/comparison/nbs). 
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2.3 ASL to Assess Brain Perfusion and 

Connectivity 

2.3.1 General Principles of ASL 

Perfusion is defined as the process of delivering nutrients to the capillary 

bed (Chappell, Macintosh and Okell, 2017f). It can be seen as the end 

product of blood flow (CBF in the case of the brain, expressed in 

mL/100g/min) irrigating an organ of interest. The contribution to this blood 

flow mainly stems from the microcirculatory system, as opposed to the 

flow of the main vascular axes (Barbier, Lamalle and Décorps, 2001). 

Perfusion is an important measure of physiology which reflects changes in 

metabolism and neural activity and it is altered in diseased conditions. 

Perfusion MRI techniques rely on the use of an intra-vascular tracer which 

can either be the injected contrast gadolinium (exogenous) or the 

magnetically tagged hydrogen nuclei of the water circulating in the blood 

(endogenous) (Barbier, Lamalle and Décorps, 2001). In the former case, 

the injected gadolinium chelates cause a reduction in the signal recorded, 

as it passes through the organ vasculature. This can be used to derive 

perfusion parameters, such as the time of arrival or time of the peak of the 

contrast agent (Barbier, Lamalle and Décorps, 2001). In the latter case, 

the endogenous tracer represents a way to carry out perfusion MRI in a 

non-invasive way (namely arterial spin labelling [ASL]), by labelling the 

hydrogen nuclei of the intravascular arterial water using RF pulses 

upstream of the area of interest (Detre et al., 1992; Alsop et al., 2015). In 

order to create a well-defined volume of labelled blood, the RF pulse has 

to last for a predefined duration, known as labelling duration. After 

labelling, the blood-water needs to reach the brain and accumulate in the 

ROI. This time is known as post-labelling delay (PLD). At the time of 

acquisition (after the tagged protons have travelled to the upstream area 

of interest), the recorded signal will include the magnetisation of the ROI 

plus the one from the labelled protons present in the area. An unlabelled 
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acquisition is used as reference for the calculation of perfusion images 

which involves the subtraction of the control and label scans. Since the 

amount of labelled water delivered to the tissue is small compared to the 

total volume, the signal difference is around 1-2%. Hence, the SNR of the 

perfusion images is lower compared to the initial volumes. In addition to 

perfusion images, ASL can be also used to derive quantitative CBF maps 

(in units of mL/100g/min) which should be stable across sites and days 

(Detre and Alsop, 1999). The general principles of ASL are summarised in 

Figure 2.14. 

 

Figure 2.14: General principles of ASL. (A) A label image is obtained by: tagging 
the blood-water passing through the neck, waiting for the tagged blood to reach 
the area of interest (PLD) and then imaging. (B) A control image is acquired 
where no labelling is carried out. (C) The subtraction of control and label images 
leads to a perfusion-weighted image which represents the delivery of blood-water 
to the tissue. This image can be further quantified to obtain a quantitative map of 
CBF, in units of mL/100g/min. This figure is adapted from Ferre’ et al., 2013 
(Ferre’ et al., 2013). 

In epilepsy, ASL represents a promising MRI technique to detect seizures 

by quantifying local cerebral perfusion changes associated to the 

epileptogenic area (Boscolo Galazzo et al., 2015). Previous works have 

reported concordance between alteration of CBF maps from ASL data and 

hypo-metabolism detected on FDG-PET scans (Storti et al., 2014; Boscolo 

Galazzo et al., 2015, 2016; Sierra-Marcos et al., 2016) (Figure 2.15). In 

general, CBF maps highlight regions of ictal (and early post-ictal) hyper-

perfusion and inter-ictal hypo-perfusion, which correlate with the area of 

seizure onset. This technique is preferred as it does not involve radiation 

exposure (i.e. the tracer is the endogenous labelled blood) and is non-

invasive (Boscolo Galazzo et al., 2015). However, ASL data are 
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characterised by low signal, requiring specific pre-processing to eliminate 

noise. In addition, the same readout sequence as BOLD-based fMRI (i.e. 

EPI) is used, so ASL data suffer from similar disadvantages as described 

in the context of BOLD-based fMRI: spatial resolution is low and 

inhomogeneities are also often present. Another issue is related to PVEs 

which are mainly caused by the low resolution of the data (bigger voxel 

size to increase the SNR), together with having to image the whole brain 

in a very short time. Methods for correction of PVEs in ASL data are still 

not standardised. For all these reasons, the use of ASL in epilepsy 

diagnosis and treatment is still under investigation. 

 

Figure 2.15: Concordance of ASL and FDG-PET. 18F-FDG PET/CT, 18F-FDG 
PET/MRI, ASL and the corresponding asymmetry index z-values are reported for 
representative patients with right focus temporal localisation (two slices per 
subject). These maps highlight the correlation between PET hypo-metabolism 
and ASL hypo-perfusion. This figure has been adapted from Boscolo Galazzo et 
al., 2016 (Boscolo Galazzo et al., 2016). 

2.3.2 ASL Acquisition Schemes 

The general principle of ASL involves labelling hydrogen spins, waiting (to 

allow the labelled blood to reach the tissue of interest) and acquiring an 
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image (label image containing signal from both the labelled and the static 

tissue water). A separate scan is also acquired without labelling the blood 

(control image). This process is repeated to acquire several labelled-

control image pairs. This scheme can be achieved in different ways (Alsop 

et al., 2015). 

Labelling involves tagging blood-water which represents the endogenous 

tracer exploited in ASL to measure perfusion (Alsop et al., 2015; Chappell, 

Macintosh and Okell, 2017a). Three main labelling schemes have been 

developed over the past years which differ in terms of labelling duration, 

efficiency and consequent perfusion estimation (Figure 2.16).  

 

Figure 2.16: Summary of the main ASL labelling schemes. CASL and pCASL 
(top) use a labelling plane to tag the blood-water passing through the neck while 
PASL (bottom) uses a single RF pulse. While the labelling duration is well defined 
in the case of CASL/pCASL, PASL required an additional saturation pulse 
(QUIPSS II) to cut the tail of the tagged spins. The PLD is simply the time 
between the end of labelling and the start of image acquisition for CASL/pCASL 
tagging. In the case of PASL, the PLD is defined as the difference between TI2 
(time between the tagging RF pulse and image acquisition) and TI1 (time 
between the tagging RF pulse and the QUIPSS II saturation pulse). 

Continuous ASL (CASL) is the original ASL implementation and involves 

the use of a continuous RF field used in conjunction with a magnetic field 

gradient. By tuning the RF field and the gradient, a labelling plane is 

created which inverts all the spins travelling through it (Alsop et al., 2015; 

Chappell, Macintosh and Okell, 2017a). The advantage of this method is 

that it leads to efficient labelling with well-defined duration (the time the RF 

field and gradient are on, 1-3 s). However, this scheme is not easy to 
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implement on clinical scanners, as continuous RF pulses require special 

equipment (in terms of hardware, software and higher RF pulses). Pulsed 

ASL (PASL) uses a short RF pulse lasting about 10-20 ms to 

instantaneously label the arteries feeding the brain. In this case, the label 

duration is not known as it is determined by the velocity of the blood at the 

time of the labelling pulse (Alsop et al., 2015; Chappell, Macintosh and 

Okell, 2017a). Techniques such as Quantitative Imaging of Perfusion 

using a Single Subtraction (QUIPSS II) and Quantitative Imaging with TI 

Pulsed Spin Labelling (Q2TIPS) have been developed to define the label 

duration, which is needed for perfusion quantification. In short, these 

techniques cut off the bolus at a specific time (Time Inversion one, TI1) 

after labelling (Alsop et al., 2015). Overall, PASL does not need special 

hardware and can therefore be implemented on standard/clinical 

scanners, its labelling efficiency does not depend on blood flow velocity, it 

has reduced power deposition and it is robust to field inhomogeneities. 

However, label duration can only be defined using QUIPSS II or Q2TIPS 

and it is generally shorter than CASL, meaning that the SNR is also lower 

(the longer the label the more tagged blood available for imaging). Pseudo 

continuous ASL (pCASL) has been developed to overcome the 

disadvantages of CASL, particularly in relation to its application to clinical 

scanners. pCASL uses a train of RF pulses (>1000, ~1 us long) to create 

a defined labelling plane (as in CASL) (Alsop et al., 2015). This leads to a 

well-defined label duration and consequently easier perfusion 

quantification, high labelling efficiency, generally high SNR (since long 

label duration can be achieved) and easier application to clinical scanners 

(compatible with existing RF amplifiers) (Alsop et al., 2015; Chappell, 

Macintosh and Okell, 2017a). However, pCASL is less robust to field 

inhomogeneities and it is sensitive to blood velocity. It is also 

characterised by louder acoustic noise during acquisition, due to the series 

of RF pulses (subjects might need to be warned about it) and power 

deposition is also higher, though less than CASL (Chappell, Macintosh 

and Okell, 2017a). In summary, the ASL consensus paper recommends 

pCASL as the labelling scheme of choice, in most scenarios, taking into 
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account whether the subject is young or old which determines the choice 

of the acquisition parameters described below (Alsop et al., 2015).  

Labelling is followed by a waiting period when the tagged blood-water 

flows to the tissue of interest. The time between the end of the labelling 

and image acquisition (when all the labelled blood has reached the tissue 

of interest), is called PLD. In the case of PASL where techniques such as 

QUIPSS II are used to define the bolus duration, the PLD corresponds to 

TI2-TI1 (TI1, time of the QUIPSS II pulse; TI2 time of image acquisition). 

This waiting time is in general dictated by two main factors. On the one 

hand, all the label blood needs to reach the tissue of interest thereby 

maximising the ASL signal and accurately quantifying perfusion. On the 

other hand, the difference between label and unlabelled signal decays at a 

T1 rate, therefore the longer one waits the smaller the ASL signal 

available for imaging, which if too small, can be confounded by noise. To 

balance these two factors, the PLD should be set to the longest expected 

time the blood takes to reach the tissue of interest, which it is hard to 

define and can vary with age and pathology (Alsop et al., 2015). Table 2.1 

summarises the recommended labelling parameters for PASL and pCASL 

schemes. It can be noted that the PLD value depends on age and on 

whether the subject is healthy (Alsop et al., 2015). 
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Table 2.1: ASL labelling parameters recommended by the consensus paper. This 
table is adapted from Alsop et al., 2015 (Alsop et al., 2015). 

Parameter Value 

PASL TI1 800 ms 
PASL TI2 Use PCASL PLD (below) 
PASL labelling slab thickness 15-20 cm 
    
PCASL labelling duration 1800 ms 
PCASL PLD: neonates 2000 ms 
PCASL PLD: children 1500 ms 
PCASL PLD: healthy subjects < 70y 1800 ms 
PCASL PLD: healthy subjects > 70y 2000 ms 
PCASL PLD: adult clinical patients 2000 ms 
PCASL: average labelling gradient 1 mT/m 
PCASL: slice selective labelling gradient 10 mT/m 
PCASL: average B1 1.5 µT 

 

After labelling and waiting, an image of the brain is acquired. There are 

several readout schemes implemented in ASL. In a 2D multi-slice method, 

all the data are acquired before moving to the next slice. This is in contrast 

with 3D readouts where the signal from the whole brain is acquired at the 

same time (Chappell, Macintosh and Okell, 2017a). Using a 3D readout 

leads to a constant contrast across the brain and consequently consistent 

PLD and background suppression (BS, a method aiming to reduce brain 

tissue signal without affecting perfusion) (Alsop et al., 2015). Higher SNR 

is usually achieved using a 3D readout. On the other hand, 2D multi-slice 

methods are less affected by signal decay, as each slice is acquired 

separately and relatively quickly. In the case of 3D readouts, more time is 

needed to acquire the necessary data for volumetric reconstruction, hence 

signal decay can have a significant impact. This often results in decreased 

spatial resolution (blurring of signal across different slices). Readout 

schemes includes EPI, an efficient 2D multi-slice method commonly used 

in BOLD-based fMRI and diffusion imaging. This is a very efficient method, 

where a single slice can be acquired very fast (~30-50 ms), but it is 

affected by field inhomogeneities, resulting in distortion and dropout 

artefacts (Chappell, Macintosh and Okell, 2017a). 
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Finally, to appropriately quantify the perfusion-weighted image obtained by 

the subtraction of the control and label images, a so-called calibration 

image is acquired (M0). This is used to scale the perfusion-weighted image 

so to represent the CBF signal in meaningful units (mL/100g/min). The 

calibration image is usually a proton density weighted (PDw) MR scan 

(long TR = 6-10 s), acquired without labelling and BS which captures the 

amount of water in the tissue. 

2.3.3 Noise and Pre-processing of ASL Data 

Like all MR modalities, ASL is affected by subject motion. This significantly 

impacts the perfusion maps by creating intensity differences between the 

labelled and control images which can be higher than the perfusion signal 

itself. Motion artefacts commonly appear around the brain edges with the 

typical ring pattern (Chappell, Macintosh and Okell, 2017e). To correct for 

these artefacts, a registration across volumes (using a 6 DoF, rigid 

transformation as done for BOLD-based fMRI) is usually carried out prior 

to control-label subtraction to avoid artefacts in the perfusion images (ref. 

Chapter 2.2.3). However, differently from BOLD-based fMRI, ASL is 

characterised by two different contrasts (label and control images) which 

makes motion correction challenging. Indeed, six-parameter-based rigid 

body registration is based on minimising the intensity differences across 

image volumes. Since control and label images are interleaved in raw ASL 

data, their difference in intensity might be mistakenly taken as head 

motion and minimised during motion correction (Wang et al., 2008). 

Different approaches have been considered to carry out motion correction 

of ASL data (Wang et al., 2008). All the scans (control and label) can be 

realigned to the calibration image or to the mean image. Registration to 

this reference scan avoids biases arising from realignment to either the 

first control or first label scan, which results in a zig-zag effect in the 

estimated motion time series. Alternatively, the label and controls images 

are split and realigned separately, within each group (i.e. control volumes 

to control volumes and label volumes to label volumes). In this way, 
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potential differences in contrast between label and control volumes do not 

affect motion correction. The realigned groups of scans are then brought 

together by mean of registration to a reference scan (calibration or mean 

image). No consensus has been reached regarding the most appropriate 

motion correction approach. Finally, since registration involves 

interpolation, this can lead to subtraction artefacts. Inspection of the 

difference images is important to make sure that mayor artefacts are not 

present, even after motion correction (Chappell, Macintosh and Okell, 

2017e). To further remove motion effects from the data, the 6 motion 

parameters can be regressed out from the ASL data, in the same way as 

explained for BOLD fMRI (Jann et al., 2016). 

The use of EPI-readout for ASL acquisitions leads to distortions artefacts 

common to all fMRI techniques. This can be corrected by acquiring two 

calibration images with opposite phase-encoding directions (anterior-

posterior and posterior-anterior) or by using field maps (separate images 

measuring the magnetic field deviations). 

A registration step is usually required to align the ASL data to the 

corresponding structural image and subsequently to a common standard 

space (ref. Chapter 2.2.3). This is challenging given that the ASL data 

have low spatial resolution and contrast. As for BOLD-based fMRI, this 

step is achieved by combining a rigid registration step to bring the ASL 

data to the structural image (6 DoF), and a non-linear registration to 

standard space (estimated using the structural data) (Chappell, Macintosh 

and Okell, 2017e). The first registration is usually improved by using the 

calibration image as input, given its higher GM-WM contrast which 

improves alignment to the structural data. 

Smoothing is carried out to improve visualisation and group comparisons 

(ref. Chapter 2.2.3). Standard smoothing involves setting a fix smoothing 

size (kernel FWHM) which is then applied to the whole image. As an 

alternative, the smoothing size can be estimated from the data itself using 
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a Bayesian framework (adaptive smoothing) (Chappell, Macintosh and 

Okell, 2017e). 

2.3.4 Post-processing of ASL Data 

The following section describes two possible post-processing analyses of 

ASL data: computation of CBF maps and perfusion-based FC.  

• Computation of CBF maps. The original main application of ASL 

involved the quantification of brain CBF. Perfusion-weighted images are 

easily generated from ASL data by means of pairwise subtraction of 

control and label images, thereby obtaining an image that reflects the 

labelled blood-water delivered to the tissue (Chappell, Macintosh and 

Okell, 2017b). However, the value of each voxel in these images does not 

provide a quantitative measure of perfusion. To obtain a quantitative map 

of brain perfusion a kinetic modelling step needs to be carried out. This is 

used to describe the delivery of the labelled blood to the tissue as well as 

what happens once it has been delivered (T1 signal decay).  

In this context, it is important to distinguish two main ASL approaches 

(dynamic and static) which determine the way the CBF is estimated 

(Chappell, Macintosh and Okell, 2017c). Dynamic ASL is characterised by 

multiple PLDs (or TIs) so that difference images are obtained at each PLD. 

This allows to sample the kinetic curve (describing the ASL signal) at 

several points. The motivation behind multi-PLD is to estimate the 

variability of other parameters in the kinetic model, such as the time it 

takes for the labelled blood to reach the tissue of interested, known as 

arterial transit time (ATT), leading to more accurate perfusion estimation. 

In this case, the CBF is estimated by fitting a model to each voxel, 

comprising 3 components (i.e. the three parts of the kinetic curve): (1) no 

labelled blood present in the tissue of interest, (2) the arriving blood is 

uniformly labelled, (3) the arriving blood is again unlabelled (Buxton et al., 

1998; Chappell, Macintosh and Okell, 2017c).  

For static ASL (considered in this thesis) one single PLD/TI is used (PLD 

or [TI2-TI1] > ATT) and it is assumed that all the labelled bolus has been 
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delivered to the tissue of interest (Alsop et al., 2015). This corresponds to 

sampling the tail of the kinetic curve where the effect of ATT is minimal 

(though the ASL signal would be decreased) (Chappell, Macintosh and 

Okell, 2017c). In this case the equation corresponding to the model in 

Buxton et al. (Buxton et al., 1998), adapted for static ASL is used which 

takes the signal as input and outputs the corresponding perfusion by 

taking into account the label duration, the T1, the rate of delivery and the 

blood equilibrium magnetisation (Chappell, Macintosh and Okell, 2017b). 

In the case of PASL acquisition, with QUIPSS II the following formula is 

used (Alsop et al., 2015): 

&'( =	
6000 ∗ l ∗ (/0123415 − /57895) ∗ ;

<=>
<?,ABCCD

2 ∗ a ∗ FGH ∗ /IJ
 

Whereas, in the case of CASL/pCASL the following formula is considered 

(Alsop et al., 2015): 

&'( =	
6000 ∗ l ∗ (/0123415 − /57895) ∗ ;

IKJ
<?,ABCCD

2 ∗ a ∗ FH,8511L ∗ /IJ ∗ (1 − ;
Nt

<?,ABCCD)
 

where /0123415 and /57895 represents the time-averaged intensities in the 

control and label scans (whose subtraction leads to perfusion-weighted 

images), /IJ is the calibration image (PDw image, measuring arterial 

magnetisation), PLD is the post-labelling delay, t is the labelling duration, 

TI2 is the time between the PASL labelling and the image acquisition, TI1 

is the time between the PASL labelling and the QUIPSS II pulse, a is the 

labelling efficiency (0.98 for PASL and 0.85 for pCASL), the FH,8511L is the 

longitudinal relaxation time of arterial blood (1.65 s at 3 T, 1.35 s at 1.5 T) 

and l is the brain/blood partition coefficient that accounts for the difference 

in proton density between blood and brain tissue (0.9 mL/g for the whole 

brain). The scaling factor of 6000 converts the final values from mL/g/s to 

the standard units of perfusion: mL/100g/min (Alsop et al., 2015). By fitting 

this kinetic model at every voxel, a CBF map is obtained.  
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Typical values of perfusion are around 60 mL/100g/min in GM and 20 

mL/100g/min in WM, while CSF has zero perfusion (Chappell, Macintosh 

and Okell, 2017d). These CBF maps can be compared across groups to 

detect areas of significant hypo- or hyper-perfusion which can be related 

to a neurological condition.  

• Perfusion-based FC. In addition to the estimation of CBF, ASL has 

started to be used in connectivity studies. To date, most of the studies 

investigating FC have been based on BOLD-based fMRI (Chen, Jann and 

Wang, 2015). However, the BOLD signal only represents an indirect 

measure of neural activity which is modulated by several physiological 

parameters, such as CBF, cerebral blood volume (CBV) and cerebral 

metabolic rate of oxygen (Jann et al., 2013; Chen, Jann and Wang, 2015). 

The BOLD signal is also affected by several noise contributions, including 

vein signal and its spatial specificity to the area of brain activity is low. On 

the contrary, the ASL signal is based on perfusion which is highly coupled 

to neural activity. ASL can therefore provide a quantitative measure of 

brain connectivity, together with neural blood flow metrics (CBF maps). 

Perfusion-based FC analysis has been made possible thanks to the 

technical advantages in ASL sequences including increased temporal 

SNR (tSNR) and temporal stability (Jann et al., 2016).  

FC based on perfusion (in both task and rest) was firstly demonstrated by 

Biswal et al., 1997 (Biswal, Van Kylen and Hyde, 1997) in the bilateral 

motor cortices. This initial work was followed by other studies which used 

ASL data to localise brain activations in task-based paradigms (Tjandra et 

al., 2005; Galazzo et al., 2014). Task interleaved designs developed for 

BOLD-based fMRI can be generally applied to ASL data. In terms of 

analysis, a GLM (fitting a linear model describing the expected activation 

over time to the data) is usually carried out in a similar way as for BOLD-

based fMRI (Chappell, Macintosh and Okell, 2017f). However, one needs 

to account for the alternating label and control images which comprise the 

ASL data. To this end, control-label difference images were conventionally 

considered for FC studies, despite halving the number of available time 
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points. An alternative approach developed in the context of task fMRI 

entails considering the whole ASL time series (control and label volumes) 

as input to FC analyses (Mumford et al., 2006). Comparable functional 

maps were generally found with ASL and BOLD data, even if the former 

detected smaller clusters due to its lower SNR (Tjandra et al., 2005; 

Galazzo et al., 2014). Brain activations were more accurately localised 

using ASL data, owing to its greater sensitivity to perfusion changes which 

are coupled to neural activity. ASL also showed lower inter-subject 

variability and higher intra-subject reproducibility (across days and 

sessions), when compared to BOLD-based fMRI (Tjandra et al., 2005). 

However, it is important to highlight the limitations of ASL for task-based 

purposes. Despite ASL signal being more coupled to brain activity than 

BOLD-based fMRI, its temporal and spatial resolution are generally lower. 

This can hamper accurate signal sampling to map eloquent regions during 

task paradigms. For specific cases which require mapping of multiple 

regions (e.g pre-surgical planning) ad-hoc sequences can be employed, 

such as 3D-GRASE, which allow sampling of the entire brain. 

Alternatively, ASL sequences can be optimised to focus on the area of 

interest, by limiting the field of view (i.e. decrease the number of slices 

while increasing the resolution of the area under investigation). All in all, 

the spatial resolution of ASL data remains lower than BOLD-based fMRI 

and this represents an important limitation to consider in ASL studies.  

In addition to task-based paradigms, other studies considered ASL 

acquired during resting-state and investigated the relation and similarity 

between RSNs estimated using BOLD- and perfusion-based FC (Viviani, 

Messina and Walter, 2011; Jann et al., 2015). In general, it has been 

reported that ASL was able to reliably identify RSNs which closely 

resembled those found with BOLD-based fMRI (Jann et al., 2015; Boscolo 

Galazzo et al., 2019), but with the potential of being more specific and 

sensitive (Boscolo Galazzo et al., 2019). In terms of perfusion-based FC 

analyses, seed-based and ICA were demonstrated to be feasible in ASL 

data, together with initial works using graph theory (ref. Chapter 2.2.4 for a 

description of these post-processing methods) (Jann et al., 2013; Liang et 
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al., 2013). In this context, ASL has shown the potential to provide an 

assessment of functional brain networks together with quantifying network 

activity in terms of CBF (surrogate measure of brain metabolism) which 

can be related to FC strength (Jann et al., 2013, 2016). FC-CBF relation 

provides information on brain functional organisation which is affected in 

neurological conditions (Chen, Jann and Wang, 2015). However, one 

needs to consider the different nature of the ASL signal, when compared 

to BOLD-based fMRI: the temporal resolution and SNR are generally 

lower than BOLD contrast. This can critically affect FC estimates and 

reduce statistical power (Chen, Jann and Wang, 2015; Jann et al., 2015). 

Additionally, the tag/control acquisition decreases the number of available 

time points, especially if FC is estimated over the difference images. 

2.4 Summary of Functional Modalities 

Table 2.2 provides a summary of the typical technical parameters for static 

FDG-PET, BOLD fMRI and ASL (PASL and pCASL) data. This table is 

intended as reference for the reader to be aware of the main technical 

parameters, advantages and disadvantages of each functional modality, 

considered in this thesis. 
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Table 2.2: Summary of parameters for static FDG-PET, BOLD fMRI and ASL. Typical values for each parameter are reported for all modalities, 

providing a technical overview as reference for the reader. 

  Static FDG-PET BOLD fMRI ASL 
      PASL pCASL 
          
Temporal resolution [s] N/A 1-2  2-3  4-5  
Spatial resolution  
(voxel size) [mm] 

2-3 in-plane,  
5-7 through-plane 

2-3 in-plane,  
3-4 through-plane 

3-4 in-plane,  
4-8 through-plane 

Acquisition sequence FDG-PET CT 2D EPI 2D EPI or 3D acquisitions 
Sequence weighting Radiotracer concentration T2/T2*w T2/T2*w 
Coverage (matrix size) 128x128 to 256x256 64x64 64x64 to 128x128 
Number of slices 40-100 30-40 10-20 
Number of volumes 1 volume (~15 min) 150-300 60-80 (CBF quantification) 

      
100-200 

(connectivity) 
50-150 

(connectivity) 
Radiation exposure 5-10 mSv None None 
Measurement Glucose metabolism Haemodynamic response Perfusion (CBF) 
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Chapter 3 A Semi-quantitative Pipeline 

for the Detection of Hypo-metabolic 

Regions on Paediatric FDG-PET Scans 

using Age-appropriate Templates and 

Datasets 

This Chapter is based on the publication: De Blasi B., et al., “Age-Specific 

18F-FDG Image Processing Pipelines and Analysis are Essential for 

Individual Mapping of Seizure Foci in Paediatric Patients with Intractable 

Epilepsy”, Journal of Nuclear Medicine, 2018. 

 

Fluoro-18-deoxyglucose positron emission tomography (FDG-PET) is an 

important tool for the pre-surgical assessment of children with drug-

resistant epilepsy. Standard assessment is carried out visually and this is 

often subjective and highly user-dependent. Voxel-wise statistics can be 

used to remove user-dependent biases by automatically identifying areas 

of significant hypo/hyper-metabolism, associated to the epileptogenic 

area. In the clinical settings, this analysis is carried out using commercially 

available software. These software packages suffer from two main 

limitations when applied to paediatric PET data: 1) paediatric scans are 

spatially normalised to an adult standard template and 2) statistical 

comparisons use an adult control dataset. The aim of this work is to 
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provide a reliable observer-independent pipeline for the analysis of 

paediatric FDG-PET scans, as part of pre-surgical planning in epilepsy.  

A pseudo-control dataset (n=19 for 6-9y, n=93 for 10-20y) was used to 

create two age-specific FDG-PET paediatric templates in standard 

paediatric space. The FDG-PET scans of 46 epilepsy patients (n=16 for 6-

9y, n=30 for 10-17y) were retrospectively collated and analysed using 

voxel-wise statistics. This was implemented with the standard pipeline 

available in the commercial software Scenium and an in-house Statistical 

Parametric Mapping v.8 (SPM8) pipeline (including age-specific paediatric 

templates and normal database). A kappa test was used to assess the 

level of agreement between findings of voxel-wise analyses and the 

clinical diagnosis of each patient. The SPM8 pipeline was further validated 

using post-surgical seizure-free patients. 

Improved agreement with the clinical diagnosis was reported using SPM8, 

in terms of focus localisation, especially for the younger patient group: 

kScenium=0.489 versus kSPM=0.805. The proposed pipeline also showed 

a sensitivity of ~70% in both age ranges, for the localisation of hypo-

metabolic areas on paediatric FDG-PET scans in post-surgical seizure-

free patients.  

By creating age-specific templates and using paediatric control databases, 

the proposed pipeline provides an accurate and sensitive semi-

quantitative method for assessing FDG-PET scans of patients under 18y. 

3.1 Introduction 

Multi-modal imaging in patients with intractable epilepsy is used to guide 

pre-surgical assessment (Çataltepe and Jallo, 2010). This is a challenging 

procedure which aims to localise the epileptogenic zone, its extent and 

relation to the surrounding cortex to direct subsequent surgical resection. 

It includes complete seizure history, neurological and neurophysiological 

examination, long-term video electroencephalogram (EEG) to monitor 

electrical activity and magnetic resonance imaging (MRI) to assess 
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structural changes (Da Eun and Joon Soo, 2010). Additionally, 

fluorodeoxyglucose positron emission tomography (FDG-PET) has been 

used since 1980s to investigate regional metabolic changes in epilepsy 

and is currently the leading functional imaging modality, thanks to its ability 

to detect inter-ictal hypo-metabolism associated to the epileptogenic zone 

(Archambaud et al., 2013; Boscolo Galazzo et al., 2016). 

In clinical settings, FDG-PET data are routinely assessed visually by 

expert readers. However, this qualitative evaluation is subjective and 

highly user-dependent, it might miss subtle or bilateral intensity changes 

and its effectiveness varies with epilepsy type and focus location 

(Archambaud et al., 2013). More sophisticated voxel-wise statistical 

methods (ref. Chapter 2.1.4) can be used to remove user-dependent 

biases, thereby improving reproducibility and preventing disagreement 

arising from visual assessment of PET scans (Archambaud et al., 2013). 

These methods rely on the spatial normalisation of the patient brain scan 

to a common standard template where it is compared to a normative 

dataset. This voxel-wise comparison leads to the automatic identification 

of areas of hypo/hyper-metabolism at the individual level. In adults (above 

18 y) voxel-wise statistics has proven robust and reliable (Kim et al., 2002, 

2003; Mayoral et al., 2016). However, in paediatric patients the efficacy of 

this analysis remains less clear due to the different and more variable 

brain size and metabolism. Recent publications have reported moderate 

success in automatically evaluated hypo-metabolic regions on paediatric 

FDG-PET scans using voxel-wise statistics (De Tiège et al., 2004; Lee et 

al., 2005; Kumar et al., 2010). Only two studies have used age-matched 

paediatric databases for statistical comparison while detailed description 

of a paediatric FDG-PET template for spatial normalisation is still missing 

(Mazzuca et al., 2011; Archambaud et al., 2013). 

In clinical settings, voxel-wise analysis is carried out using Food and Drug 

Administration (FDA) approved automated software packages provided by 

Siemens (Scenium) or GE Healthcare (CortexID). However, despite being 

user-friendly and highly intuitive, these software applications suffer from 
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two main limitations, when applied to paediatric PET data: 1) the spatial 

normalisation of the paediatric scans to adult Montreal Neurological 

Institute (MNI) standard space (Evans et al., 1993), which leads to 

unwanted deformations and marked anatomical mismatches between 

brain structures and 2) the use of an adult in-built normative database for 

statistical comparisons which differs from children in both brain size and 

metabolism.  

In this study, I investigated if more accurate and reliable results can be 

achieved using age-specific templates and databases of FDG-PET images 

and I introduced a processing pipeline which aims at improving the 

accuracy in localising the epileptogenic zone on paediatric FDG-PET 

scans. The aim was to create FDG-PET templates representing two age 

ranges (6-9 y and 10-20 y) and use age-appropriate control datasets for 

voxel-wise analysis. This pipeline was quantitatively compared against the 

commercial software Scenium, currently adopted in clinical settings and 

further validated by using post-surgical seizure-free patients whose clinical 

follow-up diagnoses were used as a gold standard. 

3.2 Literature Review 

In the context of this project, voxel-wise statistical testing has been used to 

calculate a map of cortical glucose metabolism on an individual patient’s 

scan at every voxel when compared with an appropriately matched control 

database. Overall, voxel-wise statistical testing has to be seen as a 

diagnostic reading aid to assist clinicians, rather than a standalone 

analysis. It can potentially solve cases of disagreement between readers 

and it helps comparison across centres, by removing reader bias. Several 

previous studies used voxel-wise statistical testing implemented in the 

statistical parametric mapping (SPM) software (SPM99, SPM2, SPM5, 

SPM8, https://www.fil.ion.ucl.ac.uk/spm/software/) to analyse paediatric 

FDG-PET data for investigating epilepsy and guiding treatment. 
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Korinthenberg et al., 2004 (Korinthenberg et al., 2004) investigated the 

pathophysiology of pharmacoresistant generalised infantile epilepsies 

using FDG-PET. 30 children of mean age 6.4 (range 1-14 y) were 

considered in that analysis which was carried out using both visual 

assessment and SPM99. The latter included spatial normalisation of each 

subject to an adult template and subsequent statistical analysis against a 

normal adult control dataset. The authors related the type of seizure, 

picked up by the voxel-wise statistical analysis to the neurological deficits 

or EEG findings of each patients. They highlighted the reliability of the 

hypo-metabolic regions detected through FDG-PET voxel-wise statistical 

testing. However, they pointed out that the results might have been 

affected by the use of an adult control database as a reference and by the 

anaesthesia administered to the patients. 

De Tiège et al., 2004 (De Tiège et al., 2004) studied alteration of 

metabolism in 18 children (5-11 y) with continuous spike and waves during 

sleep. Voxel-wise analysis was performed using SPM99 by comparing 

these subjects to a control group (18-42 y). They reported regions of 

hyper- and hypo-metabolism and they could not find homogeneous 

metabolic patterns among the whole population examined. Nevertheless, 

three main types of metabolic patterns were identified using voxel-wise 

statistical analysis. 

Lee et al., 2005 (Lee et al., 2005) aimed at investigating the diagnostic 

performance of quantitative analysis of single-photon emission computed 

tomography (SPECT) and FDG-PET in temporal lobe epilepsy (TLE). They 

considered the FDG-PET scans of 21 children (15 ± 3 y), who underwent 

surgery and were seizure-free. The authors tried to predict the location of 

the epileptogenic region by both quantitative analysis (SPM99) and visual 

assessment. Voxel-wise statistical testing included spatial normalisation to 

an adult template and subsequent comparison of each subject with a 

group of 15 young adult controls (27 ± 7 y). Overall, the authors concluded 

that both SPECT and FDG-PET are useful to localise epileptogenic areas 

in the paediatric population. They also emphasised the value of voxel-wise 
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statistical testing, as visual aid in image assessment. However, visual 

assessment was found to be more sensitive than voxel-wise statistical 

analysis (95% correct classification, as opposed to 86%). They argued 

that this might be due to the stringent p-value adopted (p-value < 0.005, 

uncorrected). Moreover, they pointed out that the use of a control 

database of older subjects might have introduced biases in the voxel-wise 

statistical analysis. 

Kumar et al., 2010 (Kumar et al., 2010) investigated the use of FDG-PET 

in surgical planning of epilepsy. They aimed at testing and optimising the 

performance of voxel-wise statistical analysis (carried out in SPM2) of 

FDG-PET scans. In their analysis, they considered 20 children (11 ± 3.8 y) 

who underwent surgery with seizure-free outcome. In this way, they knew 

the epileptogenic area with high confidence. They took as controls 13 

young healthy subjects (26 ± 3 y). Their analysis supported the use of 

voxel-wise statistical testing as a complementary objective analytical 

method in the detection of epileptogenic areas in children of age above 6 

years. They also highlighted the importance of using an age-matched 

control group. 

Mazzuca et al., 2011 (Mazzuca et al., 2011) studied 8 children (6.2-12.9 y) 

affected by fever induced refractory epileptic encephalopathy. They aimed 

at detecting hypo-metabolic areas on FDG-PET, specifically related to this 

epilepsy type, using a paediatric template and an aged matched control 

dataset. They wanted to assess the relevance of these results when 

compared to neurophysiological findings and EEG. In their analysis, they 

both visually inspected the PET images and carried out a statistical 

analysis using SPM5. The spatial normalisation was achieved using an in-

house paediatric PET template while the control database included 21 

epileptic subjects (6.1-16.6 y) that showed no hypo-metabolic regions 

under PET examination (visual and voxel-wise statistical testing). In 

conclusion, they were able to detect a common hypo-metabolic cortical 

network across the population examined which correlated with language, 

memory and behavioural deficits of the subjects. Visual assessment was 
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found to be superior than voxel-wise statistical analysis. However, the 

latter allowed the identification of all clusters of hypo-metabolism, common 

to a patient population compared to controls. 

Archambaud et al., 2013 (Archambaud et al., 2013) aimed at evaluating 

the use of a paediatric pseudo-normal group (n = 24, 10.6 ± 3.1 y) of 

children with refractory focal epilepsy, but negative MRI and normal FDG-

PET in the voxel-wise statistical analysis (SPM5) of refractory epilepsy 

patients (n = 47, 10.2 ± 3.1 y). This paediatric control group was compared 

to an adult one (n = 25, 30.5 ± 5.8 y). The authors reported increased 

specificity when the paediatric control dataset was considered. They 

supported the use of paediatric control datasets to optimise voxel-wise 

analysis of FDG-PET in children with epilepsy. However, the methodology 

carried out to create the paediatric template was not reported in detail, 

hampering its reproducibility. Additionally, the authors suggested the use 

of pseudo-controls who had whole-body PET scans with normal brain 

uptake, rather than epilepsy patients with normal MRI and PET in order to 

generate better templates. 

In conclusion, most of the aforementioned studies did not use age-

matched standard templates and control datasets which might have led to 

suboptimal results (De Tiège et al., 2004; Korinthenberg et al., 2004; Lee 

et al., 2005; Kumar et al., 2010). The studies that did use a suitable 

standard template for spatial normalisation did not report in detail how it 

was created (Mazzuca et al., 2011; Archambaud et al., 2013). In the cases 

where a normal age-specific database was used the results reported are 

only a descriptive summary with no relation to surgical outcome (Van 

Bogaert et al., 1998; Mazzuca et al., 2011). Therefore, the aim of this 

study was to describe in detail the creation of appropriate age-specific 

templates and datasets for voxel-wise analysis of paediatric FDG-PET 

scans. The latter analysis was compared to a commercial software, 

currently available in the clinic and further validated in the context of 

surgical outcome. 
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3.3 Methods 

The adopted methodology included the voxel-wise analysis of a paediatric 

patient dataset, using a commercial software and an ad-hoc SPM8 

(https://www.fil.ion.ucl.ac.uk/spm/software/spm8/) pipeline. For the latter, 

two age-specific FDG-PET templates (6-9 y and 10-20 y) were built in the 

paediatric standard space defined by MRI templates, available from the 

NIHPD project (Fonov et al., 2011). In the SPM8 pipeline, the patients’ 

scans were compared to an age-matched pseudo-control database (i.e. 

without central nervous system diseases). 

3.3.1 Population 

The patient dataset was retrospectively collated from Great Ormond Street 

Hospital (GOSH) and included FDG-PET/computed tomography (CT) 

scans of 46 children (n = 16, 6-9 y and n = 30, 10-17 y). These patients 

present focal and generalised epilepsy, which reflects what is normally 

found in the clinical setting (see Appendix A.1 for patients’ demographics). 

Of these patients, 18 (n = 4, 6-9 y and n = 14, 10-17 y) underwent surgical 

resection of the hypothesised epileptogenic area, with known surgical 

outcome reported on average 11 months after surgery (range of follow-up 

reports: 1-38 months). Pre-operative MRI scans were collected for all 

these patients while post-operative scans (at least 6 months follow-up) 

were available in 13 cases (n = 4, 6-9 y and n = 9, 10-17 y). Figure 3.1 

summarises the dataset under investigation and the corresponding 

analyses carried out. 
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Figure 3.1: Population under investigation and corresponding analyses for 
validating the SPM8 pipeline. This figure is adapted from De Blasi et al., 2018 
(De Blasi, Barnes, et al., 2018). 

A control dataset was also included in the study (n = 19, 6-9 y and n = 93, 

10-20 y), previously employed and described in Hua et al., 2015 (Hua et 

al., 2015). The research and development board at GOSH approved this 

retrospective study and the requirement to obtain informed consent was 

waived. 

3.3.2 FDG-PET Acquisition 

The patient dataset included dedicated FDG-PET/CT brain scans 

performed on subjects who fast 4 hrs before scanning. 18F-FDG was 

administered based on patient’s weight (dose range: 14-200 Mbq), 30 min 

before scanning (uptake time). FDG-PET/CT images were acquired for 15 

min using a Discovery 710 system (GE Healthcare). Attenuation-corrected 

PET images were iteratively reconstructed by standard vendor-provided 

software, using a voxel size of 2 x 2 x 3.27 mm3. 
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Cluster overlap with cavity 

N = 5, compute % voxels in cavity

Cluster no overlap with cavity
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Thermal ablation

N = 1
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The control dataset comprised whole body FDG-PET/CT scans of patients 

referred for oncology staging, but displaying no brain pathology (pseudo-

controls) (Hua et al., 2015). Only the brain sections of these scans were 

considered. 18F-FDG was administered based on patient’s weight (dose 

range: 74-444 Mbq), 1 h before scanning (uptake time). FDG-PET/CT 

scanning of this data was performed using a Discovery 690 PET/CT 

system (GE Healthcare) at multiple bed positions in 3D mode for 3-5 min 

bed position (Hua et al., 2015). Attenuation-corrected PET images were 

iteratively reconstructed by standard vendor-provided software, using a 

voxel size of 3.65 x 3.65 x 3.27 mm3. For the complete description of this 

acquisition protocol and parameters please refer to Hua et al., 2015 (Hua 

et al., 2015). 

3.3.3 Creation of Age-Specific Templates 

The first objective of this study was to create age-specific paediatric FDG-

PET templates in standard paediatric space and use them as reference for 

spatially normalising each scan before the statistical analysis. MR data, 

specific to the study, are usually used to construct anatomical templates 

on which FDG-PET templates are then created. In this work, MR data 

were not available to created study specific structural templates as 

children’s diagnosis only required whole body FDG-PET/CT scans, rather 

than brain dedicated structural acquisitions. Therefore, two asymmetric 

T1-weighted (T1w) MRI standard templates of children between the age of 

7-11 y (derived from n = 112) and 13-18.5 y (derived from n = 108) were 

used, from a paediatric atlas (Fonov et al., 2011). These structural 

templates defined the standard paediatric space on which to build the 

corresponding age-matched FDG-PET templates. The FDG-PET pseudo-

control dataset was divided into two groups: children of age 6-9 y (n = 19) 

and 10-20 y (n = 93). The cut-off point of 10 years old was chosen based 

on the assumption that at this age brain glucose metabolism of children 

starts decreasing towards adult levels (Archambaud et al., 2013). The 

following steps were carried out in FSL 
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(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/). The control scans were registered to 

the corresponding T1w MRI template (affine registration, 12 degrees of 

freedom [DoF]) with mutual information as cost function (Registration1) 

(Jenkinson and Smith, 2001). The resulting registrations were visually 

assessed, using several anatomical landmarks as reference. Successful 

registrations were those where the PET was completely and precisely 

overlaid on the T1w image, especially over the frontal and temporal lobes. 

Then, an average of the correctly registered PET scans (Average1) was 

computed. A second registration was carried out to register all the control 

PET scans to Average1 (affine registration, 12 DoF) with correlation ratio 

as cost function (Registration2). The goodness of fit of Registration2 was 

again visually assessed for each control scan. An average of the correctly 

registered PET scans (Average2) was finally computed. The resulting two 

PET templates (one per age range) were considered for the spatial 

normalisation of all the corresponding age-matched scans before voxel-

wise statistics. 

3.3.4 Voxel-wise Statistical Analysis 

Voxel-wise analysis produces statistical parametric maps highlighting 

regions on a patient’s scan with significantly different metabolism 

compared to controls (Archambaud et al., 2013). This was firstly carried 

out using Scenium (Siemens), a FDA approved software currently 

available in clinical settings (on Syngo.Via.v11 analysis platform, Siemens) 

and predominantly used for the pre-surgical evaluation of epilepsy patients 

by comparing them with an in-built adult control dataset (FDG Biograph, 

19-44 y) (Schenk, 2006). Single-subject voxel-wise analysis was also 

carried out using SPM8 in order to obtain results easily comparable with 

the previous literature, as this software has been often used for 

automatically identifying FDG-PET metabolic alterations. SPM8 is an open 

source suite of MATLAB based routines where the in-house paediatric 

FDG-PET templates and control databases could be easily integrated. The 

two pipelines and related processing steps are reported in Figure 3.2. 
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Figure 3.2: Pre-processing and statistical analysis steps using Scenium (top) and 
SPM8 (bottom). Similar steps were carried out with the two pipelines. However, 
SPM8 is more flexible, in terms of choosing different parameters and allows the 
integration of age-specific templates and datasets. This figure is adapted from De 
Blasi et al., 2018 (De Blasi, Barnes, et al., 2018). 

Overall, both pipelines included smoothing of the patients’ scans (12-mm 

fixed kernel in Scenium and 6-mm kernel in SPM8) spatial normalisation to 

standard space (in-built adult MNI 91 x 109 x 91, 2-mm isotropic in 

Scenium and paediatric MNI 197 x 233 x 189, 1-mm isotropic in SPM8) 

and subsequent intensity normalisation (by the mean global uptake in 

Scenium with limited possibility of changing to another approach; and by 

the cerebellum grey matter (GM) uptake (Boscolo Galazzo et al., 2016) in 

SPM8). A single-subject against control group two-sample t-test was then 

carried out. In Scenium, this led to statistical maps which were displayed in 

colour, stereotactic projections or coronal views. An actual quantification of 

these results was given by statistics tables showing the number of 

standard deviations (SDs) away from the mean (control uptake) for a 

standard list of brain regions (Harvard Brain Atlas, keeping the right and 

left hemispheres separate, 10 regions each). I took as significant, those 

areas displaying the number of SDs less than -2 (95% confidence 

interval), i.e. reduced glucose metabolism than controls. In SPM8, the 

statistical maps were displayed using a p-value < 0.001 (uncorrected) and 

a cluster extent k = 100. 
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3.3.5 Comparison with Clinical Diagnosis 

The agreement between the results from the voxel-wise analysis 

(Scenium/SPM8) and the clinical diagnosis was assessed by a 

neurosurgeon, with ten years of experience in paediatric epilepsy. This 

procedure was carried out by comparing the results of Scenium/SPM8 with 

the corresponding clinical diagnosis from the multi-disciplinary team 

(MDT), established on the basis of clinical information, electrophysiological 

and imaging findings. SPM8 findings were presented at the MDT meetings 

as exploratory results which, despite discussed were not taken into 

account for the final clinical decision. Scenium findings were not part of the 

clinical decision making. In the case of focal epilepsies, the area 

considered was the one with the highest negative Z-score (Scenium) and 

the one showing the lowest peak-level p-value (SPM8). I considered 

generalised those cases when more than three regions in different lobes 

were detected as significant on the statistical maps. A Kappa test was 

carried out to assess the level of agreement between each pipeline and 

the MDT diagnosis when focus lateralisation (right, left, normal, multifocal) 

or localisation (frontal, temporal, parietal/occipital, normal, multifocal) were 

considered. Slight agreement is defined for Kappa values between 0.01-

0.20, fair agreement for 0.21-0.40, moderate agreement for 0.41-0.60, 

substantial agreement for 0.61-0.80 and almost perfect agreement for 

values 0.81-0.99 (Viera and Garrett, 2005). 

3.3.6 Validation with Post-Surgical Scans 

In order to further validate the ad-hoc pipeline based on SPM8, a 

subgroup of subjects was considered, who underwent surgical resection of 

the hypothesised focus with known outcome (n = 4, 6-9 y and n = 14, 10-

17 y). This was defined following the Engel classification where seizure-

free outcome corresponds to class I and non seizure-free outcome to 

class II to IV. Patients who were seizure-free after surgery (n = 3, 6-9 y 

and n = 10, 10-17 y) were considered as gold standard (localisation of the 
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epileptogenic area could be accurately ascertained) and included in the 

following analysis. Post-operative scans were available in 10 cases (n = 3, 

6-9 y and n = 7, 10-17 y, Figure 3.1). 

Each subject was analysed using the aforementioned SPM8 pipeline and 

the resulting statistical maps were co-registered to the corresponding pre-

surgical MRI scan. To do so, the transformation matrix from native to 

paediatric standard space was inverted for each subject and applied to the 

corresponding statistical map. The post-surgical MRI and FDG-PET scans 

were also co-registered to the pre-surgical MRI scan. Having transformed 

all the images to each subject’s pre-surgical MRI space, the correct 

lateralisation and localisation of the statistical maps to the resection cavity 

could be assessed. Correct lateralisation (localisation) was considered 

when the cluster containing the maximum on the statistical map fell in the 

hemisphere ipsilateral to the resected area (in the resected area). 

Sensitivity was separately defined for lateralisation and localisation as the 

proportion of cases where the maximum correctly lateralised or co-

localised with the resected area. In the cases where post-surgical MRI 

scans were not available (n = 3, 10-17 y), the statistical maps were co-

registered to the pre-surgical MRI scan and lateralisation/localisation was 

visually assessed by the same neurosurgeon, using surgery reports. 

To provide a further quantification of the degree of overlap, the percentage 

of voxels in the most significant cluster which were falling within the 

resected area was calculated (Figure 3.1). The lesion was segmented out 

from the post-surgical MRI scan of each subject, using Automatic Lesion 

Identification (ALI) SPM toolbox (https://www.fil.ion.ucl.ac.uk/spm/ext/#ALI) 

customised with paediatric templates and tissue priors. The binarised 

lesion segmentation was used to mask the statistical map in order to 

calculate the proportion of voxels falling in the resected area. 

In the five non seizure-free patients (n = 1, 6-9 y and n = 4, 10-17 y, Figure 

3.1), the results were visually compared to the area resected to evaluate 

the FDG-PET in these cases. Specificity was defined as the proportion of 
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non seizure-free patients with non-concordant classification (Mouthaan et 

al., 2019). Of note, this measure was only calculated for the older patient 

group, as the youger one included a single non seizure-free patient. 

Finally, the average number of hypo-metabolic voxels (considering the 

larger cluster) across subjects, was computed in the seizure-free and non 

seizure-free groups. 

3.4 Results 

3.4.1 Age-specific Templates 

The first inter-modal registrations (source: FDG-PET control scans & 

target: age-matched T1w paediatric standard space) led to only 8/19 

(42%, 6-9 y) and 22/93 (24%, 10-20 y) optimally aligned PET scans which 

were used to compute Average1. This initial paediatric PET template 

increased the accuracy of the subsequent registrations, so that the second 

intra-modality registrations (source: FDG-PET control scans & target: 

Average1) resulted in an increased number of perfectly aligned scans 

used to create Average2: 14/19 (74%) and 41/93 (44%). 

Figure 3.3 reports an example of the improvement between the first and 

second registration, for the two age ranges. After Registration1, the PET 

scan did not perfectly overlay the underlying T1w template and appeared 

to be smaller, especially along the lateral edges in the younger control. In 

contrast, when Registration2 was carried out, the PET scan perfectly 

matched the underlying T1w template and could be included in the final 

template (Average2). 

 

 

 

 

 



 104 

 

Figure 3.3: Registration of a representative PET scan to the T1w template 
(Registration1) and to the Average1 (Registration2) from the (A) younger and (B) 
older control group. 

3.4.2 Comparison with Clinical Diagnosis 

In order to evaluate the voxel-wise maps resulting from Scenium and 

SPM8 pipelines, the most significant hypo-metabolic region/s detected by 

the two software were compared with the MDT diagnosis available for 

each patient (see Appendix A.2 for patient diagnosis and corresponding 

areas highlighted by the voxel-wise analyses). Table 3.1 reports the 

results of the Kappa test for both Scenium and SPM8. Overall, Scenium 

showed substantial agreement with the MDT diagnosis in terms of 

lateralisation and only moderate agreement for localisation. Conversely, 

SPM8 achieved an overall substantial agreement in both lateralisation and 

localisation. An almost perfect agreement was found by SPM8 for 

localisation in the younger group (0.826) whereas Scenium showed the 

lowest agreement in the moderate range (0.489). 
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Table 3.1: Kappa test results quantifying the level of agreement (lateralising and 
localising) between each pipeline and the MDT diagnosis for each patient (all 
subjects n = 46, 6-9 y n = 16 and 10-17 y n = 30). 

 Lateralisation Localisation 
 kScenium kSPM kScenium kSPM 

All 0.680 0.770 0.536 0.734 
6-9y 0.630 0.805 0.489 0.826 

10-17y 0.705 0.752 0.555 0.684 
 

Figure 3.4 reports the comparison of the voxel-wise statistical maps 

obtained for two subjects (one per age range). In both cases, SPM8 

correctly detected the epileptogenic areas located in the right frontal lobe 

and right temporal lobe, respectively, as reported by the MDT diagnosis. 

These regions were also highlighted in the z-score maps from Scenium. 

However, despite being visible on the maps they did not reach the 

significance threshold of < -2 SDs in the region of interest (ROI)-based 

statistical tables considered for clinical reporting. Indeed, for subject E22, 

the most hypo-metabolic region was found in the left temporal lobe with -3 

SDs, while the right frontal lobe only had -0.3 SDs. In the case of subject 

E5, the most hypo-metabolic region was placed in the left parietal region 

with -2.3 SDs, while the right temporal lobe resulted in -1.0 SDs. 

 

Figure 3.4: Comparison of voxel-wise statistical maps of Scenium (Z-scores) and 
SPM8 (T-values). Two representative slices approximately at the same 
anatomical level were chosen, considering the different size of the standard 
spaces within Scenium and SPM8. This figure is adapted from De Blasi et al., 
2018 (De Blasi, Barnes, et al., 2018). 
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3.4.3 Analysis of Post-surgery Seizure-Free Patients 

In order to further validate the ad-hoc pipeline based on SPM8, a 

subgroup of patients who underwent surgical resection of the presumed 

focus with positive outcome (Engel class I) was selected. Lateralisation 

and localisation of the most significant cluster to the resected area was 

assessed using post-operative MRI scans or surgery reports (when post-

surgical scans were not available). For lateralisation (localisation), SPM8 

showed a sensitivity of 67% (67%) for the younger patient group (n = 3) 

and 80% (70%) for the older patient group (n = 10). The SPM8-based 

statistical maps overlaid on the post-operative MRI scans, with the 

resection cavity clearly visible are shown in Figure 3.5 for four 

representative patients (two per age range). The area reported as the 

most significant correctly co-localised with the resected area in all cases. 

For subject E7, the small hypo-metabolic area at the edge of the temporal 

lobe was shifted to the border of the brain during the registration steps to 

bring the map back to native space (pre-operative MR scan). 
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Figure 3.5: Pre-surgical SPM8-based statistical maps overlaid on the co-
registered post-operative MRI scans for four representative seizure-free patients. 
In all cases, the area detected as the most significant correctly co-localised with 
the resection cavity. This figure is adapted from De Blasi et al., 2018 (De Blasi, 
Barnes, et al., 2018). 

To further quantify the degree of overlap, the percentage of voxels falling 

in the resection cavity was computed. This analysis was carried out only 

on 5/10 patients with post-MRI scans as one subject had thermal ablation, 
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hence the resection cavity was not present, while in the other 4 seizure-

free patients the statistical cluster did not overlap with the resected area. 

The percentage of voxels falling in the resection cavity was more than 

50% in the majority of cases (Table 3.2). For subject E7, the lower 

percentage was due to the suboptimal registration which caused the 

statistical map to be shifted to the edge of the brain (Figure 3.5). Hence, 

fewer voxels fell into the resection cavity. For subject E21, the cluster 

containing the maximum as represented on the SPM8 map only partially 

covered the resection cavity (Figure 3.5), leading to a lower overall 

percentage (34%). 

Table 3.2: Proportion of voxels falling in the resection cavity. 

Subj. % of Voxels Falling in 
the Resection Cavity 

E7 5% 
E16 68% 
E21 34% 
E23 71% 
E24 53% 

 

3.4.4 Analysis of Post-surgery Non Seizure-Free Patients 

Five subjects were not seizure-free post-surgery (Figure 3.1). In three of 

these cases, SPM8-based statistical maps reported a more diffuse hypo-

metabolism which extended further than the resected area. In the 

remaining two cases, the cluster containing the maximum co-localised with 

the area resected. SPM8 showed a specificity of 50% for the older patient 

group (n = 4).  Figure 3.6 shows the results of the SPM8 analysis for three 

non seizure-free patients and the corresponding post-operative MRI 

scans. For patient E10 and E29, SPM8 reported a more extensive hypo-

metabolism than the area resected, which might relate to the non seizure-

free outcome. Patient E29 is of particular note, given its right ventricle 

dilatation highlighting a more profound pathology which is likely not to be 

resolved by the focus resection. Patient E28 represents a case where the 
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statistical map correctly co-localised to the resected area, but the patient 

was not seizure-free post-surgery.  

 

Figure 3.6: Pre-surgical SPM8-based statistical maps overlaid on the co-
registered post-operative MRI scans for three representative non seizure-free 
patients. For two patients, more extensive hypo-metabolism than the actual area 
resected was reported. This figure is adapted from De Blasi et al., 2018 (De 
Blasi, Barnes, et al., 2018). 

Figure 3.7 reports the mean cluster size (i.e. hypo-metabolic voxels), 

across subjects, for the seizure-free and non seizure-free patient groups. 
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Overall, larger clusters were found for the non seizure-free group, 

indicating wider areas of hypo-metabolism prior to surgery. 

 

Figure 3.7: Average (mean ± SD) hypo-metabolic cluster size across subjects, for 
the seizure-free and non seizure-free groups. Larger clusters of hypo-metabolism 
were found in the non seizure-free patient group. 

3.5 Discussion 

The aim of this work was to provide a reliable observer-independent 

pipeline for the analysis of paediatric FDG-PET scans, as part of pre-

surgical planning in epilepsy. Two age-specific FDG-PET templates in 

standard paediatric space (as opposed to adult MNI space) were created, 

representing children between 6-9 and 10-20 years old. Voxel-wise 

statistics was carried out using the commercial software Scenium (utilising 

adult normative dataset in MNI space) and a SPM8 pipeline (utilising 

paediatric templates and datasets). These results report improved 

agreement with the MDT diagnosis for both age ranges, using the 

customised SPM8 pipeline with a sensitivity (specificity) of ~70% (~50%) 

for the localisation of hypo-metabolic areas on paediatric FDG-PET scans. 

Overall, I was able to show that it is essential to use age-matched FDG-

PET templates and databases to achieve reliable and accurate results. 
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Computer assisted reporting is on the rise in several fields of medicine 

such as breast cancer detection (Gilbert et al., 2008), lung cancer 

screening (Al Mohammad, Brennan and Mello-Thoms, 2017) and coronary 

artery disease identification (Goldenberg et al., 2012), where the use of 

computer assisted systems together with visual assessment has shown 

reduction of diagnostic error and false negative rates (Goldenberg et al., 

2012; Al Mohammad, Brennan and Mello-Thoms, 2017). The adoption of 

these computer systems has shown potential not only to shift from double 

to single image readings (Gilbert et al., 2008), but also in emergency room 

settings, where automatic systems can alert possible critical condition and 

flag immediate intervention (Goldenberg et al., 2012). In the field of 

neurology, several commercial software has been made available by 

vendors to aid visual reporting of FDG-PET scans as part of pre-surgical 

planning (Schenk, 2006). Additionally, previous studies adopted the open 

source software SPM for automatic voxel-wise analysis of FDG-PET data 

and to inform pre-surgical planning (Lee et al., 2005; Kumar et al., 2010; 

Archambaud et al., 2013). In most of these analyses, adult standard space 

and non age-matched control groups were used (Lee et al., 2005; Schenk, 

2006; Kumar et al., 2010) mainly due to ethical constraints which prevent 

the acquisition of a normative paediatric PET dataset. For example, Kumar 

et al., 2010 (Kumar et al., 2010) normalised the data to the inbuilt SPM2 

adult template and used a control dataset of young adults (26 ± 3 y) which 

was not matched to the patient dataset (11 ± 3.8 y). They concluded that 

voxel-wise analysis could be a complementary tool to visual inspection of 

FDG-PET images, but also highlighted the importance of using an age-

matched control group to achieve optimal results.  

Only two studies reported the creation of an in-house paediatric FDG-PET 

template obtained using a pseudo-control group of epilepsy patients with 

normal FDG-PET scans (Mazzuca et al., 2011; Archambaud et al., 2013). 

However, the actual procedure carried out to build these templates was 

not accurately reported, thereby hampering the reproducibility of these 

analyses. In this work, a detailed two-step registration procedure was 
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outlined to create two paediatric templates using a dataset of children 

without central nervous system diseases. The first registration steps were 

technically challenging, due to their inter-modality nature and the low 

resolution of PET. These results justify the need of a second registration 

step which is essential to improve the alignment of the control scans to the 

paediatric standard space, especially for the younger group whose brain 

size is smaller. In this way, more scans could be included to derive the 

final template. The adopted paediatric normative dataset is significantly 

larger than the ones used in previous studies (n = 112 as compared to n = 

24 (Archambaud et al., 2013) and n = 21 (Mazzuca et al., 2011)) which 

allowed the creation of templates representing two age groups: 6-9 y and 

10-20 y. This age stratification is more accurate than having a unique 

template representing a wider age range, as it is known that the 

metabolism and brain size change considerably between 6 and 20 years 

old (Archambaud et al., 2013). Ideally, even smaller age range groups 

could have been considered (and below 6 y), which was not done in this 

work due to low number of younger controls, which were grouped together 

to guarantee the creation of a reliable template and enough power for the 

subsequent voxel-wise statistics. In the future, the normal database could 

be extended by including FDG-PET images from different scanners to 

mitigate biases introduced by specific acquisition and reconstructions and 

make the database more widely applicable.  

To this end, I acknowledge that comparing groups scanned on two 

different scanners (patients: Discovery 710 PET/CT; controls: Discovery 

690 PET/CT) might constitute a limitation to this study. Each PET/CT 

system is indeed characterised by specific quantitative performance 

profiles, calibration and reconstruction algorithms. In addition, a whole-

body acquisition was carried out for the control group, which differ 

considerably from the patients’ dedicated brain scans, in terms of 

acquisition time and spatial resolution. However, despite these evident 

differences in data acquisition, the results of this work agree, not only with 

the MDT diagnosis, but also with post-surgical data. In the future, a 
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covariate capturing scanner differences could be added to the statistical 

analysis to take this aspect into account. In addition, our study included a 

comparison between different approaches namely SPM8 and Scenium. 

The issue of comparing FDG-PET images acquired on different scanners 

is even more evident when patients are compared with respect to the 

Scenium normal database, despite this approach being widely used in 

clinical settings. Indeed, the normal database in-built in Scenium has likely 

been acquired with largerly different parameters/sequences in addition to 

including older subjects, leading to possible biases. 

The agreement of the SPM8 pipeline’s results (using age-matched 

datasets) with the MDT diagnosis was compared to the one of Scenium, 

the commercial software currently used to aid FDG-PET reporting in the 

clinic. Previous studies compared the voxel-wise statistical analysis results 

with the visual assessment of FDG-PET data (Kumar et al., 2010; 

Mazzuca et al., 2011; Archambaud et al., 2013). In this study, Scenium 

was used as benchmark for the first time to both assess its performance 

and to investigate whether the SPM8 pipeline and age-appropriate 

templates can improve assessment of paediatric FDG-PET data in the 

clinic. Increased agreement with the MDT diagnosis was found when the 

SPM8 pipeline was used, thereby supporting the potential of this pipeline 

as a tool to aid paediatric FDG-PET reporting. Sensitivity values are in the 

range of those reported previously for seizure-free patients (Lee et al., 

2005; Kumar et al., 2010; Archambaud et al., 2013). However, a full 

comparison was hampered as this is the first study where the patient 

population was divided in two age ranges. For three non seizure-free 

cases, a more extensive hypo-metabolism than the resected area was 

reported. Overall, larger clusters of hypo-metabolism were found in the 

non seizure-free group as compared to seizure-free patients. Hence, a 

more extensive resection, if supported by other assessments and imaging 

modalities, might have provided a better outcome. With this work, I aim to 

outline a reliable methodology which can be applied to a larger post-

surgery patient group to compute metrics to investigate the usefulness of 
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this technique, such as positive and negative predictive values. By 

considering a larger patient group, the difference in outcome between 

resecting more or less than 50% of the significantly hypo-metabolic area 

could also be assessed (Vinton et al., 2007; Stanišić et al., 2015). 

There are limitations to this study. First and foremost, the patient group 

was not analysed with the SPM8 based pipeline exploiting adult templates 

and databases, instead of paediatric ones. This is an important aspect to 

fully demonstrate the impact of using age-matched data, in addition to the 

comparison with the commercial software Scenium (based on adult 

controls) which represented the main focus of this work. It is also important 

to acknowledge that templates and control databases are only one part of 

a much larger pre-processing pipeline. To this end, I chose processing 

steps and parameters widely adopted in the literature. In addition, there 

are limitations to using semi-automated reporting methods. Voxel-wise 

analyses, despite avoiding obvious user dependencies, can introduce new 

biases due to differences between the cohort of interest and the normal 

database. This limitation can be mitigated by accurately assessing each 

registration step in the pipeline, but it cannot be completely avoided, as 

spatial normalisation of each scan to a common space is fundamental for 

subsequent statistical analysis. Another limitation of this study regards the 

use of SPM8 which is not FDA approved, as opposed to Scenium. 

However, the latter, as true for commercial software, provides limited 

flexibility (https://ec.europa.eu/growth/sectors/medical-devices/regulatory-

framework_en) in either the analysis and sharing of the database (a 

licence is needed). The details of Scenium analysis, including 

demographics of the controls, pre-processing parameters and statistical 

thresholding and are not widely available or easy to access. This 

hampered a full comparison and the complete matching of the steps 

between the two pipelines. The data were smoothed with a 12-mm and 6-

mm kernel in Scenium and SPM8, respectively. However, the smoothing 

kernel inbuilt in Scenium could not be modified and I decided to use a 

different smoothing size in SPM8 to follow the recommended kernel size in 
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literature (e.g. twice or three times the voxel size). Additionally, larger 

smoothing kernels, like the fixed 12-mm full width half maximum (FWHM) 

used in Scenium, increase spatial artefacts and can decrease the 

sensitivity in detecting epileptogenic areas (Kumar et al., 2010). The 

cerebellum GM uptake was used to carry out intensity normalisation in 

SPM8, because its glucose uptake is usually minimally affected in epilepsy 

(Boscolo Galazzo et al., 2016). Hence, its mean value was taken for intra-

participant intensity normalisation rather than using the mean brain uptake 

(as done in Scenium), as this can lead to biases in the detection of hypo-

metabolic regions, especially if the subject has already a low global 

baseline metabolism. 

3.6 Conclusion and Impact 

The results of this study have shown that using data and applications 

readily available it is possible to provide a more accurate user-

independent semi-quantitative method of assessing FDG-PET scans of 

patients under 18 y, by creating two age-specific templates and using 

paediatric pseudo-control databases. This analysis can be useful to 

complement the current visual assessment of FDG-PET images carried 

out in the clinic. 

In terms of impact, this analysis is currently used as part to the clinical 

service at GOSH (see Appendix A.3 for qualitative feedback from the 

epilepsy team at GOSH). Voxel-wise statistical analysis maps are 

computed, using the described pre-processing pipeline, for every patient 

with epilepsy who had FDG-PET acquired. These voxel-wise maps are 

then presented at the MDT meetings and provide an additional piece of 

information together with the visual assessment of PET data and other 

imaging modalities (MRI, EEG). This age appropriate semi-quantitative 

analysis has proven to be particularly useful to further confirm the visual 

assessment of PET images, to quantify the visually identified areas (using 
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information, such as cluster extent and significance at different thresholds) 

and to identify subtle hypo-metabolic areas.  

In order to increase the impact of this work and make the datasets widely 

available for other Centres to use (including the translation to GOSH 

mentioned above), I have created specific paediatric templates and 

datasets (rather than relying on the data shared from St. Jude Children’s 

Research Hospital, USA) using the same methodology described above 

and pseudo-control data, collected from University College London 

Hospital (UCLH). In particular, I retrospectively collated two datasets of 

whole body FDG-PET scans (n = 40, 6-9 y and n = 53, 10-18 y), acquired 

at UCLH from 2009 to 2016. This dataset included whole body FDG-

PET/CT scans performed on subjects who fast 6 hrs before scanning. 18F-

FDG was administered based on patient’s weight (dose range: 26-363 

Mbq, for weight 3-68 kg), 60 min before scanning (uptake time). Slightly 

different scanning parameters were used within the two datasets, dictated 

by the clinical requirements for each specific patient. In general, FDG-

PET/CT images were acquired for 24 min (3 min/bed) using a Discovery 

STE or Discovery 710 system (GE Healthcare). Attenuation corrected PET 

images were iteratively reconstructed by standard vendor-provided 

software, using a voxel size of 2.7 x 2.7 x 3.27 mm3. These data were 

reviewed by an expert oncologist to make sure that they did not have any 

central nervous system diseases (i.e. metastasis in the brain). Only the 

brain sections of these scans were considered and pre-processed using 

the in-house SPM8 pipeline and the appropriate templates created in the 

work described above (Average2). Figure 3.8 reports the comparison of 

the statistical parametric maps obtained with the USA and UCLH pseudo-

control datasets for a young (8 y) and old (13 y) right TLE patients. Similar 

hypo-metabolic areas were highlighted using the two datasets. Less noisy 

voxel-wise maps were obtained with the UCLH dataset, in the case of the 

older patient. These results confirm that the UCLH datasets can be a valid 

substitute to the USA dataset, thereby allowing to share these data and 

pipeline across other Centres in the UK, in a more straightforward way. 
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These datasets provide a normative baseline metabolism which can be 

useful not only for the assessment of paediatric epilepsy patients, but also 

for paediatric oncology patients. 

 

Figure 3.8: Comparison of statistical parametric maps obtained using the USA 
and UCLH normative datasets. The voxel-wise maps of two right TLE patients 
((A) below 9 y and (B) above 9 y) are reported as indicative examples of how the 
results changed when patients were compared to the USA or UCLH pseudo-
control datasets. Similar hypo-metabolic areas were found using the two 
normative datasets, thereby validating the use of the UCLH dataset for further 
analyses. 
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8 y Patient – Right temporal lobe 13 y Patient– Right temporal lobe
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Chapter 4 Noise Removal in Resting-

state and Task fMRI: Functional 

Connectivity and Activation Maps 

This Chapter is based on the publication: De Blasi B., et al., “Noise 

Removal in Resting-state and Task fMRI: Functional Connectivity and 

Activation Maps”, Journal of Neural Engineering, 2020. 

 

BOLD-based fMRI is a widely used non-invasive tool for mapping brain 

function and connectivity. However, the BOLD signal is highly affected by 

non-neuronal contributions arising from head motion, physiological noise 

and scanner artefacts. Therefore, it is necessary to recover the signal of 

interest from the other noise-related fluctuations to obtain reliable 

functional connectivity results. Several pre-processing pipelines have been 

developed, mainly based on nuisance regression and ICA. The aim of this 

work was to investigate the impact of seven widely used denoising 

methods on both resting-state and task fMRI.  

Task-fMRI can provide some ground truth given that the task administered 

has well established brain activations. The resulting cleaned data were 

compared using a wide range of measures: motion evaluation and data 

quality, resting-state networks and task activations, functional connectivity.  

Improved signal quality and reduced motion artefacts were obtained with 

all advanced pipelines, compared to the minimally pre-processed data. 

Larger variability was observed in the case of brain activation and 

functional connectivity estimates, with ICA-based pipelines generally 

achieving more reliable and accurate results. 
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This work provides an evidence-based reference for investigators to 

choose the most appropriate method for their study and data. 

4.1 Introduction 

Functional magnetic resonance imaging (fMRI), based on the blood-

oxygenated-level-dependent (BOLD) signal, is a widely used non-invasive 

tool for mapping brain function and functional connectivity (FC). The latter 

is defined as the functional coupling of different brain areas usually 

expressed as correlation between time series (Cole, Smith and 

Beckmann, 2010; Dipasquale et al., 2017). Common methodologies to 

assess FC include seed-based analysis and independent component 

analysis (ICA) (ref. Chapter 2.2.4). The first consists in extracting the fMRI 

signal from specific regions of interest (ROIs) and creating connectivity 

maps by computing the correlation between each pair of regions. The 

second is a data-driven technique that considers all the voxels at the same 

time and uses multivariate statistical analysis to separate the data in 

distinct networks which are maximally independent and correlated in terms 

of their fluctuations over time (Fox and Greicius, 2010; Engel et al., 2013). 

Despite providing an indirect measure of neural activity, BOLD-based fMRI 

allows identifying patterns of brain activity during task as well as at rest 

with high reproducibility (Cole, Smith and Beckmann, 2010; Glasser et al., 

2018).  

However, the BOLD signal is generally noisy. Non-neuronal contributions 

to the BOLD time series arise from several factors including head motion, 

physiological noise (cardiac and respiratory) and scanner artefacts (e.g. 

thermal noise, instrumental drifts and hardware instability) (ref. Chapter 

2.2.3) (Bright, Tench and Murphy, 2017; Caballero-Gaudes and Reynolds, 

2017). All these artefacts influence the fMRI signal and can lead to 

spurious results. Therefore, it is necessary to recover and separate the 

signal of interest (related to brain function) from the other noise-related 

fluctuations in order to obtain reliable estimates, in terms for example of 
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activation/deactivation and connectivity (Caballero-Gaudes and Reynolds, 

2017; Dipasquale et al., 2017). To achieve artefact removal, several pre-

processing pipelines have been developed which are generally based on 

nuisance regression or ICA (Pruim, Mennes, Buitelaar, et al., 2015).  

These pipelines result in cleaned up fMRI time series that more accurately 

reflect the underlying brain fluctuations of interest and reduce possible 

bias in post-processing analyses due to noise confounds. In nuisance 

regression-based pipelines, time series of no interest, such as realignment 

motion parameters and average signal in white matter (WM) and cerebral 

spinal fluid (CSF) are used to clean the data by removing variance 

associated with these parameters (Caballero-Gaudes and Reynolds, 

2017). To this end, it has to be noted that nuisance regression can be 

carried out as a final processing step by fitting the fMRI time series via a 

least square estimator and save the residuals as denoised signal (to be 

used in further analyses). Alternatively, nuisance regressors can be input 

in the regression analysis along with regressors hypothesising the 

underlying BOLD response to account for their variance in the fitting 

(Caballero-Gaudes and Reynolds, 2017). In terms of realignment 

parameters, non-linear expansions of the canonical 6 realignment 

parameters (3 translations and 3 rotations) have been proposed to 

account for the spin history related motion artefacts (Caballero-Gaudes 

and Reynolds, 2017). These include: squares, derivatives and squares of 

derivatives of the 6 motion parameters leading to series of 12, 24 or 36 

regressors. In the case of WM and CSF, nuisance regressors are derived 

from ROIs which sample the appropriate brain region or from tissue 

segmentations (Caballero-Gaudes and Reynolds, 2017). The average WM 

and CSF time series are usually extracted from these areas and used as 

nuisance regressors. Of note, the regressors of no interest have to be 

filtered to match the data to be cleaned. The second group of pipelines 

exploit ICA, a data-driven method to decompose the fMRI data into signal 

of interest and structured noise. Independent components (ICs) 

representing signal of interest are characterised by well-defined grey 
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matter (GM) clusters, low-frequency power spectra (<0.01 Hz) and show 

similar patterns as those reported in the literature (Smith et al., 2009; 

Griffanti et al., 2017). The classification of these ICs into physiological 

signal or noise is usually carried out manually, resulting in a time 

consuming and user-dependent procedure. To overcome these limitations, 

different authors have recently started to propose specific toolboxes for 

automatically identifying and classifying the ICs, such as ICA-AROMA 

(Pruim, Mennes, van Rooij, et al., 2015) or FIX (Salimi-Khorshidi et al., 

2014). However, regardless of the basis of the denoising pipelines 

adopted, their impact on BOLD-fMRI data needs to be assessed and fully 

understood in the context of which they are being implemented. 

BOLD-fMRI can indeed be acquired during the administration of a task 

(task fMRI) or while the subject is resting in the scanner (resting-state fMRI 

[rs-fMRI]) (ref. Chapter 2.2.1). The latter relies on the BOLD signal to 

probe neural activity at rest, and it has been shown as stable and 

reproducible across subjects (Smith et al., 2009; Griffanti et al., 2016). 

However, by acquiring the data in the absence of any task, a-priori 

information of underlying brain activation is missing (Dipasquale et al., 

2017). Therefore, these data are not used to localise brain areas which 

are activated or deactivated during a specific task, but rather to investigate 

brain connectivity and network organisation via FC analyses. The effect of 

different pre-processing methods has been widely investigated in resting-

state data. Most of the previous works mainly focused on the ability of 

different methods to mitigate motion artefacts (Power, Schlaggar and 

Petersen, 2015), given their significant impact on fMRI time series and 

hence FC estimates (Parkes et al., 2018). Several benchmarks have been 

selected to address the extent of motion on the fMRI signal. These include 

framewise displacement (FD), Derivative of root mean square (RMS) 

VARiance over voxelS (DVARS), FD-DVARS correlations (Muschelli et al., 

2014) and QC-FC (quality control-FC) correlations (Power, Schlaggar and 

Petersen, 2015; Ciric et al., 2017). In general, regression methods 

including the expansion of motion terms substantially mitigate motion 
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artefacts (Caballero-Gaudes and Reynolds, 2017). Global signal 

regression (GSR) has been shown to potentially improve motion 

correction, mainly in studies of dynamic FC (Satterthwaite et al., 2013; 

Lydon-Staley et al., 2019). However, GSR itself is still a controversial pre-

processing step as it involves regressing an average brain signal 

computed across the entire brain (including GM, WM and CSF) (Parkes et 

al., 2018). The rationale behind this step is that any global process, across 

the whole brain does not relate to the neural signal. The global signal is 

instead arising from BOLD confounding factors such as motion, 

instrumental and physiological artefacts that are happening in the 

background and thus need to be removed (Caballero-Gaudes and 

Reynolds, 2017). However, the global signal might also include 

widespread, strong neural-related BOLD fluctuations which are removed 

upon GSR. Moreover, GSR tends to introduce artefactual negative 

correlations (anti-correlations) between brain regions (by forcing the mean 

correlation across the brain to be zero) which are difficult to interpret and 

distant-dependence artefacts (Griffanti et al., 2015; Caballero-Gaudes and 

Reynolds, 2017; Ciric et al., 2017). Therefore, many argue that this 

removal should be avoided in classical connectivity studies (Cole, Smith 

and Beckmann, 2010; Griffanti et al., 2015).  

In addition to addressing the impact of pre-processing strategies on 

motion correction, it is also important to assess how different cleaning 

methods affect the BOLD signal (i.e. using measures like temporal signal 

to noise ratio [tSNR] or standard deviation [SD]) and derived FC estimates. 

Prium et al., 2015 (Pruim, Mennes, Buitelaar, et al., 2015) evaluated 

several regression and ICA-based pipelines by considering their impact on 

BOLD signal and related FC measures. The authors reported the inability 

of nuisance regression strategies to fully mitigate the impact of motion on 

connectivity. On the other hand, ICA-based strategies successfully 

reduced the effect of head motion and led to higher resting-state networks 

(RSNs) reproducibility. Similarly, Ciric et al., 2017 (Ciric et al., 2017) 

investigated fourteen pipelines using four benchmark measures including 
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motion-related measures and network modularity. The authors 

emphasised the heterogeneity in terms of pipeline performance across 

benchmarks, and the importance of identifying the optimal pipeline for a 

given study. 

In the case of rs-fMRI data, there is a lack of ground truth for the BOLD 

fMRI signal of interest and noise due to the multiple sources contributing 

to the overall signal and to the unconstrained nature of the paradigm (i.e. 

the subject is resting in the scanner) (Griffanti et al., 2015). This bottleneck 

can be naturally overcome by using task fMRI. Being based on a 

hypothesis of brain activation/deactivation related to external stimuli over 

time, a reference is available to distinguish the signal of interest (evoked 

by the task) from noise, therefore informing the assessment of pipeline 

performance (Power, Schlaggar and Petersen, 2015). Task fMRI is 

affected by similar noise confounds as rs-fMRI. The main advantage of 

bringing task fMRI into the loop is that knowing a-priori which areas of the 

brain are active during a give task, a natural reference is available for 

identifying which pre-processing pipeline may be best suited to reproduce 

the related activation patterns (Glasser et al., 2018). This can in turn help 

investigating denoising methods in the context of rs-fMRI, which lacks a-

priori information but presents a similar underlying signal as task fMRI. 

Unlike rs-fMRI, this topic has been scarcely investigated in the context of 

task fMRI. Tierney et al., 2016 (Tierney et al., 2016) validated a new pre-

processing method (FIACH) against other five pipelines mainly based on 

nuisance regression methods, using a language fMRI paradigm in healthy 

controls (HC). Their pipeline led to more reliable activations in areas 

expected to be active during the administered language task. Glasser et 

al., 2018 (Glasser et al., 2018) applied temporal ICA to both task and 

resting-state fMRI datasets, and compared that to GSR, showing 

usefulness of their method in 1) separating global noise from the global 

neural signal and 2) selectively removing noise, in both conditions. 

However, their method would only be suitable for neuroimaging 

acquisitions similar to those used in the Human Connectome Project, 
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which entail a large total number of time points, and temporal sampling 

under 1 second (Glasser et al., 2018).  

To the best of our knowledge, no previous publications have investigated 

the impact of different pre-processing pipelines on both resting-state and 

task fMRI data. Task and resting-state fMRI data from two different groups 

of HC were considered. The resulting cleaned data were compared using 

a wide range of benchmark measures. In particular, I assessed: 1) 

changes in the BOLD signal as expressed by measures of motion 

evaluation (FD, DVARS) and data quality (tSNR, lost temporal degrees of 

freedom [tDoF]), 2) modulations of RSNs and task activations and 3) 

modulations of FC estimates. These measures have been commonly used 

in the context of rs-fMRI, but are still largely unexplored in task fMRI. 

4.2 Literature Review 

Over the past years, studies on appropriate pre-processing of fMRI time 

series have received increasingly attention, given the importance of 

understanding the impact of denoising methods on post-processing 

analyses. Below are reported some of the main works on comparison of 

pre-processing methods for BOLD fMRI analysis. This list is far from being 

exhaustive and mainly reflects the most recent studies on comparison of 

denoising methods, which I considered (and cited) in this Chapter. 

Pruim et al., 2015 (Pruim, Mennes, Buitelaar, et al., 2015) compared 

different pre-processing strategies to validate ICA-AROMA not only with 

regards to removal of motion-induced artefacts, but also in terms of 

preserving the identification of RSNs as signal of interest. They considered 

nine pipelines including: no motion correction, 6 and 24 head motion 

regressions, spike regression, scrubbing, aCompCor (regression of motion 

parameters and principal components of WM and CSF signals), SOCK 

(generic ICA-based classifier for all types of structured noise), ICA-FIX and 

ICA-AROMA which they applied on four different datasets (including one 
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clinical group). The authors compared these methods in terms of motion 

removal, ability to identify RSNs and reproducibility of RSNs across 

subsets of the datasets. They found that ICA-FIX, ICA-AROMA, scrubbing 

and spike regression minimised the impact of motion artefacts when 

compared to extensive nuisance regression, aCompCor and SOCK. 

Indeed, pipelines involving nuisance regressions (6 and 24 parameters) 

did not successfully reduce the impact of motion on RSNs and seed-based 

connectivity results. ICA-AROMA and ICA-FIX also increased 

reproducibility of RSNs with low associated lost tDoF. In particular, ICA-

AROMA achieved these results without the need of training a specific 

classifier which is instead needed in the case of ICA-FIX in order to 

achieve optimal results. On the other hand, spike regression, scrubbing 

and nuisance regression led to reproducibility scores comparable to when 

no motion correction was applied. Overall, the authors emphasised that 

ICA-AROMA was able to minimise motion, retain signal of interest and led 

to consistent results across the four datasets under investigation and it 

was therefore recommended for multi-centre studies.  

Dipasquale et al., 2017 (Dipasquale et al., 2017) aimed to compare 

methods based on single-echo and a multi-echo acquisition sequences, in 

terms of removing motion-induced signal, improving rs-fMRI data quality 

and preserving the signal of interest. The pipelines under investigation 

included no cleaning, regression of 24 motion parameters with WM and 

CSF, FIX (“non-aggressive” and “aggressive”) and ICA-AROMA (“non-

aggressive” and “aggressive”), for single-echo; and no cleaning, ICA and 

ICA-AROMA for multi-echo. Of note, “non-aggressive” (“aggressive”) 

refers to partial (full) component regression. Two groups were included in 

the study: HC (low motion) and patients with attention deficit hyper-activity 

disorder (high motion). These denoising methods were compared using 

metrics, such as DVARS, tSNR, power spectral density and lost tDoF, 

together with evaluating their ability to distinguish FC from motion, 

decrease distance-dependent connectivity biases and preserve BOLD 

signal. The authors emphasised that most cleaning methods investigated 
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in the study introduced some benefit towards removing spurious signals 

from fMRI data. All single-echo methods, despite performing well in the 

control group, were not able to remove the effects of head motion from the 

high motion patient group with the only exception of ICA-AROMA “non-

aggressive”. The latter was suggested as an efficient single-echo method 

for high motion populations. Multi-echo approaches, by relying on different 

relaxometry signatures to distinguish BOLD from non-BOLD signal 

components, provided better results than single-echo ones in terms of 

increased tSNR, decreased DVARS and preservation of tDoF. Multi-echo-

ICA outperformed multi-echo AROMA and it was suggested as a 

promising cleaning method for rs-fMRI data, given its ability to improve 

data quality, preserve FC structure and to effectively uncouple BOLD 

signal and motion. 

Ciric et al., 2017 (Ciric et al., 2017) aimed to evaluate the performance of 

common denoising methods. The authors compared fourteen of the most 

commonly used cleaning strategies in a large dataset of healthy subjects. 

The pre-processing methods included techniques based on high-

parameter confound regressions, principal component analysis (PCA), 

ICA, local WM regression, censoring and GSR. Four benchmarks were 

considered: residual relationship between FC and motion, distance-

dependent artefacts (increased short-range and decreased long-range 

connections), identifiability of network structure and lost tDoF. Overall, 

they found that regression-based strategies remove some but not all the 

artefactual variance introduced in the BOLD signal and are therefore 

ineffective at denoising. Among regression-based methods the simple 

regression of WM and CSF outperformed the more complex models based 

on head motion parameters and corresponding expansions. GSR was 

found to be effective at denoising and it improved several pipelines with 

respect to not adding it. In addition to GSR, temporal censoring performed 

adequately in terms of minimising QC-FC relations (correlation between 

FD and FC at each pair of ROIs), despite removing a significant amount of 

tDoF. ICA-AROMA moderately reduced motion across all connections 
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leading to no distance-dependence artefacts but showed overall noisier 

results than other methods including GSR and censoring. Two trade-offs 

were highlighted: 1) pipelines including GSR effectively minimised QC-FC 

relationships at the cost of increased distance-dependence artefacts; 2) 

censoring improved both QC-FC and distance-dependence artefacts at 

the cost of decreased data and tDoF. The authors also reported the 

heterogeneity of common denoising methods and emphasised that 

appropriate choice of pre-processing strategies highly depends on the 

particular study (aims and data specifications). Investigators should be 

aware of the strengths and weakness of each approach together with 

understanding how a given pre-processing method might impact 

subsequent inferences. 

Parkes et al., 2018 (Parkes et al., 2018) evaluated sixteen popular rs-fMRI 

pre-processing methods applied to three datasets, including both HC and 

patients, with different level of motion. The denoising methods were based 

on a combination of head motion and physiological parameters regression, 

GSR, aCompCor, censoring and ICA-AROMA. The outcome measures 

included QC-FC correlations, QC-FC distance dependence, lost tDoF, 

group differences between high- and low-motion healthy participants, test-

retest reliability and sensitivity to clinical differences in FC. The authors 

found that in the case of high motion, no single method was able to 

completely mitigate motion-related effects on FC. Pipelines based on head 

motion regression performed well in low-motion populations, but poorly in 

high-motion data, suggesting that regression of motion parameters is not 

able to appropriately eliminate the impact of motion on FC. ICA-AROMA 

pipelines showed good performance across all benchmarks, with 

moderate loss of tDoF. Test-retest reliability was generally higher for 

pipelines with low loss of tDoF, such as the 6 head motion regression. 

However, given the poor performance of this pipeline, its increased test-

retest reliability might be driven by the presence of confound regressors. 

The authors also emphasised that group differences (HC vs 

schizophrenia) were particularly affected by the pipeline used and that 
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ICA-AROMA was the most sensitive methods to these differences. 

Overall, they highlighted that no pipeline was able to completely remove 

the effects of motion however, their findings pointed to ICA-AROMA as 

being a successful pipeline across many benchmarks. 

In summary, previous studies emphasised the importance of assessing 

the impact of motion and other confounds on FC analyses and the 

heterogeneity in the performance of denoising methods across 

benchmarks. The lack of a noise-free ground truth is one of the main 

limitations, especially in the context of rs-fMRI data. This work aimed to 

evaluate seven commonly adopted denoising methods applied not only to 

rs-fMRI, but also to task fMRI. The latter, by being based on a known 

activation pattern, provides a reference to distinguish the signal of interest 

(related to the administered task) from noise. 

4.3 Methods 

4.3.1 Population 

Rs-fMRI data were collected on twenty HC (11 males, 38.5 ± 10 y) as part 

of a larger neuroimaging study approved by the London - Stanmore 

Research Ethics Committee (see Appendix B.1 for a summary of 

datasets). Previously collected task fMRI data were selected from a 

different group of twenty HC, age/gender matched to the rs-fMRI group 

(11 males, 38 ± 9 y). In this task study, all participants were fluent English 

speakers and able to understand the instructions for performing a verbal 

fluency (VF) fMRI task. Recruitment for this study received approval by the 

London South-East Research Ethics Committee and by the University 

College London/University College London Hospital (UCL/UCLH) Joint 

Research Office. Written informed consent was obtained for each 

participant involved in one of the two protocols. 
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4.3.2 Image Acquisition 

The rs-fMRI acquisition was carried out on a 3 T Siemens mMR Biograph 

(Siemens, Erlangen, Germany) PET/MRI scanner equipped with a 16-

channel head and neck coil. The subjects were instructed to stay still and 

relaxed, and to close their eyes without falling asleep. Rs-fMRI data were 

acquired using a 2D-echo-planar imaging (EPI) sequence with the 

following parameters: TR/TE = 2020/30 ms, flip angle = 70°, voxel size = 3 

x 3 x 4 mm3, 36 slices, 260 volumes. High resolution 3D T1-weighted 

(T1w) anatomical images were also acquired, using an MPRAGE 

sequence: TR/TE = 2000/2.92 ms, voxel size = 1.1 x 1.1 x 1.1 mm3, 208 

sagittal slices. 

The task fMRI acquisition was carried out on a 3-T Excite HDx scanner 

(General Electric, Milwaukee, WI, USA), using a standard 8-channel 

receive head coil and a 2D-EPI sequence with the following parameters: 

TR/TE = 2500/25 ms, flip angle = 70°, voxel size = 3.75 x 3.75 x 2.5 mm3, 

50 slices, 120 volumes. During the acquisition, the participants performed 

a covert VF task (Wandschneider et al., 2017). The paradigm, lasting 5 

min in total, consisted of five 30 s blocks of task alternated with five 30 s 

resting blocks (crosshair fixation). Participants were instructed to covertly 

generate words starting with a visually presented letter (A, D, E, S, W). 3D 

T1w anatomical images were also acquired using a FSPGR sequence: 

TR/TE = 7.2/2.8 ms, voxel size = 1.1 x 1.1 x 1.1 mm3, 196 sagittal slices. 

4.3.3 Pre-processing Pipelines 

All the pre-processing methods considered in this study were run on both 

resting-state and task data, using the FSL 5.0.9 software and are 

illustrated hereafter.  

Figure 4.1 summarises the seven pre-processing pipelines and the 

corresponding benchmarks and analyses used to evaluate these 

denoising methods. 
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Figure 4.1: Flow chart summarising the seven denoising methods and the 
benchmarks adopted in this study. Seven pipelines were considered in this study 
(minimal pre-processing, 3 regression-based and 3 ICA-based methods) which 
were evaluated in terms of BOLD quality measures, connectivity and brain 
activations. The latter were derived and evaluated in a different way for the 
resting-state and task fMRI, as reported in the literature. White matter (WM), 
cerebral spinal fluid (CSF), blood-oxygen-level-dependent (BOLD), framewise 
displacement (FD), Derivative of root mean square VARiance over voxelS 
(DVARS). temporal signal to noise ratio (tSNR), temporal degrees of freedom 
(tDoF), Dice Similarity Coefficient (DSC), contrast-to-noise ratio (CNR). This 
figure is adapted from De Blasi et al., 2020 (De Blasi et al., 2020). 

4.3.3.1 Minimal Pre-processing - Min 

Both fMRI datasets were minimally pre-processed (Min) using FSL FEAT 

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FEAT) with the following steps: 

realignment (MCFLIRT), slice timing correction, high-pass filtering (0.01 

Hz cut-off), brain extraction (BET), spatial smoothing with a 6-mm full wicth 

half maximum (FWHM) kernel, co-registration to structural MRI data 

(FLIRT, 6 DoF with BBR cost function) and spatial normalisation to 2-mm 

Montreal Neurological Institute (MNI) standard space (FNIRT, non-linear 

registration). 

Pipelines
1. Min: minimal pre-processing
2. Res6: 6 motion + WM and CSF
3. Res24:6 motion + expansion + WM and CSF
4. FIACH: regress non-physiological signal
5. AROMA: ICA-based
6. FIX: ICA-based
7. FIXMC: ICA-based

BOLD quality measures Connectivity and brain activation

FD & DVARS tSNR & lost tDoF

Rs-fMRI Task fMRI

Functional 
Connectivity

Group ICA Brain activations

DSC Cross-
correlation

DSC Cross-
correlation

CNR Sensitivity 
& 

Specificity

% overlap 
GM & WM
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4.3.3.2 Regression WM, CSF and 6 Motion Parameters – 
Res6 

This pre-processing pipeline (Res6) involved regressing out WM, CSF and 

6 motion parameters from the minimally pre-processed data. For each 

subject, the normalised T1w scans were segmented, leading to WM and 

CSF probability maps that were thresholded at 0.9, to strictly retain only 

WM and CSF voxels, and binarised. These masks were then used to 

extract the WM and CSF average time series. WM and CSF signals, 

together with the 6 motion parameters (estimated in the realignment step 

and high-pass filtered with cut-off 0.01 Hz, to match the data), were 

regressed out from the minimally pre-processed data (fsl_glm). The 

resulting residuals were used for further analyses and pipeline 

comparison. 

4.3.3.3 Regression WM, CSF and 24 Motion Parameters – 
Res24 

This pre-processing method (Res24) was also based on regression of the 

average WM and CSF time series but entailed removal of 24 motion 

parameters instead of the previously used 6. The 24 regressors included 

the original 6 motion parameters, their square, their derivatives and their 

derivatives squared. High-pass filtering with cut-off 0.01 Hz was applied to 

the regressors to match the data. These regressors were removed from 

the minimally pre-processed data and the residuals were again retained 

for the subsequent analyses. 

4.3.3.4 FIACH 

This pipeline was implemented as described in Tierney et al., 2016 

(Tierney et al., 2016). The raw data (resting-state and task fMRI) were 

motion corrected (MCFLIRT) and the pipeline FIACH was subsequently 

applied (http://www.homepages.ucl.ac.uk/~ucjttie/FIACH.html), with all the 

default parameters. The output data (filtered data) were then processed 
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using FEAT, including: slice timing correction, brain extraction (BET), high-

pass filtering, spatial smoothing, co-registration to structural data and 

spatial normalisation to 2-mm MNI standard space (using the same 

parameters as for the Min pipeline). Finally, the 6 noise regressors 

estimated by FIACH were regressed out from the data (fsl_glm) and the 

residuals were kept for further analyses. 

4.3.3.5 AROMA 

This pre-processing method was an ICA-based pipeline implemented 

using the ICA-AROMA FSL toolbox 

(https://github.com/maartenmennes/ICA-AROMA), specifically devised to 

clean each participant’s scans from motion confounds. FSL FEAT minimal 

pre-processing was initially applied to the data without temporal filtering 

(as specified in the ICA-AROMA reference manual). The resulting data 

were then input in the ICA-AROMA toolbox to carry out MELODIC 

(automatic dimensionality estimation for the optimal number of 

components) and to automatically identify and remove motion artefacts 

(non-aggressive option). The cleaned data were then filtered (high-pass, 

0.01 Hz), co-registered to structural data (FLIRT, 6 DoF with BBR cost 

function) and spatially normalised to 2-mm MNI standard space (FNIRT, 

non-linear registration). 

4.3.3.6 FIX and FIXMC 

Two additional ICA-based approaches were implemented in FSL using the 

FIX toolbox (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FIX) to clean each 

participant’s scans from various and heterogeneous types of structured 

noise. The minimal pre-processing was initially applied to the data. Each 

pre-processed dataset was then decomposed using MELODIC (automatic 

dimensionality estimation). FIX is based on a hierarchical classifier and it 

therefore requires a “training dataset” which closely matches the data 

under investigation. In this work, the training input data provided by the 

FIX package were not used, as these did not match the datasets of this 
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study, in terms of TR and resolution. Two specific classifiers were trained, 

one for resting-state and the other for task fMRI, by classifying ICs from 10 

subjects (for each dataset). Each IC was manually classified by an expert 

rater as “noise” or “signal”, according to their spatial distribution (i.e. 

network of interest or task activation), the temporal power spectrum (i.e. 

covering frequencies of interest, 0.01-0.1 Hz) and the time series. Using 

these classifications, the classifier was trained, and a summary training file 

was created. In addition, a leave-one-out test was run to choose the 

threshold which balanced true positive rate (TPR) and true negative rate 

(TNR). A threshold of 20 was chosen, guaranteeing a mean TPR of 95.7 

(rs-fMRI), 88.1 (task fMRI) and a mean TNR of 91.6 (rs-fMRI), 82.2 (task 

fMRI). The trained classifiers were applied to all subjects’ data (resting-

state and task, separately). Components automatically classified as 

artefacts were removed from the data using the non-aggressive option 

(Griffanti et al., 2014). FIX was applied without (FIX) and with motion 

regression (FIXMC). In the latter case, the full variance of 24 motion 

parameters was regressed out. All cleaned data were finally spatially 

normalised to 2-mm MNI standard space. 

4.3.4 Pipeline Performance Metrics 

4.3.4.1 Motion Evaluation – FD and DVARS 

To quantify the ability of each pipeline to remove motion artefacts from the 

data (Figure 4.1) FD (average of rotation and translation parameters 

differences (Power et al., 2012)) and DVARS (RMS intensity difference of 

volumes N and N+1) were calculated for every subject. The mean FD and 

DVARS values were then computed for each participant and pipeline. 

4.3.4.2 Temporal Signal to Noise Ratio and Loss of 
Temporal Degrees of Freedom 

TSNR can be used to determine the SNR of fMRI time series by 

considering the mean signal over time. This measure can be considered 
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as an indication of pipeline performance: data pre-processing should 

decrease signal fluctuations around the mean (Figure 4.1) (Griffanti et al., 

2014). For each pipeline and corresponding cleaned data, tSNR was 

voxel-wise computed for each subject by dividing the mean signal over 

time by the SD over time (leading to a tSNR map). For the resting-state 

dataset, the mean tSNR value in the GM was computed, using the tissue 

segmentations previously estimated at the individual level in MNI space 

(probability values >= 0.9). For the task dataset, the mean tSNR was 

computed in eight task-related ROIs. Six activation ROIs were derived 

from the Neurosynth VF template 

(http://neurosynth.org/analyses/terms/verbal%20fluency/, false discovery 

rate [FDR] corrected p-value < 0.01), obtained from a meta-analysis of 

studies which employed the VF paradigm. In addition, deactivations were 

also considered (two ROIs) derived from the Smith et al., 2009 (Smith et 

al., 2009) template. Overall, the task-related activation ROIs were: left 

inferior frontal gyrus (L_IFG), right inferior frontal gyrus (R_IFG), 

supplementary motor area (SMA), left parietal (L_Par), left temporal lobe 

(L_TL), and subcortical ROI (thalamus plus putamen). In terms of 

deactivations, the medial frontal (paracingulate gyrus) and posterior 

(precuneus cortex) areas of the default mode network (DMN) were chosen 

(DMN_Front and DMN_Post, respectively). The mean tSNR value in these 

ROIs was finally computed for each subject and pipeline. 

The loss of tDoF was used as an additional measure in conjunction with 

the tSNR to better assess the impact of the pre-processing methods on 

the statistical power and reliability of the different imaging estimates 

(Figure 4.1) (Pruim, Mennes, Buitelaar, et al., 2015; Pruim, Mennes, van 

Rooij, et al., 2015). The total number of fMRI volumes was considered as 

the total number of available tDoF (i.e. 260 for the resting-state, and 120 

for the task data). Each regressor or IC removed from the data was 

considered as a lost tDoF. The total loss of tDoF was expressed, for each 

pre-processing method, as a percentage of the initial number of available 

tDoF. Of note, in the regression-based methods, where the number of 
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regressors was fixed in the model (Res6: 8 regressors; Res24: 26 

regressors and FIACH: 6 regressors), a constant value of lost tDoF was 

expected across subjects. 

4.3.5 Statistical Analysis 

A one-way repeated-measure analysis of variance (ANOVA) was 

performed separately on the FD and DVARS, along with tSNR for rs-fMRI 

only (GM values) to test for significant differences across the different 

pipelines. A post-hoc paired sample two-tailed t-test was then applied (p-

value < 0.05), which was corrected for multiple comparison using 

Bonferroni correction. In the case of tSNR in task fMRI, a two-way 

repeated measures ANOVA was carried out (factor1 = pipelines, factor2 = 

ROIs). This was followed by post-hoc pairwise comparisons using 

multcompare in MATLAB (p-values < 0.05), which was Bonferroni-

corrected for multiple comparison. 

4.3.6 Connectivity Analyses and Brain Activations 

4.3.6.1 Rs-fMRI: Group ICA 

For the resting-state dataset, the ability of the different pre-processing 

methods to recover RSNs using ICA was tested (Figure 4.1). A group-

based ICA (MELODIC) was run for every pipeline, setting the number of 

ICs to 30 (Griffanti et al., 2014). The most common networks were 

retained for further analyses. For each pipeline and each RSN of interest, 

the spatial cross-correlation and overlap between the group IC map and 

the corresponding BOLD template from Smith et al., 2009 (Smith et al., 

2009) (both thresholded at z > 3) were evaluated. Cross-correlation was 

computed using FSL cross-correlation function (fslcc), while the spatial 

overlap was assessed using the Dice Similarity Coefficient (DSC). This 

index quantifies the cardinality of the intersection of the thresholded maps 

divided by the average of the cardinality of each thresholded map 

(Bowring, Maumet and Nichols, 2019): 
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Higher similarity and overlap between the group ICA maps and the 

corresponding template would point to higher accuracy of the denoising 

pipeline in identifying the true signal (Smith et al., 2009; Griffanti et al., 

2014). 

4.3.6.2 Task fMRI: Group Brain Activations 

For the task fMRI data, brain activations (Figure 4.1) were computed using 

a general linear model (GLM). This was carried out at the single-subject 

level (first-level analysis) and then at the group level (second-level 

analysis), independently for each pipeline. At the subject level, the task 

was modelled by convolving the vector of block onset with a canonical 

haemodynamic response function ([HRF], double gamma HRF) to create 

the regressor of interest, which was temporal filtered to match the data 

under investigation. Contrast images were created for every subject and 

pipeline for task related activations. At the second level, activations maps 

during the VF task were explored for each pipeline, using a one-sample t-

test. Statistic images were thresholded using clusters determined by z > 

2.3 and a corrected cluster significant threshold of p-value = 0.05.  

Group-level activation maps were initially compared across pipelines in 

terms of i) number of voxels, ii) statistical significance and iii) location of 

the clusters. In addition, several measures to quantify the ability of each 

pipeline to recover the true signal were computed, as well as their 

accuracy to identify the brain areas expected to be active in a VF 

paradigm. 

Contrast-to-noise ratio (CNR) was defined at the single-subject level using 

the time course of the voxel with highest z-score (Shen and Q. Duong, 

2011), as representative activation signal. This time course was shifted by 

two time points, to account for the HRF (Liang et al., 2013), and the 

following equation was adopted: 
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where the nominator represents the difference between the mean value 

across all activation and baseline conditions, respectively, while the 

denominator is the SD across the baseline periods. A one-way ANOVA for 

repeated measures was performed on CNR values to test for significant 

differences across the seven pipelines. Post-hoc paired sample two-tailed 

t-tests were applied (p-value < 0.05), Bonferroni-corrected for multiple 

comparisons. 

Regarding brain activations, the spatial correlation (fslcc) and overlap 

(DSC) of each group-level activation map with respect to the Neurosynth 

VF template was computed (both maps were thresholded with FDR 

correction, p-value < 0.01). Since the Neurosynth VF template was only 

available with FDR correction, p-value < 0.01, the corresponding group 

activations maps were thresholded with the same threshold to allow 

appropriate comparisons. This threshold was therefore kept for all the 

analyses involving the use of the Neurosynth VF template. 

Sensitivity and specificity were also computed, using the VF template as 

reference. In particular, sensitivity was defined as the ratio of the number 

of overlapping voxels between one pipeline and the reference (<=>.?@)*) 

over the number of voxels in the reference map (<?./). Specificity was 

defined as the ratio of the number of overlapping voxels between one 

pipeline and the reference (<=>.?@)*) over the number of voxels in the 

pipeline activation map (<*A*.@A3.) (Storti et al., 2018): 

".36A:A>A:B = 	<=>.?@)*<?./ 	; 	"*.DA/ADA:B = 	 <=>.?@)*<*A*.@A3. 

Finally, in order to quantify how much of the activations overlapped with 

the GM, the percentage of voxels which fell into the different tissue types 

(GM and WM) was computed for each group activation pipeline. From this 

analysis, it was expected: 1) to have most of the activations localised to 

GM, for all the pipelines and that 2) more effective pipelines would lead to 
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higher overlap between activations and GM, with lower involvement of WM 

voxels. For this purpose, the FSL tissue prior maps were used, 

thresholded at 100 and binarised, together with the thresholded and 

binarised group activation maps. The percentage of each group map 

included in either GM and WM tissue maps was then computed. 

4.3.6.3 Rs-fMRI and Task fMRI: Functional Connectivity 
Matrices 

In order to assess the impact of the different cleaning methods on ROI-to-

ROI FC, the Schaefer functional atlas (Schaefer et al., 2018) was used, 

comprising 100 parcels derived from 17 RSNs, and the average time 

series were extracted, in each ROI for each subject and pipeline (in both 

datasets, Figure 4.1). For each pipeline, a symmetric connectivity matrix 

was derived by computing the Pearson correlation coefficient for each pair 

of nodes, at the single-subject level. These connectivity matrices were 

visually compared, and the mean and SD matrices were computed across 

subjects. The 2D-correlation coefficient between each pair of mean 

matrices was calculated to assess the extent of similarity of connectivity 

patterns across pipelines. Additionally, for each pipeline the coefficient of 

variation (CV), defined as the percentage ratio of the group SD and the 

mean was computed. The CV was expected to be decreased for the more 

effective pipelines, owing to them removing spurious differences in the 

control population under investigation. Indeed, effective cleaning methods 

should increase network similarity between subjects in a homogenous 

group of HC (Griffanti et al., 2014). Finally, the number of negative 

correlations found in each matrix was assessed at the single-subject level. 
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4.4 Results 

4.4.1.1 Motion Evaluation – FD and DVARS 

FD and DVARS values were computed for each participant to assess the 

degree of motion correction achieved by each pipeline. Figure 4.2 reports 

the distribution of mean values for FD and DVARS across subjects, for 

each pipeline and dataset. 

 

Figure 4.2: Distribution of mean FD (top) and DVARS (bottom) values across 
subjects, for every pipeline in the resting-state (left) and task (right) datasets. This 
figure is adapted from De Blasi et al., 2020 (De Blasi et al., 2020). 

A similar trend was observed for both motion assessment benchmarks in 

resting-state and task datasets. One subject appeared as an outlier with 

regards to the DVARS metric in rs-fMRI and was thus discarded from the 

corresponding statistical analyses. Statistical comparisons revealed 

significant differences for both FD and DVARS values across the seven 

pipelines, in both resting-state and task fMRI (FD: F(6,133) = 30.26, p-value 

< 0.001 in resting-state; F(6,133) = 13.73, p-value < 0.01 in task; DVARS: 

F(6,132) = 18.05, p-value < 0.01 in resting-state; F(6,133) = 12.74, p-value < 

0.01 in task). The post-hoc t-test between pairs of pipelines revealed 
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significantly lower FD and DVARS values (p-value < 0.05, Bonferroni-

corrected) for all the advanced pipelines compared to Min, except in the 

case of Min vs Res24 for DVARS in task ( 

Figure 4.3). This result points towards a more pronounced removal of 

motion artefacts in the advanced denoising methods, when compared to 

the Min pipeline. All the other pairwise comparisons across advanced 

pipelines were significant (p-value < 0.05, Bonferroni-corrected) for both 

measures and datasets, except for the cases reported in white in  

Figure 4.3. Among the advanced pre-processing methods, FIACH and 

FIXMC achieved the lowest FD and DVARS values in both resting-state 

and task fMRI. Overall, regression-based and ICA-based pipelines 

showed a similar trend for both measures and datasets. 

 

Figure 4.3: Graphical representation of the p-values resulting from the statistical 
comparison of mean FD (top) and DVARS (bottom) values, for every pipeline in 
the resting-state (left) and task (right) datasets (reading row first and then 
column). The comparisons which were not statistically significant are reported in 
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white. Hot/cold colours were assigned to p-values corresponding to 
positive/negative t-values, respectively, when each pipeline in the row is 
compared to each column. This figure is adapted from De Blasi et al., 2020 (De 
Blasi et al., 2020). 

4.4.1.2 Temporal Signal to Noise Ratio and Loss of 
Temporal Degrees of Freedom 

The tSNR was computed for each subject and pipeline as a measure of 

signal variation. Figure 4.4 reports the distribution of tSNR mean values 

across GM (rs-fMRI) and across a representative active area for task fMRI 

(L_IFG) for the seven pipelines. Of note, similar patterns were observed 

for all the other ROIs for task data (see Appendix C.1 for additional box 

plots). 

 

Figure 4.4: Distribution of mean tSNR values across subjects for the seven pre-
processing pipelines. In the case of rs-fMRI, the mean tSNR values across GM 
are reported while, for task fMRI, the mean values across a representative area 
known to be active during a VF paradigm (L_IFG) are shown. This figure is 
adapted from De Blasi et al., 2020 (De Blasi et al., 2020). 

Increased tSNR was observed for all advanced pipelines when compared 

to the Min pipeline, for both resting-state and task data. Similar patterns 

were observed in both datasets, with increased tSNR values and 

variability in the task dataset. Of note, the same subject who was outlier 

for DVARS also appeared as an outlier for the tSNR metric in rs-fMRI GM 

and was thus eliminated from the corresponding statistical analyses. The 



 142 

tSNR values were significantly different across the seven pipelines in both 

resting-state and task fMRI (F(6,132) = 11.7, p-value < 0.01 for GM in 

resting-state; F(42,798) = 3.84, p-value < 0.01 for L_IFG in task). Post-hoc t-

tests between pairs of pipelines revealed significantly increased (p-value < 

0.05, Bonferroni-corrected) tSNR values for all advanced pipelines when 

compared to the Min (Figure 4.5). All the other pairwise t-tests were 

significant (p-value < 0.05, Bonferroni-corrected) for both datasets, except 

for the cases reported in white in Figure 4.5. A summary of the post-hoc t-

tests for all the remaining ROIs in the task fMRI analysis are reported in 

the Appendix C.2. 

 

Figure 4.5: Graphical representation of the p-values resulting from the statistical 
comparison of mean tSNR values, for every pipeline in resting-state and task 
fMRI (reading row first and then column). The comparisons which were not 
statistically significant are reported in white. Hot/cold colours were assigned to p-
values corresponding to positive/negative t-values, respectively, when each 
pipeline in the row is compared to each column. This figure is adapted from De 
Blasi et al., 2020 (De Blasi et al., 2020). 

Being aware of the limitations of the tSNR as a quality check metric, the 

loss of tDoF was also computed to more thoroughly assess the impact of 

the pre-processing methods on the statistical power and reliability of the 

different imaging estimates (Pruim, Mennes, Buitelaar, et al., 2015; Pruim, 

Mennes, van Rooij, et al., 2015). Figure 4.6 reports the distribution of lost 

tDoF for each pipeline in the two datasets, expressed as a percentage of 

the total tDoF available. 

tSNR GM, Resting-state fMRI tSNR L IFG, Task-based fMRI
P-valueP-value
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Figure 4.6: Distribution of lost tDoF as a percentage of the initial number of tDoF. 
A constant value of lost tDoF was observed for the regression-based methods, 
where the number of regressors was fixed in the model (i.e. determined by the 
number of regressors used). For the ICA-based pipelines, on the other hand, the 
number of lost tDoF was variable and dependent on the number of ICs identified 
as noise and removed from the individual data. This figure is adapted from De 
Blasi et al., 2020 (De Blasi et al., 2020). 

As expected, the ICA-based pipelines tended to have higher loss of tDoF 

when compared to regression-based methods, with FIXMC having the 

highest number as it includes regression of ICs together with the 24 

motion parameters. 

4.4.1.3 Rs-fMRI: Group ICA, Qualitative and Quantitative 
Analyses 

A group ICA was carried out to assess how the different pre-processing 

methods would recover the main RSNs. The main RSNs included: visual 

medial (VISmed), visual occipital (VISocc), visual lateral (VISlat), DMN, 

cerebellum (CER), motor (SMN), auditory (AUD), executive (EXE), 

frontoparietal right (FPr) and left (FPl), dorsal attention (DA) and temporal 

(TEMP) (Smith et al., 2009). Figure 4.7 reports the resulting DMN, AUD, 

VISmed and SMN RSNs maps, as indicative examples. 
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Figure 4.7: Group ICA maps for four representative networks. In particular, group 
(A) DMN, (B) AUD, (C) VISmed and (D) SMN networks are reported, after having 
pre-processed the rs-fMRI data with the seven different pre-processing pipelines. 
The same brain slices in MNI 2-mm standard space are reported for every 
pipeline. This figure is adapted from De Blasi et al., 2020 (De Blasi et al., 2020). 

When the different RSNs were visually compared, it was found that, in the 

case of the DMN, the ICA-based and FIACH pipelines more accurately 

recovered the extension of posterior cingulate cortex (PCC) as compared 

to Min. All the pipelines accurately recovered the AUD and VISmed 

networks, however Min, FIX and FIXMC showed noisier maps. The SMN 

network was recovered in a different pattern by regression-based vs ICA-

based pipelines. Indeed, the latter tended to recover the motor network as 

three separate components (cingulate gyrus and left and right postcentral 

gyri) while the regression-based methods showed a unique cluster over 

the cortical motor areas.  

Regarding the other networks, it was found that the VISocc network was 

better recovered by the more advanced pipelines, while the Min detected 

less extensive and significant clusters. Regression-based pipelines better 
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recovered the VISlat network, while ICA-based methods did a better job in 

the case of the CER network. The EXE network was clearly highlighted by 

all the pipelines with the exception of the Min pipeline, which showed noisy 

maps. Of note, FIXMC recovered three distinct clusters (paracingulate and 

left and right frontal poles/superior frontal gyri) for this network. FPr and 

FPl networks were reliably recovered by all the pipelines, with the 

advanced methods generally showing more extensive clusters than the 

Min. In the case of the DA network, Res6 and Res24 more accurately 

recovered the clusters in the left and right superior frontal gyri. Finally, the 

TEMP network was recovered by the Min and the other advanced 

methods, with the only exceptions of Res24 which reported a cluster in the 

cerebellum, likely to be unrelated signal, and FIX/FIXMC which poorly 

recovered this network. 

When considering quantitative measures (cross-correlation and DSC), 

these indices confirmed the preliminary qualitative evaluation (Table 4.1). 

These results point to a general high correlation for all RSNs and pipelines 

with values >= 0.25, generally considered as good cut-off value for 

classifying an IC from BOLD fMRI (Bright and Murphy, 2015). All 

correlation values were well above the suggested threshold for all 

networks and pipelines, except for FIX, which recovered the TEMP with a 

lower cross-correlation value (0.28), though still above the reference cut-

off value. 

In the case of DSC, a value above 0.3 is generally considered as 

representative of good overlap (Zhu et al., 2013). A DSC > 0.3 was found 

for most of the RSNs and pipelines (Table 4.1). Lower DSC values, below 

the suggested optimal threshold, were only found for the TEMP network 

recovered after using FIX and FIXMC (DSC = 0.2). Taking the DMN as an 

example, the highest correlation and spatial overlap were achieved by the 

Res6 (cross-correlation = 0.86) and Min (DSC = 0.69), while the lowest 

values were achieved via FIX (cross-correlation = 0.76) and FIACH (DSC 

= 0.55). More complex RSNs (e.g. TEMP and DA) were recovered by all 

the pipelines with higher template cross-correlation/overlap in the case of 
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AROMA (TEMP = 0.71/0.52; DA = 0.69/0.51) and FIACH (TEMP = 

0.74/0.62; DA = 0.55/0.49).  

Table 4.1: Cross-correlation and DSC between each group ICA RSN, derived 
from rs-fMRI data and the main RSNs from Smith et al., 2009 template (Smith et 
al., 2009). For a given network and pipeline, the top row reports the cross-
correlation value and the bottom row the DSC value. Generally high correlation 
values and high degree of overlap were found for all pipelines. The highest value 
for each measure and network is reported in bold. 

Cross-correlation and Dice Score Coefficient 
  Min Res6 Res24 FIACH AROMA FIX FIXMC         

VISmed 0.78 0.84 0.88 0.78 0.84 0.76 0.74 
  0.61 0.71 0.76 0.66 0.69 0.6 0.56 
        

VISocc 0.6 0.87 0.88 0.85 0.75 0.84 0.81 
  0.48 0.75 0.78 0.72 0.68 0.72 0.59 
        

VISlat 0.6 0.58 0.67 0.52 0.66 0.58 0.58 
  0.54 0.58 0.62 0.54 0.6 0.57 0.53 
        

DMN 0.81 0.86 0.81 0.77 0.83 0.76 0.78 
  0.69 0.63 0.62 0.55 0.63 0.58 0.57 
        

CER 0.6 0.63 0.59 0.66 0.54 0.54 0.45 
  0.49 0.55 0.51 0.57 0.5 0.52 0.45 
        

SMN 0.76 0.52 0.65 0.64 0.66 0.67 0.6 
  0.71 0.52 0.6 0.59 0.54 0.62 0.51 
        

AUD 0.61 0.67 0.65 0.71 0.67 0.67 0.72 
  0.55 0.6 0.58 0.65 0.6 0.56 0.56 
        

EXE 0.61 0.61 0.67 0.55 0.63 0.57 0.59 
  0.52 0.52 0.56 0.41 0.5 0.46 0.46 
        

FPr 0.66 0.69 0.68 0.7 0.65 0.65 0.66 
  0.57 0.59 0.59 0.6 0.55 0.57 0.58 
        

FPl 0.8 0.73 0.79 0.63 0.76 0.77 0.77 
  0.7 0.61 0.62 0.53 0.6 0.6 0.59 
        

DA 0.6 0.41 0.55 0.55 0.69 0.6 0.61 
  0.51 0.37 0.49 0.49 0.51 0.49 0.49 
        

TEMP 0.6 0.65 0.47 0.74 0.71 0.28 0.36 
  0.44 0.51 0.4 0.62 0.52 0.2 0.2 
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Cross-correlation and DSC values generally showed the same trend, with 

higher cross-correlation values corresponding to higher DSC values. 

4.4.1.4 Task fMRI: GLM Activation 

The group GLM maps are reported in Figure 4.8 for the different pipelines, 

while Table 4.2 summarises the main cluster information (location, 

extension and statistics) of each group activation map. The more 

advanced strategies resulted in more localised activations when compared 

to the Min pipeline. Similar activation extent and z-score values were 

found for the ICA-based pipelines. In the case of the regression-based 

pipelines, FIACH and Res24 reported lower z-score values, despite 

showing clusters localised in the expected areas of activations. The Min 

pipeline did not lead to the identification of important areas known to be 

active in a VF paradigm (e.g. SMA), despite being able to recover the 

principal ones, such as the L_IFG. 

 

Figure 4.8: Group GLM activations for task fMRI with a VF paradigm. Group 
results were derived after cleaning the data with the different pre-processing 
methods. Results are displayed in MNI 2-mm standard space with corrected z > 
2.3. This figure is adapted from De Blasi et al., 2020 (De Blasi et al., 2020). 
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Table 4.2: Summary of the GLM group activations. For each pipeline the cluster 
location, cluster extent (number of voxels), cluster significance (p-value), 
maximum z-value and location (mm) in MNI 2-mm space are reported. Of note, 
the cluster of activation were corrected using cluster determined by z > 2.3 and a 
(corrected) cluster significant threshold of p-value = 0.05. Left (L), right (R), 
lateral (lat), superior (sup), inferior frontal gyrus (IFG), precentral gyrus (PreCG), 
occipital cortex (occ cortex), superior frontal (SF), paracingulate (PAC), middle 
frontal (MF), supplementary motor cortex (SMA), fusiform gyrus (FFG), insular 
(INS), supra-marginal gyrus (SMG), temporal (Temp). 

  Location in MNI Voxels P-value Zmax Zmax 
X 

Zmax 
Y 

Zmax 
Z         

Min L IFG/Precentral 33533 9.18E-40 6.8 -46 8 28 
 L lat occ cortex 3668 2.42E-08 4.98 -32 -60 42 

  R PreCG 1421 0.000563 4.78 62 6 38 
        

Res6 L SF/PAC gyrus 31296 0 6.54 -4 12 54 
 L lat occ cortex 2417 1.79E-07 4.41 -26 -60 46 

  R PreCG 709 0.0106 4.45 58 2 44         
Res24 L SF/PAC gyrus 9581 6.04E-14 5.65 -4 12 54 

  L occ cortex 1225 0.00671 4.38 -44 -66 -20         
FIACH L MF/IFG 8934 5.08E-17 4.64 -54 30 26 

 L SMA 1926 1.71E-05 4.44 -4 4 54 
 L Occ FFG 960 0.00432 3.23 -38 -68 -8 
 R INS cortex 792 0.0133 3.24 32 22 -2 

  L lat occ cortex 659 0.034 3.13 -40 -60 68         
AROMA L precentral/IFG 32386 9.39E-44 6.6 -46 6 24 

 L postcentral/SMG 2770 1.19E-07 4.73 -38 -38 42 
  R precentral/MFG 598 0.0431 4.92 60 0 44 

        
FIX L precentral/IFG 25158 7.56E-37 6.56 -46 4 24 

 L lat occ cortex 3281 1.07E-08 5.29 -26 -70 42 
 R caudate 1405 0.000173 5.22 20 12 12 
 R precentral gyrus 902 0.0045 4.92 62 6 40 

  L SMG 628 0.0339 3.85 -62 -42 22 
        

FIXMC L IFG 16985 2.06E-30 6.11 -48 30 16 
 L occ FFG 3108 4.67E-09 5.49 -46 -64 -22 
 L lat occ cortex 2948 1.05E-08 4.84 -32 -60 44 
 R frontal 

operculum 2398 1.79E-07 5.2 40 22 0 
 R occ FFG 1336 0.00011 5.9 36 -66 -20 

  L sup Temp gyrus 598 0.0272 3.92 -60 -30 4 
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These qualitative results were further confirmed by extracting additional 

information from the activations clusters. In terms of CNR, higher values 

were observed when the Min, AROMA and FIX pipelines were used, while 

regression-based pipelines and FIXMC showed a similar pattern with 

relatively lower values (Figure 4.9). When statistically compared, the CNR 

values were significantly different across the seven pipelines (F(6,133) = 

33.41, p-value < 0.01). Post-hoc t-tests revealed significant differences (p-

value < 0.05, Bonferroni-corrected) for all pairs of pipelines, except for the 

cases reported in white in Figure 4.9. 

 

Figure 4.9: Distribution of CNR values across subjects and corresponding p-
values from the statistical comparison of every pre-processing method. Higher 
CNR values were found in the case of Min, AROMA and FIX (left). Graphical 
representation of the p-values resulting from the statistical comparison of mean 
CNR values, for every pipeline in task fMRI (reading row first and then column) 
(right). The comparisons which were not statistically significant are reported in 
white. Hot/cold colours were assigned to p-values corresponding to 
positive/negative t-values when each pipeline in the row is compared to each 
column. This figure is adapted from De Blasi et al., 2020 (De Blasi et al., 2020). 

In order to match the Neurosynth VF reference template, the same 

threshold was adopted for the group activation maps (FDR correction, p-

value < 0.01). In the case of FIACH, this threshold left no significant 

clusters, therefore measures from this pipeline could not be assessed 

further. Cross-correlation, DSC, sensitivity and specificity values are 

reported for the other pre-processing strategies in Table 4.3. The highest 

cross-correlation and DSC were found for FIXMC, with values of 0.52 and 

CNR Distribution CNR P-values
P-value
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0.44, respectively, while the lowest values were reported in the case of 

Res24 (cross-correlation = 0.38, DSC = 0.24). Overall, ICA-based 

pipelines showed a good balance between sensitivity and specificity, 

together with the Min. On the other hand, Res24 was highly specific 

(0.63), but showed low sensitivity (0.15). 

Table 4.3: Cross-correlation, DSC, sensitivity and specificity values between 
each group GLM map and the reference VF template. The highest values for 
each measure are reported in bold. NA: not available. 

  Min Res6 Res24 FIACH AROMA FIX FIXMC 
Cross-
correlation 0.45 0.48 0.38 NA 0.45 0.5 0.52 

DSC 0.35 0.39 0.24 NA 0.36 0.42 0.44 
                
Sensitivity 0.63 0.61 0.15 NA 0.57 0.58 0.57 
Specificity 0.25 0.29 0.63 NA 0.26 0.33 0.35 

 

Table 4.4 reports the percentage of overlap between each group activation 

map and the GM and WM tissue priors. As expected, the highest 

percentage of overlap was reported for GM in all the pipelines, with 

highest overlap in the case of FIACH (84.28%) and lowest in the case of 

Min (68.4%). The overlap with WM was far lower than GM with values 

ranging between 21.07% (Res24) and 35.9% (AROMA). 

Table 4.4: Percentage of overlap between group activation of each pipeline and 
tissue types (GM and WM). The highest values are reported in bold. 

  Overlap GM (%) Overlap WM (%) 
Min 68.4 34.18 
Res6 69.98 29.98 
Res24 76.56 21.07 
FIACH 84.28 27.19 
AROMA 71.68 35.9 
FIX 73.18 30.5 
FIXMC 75.45 29.43 
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4.4.1.5 Functional Connectivity Matrices 

The mean connectivity matrices across subjects and CV for every pipeline 

are reported in Figure 4.10. In the resting-state dataset, higher mean 

connectivity was found for the Min and the ICA-based pipelines. The 

highest mean correlation value (across ROIs) was obtained by AROMA 

(0.48), while the lowest mean SD was achieved by Res6 (0.16). Task fMRI 

connectivity matrices showed generally higher values compared to resting-

state. This was particularly evident in the case of Res24. Min showed the 

highest mean (0.56) and lowest mean SD (0.19). Lower CV values were 

observed for Min and AROMA in both resting-state and task fMRI. Overall, 

matrices were highly correlated with each other, with values ranging 

between 0.83-0.99 in resting-state and 0.82-0.98 in task. 
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Figure 4.10: Mean connectivity matrices and CV for each pipeline. The mean 
matrices across subjects and CV are reported for each pipeline from rs-fMRI (left) 
and task-fMRI (right) data. This figure is adapted from De Blasi et al., 2020 (De 
Blasi et al., 2020). 
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With regards to the number of negative correlations, the Min showed the 

lowest number of negative values (mean ± SD, 2.3 ± 2.4% resting-state; 

2.0 ± 3.9% task), while the highest number was found in the case of Res6 

(mean ± SD, 37.1 ± 6.2% resting-state; 42 ± 4.7% task). The ICA-based 

pipelines overall showed fewer negative correlations than the regression-

based ones. 

4.5 Discussion 

The issue of data pre-processing for fMRI analysis has been widely 

investigated, owing to its relevance for any subsequent data processing 

step, and in light of the myriad of different noise removal methods 

developed across centres (Griffanti et al., 2015; Ciric et al., 2017; Parkes 

et al., 2018). Non-neuronal contributions to the BOLD signal are many and 

variable, and often correlated or co-linear to the signal of interest 

(Caballero-Gaudes and Reynolds, 2017). With this work, I aimed to 

substantially expand the current literature of fMRI denoising by assessing 

the impact of different pre-processing methods on both resting-state and 

task fMRI datasets. The latter have hardly ever been considered in 

previous studies. Taking into account the lack of a widely accepted “gold 

standard” or “ground truth” in this context, I decided to benchmark their 

performance by assessing the influence exerted on the subsequently 

derived fMRI metrics used to investigate brain function: spatially and 

temporally covarying networks (Griffanti et al., 2014; Pruim, Mennes, 

Buitelaar, et al., 2015; Pruim, Mennes, van Rooij, et al., 2015), 

connectivity (Griffanti et al., 2016; Dipasquale et al., 2017; Glasser et al., 

2018) and statistical parametric maps (Tierney et al., 2016). As previously 

highlighted (Power, Schlaggar and Petersen, 2015; Glasser et al., 2018), 

the use of VF task fMRI brings about some a-priori expectations, given the 

associated well characterised patterns of brain activation. Therefore, this 

work provides extensive guidelines on the impact of each denoising 
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method on the signal of interest and associated connectivity measures for 

both resting-state and task fMRI. 

The pre-processing pipelines investigated in this work fall into two broad 

categories: 1) statistical modelling and 2) data-driven methods. The former 

usually takes the form of a regression analysis to explicitly remove 

nuisance variables from the signal of interest, whilst the latter is based on 

the theory of ICA, a modification of PCA with both temporal and spatial 

components. This investigation was not an attempt to find the best 

performing pipeline to pre-process functional imaging data, but rather to 

provide guidelines on the impact and consequences of using the most 

common ones. In fact, the reported results show that there is no clear 

“winner” as measured by the implemented metrics. Regression methods 

are excellent at detecting the artefactual signals associated with motion, 

but at the same time will necessarily result in the reduction of overall 

connectivity values (cross-correlation of all regions across the image) 

compared to ICA methods (Pruim, Mennes, Buitelaar, et al., 2015; Parkes 

et al., 2018). These results represent a substantial expansion of the 

already published literature, whilst agreeing with it in several key aspects. 

The performance of each pre-processing pipeline across benchmarks is 

summarised in Table 4.5. 

For the purposes of this investigation the following metrics were chosen: 

FD, DVARS, tSNR, tDoF, RSNs/activation maps, CNR and connectivity 

matrices, as a guide through which the reader can understand the 

consequences of using one method over another, relative to a minimal 

amount of processing. 

FD, DVARS are used to measure the degree to which each pipeline can 

remove motion within the time series, which is considered as a major 

contributor of spurious signal in BOLD-fMRI data. All pipelines achieved a 

decrease in FD/DVARS compared to the Min pipeline, highlighting more 

pronounced removal of motion artefacts. FIACH was able to accurately 

estimate motion time series and achieved the lowest FD and DVARS 
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values across all pipelines. Naturally, a potential risk of using a pipeline 

that is really good at removing any signal change associated with motion, 

is that it may also remove signal of interest that happens to be co-linear 

with the signal of interest. A common problem, particularly in the case of 

task fMRI data, is that a stimulus of interest itself may trigger physical 

movement in human subjects, like nodding or swallowing. For rs-fMRI, the 

consequences are more complicated, as much of the signal related to 

pulsatile motion arising from breathing or heartbeat is intrinsic to the 

spatiotemporal relationship of groups of voxels highlighted by ICA 

methods. In the case of regression, the use of non-linear expansion of the 

motion terms has been proposed to account for spin related contributions 

of motion-related artefacts (Friston et al., 1996; Caballero-Gaudes and 

Reynolds, 2017). Indeed, a significantly decreased FD and DVARS were 

reported when Res24 was used, as compared to Res6. However, the use 

of additional motion-related regression, whilst accounting for additional 

variance, might also lead to increased loss of tDoF and therefore less 

reliable results in post-processing connectivity analyses (Caballero-

Gaudes and Reynolds, 2017). 

TSNR can be conceptualised as a measure of variability in the signal of 

interest, and a reduction of this can be interpreted as a proxy of how well a 

pre-processing pipeline removes unwanted noise. However, the tSNR 

taken alone might not be indicative of the goodness of a pipeline and it 

needs to be accompanied by other measures, such as the loss of tDoF 

(Boscolo Galazzo et al., 2019). For instance, in task fMRI, a decreased 

tSNR might be due to increased mean signal by a small amount (~1%) 

and increased SD by a higher amount, which is not related to how well a 

denoising method is actually performing. In ICA-based pipelines, 

increased tSNR can be found even when a significant number of 

meaningful components are removed from the data (leading to decreased 

SD) (Boscolo Galazzo et al., 2019). For both resting-state and task fMRI 

data, I showed an expected decrease in signal variability across time, with 

an increase in signal mean for all pre-processing pipelines; with both 
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regression and data-driven methods performing well for the rs-fMRI data. 

Evidence in relation to task fMRI data, however, is more complex. While 

investigating the overall mean tSNR of the GM was acceptable for rs-fMRI, 

the same could not be attained for task fMRI, because of the role that 

task-associated stimulation plays on the signal in very specific areas. 

Instead tSNR values were reported only for ROIs known to be reliably 

activated during this task, namely the L_IFG (Figure 4.4) and other key 

fronto-temporo-parietal language-relevant areas (as reported in Appendix 

C.1). In each region, an overall increase in the mean signal for both 

regression and data-driven methods was found, though the regression 

methods did recover a higher mean signal. Signal variability, when 

compared to the minimally processed data, was generally increased both 

in the regression and the data-driven methods. This is in accordance with 

previous publications on the topic (Griffanti et al., 2016; Dipasquale et al., 

2017; De Blasi, Boscolo Galazzo, et al., 2018). For task-based fMRI, a 

reader might find the effect that the pre-processing methods have on the 

activated regions more intuitive to understand, and this is conveyed via 

analysis of the CNR, which is discussed below.  

To compensate for the limitations of the tSNR highlighted above, the loss 

in tDoF was considered, as an additional quality measure. tDoF can be 

lost as a result of the noise removal strategy employed and can 

substantially affect the power of the statistical tests implemented to 

uncover the signal of interest. Confound regressors and censoring both 

reduce the tDoF in data (Ciric et al., 2017), and tDoF loss may introduce a 

bias if it varies across subjects. It is assumed that each time series 

regressed out constitutes a single tDoF. ICA-based methods showed 

higher loss of tDoF, as expected and already reported in the literature 

(Dipasquale et al., 2017). Indeed, Min, FIACH and Res6 were associated 

with a lower loss of tDoF which was constant across participants, being 

pre-specified in the model (Parkes et al., 2018). AROMA showed a 

moderate loss of tDoF, which varied among subjects but was generally 

similar to Res24 (Pruim, Mennes, Buitelaar, et al., 2015; Pruim, Mennes, 
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van Rooij, et al., 2015; Ciric et al., 2017). The highest loss of tDoF 

occurred with FIXMC in both datasets, which may in turn relate to a higher 

risk of reduced sensitivity to the underlying signal of interest (Pruim, 

Mennes, van Rooij, et al., 2015). However, as pointed out by Ciric et al., 

2017 (Ciric et al., 2017), the loss of tDoF should be interpreted with 

caution and in conjunction with other measures, such as accuracy of 

network recovery and connectivity analyses, as the tDoF removed might 

correspond to artefacts rather than signal of interest (Ciric et al., 2017). 

Consequently, RSNs and task activation can be used to assess accuracy 

and reproducibility of the expected results in each pre-processing pipeline. 

In both resting-state and task fMRI, the cross-correlation and DSC were 

computed to assess how well the recovered areas of activation overlap 

with the expected activation maps. The latter were defined as 1) the RSN 

template, according to Smith et al., 2009 (Smith et al., 2009) for resting-

state data, and 2) the Neurosynth VF template for task fMRI data. For the 

task fMRI data, sensitivity and specificity values were additionally 

computed in relation to the Neurosynth VF template. Percentage overlap 

of the activated areas in relation to GM and WM voxels was also 

computed, to assess the biological relevance of the activations, and 

specifically whether they would mostly be localised in GM areas. For the 

resting-state dataset, all advanced pipelines were able to accurately 

recover the main RNSs and showed similar cross-correlation and DSC 

values. As for task fMRI, all pipelines related to an improvement of cross-

correlation and DSC with the Neurosynth VF template when compared to 

Min, with the only exclusion of Res24. Regression-based pipelines 

performed poorly when compared to ICA-based ones for group GLM 

activation, which may appear surprising as the former are the most used 

pipelines in the task fMRI literature. Res24 showed suboptimal recovering 

of RSNs in rs-fMRI and reduced activations in task fMRI, which may relate 

to the decrease in tDoF, resulting in a smaller number of voxels to be 

activated, despite preservation of the central location of the main 

activation clusters. FIACH accurately recovered all RSNs, with cross-
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correlation values above 0.5 and DSC greater than 0.4. In the case of 

group-level task activation maps, FIACH resulted in the activation of 

expected areas, and clusters exhibited the highest overlap with GM voxels 

(84%) among all pipelines; their extension and z-scores, however, were 

lower. It is important to note that, as different from previous literature, the 

FIACH pipeline was implemented in this study via regression of the FIACH 

regressors from the time series and saving of the residuals as denoised 

signal, rather than via inclusion of those regressors in a GLM (Tierney et 

al., 2016; Caballero-Gaudes and Reynolds, 2017; Kronbichler et al., 

2018). In this work, this choice was motivated by the need of: 1) obtaining 

a processed time series to be used for further connectivity analyses and 2) 

keeping the same analytical implementation for all the regression-based 

pipelines. I acknowledge, however, that this step might have had a 

differential impact on the FIACH-processed data, leading to a reduced 

CNR and number of activated voxels. In terms of sensitivity and specificity, 

the Min and ICA-based pipelines showed a good balance, Res6/Res24 

were associated with high sensitivity/specificity and relatively low 

specificity/sensitivity, which needs to be considered for appropriate 

assessment of activation maps after either of these pipelines is used. 

Finally, all advanced pipelines improved the overlap of group activation 

maps with GM locations when compared to the Min pipeline, which can be 

interpreted as an indicator of recovered signal within biologically plausible 

locations. 

As for task-based fMRI, CNR describes the difference in the means 

between the task-on condition and the task-off condition (being 

represented here by VF and baseline, respectively) normalised by the SD 

in the baseline condition. The CNR is more commonly represented as a 

statistical parametric map of z-scores at each voxel (Figure 4.8). Results in 

the literature are commonly displayed with a reported set threshold of 

peak significance of a particular number of voxels above this threshold 

(Shen and Q. Duong, 2011; Molloy, Meyerand and Birn, 2014). For the 

purposes of this investigation, the time series with the maximum z-score 
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(Storti et al., 2018) were used, even if this might lead to different brain 

areas in different subjects or pipelines. This approach has been previously 

used in the literature (Storti et al., 2018) and it was chosen to provide a 

general metric to assess pipeline performance. With reference to minimal 

processing, the pipelines recovering the highest signal of interest were 

both data-driven methods, FIX and AROMA, with the lowest yield attained 

by FIACH. 

Similarity of mean connectivity matrices measured via pairwise 

correlations, and the CV of the correlation between regions assessed the 

impact of denoising methods on the subsequently obtained FC matrices. 

Higher correlations were generally found for the task-based datasets, 

which may be ascribed to the effect of task-related activity, leading to 

more homogeneous and generally higher brain connectivity estimates. 

The specific effects of task-based activity on FC values are not yet fully 

elucidated and may be highly dependent on the task performed. For 

example, in Cole et al., 2014, connectivity matrices obtained from different 

tasks showed different structure, thought being highly correlated with one 

another and with the matrices obtained from resting-state data (Cole et al., 

2014). ICA-based pipelines led to similar mean correlation values and 

comparable CV matrices across pipelines and datasets. Reduced 

correlations and higher number of negative correlations were found in the 

case of Res6 and FIACH for both datasets. The results obtained for Res24 

were somehow unexpected in the case of task. Indeed, it was expected to 

find a reduced connectivity as in the case of resting-state data and in line 

with the other regression-based pipelines. However, correlation values 

and variability in range with Min and ICA-based pipelines were reported, 

as opposed to the resting-state dataset where Res24 performance was in 

line with the other regression-based pipelines. 

This study has limitations. As a general caveat of this line of work, I wish to 

emphasise the lack of an absolute noise-free gold standard, which 

arguably complicates comparisons among different denoising strategies 

(Ciric et al., 2017; Dipasquale et al., 2017; Parkes et al., 2018). To 
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overcome this limitation, a task fMRI dataset was adopted, relating to an 

extensively used paradigm, which may provide a higher level of 

generalisability and “ground truth”, as the expected areas of activations 

are known a-priori. A further limitation is that the subjects were not the 

same for resting-state and task fMRI, owing to the unavailability of 

subjects with both those acquisitions. Whilst the use of two separate 

datasets may add variability to the analysis, it was found that the effects of 

noise removal via different pipelines were generally consistent between 

resting-state and task fMRI data. This finding points to a higher level of 

generalisability of the presented results across fMRI acquisitions, and it is 

in line with results by Pruim et al., 2015 (Pruim, Mennes, van Rooij, et al., 

2015), who found comparable results between resting-state and task fMRI 

when assessing those to validate the AROMA pipeline against 24 motion 

regression and spike regression. Whilst I acknowledge that the sample 

size was generally lower than previous studies assessing the impact of 

denoising methods on rs-fMRI data (Pruim, Mennes, Buitelaar, et al., 

2015; Ciric et al., 2017; Parkes et al., 2018), I also convey the first study in 

which pre-processing methods were extensively compared in both resting-

state and task fMRI. Investigating how the fMRI signal and derived FC 

measures may change as a result of different denoising strategies is 

timely and important to inform experimental design and post-processing 

analyses. Therefore, this work can be relevant in the state-of-the-art 

providing extensive guidelines on how to pick the best pre-processing 

depending on the objective of the study. 
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Table 4.5: Summary of the performance of each pre-processing method with respect to different benchmarks, considered in this study. For a 
given method and benchmark, the top/bottom row reports the performance in the resting-state/task fMRI dataset. The +/- symbol indicates 
good/bad performance for a given metric and pipeline. In the case of FD, DVARS, tSNR, lost DoF, CNR and overlap GM/WM, the results are 
reported with respect to the Min, so that +/- refers to improvement/worsening when compared to minimum pre-processing (Min marked with a // 
symbol). For the other benchmarks a general summary is reported. The best/worst performance is indicated in green/red. Overall, 
heterogeneous performance of each method was found, across benchmarks. This summary is intended for the reader to identify which pipeline 
works best for a given study. NA: not available. 

 FD  DVARS  tSNR  

Lost  
DoF R  DSC  

Sens/ 
Spec CNR  

Overlap 
GM 

Overlap 
WM 

Connectivity  
Matrices 

            

Min // // // // 
>0.25 all 

RSNs 
 >0.3 all 
RSNs NA  NA  NA  NA 

~ ICA-based but slightly 
flatter/noisier 

   // // // // 
~Res6/ 
AROMA 

~Res6/ 
AROMA 

Sens,  
Spec // // // Highest mean and lowest SD 

               

Res6 + + + ~FIACH 
>0.25 all 

RSNs 
 >0.3 all 
RSNs 

 
NA  NA  NA  NA Lowest SD, low/negative values 

  + + + ~FIACH 
~Min/ 

AROMA 
~Min/ 

AROMA 
High, 
High - + + Low/negative values 

               

Res24 + + + 
~AROMA/ 

FIX 
>0.25 all 

RSNs 
 >0.3 all 
RSNs NA  NA  

 
NA  

 
NA Low/negative values 

  + - + 
~AROMA/ 

FIX - - 
Spec,  
Sens - + + ~ ICA-based 

               

FIACH + + + ~ Res6 
>0.25 all 

RSNs 
 >0.3 all 
RSNs NA NA NA NA Low/negative values 

  + + + ~ Res6 NA NA NA - + + Low/negative values 
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AROMA + + + 
~Res24/ 

FIX 
>0.25 all 

RSNs 
 >0.3 all 
RSNs NA NA NA NA Highest mean, relatively low SD 

  + + + 
~Res24 

/FIX 
~Min/Res

6 
~Min/Res

6 
High, 
High ~Min + - ~ FIX 

               

FIX + + + 
~Res24/ 
AROMA 

>0.25 all 
RSNs 

>0.3 all, 
but TEMP NA NA NA NA ~ other ICA-based 

  + + + 
~Res24/ 
AROMA ~FIXMC ~FIXMC 

High, 
High ~Min + + ~ AROMA 

               

FIXMC + + + - 
>0.25 all 

RSNs 
>0.3 all, 

but TEMP NA NA NA NA ~ other ICA-based (more modules) 

  + + + - + + 
High, 
High - + + ~ other ICA-based (slightly noisier) 
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4.6 Conclusion and Impact 

This Chapter described the performance of a range of commonly used 

denoising pipelines for BOLD-fMRI time series and illustrated their 

application to both resting-state and task fMRI dataset experiments. The 

heterogeneity in performance of pipelines across benchmarks was also 

highlighted, especially with respect to FC results. This work significantly 

extend the current literature and it is intended to be used as a “brochure” 

for the users to navigate their way in choosing the most appropriate 

method for their data (Table 4.5), rather than as a performance indicator of 

any one pipeline in particular. 

To this end, this project shed light on the impact of denoising methods on 

the BOLD signal and connectivity estimates using both resting-state and 

task fMRI data. The use of task fMRI can help discriminating between 

interesting (neural signal) and uninteresting (noise) signal, given its strong 

a-priori information of brain activation (Power, Schlaggar and Petersen, 

2015). This idea (“the evoked signal in task fMRI, can be better 

distinguished by the better pipeline”) has been suggested in the literature, 

but never comprehensively explored in previous works comparing fMRI 

denoising methods (Power, Schlaggar and Petersen, 2015; Glasser et al., 

2018). The main impact of this work is to add this information to the 

literature. I do not specifically aim at recommending any particular pipeline 

for a specific dataset. Rather, I emphasise that these findings are intended 

as a reference for researchers working with fMRI data to: 1) support study 

design, 2) aid data interpretation and 3) improve the understanding of the 

implications of using a particular pre-processing pipeline on study results. 
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Chapter 5 Perfusion-based Brain 

Connectivity: PASL versus pCASL 

This Chapter is based on the publication: De Blasi B., et al., “Perfusion-

based Brain Connectivity: PASL vs pCASL”, 27th European Signal 

Processing Conference, IEEE, 2019. 

 

Arterial Spin Labelling (ASL) is a magnetic resonance imaging technique 

which provides a more direct measure of neural activity as compared to 

blood-oxygenation-level-dependent (BOLD) contrast. While it has been 

used for years for perfusion quantification, ASL has recently been adopted 

for functional connectivity (FC) analyses. However, the impact of the 

different ASL schemes on connectivity estimates remains to be fully 

investigated. In this work, pulsed and pseudo continuous ASL 

(PASL/pCASL) were compared in terms of cerebral blood flow (CBF) and 

FC measures. In line with literature, higher CBF and increased spatial 

signal-to-noise ratio were reported for pCASL, as compared to PASL. In 

terms of FC, pCASL was able to more reliably recover the main networks 

and showed higher correlations between brain areas. These preliminary 

results suggest pCASL to provide reliable and stable results, not only for 

CBF estimation but also for FC analyses. 
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5.1 Introduction 

Arterial spin labelling (ASL) is a magnetic resonance imaging (MRI) 

technique which allows the non-invasive quantification of brain perfusion 

(Chen, Wang and Detre, 2012). Three main ASL sequences have been 

developed during the last years which exploit different ways to magnetically 

label blood water as it flows to the brain (ref. Chapter 2.3.2). Pulsed ASL 

(PASL) uses a short inversion pulse to tag a thick slab of blood spins 

passing through the neck (Alsop et al., 2015). Continuous ASL (CASL) 

uses an adiabatic inversion pulse to label blood flowing through a single 

plane at the neck level (Alsop et al., 2015). Despite providing increased 

signal to noise ratio (SNR), its use has been hampered by the required 

high radio frequency (RF) duty cycle. Pseudo continuous ASL (pCASL) 

was therefore introduced as an alternative to CASL as it can be 

implemented on standard MRI RF amplifiers. It involves blood labelling by 

a train of discrete RF pulses which mimic the CASL tagging, while being 

less demanding in terms of duty cycle and energy deposition (Chen, Wang 

and Detre, 2011). 

The impact of these labelling schemes on the estimation of cerebral blood 

flow (CBF) has been investigated in several recent works (Chen, Wang and 

Detre, 2011; Dolui et al., 2017; Ivanov et al., 2017). In particular, Chen et 

al., 2011 (Chen, Wang and Detre, 2011) assessed the reproducibility of 

PASL, CASL and pCASL with 2D-readout in a group of healthy controls 

(HC). They reported higher SNR as well as higher reproducible and precise 

CBF measurements for pCASL compared to the other two methods. 

Besides CBF estimation, ASL has recently been adopted to derive 

functional connectivity (FC) measures, as an alternative technique to the 

well-known and more established blood-oxygen-level-dependent (BOLD) 

functional MRI (fMRI). This is because the latter is an indirect measure of 

the neural activity, resulting from the overall contribution of CBF, blood 

volume and metabolism, and it is highly hampered by vein contamination. 

Conversely, ASL signals can provide more direct FC measures. 
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FC is currently estimated using different methods (van den Heuvel and 

Hulshoff Pol, 2010), with independent component analysis (ICA) and seed-

based analysis being the most common (ref. Chapter 2.2.4). ICA is a data-

driven method which aims at separating the data into spatially and 

temporally independent components (ICs). These components represent 

either functionally relevant networks, namely resting-state networks 

(RSNs), or noise and artefacts (e.g. motion and physiological noise). Seed-

based analysis involves the a-priori definition of regions of interest (ROIs). 

Average time series are extracted from those regions and their coupling, 

usually expressed in terms of correlation, represents the FC strength 

between the selected brain areas. Few studies have started to investigate 

FC based on ASL (Jann et al., 2013; Dai et al., 2016; Boscolo Galazzo et 

al., 2019). Jann et al., 2013 (Jann et al., 2013) and Dai et al., 2016 (Dai et 

al., 2016) showed that ASL can lead to functional networks similarly to 

BOLD fMRI, using different methodologies applied to a motor task and 

resting-state data, respectively. 

As in the case of CBF, it is important to understand how FC estimates 

might change with different ASL sequences. However, in this context it is 

difficult to define an appropriate ground truth as to how FC should look like. 

Nevertheless, assessing how FC results change by using different ASL 

techniques, which are characterised by different tagging, specific 

acquisition parameters and temporal resolution, remains timely and 

important. Some works compared the perfusion-based connectivity 

measures obtained from pCASL with 2D and 3D readouts (Vidoretta et al., 

2013; Jann et al., 2016). In particular, Jann et al., 2016 (Jann et al., 2016) 

compared 3D-gradient and spin echo (GRASE) and 2D-echo-planar 

imaging (EPI) pCASL in terms of SNR and FC results. They reported 

improved temporal SNR (tSNR) using the 3D readout which allowed more 

reliable perfusion-based FC, as compared to the 2D readout. They also 

showed that the 2D readout can provide perfusion images with high 

contrast, but its lower tSNR might hamper reliable FC estimation. 
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However, to the best of our knowledge, the possible differences in both 

CBF and FC metrics derived from PASL and pCASL sequences with the 

same 2D EPI readout have not been previously investigated. PASL 

despite not being the recommended acquisition scheme by the consensus 

paper (Alsop et al., 2015), is commercially available in most of the 

Siemens scanners and it often used in clinical settings (including UCLH 

PET/MR and similar scanners). This study was also motivated by the 

introduction of pCASL on our scanner which made it compelling to 

quantitatively assess the two ASL techniques, in terms of not only CBF 

maps, but also FC measures. 

5.2 Literature Review 

This section briefly summarises the literature related to ASL sequences 

comparison in terms of CBF and FC estimates. Three main studies 

compared ASL sequences in terms of CBF quantification (Chen, Wang 

and Detre, 2011; Dolui et al., 2017; Ivanov et al., 2017), while a couple 

focused on differences in FC estimates (Vidoretta et al., 2013; Jann et al., 

2016). 

Chen et al., 2011 (Chen, Wang and Detre, 2011) compared the test-retest 

reproducibility of PASL, CASL and pCASL. Twelve controls were scanned 

(while resting) with the three sequences and reproducibility was assessed 

within-session, after one hour and after one week. CBF maps were 

computed for every sequence at each time point, together with SNR 

differences and measures of reproducibility, such as within-subject 

coefficient of variation (CV) and intraclass correlation coefficient (between-

subject variances contribution to total variance). CASL and pCASL 

showed higher reproducibility than PASL, within session. Similar 

reproducibility was reported with pCASL and PASL after one week. All 

three sequences were able to reliably measure CBF, however pCASL 

showed the highest SNR, tSNR and precision, making it the suggested 

method by the authors of the paper. 
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Dolui et al., 2017 (Dolui et al., 2017), considered pCASL and PASL with 

2D EPI readout and pCASL with background suppression (BS) and 3D 

readout, acquired in a group of patients with mild cognitive impairment and 

elderly controls. Their aim main was to compare the ability of the three 

sequences to discriminate patients from controls on the base of CBF 

maps. Mean CBF values were comparable across sequences, though the 

distribution of CBF across the brain was different in the three acquisitions. 

Despite its lowest grey matter-white matter (GM-WM) CBF contrast, BS 

3D pCASL showed the highest SNR and highest discrimination between 

patients and controls with results similar to the fluorodeoxyglucose 

positron emission tomography (FDG-PET) data, also acquired as part of 

the study. BS 3D pCASL was therefore reported to be the preferred 

sequence to study brain functional changes in mild cognitive impairment. 

Ivanov et al., 2017 (Ivanov et al., 2017) compared the performance of an 

optimised 7 T PASL acquisition with 3 T ASL approaches (PASL and 

pCASL) in nine healthy volunteers, by considering a wide range of 

parameters. Regarding the comparison of the sequences at 3 T, the 

authors found similar perfusion maps and GM CBF values, when PASL 

and pCASL were used. However, pCASL showed larger CBF activation 

volumes and higher perfusion tSNR than PASL, the latter confirming the 

findings of Chen et al., 2011 (Chen, Wang and Detre, 2011). Of note, the 

authors also emphasised the advantages of PASL over pCASL, including 

higher temporal resolution, as PASL does not need long post-labelling 

delay (PLD) to avoid vascular artefacts; and shorter arterial transit time 

(time for the tagged spins to reach the brain ROI). Overall, the authors 

recommended the 7 T PASL sequence for its high spatial and temporal 

resolution CBF and BOLD imaging, while the 3 T pCASL was suggested 

for low resolution perfusion and BOLD imaging. 

Vidoretta et al., 2013 (Vidoretta et al., 2013) compared 2D EPI to 3D 

pCASL sequences (the latter implemented both with and without BS) in a 

group of ten HC. The performance of these acquisition schemes was 

evaluated in terms of baseline perfusion and functional activation (during a 
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finger tapping task). Despite increased spatial SNR (sSNR) was found with 

the 3D readouts (no BS), they showed similar tSNR values as the 2D 

readout. The 3D BS readouts showed a slight increase in sSNR (even if 

the background was attenuated) and a 3-fold increase in tSNR, when 

compared to no BS. The 2D readout reported higher GM-WM CBF 

contrast, when compared to the 3D readouts which seemed to suffer from 

more severe partial volume effects (PVEs). In terms of activation maps, 

the 3D readouts with BS were more sensitive at the individual level (higher 

t-values), which can be ascribed to the increased tSNR. At the group level, 

similar results were found across all readout schemes. In conclusion, the 

authors reported improved overall performance of the 3D BS pCASL 

sequences at both baseline and during activation. The increased tSNR of 

these sequences allowed improved detection of task activations at the 

individual level. 

Jann et al., 2016 (Jann et al., 2016) aimed at assessing the effect of 

different regression-based noise reduction strategies on ASL-based FC, in 

two groups of HC. The optimal denoising strategy was then used for 

perfusion-based FC in a cohort of children (thirteen healthy and twelve 

patients with autism spectrum disorder). For the initial assessment of 

nuisance regression methods in HC, the authors compared a 3D BS 

pCASL with a 2D-EPI pCASL sequence. In both acquisition schemes, 

there was a gain in tSNR after nuisance regression, particularly in the 

case of 3D BS pCASL, which might be ascribed to the use of BS. The 

default mode network (DMN) was detected by both sequences and it was 

similar to the BOLD based results. In particular, the 3D BS pCASL 

sequence showed similar DMN maps at the same statistical threshold as 

BOLD, although with lower FC strength. Spatial specificity of FC maps and 

long-range connectivity were improved after physiological noise reduction 

and motion correction, respectively. The 2D pCASL reported weaker 

connectivity overall, probably due to the lower tSNR, but it seemed to still 

benefit from motion regression. The authors emphasised the reliability of 

2D-EPI pCASL for CBF quantification and BOLD based FC. Overall, they 
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highlighted the importance of noise removal for reliable perfusion-based 

FC studies. When considering the cohort of children, the 3D BS pCASL 

showed similar motion-related effects on FC, as previously reported. This 

ASL scheme identified FC differences between patients and controls, in 

the DMN, which agreed with BOLD-based results. In conclusion, the 

authors recommended the 3D BS pCASL sequence for FC studies, given 

its high tSNR. This study was the first to assess the impact of different 

regression-based denoising methods on perfusion-based FC. Accurate 

pre-processing was found to be fundamental to assess FC changes in 

neurodevelopmental diseases, like autism spectrum disorder, investigated 

in this study. 

In summary, previous studies compared different ASL acquisition schemes 

in terms of their impact on CBF quantification and FC analysis. Several 

parameters have been assessed including: readout schemes (2D vs 3D), 

field strengths (3 T vs 7 T) and BS (with and without). The current work 

aims to comprehensively compare PASL vs pCASL, with the same 2D 

readout, in terms of not only CBF (as in Chen et al., 2011), but also FC 

estimates. Even though pCASL is the recommended acquisition scheme 

by the consensus paper (Alsop et al., 2015), PASL schemes are still 

widely available (in most of Siemens scanners) and often used in clinical 

settings. It is therefore timely and important to quantitively assess the 

impact of these acquisition schemes for both clinical (CBF quantification) 

and research (perfusion-based connectivity) applications. 

5.3 Methods 

5.3.1 Population and Image Acquisition 

This study was approved by the local Ethics Committee (REC: 

15/LO/1051). Ten healthy subjects (5 males, 39 ± 4 y, all right-handed) 

provided written informed consent and were enrolled (see Appendix B.1 



 171 

for a summary of datasets). Imaging was carried out on a 3 T Siemens 

PET/MR scanner equipped with a 16-channel head and neck coil.  

Each subject was scanned with both PASL and pCASL sequences during 

a unique session on the PET/MR scanner while awake and in resting-state 

(eyes-closed). For PASL, the Siemens’ PICORE (proximal inversion with a 

control for off-resonance effects) sequence with Q2TIPS (QUIPSS II with 

Thin-slice TI1 Periodic Saturation) and 2D-EPI readout was used [voxel 

size = 3.6 x 3.6 x 5 mm3; gap = 1 mm; 19 partitions; TI1/TIs/TI2 = 

800/1200/1800 ms; TR/TE = 2860/17 ms]. 200 control/label volumes, plus 

a calibration scan (M0) with long TR were acquired (total scanning time: 

9’39”). The pCASL sequence was provided by Dr JJ Wang from UCLA 

(Wang et al., 2012). This version was installed and optimised on the 

University College London Hospital (UCLH) PET/MR scanner, in order to 

make it as much similar as possible to the PASL one. In particular, the 

same spatial resolution as for the PASL was kept, while the other 

parameters were changed as follows: bolus duration/PLD = 1800/1800 

ms; TR/TE = 4590/17 ms. The number of Control/Label volumes was 

reduced to 124 in order to keep the same total scanning time.  

A 3D T1-weighted (T1w) MPRAGE anatomical scan was finally included 

for segmentation and registration purposes [voxel size = 1.1 x 1.1 x 1.1 

mm3; 208 sagittal partitions, TR/TE = 2000/2.92 ms]. 

5.3.2 ASL Pre-Processing 

Analysis of ASL data was carried out using FSL 5.0.9 (FMRIB, Oxford, 

UK). PASL and pCASL data were analysed separately. The pre-

processing steps to obtain clean ASL data included: 1) motion correction 

(MCFLIRT) using M0 as reference; 2) regression of the 6 motion 

parameters (3 translation + 3 rotations) estimated during step 1. These 

pre-processing steps are commonly adopted for ASL data analysis (Jann 

et al., 2016). 
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5.3.3 CBF Estimation 

Having obtained clean ASL datasets for each subject, CBF maps were 

computed, at the single-subject level. Control minus label difference 

images (DM) were calculated pairwise and visually/qualitatively evaluated: 

those with marked artefacts (e.g. severe ringing around the brain due to 

residual motion), were discarded from further analysis. 

To compare the two acquisition protocols, sSNR was computed on the DM 

images, calculating representative values over GM (sSNR-GM) and WM 

(sSNR-WM) (Vidoretta et al., 2013). The sSNR was calculated as the ratio 

of the mean DM in each tissue and the standard deviation (SD) of the 

noise (sampled in a square ROI in the background area around the brain). 

To do this, each subject’s structural image was segmented to obtain tissue 

probability maps for GM and WM, which were then thresholded at 0.9 and 

binarised. These masks were back-projected to ASL space by inverting 

the linear registration from M0 (ASL reference) to the corresponding T1w 

image (Boundary-Based Registration, ASL-to-T1). 

CBF maps were computed for each subject using BASIL FSL toolbox 

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/BASIL). Default relaxation values were 

used (tissue T1 = 1.3 s, arterial T1 = 1.65 s). Equilibrium blood 

magnetisation was estimated voxel-wise by using the M0 image (Alsop et 

al., 2015). In order to register the CBF maps to standard space, the 

transformation of the T1w image to the 2-mm Montreal Neurological 

Institute (MNI) standard space was estimated using an initial linear step 

(FLIRT, 12 degrees of freedom [DoF]), followed by a non-linear step 

(FNIRT) [T1-to-MNI]. The ASL-to-T1 and T1-to-MNI transformations were 

combined and finally applied to the individual CBF images. 

Group mean CBF maps were derived separately for PASL and pCASL. 

Additionally, the CV defined as the ratio of the group SD and mean, was 

computed, for each sequence. To provide representative CBF values for 

PASL and pCASL, the mean CBF was calculated across GM and WM 
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masks for each subject, in native space. The Wilcoxon signed rank test 

was applied to statistically compare the CBF values from the two 

sequences (p-value < 0.05). Additionally, the ratio of mean CBF in GM 

over WM was computed, as a measure of contrast ratio for each sequence 

(Vidoretta et al., 2013; Dolui et al., 2017). 

5.3.4 FC Measure – Group ICA 

After spatially normalising the clean ASL volumes using the combined 

transformation previously estimated, a group ICA was run (multisession 

temporal concatenation, MELODIC FSL). The number of ICs was fixed to 

40 (Liang, King and Zhang, 2011). The most common RSNs described in 

the literature, including default mode, motor, visual (occipital, medial and 

lateral), auditory, frontoparietal (left and right) and cerebellum networks, 

were visually identified and compared to the BOLD template (Smith et al., 

2009). Of note, this template was considered as reference in this study, 

despite being based on the BOLD fMRI data, as no ASL derived templates 

are currently available in the literature. The cross-correlation (r-value) was 

computed between each IC map and the corresponding BOLD template 

(FSL tool fslcc). The working hypothesis was that the more the group ICA 

maps correlated with the corresponding templates, the better the true 

signal was identified (Smith et al., 2009). I acknowledge that comparing 

ASL with a BOLD-derived template is suboptimal as it does not allow to 

properly address the higher specificity of the ASL signal when compared 

to BOLD-based fMRI. Since a ground truth for activation maps is not 

available, I could not use this template to assess whether ASL is more 

specific (or "better") than BOLD. Given the unavailability of ASL-based 

templates or of a general ground truth, using the well-established Smith et 

al., 2009, template allows to investigate whether RSNs can be extracted 

from ASL data in a similar way as for BOLD-based fMRI. However, using 

this approach one cannot determine whether the ASL-based RSNs are 

“better” or “worst” than the respective BOLD-based ones. In addition, for 

this specific study, the Smith et al., 2009, template was used as a 
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reference point to evaluate the performance of PASL and pCASL 

sequences (i.e. assess how they differ from a common reference). 

5.3.5 FC Measure – ROI-to-ROI Analysis 

In order to estimate the ROI-to-ROI connectivity and derive FC matrices at 

the single-subject level, the functional Schaefer atlas 

(https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/brai

n_parcellation/Schaefer2018_LocalGlobal) with 17 RSNs and 100 ROIs 

was considered. Starting from the clean ASL data in standard space, the 

average time series were extracted from each ROI and the full correlation 

was computed between all pairs of regions, leading to two FC matrices, 

one per sequence. The overall mean and SD matrices were then 

computed across subjects, separately for PASL and pCASL. The former 

was reported as a summary of the FC estimated from each ASL 

sequence. The latter was calculated as the variability across an 

homogenous group of healthy subjects is expected to decrease when the 

connectivity is estimated with more stable methods (Griffanti et al., 2015). 

5.4 Results 

5.4.1 CBF Maps 

Figure 5.1 reports the mean CBF and CV maps calculated across the ten 

subjects, for both PASL and pCASL. Higher values of perfusion are 

reported for pCASL, while PASL shows reduced values across the whole 

brain. Lower CV values were found for pCASL as compared with PASL, 

especially across the GM. 
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Figure 5.1: Group CBF and CV maps calculated across subjects for PASL and 
pCASL. Higher CBF was found in the case of pCASL, particularly across the GM. 
The CV was lower for pCASL as compared to PASL. 

Table 5.1 reports the summary measures for sequence comparison. 

PCASL showed statistically higher values in both tissue types (p = 9.7656 

x 10-4, one-tailed) compared to PASL. The latter appeared to 

underestimate perfusion in GM, also in comparison to literature values. Of 

note, for PASL data, on average 43% of DM was eliminated per subject, 

due to severe artefacts that were corrupting the DM maps. A comparable 

GM-WM contrast ratio was reported for the two sequences (slightly higher 

for pCASL). Increased sSNR was found in both GM and WM for pCASL 

when compared to PASL. 

Table 5.1: Mean ± SD CBF (mL/100g/min), GM-WM contrast ratio and sSNR. 
PCASL reported higher mean CBF and sSNR in both GM and WM. GM-WM 
contrast ratio was relatively similar between the two sequences. 

  PASL pCASL 
   

Mean CBF GM 27.4 ± 3.9 55.8 ± 8.2 
Mean CBF WM 16.6 ± 2.8 33.1 ± 5 
GM-WM Contrast Ratio 1.66 ± 0.12 1.69 ± 0.13 
sSNR GM 21 ± 9.1 38.2 ± 24.2 
sSNR WM 7.4 ± 4 18.4 ± 12.3 
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5.4.2 FC Measures – Group ICA 

Table 5.2 reports the r-value between each IC map and the corresponding 

BOLD template. In literature, a correlation of r >= 0.25 is generally 

considered as a valuable cut-off value for classifying a good component 

from BOLD fMRI (Bright and Murphy, 2015). Therefore, these results 

pointed towards a general strong correlation between maps from ASL and 

BOLD fMRI. Overall, pCASL showed increased correlation with the 

template especially for visual networks (medial and lateral) and seemed to 

outperform in high-level cognitive networks, such as frontoparietal 

networks, which were not recovered by the PASL sequence (NA). On the 

other hand, PASL showed higher correlation in the case of the DMN and 

motor network. Sensory networks, such as auditory, visual occipital and 

cerebellum were equally represented by both sequences. 

Table 5.2: Cross-correlation (r-value) between the group ICA maps and the 
corresponding BOLD fMRI template (Smith et al., 2009). High correlation values 
are generally reported for both sequences. NA: not available. 

  PASL pCASL 
      
DMN 0.73 0.62 
Motor 0.63 0.54 
Visual Medial 0.58 0.79 
Visual Lateral 0.39 0.57 
Visual Occipital 0.5 0.48 
Auditory 0.42 0.41 
Frontoparietal L NA 0.43 
Frontoparietal R NA 0.41 
Cerebellum 0.51 0.49 

 

Figure 5.2 reports the group DMN and visual medial maps, as indicative 

examples of the perfusion-based networks derived by the two ASL 

protocols. It can be visually appreciated that pCASL recovered the DMN 

more accurately, especially the posterior cingulate cortex (PCC) region, 

and had generally higher connectivity values across the networks. 

However, the pCASL group DMN map appeared to be noisier than the one 
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recovered using PASL. Similar results were reported in the case of the 

group medial visual map. 

 

Figure 5.2: Group DMN and visual medial maps for PASL and pCASL. The same 
slices in MNI space are reported with a threshold of z > 3. Higher z-values were 
found in the case of pCASL, which also more accurately recovered the PCC in 
the case of the DMN. 

5.4.3 FC Measures – ROI-to-ROI Analysis 

Figure 5.3 reports the overall mean and SD FC matrices, computed across 

subjects, for each sequence. The spatial correlation between individual 

PASL and pCASL matrices was 0.62 ± 0.06 (mean ± SD, across subjects). 

Globally, pCASL revealed higher FC values, compared to PASL. 

Considering the overall mean and SD matrices, the mean (mean SD) 

values were 0.48 (0.16) and 0.57 (0.13) for PASL and pCASL, 

respectively. 
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Figure 5.3: Mean and SD matrices derived from PASL and pCASL data. The 
mean and SD matrices were computed across subjects for each sequence 
(PASL top and pCASL bottom). Increased connectivity values were found in the 
case of pCASL which also showed lower SD across subjects. 

5.5 Discussion 

This study investigated and quantified the main differences between PASL 

and pCASL sequences in a group of healthy subjects, in terms of both 

CBF maps and perfusion-based FC. ASL is a relatively new functional 

imaging modality which has been shown to provide a more direct measure 

of neural activity as compared to BOLD (Chen, Wang and Detre, 2011). 

Reproducible CBF measures have been reported in literature from ASL 

data, with results comparable to PET (Alsop et al., 2015). Besides its use 

for perfusion quantification, ASL has been shown to provide good 
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localisation results and reliable connectivity estimates in both task and 

resting-state data, given its more direct and quantifiable signal (Jann et al., 

2013). However, over the past year several ASL sequences, characterised 

by different tagging and readout methods, have been developed. It is 

therefore essential to assess if and how FC patterns change when using 

different ASL acquisition schemes. 

In terms of CBF, these findings were in line with previous studies 

comparing PASL and pCASL (Chen, Wang and Detre, 2011). A 

statistically significant difference between the CBF estimated with the two 

sequences (p-value < 0.05) was reported. In particular, higher values (in 

the range of those reported in literature for both GM and WM) were found 

for pCASL as compared to PASL, which tended to underestimate the CBF 

in GM. However, the GM-WM contrast ratios were similar to those 

reported in Dolui et al., 2017 (Dolui et al., 2017), thereby confirming that 

both sequences are able to estimate CBF with comparable contrast. 

In terms of RSNs and FC, both sequences were able to recover the main 

networks with correlation values above the reference cut-off (r >= 0.25). 

PCASL was able to recover the main networks with higher consistency 

with respect to BOLD, than PASL. In particular, some networks 

(frontoparietal left and right) were only recovered by the pCASL sequence. 

Regarding FC and ROI-to-ROI analysis, connectivity matrices showed 

increased mean connectivity and decreased within-group SD, when 

pCASL was used. The latter finding is important as it hints to the fact that 

FC measures from pCASL might be more stable across subjects, as 

expected in a healthy population. In addition, it can be noted that the FC 

patterns were consistent when PASL and pCASL were compared for a 

given subject (i.e. high correlation between sequences). However, single-

subject pCASL connectivity matrices generally showed increased values 

when compared to PASL, which was also confirmed by the increased 

mean connectivity across subjects. 



 180 

As a general limitation, it is important to emphasise the lack of an absolute 

ground truth of FC strength and patterns. This extends to the whole FC 

literature (Griffanti et al., 2015), as gold standard FC matrices are currently 

lacking and also simulating reasonable scenarios might be challenging, 

especially in the case of ASL. This makes it difficult to objectively compare 

different acquisition strategies. However, investigating how FC patterns 

are modulated by the ASL acquisition type is timely and important, as it 

can provide insights on how FC derived from ASL changes in relation to 

different data resolution and tagging properties of a given sequence used. 

I acknowledge that test-retest reliability is an important aspect to fully 

evaluate different acquisition techniques. This has been reported in the 

literature (Chen, Wang and Detre, 2011), but was out of the scope of this 

study, also given the nature of the data available. In addition to this, I 

acknowledge the preliminary stage of this work where only a limited 

sample size was analysed. Despite the limited sample size, I was able to 

demonstrate changes in both CBF and FC patterns with different ASL 

sequences. pCASL achieved more reliable results in terms of both CBF 

and FC estimations, while PASL tended to underestimate perfusion 

(despite showing a reasonable WM-GM contrast) and failed to recover 

some of the most common networks. In summary, this preliminary work 

supports the use of pCASL in clinical settings, as already highlighted in the 

literature and further shows promising results in terms of perfusion-based 

connectivity which can help underpinning the functional organisation of 

brain networks, using a more direct measure of neural activity. 

5.6 Conclusion and Impact 

In conclusion, this work shed light on the differences between PASL and 

pCASL sequences with the same 2D readout in terms of CBF computation 

and FC analyses. Besides adding information to the literature of ASL 

analysis, this work has an impact in terms of quantifying the performance 

of the pCASL sequence which has just been added to the UCLH PET/MR 
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scanner. With this work, I aim at quantitatively compare this new sequence 

with the existing one (PASL), not only in terms of CBF quantification, 

which can be useful in clinical settings to estimate perfusion in different 

neurological conditions, but also for perfusion-based FC analysis, which is 

a topic of interest in research. At the same time the performance of PASL 

was evaluated. This sequence, despite not being the recommended 

acquisition scheme by the consensus paper (Alsop et al., 2015), it is 

commercially available in most of the Siemens scanners and it often used 

in clinical settings. Therefore, this work can ultimately inform further clinical 

and research studies on UCLH PET/MR and similar scanners. 
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Chapter 6 Graph Network Analysis of 

Resting-state BOLD fMRI and ASL in 

Healthy Subjects and Temporal Lobe 

Epilepsy Patients 

Graph theory is a powerful framework to assess brain topology and 

organisation, which consists in modelling the brain as a complex network 

composed of nodes (brain areas) and edges (connections/coupling 

between brain regions). Functional coupling has been mainly estimated 

from blood-oxygen-level-dependent (BOLD)-based fMRI data, given its 

high availability and sensitivity. However, arterial spin labelling (ASL) has 

been recently proposed as a more direct measure of neural activity, given 

its high coupling with brain metabolism.  

The aim of this work was to: 1) compare graph theory metrics estimated 

from resting-state fMRI (rs-fMRI) and ASL in group of healthy controls and 

2) investigate topological brain changes in a group of temporal lobe 

epilepsy (TLE) patients using graph theory analysis, based on these two 

imaging modalities. 

This work highlights the feasibility of carrying out graph theory using ASL 

data which not only shows similar results as rs-fMRI, but also provides a 

quantification of brain metabolism in the form of cerebral blood flow (CBF). 

In addition, graph theory was found to be a powerful framework to 

combine different modalities and inform the mechanisms underlying 

neurological conditions, such as epilepsy. In this context, specific changes 

in clustering coefficient and modularity were reported, which reflect 

extensive brain rearrangement, beyond the epileptogenic area. 
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6.1 What is Graph Theory? Definition and 
Common Metrics 

This section provides an overview of graph theory, highlighting the most 

commonly used metrics to quantify brain topology. 

Graph theory is the mathematical basis of network science. Over the past 

years, it has been widely applied to understand the brain’s organisation, 

topology and dynamics (Medaglia, 2017). In this framework, the brain is 

modelled as a large complex network composed of nodes (brain areas) 

and edges (coupling between brain regions). In general, a node of a 

graphical model is a part of the system which is independent from other 

parts and internally homogeneous (Bullmore and Bassett, 2011). Nodes in 

a brain network can be represented as (sub)cortical brain areas, extracted 

from functional/structural parcellations, as large scale resting-state 

networks (RSNs) or as functional magnetic resonance imaging (fMRI) 

voxel time series. Edges represent the association between each pair of 

nodes. They can be anatomical links, usually estimated from diffusion 

tractography imaging and covariance analysis, or functional connections 

(i.e. statistical associations), often derived from fMRI or 

electroencephalogram (EEG) (Bullmore and Bassett, 2011; Caciagli et al., 

2019). For the purpose of illustrating the theory of networks, I will focus on 

functional brain graphs, those derived from fMRI data only. 

To construct a brain graph, pre-processed fMRI data are used to compute 

average time series for each node. The association between each pair of 

nodes is then estimated by means of correlation, coherence or other 

measures of time series coupling. This leads to the creation of an 

adjacency matrix (Aij), whose entries are the weight (statistic) of the 

coupling (edges) between each pair of nodes (brain areas), i and j 

(Medaglia, 2017) (Figure 6.1). 
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Figure 6.1: Summary of graph theory framework. To carry out graph analysis, 
fMRI data are initially pre-processed and used to extract average time series from 
brain nodes, usually derived from a brain parcellation. These average time series 
are used to construct an adjacency matrix which encodes the brain graph and 
from which graph metrics are extracted and used to quantify brain topology. This 
figure is adapted from Bullmore et al., 2011 (Bullmore and Bassett, 2011). 

The edges of a graph can be binary (1: nodes connected; 0: nodes not 

connected) or weighted (a range of statistical values representing the level 

of coupling) (Medaglia, 2017). In addition, a graph can be undirected when 

the association between two regions is bidirectional, or directed when the 

strength of the association depends on the direction of the connection 

(Medaglia, 2017). The calculated adjacency matrix can then be 

thresholded to retain only the most highly weighted connections by cut off 

at an absolute value or by percentage of the max statistic of all the 

connections (proportional thresholding, PT) (Figure 6.2). This allows to 

obtain sparser matrices (e.g. lower connections) at the cost of possibly 

modifying the graph topology, by arbitrarily setting a given number of 

edges to zero. Alternatively, the matrix can be considered as weighted, 

with no threshold applied (fully connected weighted graph). This approach 

is believed to better reflect the underlying biological information, by 

keeping all the connections, weighted by their edge value (Figure 6.2). 

Once the adjacency matrix is defined, an array of theoretical tools and 

measures are available to be used to study the brain’s topology and 

organisation. 
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Figure 6.2: Summary of common approaches for graph thresholding. The initial 
adjacency matrix can be proportional thresholded (top). With this approach a 
given percentage of the highest connections is retained (10%, 20% and 30% in 
this case) by setting them to 1 (whilst all the others are set to 0). Absolute 
thresholding is another thresholding method (middle), which consists in choosing 
a value (0.7, 0.6 or 0.5 in this case) and retaining all the connections above this 
value (by setting them to 1, while those below the cut-off value are set to 0). Of 
note, for both proportional and absolute thresholding one can retain the actual 
edge values, rather than binarising the thresholded matrix (the edges not 
considered are always set to 0). An alternative method (bottom) involves 
retaining the matrix as it is, without modifying its topology by the use of 
thresholds (fully connected weighted graphs). 

Graph organisation can be analysed at different scales: microscales 

(organisation of nodes and edges), mesoscale (arrangement of nodes into 

communities or modules) and macroscale (global network organisation) 

(Medaglia, 2017). Figure 6.3 reports a graphical representation of the most 

common measures at each graph scale. Examples of microscale 

measures include: 

• Degree: number of edges connected to a node. It quantifies how 

connected a region is to the rest of the network. 
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• Clustering coefficient: measure of local connectivity. It quantifies 

how close neighbours are to be a completely connected graph. 

• Local efficiency: connectedness of edges within neighbours of a 

node. 

• Betweenness centrality: fraction of the shortest paths in a network 

that contain a given node. It identifies nodes located on the most 

travelled paths. 

At the mesoscale, the graph is characterised by modules or communities 

(often related to specialised functional components) defined as clusters of 

nodes with high intra-module connectivity and relatively low inter-module 

connectivity (Bullmore and Bassett, 2011; Sporns and Betzel, 2016). 

Mesoscale organisation can be summarised by using the average of 

measures at the nodal level. Some examples include (Medaglia, 2017): 

• Characteristic path length: average short path between all nodes in 

the graph. 

• Global efficiency: inverse of path length relating to the efficiency of 

information spread across the graph 

At the macroscale, global network topologies include (van den Heuvel and 

Hulshoff Pol, 2010; Medaglia, 2017):  

• Lattice (or regular) network: characterised by high clustering 

coefficient and path length. A large number of steps are required to 

travel across the network. 

• Random network: characterised by low clustering coefficient and 

path length. It lacks modular organisation even if the random 

connections guarantee an overall short path length. 

• Small-world network: characterised by high clustering coefficient 

and low path length. This configuration is in between the lattice and 

the random one. Previous studies have shown that the human brain 

is arranged following an efficient small-world configuration with high 

level of local connectedness, but short path length. 
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Figure 6.3: Schematic representation of graph metrics at different network’s 
scale. Each circle represents a node in the graph and each line the edge 
connecting nodes together. At the microscale (left), graph metrics are defined at 
the nodal level, where the node of interest is shown in red. Examples of metrics 
at this scale include: node degree, clustering coefficient, local efficiency and 
betweenness centrality. At the mesoscale (middle), the graph is defined as 
modular when the nodes can be grouped in terms of communities which show 
high intra connectivity and low inter (between modules) connectivity. At the 
macroscale (right), the graph is analysed in terms of its global structure and 
characterised by metrics averaged across the whole network. Typical global 
graph topologies include: lattice networks characterised by high clustering 
coefficient and long path length; small-world networks showing high clustering 
coefficient and short path length; random networks with low clustering coefficient 
and path length. 

Model-based brain networks can be compared against random networks, 

to assess the non-randomness of some network’s properties, or between 

two populations (e.g. healthy subjects and patients). To compare brain 

graphs, two main rules need to be observed: the graphs need to have the 

same number of 1) nodes and 2) edges. In addition, non-parametric 

techniques are recommended for these comparisons, given the unknown 

distribution of topological metrics and the generally low sample sizes of 

these neurological studies (Bullmore and Bassett, 2011). 

An important aspect of graph theory and its application to neuroscience 

lies in the clinical meaning of these measures. The specific relevance and 

biological significance of these topological metrics is still debated, together 

with the understanding of how these metrics are related to cognition 

(Medaglia, 2017). However, it is clear that the organisation of the brain is 
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modulated by many factors including behaviour, cognition, genetics and 

that it is inherently dynamic (Bassett and Bullmore, 2009; Bullmore and 

Bassett, 2011). Graph theory has been applied to several clinical 

syndromes (schizophrenia, Alzheimer’s disease, multiple sclerosis and 

epilepsy) and has allowed the identification of specific abnormal network 

organisation, quantified by graph metrics. These results are promising and 

highlight the possibility of connecting fMRI imaging graph analysis to 

clinical practice (Bullmore and Bassett, 2011). 

6.2 Introduction 

Functional connectivity (FC) refers to the temporal dependency of neural 

activation patterns of anatomically separate regions which are considered 

to reflect the overall brain organisation (van den Heuvel and Hulshoff Pol, 

2010). Most previous studies assessed FC in the form of co-activation of 

blood-oxygen-level-dependent (BOLD) fMRI time series, while the subject 

was resting in the scanner (resting-state fMRI [rs-fMRI]). This choice was 

motivated by the high availability, simplicity, high temporal resolution and 

good sensitivity of the rs-fMRI data (Liang, Connelly and Calamante, 2014; 

Medaglia, 2017; Boscolo Galazzo et al., 2019). However, the BOLD signal 

represents only an indirect measure of neural activity, reflecting a 

combination of blood oxygenation, cerebral blood volume (CBV), cerebral 

blood flow (CBF) and metabolic rate oxygen consumption. In addition, the 

spatial specificity of the BOLD signal to the area of neural activity is 

confounded by several physiological and noise contributions, including 

possible draining vein contamination (Liang, Connelly and Calamante, 

2014). To avoid these limitations, arterial spin labelling (ASL) has been 

proposed as a promising technique for FC analyses (Boscolo Galazzo et 

al., 2019). This non-invasive MRI technique relies on magnetically labelled 

arterial blood (ref. Chapter 2.3.1) as an endogenous tracer to provide 

quantitative maps of CBF (mL/100g/min), a surrogate for brain metabolism 

(Liang et al., 2013). In addition, over the past few years, ASL has been 
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used in FC studies with the aim of providing more localised results, given 

its high coupling with brain metabolism and its ability to quantify the level 

of activity of each brain region in the form of CBF (Jann et al., 2013).  

FC can be assessed using seed-based analysis and independent 

component analysis (ICA) (ref. Chapter 2.2.4). The former is a statistical 

model-based method and it consists in extracting the time series from one 

region of interest ([ROI], “seed”) and computing its correlation with all other 

regions in the brain. Despite being easy to implement and interpret, this 

method relies on a simplification of brain connectivity and it is highly 

dependent on the choice of the ROI (location and size), thereby preventing 

whole brain FC analyses. ICA, on the other hand, is a data-driven method 

that considers all the voxels at the same time and separates the data into 

distinct networks (that are maximally independent and correlated over 

time), by using multivariate statistical analysis (Fox and Greicius, 2010; 

Engel et al., 2013). Even though ICA is less prone to artefacts and does 

not dependent on a predefined ROI, it is based on an iterative optimisation 

which leads to variations in the obtained results even when using the 

same dataset and it might require the manual classification of the 

identified networks. 

A completely different and relatively new method with respect to brain 

imaging which can overcome these limitations and quantify different 

aspects of FC across the brain is graph theory (Caciagli et al., 2019). This 

is a powerful framework to assess brain topology and organisation which 

consists in modelling the brain as a complex network composed of nodes 

(brain areas) and edges (connections/coupling between brain regions) 

(Bullmore and Bassett, 2011). In this way, FC is assessed across the 

whole brain (all ROIs or functional networks), rather than at the level of a 

single ROI (seed-based analysis), by computing the coupling between 

every pair of nodes. This coupling is encoded in an adjacency matrix from 

which graph measures can be extracted, providing answers to different 

aspects of brain organisation. Some of the most common metrics include: 

degree, clustering coefficient, centrality and modularity. The degree 
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quantifies the total number of connections of a node and it helps 

distinguishing higher degree nodes which might play a different role in the 

network’s flow of information. The clustering coefficient reflects the extent 

of connectedness of nodes in a network. Centrality helps determining 

whether a particular node has a central role in the propagation of 

information across the network. Finally, modularity refers to the property of 

communities/segments of a network, which show high intra connectivitiy 

and low inter connectivity. In this context the Q value represents a global 

measure of how segregated the network is (Medaglia, 2017).  

When carrying out graph analysis, there are some methodological choices 

that have to be considered (Hallquist and Hillary, 2019). The first involves 

the statistical association between nodal time series (to construct the 

adjacency matrix) (Bullmore and Bassett, 2011). Many measures of 

association can be used such as correlation, partial correlation and 

coherence. These are sensitive to different aspects of the coupling for 

example correlations (e.g. linear interactions) or coherence (e.g. 

associations in a specific frequency interval). The second main choice 

involves defining the adjacency matrix from which graph metrics will be 

estimated. This often entails a) setting a threshold to the statistical metric 

used to define the connections between the nodes and only retaining the 

connections above this value (absolute thresholding) or b) considering a 

given percentage of the edges with highest values (PT). This allows to 

remove spurious connections and to obtain sparse connectivity matrices. 

However, this choice has a strong influence on the topology of the graph 

and, consequently on the estimated measures (van den Heuvel et al., 

2017). Some groups have used graph analyses at different graph 

densities, rather than using a unique threshold (Alexander-Bloch et al., 

2012; Braun et al., 2012; Pedersen et al., 2015). In this way, one can 

appreciate how the derived graph metrics vary between sparser (less 

connections) and denser (more connections) graphs. A different approach 

involves not using any threshold at all and estimating the graph metrics 

from a fully connected, but weighted graph. Following this approach, the 
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graph topology is not affected by any arbitrary threshold and all the edges 

(weighted according to their value) contribute to the estimation of graph 

metrics (Bassett and Bullmore, 2017; van den Heuvel et al., 2017). In this 

way, the whole neurobiological information encoded in the graphs is 

included (Bassett and Bullmore, 2017). 

Overall, graph analysis is a highly generalisable framework, which allows 

the integration and comparison of results across any network scale and 

imaging modality (structural and functional), by relying on common metrics 

rather than modality/scale specific measures (Bullmore and Bassett, 

2011). Given these advantages and the ability of estimating perfusion-

based connectivity from ASL data, a few studies have applied graph 

analysis to this modality. Liang et al., 2013, (Liang et al., 2013) 

investigated the relationship between functional network hubs and CBF in 

a group of healthy controls (HC). They used BOLD fMRI to derive 

networks hubs (nodes that have a higher number of edges) and ASL data 

to obtain corresponding CBF measures. They reported a strong correlation 

between functional brain hubs (identified in the default mode network 

[DMN], insula and visual cortex) and CBF. This relation was also 

modulated by the task load (in the case of an N-back paradigm). This work 

was followed by Liang et al., 2014 (Liang, Connelly and Calamante, 2014) 

who then investigated the relation between graph metrics and CBF in a 

group of healthy subjects. They were able to demonstrate that ASL can 

reliably map the brain connectome and identify its small world properties. 

In addition, they found specific correlations between graph metrics and 

CBF, thereby highlighting the advantages of ASL in being able to provide 

not only network estimates, but also associated measures of blood flow. In 

addition to these studies, Storti et al., 2018, (Storti et al., 2018) 

investigated a dual-echo ASL technique that allows the simultaneous 

acquisitions of ASL and BOLD fMRI data (the image acquired at the 

first/second echo is perfusion/BOLD weighted). They compared these data 

with the conventional BOLD fMRI sequence and were able to show that 

the new acquisition scheme provided similar results in terms of detecting 
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activated brain regions and of FC. They also emphasised the ability of 

perfusion measures from ASL to improve localisation of neural activity, 

together with providing measures of blood flow modulation in each brain 

area. However, to the best of our knowledge, no previous works explicitly 

investigated the relationship between graph metrics estimated from rs-

fMRI and ASL data, using more conventional acquisitions which are widely 

available in clinical settings. By taking advantage of the generalisability of 

graph theory, one can investigate whether ASL is able to accurately 

estimate graph metrics and if these are comparable with rs-fMRI ones. 

This is a timely question, given the advances in ASL data acquisition and 

analysis and previous efforts in investigating RSNs and FC based on 

perfusion (Viviani, Messina and Walter, 2011; Jann et al., 2015). Graph 

theory represents the next application where ASL data can provide 

additional, more quantitative information. 

Complex network theory is particularly attractive for disease investigation, 

where brain organisation and topology are affected as a result of a 

pathology (Bullmore and Bassett, 2011). In this context, epilepsy 

represents an example where the graph theory framework can be applied 

to better understand brain changes that are due to or support seizure 

generation. Epilepsy is a neurological condition characterised by recurrent 

and spontaneous seizures. About 30% of patients, do not respond to anti-

epileptic drugs (AEDs) (refractory epilepsies) and the majority of them 

have temporal lobe epilepsy (TLE) (Boscolo Galazzo et al., 2019). These 

patients undergo a more specific assessment involving the acquisition of 

several imaging modalities to better delineate the epileptogenic area 

(focus) and possibly plan the resection of this region to achieve seizure 

freedom. Over the past year, there has been a shift from localisation of the 

focus (i.e. where the seizures originates) to connectivity (i.e. identify the 

relation of the focus with the rest of the brain), thereby classifying epilepsy 

as a “network disorder” (Bernhardt, Bonilha and Gross, 2015; Boscolo 

Galazzo et al., 2019). To this end, several disrupted networks were 

identified in TLE using both BOLD fMRI and ASL based FC. In the former 
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case, altered connectivity was found involving the epileptogenic network 

(temporal and mesial temporal structures) together with RSNs, such as the 

DMN, attention and sensory processing network (Bernhardt, Bonilha and 

Gross, 2015; Boscolo Galazzo et al., 2019). ASL has been traditionally 

used to identify areas of inter-ictal hypo-perfusion and ictal hyper-

perfusion, related to the epileptogenic areas, by computing quantitative 

CBF maps. In terms of perfusion-based FC, the areas affected in TLE 

were reported to be related to the temporal, visual, sensory and motor 

networks, together with DMN and cerebellum (Boscolo Galazzo et al., 

2019). Graph analysis can further deepen the understanding of this 

“network disorder”, by quantifying changes in brain topology and 

organisation. In addition, different imaging modalities can be combined 

under this framework to assess different aspects of FC in epilepsy. To the 

best of our knowledge, no previous works applied graph analysis based on 

simultaneous rs-fMRI and ASL data, in TLE patients. 

The aim of this work was, therefore twofold: 1) to test two methods of 

graph construction (PT and fully connected weighted graphs), using rs-

fMRI and ASL data, in a group of HC; 2) to use the graph theory 

framework to assess changes in brain topology, based on BOLD and 

perfusion signals, in a group of TLE patients. To this end, I hypothesised 

that rs-fMRI and ASL can provide complimentary information useful to 

better understand brain changes, resulting from this neurological 

condition. 

6.3 Literature Review 

There are three main studies that have investigating the used of graph 

theory applied to BOLD fMRI and ASL data. 

Liang et al., 2013 (Liang et al., 2013) investigated whether FC metrics 

derived from BOLD fMRI were correlated to regional CBF as measure by 

ASL (physiological measure), in resting-state human brain and if the 
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relation between the FC metrics and regional CBF was modulated by 

cognitive task load. To do this, they enrolled 48 healthy subjects who 

underwent resting-state BOLD fMRI and ASL. 39 of the participants also 

underwent a N-back working-memory task, while both BOLD and ASL 

data were acquired. The authors then used the BOLD data to identify 

functional hubs (regions with number of connections) and the ASL data to 

compute regional CBF (surrogate measure of metabolism). A strong 

correlation was found between those areas identified as functional brain 

hubs; DMN, insula and visual cortices and CBF in those regions. In 

addition, regional CBF correlated stronger with FC strength for long-range 

connectivity than short-range one, the authors suggest that this supports 

the idea that different metabolic demands are required to facilitate different 

neural processes. Furthermore, they showed that the relationship between 

FC strength and CBF was strengthened with increased task load. Task 

induced changes in FC strength and CBF in the inferior parietal lobe were 

also related to individual task performance. In conclusion, the authors 

emphasised the tight coupling between brain functional topology and 

blood supply during both resting-state and task. 

Liang et al., 2014 (Liang, Connelly and Calamante, 2014) investigated the 

mapping of resting-state blood flow network using ASL data and 

characterised the corresponding graph metrics and their relation to CBF. 

In this study they considered 10 normal subjects who underwent an ASL 

protocol for CBF and connectivity estimation. The authors reported a 

positive correlation between CBF and graph metrics such as degree, 

centrality and vulnerability; while negative correlation was found in the 

case of characteristic path length. They were able to investigate the small 

network properties of the CBF-based network using ASL data, thereby 

confirming that this imaging modality can be used to map the brain 

connectome. In particular, the authors found similar hubs using ASL as 

those reported in the literature for BOLD. However, the mapping between 

the findings from these two imaging modalities was not one-to-one, 

thereby highlighting differences in the underlying mechanisms of the ASL 
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and BOLD fMRI signal. ASL allows to derive perfusion-based network 

metrics together with the estimation of corresponding CBF, which can be 

used as a surrogate measure of network metabolic demand. 

Another relevant study by Storti et al., 2018 (Storti et al., 2018) 

investigated the use of a dual-echo ASL scheme to simultaneously acquire 

ASL and BOLD fMRI data. In particular, they aimed to assess the 

sensitivity of the dual-echo sequence compared to conventional BOLD 

data, at rest and during a motor-imagery task. 13 healthy volunteers were 

scanned with both acquisitions and conditions. The authors reported 

comparable sensitivity and specificity in terms of brain activations, 

between conventional BOLD and BOLD from the dual-echo ASL scheme. 

They suggested that the dual-echo ASL scheme is a reliable approach for 

FC studies. Regarding ASL data, the authors emphasised its reliability in 

terms of focal localisation of neural activity together with providing direct 

measures of within areas flow modulations. FC estimates could be derived 

from ASL data with comparable modular organisation and connectivity 

patters to the other sequences, in all conditions. In conclusion, this work 

demonstrated the feasibility of dual-echo ASL for functional studies, 

allowing to obtain BOLD and ASL data within a unique sequence. 

In conclusion, previous studies started to combine BOLD-based fMRI and 

ASL under the graph theory framework, with particular emphasis to the 

small world properties of the network, the relation of graph metrics with 

metabolism and novel acquisition methods. This work further investigated 

these aspects of graph theory applied to BOLD fMRI and ASL by: 1) 

assessing the methodological issue of graph construction (PT and fully 

connected weighted graphs) and 2) considering a group of patients (TLE) 

which allowed investigating aberrant network topology highlighted from 

both rs-fMRI and ASL data. 
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6.4 Methods 

6.4.1 Population 

Rs-fMRI and ASL data were collected on fifteen HC (9 males, 40 ± 11 y) 

and on nineteen TLE patients (12 M, 41 ± 14 y), as part of a larger 

neuroimaging study approved by the London – Stanmore Research Ethics 

Committee (see Appendix B.1 for a summary of datasets). Of the nineteen 

TLE patients, 9 had the epileptogenic area lateralised to the left 

hemisphere (LTLE, 6 M, 38 ± 14.5) and 10 to the right hemisphere (RTLE, 

6 M, 43 ± 14). Patient grouping was determined by a consultant in the 

group who was in charge of patient recruitment and assessment. Clinical 

diagnosis was based on concordant MRI, EEG and clinical features. Of 

note, patient groups were well matched in terms of seizure duration 20 ± 

12.6 (LTLE), 20 ± 14.8 (RTLE) and overall seizure frequency 20 ± 30 

(LTLE), 16 ± 17 (RTLE) (see Appendix D.1 for full patients’ 

demographics). Written informed consent was obtained for each 

participant involved in this study. 

6.4.2 Image Acquisition 

Both rs-fMRI and ASL were acquired during a unique session on a 3 T 

Siemens mMR Biograph (Siemens, Erlangen, Germany) PET/MRI scanner 

equipped with a 16-channel head and neck coil. During this acquisition, 

the subjects were instructed to stay still and relaxed, and to close their 

eyes without falling asleep.  

Rs-fMRI data were acquired using a 2D-echo-planar imaging (EPI) 

sequence with the following parameters: TR/TE = 2020/30 ms, flip angle = 

70°, voxel size = 3 x 3 x 4 mm3, 36 slices, 260 volumes. 

ASL data (PASL) were acquired using the Siemens’ PICORE (proximal 

inversion with a control for off-resonance effects) sequence with Q2TIPS 

(QUIPSS II with Thin-slice TI1 Periodic Saturation) and 2D-EPI readout 
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[voxel size = 3.6 x 3.6 x 5 mm3; gap = 1 mm; 19 partitions; TI1/TIs/TI2 = 

800/1200/1800 ms; TR/TE = 2860/17 ms]. 200 Control/Label volumes, 

plus a calibration scan (M0) with long TR were acquired (total scanning 

time: 9’ 39”).  

High resolution 3D T1-weighted (T1w) anatomical images were also 

acquired, using an MPRAGE sequence: TR/TE = 2000/2.92 ms, voxel size 

= 1.1 x 1.1 x 1.1 mm3, 208 sagittal slices. 

6.4.3 Data Pre-processing 

Rs-fMRI data were pre-processed using DPARSFA 

(http://rfmri.org/DPARSF) software, based on SPM12 

(https://www.fil.ion.ucl.ac.uk/spm/software/spm12/). The following steps 

were carried out: realignment, slice timing correction, brain extraction 

(BET), regression of 36 parameters (6 motion, white matter [WM], cerebral 

spinal fluid [CSF], global signal [GS] and their squares, derivatives and 

square of derivatives), smoothing by 5 mm full width half maximum 

(FWHM) kernel, co-registration to structural space and normalisation to 

standard 2-mm Montreal Neurological Institute (MNI) space (using the 

default software’s parameters). Of note, this pipeline was developed and 

adopted in the UPenn Lab where this work was carried out, especially for 

dynamic FC studies. I acknowledge that this pre-processing pipeline was 

not included in the comparison reported in Chapter 4, which was carried 

before the work of this Chapter. 

ASL data were pre-processed using MELODIC in FSL 5.0.9 following the 

pipeline described in Boscolo Galazzo et al., 2019 (Boscolo Galazzo et al., 

2019). Initial realignment of the ASL volumes was carried out with respect 

to the first volume (M0), followed by brain extraction (BET) and smoothing 

by 6 mm FWHM kernel. ICA was then carried out (with automatic 

dimensionality reduction) to decompose each subject’s data into 

independent components (ICs) of noise and signal of interest. Each IC 

was visually inspected and classified, by an expert, in order to identify 
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those ICs corresponding to artefactual processes in the data (Griffanti et 

al., 2017). The manual classification of a component was performed 

following well-established criteria in the literature (ref. Chapter 2.2.1). In 

particular, each IC was evaluated in terms of its spatial map, time series 

and power spectral density (Griffanti et al., 2017). The IC maps were 

classified as signal of interest if they showed clear grey matter (GM) 

clusters, had low frequency power spectra (< 0.1 Hz) and had similar 

patters to those reported in the literature. Of note, the baseline perfusion 

signal, displaying the characteristic zig-zag pattern (frequency range 

1/2TR, see Appendix D.2 for examples of this pattern) was kept despite 

being above 0.1 Hz. The noise ICs were regressed out from the pre-

processed data. The clean data was then registered to standard 2-mm 

MNI space, using the combined transformation of ASL-to-T1 (Boundary-

Based Registration) and T1-to-standard space (FLIRT, 12 degrees of 

freedom [DoF]). This pre-processing pipeline, based on ICA, broadly 

differs from the one adopted in Chapter 5, based on regression of motion 

parameters. It was carried out to extensively clean the ASL data from 

noisy components, in view of graph theory analysis.  
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6.4.4 Adjacency Matrix Construction 

Figure 6.4 reports a summary of the methodology adopted in this study. 

 

Figure 6.4: Flow chart summarising the analyses implemented in this study. After 
data acquisition and pre-processing, coherence matrices were constructed for 
both modalities (rs-fMRI and ASL) and groups (HC and TLE). Graph metrics were 
then computed at the global and system levels, together with correlating graph 
metrics with CBF values. 

Average time series were extracted from the pre-processed data, 

separately for each subject and modality, using the Schaefer functional 

atlas comprising 7 networks/systems and 200 ROIs (Schaefer et al., 

2018). These ROIs could be grouped into functional systems including: 

visual (Vis), somatomotor (SM), dorsal attention (DA), salience-ventral 

attention (VenAtt), limbic (Limb), control (Cont) and DMN. In addition to 

these cortical regions, twelve subcortical areas from the Harvard-Oxford 

atlas (http://neuro.imm.dtu.dk/wiki/Harvard-Oxford_Atlas, thr = 25) were 

considered, including: L/R putamen, L/R hippocampus, L/R amygdala, L/R 

caudate, L/R thalamus, L/R pallidum. These ROIs could be grouped under 

a unique system, referred to as SubCort. Of note, in the case of ASL data 

the entire time series were considered, rather than estimating connectivity 

on the difference images (Storti et al., 2018). 

For each subject and modality, the wavelet coherence was computed 

between each pair of time series and averaged in the frequency range 
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0.01-0.17 Hz, leading the final adjacency matrix. This frequency range 

was considered for both rs-fMRI and ASL data, therefore allowing to 

obtain comparable graph theory analyses results between the two 

modalities. This choice was mainly motivated by the perfusion component 

of the ASL, which is known to be present at frequencies 1/(2*TR) (Chuang 

et al., 2008) (0.17 Hz in this case), which would have been discarded if the 

standard resting-state frequency range 0.01-0.1 Hz was considered. On 

the other hand, there have been studies reporting the existence of signal 

of interest in resting-state BOLD fMRI data at frequencies above 0.1 Hz 

(Chen and Glover, 2015). Each matrix was finally intensity normalised by 

the mean connectivity value. 

6.4.5 Graph Analysis 

6.4.5.1 Connectivity Matrices: Thresholded and Fully 
Connected Weighted Graphs 

PT is a commonly used method to remove unwanted low connections, 

which might be related to artefacts, before estimating graph theory 

measures. The strongest 5% of connections were retained in each 

adjacency matrix, setting all the surviving connections to 1 and all the 

others to 0. This process was repeated considering 10%, 15%, 20%, 25%, 

30%, 35%, 40%, 45%, 50% of the strongest connections, thereby 

obtaining ten adjacency matrices for each subject and modality (Pedersen 

et al., 2015; van den Heuvel et al., 2017). Of note, the PT and binarisation 

method will be referred to as “thresholding method/thresholded graphs” in 

the rest of this work. The absolute thresholding method (i.e. retaining only 

the connections above a specific value) was not investigated in this work. 

This choice was motivated by the fact that this approach might lead to 

different number of network edges across datasets and it therefore less 

suitable for control-patient studies (van den Heuvel et al., 2017). 

An alternative approach to thresholding, involves considering the matrix as 

a whole (fully connected weighted graph), without applying any threshold 
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or binarisation (Bassett et al., 2011; Bullmore and Bassett, 2011). This 

matrix reflects the whole range of connectivity values as it is not influenced 

by any arbitrary threshold which affects graph topology. For this approach, 

the intensity normalised graphs were retained for further analysis. 

6.4.5.2 Graph Metrics 

Several graph metrics have been developed across the years which 

address different aspects of graph architecture and organisation at 

different scales. Given the relative novelty of this work, investigating graph 

theory applied to ASL data, the most commonly used measures were 

considered (Alexander-Bloch et al., 2010; Lynall et al., 2010; Braun et al., 

2012). These include the degree, clustering coefficient, transitivity, 

efficiency (local and global), betweenness centrality, Q value and strength 

which were computed using the Brain Connectivity Toolbox (BCT) 

(https://sites.google.com/site/bctnet/Home/help). In particular, specific 

functions for binarised undirected graphs were considered when looking at 

thresholded graphs, while corresponding functions for weighted undirected 

graphs were used for fully connected weighted graphs. 

Degree. Degree !" of a node equals the number of edges connecting the 

#th node to the rest of the network (Lynall et al., 2010): 

!" = 	&'",)
"

	 

Where ' is the adjacency matrix, binarised by setting all the non-zero 

connections to 1. 

Clustering Coefficient. The clustering coefficient *" is a measure of the 

local connectedness of a node. It measures the proportion of how many 

nearest neighbours of node # are connected to each other. In a binary 

undirected graph it can be defined as (Braun et al., 2012): 

*" = 	
2,

(!"(!" − 1))
 



 202 

Where !" denotes the degree of node # and , is the number of 

connections existing between these neighbouring nodes. In a weighted 

undirected graph, the clustering coefficient becomes the average intensity 

(geometric mean) of all triangles associated with a given node. In this 

work, it is was considered at both the global level (averaged across 

subjects for each node) and at the system level (grouped according to 

brain functional systems). In the latter case, when thresholded graphs 

were used the clustering coefficient values of a given threshold were 

normalised by the mean clustering coefficient of that threshold. 

Transitivity. A relation is transitive if, whenever the graph contains an edge 

(x,y) and an edge (y,z) it also contains the edge (x,z). Transitivity is thus a 

measure of the extent to which the network is organised into highly 

connected clusters and it is defined as the ratio of triangles to triplets in 

the network. It is therefore a measure highly related to the clustering 

coefficient and often defined as “global clustering” (leading to one value 

per graph) (Weber et al., 2013). 

Efficiency. Efficiency can be defined with respect to the overall graph 

(global efficiency) and at the level of each node (local efficiency). The 

former can be regarded as a measure of graph integration and it is 

computed as the average inverse shortest path length (leading to one 

value per graph). The latter is the efficiency of the local subgraph of a 

node # that only contains its direct neighbours. In a similar way as the 

clustering coefficient this measure assesses graph local connectedness 

(Braun et al., 2012). 

Betweenness Centrality. Betweenness centrality is defined as the number 

of shortest paths that pass through a given node, #. Nodes that have a 

high betweenness centrality value participate in a large number of shortest 

paths in the network (Medaglia, 2017).  

Q-value. Modularity indicates the property of the graph to be decomposed 

into smaller subsystems (Bullmore and Bassett, 2011). This property can 

be quantified by the index of modularity 1 which is defined as the 
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difference between the degree intra module connectivity of the network 

under investigation and that observed by chance (leading to one value per 

graph) (Fornito, Zalesky and Bullmore, 2017). In other words, Q is a global 

measure of how segregated the network is. Values of 1 are defined 

between [-1, 1] where positive values indicate that the network has higher 

intra module connectivity than chance; negative values mean that the 

network lacks modular structure; while a 1 of 0 indicates that the 

modularity of the network is the same as the one expected by chance 

(Fornito, Zalesky and Bullmore, 2017). 

Strength. The node strength is the sum of the weights of all the edges 

connected to the node. This measure was only computed in the case of 

the fully connected weighted graphs, as the thresholded ones were 

binarised leading to a constant weight of 1 for every existing connection. 

6.4.5.3 Statistical Analysis 

The graph metrics described above were averaged across subjects and 

nodes, to obtain global metrics representing overall network’s properties; 

or only averaged across subjects to obtain nodal measures for graph 

comparisons. 

In the case of thresholded graphs, the Functional Data Analysis (FDA) 

method (Bassett et al., 2012) was adopted to compare global metrics 

across thresholds, between modalities or groups. This statistical method 

treats the curves as functions (i.e. global measures across graph 

thresholds, 5% to 50% in steps of 1% to appropriately sample the curves) 

and adopts a statistical test (e.g. non-parametric permutation test, 10000 

permutations) to compare the two curves between groups/modalities. The 

p-value of the difference is calculated as the number of times the 

permuted area is higher than the reference one divided by the number of 

permutations (Bassett et al., 2012). 

A non-parametric permutation test (10000 permutations), corrected for 

multiple comparison using false discovery rate (FDR) correction, p-value < 
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0.05, was carried out in MATLAB to compare graph theory values at a 

given threshold (thresholded graphs) and in the case of fully connected 

weighted graph. In particular, mean graph metrics, averaged across 

subjects, were compared to detect differences between modalities in HC 

(i.e. rs-fMRI vs ASL), between groups for a given modality (i.e. HC vs 

LTLE; HC vs RTLE) and between groups in a given modality (i.e. L/R TLE 

rs-fMRI vs L/R TLE ASL). Of note, in the case of transitivity, global 

efficiency and 1 the values obtained per each subject were directly 

compared. 

6.4.5.4 Community Detection Analysis 

A community detection algorithm was run on the fully connected weighted 

graphs to identify representative modules for each modality and group 

under investigation. A module (or community) is generally characterised by 

high connectivity within the same community and lower connectivity across 

distinct communities (Fornito, Zalesky and Bullmore, 2017). A generalised 

Louvain algorithm was used by pooling all the subjects of a given group 

and modality in a “categorical multi-slice network” 

(http://netwiki.amath.unc.edu/GenLouvain/GenLouvain) which was run 100 

times (with 2 and 3 set to 1) to achieve a consensus across runs and 

subjects. In this way, an affiliation vector was obtained, encoding the 

subdivision in specific communities (each node’s value corresponds to the 

module it belongs to) for every modality (rs-fMRI and ASL) and every 

group (HC, L and R TLE). These affiliation vectors were displayed on brain 

surfaces, using the BrainNet Viewer toolbox 

(https://www.nitrc.org/projects/bnv/) to qualitatively assess the subdivision 

in communities of rs-fMRI vs ASL (HC) and HC vs L/R TLE patients (in rs-

fMRI and ASL).  

To quantify these subdivisions in modules, the following measures of 

similarity were computed between partitions of the two modalities within 

each group and between partitions of two groups (HC vs L/R TLE), within 

the same modality: the z-rand score of the Rand index, the Rand index, 
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the adjusted Rand index and the variation of information. The Rand index 

is a measure of similarity between the two partitions, corresponding to the 

fraction of node pairs identified in the same way by the two partitions. A 

Rand index of 0 (1) corresponds to no agreement (total similarity) between 

partitions. The adjusted version of the Rand index is corrected for chance. 

The variation of information is closely related to the mutual information and 

it quantifies the distance between two partitions. It is defined as the sum of 

the information needed to describe Partition1 given Partition2; and 

Partition2 given Partition1 and it varies between 0 (identical partitions) and 

log(N) = log(212) = 5.36 (when the communities are as far as possible) 

(Fornito, Zalesky and Bullmore, 2017). This analysis was run to investigate 

1) the degree of similarity between rs-fMRI and ASL modules in HC; and 

2) whether a dissociation between the rs-fMRI and ASL was presents in 

TLE patients (L and R). This would be represented by a lower z-rand 

score of similarity in TLE compared to HC when rs-fMRI and ASL 

community vectors are compared within each group.  

Finally, to quantify the community reassignment in TLE patients, I 

investigated which communities had node reassigned to a different 

module in TLE patients when compared to HC (considered as the 

reference partition). I hypothesised that this reassignment would involve 

specific areas known to be affected in TLE patients. I also predicted that 

these findings would differ between modalities highlighting their separate 

mechanisms and supporting their unique contribution in understanding the 

pathophysiology of TLE patients. 

6.4.6 CBF Computation 

CBF maps were computed from the cleaned ASL data at the subject level, 

in native space. To do this, the control-label difference images were 

calculated and CBF maps were estimated using the BASIL toolbox in FSL 

(ref. Chapter 5.3.3 for more details). These maps were finally registered to 

2-mm MNI standard space. This was achieved by combining the ASL-to-

T1 (Boundary-Based Registration) and T1-to-MNI (FLIRT, 12 DoF plus 
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FNIRT) transformations and applying it to the individual CBF images (ref. 

Chapter 5.3.3). Mean perfusion was estimated in the same cortical and 

subcortical areas considered for the graph analysis. Group averages were 

computed for each node by considering the mean value across subjects.  

The correlation between CBF values and graph metrics estimated from 

both rs-fMRI and ASL data was then computed in order to obtain the level 

of correlation (r-value) and the corresponding significance (p-value). A 

relatively high correlation was expected in the case of ASL-based graph 

metrics, given that both these measures and the CBF were derived from 

the same type of data (and underlying mechanisms). The correlation 

between CBF and rs-fMRI would instead reflect the interaction between 

two different mechanisms, namely brain perfusion (a surrogate measure of 

metabolism) and BOLD-based functional network properties. To assess 

the degree of coupling between CBF and graph metrics, in thresholded 

graphs, the CBF was correlated with the degree, clustering coefficient, 

betweenness centrality and local efficiency (at all 10 thresholds). In the 

case of the fully connected weighted graphs, the CBF was correlated with 

the strength, clustering coefficient and local efficiency. The degree and 

betweenness centrality were not considered in this case, as they reach 

extreme values in a fully connected weighted graph. 

6.5 Results 

6.5.1 Comparison of Graph Metrics in Healthy Controls 

6.5.1.1 Coherence Matrices 

Figure 6.5 reports the mean coherence matrices, averaged across HC, 

obtained from the rs-fMRI and ASL data. Higher coherence values were 

reported in ASL when compared to rs-fMRI. The two average matrices 

were highly correlated, r = 0.56.  
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Figure 6.5: Mean coherence matrices obtained from rs-fMRI and ASL data in HC 
(averaged across subjects). 

6.5.1.2 Thresholded Graphs 

Rs-fMRI and ASL data reported similar results for all global graph metrics 

(averaged across subjects and nodes) with the exception of the clustering 

coefficient. Figure 6.6 reports the change of each measure across 

thresholds. The global degree was omitted from Figure 6.6, since a linear 

increase of this measure was found with the same values in rs-fMRI and 

ASL. This was expected as the average node value across the whole 

network was considered for a given threshold which is determined by the 

percentage of the retained nodes and it is the same for the two modalities 

(at a given threshold). As expected, the clustering coefficient and global 

efficiency increase with the number of connections in the graph; while 

betweenness centrality and Q value decrease as more connections are 

included in the network. 
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Figure 6.6: Change of graph measures for rs-fMRI and ASL, as a function of 
graph thresholds, in HC. Mean (solid line) and standard deviation ([SD] shading 
area) are plotted for each measure, across thresholds in the case of rs-fMRI (red) 
and ASL (blue). Increasing thresholds were considered starting from 5% of the 
highest connection values to 50%, in steps of 5%. 

FDA was used to compare the curves of each metrics across thresholds. 

The clustering coefficient was the only measure which showed a 

statistically significant difference between rs-fMRI and ASL data (Figure 

6.7). 
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Figure 6.7: Differences in clustering coefficient between rs-fMRI and ASL in HC. 
FDA can be used to test for group differences in graph metrics curves as a 
function of graph density. (A) The area between the two curves was computed, 
referred to as area “A”. (B) The points belonging to each curve were permuted 
leading to a new area for each permutation. A distribution of permutation areas 
was thus obtained. The reference area, “A” was compared to the permuted 
areas. The area between the two curves was found to be significantly larger than 
expected by the null distribution (p ~ 1 x 10-4). 

To further investigate this finding, a similar analysis was carried out on the 

transitivity and the local efficiency measures. These graph metrics are 

related to the clustering coefficient, hence I was interested in investigating 

for which of these three measures, differences between rs-fMRI and ASL 

were found (i.e. sensitivity analysis). Figure 6.8 reports the curves for each 

graph metric, across thresholds and the corresponding permutation 

distribution together with the reference area. It was found that transitivity 

was also statistically significant between the two modalities (p ~ 0.0014) 

while this was not the case for local efficiency (p ~ 0.61). 

A = 6.8
p ~ 1x10-4

Area Between 
Curves
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Figure 6.8: Differences in transitivity and local efficiency between rs-fMRI and 
ASL in HC. (A) The curves of transitivity (top) and local efficiency (bottom) are 
reported for rs-fMRI (red) and ASL (blue) across graph thresholds. (B) The 
corresponding permutation distributions are shown for each metric. The 
difference between rs-fMRI and ASL was statistically significant in the case of 
transitivity (p ~ 0.0014), but not in the case of local efficiency (p ~ 0.61). 

Having detected these global differences in clustering coefficient and 

transitivity I was interested in investigating which brain areas were driving 

this effect. To achieve this, the clustering coefficient was computed in 

every functional brain system (averaged across subjects). Figure 6.9 

reports the clustering coefficient values for every system at the thresholds 

5% to 30% (thr = 35% to 50% are reported in Appendix D.3). Increased 

clustering coefficient was generally found with ASL data when compared 

to rs-fMRI. Significant differences (p-value < 0.05) were found in the Limb 

system (thr = 5%, 15% to 30%) and SubCort system and DMN (thr = 5%). 

A = 5.59
p ~ 0.0014

A = 3.98
p ~ 0.61

A B
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Figure 6.9: Clustering coefficient for every functional system, averaged across 
subjects. Increased clustering coefficient was reported when ASL data were 
used. Significant differences were found in the Limb system (and in SubCort and 
the DMN at the 5% threshold), highlighted with an asterisk symbol [*]. 

In order to understand the underlying reasons of the reported increased 

clustering coefficient in ASL, additional tests were carried out including the 

computation of temporal signal to noise ratio ([tSNR] mean over SD of 

each node time series), strength and CBF in each system. These 

measures were averaged across nodes of the same system for each 

subject and modality. In particular, I was interested in understanding 

whether the increased clustering coefficient was related to acquisition or 

biological factors. Figure 6.10 reports the tSNR and strength of every 

system, for the two modalities. In both cases, decreased values were 

found in the Limb system when ASL was considered. In the case of the 

tSNR, this decrease, despite being present in both modalities, was more 

marked for the ASL data. In the case of the DMN and SubCort systems, 

which also reported significant changes for the clustering coefficient in 

ASL, the tSNR and strength were comparable across systems and 

modalities. Statistical comparisons revealed significant differences across 

* * *

* *

* *
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systems, for both tSNR and strength in rs-fMRI and ASL (tSNR: F(7,112) = 

17.9, p-value < 0.01 in rs-fMRI; F(7,112) = 9.72, p-value < 0.01 in ASL; 

strength: F(7,112) = 20.48, p-value < 0.01 in rs-fMRI; F(7,112) = 29.64, p-value 

< 0.01 in ASL). The post-hoc t-test between pairs of systems revealed 

significantly lower tSNR and strength (p-value < 0.05, Bonferroni-

corrected) for the Limb system with respect to all the other systems in both 

modalities, with the only exception of the SubCort in the case of strength 

in rs-fMRI (the full statistical results are reported in Appendix D.4). 

 

Figure 6.10: Distribution of tSNR and strength values for each system, using rs-
fMRI and ASL data. (A) The distribution of tSNR values of each modality, across 
subjects is reported for every system. Decreased tSNR was found in the Limb for 
both modalities, more so for ASL. (B) The distribution of strength values of each 
modality, across subjects is reported for every system. Higher variability was 
found using ASL which also reported lower strength in the Limb system. Outliers 
were excluded for the purpose of visualisation. 

Figure 6.11 shows the distribution of CBF values across subjects for each 

system. In agreement with what reported for tSNR and strength, 

decreased CBF was found in the Limb system. CBF values were overall 

consistent across the remaining systems, entailing primarily GM. Statistical 
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comparison revealed significant differences across systems (F(7,112) = 7.22, 

p-value < 0.01). The post-hoc t-test between pairs of systems revealed 

significantly lower CBF values (p-value < 0.05, Bonferroni-corrected) for 

the Limb system with respect to all the other systems (the full statistical 

results are reported in Appendix D.4). 

 

Figure 6.11: Distribution of CBF values, for each system. The distribution of CBF 
values across subjects is reported for each system. CBF values were generally 
consistent across systems (entailing GM) with the only exception of the Limb 
systems which showed decreased values. Outliers were excluded for the purpose 
of visualisation. 

6.5.1.3 Fully Connected Weighted Graphs 

A similar analysis was carried out in the case of fully connected weighted 

graphs. Table 6.1 reports mean ± SD values for each graph measure, 

averaged across subjects, for rs-fMRI and ASL data. The degree (global 

efficiency) is not reported since in this case it is a constant value of 211 (1) 

for both modalities. This was expected given the fact that the two matrices 

are fully connected and not thresholded. A statistically significant increase 
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(p-value < 0.05) in clustering coefficient, betweenness centrality and Q 

value was found with ASL when compared to rs-fMRI data. 

Table 6.1: Global graph metrics (mean ± SD), averaged across subjects, 
estimated from rs-fMRI and ASL fully connected graphs. In the case of Q value, 
the mean and SD across subjects was reported, as one value per graph was 
obtained, summarising the whole network. Increased values were reported for 
ASL in the case of clustering coefficient, betweenness centrality and Q value. 

  Rs-fMRI ASL 
Clustering Coefficient 0.44 ± 0.006 0.48 ± 0.02 
Betweenness Centrality 0.01 ± 0.04 0.11 ± 0.19 
Q value 0.02 ± 0.003 0.04 ± 0.004 

 

Clustering coefficient, transitivity and local efficiency were then compared, 

as done in the case of thresholded graphs. Figure 6.12 reports the 

distribution of these metrics across nodes. Statistically significant 

differences were found, in all cases, between rs-fMRI and ASL, although it 

can be seen that the distributions are further apart in the case of clustering 

coefficient and transitivity than local efficiency. This was also confirmed by 

a larger size effect for clustering coefficient (absolute d = 3.56) and 

transitivity (absolute d = 1.44), when compared to local efficiency (absolute 

d = 0.23, small effect). 
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Figure 6.12: Distribution of nodal clustering coefficient, transitivity and local 
efficiency values estimated from rs-fMRI and ASL fully connected weighted 
graphs. In the case of clustering coefficient and local efficient the distribution 
across nodes (averaged across subjects) is reported. For the transitivity a unique 
value was obtained per subject (summarising the entire network) and the 
distribution of these values is reported. A significant difference between rs-fMRI 
and ASL data was found for all three metrics, despite being more evident in the 
case of clustering coefficient and transitivity (larger size effect). Outliers were 
excluded for the purpose of visualisation. 

Given the significant changes in clustering coefficient, I was interested (as 

in the case of thresolded graphs) to investigate which systems were 

driving this change. Figure 6.13 reports the clustering coefficient values for 

each system (averaged across subjects). A significant increase (p-value < 

0.05) of clustering coefficient was found for all systems, when this metric 

was estimated using ASL data. 

* * *
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Figure 6.13: Clustering coefficient for every functional system in fully connected 
weighted graphs. A significant increased clustering coefficient was found for all 
systems when ASL data were used (highlighted with an asterisk symbol, [*]). 

6.5.1.4 Community Detection Analysis 

Figure 6.14 reports the surface mapping of the community structure of the 

graphs based on rs-fMRI and ASL data. 6 communities were identified in 

the case of the rs-fMRI data while only 4 for ASL. In the former case, the 

brain partition reflected RSNs by highlighting separate modules located in 

the visual, frontoparietal, motor and frontotemporal areas. On the other 

hand, the communities detected by ASL data, covered wider brain regions 

such as posterior, frontal and middle brain areas. Overall, the two 

partitions showed high similarity, as reported by the high Rand index and 

low variation of information. 

* * * * *** *
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Figure 6.14: Surface mapping of rs-fMRI and ASL community structure. Nodes belonging to the same community are depicted with the same 
colour. (A) The community detected from rs-fMRI data reflected the functional RSNs. (B) The modules identified by the ASL data were fewer 
and wider and might reflect different underlying mechanisms than rs-fMRI. Relatively high agreement was found between the two modalities. 

R

Rs-fMRI ASLA. B.

Number Modules Z-rand Rand Index Adjusted Rand Index Variation of Information

Rs-fMRI vs ASL 6 vs 4 61.11 0.795 0.405 1.48
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6.5.2 Comparison of Graph Metrics in Temporal Lobe 

Epilepsy 

6.5.2.1 Thresholded Graphs 

Having compared different graph metrics estimated with rs-fMRI and ASL 

data in HC, I wanted to quantify changes in topology in TLE patients. In 

particular, the aim was to derive graph measures in two groups of TLE 

patients (L and R TLE) to assess changes in network organisation specific 

to the epilepsy type, with emphasis on the complementary information 

provided by the two modalities. Figure 6.15 reports the change of each 

measure across thresholds in HC, LTLE and RTLE. The degree was 

omitted from Figure 6.15, as a linear increase of this measure was found 

with the same values in all groups and modalities. This was expected as 

the average node value across the whole network was considered, for a 

given threshold which is determined by the percentage of the retained 

nodes and it is the same for the three groups (at a given threshold). No 

significant differences were found for any measure, modality or group 

comparisons. However, changes in clustering coefficient were visible in 

patients, particularly for the LTLE in ASL. 
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Figure 6.15: Change of graph measures across thresholds in HC and TLE 
patients. Mean (solid line) and SD (shaded area) are plotted for each measure, 
derived from (A) rs-fMRI and (B) ASL, across thresholds in the case of HC (red), 
LTLE (cyan) and RTLE (blue). No differences were found when TLE patients (L 
or R TLE) were compared to HC for either of the two modalities. Increasing 
thresholds were considered starting from 5% of the highest connection values to 
50%, in steps of 5%. 

When transitivity and local efficiency were analysed for the epilepsy 

cohort, in a similar way as for the controls, no statistically significant 

differences were reported in any of the measures in TLE groups when 

compared to HC. However, when rs-fMRI and ASL were compared within 

each group (L or R TLE) a significant difference (p-value < 0.05) was 

reported for clustering coefficient and transitivity, exactly as found in the 

HC group. 

The clustering coefficient was further assessed at the system level to 

detect possible changes associated within a particular system. Figure 6.16 

reports the clustering coefficient values for every system at the thresholds 

5% to 30% (thr = 35% to 50% are reported in Appendix D.5). In the case 

of rs-fMRI, a decreased clustering coefficient was generally found across 

the cortex, and increased clustering coefficient in the Limb and SubCort 

systems. Significant decrease of this measure was found for RTLE in the 

A. 

B.

Rs-fMRI 

ASL
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Vis system (thr = 10% to 30%), when compared to HC. When looking at 

the ASL a decreased clustering coefficient was reported in the Limb 

system but increased across the cortex, in particular in the Vis system. 

Statistically significant differences were reported for the LTLE in Vis 

(increase at thr = 10% to 30%), Limb (decrease at thr = 30%) and SubCort 

(decrease at thr = 5%), when compared to HC. 

 

Figure 6.16: Clustering coefficient for every functional system in HC and TLE 
patients. Clustering coefficient estimated from (A) rs-fMRI and (B) ASL is 
reported in the case of HC (red), LTLE (cyan) and RTLE (blues) patients. 
Significant differences with respect to HC are highlighted with an asterisk symbol 
of the colour of the corresponding TLE group (i.e. [*] for LTLE and [*] for RTLE). 

In addition to comparing each TLE group with HC, the clustering 

coefficients derived from rs-fMRI and ASL were compared within each TLE 

group. In this case, statistical differences were found in the Vis system for 

LTLE (thr = 20% and 30%) and RTLE (thr = 10% to 30%), Cont system for 

LTLE (thr = 15%, 20%, 30%), Limb system for RTLE (thr = 15% to 30%) 

and DMN for RTLE (thr = 15% to 30%). 

A. Rs-fMRI 

B. 
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**
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6.5.2.2 Fully Connected Weighted Graphs 

The same analysis was carried out in the case of fully connected weighted 

graphs. Table 6.2 reports mean ± SD values of each graph measure for 

LTLE and RTLE patients estimated with rs-fMRI and ASL data. As in HC, 

the degree (global efficiency) showed a constant value of 211 (1), due to 

the fact that the matrix was fully connected, and they were therefore 

excluded from Table 6.2. Statistically significant (p < 0.05) increase and 

decrease in clustering coefficient were reported in LTLE and RTLE, 

respectively, using ASL data. Betweenness centrality was also 

significantly decreased in RTLE, when compared to HC using ASL data. 

All these graph metrics were statistically different when rs-fMRI and ASL 

were compared within both L and R TLE groups. 

Table 6.2: Global graph metrics (mean ± SD), averaged across subjects, 
estimated from rs-fMRI and ASL (fully connected weighted graphs) in LTLE and 
RTLE groups. In the case of Q value, the mean and SD across subjects was 
reported, as one value per subject was obtained, summarising the whole 
network. 

  rs-fMRI  ASL 

  LTLE RTLE LTLE RTLE 
Clustering 
Coefficient 0.44 ± 0.006 0.44 ± 0.006 0.52 ± 0.02 0.47 ± 0.02 
Betweenness 
Centrality 0.008 ± 0.04 0.007 ± 0.04 0.22 ± 1.2 0.04 ± 0.13 
Q value 0.02 ± 0.004 0.02 ± 0.002 0.04 ± 0.008 0.04 ± 0.004 

 

When transitivity and local efficiency were considered, a statistically 

significant difference was found in LTLE for ASL-based transitivity when 

compared to controls. This agrees with the differences observed in 

clustering coefficient, a metric which is related to transitivity. Statistically 

significant differences were reported for both clustering coefficient and 

transitivity when rs-fMRI and ASL were compared within each group (L/R 

TLE). This agrees with what was found in the case of thresholded graphs. 

Figure 6.17 reports the clustering coefficient values for every cortical 

system and group in rs-fMRI and ASL. A slight increase in clustering 
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coefficient across all cortical systems was found in the case of rs-fMRI 

data for both LTLE and RTLE groups. However, a marked increase in 

clustering coefficient was reported in ASL for LTLE patients, while RTLE 

patients generally showed a decreased value of this measure. In the case 

of rs-fMRI, a statistically significant (p < 0.05) increased clustering 

coefficient in RTLE patients when compared to HC, was observed for all 

systems. In the case of ASL, statistically significant increased clustering 

coefficient was found for LTLE patients when compared to HC, for all 

cortical systems; while a significant decreased clustering coefficient was 

reported for the RTLE group in all systems, but Limb, Cont and DMN. 

Statistically increased values were reported for all systems when the 

clustering coefficient values were compared between rs-fMRI and ASL 

data within the L or R TLE groups. 

 

Figure 6.17: Clustering coefficient for every functional system in fully connected 
weighted graphs. Clustering coefficient values estimated from (A) rs-fMRI and (B) 
ASL data are reported for HC (red), LTLE (cyan) and RTLE (blue). Significant 
differences with respect to HC are highlighted with an asterisk symbol of the 
colour of the corresponding TLE group (i.e. [*] for LTLE and [*] for RTLE). 

6.5.2.3 Community Detection Analysis 

Figure 6.18 reports the surface projection of the communities detected in 

HC, LTLE and RTLE groups for rs-fMRI and ASL data. In the case of rs-

fMRI, the same number of communities (6 communities) was detected in 

HC, LTLE and RTLE groups. However, considering the HC community 

structure network to be the reference, 14.6% of nodes were assigned to a 

A. Rs-fMRI B. ASL

*
*

* * * * * * *
* * ** ** ** ** **



 223 

different module in the case of LTLE and 25.5% for RTLE patients. In both 

groups, nodes belonging to the frontoparietal/middle temporal areas as 

defined by HC map, were instead assigned to posterior cingulate cortex 

(PCC) in TLE patients; more so in the RTLE than the LTLE patients. 

Nodes in the superior temporal areas were assigned instead to the 

frontoparietal/middle temporal areas in both patient groups. In the case of 

ASL, the HC group showed a total of 4 communities, the LTLE patients 

showed an additional community (5 communities), while the RTLE group 

reported the same number of communities (4 communities). In LTLE 

patients, 24.5% of nodes were assigned to a different community than in 

the controls, while 11.3% changed in RTLE patients. In the LTLE group, 

an additional separate community was localised in the temporal lobe 

region, containing nodes belonging to the limbic and frontotemporal areas 

in HC group. In the case of RTLE patients, nodes in the limbic and 

frontotemporal areas were assigned instead to PCC and occipital areas 

see Figure 6.18. 

Decreased overlap between communities obtained from rs-fMRI and ASL 

data was observed in LTLE (z-rand = 59.3) and RTLE (z-rand = 48.26) 

when compared to HC (z-rand = 61.1). In addition, the detected modules 

were more similar to HC for LTLE in the case of rs-fMRI whereas it was 

seen in the case of ASL for RTLE. 
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Figure 6.18: Surface mapping of the community structure of the network estimated from (A) rs-fMRI and (B) ASL data in HC, LTLE and RTLE. 
Nodes belonging to the same community are depicted with the same colour. Specific node reassignment across communities was found for 
each TLE group, using rs-fMRI and ASL data. 

A.

B.

Healthy Controls

Healthy Controls

L TLE

L TLE

R TLE

R TLE

RRs-fMRI

ASL

Number Modules Z-rand Rand Index Adjusted Rand Index Variation of Information

Rs-fMRI vs ASL LTLE 6 vs 5 59.3 0.82 0.395 1.71
Rs-fMRI vs ASL RTLE 6 vs 4 48.26 0.77 0.31 1.9
HC vs LTLE rs-fMRI 6 vs 6 101.1 0.91 0.69 1.03
HC vs RTLE rs-fMRI 6 vs 6 81.6 0.87 0.54 1.33

HC vs LTLE ASL 4 vs 5 97.44 0.87 0.64 0.95
HC vs RTLE ASL 4 vs 4 105.9 0.89 0.71 0.83
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6.5.3 Graph Metrics Correlation with CBF 

In order to investigate the brain metabolic energy consumption, the 

coupling between graph metrics and CBF was computed. In particular, the 

correlation between three main graph metrics (node degree, betweenness 

centrality, local efficiency) and each node’s CBF is reported in Figure 6.19 

in the case of the thresholded graphs for six thresholds: 5% to 30% (thr = 

35% to 50% are reported in Appendix D.6). The correlation between CBF 

and clustering coefficient (another local measure) was also computed, 

however, r-values around zero were found for ASL data, in all three 

groups and at all thresholds. These results were therefore excluded from 

Figure 6.19. Higher correlation values were found for degree and 

betweenness centrality in the case of ASL data, for all groups, when 

compared to rs-fMRI data. In the case of the node degree metric, the 

correlation tended to decrease with threshold in the case of rs-fMRI but it 

increased in the case of ASL data. A range of correlation coefficients were 

observed across all thresholds for the betweenness centrality and local 

efficiency metrics. 



 226 

 

Figure 6.19: Correlations between CBF and graph metrics estimated from rs-fMRI 
(left) and ASL (right) using thresholded graphs. For each group (HC [red], LTLE 
[cyan], RTLE [blue]), the correlation between three main graph metrics (node 
degree, betweenness centrality and local efficiency) and the CBF in each node 
(averaged across subjects) is reported. Filled bars correspond to significant 
correlation (p-value < 0.05) while empty bars show correlations which were not 
statistically significant. CBF and graph metrics were positively correlated with 
higher r-values for ASL than rs-fMRI. 

Figure 6.20 reports the correlation of each node’s CBF with strength, 

clustering coefficient and local efficiency based on fully connected 

weighted graphs, estimated from rs-fMRI and ASL. As expected, higher 

correlations were found between CBF and graph metrics estimated from 

ASL data, which were significant for all graph metrics and groups. In the 
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case of metrics estimated from rs-fMRI, the correlations, despite being 

generally lower than ASL data, were statistically significant for all 

measures in HC and LTLE groups. Overall decreased correlations, though 

not statistically significant were found in the case of patients when 

compared to HC, for both modalities.  

 

Figure 6.20: Correlations between CBF and graph metrics estimated from rs-fMRI 
(red) and ASL (blue) using fully connected weighted graphs. For each group, the 
correlation between three main graph metrics (node strength, clustering 
coefficient and local efficiency) and the CBF in each node (averaged across 
subjects) is reported. CBF and graph metrics were generally correlated with 
higher r-values for ASL data than rs-fMRI. 

6.6 Discussion 

In this work, graph theory was applied to rs-fMRI and ASL data in a group 

of HC and TLE patients. The novelty presented in this work is the direct 

comparison between BOLD- and perfusion-based graph metrics in HC and 

their application to characterise and quantify the brain topological changes 
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in TLE. In addition, two main methods for graph construction were 

investigated. This is a fundamental topic in graph theory where no 

consensus has been reached yet. To carry out this work, widely adopted 

graph measures at the microscale and mesoscale were computed with the 

two modalities and compared within HC and, sequentially between HC 

and L/R TLE patients. I hypothesised that perfusion-based network 

metrics were closely related to those estimated from BOLD as reported in 

the case of ICA and seed-based FC analyses (Viviani, Messina and 

Walter, 2011; Jann et al., 2013, 2015). However, ASL would allow to 

further quantify network properties by means of CBF, a physiological 

measure relevant to neurological conditions, such as epilepsy. In TLE, I 

expected the two modalities to provide complementary information which 

could be combined under the graph theory framework to quantify changes 

in brain topology associated with this “network disorder” (Wang et al., 

2014; Bernhardt, Bonilha and Gross, 2015). 

6.6.1 Comparison of Graph Metrics in Healthy Controls 

The results of this study confirm the feasibility of carrying out graph theory 

using ASL data, as already demonstrated in previous works (Liang, 

Connelly and Calamante, 2014; Storti et al., 2018). Coherence matrices 

obtained using rs-fMRI and ASL data were highly correlated with each 

other (r = 0.56) (Storti et al., 2018), despite ASL showing higher coherence 

values. By directly comparing BOLD and perfusion-based graph measures 

estimated over the same frequency range (0.01-0.17 Hz), network 

differences and similarities could be further assessed, between modalities 

in HC. Graph theory is a rapidly growing field and yet no definitive 

consensus has been reached in relation to optimal network construction 

methods and graph theoretical measures (Bassett and Bullmore, 2009; 

Haneef and Chiang, 2014; Bernhardt, Bonilha and Gross, 2015; Hallquist 

and Hillary, 2019). In this work, two approaches for network construction 

and several graph metrics, among the most reported in the literature, were 

considered. In terms of network construction, PT and fully connected 
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weighted graphs were considered. The former is a commonly adopted 

method in the literature, that modifies the overall graph topology (requiring 

graph analysis at different thresholds) and by fixing the amount of 

connections to be considered, it might include spurious ones, especially if 

a group has lower overall FC values (van den Heuvel et al., 2017). The 

latter has been proposed as an alternative method than thresholding, 

which does not arbitrarily alter network topology. It might include spurious 

low connections which, however have low weight and thus are thought to 

have less impact on the overall network organisation (van den Heuvel et 

al., 2017). When thresholded matrices were considered, rs-fMRI and ASL 

data showed comparable results in terms of all investigated metrics 

(degree, betweenness centrality, efficiency and Q value) which varied 

across graph thresholds as previously reported in literature (Pedersen et 

al., 2015; Bernhardt et al., 2016). Statistically significant differences (p-

value < 0.05) however, were reported in transitivity and clustering 

coefficient. In the latter case, an analysis at the system level revealed that 

ASL-based clustering coefficient was altered (when compared to rs-fMRI) 

in the SubCort, DMN and Limb systems (5% threshold) and Limb at most 

of the other thresholds (except 10%). To further characterise this finding, 

the tSNR, strength and CBF were computed in all systems which 

appeared to be decreased and more variable in the Limb system for the 

ASL data. It could be speculated that the increased clustering coefficient in 

ASL in the Limb system might be related to either a physiologically 

variable or noisy signal in these areas. On the other hand, tSNR, strength 

and CBF were consistent between modalities in the SubCort and DMN 

systems. This would seem to suggest that it is not simply artefactual noise, 

but may highlight a different mechanism driving the changes in ASL 

clustering coefficient in these two systems. When the fully connected 

weighted graphs were considered, a significant increased clustering 

coefficient, betweenness centrality and Q value were found with ASL, as 

compared to rs-fMRI. The clustering coefficient was overall increased in 

ASL across all brain systems. This analysis allows to consider the graph 

as a whole without the application of an arbitrary threshold. It was 
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therefore expected to find generally different results, when compared to 

thresholding, as the topology and hence the derived graph metrics would 

differ. However, similar trends were reported with the two methods. With 

both strategies, measures estimated from ASL tend to show higher values 

than rs-fMRI. When clustering coefficient, transitivity and local efficiency 

were compared, a bigger effect size was found for the former two 

measures with both methods.  

I speculate that the application of thresholding might generate graph 

topologies where the increase in clustering coefficient across all systems 

is less evident and only the changes in the more variable Limb system are 

found. On the other hand, when the fully connected graphs were 

considered the general increase of this measure was more evident across 

all system and less in the Limb. These results show, for the first time the 

direct comparison of topological measures estimated with these two 

functional modalities, using thresholded and fully connected weighted 

graphs. 

6.6.2 Community Detection Analysis in Healthy Controls 

Graph theory allows the assessment of brain topology at different scales 

(i.e. telescoping), thereby considering whether and how different aspects 

of brain organisation vary from local to whole brain levels (Hallquist and 

Hillary, 2019). The highlighted differences in clustering coefficient 

(micro/local scale) with both thresholded and fully connected graphs, 

motivated a comparison in terms of communities (mesoscale), derived 

from rs-fMRI and ASL data. Indeed, in the same way that clustering 

coefficient quantifies local connectedness of a node, modularity probes the 

arrangement of groups of nodes which are densely connected with each 

other and relatively segregated from other groups of nodes. 

Correspondences were found between modules detected with the two 

modalities. This was also confirmed by a relatively high Rand similarity 

index and low variation of information between partitions. However, this 

was not a one-to-one mapping, suggesting that differences in the 
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underlying mechanism of rs-fMRI and ASL might result in different network 

subdivision (Liang, Connelly and Calamante, 2014). In particular, modules 

derived from rs-fMRI highly reflected RSNs and were in agreement with 

previous studies which looked at hierarchical modularity in human brain 

networks (Meunier et al., 2009; Bullmore and Bassett, 2011). In particular, 

modules reflecting frontoparietal, motor, visual, subcortical and 

frontotemporal brain systems were found. In the case of ASL, fewer and 

larger modules were found, subdividing the brain in frontal, middle and 

posterior brain sections. This might reflect different mechanisms than rs-

fMRI, possibly coupled to flow, brain vasculature and perfusion (Günther, 

2006; Boscolo Galazzo et al., 2019). Therefore, ASL can potentially 

provide additional information in the form of CBF-based connectivity when 

compared to BOLD-based rs-fMRI. 

6.6.3 Comparison of Graph Metrics in Temporal Lobe 
Epilepsy 

In focal epilepsy and in TLE in-particular, widespread abnormalities have 

been reported which involve wider brain networks beyond the limited 

epileptogenic area (Voets et al., 2012; Bernhardt, Bonilha and Gross, 

2015). Graph theory can provide a window into these specific patterns by 

characterising and quantifying network organisation from localised to 

whole brain levels (Caciagli et al., 2019). In this Chapter, graph theory 

based on rs-fMRI and ASL data was applied to a group of TLE patients 

subdivided in terms of their focus lateralisation (L and R TLE). The aim of 

this analysis was to investigate network topological changes associated 

with this neurological condition and the complementary information 

provided by the two modalities which could be combined under the unified 

graph theory framework. Changes in clustering coefficient were reported in 

previous studies based on rs-fMRI, with a discrepancy in the direction of 

the change. While some works found a decrease in global clustering 

coefficient, supporting a shift towards a more random graph configuration 

(Liao et al., 2010); others reported the opposite, supporting the hypothesis 
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that brain networks become more regular in TLE, contributing to seizure 

related network synchronisation (Wang et al., 2014; Bernhardt, Bonilha 

and Gross, 2015). This discrepancy in the direction of clustering coefficient 

alterations in TLE was generally attributed to the different stage of the 

sclerotic process. The latter seems to be characterised by an increase of 

this measure during most of the sclerotic process and a decrease at the 

final stage of sclerosis (when network hyper-excitability decreases) 

(Chiang and Haneef, 2014). In addition, this discrepancy might be caused 

by the heterogeneity in sample size, AEDs and population under 

investigation of previous studies. In this work, these findings were 

extended using both BOLD- and ASL-based clustering coefficient. In the 

case of thresholded graphs, no significant difference was found between 

groups at the global level in either modalities (rs-fMRI and ASL) (Pedersen 

et al., 2015). This might be attributed to the relatively small patient group 

which, in combination to the thresholded graph method (where some of 

the connections are put to zero), could have made this analysis less 

sensitive to differences between groups. This speculation is supported by 

the fact that differences in the graph metrics (particularly the clustering 

coefficient) were found at the region level and using fully connected 

weighted graphs (see below), for both modalities. To this end, considering 

that ASL is a relatively new imaging modality especially for graph analysis, 

I can confirm that CBF hypo-metabolic areas were detected on single 

subject basis, pointing to the fact that ASL was sensitive to changes due 

to TLE pathology. When fully connected weighted graphs were 

considered, significant changes were detected at the global level using 

ASL (increased clustering coefficient LTLE and decreased clustering 

coefficient and betweenness centrality in RTLE). While most of the 

previous works focused on overall measures of clustering coefficient 

(averaged across the whole graph for each subject) (Liao et al., 2010; 

Pedersen et al., 2015), I was interested in changes at the system level. 

Variability in the direction and size of clustering coefficient differences was 

reported across modalities and patient groups, highlighting specific 

changes, across the brain related to TLE pathology. For instance, altered 
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clustering coefficient was found in the Vis system, more evidently in RTLE 

using rs-fMRI and in LTLE using ASL data. This system has been reported 

to be hyper-active and involved in seizure propagation in TLE patients 

(Hamandi et al., 2008; Zhang et al., 2009). It is known that the 

epileptogenic area is connected to the occipital lobe in TLE. Therefore, 

this finding might explain the “hyperfunction” of the Vis system due to 

seizure activity (Zhang et al., 2009; Boscolo Galazzo et al., 2019). FC as 

measured by fMRI, is also known to be altered in subcortical areas in TLE 

(especially thalamus and hippocampus) and in the limbic system (Voets et 

al., 2012; Chiang et al., 2014; Wang et al., 2014; Bernhardt et al., 2016). 

Abnormal clustering coefficient values were reported in these brain areas 

which were particularly evident using ASL. In this work, the whole system 

of subcortical structures was considered, as a detailed analysis of specific 

subcortical structures was out of the scope of this study. Nevertheless, 

ASL based clustering coefficient was altered in these structures both in 

thresholded graphs (at specific thresholds) and using the fully connected 

weighted graphs. Wider changes were reported using fully connected 

weighted graphs, with general increased clustering coefficient in RTLE 

using rs-fMRI and in LTLE using ASL. All in all, measures derived from 

ASL data seems to show greater topological changes in TLE patients 

when compared to HC, than those derived from rs-fMRI data. 

6.6.4 Community Detection Analysis in Temporal Lobe 
Epilepsy 

The community detection analysis highlighted specific changes for each 

modality and patient group. In the case of rs-fMRI, node reassignment in 

TLE patients mainly involved the PCC, frontoparietal and middle temporal 

areas, with more marked changes in the RTLE group (Chiang et al., 

2014). Many previous studies reported these areas to be disrupted in TLE 

patients (Voets et al., 2012; Boscolo Galazzo et al., 2019; Caciagli et al., 

2019). In particular, FC disruption in middle temporal and the posterior 

areas of the DMN might be related to impairments in episodic memory 
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performance which characterise this neurological condition (Voets et al., 

2012; Wang et al., 2014; Caciagli et al., 2019). On the other hand, using 

ASL, node reassignment mainly involved the limbic and frontotemporal 

areas (Chiang et al., 2014; Caciagli et al., 2019). These changes in brain 

modularity were particularly evident in the LTLE group (Caciagli et al., 

2019) where a separate community was detected in the temporal lobes, 

possibly highlighting altered perfusion in these brain areas. Perfusion 

changes have indeed been reported in the epileptogenic area (i.e. 

temporal lobes in TLE patients), characterised by ictal hyper-perfusion and 

inter-ictal hypo-perfusion (Boscolo Galazzo et al., 2016, 2019). This 

analysis also showed that communities were more similar between rs-fMRI 

and ASL data in HC when compared to patients (lower zrand of Rand 

similarity index), suggesting a dissociation between these two modalities 

as a result of epilepsy. In other words, I speculate that while in HC rs-fMRI 

and ASL are highly coupled measures of brain activity/metabolism 

(Leontiev and Buxton, 2007), in TLE they dissociate, highlighting a 

disruption of their underlying mechanisms and corresponding coupling. 

6.6.5 The Coupling Between Graph Metrics and CBF 

Besides being able to map the brain network properties, ASL allows to link 

graph metrics with corresponding measures of brain perfusion using CBF 

estimates. To explore this aspect, nodal graph metrics (estimated from 

both rs-fMRI and ASL data) were correlated with CBF values. In 

agreement with Liang et al., 2014 (Liang, Connelly and Calamante, 2014), 

the CBF was positively correlated with degree and betweenness centrality 

(derived from rs-fMRI and ASL data), confirming that metabolic costs of a 

node are proportional to its degree and centrality in the network (Liang, 

Connelly and Calamante, 2014). Higher correlation with CBF was 

generally found with graph metrics estimated from ASL data. These 

findings were consistent across thresholds, in thresholded graphs. In the 

case of fully connected graphs, the CBF was positively correlated to node 

strength, clustering coefficient and local efficiency, with higher r-values in 
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ASL. I speculate that these results underline the increased metabolic 

demand required for nodes which are more connected and clustered to 

others. Interestingly, these correlations were generally decreased in 

patients, possibly highlighting a decreased coupling between metabolic 

supply and network organisation due to epilepsy. In summary, I confirmed 

the close relationship between connectivity measures (based on both rs-

fMRI and ASL) and metabolic demand which can be assessed by ASL 

data, as CBF (Liang, Connelly and Calamante, 2014; Storti et al., 2018; 

Boscolo Galazzo et al., 2019). 

6.6.6 Study Limitations 

There are few limitations associated with this study. First of all, I 

acknowledge the limited sample size with a relatively low number of TLE 

patients which were further subdivided in terms of focus lateralisation. 

This, despite decreasing the sample size for each group, was motivated 

by previous studies which reported different functional connectivity 

changes in L and R TLE groups (Richardson, 2010; Chiang et al., 2014). 

In addition, specific network changes could be identified in the two groups, 

which can inform epilepsy lateralisation (Chiang et al., 2014). In addition to 

the small sample size, the two patient groups (L and R TLE) included 

patients with slightly different pathology (i.e. no lesions, focal cortical 

dysplasia and glioma) and duration of epilepsy (3-39 y LTLE; 3-49 y 

RTLE) (see Appendix D.1 for a complete break down). Demographics is 

an important factor in the study of TLE, which can directly impact 

functional connectivity and graph theory metrics. This aspect was not 

extensively considered in this work where I was limited to this patient 

groups and I therefore mainly focused on the development of a 

methodology for rs-fMRI and ASL graph theory analysis. All in all, the 

limited sample size and heterogeneity of the patient groups are likely to 

increase variability and decrease statistical power. These findings are 

therefore only preliminary and need to be confirmed in a larger patient 

cohort. Another general consideration is that FC was estimated from a 
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brain parcellation which hampers voxel-level analysis. This assumes that 

all the voxel in the atlas’ parcels share the same connectivity properties, 

which might not be the case. However, by considering a functional atlas 

(i.e. Schaefer atlas) where brain areas are subdivided in terms of common 

functional properties, this potential limitation can be mitigated, together 

with allowing decreased computational burden. In terms of ASL 

acquisition, I acknowledge that a relatively old ASL sequence was used in 

this study: PICORE Q2TIPS, as opposed to the recommended 3D pCASL 

sequence (Alsop et al., 2015). Optimised parameters, in line with previous 

literature were used for this acquisition. It is worth noting that these results 

might not be directly transferrable to more advanced ASL sequences. 

However, the described PASL sequence is available in clinical settings 

and in most Siemens’ scanners, which points to the wide applicability of 

these results. In the future, it would be interesting to address the impact of 

different ASL sequences on graph analysis. 

6.7 Conclusion and Impact 

In conclusion, this work highlights the feasibility of carrying out graph 

theory using ASL data which not only shows similar results as rs-fMRI, but 

also provides a quantification of brain metabolism in the form of CBF. In 

addition, graph theory was found to be a powerful framework to combine 

different modalities and inform the mechanisms underlying neurological 

conditions, such as epilepsy. In this context, specific changes in clustering 

coefficient and modularity were reported, which reflect extensive brain 

rearrangement, as a result of this neurological condition and which can be 

seen as potential targets for treatment and therapy. 

Graph theory is a relatively new methodology which is not as established 

as ICA or seed-based analyses. However, this unified framework allows to 

quantify topological and organisational properties of complex systems, 

such as the brain and to evaluate large scale interactions (Voets et al., 

2012). This study improved the current knowledge of this framework and 
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its application to two imaging modalities (rs-fMRI and ASL) and in both 

healthy and TLE groups. The impact of this work is therefore, twofold: on 

the one hand (methodological aim) I investigated different approaches of 

graph construction, together with the advantages and limitations of 

applying graph theory to ASL, as compared to the more established rs-

fMRI data. This is in line with the current need for: a) understanding the 

impact of graph construction on estimated graph metrics; and b) 

integrative analysis of data from multiple modalities, which can inform one 

another and address different aspects of the brain connectome (Haneef 

and Chiang, 2014). On the other hand (clinical aim), graph theory was 

used to assess the added value of combining rs-fMRI and ASL data in the 

context of epilepsy. This is a fundamental aspect in view of a potential 

clinical use of graph theory for epilepsy diagnosis and treatment. 

This project, by deepening the current knowledge on graph analysis, 

contributed to the long-term vision of using this methodology to inform 

clinical practice for epilepsy management. To this end, several 

applications of a network level assessment have been suggested and 

started to be investigated. These include:  

1. Epilepsy diagnosis (focus localisation and lateralisation) which can 

be guided using centrality graph metrics and measures which 

quantify information flow in the network (Haneef and Chiang, 2014). 

2. Epilepsy staging which can be informed by graph theory, given the 

extensive network remodelling which take place with disease 

progression (Haneef and Chiang, 2014; Wang et al., 2014). 

3. Epilepsy prognosis which can be informed by measures of 

synchronisability (edge weight) and network regularity that can help 

predicting surgery outcome in terms of seizure freedom and 

cognitive deficits (Haneef and Chiang, 2014; Bernhardt, Bonilha 

and Gross, 2015; Bernhardt et al., 2016; Caciagli et al., 2019). 
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In summary, TLE mechanism can be potentially informed using graph 

theory which also allows the combination of different imaging modalities 

under a unified framework.  

However, efforts in standardising network construction methods and graph 

theoretical parameters are needed, given the current absence of 

consensus which hampers comparison of results across studies and 

clinical application. In addition, it is important to emphasise that, prior to 

clinical implementation, larger, multicentre studies need to be carried out 

to provide a validation of these measure and their specificity and 

sensitivity in the clinical context. Another important point includes 

exploring individual variability in connectome features in relation to 

behaviour correlates, structural/functional coupling and heritability, 

especially in view of diagnostic utility (Bernhardt, Bonilha and Gross, 

2015). Having established robust processing pipelines and investigated 

the clinical relevance of these network changes, specific therapies and 

treatments can be developed which will be able to intervene at the network 

level of each individual patient. 
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Chapter 7 Conclusions and Future 

Directions 

7.1 A Summary of this Work 

 

Figure 7.1: A summary of my PhD thesis. 

In this thesis (Figure 7.1), different aspects of medical imaging analysis 

have been covered. In Chapter 3, I described the development of a 

pipeline for the semi-quantitative analysis of paediatric fluorodeoxyglucose 

positron emission tomography (FDG-PET) data to inform pre-surgical 



 240 

planning of refractory epilepsies. FDG-PET is a relatively established and 

robust imaging modality to assess brain metabolism. However, its 

quantification in paediatric populations was hampered by the unavailability 

of age-appropriate templates and datasets which better reflect the brain 

size and metabolism of children. Given this urgent need, I applied 

established acquisition and processing methods to a paediatric population 

to develop an age-matched pipeline capable of identifying hypo-metabolic 

areas on paediatric FDG-PET scans. This pipeline is able to inform and 

direct the current visual assessment of FDG-PET data as part of the pre-

surgical planning of refractory epilepsies. In Chapter 4, I compared 

different pre-processing methods for the analysis of blood-oxygenated-

level-dependent (BOLD)-based functional magnetic resonance imaging 

(fMRI) data. This is a controversial topic, especially for resting-state fMRI 

(rs-fMRI). Therefore, for this project I investigated the impact of different 

pre-processing methods on the BOLD signal, activation maps and 

connectivity. With this work, I aimed to inform investigators about the 

advantages and limitations of choosing a specific denoising method and to 

deepen the current knowledge of BOLD-based fMRI pre-processing. This 

is fundamental to obtain reliable activations and functional connectivity 

(FC) results. Chapter 5 concerned arterial spin labelling (ASL), a relatively 

new imaging modality. In this context, three acquisition schemes have 

been developed and I focused on two of them, currently available on the 

University College London Hospital (UCLH) PET/MR scanner (pulsed ASL 

[PASL] and pseudo continuous [pcASL]). It is indeed timely and important 

to understand how each ASL scheme impacts cerebral blood flow (CBF) 

and connectivity analysis to promote the application of this modality in 

both clinical practice and research. Finally, given the importance of multi-

parametric imaging in the context of epilepsy, in Chapter 6, I used the 

unified framework of graph theory to combine rs-fMRI and ASL data. This 

work aimed to assess different methods for graph construction and to 

investigate for possible added information provided by these two 

modalities, which can assist in the detection of network abnormalities in 

temporal lobe epilepsy (TLE) patients. Overall, I had the chance to 
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experience the limitations and advantages of FDG-PET, BOLD-based 

fMRI and ASL in terms of data acquisition, pre-processing and analysis, 

which allowed me to develop a critical view on how different imaging 

modalities can be analysed and combined. 

7.2 The Challenges of Clinical Translation and 
Single-subject Analysis 

“Despite more than three decades of neuroimaging research involving 

complex brain scanning, relatively few imaging tools are in routine use, 

and very few are supported by the kind of substantial evidence-base which 

would be required to support the implementation of a new treatment.” – M. 

Richardson, Clinical Neurophysiology, 2010 

Neuroimaging is a multidisciplinary science which combines the fields of 

medicine, engineering, mathematics, physics, and computer science to 

provide a non-invasive window into the human brain (Arbabshirani et al., 

2017). Over the past decades, biomarkers derived from imaging 

modalities such as structural and functional MRI and PET have allowed 

the accurate study of various aspects of the nervous system (Arbabshirani 

et al., 2017). This has been made possible by the recent developments of 

hardware and technologies and the improvements in signal processing 

methods and imaging analysis, together with data sharing across centres. 

However, most of the imaging biomarkers and tools developed at the 

research level are not translated to the clinical setting, for direct patients’ 

advantage. Bridging this gap is a challenging process, which can only be 

achieved through the direct close collaboration between doctors, 

clinicians, engineers and physicists. Clinical translation requires a 

generalisation of tools to clinical datasets and a shift from group 

comparison and analysis to single-subject assessment and classification 

(Arbabshirani et al., 2017). The former refers to the fact that most of the 

research studies are based on high quality data which differ from the 

clinical ones. Hence, research tools have to be tested and adapted to 
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lower quality and noisy data, such as those available in the clinic. The 

latter challenge is even more profound, as many neuroimaging studies 

have traditionally considered data from many subjects to draw inferences 

about general trends and differences between two populations (i.e. 

controls and patients). Even if these findings have proven to be important 

to learn the overall traits of a neurological condition, by comparing two 

groups the heterogeneity within group is not taken into account which is 

instead of interest for individual subject analysis and clinical application 

(Finn et al., 2015). Imaging analyses and biomarkers have to reach a 

certain level of robustness, reliability and reproducibility to be adopted in 

the clinic (Richardson, 2010). This is often not considered or clarified in 

current studies. Finally, the economic value of each modality needs to be 

assessed: it is important to know which investigations are cost-effective 

and which are redundant, especially when resources are limited 

(Richardson, 2010; O’Connor et al., 2017). 

This PhD allowed me to fully experience these challenges especially 

throughout the development of the paediatric FDG-PET pipeline (Chapter 

3). During this study, I worked with clinical FDG-PET which, despite being 

a relatively robust modality, often showed variable contrast across 

subjects (i.e. brighter images than others), probably due to issues during 

the uptake period or non-standardised acquisitions. I also faced the 

difficulty of missing data for example post-surgical anatomical scans, 

which were either not acquired or which only comprised few slices (very 

different from the high-quality 3D research acquisitions). In addition to 

these methodological challenges, I also learnt how to work in a highly 

multi-disciplinary setting and experienced the difficulty of modifying 

standard clinical practice. Visual assessment of FDG-PET is a highly 

established procedure which helps and guides pre-surgical planning, 

despite being subjective and variable. The addition of a quantitative tool to 

inform this procedure was initially something very different from common 

practice. It took several discussions, meetings and teaching sessions to 
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see this work installed in the Nuclear Medicine Department at Great 

Ormond Street Hospital (GOSH). 

Clinical translation of research tools was a topic that always interested me. 

Hence, my supervisors encouraged me to organise a one-day “Workshop 

on Analysis of Single Subjects in Clinical Neuroimaging (OASIS)” to 

discuss these issues further. This workshop aimed to create a space in 

which experts in the field of neuroimaging were encouraged to discuss the 

barriers for clinical adoption of imaging research tools. It was attended by 

around 45 participants (doctors, engineers and physicists) from UCL, 

King’s College London (KCL) and Cambridge. Three main themes were 

highlighted and intensively discussed: pathways to translations (“how can 

a research tool be translated across researchers and to the clinic?”), utility 

(“what tools can research provide to advance healthcare?”), data 

specifications (“how can we effectively share and standardise datasets?”). 

Another topic, despite not being the main focus of the Workshop was the 

use of machine learning in clinical settings. I would like to follow-up these 

topics by creating a questionnaire and a review paper to formally convey 

and start addressing these challenges. 

7.3 Machine Learning as a Promising Solution for 
Single-subject Analysis 

“We are seeking for an artificial intelligence revolution that will be a big 

part of our future over the next five years, with technologies that can cut 

patients wait time for scan results and ease the burden on hard working 

staff.” – S. Steven NHS Chief Executive. 

Over the past years, machine learning has started to be applied to 

neuroimaging. Machine learning is a subfield of artificial intelligence and 

can be defined as computational models/methods using large amount of 

data/experience to make predictions or improve performance (Parmar et 

al., 2015). In the context of medical imaging, these models can be used to 
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detect tumour/lesions, to direct diagnosis and to make predictions of 

treatment outcome or disease progression. Machine learning has the 

potential to cope with big multidimensional datasets (e.g. imaging, clinical 

and neurophysiological) and reliably convert the results of the analysis into 

clinical insights. In the clinical context where multiparametric evaluation is 

currently based on visual and qualitative assessments, manual processing 

and individual expertise; these models represent a further step towards 

objective evaluations. An example of this effort is represented by 

“radiomics”: the quantitative and computerised integration of imaging 

modalities and clinical data. This can be driven by machine learning to 

identify imaging features in a more standardised and objective way and to 

aid and direct the current assessment. This would lead to increased 

confidence in reporting, possibly speed up discussion by clarifying areas 

of equivocation and finally increase the number of patients with a 

successful treatment outcome. This effort will also promote precision 

medicine where practices and therapies are tailored to individual patients, 

thereby maximising the success of therapeutic and preventive 

interventions whilst minimising possible side effects (Parmar et al., 2015; 

Senders et al., 2018). 

In the context of epilepsy, machine learning has already found several 

applications. These include: epilepsy diagnosis, epileptogenic lesion 

detection and prediction of seizure outcome or disease progression. 

Epilepsy diagnosis is the first step towards appropriate treatment. To this 

end, previous studies have focused on developing machine learning 

models capable of distinguishing patients from healthy controls (HC) or 

specific epilepsy types. Epilepsy classifiers have been based on features 

derived from anatomical data or diffusion imaging, on T2 relaxometry 

maps (Focke et al., 2012; Rudie, Colby and Salamon, 2015; Lai et al., 

2017) or even on connectome-based biomarkers (Medaglia, 2017). These 

single-subject computer-based methods can supplement visual 

assessment with high diagnostic accuracy, even for patients who do not 

have obvious lesions (MR negative) (Focke et al., 2012; Lai et al., 2017). 
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Moving to epilepsy treatment, about 30% of patients do not effectively 

respond to anti-epileptic drugs (AEDs). For these patients, seizure 

freedom can be achieved by means of surgical resection of the presumed 

epileptogenic area. Machine learning can provide tools to predict surgical 

outcome at the individual patient level, by using structural data or multi-

modal datasets (Memarian et al., 2015; Senders et al., 2018; Sidhu, 

Duncan and Sander, 2018). These algorithms are objective and flexible 

and can therefore help standardising the current pre-surgical planning 

which is based on visual assessment.  

Machine learning can advance clinical diagnosis, decrease costs and 

improve patient satisfaction, provided that clinicians are informed and 

understand this new and powerful tool. Despite the promising results, few 

considerations need to be highlighted in view of the clinical translation of 

machine learning algorithms (Erickson et al., 2017; Senders et al., 2018). 

First of all, these algorithms have often been seen as “black boxes” (much 

like the voxel-wise methods that I described were seen few years ago), 

which are based on internal mechanisms and which produce predictions 

or recommendations without explaining the underlying basis or reasons for 

the obtained results (Price, 2018; Senders et al., 2018). This lack of 

interpretability hampers appropriate validation of these models (and 

consequently clinical translation) at least by means of conventional 

scientific tools, for example through clinical trials (Price, 2018). A validation 

in this context should assess the development and testing of the algorithm 

together with the meaning of its output, in a continuous way. In fact, 

machine learning algorithms are not static entities and their outputs are 

likely to change as more data are fed to the algorithm (Kohli et al., 2017; 

Price, 2018). Furthermore, it is challenging to develop appropriate 

regulations in this field, as existing legal rules are based on drugs or 

medical devices. To this end, one can ask who the stakeholders in this 

context are. In other words, it is hard to identify who will be responsible in 

case of possibly life-threatening errors of the algorithm. Furthermore, 

patients and doctors might be reluctant to adopt machine learning 
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approaches. Despite these considerations, machine learning can be seen 

as an effective and promising tool to assist and direct doctors’ decisions, 

given its ability to deal with big and multidimensional data and to provide 

outcomes at the single-subject level. 

7.4 The Link of This Work with Machine Learning 

 

Figure 7.2: The potential synergy between machine learning and mechanistic 
approaches. One the one hand, machine learning algorithms are able to find 
hidden patterns in big multidimensional data, which can inform mechanistic 
models. On the other hand, the latter are able to provide insight on the 
mechanisms of a phenomena/disease, which can inform machine learning input 
data. This figure is adapted from Baker et al., 2018 (Baker et al., 2018). 

So, how does the work of this thesis fit in this vision for single-subject 

analysis using machine learning? It is important to remember that the 

successful application of machine learning relies on the knowledge and 

quality (“garbage-in garbage-out principle”) of the input data (Sahiner et 

al., 2019). This is paramount to avoid predictions based on artefacts, noise 

or non-clinical features in general. To this end, this project provides some 

insight on data denoising and acquisition (Chapters 4 and 5) (Vergara et 

al., 2017). In addition, machine learning presents a so called, “inductive 
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capability”, in other words it is unable to understand the complex 

underlying mechanism of a biological process (Figure 7.2). In the clinical 

context, this translates to the ability of this methodology to propose 

treatments among existing ones, but the inability to propose new ones. 

This “deductive” capability is instead characteristic of mechanistic models 

which are able to generate novel hypothesis for causal mechanisms, from 

the observation of the phenomena of interest (Figure 7.2) (Baker et al., 

2018). This work (Chapters 3 and 6) provides further knowledge of 

epilepsy mechanisms (i.e. FDG-PET hypo-metabolism and aberrant 

network changes) which can be translated into features to inform machine 

learning algorithms. In the case of Chapter 3, pathophysiological 

mechanisms of epilepsy are investigated in the context of paediatric FDG-

PET data. A single-subject analysis was carried out by comparing each 

subject with age-matched control datasets. The latter are often hard to 

obtain and even in this work a pseudo-control group was used, as FDG-

PET scans are not allowed on healthy children for obvious ethical reasons. 

Machine learning can potentially identify epileptogenic areas at the 

individual level without the use of a normative dataset. The results of this 

work can be used to inform these algorithms or as a validation of their 

clinical recommendations. Chapter 6, by applying graph theory to a group 

of TLE patients, provides graph theory-based features (e.g. clustering 

coefficient and communities) which can be used in a machine learning 

framework for subject classification and treatment. At the same time, 

machine learning algorithms by providing recommendations based on 

network features, can help elucidating the biological and clinical 

significance of graph metrics which remains controversial. In summary, 

machine learning and mechanistic models can be combined in a 

synergistic way (Figure 7.2). Mechanistic models provide causal 

inferences and novel hypothesis which can be used to inform machine 

learning models in order to extract unseen patterns in the data and make 

informed predictions. The latter are then input in mechanistic models to 

improve the modelling of causal mechanisms. 
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7.5 Possible Future Directions of this Work 

“The important thing is to never stop questioning.” – A. Einstein. 

The dataset (rs-fMRI, PASL, structural MRI) considered in this work is part 

of a big multi-centre study “NEST: NMDA-receptors in epilepsy, stroke and 

traumatic brain injury”). The multi-modal dataset acquired as part of this 

study includes: rs-fMRI, PASL, structural data, MR spectroscopy (MRS) 

and [18F]GE-179 PET. The latter might represent a more specific tracer to 

map epileptogenic areas by targeting the glutamate chemical system (N-

methyl-D-aspartate [NMDA] receptors) in the brain which is known to be 

involved in seizure development. The aim of this clinical trial is to test the 

association of the glutamate system with refractory epilepsy (30 patients) 

and epilepsy development, following different neurological diseases. Part 

of this thesis laid the foundations for the appropriate analysis (pre-

processing and post-processing) of the functional data of this multi-centre 

study ([18F]GE-179 PET excluded) in view of combining all of the acquired 

imaging modalities for a complete assessment of epileptogenesis and for 

the development of targeted treatments. 

Future directions include integrating the work of this thesis (rs-fMRI and 

ASL) with the findings obtained from the [18F]GE-179 PET data (analysed 

by another fellow). This will initially involve assessing the results obtained 

from these modalities (rs-fMRI, ASL and [18F]GE-179 PET) in a subgroup 

of patients (TLE) to identify areas of agreement and cases where these 

modalities provide complementary information. A way to further combine 

these imaging modalities is represented by graph analysis, which has 

already been assessed for rs-fMRI and ASL (ref. Chapter 6). The 

methodology developed in this Chapter can be easily translated to 

[18F]GE-179 PET to quantify topological changes associated to glutamate 

metabolism. At the same time, the developed methodology can be 

extended to include dynamic FC changes (ref. Chapter 2.2.4). This is of 

particular interest in epilepsy where network changes across time might be 

associated with seizure generation and spread.  
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In terms of single-subject analysis, this multi-modal dataset provides a 

heterogeneous group of focal refractory epilepsy patients (of which the 

more homogeneous TLE subgroup was considered in this thesis). In 

addition to the integration of imaging modalities, as stated above, it would 

be interesting to move from group comparison to single-subject analysis 

(as done in Chapter 3), by taking advantage of the heterogeneity of this 

dataset. Having identified robust features, one can compare those 

between one patient and the corresponding HC.  

The long term aim of this work involves scaling up this multi-modal study 

by considering all the available imaging modalities of this clinical trial and 

those available at UCLH (structural MR, rs-fMRI, ASL, single-photon 

emission computed tomography [SPECT], PET, MRS) to assess the brain 

structure, perfusion and metabolism in epilepsy. All these data or 

associated features can be combined in a machine learning framework 

with the aim of classifying epilepsy patients, identifying the seizure focus 

location and predicting outcome, using pre- and post-surgical data. The 

quantitative and computerised integration of these data could eventually 

provide an augmented reporting tool to be used in multi-disciplinary team 

(MDT) meetings to direct the current visual and qualitative assessment of 

epilepsy patients, at the single-subject level. This in turns can help 

identifying the appropriate treatment and thus, decreasing the impact that 

seizures currently have on patients’ quality of life.  

To conclude, multi-parametric and multi-modal imaging analyses benefit 

from the strength of each modality as well as their inter-relationships in a 

combined, rather than separate way (Sui et al., 2013). The application of 

this approach to neurological disorders allows the extraction of information 

and to link patterns that can only be identified by the joint analysis across 

multi-modal datasets, allowing to differentiate patient groups and guide 

treatment (Calhoun and Lemieux, 2014). Machine learning, given its ability 

to deal with large and multidimensional datasets and to identify hidden 

patterns in the data, represents a promising way to realise this vision. 

Efforts are needed to further validate these models and to translate them 
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to clinical practice for direct patients’ benefits. To this end, the broad 

outcome of my PhD was to develop and validate specific methodologies 

for the analysis of multi-parametric datasets which are commonly acquired 

on PET/MR scanners, in both clinical and research settings. 
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Appendix A  

A.1 Patient’s Demographics 

Table A.1: Demographic and clinical information of the patient population analysed in this study (Chapter 3). The histological information is 
reported only when available after surgical resection. 

 
Subject 

 
Sex 

Age at PET 
(years) 

 

Location Defined by 
MDT Meeting 

 
MRI lesion 

 
Histology 

E1 M 14 Right frontal (cingulate) Subtle cortical dysplasia in right 
cingulate gyrus 

Presumed dysplasia type 
2. Small sample making 
diagnosis complex 

E2 M 10 Reported as normal Left hemisphere is smaller (particularly 
temporal lobe) 

 

E3 M 8 Right frontal Venous abnormalities. No focal cortical 
dysplasia 

 

E4 M 9 Right frontal and left 
temporal 

Negative  
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E5 F 13 Right anterior temporal Slightly reduced brain volume, negative 
otherwise 

Reactive changes and 
evidence of acquired 
cortical and WM damage 
No evidence of an 
underlying lesion to 
explain epilepsy 

E6 M 8 Right temporal Negative  
E7 M 7 Left temporal Left mesial temporal sclerosis Hippocampal sclerosis, 

granular cellular dispersion 
E8 F 15 Right anterior temporal Negative The tissue shows reactive 

changes many of which 
are related of the 
placement of intracranial 
electrodes. No diagnostic 
features 

E9 F 16 Left frontal Negative  
E10 F 15 Left temporal Lesion in left mesial temporal lobe 

(extend to left hippocampus and 
parahippocampal gyrus)  

Parahippocampal gyrus: 
low grade glioneuronal 
tumour favouring a 
ganglioglioma (WHO 
grade I) 

E11 F 17 Multifocal (bilateral 
temporal) 

Some poverty of grey-white matter 
differentiation in the right temporal lobe 
(uncertain significance) 

 

E12 F 16 Right frontal Blurring of the cortical and WM junction 
involving the left occipital temporal gyrus 
and the inferior parietal lobule, for 
cortical dysplasia. No other 

Reactive changes and 
some acquired damage 
(invasive monitoring). No 
diagnostic evidence of a 
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abnormalities (2009 and negative on 
later scans) 

malformation or underlying 
pathology 

E13 F 17 Left anterior temporal Suspicious area of possible abnormal 
sulcation with prominent cortical vein in 
the left parietal lobe (possible dysplasia) 

Non-specific features that 
are frequent in patients 
with seizures (WM 
vascular changes and 
Chasiln’s changes). No 
specific diagnostic 
features 

E14 F 6 Multifocal Loss of brain volume (pronounced in 
cerebellum). Negative 

 

E15 M 11 Reported as normal Negative  
E16 F 11 Left anterior temporal Prominence in the right choroid fissure, 

no specific features of mesial temporal 
sclerosis. No lateralising or localising 
features 

Temporal lobectomy, 
hippocampal sclerosis 
(ILAE type 1) and granular 
cell dispersion 

E17 F 9 Left frontal Left cerebral volume loss. Left 
hemisphere posterior frontal and 
perisylvian volume loss (Rasmussen’s 
encephalitis) 

 

E18 M 12 Left frontal Focal cortical dysplasia (IIB) left middle 
frontal gyrus 

Focal cortical dysplasia 
type 2b 

E19 M 6 Right parietal Left frontal lobe possible focal cortical 
lesion, small foci of deep WM signal 
change in the peritrigonal regions 
(mature gliotic scars) 

No characteristics of focal 
cortical dysplasia, small 
scar. Further examination 
requested 

E20 F 9 Right parietal (patchy) Asymmetry of GM differentiation and 
WM signal, poorer in the right frontal 
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lobe. No convincing evidence of focal 
cortical dysplasia 

E21 M 16 Left posterior temporal Malformation of cortical development 
focal cortical dysplasia left temporal 
sulcus with features of focal cortical 
dysplasia 2b (signal abnormality 
extending to the ventricular margins) 

Focal cortical dysplasia 
type 2b 

E22 M 8 Right frontal Right frontal lobe lesion (middle frontal 
gyrus). Abnormal signal within the cortex 
along the superior longitudinal fissure 
and widening of the sulcus 

 

E23 F 17 Right anterior temporal Right mesial temporal sclerosis Hippocampal sclerosis 
(ILAE type 1) with granule 
cell dispersion 

E24 F 8 Right temporal Mature brain injury to the adjacent right 
temporal lobe and frontal lobe 

Cortical and WM 
calcification, granule cell 
dispersion, hippocampal 
sclerosis (ILAE type 2) 

E25 M 17 Right temporal Negative  
E26 F 17 Left temporal lobe Left mesial parietal cortical dysplasia 

and diffuse left temporal lobe 
abnormalities (left mesial temporal lobe 
sclerosis) 

Hippocampal sclerosis 
(ILAE type 1), granular cell 
dispersion and mossy fibre 
sprouting 

E27 M 10 Left posterior insula and 
post-central 

Negative Thermal coagulation 

E28 F 7 Left parietal operculum 
and insula 

Abnormal cortical folding in the left 
parietal operculum, plus blurring of grey-
white matter junction which is consistent 

Focal cortical dysplasia 
type 2b 
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with cortical dysplasia. More extensive 
bilateral malformation 

E29 F 16 Right 
temporal/parietal/occipital 

Porencephalic dilatation of the right 
lateral ventricle with gliosis of the right 
occipital lobe. The right cerebral 
hemisphere is smaller than the left 

Segmental neural loss and 
gliosis in the hippocampus 

E30 M 17 Left anterior temporal Left cerebral hemisphere is smaller than 
the right (particularly temporal lobe). 
Blurring of the cortical grey and 
subcortical WM in the anterior temporal 
pole of the left with associated 
hippocampal sclerosis (might be focal 
cortical dysplasia) 

Hippocampal sclerosis 
(ILAE type 1) with granule 
cell dispersion and mossy 
fibre sprouting 

E31 F 12 Multifocal Mild while matter bulk with mild 
prominence of the lateral ventricles and 
a thin corpus callosum, in keeping with 
developmental delays. Small non-
specific left thalamic scar 

 

E32 F 10 Left precuneus/parietal Mature region of damage with cortical 
and WM scarring in the left mesial 
parietal lobe which is non-specific but 
could be old infract. Few smaller foci of 
signal abnormality in the deep WM of the 
right frontal lobe, these are not specific 

 

E33 M 15 Left occipital Area of blurring of the grey-white matter 
junction in the left mesio-occipital region 
(focal cortical dysplasia) 

 

E34 M 6 Multifocal Negative  
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E35 F 16 Multifocal Small lesion in the medial aspect of the 
left thalamus, which is non-specific 

 

E36 F 9 Right frontoparietal Blurring of the grey-white matter 
interfaces involving the right frontal lobe 
and including the frontal opercular 
region, most marked in the superior 
frontal gyrus 

 

E37 M 10 Left post central gyrus 
around motor cortex 

Negative  

E38 M 16 Right frontal Negative  
E39 F 17 Patchy right hemisphere Negative  
E40 M 6 Right temporal Patchy, posterior, in temporal pole 

myelination not complete on both sides, 
more on the right. Abnormalities in WM 

 

E41 M 16 Multifocal (bilateral hypo-
metabolism) 

Signal in the right temporal WM and right 
hippocampus are slightly brighter than 
the left side, but this can be seizure 
related. No cortical malformation, no 
changes in hippocampi, no abnormal 
diffusion in brain parenchyma 

 

E42 M 14 Multifocal (bilateral hypo-
metabolism) 

Right hemisphere is slightly smaller than 
the left. Immaturity in myelin maturation 
in the right hemisphere, with poor grey-
white matter differentiation (anterior right 
temporal lobe and anterior parts of the 
perisylvian cortex) 

 

E43 F 9 Multifocal (left Negative  
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lateralisation) 
E44 F 9 Left temporal Negative  
E45 F 16 Multifocal (bilateral 

temporal) 
Motor cortices a bit abnormal, subtle 
right motor cortex strip 

 

E46 F 16 Right hemisphere Enlarged ventricles and swollen right 
hemisphere. Non-progressive atrophy of 
the right frontal lobe and the right 
operculum 
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A.2 Patient’s Diagnosis and Corresponding Areas 
Detected 

Table A.2: Clinical diagnosis of each patient and corresponding area/s 
highlighted by Scenium and SPM8 pipelines. The cases of disagreement are 
reported in red. 

 

Subj. 

Location Defined by 
MDT Meeting 

 

Results Scenium 

 

Results SPM8 

E1 Right frontal (cingulate) Right parietal Posterior right 

frontal  

E2 Reported as normal Multifocal Right frontal 

E3 Right frontal Right frontal Right frontal 

E4 Right frontal and left 

temporal 

Bilateral frontal Right frontal and 

left temporal 

E5 Right anterior temporal Left central/parietal Right anterior 

temporal 

E6 Right temporal Right temporal Left temporal 

E7 Left temporal Left frontal Left temporal 

E8 Right anterior temporal Right temporal Right temporal 

E9 Left frontal Left frontal Left frontal + 

others Parietal 

E10 Left temporal Left temporal Left temporal 

E11 Multifocal (bilateral 

temporal) 

Multifocal Multifocal 

E12 Right frontal Left temporal Left temporal 

E13 Left anterior temporal Left temporal Left temporal 
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E14 Multifocal Multifocal Multifocal 

E15 Reported as normal Left temporal Left temporal 

posterior 

E16 Left anterior temporal Left temporal Left temporal 

E17 Left frontal Left frontal Left frontal 

E18 Left frontal Left frontal Normal 

E19 Right parietal Left frontal  Left 

operculum/tempor

al 

E20 Right parietal (patchy 

bilateral) 

Patchy bilateral Patchy bilateral 

E21 Left posterior temporal Left temporal Left temporal 

E22 Right frontal Left temporal Right frontal 

E23 Right anterior temporal Right temporal Right temporal 

E24 Right temporal Right temporal Right temporal 

E25 Right temporal Right temporal Right temporal 

E26 Left temporal Left temporal Left temporal 

E27 Left posterior insula and 

post-central 

Left central/ Left posterior 

insula and post-

central 

E28 Left parietal operculum 

and insula 

Left frontal Left parietal 

operculum and 

insula 

E29 Right 

temporal/parietal/occipit

al 

Right occipital 

parietal 

Right occipital 

temporal (wider) 

E30 Left anterior temporal Left parietal Left temporal 

(wider) 
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E31 Multifocal Multifocal Multifocal 

E32 Left precuneus/parietal Left parietal Left 

precuneus/parietal 

E33 Left occipital Normal Left occipital 

E34 Multifocal (right 

hemisphere) 

Multifocal Multifocal (right 

hemisphere) 

E35 Multifocal Multifocal Multifocal 

E36 Right frontoparietal Right frontoparietal Right 

frontoparietal 

E37 Left post central gyrus 

(motor) 

Left frontal Left post central 

gyrus 

E38 Right frontal Normal Left frontal 

E39 Patchy right hemisphere Patchy right Patchy right 

hemisphere 

E40 Right temporal Right temporal Right temporal 

E41 Bilateral hypo-

metabolism 

Bilateral hypo-

metabolism 

Bilateral hypo-

metabolism 

E42 Bilateral hypo-

metabolism 

Bilateral hypo-

metabolism 

Bilateral hypo-

metabolism 

E43 Left hemisphere (not 

clear) 

Left hemisphere Left hemisphere 

E44 Left temporal Normal Left 

posterior/parietal 

E45 Bilateral temporal Bilateral temporal Bilateral temporal 

E46 Right hemisphere Right hemisphere Right hemisphere 
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A.3 Qualitative Feedback GOSH 

“Before Bianca developed the method, we had no quantitative analysis of 

PET data. PET in the context of epilepsy is usually performed in children 

with no obvious lesion on MRI. Qualitative assessment in such situation, 

even by the experts is prone to subjective bias and may result in false 

positive or false negative report based on the information provided to 

them. I found the quantitative assessment developed by Bianca a very 

useful addition to our epilepsy surgery program and we will continue to 

use it as an additional tool in the work of children for potential epilepsy 

surgery” – Dr Suresh Pujar, Consultant Paediatric Neurologist 

“It is perhaps fair to say that your contribution to the ESM discussion has 

been most valuable, as it helped to quantify the evidence for PET 

abnormalities in each case. Your presentations are very much missed 

now, that you have moved on to writing up. We hope that your processing 

pipeline will become available for routine use in the programme!” – Prof 

Torsten Baldeweg, Professor of Developmental Cognitive Neuroscience 
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Appendix B  

B.1 Summary of Datasets 

Table B.1: Summary of the acquisition/s for each subject (HC and L and R TLE 
patients). For every subject, I indicated whether each acquisition has been 
carried out: yes (Y) yes) or no (NA: not available). These data have been used in 
different Chapters of this thesis: rs-fMRI (Chapter 4 & 6), PASL (Chapter 5 & 6) 
and pCASL (Chapter 5), as highlighted in the “Relevant Chapters” column. Of 
note, the task fMRI dataset, described in Chapter 4 has been excluded from this 
table as it represents a separate dataset which was only included in Chapter 4. 

  
Rs-fMRI 
BOLD PASL pCASL Relevant Chapters 

          
Healthy 
Subjects         
      
Subj001 Y Y NA Ch. 4, 6 
Subj002 Y Y NA Ch. 4, 6 
Subj003 Y Y NA Ch. 4, 6 
Subj004 Y Y NA Ch. 4, 6 
Subj005 Y Y NA Ch. 4, 6 
Subj006 Y Y NA Ch. 4, 6 
Subj007 Y Y NA Ch. 4, 6 
Subj008 Y Y NA Ch. 4, 6 
Subj009 Y Y NA Ch. 4, 6 
Subj010 Y Y NA Ch. 4, 6 
Subj011 Y Y Y Ch. 4,5,6 
Subj012 Y Y Y Ch. 4,5,6 
Subj013 Y Y Y Ch. 4,5,6 
Subj014 Y Y Y Ch. 4,5,6 
Subj015 Y Y Y Ch. 4,5,6 
Subj016 NA Y Y Ch. 5 
Subj017 NA Y Y Ch. 5 
Subj018 NA Y Y Ch. 5 
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Subj019 NA Y Y Ch. 5 
Subj020 NA Y Y Ch.5 
Subj021 Y NA NA Ch. 4 
Subj022 Y NA NA Ch. 4 
Subj023 Y NA NA Ch. 4 
Subj024 Y NA NA Ch. 4 
Subj025 Y NA NA Ch. 4 
      
LTLE          
LTLE001 Y Y NA Ch. 6 
LTLE002 Y Y NA Ch. 6 
LTLE003 Y Y NA Ch. 6 
LTLE004 Y Y NA Ch. 6 
LTLE005 Y Y NA Ch. 6 
LTLE006 Y Y NA Ch. 6 
LTLE007 Y Y NA Ch. 6 
LTLE008 Y Y NA Ch. 6 
LTLE009 Y Y NA Ch. 6 
      
RTLE     
      
RTLE001 Y Y NA Ch. 6 
RTLE002 Y Y NA Ch. 6 
RTLE003 Y Y NA Ch. 6 
RTLE004 Y Y NA Ch. 6 
RTLE005 Y Y NA Ch. 6 
RTLE006 Y Y NA Ch. 6 
RTLE007 Y Y NA Ch. 6 
RTLE008 Y Y NA Ch. 6 
RTLE009 Y Y NA Ch. 6 
RTLE010 Y Y NA Ch. 6 
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Appendix C  

C.1 tSNR Distribution Additional ROIs, Task fMRI 

 

Figure C.1: Distribution of mean tSNR values across subjects, for the seven pre-
processing pipelines. The mean tSNR values were calculated across 
representative ROIs, known to be active (L_Par, L_TL, R_IFG, SubCortical, 
SMA) and de-active (DMN_Post, DMN_Front) in a VF paradigm. A similar tSNR 
trend was observe across all the ROIs considered. This figure is adapted from De 
Blasi et al., 2020 (De Blasi et al., 2020). 
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C.2 tSNR P-values Additional ROIs, Task fMRI 

 

Figure C.2: Graphical representation of the p-values resulting from the statistical 
comparison of mean tSNR values, for every pipeline in task fMRI in all 
activation/deactivation ROIs considered (reading row first and then column). The 
comparisons which were not statistically significant are reported in white. Hot/cold 
colours were assigned to p-values corresponding to positive/negative t-values 
when each pipeline in the row is compared to the one in each column. This figure 
is adapted from De Blasi et al., 2020 (De Blasi et al., 2020). 
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Appendix D  

D.1 Patient’s Demographics 

Table D.1: Demographic and clinical information of the L and R TLE patients considered in this study (Chapter 6).  

  Sex 
Age at Scan 

(y) 
Epileptogenic 

Area 
Duration of 

Epilepsy 
Overall Seizure 

Frequency Type MR Lesion Location Lesion 
            

LTLE            
        

LTLE001 M 58 
Left Inferior 
Temporal 28 4 Lowgrade primary neoplasm 

Left inferior temporal 
gyrus 

LTLE002 F 46 
Left Temporal 
(i.e. amygdala) 39 4 

Lowgrade primary tumour, 
ganglioglioma or hamartoma Left amygdala 

LTLE003 M 25 
Left Medial 
Temporal 9 31 Lowgrade primary neoplasm Left medial temporal 

LTLE004 F 36 
Left Medial 
Temporal 26 7.5 NA NA 
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LTLE005 M 21 Left Temporal 5 25 NA NA 

LTLE006 M 19 
Left Inferior 
Temporal 3 0 

Cystic, lobulated intrinsic 
mass, most likely lowgrade 

glioneural tumour, i.e. 
ganglioglioma 

Left anterior and mid 
temporal lobe involving 

inferior frontal gyrus 
LTLE007 M 54 Left Temporal 31 4 NA NA 

LTLE008 F 49 
Left Anterior 

Temporal 23 12 Encephalocele 

Left middle cranial 
fossa involving the 

temporal pole 

LTLE009 M 34 Left Temporal 14 95.2 

Tumour, presumed low-
grade glioma or glioneural 

neoplasm Left fusiform gyrus 
            

RTLE           
        

RTLE001 M 31 

Right 
Temporal (i.e. 

amygdala) 3 0.75 Cavernoma 
Right amygdala, ventral 

hippocampal head 

RTLE002 M 59 
Right 

Temporal 9 18 NA NA 

RTLE003 F 36 
Right Medial 

Temporal 9 52 NA NA 

RTLE004 M 44 
Right 

Temporal 30 4 FCD Type III 
Right anterior temporal 
(temporal pole) 

RTLE005 F 52 
Right Inferior 

Temporal 23 4.5 
Multicystic lesion with 
calcification DD DNET 

Right inferior parietal 
lobe with extension into 
posterior aspect of right 
superior temporal gyrus 

RTLE006 F 63 
Right Medial 

Temporal 12 1.5 NA NA 
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RTLE007 F 45 
Right Medial 

Temporal 36 16 

Nodular heterotopia, 
probably not related to 
epilepsy Frontal horns bilaterally 

RTLE008 M 25 
Right Medial 

Temporal 7 20 

Hyperintense lesion of 
hippocampus, does not 
seem to be sclerotic Right hippocampus 

RTLE009 M 24 
Right 

Temporal 22 38 
FCD with blurring and 
thickening of cortex 

Right tempora pole, 
parahippocampal gyrus, 
fusiform gyrus 

RTLE010 M 56 

Right 
Temporal (i.e. 

amygdala) 49 5 

Enlarged T2 hyperintense 
amygdala with associated 
local subcortical signal 
abnormality extending 
anteriorly to the temporal 
pole 

Amygdala right and 
local subcortical 
structures extending to 
the temporal pole 
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D.2 Examples of Zig-zag Pattern of the Baseline Perfusion Signal 

 

Figure D.2: Examples of baseline perfusion signal, displaying the characteristic zig-zag pattern. The output from MELODIC FSL is reported for 
two representative subjects (Subj002 and Subj012). The first column reports the spatial maps of the baseline perfusion IC: showing diffusive 
signal. The second column shows the corresponding time courses (red) and power spectral density (blue). The former displays the 
characteristic zig-zag pattern. The latter shows frequencies > 0.1 Hz. This component was retained for further analyses. 



   293 

D.3 Additional Thresholds for Clustering 
Coefficient in Healthy Controls 

 

Figure D.3: Clustering coefficient estimated from rs-fMRI (red) and ASL (blue) for 
every functional system, averaged across subjects. Significant increased 
clustering coefficient was found in ASL in the Limb system for all thresholds 
(highlighted with an asterisk symbol [*]). 

**

**
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D.4 Summary Statistics for tSNR, Strength and CBF 

Table D.4: Summary of the post-hoc statistics for tSNR, strength and CBF in HC. Values of each measure and modality (rs-fMRI and ASL) were 
compared across all systems (pairwise comparisons). The p-values of each comparison (Bonferroni-corrected) are reported, highlighting in red 
those which were statistically significant. Specific differences were reported for each measure. However, the Limb was the only system which 
showed consistently lower values across all metrics. 

 

tSNR                                   
                  
        Resting-state fMRI             ASL         
                                    
 Vis SM DA VentAtt Limb Cont DMN SubCort  Vis SM DA VentAtt Limb Cont DMN SubCort 
Vis  10.55 0.65 6.64 3E-04 0.42 0.18 0.43   0.37 2.57 3E-05 1E-04 0.01 0.004 4E-05 
SM   0.002 8.84 1E-05 0.15 0.02 0.24    8.04 0.002 3E-05 2.63 10.61 0.009 
DA    5E-04 3E-06 1E-05 1E-06 4E-04     0.005 3E-06 0.03 1.46 0.002 
VentAtt     7E-06 0.04 4E-05 0.56      1E-06 0.11 0.52 0.82 
Limb      3.E-04 2E-04 5E-05       3E-07 1E-07 1E-06 
Cont       4.29 27.66        15.02 0.03 
DMN        15.20         0.01 
SubCort                  
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Strength                                   
        Resting-state fMRI             ASL         
                                    

 Vis SM DA VentAtt Limb Cont DMN SubCort  Vis SM DA VentAtt Limb Cont DMN SubCort 
Vis  6.59 6.93 25.26 3E-04 4.80 19.60 0.02   13.2 7.95 24.73 2E-06 1E-05 6E-04 5.93 
SM   0.57 5.37 3E-04 0.47 5.16 3E-04    0.94 4.85 5E-05 0.004 0.05 7.05 
DA    1.16 7E-04 20.92 2.97 7E-04     7.69 1E-05 8E-04 0.38 23.06 
VentAtt     4E-05 0.80 19.84 2E-06      1E-05 3E-04 0.02 11.57 
Limb      4E-04 1E-04 9.99       8E-04 8E-05 6.2E-05 
Cont       2.5133 9E-04        0.48 0.14 
DMN        0.002         1.02 
SubCort                  
                   
CBF                                   
                                    
  Vis SM DA VentAtt Limb Cont DMN SubCort                   
Vis  0.067 3E-04 0.89 4E-07 0.02 0.16 0.06          
SM   6.65 1.29 2E-03 11.49 2.13 17.22          
DA    0.27 5E-04 0.15 0.02 4.10          
VentAtt     3E-04 4.13 24.11 2.30          
Limb      6E-05 2E-05 7E-05          
Cont       0.10 23.14          
DMN        1.30          
SubCort                                   
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D.5 Additional Thresholds for Clustering 
Coefficient in TLE Patients 

 

Figure D.5: Clustering coefficient for every functional system in HC and TLE 

patients. Clustering coefficient estimated from (A) rs-fMRI and (B) ASL is 

reported in the case of HC (red), LTLE (cyan) and RTLE (blue) patients. 

Significant differences with respect to HC are highlighted with an asterisk symbol 

of the colour of the corresponding TLE group (i.e. [*] for LTLE and [*] for RTLE). 

A. Rs-fMRI 

* * * * **

** * * * *

B. ASL

**
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D.6 Additional Thresholds for Correlation of Graph 
Metrics with CBF  

 

Figure D.6: Correlations between CBF and graph metrics estimated from rs-fMRI 

(left) and ASL (right) at graph thresholds 35% to 50%. For each group (HC [red], 

LTLE [cyan], RTLE [blue]), the correlation between three main graph metrics 

(node degree, betweenness centrality and local efficiency) and the CBF of each 

node (averaged across subjects) is reported. Filled bars correspond to significant 

correlation (p-value < 0.05) while empty bars show correlations which were not 

statistically significant. As for the other thresholds, the clustering coefficient was 

not reported as a correlation of zero was found for the ASL data. CBF and graph 

metrics were generally correlated with higher r-values for ASL than rs-fMRI, apart 

from local efficiency showing very low values (around zero) for ASL. 

Rs-fMRI ASL
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