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Abstract

Background: Data analysis in functional magnetic resonance imaging (fMRI) is typically

performedusingmodel-basedmethods such as the general linearmodel, whose detection

power is limited by the models’ complexity. The field of fMRI has started adopting data-

driven approaches. This includes the Vogt-Bailey index, which has not been tested across

pulse sequences.

Objectives: The study aimed to assess functional activation in fMRI across pulse sequences

using the Vogt-Bailey index, and benchmark the results against the general linear model.

Methodology: A cohort of 10 research volunteers were scanned in a 3T magnetic reso-

nance imaging (MRI) scanner using 3 separate pulse sequences employing voxels of vol-

umes 1.83mm3, 23mm3, and 2.53mm3 respectivelywhile performing a block-design finger

tapping experiment. The datawas analysedwith the Vogt-Bailey index and the general lin-

ear model. The brain activation maps obtained for each sequence were compared using

the Dice-Sørensen coefficient, and the results from the two techniques were compared

using the Overlap coefficient.

Results: Applying the Vogt-Bailey index on spatially smoothened data enhanced confor-

mance to the general linear model, with moderately-high Overlap coefficients (0.4 to 0.7).

Applying the Vogt-Bailey index on unsmoothened data producedmore specific results, ex-

hibiting less conformance to the general linear model, with low-moderate Overlap coef-

ficients (0.2 to 0.3). The functional activation detected by the general linear model was

only a subset of that detected with the Vogt-Bailey index. Overall, the results of the gen-

eral linear model were more reproducible across sequences with moderately-high Dice

coefficients (0.6 to 0.7).

Conclusions and Recommendations: Spatial smoothing of the 2.53mm3 data may be ap-

plied prior to the Vogt-Bailey analysis for higher conformance to the general linear model.

Alternatively, for somatotopic evaluations, the Vogt-Bailey analysis may be applied on un-

smoothened higher resolution data. The results require further validation across a larger

cohort of subjects.

Keywords—Medical Imaging, Functional MRI, pulse sequences, Data Analysis, Vogt-Bailey index, gen-

eral linear model
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1 Introduction to the study

1.1 Introduction

This chapter presents the problem statement, background and context, objectives, scope, summary of

research methodology, ethical considerations and relevance of the study.

1.2 Problem statement

Traditionally, fMRI studies utilised a model-based approach for analysing neuronal activation (hereafter

functional activation) in the cortex (Stroman, 2016, p. 195). Recently, the field of fMRI has made strides

towards more data-driven methodologies. This includes the Vogt-Bailey (VB) index, a locally developed

data-driven method. However, the VB index has not yet been rigorously tested across different pulse

sequences, particularly across different voxel volumes. Furthermore, the fMRI sequences currently in

use have poor spatial resolution using larger voxel volumes to maintain adequate signal-to-noise ratio

(SNR) (Triantafyllou et al., 2005). Larger voxels lead to increased susceptibility to the partial volume

effect (PVE) limiting the accuracy by which functional activation may be localised (Hu & Glover, 2009).

Therefore, rigorous examination of functional activation analysis with the VB index for various voxel

volumes is required, which could lead to the optimisation of the pulse sequences used.

1.3 Background and context

1.3.1 Data analysis in Functional MRI

Methodological approaches to the study of functional activation in fMRI are categorised as eithermodel-

based or data-driven. Model-based methods are constructed upon a priori model, where the time

course signal of each voxel is statistically comparedwith a user-specifiedmodel (Stroman, 2016, p. 195).

The general linear model (GLM) is one notable example of model-basedmethods, and often utilises the

convolution of the experiment’s stimulus function with the hemodynamic response function (HRF) as a

priori model (Zang et al., 2004). However, model-based methods are limited by the fact that the HRF

varies across brain regions and individuals (Miezin et al., 2000) due to differences in neural activity,

heart rate, respiration, and baseline cerebral blood flow across different participants (Handwerker et

al., 2004). Alternatively, data-driven methods allow data to be the primary driver of results (Calhoun,
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2018). One such method, the VB index, makes use of a searchlight approach by calculating the local

correlation of each voxel’s temporal signal relative to its neighbours. Then, using spectral graph theory,

it defines the voxels in the searchlight as individual vertices connected together with edges weighted

according to their pairwise correlations (Bajada et al., 2020). Finally, the algorithm calculates the nor-

malised algebraic connectivity (VB index) of the graph, whosemagnitude determines the strength of the

graph’s connections. In other words, large VB indices point to correlated voxels and thus local functional

activation (Farrugia et al., 2022; Farrugia et al., 2024).

1.3.2 Functional MRI sequences

The accurate interpretation of any methodological approach following an fMRI study depends amongst

other factors on the optimisation of the pulse sequence which contains the timings and duration of

the Radio frequency (RF) and gradient pulses necessary for generating and localising the MR signal

(McRobbie et al., 2006, p. 31). The specific scanning parameters of the sequence depend on the specific

application of the fMRI study. In any case, the scanning parameters should be tweaked such that the

time series of images provided have adequate spatial resolution, contrast-to-noise ratio (CNR) and SNR

(Molloy et al., 2014). Ideally, the images are producedwithin a reasonable time-frame to ensure patient

comfort and to reduce motion related artefacts. However, the image quality parameters might not

always be positively related. Hence, despite being optimal to reduce the PVE, a high spatial resolution

could lead to an unsuitable reduction in the SNR. Therefore, the optimal fMRI sequence achieves a

balance between image quality parameters and also acquisition time (Stroman, 2016, p. 130).

1.4 Objectives of the study

The aim of the study was to assess functional activation in fMRI using different gradient-echo echo-

planar imaging (EPI) sequences with differing voxel volumes. The study was motivated by the fact that

the VB index has not yet been rigorously tested across different pulse sequences. The aim of the study

was achieved through the following objectives:

1. Develop three different pulse sequences with differing voxel volumes.

2. Test the sequences on a cohort of 10 research volunteers.

3. Compare image quality at each sequence.
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4. Analyse the data using the VB index, and a traditional model-based approach; the GLM.

5. Compare the results of each sequence qualitatively and quantitatively together.

6. Compare the results obtained with the VB index and the GLM qualitatively and quantitatively

together and with literature.

1.5 Scope of the study

The study was limited to a small cohort of 10 research volunteers. As a consequence of time limitations,

larger cohorts were not possible. The MRI data was gathered using the MRI scanner provided by the

University of Malta Magnetic Resonance Imaging (UMRI) platform.

1.6 Research methodology

The first portion of the study involved the development of three different gradient echo EPI pulse se-

quences with different voxel volumes to assess functional activation at increasing spatial resolution.

Then, a total of research 10 volunteers were recruited and scanned in three separate fMRI acquisitions

using the pulse sequences. During the scanning, the participants were subjected to a block design

finger-tapping experiment. The data was first preprocessed and then analysed using the GLM and the

VB index. The results obtained were compared qualitatively and quantitatively together across pulse

sequences and data analysis techniques. Quantitative comparison of image quality parameters such as

the SNR across the different sequences was also conducted.

1.7 Ethical considerations

The study made use of primary fMRI data acquired from 10 adult volunteers. The volunteers provided

informed consent prior to being scanned. The gathered data was pseudo-anonymised and personal

information such as names or identification numbers were not available to the researcher. Only the

principal supervisor could link the volunteer’s study code to their personal information, crucial in the

event of an abnormality. The study was approved by the University Research Ethics Committee of the

University of Malta.
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1.8 Relevance of the study

The relevance of the study for the various stakeholders is as follows:

1. For themedical physics profession; The study aims to assess the VB index across pulse sequences

which could help in designing more robust fMRI studies, further develop the VB index, and op-

timise local fMRI sequences. Ultimately, this could lead to the improvement in the quality of an

fMRI study. This work can also be of interest to those developing new data-driven approaches

for the analysis of fMRI data.

2. For patients, the study could enhance the accuracy by which functional activation in the brain is

determined and hence enhance the understanding of neurological and psychiatric conditions.

1.9 Conclusion

This chapter introduced the study. The next chapter provides a review of the literature. Chapter three

describes the researchmethodology used throughout the study, while chapter four presents the results.

Chapter five discusses the results obtained, and chapter six summarises themost important conclusions

of the study, proposes recommendations arising from the study, and provides suggestions for future

research.
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2 Literature review

2.1 Introduction

The study aimed to investigate functional activation analysis with the VB index across pulse sequences,

focusing primarily on the spatial resolution. Hence, this chapter presents the theoretical foundations of

the VB index, discusses typical fMRI sequences, and the scanning parameters that need to be modified

to permitmodification of the spatial resolutionwhilemaintaining adequate SNR and CNR. Furthermore,

a critical and comprehensive review of the literature will also be performed to investigate the typical

scanning parameters employed in fMRI sequences. To conduct the review, several electronic research

databases were used including Google Scholar, IOPscience, Scopus, and IEEE Xplore. The databases

were last consulted on 01/06/2024 and the review included articles published between 1960 and 2024.

The keywords used varied throughout the review, butwhen possible, the PICO frameworkwas followed.

As an example, some keywords used in the literature review included: “fMRI, Vogt-Bailey Index, pulse

sequences, spatial resolution, SNR”. Articles were included in the review if they were written in English,

and made use of BOLD fMRI. Conversely, articles were excluded if they contained inadequate method-

ology or had insufficient results. Articles were analysed according to 1) title, and year of publication, 2)

researchmethodology, andMRI system used, 3) number of participants or the type of phantoms tested,

4) results, 5) strengths and limitations of the study.

2.2 The Vogt-Bailey Index

The determination of functional activation in fMRI is preceded by an appropriate data analysis method,

which as mentioned in the introduction could be either model-based or data-driven. The study aims to

assess a locally developed data-driven algorithm, the VB index (Bajada et al., 2020; Farrugia et al., 2022;

Farrugia et al., 2024) across pulse sequences, particularly across voxel volumes. TheVB algorithm,which

makes use of spectral graph theory, iteratively goes over each voxel, considers the voxels’ neighbours,

and represents the local neighbourhood of voxels as vertices on a feature similarity graph. Edges join the

vertices (voxels) together, and the weighting assigned to each edge represents the similarity between

the fMRI time series signal of a pair of vertices. Figure 1 illustrates an example of a graphwhich contains

9 vertices, each representing a voxel. In this illustration, the vertices are connected by edges, and the

thickness assigned to each edge reflects the pairwise similarity between the time-series signal of the

vertices (voxels) connected by the edge.

MPH5008 Kristian Galea



2 Literature review Page 6

Figure 1. An illustration of a graph containing 9 vertices. Every vertex represents an individual voxel, and

the edges connecting the vertices represent the pairwise similarity between the fMRI time series of each

pair of voxels. In this simple illustration, thicker edges translate to more similarity (higher weighting).

All disconnected vertices are considered to be connected with a weight of zero.

The pairwise similarities (hence the weights of the edges) of the fMRI time series signal of each voxel

are computed using the Pearson correlation coefficient, and are represented via a similarity matrix (A).

Each element of the similarity matrix contains the weight (wij) of the edge connecting a vertex i with

another j. Considering the example illustrated in figure 1, the similarity matrix could be represented as

in (2.1) (Bajada et al., 2020).

A =



0 w12 w13 . . . w19

w21 0 w23 . . . w29

w31 w32 0 . . . w39

...
...

...
. . .

...

w91 w92 w93 . . . 0



(2.1)

Additional information of the graph is provided by the degree matrix (D), a diagonal matrix with each

element dij denoting the sum of the weights of the edges connecting to vertex i (von Luxburg, 2007).

Again, using the aforementioned example in figure 5, the degreematrix could be represented as in (2.2).
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D =



∑9
j=1w1j 0 0 . . . 0

0
∑9

j=1w2j 0 . . . 0

0 0
∑9

j=1w3j . . . 0

...
...

...
. . .

...

0 0 0 . . .
∑9

j=1w9j



(2.2)

Finally, both the similarity and degree matrices are combined to form the Laplacian matrix (L = D− A)

which provides a complete description of the graph. After formulating the graph of a local neighbour-

hood of voxels, the VB algorithm partitions the graph into a number of disjoint clusters (B,C, ...) such

that vertices which exhibit strong similarity (correlated time-series signals) are grouped together, but

separated from those with which they exhibit weak similarity. The VB algorithm partitions the graph in

a way that minimises the total weight that is “cut” during the partition, thereby removing the weakest

edges. Mathematically, the VB algorithm achieves this by minimising the Ratio cut function, which for

a two cluster partition is given by equation (2.3) (Farrugia et al., 2022).

Ratiocut(B,C) =

(
1

nB
+

1

nC

)∑
i∈B
j∈C

wij (2.3)

Where nB and nC denote the number of vertices in clustersB and,C respectively,wij are the weights

of the edges connecting vertices vi in subset B with vertices vj in subset C. Pictorially, using the pre-

vious example in figure 1, one could partition the graph as in figure 2 which minimises the total weight

of the edges cut by removing the weakest edges (in this example thinnest edges). As seen in figure 2,

this separates the graph into two disjoint clusters, with each cluster having strongly “bound” vertices.

The minimum value of the ratio cut function in equation (2.3) has previously been proven by Farrugia

et al. (2022) to be the second eigenvalue of the Laplacian matrix L, defined previously. In other words:

Min(Ratiocut) ≈ λ2 (2.4)

Previously, Fiedler (1973) termed λ2 the algebraic connectivity, since larger λ2 denote that the graph is

more strongly connected and hence harder to partition. In the VB algorithm, λ2, normalised between

0 and 1, is termed as the VB index. The VB algorithm computes the VB indices for each voxel across
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Figure 2. Using the previous example in figure 1, partitioning the graph in two subsets involves minimis-

ing the amount of weight that is cut.

the cortex using a searchlight approach. The VB algorithm considers a voxel at the centre of the search-

light (kernel), and takes into account the neighbouring voxels. The algorithm formulates the graph of

the neighbourhood by calculating the Laplacian, and determines the VB index of the Laplacian, which

is assigned to the voxel at the centre of the kernel. The VB algorithm then slides the kernel to the

adjacent voxel and repeats this process. This procedure is performed iteratively for each voxel in the

fMRI data, as highlighted in figure 3. In the context of functional activation analysis, a smaller VB index

points to weakly connected graphs, indicating that the time series signal of the local neighbourhood of

voxels is weakly correlated. Thus, low VB indices indicate non-synchronous changes in the fMRI signal

of the local neighbourhood of voxels. Conversely, higher VB indices correspond to local correlations

in the time-series signal of the neighbourhood voxels, which is synonymous to Local Homogeneity or

local functional connectivity. Local homogeneity measures in fMRI such as the VB index assume that

a neuronally active brain region is characterised by elevated local homogeneity (high VB index), which

reflects synchronous neural activity in the local brain region (Wu et al., 2009; Xu et al., 2019). Further-

more, the VB algorithm has also been termed as an edge-detection technique, since it looks for sharp

changes (boundaries) in the local functional organisation of the cortex (Farrugia et al., 2022).

2.3 Motivation of research

The VB index has not yet been tested rigorously across various pulse sequence. The study aims to anal-

yse functional activation with the VB index across pulse sequences with differing voxel volumes, which

could lead to the optimisation of the pulse sequences currently employed. Therefore, the remainder of
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the review will focus on discussing the typical pulse sequences employed in fMRI, and user-selectable

parameters which may be modified to permit changes in voxel volumes while maintaining adequate

SNR and CNR.

Figure 3. A simplified 2D workflow of the VB index. Considering the nearest neighbours of the voxel at

the centre of the searchlight, the affinity, degree, and Laplacianmatrices are computed. This is followed

by the VB index of the Laplacian. The kernel then moves on to the next voxel, putting for example voxel

b at the centre of the searchlight and so on.

2.4 Functional MRI pulse sequences

Neuronal activation is paired with an increase in oxygenated blood supply to the activated region, re-

sulting in a local reduction of deoxygenated blood. Blood oxygenation level dependent effect (BOLD)

fMRI indirectly measures neuronal activity by capitalising on local differences in the volumes of oxy-

genated and deoxygenated blood and the differences in magnetic susceptibility between oxygenated

blood which is diamagnetic, and deoxygenated blood which is slightly paramagnetic (Holdsworth &

Bammer, 2008). The net result is a local increase in the MR signal in regions with increased neural ac-

tivity (BOLD effect) which is modelled by the HRF illustrated in figure 4, and may be mapped using T ∗
2

weighted MRI (Buxton, 2009, p. 7).

There are two principal pulse sequences utilised in MRI: the spin-echo and gradient-echo sequences

(Stroman, 2016). Although spin-echo sequences potentially offer higher-quality images, they are sig-

nificantly less sensitive to the BOLD effect when compared to gradient-echo sequences, since gradient-

echo sequences have the capability of producing T ∗
2 weighted images (Norris, 2012). Therefore, most

fMRI studies are conducted with gradient-echo sequences (Holdsworth & Bammer, 2008). In addition
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Figure 4. The canonical Haemodynamic Response Function, which relates neural activity and the corre-

sponding change in the fMRI signal in the activated region. Adopted from: Rangaprakash et al. (2018)

licensed under CC BY 4.0.

to this, to speed up image acquisition, most fMRI studies utilise fast imaging techniques such as Echo

Planar Imaging (EPI) in conjunction with gradient-echo sequences (Volz et al., 2019).

2.4.1 Gradient-echo EPI

A chronogram containing the timings of the RF pulses and gradient fields in a typical gradient-echo EPI

sequence is illustrated in figure 5. As with conventional gradient-echo sequences, EPI sequences com-

mence through the simultaneous application of a slice selective RF pulse with a frequency bandwidth,

and a magnetic field gradient along the z-axis (Gz). Through the phenomenon of nuclear magnetic res-

onance, the magnetic moments of hydrogen nuclei within the slice are perturbed by some flip angle α

away from the static fieldB0 (Poustchi-Amin et al., 2001) and precess in phase, resulting in a precessing

transverse magnetisation vector as illustrated in figure 6 (McRobbie et al., 2006, p. 143). However, as a

consequence of T ∗
2 relaxation, the precession of the hydrogen nuclei dephase with time (Gossuin et al.,

2010).

After slice-selective excitation, phase (Gy) and frequency (Gx) encoding gradient fields applied along

the y-axis and x-axis respectively, localise the signal on the slice. The phase encoding gradient, turned

on briefly prior to sampling the MR signal, induces a spatially dependant phase change to the preces-

sion of the hydrogen nuclei (Currie et al., 2013). The frequency encoding gradient, applied during data

collection, consists of a negative lobewhich accelerates dephasing of the transversemagnetisation, and

a positive lobe which reverses dephasing. This brings the nuclei’s precession back into phase, forming a
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gradient echo, which constitutes the MR signal and is measured by a receiver coil (Jenkinson, M, 2018).

As a consequence ofGx, the Larmor frequency of hydrogen nuclei is also spatially dependent along the

x-axis. Consequently, signal localisation on the slice is achieved through the analysis of the echo’s phase

and frequency (Plewes & Kucharczyk, 2012).

In conventional gradient-echo sequences, a single pulse sequence acquires data from one slice and

from a single phase-encoding step. Thus, the pulse sequence is repeated several times for each slice.

However, EPI techniques employ a series of bipolar frequency-encoding gradients, forming a train of

gradient echoes as seen in figure 5. Using an accompanying phase-encoding gradient, each gradient-

echo is phase-encoded onto a subsequent phase encoding line (Poustchi-Amin et al., 2001). The time

elapsed from the application of the RF pulse to the point at which the central k-space line is sampled is

referred to as the time of echo (TE) (Bernstein et al., 2004). The main advantage of EPI is the ability to

capture all the phase encoding steps of a slice in a single sequence (single-shot EPI) (Jenkinson,M, 2018).

However, compared to conventional sequences, EPI sequences typically have poor spatial resolution

(Jezzard & Clare, 1999; Volz et al., 2019).

Figure 5. The gradient-echo EPI imaging sequence. Adapted from (McRobbie et al., 2006)

2.5 Scanning parameters of an fMRI pulse sequence

Pulse sequences are composed of several scanning parameters which may be altered prior to an MRI

study. The values of the scanning parameters have an effect on the SNR, CNR and spatial resolution

of the resulting time-series of images (Buxton, 2009, p. 78). Table 1 provides the median and range

of values of some major scanning parameters of a typical gradient-echo EPI sequence acquired from a
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Figure 6. The net magnetisation is initially aligned along the main magnet’s magnetic field (B0) i.e., the

z-axis (a). The RF pulse excites and flips the net magnetisation of the hydrogen nuclei by some angle α

away from the z-axis (b). In this case α=90◦

review of eight different fMRI studies (Dong et al., 2014; Liu et al., 2010; Rastegarnia et al., 2023; Shukla

et al., 2010; Tian et al., 2012; Uğurbil et al., 2013; R. Yuan et al., 2013; Zang et al., 2004). The study aims

to assess the VB index with pulse sequences having increasingly higher spatial resolution. Therefore,

the next portion of the review discusses the individual scanning parameters which need to be altered

to modify spatial resolution while maintaining adequate SNR and CNR.

2.6 Signal-to-noise ratio

One of themajor issues associated with the use of smaller voxels is the associated reduction in the SNR,

which varies linearly with the voxel volume (Triantafyllou et al., 2005). This may be one of the reasons

as to why most fMRI studies identified in table 1 used large voxels (3× 3× 3 mm3). The study intends

to assess functional activation analysis with the VB index across voxels of volumes that are typical in

fMRI studies, but also volumes that may be considered smaller than typical. Thus, to permit reductions

in the voxel volume, optimising SNR mediating parameters including the repetition time (TR), flip angle

and the readout bandwidth is required.

2.6.1 Repetition time

In fMRI, several volumes are sequentially collected over time to sample the time-varying BOLD signal

in activated brain regions. Thus, each slice in the volume is re-excited after some repetition time (TR)
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(Huettel et al., 2014). Most of the literature presented in table 1 used longer TR values (≥ 2000 ms) for

two main reasons. Firstly, longer TR values allow for greater recovery of the longitudinal magnetisation

(T1) that occurs between RF pulses, thereby maximising the SNR (Constable & Spencer, 2001). In ad-

dition to this, longer TR values permit the collection of more slices resulting in better brain coverage,

and a higher spatial resolution (L. Chen et al., 2015). However, one of the issues with longer TR values

is the reduction in the temporal resolution. The advent of acceleration techniques such as simultane-

ous multi slice (SMS) excitation, have made TR reductions without sacrificing brain coverage and spatial

resolution a possibility (Uğurbil et al., 2013). The major advantage associated with the use of a shorter

TR is the improvement in the temporal resolution due to a higher sampling rate, which improves the

statistical power of the results (Zhang et al., 2023).

The SNR of a single volume acquired with a short TR would be lower compared to that of a longer TR.

However, statistical inferences in fMRI as seen previously with the VB index are based on the variation

of the voxel’s signal over time. Hence, in fMRI the SNR of the fMRI time-series known as the temporal-

SNR (TSNR) is of primary importance (Welvaert & Rosseel, 2013). Jahanian et al. (2019) demonstrated

that since the number of fMRI volumes collected increases with shorter TR values, the TSNR increases

when the scanning time is kept fixed. Furthermore, both Constable and Spencer (2001) and McDowell

and Carmichael (2019) who evaluated functional activation in the brain for a range of TR values, rec-

ommended the use of shorter TR values (1 to 1.5 s) as it increased BOLD sensitivity, and improved the

statistical power of results. Conversely, sub-second TR values might be of little benefit primarily due to

the drop in the SNR and the fact that the temporal resolution is limited by the slowly evolving HRF seen

previously in figure 4 (Singh et al., 2002).

2.6.2 Flip angle

In conjunction with the TR, the SNR is also dependent on the angle (α) by which the RF pulse flips the

net magnetisation during excitation, as illustrated in figure 6. Generally, to maximise the SNR for a

particular TR, the flip angle in GRE-EPI sequences is defined to be equivalent to the Ernst angle (αE)

which could be calculated with the following equation (Ernst & Anderson, 1966):

cos(αE) = e
−TR
T1 (2.5)

As can be seen from equation 2.5, the Ernst angle is dependent on both the TR of the sequence and

T1 of the region under investigation. Since the TR used by most fMRI studies including those in table
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1 (≥ 2000 ms) is larger than the T1 of grey matter (≈ 1331 ms at 3T) (Wansapura et al., 1999), larger

flip angles (> 70◦) are often favoured. This is evident in the studies analysed in table 1, with the most

commonly used flip angle being 90◦.

One of the main issues with using large flip angles in fMRI is the increased contamination of inflow

artefacts to the fMRI signal. Inflow artefacts result due to the increased blood perfusion to neuronally

active regions, altering the apparent T1 of the brain. This differs from the BOLD contrast, which relies

on the relative change in the levels of oxygenated and deoxygenated blood and their differences in T ∗
2

(Glover et al., 1996). Both BOLD and inflow effects occur simultaneously, but preferentially the signal

change associatedwith infloweffects are reduced in BOLD fMRI through the use of long TR values, lower

flip angles (Gao et al., 1996), and simultaneous multi-slice excitation (Howseman et al., 1999).

Althoughmaximum SNR is achieved at the Ernst angle, both Gonzalez-Castillo et al. (2011), and Bodurka

et al. (2007) demonstrated that using flip angles which were slightly lower than the Ernst angle did not

result in significant reductions in the TSNR. In fact, Bodurka et al. (2007) showed that with a TR of

1000ms and for a high-resolution study (128 × 128 matrix), it was possible to reduce the flip angle

from the theoretical optimal value of around 62◦ to around 40◦ with minimal reduction in the TSNR.

This is important not only for reducing inflow effects, but also for reducing the specific-absorption rate

(SAR) and thus RF-induced patient heating. Furthermore, the use of low flip angles could enhance the

outcome of pre-processing steps such as registration and tissue segmentation, since lower flip angles

enhance contrast between different brain tissue types (Gonzalez-Castillo et al., 2011).

2.6.3 Readout bandwidth

Another parameter that mediates the SNR is the readout bandwidth (Hz/pixel) which defines the fre-

quency bandwidth from the echo signal transferred onto one voxel. Since noise is distributed across

all frequencies, the usage of larger bandwidths increase the proportion of noise in the image, which

lowers the SNR (Graessner, J., 2013). However, EPI sequences utilising smaller bandwidths are more

prone to magnetic susceptibility related artefacts and distortions (Jezzard & Clare, 1999). In fact, Zou et

al. (2005) demonstrated the slight increase in distortions in low bandwidth images (780Hz/pixel) com-

pared with high bandwidth images (1953Hz/pixel). Conversely, due to the increased SNR, Zou et al.

(2005) demonstrated an increase in BOLD sensitivity at lower bandwidths.
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2.7 Contrast-to-noise ratio

2.7.1 Time of echo

In addition to the SNR, another important image quality parameter in fMRI is the CNR, which is defined

as the change in the MR signal between rest and activated states relative to the noise in the image

(Stroman, 2016). The differences in T ∗
2 between activated and baseline states of the time series of

images in fMRI constitute the BOLD fMRI signal. However, the observed change in the signal between

baseline and activated states is on the order of a few percent, and often exceeds the intrinsic noise only

slightly (Jia et al., 2020; Krüger et al., 2001). Thus, optimising CNR mediating parameters such as the

time of echo (TE) improves the ability to detect small signal changes by amplifying the contrast between

BOLD signal changes and the noise (Schmitt et al., 2012).

Bandettini et al. (1994) andMenon et al. (1993) both demonstrated that the optimal CNR was achieved

when the TE equalled the T ∗
2 baseline relaxation constant of the region under investigation. How-

ever, the value for T ∗
2 varies across different brain regions, across subjects, and across magnetic field

strengths (L.-X. Yuan et al., 2021). The average value ofT ∗
2 for bothwhite and greymatterwas estimated

to be 49ms by Krüger et al. (2001) who measured T ∗
2 values across different brain regions and across

seven adult volunteers at a static magnetic field strength of 3 T. However, anatomical regions which

contain tissue with differing magnetic field susceptibilities such as in bone-brain barriers suffer from

susceptibility artefacts caused by a local reduction in the apparent T ∗
2 which reduces the SNR from the

affected region (Gorno-Tempini et al., 2002). Therefore, in order to counter the reduction in the SNR

caused by magnetic susceptibility effects, a lower TE is generally used in fMRI as analysed in table 1

where most studies used a TE equivalent to 30ms.

2.8 Spatial resolution

The study focused primarily on investigating functional activation with the VB across voxel volumes

which determine the spatial resolution of the fMRI image. The spatial resolution of an fMRI study de-

termines the accuracy by which neuronal activation is localised (Hu & Glover, 2009). Generally, the

voxels utilised in fMRI studies are larger than those employed with conventional structural MRI, which

translates to poorer spatial resolution (Buxton, 2009, p. 126). Most of the studies reviewed in table

1 employed larger voxels of volume 3×3×3mm3. Conversely, typical voxel volumes in structural MRI

of the brain are much smaller in the order of 1×1×1mm3 (Jenkinson et al., 2017, p. 49). The poorer

MPH5008 Kristian Galea



2 Literature review Page 16

resolution used typically in fMRI studies may be attributed to the use of EPI which, although provides

acceptable imaging times, sacrifices the spatial resolution of the resulting time-series of images (Jenk-

inson et al., 2017, p. 79).

One of the disadvantages associated with the use of large voxels is the increased susceptibility to the

PVE (Weibull et al., 2008), which in fMRI arises as a consequence of voxels being partially filled by both

neuronally active tissue and by non-active tissue, as illustrated in figure 7. Since the signal of each voxel

is the weighted average from the signals of all tissues encompassed by the voxel, the measured BOLD

signal fromeach voxelwould be substantially reducedwhen compared to the BOLD signalmeasured had

the activated volume encapsulated entirely a voxel (Du et al., 2014). In fact, Mintzopoulos et al. (2009)

demonstrated improved detection of BOLD signal when using higher spatial resolution. Furthermore,

the PVE limits the accuracy by which boundaries of neuronally active regions are delineated in fMRI (Du

et al., 2014).

Figure 7. Each voxel in the figure is only partially filled by BOLD activated tissue and due to signal aver-

aging, the measured BOLD signal at each voxel would be substantially reduced. Adapted from Du et al.

(2014)

The highly folded nature of the cerebral cortex further increases the probability that voxels encom-

pass heterogeneously functioning tissue, as illustrated in figure 8. The cortical folds entail that voxels

may encompass cortical structures that are much further apart than they actually appear (Ciantar et

al., 2022). Intuitively, this effect is mostly significant at the boundaries between neuronally active and

non-active regions, since voxels may encompass both active and non-active tissue. As discussed previ-

ously, the VB index searches for local correlations in the time-series signal of a local neighbourhood of

voxels. Consequently, the accuracy by which neuronally active regions are delineated in the VB index is

affected not only by the intrinsic signal averaging effects of the PVE but also by the fact that voxels at the

boundaries containing both neuronally active and non-active tissue may have a time-course signal that

correlates artificially with neighbouring voxels further blurring the edges. These artificial correlations
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were identified previously by Ciantar et al. (2022) particularly in areas which contained gyral folds.

The effects associated with the PVE can never be fully corrected for (Jenkinson et al., 2017, p. 62).

However, the PVE can be reduced by reducing the size of the voxels (Bodurka et al., 2007). The effects

associatedwith the PVEwere the primary reason as towhy the study focused on investigating functional

activation analysis with VB index across pulse sequences with different voxel volumes. Hence, the next

few subsections discussmethods onhow the size of the voxelsmaybe altered in a pulse sequence. Given

that typical fMRI sequences employ large voxels, particular emphasis is placed on methods which may

be used to reduce the size of the voxels and improve the spatial resolution.

Figure 8. The highly folded nature of the cortex ensures that the actual distance (geodesic distance)

between two gyri is much larger than the apparent (Euclidean) distance between them. Thus, the prob-

ability of voxels encompassing both gyri increases.

2.8.1 Voxel size

Spatial resolution is predetermined by the volume of the voxels which are themselves determined by

three user-selectable parameters: the matrix size, field of view (FOV), and the slice thickness. Typical

values for these parameters as defined in fMRI studies are given in table 1. The matrix size denoted by

NFE × NPE represents the total number of measurements made in the frequency encoding (NFE)

and phase-encoding (NPE) directions. On the other hand, the FOV is the area in mm2 covered by the

sampling matrix in the phase (FOVPE) and frequency (FOVFE) encoding directions and is denoted by

FOVFE × FOVPE . Finally, the depth of the voxel is determined by the slice thickness (Gossuin et al.,

2010). The voxel volume is related to these three user-selectable parameters according to equation

(2.6) (McRobbie et al., 2006, p. 56):

Voxel Volume =
FOVFE

NFE
× FOVPE

NPE
× Slice Thickness (2.6)

MPH5008 Kristian Galea



2 Literature review Page 18

Reducing the size of the voxels and achieving a higher spatial resolution requires the acquisition ofmore

phase-encoding and frequency-encoding steps, and the usage of thinner slices, as observed in equation

(2.6). In addition to this, the acquisition of more data points increases the readout time for each slice

and the scanning time for the entire imaged volume (Hu & Glover, 2009). Consequently, an increase in

the TR is required, which reduces the temporal resolution of the study.

Conventional approaches to improving the spatial resolution had focused on improving spatial resolu-

tion at the expense of temporal resolution or spatial coverage of the region of interest (Hu & Glover,

2009). For example, Frahm et al. (1993) improved the spatial resolution but sacrificed temporal reso-

lution by increasing the TR. Alternatively, Hoogenraad et al. (1999) increased the spatial resolution but

maintained consistent temporal resolution by reducing the number of imaged slices. However, acceler-

ation techniques such as partial Fourier imaging, parallel imaging, multi-shot EPI, multi-band methods

or a combination of them provide the possibility of increasing spatial resolution without sacrificing (at

least not significantly) both temporal resolution or spatial coverage.

2.8.2 Multi-shot EPI

Multi-shot EPI is a method which divides data acquisition of the EPI sequence into a number of seg-

ments. Therefore, instead of acquiring data from each slice in a single excitation, multi-shot EPI ac-

quires data from each slice over multiple excitations (Yun & Shah, 2017). Multi-shot EPI was employed

by Hoogenraad et al. (2000) who acquired a matrix size of 256×256 over a 256×256mm2 FOV by divid-

ing each slice acquisition over four shots, with each shot acquiring 64 phase and frequency encoding

lines, resulting in a 1×1mm2 in-plane resolution. However, a major disadvantage of multi-shot EPI is

the increased sensitivity to motion, both physiological or patient related as a consequence of the delay

between the acquisition of each segment. Consequently, multi-shot EPI sequences are more suscepti-

ble to ghosting artefacts. Apart from this, due to the segmentation of k-space acquisition, multi-shot

EPI require longer TR values reducing the temporal resolution (Berman et al., 2021).

2.8.3 In-plane and slice parallel imaging methods

Alternatively, the spatial resolution of the time series of images could be improved by incorporating

parallel imaging methods in the EPI sequence, which accelerates data acquisition and enables a higher

spatial resolution at a reasonable scanning time (Blaimer et al., 2004). Parallel imaging methods utilise

phased array coils, comprised of an array of coil elements surrounding the FOV, with each element con-
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taining an independent receiver system capable of reconstructing its own individual image (GE Health-

care, 2005). The coil elements individually undersample the FOV, acquiring fewer phase encoding steps

and accelerating data acquisition by the acceleration factor (R). However, as a consequence of the un-

dersampling, the acquired data is aliased and thus several parallel imaging methods have been devised

to reconstruct the data into an unaliased image. There are two reconstruction methods; those which

reconstruct the data in the image domain such as Sensitivity Encoding (SENSE), and methods which re-

construct the data in k-space such as Generalised Autocalibrating Partially Parallel Acquisition (GRAPPA)

(Larkman & Nunes, 2007).

In SENSE, each coil element generates an aliased image. By using the spatially dependent sensitivity pro-

files of the individual coil elements acquired in an additional reference scan, aliased signals of each pixel

are separated creating an unaliased full FOV Image (Pruessmann et al., 1999). Alternatively, k-space

based methods such as GRAPPA estimate the unsampled phase-encoding lines for each coil separately.

A Fourier transform then generates an individual unaliased image for each coil, which are combined

into a full FOV image (Griswold et al., 2002). Reconstructing parallel imaging data with GRAPPA is often

preferred in fMRI since it provides superior results when compared with SENSE whose time-series of

images aremore susceptible to artefacts and noise amplification, resulting in lower SNR (Preibisch et al.,

2008).

Fellner et al. (2009) applied GRAPPA for large 3 mm isotropic voxel sizes and noted that the usage of

GRAPPA produced images with less geometric distortions when compared to conventional EPI. This

result was further iterated by Mintzopoulos et al. (2009) for both smaller 2×2×3 mm3 and larger

3.1×3.1×5 mm3 voxels. However, both studies observed a reduction in the TSNR when compared

with conventional EPI. In fact, one of the major limitations of parallel imaging methods is the reduction

in the SNR which scales by
√
R as a consequence of the undersampling of phase-encoding lines (Lark-

man & Nunes, 2007). Despite the reduction in the SNR, Fellner et al. (2009) demonstrated minimal loss

in the BOLD signal sensitivity with GRAPPA at an R value of 2, while Mintzopoulos et al. (2009) saw an

increase in BOLD sensitivity at the high resolution study with GRAPPA at an R value of 3. These results

were also observed by Preibisch et al. (2008) who also demonstrated that an R value of 2 resulted in an

insignificant reduction in the BOLD sensitivity for 23mm3 resolution.

The aforementioned studies demonstrate that in-plane parallel imagingmethods could be beneficial for

EPI image quality, and low R values do not seem to impact BOLD sensitivity significantly. However, par-

allel imaging methods may not significantly impact the speed of whole brain coverage. This is because

although parallel imagingmethods skip phase-encoding steps, a suitable TE (30ms at 3 T) is still required

to ensure optimal CNR (Feinberg & Setsompop, 2013). Furthermore, GRAPPA requires the acquisition
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of reference phase-encoding lines to assist the reconstruction, which as seen with Fellner et al. (2009)

could result in a slight increase in acquisition time. Therefore, a more effective way of accelerating data

acquisition to improve the spatial resolution is through the simultaneous excitation of multiple slices

(SMS), a method that utilises multiband composite RF pulses that excite multiple slices simultaneously

(Barth et al., 2016). This results in a scanning time reduction by a factor equivalent to the number of

simultaneously excited slices: the multi-band (MB) factor.

The measured signal after a SMS excitation consists of a combination of signals from all the simultane-

ously excited slices. Therefore, the signal from each slice is not distinguishable since it’s aliased with the

signal from the other slices (Larkman et al., 2001). Modern SMSmethods separate the signals bymaking

use of coil encoding reconstruction techniques utilised in parallel imaging such as image-domain meth-

ods (e.g. SENSE) and k-space domainmethods (e.g. GRAPPA) (Breuer et al., 2005). However, contrary to

parallel imaging, SMS methods do not undersample phase-encoding lines and hence are not subjected

to the
√
R reduction in the SNR previously seen in parallel imaging methods (Setsompop et al., 2012).

In addition to this, since both in-plane and slice accelerations rely on parallel imaging reconstructions,

incorporating both in the sequence is a possibility.

The usage of SMS in fMRI to speed up acquisition and increase the spatial resolution was endorsed

by the 3T fMRI scanning protocol of the Human Connectome Project (HCP) (Uğurbil et al., 2013) who

increased the spatial resolution at 3T to 23mm3 by using a high MB factor of 8. In addition to this,

at such accelerations, the HCP achieved a sub-second TR (0.72s). The HCP compensated for the large

reduction in the SNR at such low TR by scanning volunteers for roughly an hour each. Given that typical

fMRI studies are about 15 minutes long (Wall, 2023), this approach by itself might not be optimal.

The usage of the higher MB factors used by the HCP warrants an investigation since it results in higher

noise amplification comparedwith conventional scans, yields lower contrast comparedwith single-band

images (Esteban et al., 2020), andmore residual aliasing artefacts as a consequence of imperfections en-

countered during reconstruction (Uğurbil et al., 2013). Apart from image quality considerations, higher

MB factors also necessitate more powerful RF pulses, which translates to a higher SAR (Feinberg & Set-

sompop, 2013). These factors are likely to be more significant with higher MB factors (Wall, 2023). Risk

et al. (2021) evaluated the impact a range of MB factors from 2 to 12 have on functional activation

analysis at a 23mm3 isotropic resolution and concluded that there was not a noticeable advantage be-

tween a MB factor of 4 and 8. The reduction in the MB factor would require an increase in the TR as

observed with Rastegarnia et al. (2023) in table 1 where the TR increased to 1.49s at a MB factor of 4

and a 23mm3 resolution. Nevertheless, this TR value is within the recommended TR values ofMcDowell

and Carmichael (2019) and Constable and Spencer (2001).

MPH5008 Kristian Galea



2 Literature review Page 21

2.8.4 Partial Fourier

Anothermethodwhichmay be used to speed up the acquisition and improve spatial resolution is partial

Fourier which utilises the property of conjugate symmetry exhibited by k-space data, whereby an image

could be generated by sampling a little over half of the desiredmatrix. Then, the remaining k-space data

is estimated by calculating the hermitian conjugate of the acquired data (Feinberg et al., 1986). Partial

Fourier acquisitions have two main advantages; the reduced scan time and the reduction in the TE.

The reduction in scan time could subsequently be used to optimise the spatial resolution and reduce

the aforementioned PVE discussed previously. On the other hand, the reduction in the TE with partial

Fourier occurs because fewer phase-encoding lines are acquired before reaching the centre of k-space,

reducing the effective TE. This is important in high resolution scans which necessitate a higher TE since

more phase-encoding lines are acquired before sampling the centre of k-space. For example, for full

k-space coverage, a 128×128 matrix size requires a TE which is roughly twice as large as the optimal TE

of 30ms (Jesmanowicz et al., 1998). In such instances, partial Fourier has the capacity to lower the TE to

a value that is closer to the optimal value thereby maximising the CNR (Hyde et al., 2001; Jesmanowicz

et al., 1998). Accurate partial Fourier reconstructions in EPI require larger portions of k-space to be

sampled, and most scanner manufacturers allow only up to a quarter of k-space to be reconstructed.

Thus, partial Fourier is not as effective in reducing in-plane scan time when compared with parallel

imaging, but its capacity to lower the TE in higher resolution scans has lodged it as part of the high

resolution sequence devised by the HCP (Uğurbil et al., 2013).

2.9 Proposed sequences and study design

The present study aims to assess the VB index across various voxel sizes, which could help in optimising

the spatial resolution of the pulse sequences used. Upon a comprehensive review of literature, the use

of SMS acceleration with as low an MB factor as possible may be the optimal method for improving

spatial resolution. The main advantage SMS has over parallel imaging is that they do not suffer from

intrinsic SNR reductions. Conversely, the increase in motion induced artefacts make multi-shot EPI un-

desirable. At higher resolution, the use of partial Fourier may be useful to reduce the effective TE to a

value closer to the theoretical optimal 30ms value. Although shorter TR is preferred for optimal tempo-

ral resolution, the issue with the SNR at higher resolutions could be alleviated with moderate TR values

between 1.5 to 2 s. The MB factor should be scaled accordingly to maintain such TR values. The loss

in temporal resolution could be circumvented by the use of block-design motor tasks with an optimal

block length ranging between 10 and 20 s (Maus et al., 2010), although this may not be applicable for
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a wide range of experiments. The TE is proposed to be kept fixed as close to the optimal 30ms value

as possible through the application of partial Fourier. Flip angles that are slightly lower than the Ernst

angle may be used to reduce the SAR and inflow effects. Finally, the receiver bandwidth may be kept as

low as possible to increase both BOLD sensitivity and SNR.

2.10 Conclusion

This chapter presented a critical, comprehensive and review of the literature associated with the study.

In the next chapter, we will describe and discuss the research methodology used in the study.

Scanning Parameter Median Value Range of Values

Time of Repetition (ms) 2000 720→2500

Time of Echo (ms) 30 30→37

Slice Thickness (mm) 3.2 2→5

Field of View (mm2) 220×220 192×192→240×240

Matrix Size 64×64 64×64→104×90

Number of Slices 32 30→72

Flip Angle (α) 90◦ 52◦ →90◦

Table 1. The median and range of values of the major scanning parameters of gradient-echo EPI se-

quences used in local correlation studies with 3T MRI scanners. The data was obtained through a liter-

ature review of eight studies (Dong et al., 2014; Liu et al., 2010; Rastegarnia et al., 2023; Shukla et al.,

2010; Tian et al., 2012; Uğurbil et al., 2013; L.-X. Yuan et al., 2021; Zang et al., 2004).
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3 Research methodology

3.1 Introduction

The aim of the study was to assess functional activation analysis across different pulse sequences with

differing voxel volumes. This chapter presents the research methodology used throughout the study.

The methodology section includes the pulse sequences devised and used during the MRI scanning ses-

sions, and an underpinning of the data analysis conducted in the study. Finally, the limitations encoun-

tered in the research methodology shall also be discussed.

3.2 Research approach

The study made use of a mixed research approach, since both quantitative and qualitative methods

were employed. The analysis of fMRI data was performed quantitatively using data-driven and model-

based algorithms. The results obtained at each sequence were compared quantitatively together using

similarity metrics, and qualitatively with literature. Furthermore, comparison of the image quality at

each sequence was also performed quantitatively.

3.3 Research strategy

A prospective experimental research strategy was employed, since primary data was collected from

research volunteers recruited for the study using anMRI scanner, and analysed quantitatively and qual-

itatively. An experimental strategy was chosen since fMRI data was collected using pulse sequences to

assess functional activation across voxel volumes. The data was collected prospectively, since the data

had yet to be collected using specific pulse sequences.

3.4 Data collection technique

Primary MRI data was collected by direct observation from a total of 10 research volunteers scanned

with an MRI scanner. Other data collection techniques were unsuitable given the objectives.
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3.5 Data collection procedure

The study was carried out in an MRI room within Mater Dei Hospital (Msida, Malta), equipped with a

3T Siemens MAGNETOM Vida (Siemens Healthcare GmbH, Erlangen, Germany) MRI system. The MRI

system had been in clinical and research service for less than five years. The BioMatrix Head/Neck 64

channel coil (Siemens Healthcare GmbH, Erlangen, Germany) was used throughout the study for RF

transmission and reception of the MRI signal. The study assessed the VB index across three different

fMRI pulse sequences, each with a distinct voxel volume, on ten research volunteers.

3.5.1 Participants

Acohort of ten volunteers (9males and1 female)were recruited and scanned. At thetimeof acquisition,

the age of the volunteers ranged from 21 to 55 years. Seven of the volunteers were right-handed, and

three volunteers were left-handed.

3.5.2 MRI scanning protocols

The volunteers were positioned in a supine position on theMRI’s gantry, and the head of the volunteers

was placed in the centre of the head coil. Each volunteer was asked to keep as still as possible and were

scanned for a period of approximately 1 hour. At any time during the study, volunteers could stop the

scan by squeezing a ball to alert the healthcare professionals in charge.

First, a high resolution T1-weighted structural image was acquired for each volunteer using an axial

MPRAGE sequence (resolution of 1×1×1 mm3 isotropic voxels, TE of 2.66ms, TR of 2190ms, Inversion

time of 925ms, α of 8◦, GRAPPA with R = 2). The scanning time for the T1-weighted structural image

was approximately 5 minutes.

One of the major limitations of EPI sequences is their sensitivity to magnetic field inhomogeneities

which causes susceptibility distortions and intensity non-uniformities (Hutton et al., 2002). In order

to correct for magnetic field inhomogeneities in the preprocessing phase, gradient field maps were ac-

quired for each volunteer. The gradient fieldmapswere acquiredwith a resolutionof 2.5×2.5×2.5mm3,

a TR of 529ms, TE1 of 4.92ms, TE2 of 7.38ms, and a flip angleα of 60◦. The total acquisition time for the

field mapping sequence for each volunteer was 1 minute and 36 seconds. After acquiring the structural

image and the fieldmap, three gradient echo EPI sequences were performed on each subject with voxel
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volumes of 1.8×1.8×1.8mm3, 2×2×2mm3, and 2.5×2.5×2.5mm3 respectively. Hereafter, these three

separate EPI sequences shall be dubbed as the 1.83mm3, 23mm3, and 2.53mm3 sequences respectively.

The study aimed to assess functional activation with the VB index across voxel volumes. Therefore, the

scanning parameters of the three EPI sequences were kept consistent except for the voxel’s volume.

This was done to isolate as much as possible the impact of voxel volume on functional activation analy-

sis. Theoretically, the higher resolution sequence (1.83mm3) would have poorer SNR and require more

drastic acceleration factors. Hence, the scanning parameters of the pulse sequences were optimised

for the 1.83mm3 resolution sequence. To achieve resolution of 23mm3, and 2.53mm3, the matrix size

and slice thickness were scaled accordingly.

In order to achieve isotropic voxels of volumes 1.83mm3, an interleaved SMS acquisition with an MB

factor of 4was used. The TRwas set to a value of 1.84s, lower than the TR ofmost of the studies outlined

in table 1. In order to achieve a reasonable TE of 34ms, which was close to the theoretical optimal value

of 30ms, Phase Partial Fourier of 6/8 was used. A FOV of 241×241mm2, a base resolution of 134×134,

and slice thickness of 1.8mmwere used to achieve voxels of volumes≈1.83mm3. The Ernst angle given

by equation (2.5) was cos−1(e
−1840
1331 ) ≈ 75.4◦. To minimise in-flow contamination and since it was

shown that slight reductions in the flip angle results in negligible reduction in the TSNR (Bodurka et

al., 2007), a slightly lower flip angle of 65◦ was chosen. The readout bandwidth was kept as low as

possible at 2072Hz/pixel. The scanning parameters of the EPI sequence were kept mostly consistent

for the larger 2mm and 2.5mm isotropic voxel sequences. However, some scanning parameters had to

be adjusted either because it was required by the MRI device or because it was necessary to achieve

the desired voxel volume. Table 2 summarises the scanning parameters affixed for each EPI sequence.

A total of 393 volumes were acquired with each BOLD sequences. The scanning time for each BOLD

sequence was approximately 12 minutes.

3.5.3 fMRI paradigm

During the three EPI BOLD sequences, the subjects performed repetitive block design finger tapping

tasks. The fMRI experiment consisted of a baseline/rest condition where no intended motor activity

was expected, followed by periods where the subjects performed finger tapping tasks with their right

thumb or index. Instructions were provided to the subjects prior to each fMRI sequence via a mirror

attached to the Siemens head coil, which reflected instructions from a 40-inchMR-compatible monitor.

This monitor, a Nordic Neuro Lab (NNL) (NordicNeuroLab, Bergen, Norway) device, was situated in the

control room.
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Voxel Volume (mm3)

Sequence Parameters 1.83 23 2.53

TR (s) 1.84 1.84 1.84

TE (ms) 34 34 34

Flip angle (◦) 65 65 65

MB factor 4 4 4

Phase Partial Fourier 6/8 6/8 6/8

FOV (mm2) 241× 241 240× 240 240× 240

Matrix Size 134× 134 120× 120 96× 96

Slice Thickness (mm) 1.8 2 2.5

Bandwidth (Hz/Px) 2072 2084 2084

Table 2. Summary of the scanning parameters used for each of the three EPI sequences with voxels of

volumes 1.83mm3, 23mm3, and 2.53mm3 respectively.

The design of the baseline and stimulus conditions, presented at different intervals were developed

using the PsychoPy1 software (Peirce et al., 2019). Prior to the scanning session, the subjects were

informed about the tasks they would perform during the fMRI acquisition. Furthermore, before each

fMRI sequence began, subjects viewed an information screen as seen in figure 9a on the NNL monitor

for one minute.

The PsychoPy paradigm was synchronised with the fMRI volume acquisition through the NNL SyncBox.

Before acquiring each fMRI volume, the SyncBox sent a signal to the computer presenting the stimulus

in the form of an “s” keyboard response. Thus, after the PsychoPy code presented the instructions

shown in figure 9a, it waited for the MRI volume acquisition to commence in order to continue. During

this waiting period, the participants were instructed to wait for the pre-scanning to complete as seen in

figure 9b. The EPI sequence was started when the instructions provided by figure 9b were presented.

After the pre-scan was complete, the MRI system prior to capturing the first fMRI volume triggered

1https://psychopy.org/index.html
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the PsychoPy paradigm via the NNL SyncBox which then sent the first “s” keyboard response to the

computer. In response to this, the PsychoPy paradigm started presenting the stimuli.

(a) (b)

Figure 9. The pre-scanning instructions shown to the volunteers prior to the fMRI experiment.

The stimuli were presented for a period of approximately 18.4s (10 fMRI volumes) followed by a rest

period equivalent in duration. During the stimuli presentation, subjects were instructed to tap either

their right thumb or their right index finger as seen in figures 10a and 10c respectively. As seen in both

figures, subjects were asked to tap repeatedly their right thumb if they saw a red cross on the right side

of the screen and their right index finger if they saw a blue cross on the right side of the screen. During

the rest condition presented after each stimulus, subjects were asked to stare at a small cross at the

centre of the screen, as seen in figure 10b. The order of presentation of the stimuli was randomised,

but each stimulus was accompanied by a rest period equal in duration.

(a) (b) (c)

Figure 10. The stimuli and baseline conditions presented to the volunteers during the fMRI experiment.

3.6 Data collection tool

The data collection tools used in the study were a 3T Siemens MAGNETOM Vida (Siemens Healthcare

GmbH, Erlangen, Germany) MRI system, and a Head/Neck 64 channel coil (Siemens Healthcare GmbH,

Erlangen, Germany).
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3.7 Data analysis technique

After the MRI data was collected, it was prepared for analysis (pre-processed) and then analysed to

acquire the functional activation maps. The data processing pipeline performed may be divided into

three major portions. First, the data was structured and organised into an appropriate data structure

standard. Then, the data was pre-processed and assessed for quality. The fMRI data was then analysed

using the VB index (Bajada et al., 2020) and the GLM (Friston et al., 1994).

3.7.1 Data organisation

The first portion of the data analysis procedure involved organising theMRI data acquired from theMRI

scanner in the Digital Imaging and Communications inMedicine (DICOM) file format in a structuredway.

The data was structured according to the brain imaging data structure (BIDS) standard (Gorgolewski et

al., 2016). Figure 11provides an illustrationof anMRI data set thatwas organised into theBIDS standard.

As shown in the figure, the BIDS standard organises the raw DICOM (.dcm) data acquired from the

scanner into a series of subfolders for each participant (e.g. sub-01). Within each volunteer’s subfolder,

the BIDS standard organises structural and functional MRI images in separate subfolders denoted by

“anat” and “func” respectively as seen in figure 11. Themain advantage that the BIDS convention offers

is that it facilitates data preprocessing by allowing pre-processing software packages to automatically

pre-process the data without requiring manual intervention (Gorgolewski et al., 2016).

Figure 11. Illustrationof a dataset structured according to theBIDS standard. Adopted fromGorgolewski

et al. (2016) licensed under CC BY 4.0.
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The data was organised in BIDS format using “BIDSKIT” 2, a Python based tool that converted the DI-

COM data into Neuroimaging Informatics Technology Initiative (NIfTI) format and organised the data

according to the BIDS standard (Tyszka, 2024).

3.7.2 Image quality

The raw data quality of the organised data was then checked for quality using “MRIQC” version 23.1.0,

an open-source tool that automates quality control protocols for both structural and functional MRI

data (Esteban et al., 2017). MRIQC computed several image quality metrics for both structural and

functional data. The image quality metrics outputted by MRIQC were used to compare data quality

obtained with the various pulse sequences.

The SNR and the TSNR of the three different fMRI sequences tested determined by MRIQC were com-

pared statistically. A One-way repeated measures ANOVA test was used to determine whether there

were statistical differences in the mean SNR and TSNR of the three sequences. An alpha level of 0.05

was used. When statistical significance was indicated by the ANOVA test, post-hoc pairwise compar-

isons were performed using the Holm-Bonferroni test to identify which pairs of sequences differed sig-

nificantly.

3.7.3 Data preprocessing

After being organised according to the BIDS standard, the raw MRI data was pre-processed to prepare

the data for fMRI analysis. The aim of pre-processing is to reduce the impact non-neural sources have

on the fMRI data, and to detect and correct for artefacts present in the data (Esteban et al., 2019). Two

of the most common artefacts in fMRI acquisitions are susceptibility distortions and motion artefacts.

Susceptibility distortions, which are caused by inhomogeneities of the magnetic field, primarily occur

at air-tissue boundaries such as the sinuses. These distortions lead to artefacts in the fMRI data, and

cause signal loss and geometric distortions in the affected regions (Poldrack et al., 2011). Figure 12

shows a slice from the mean fMRI image of one of the volunteers acquired with the 2.53mm3 sequence

highlighting substantial signal loss in the frontal lobe characteristic of susceptibility distortions. Alterna-

tively, motion artefacts, primarily caused by involuntary movement of the volunteer lead to a mismatch

of the location of subsequent images in an fMRI time-series (Poldrack et al., 2011).

2https://github.com/jmtyszka/bidskit
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Figure 12. Highlighted are the susceptibility artefacts present in the raw fMRI data of one of the volun-

teers acquired with the 2.53mm3 sequence.

In this study, fMRIprep (Esteban et al., 2020; Esteban et al., 2019) version 23.2.0was used to pre-process

the raw MRI data. Figure 13 illustrates the pre-processing pipeline performed by fMRIprep. As seen

from the figure, the pipeline is split into two pre-processing streams that process both structural and

functional MRI data.

The T1-weighted image was first corrected for voxel intensity non-uniformity (INU) (Tustison et al.,

2010), which causes a smooth intensity variation across the image even within the same tissue type

(Belaroussi et al., 2006). The skull was then removed from the INU corrected T1-weighted image, ren-

dering a skull-stripped T1-weighted image.

Apart from pre-processing the structural T1-weighted image, fMRIprep also pre-processed the BOLD

fMRI data in a separate pipeline as seen in figure 13. First, a BOLD reference image was generated for

each sequence and subject, composed of the average of the time-series of images. From this reference

image, a brain mask was created eliminating regions outside the brain that are irrelevant for fMRI anal-

ysis (Gilford, 2024). Head motion was corrected for by rotating and translating the time series to align

them with the reference BOLD image determined in the first step of the fMRI preprocessing pipeline

(Esteban et al., 2020). The susceptibility distortions discussed previously in figure 12, caused by air-

tissue interfaces, were addressed by fMRIprep using the field maps acquired for each subject. These

field maps were used by fMRIprep to compute the local magnetic field inhomogeneities and quantify
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the distance that each voxel was shifted by (Poldrack et al., 2011). In addition to this, the fMRI data

of the volunteers were aligned with their respective T1-weighted image (co-registration). Finally, for

inter-subject analysis, fMRIprep computed the transformations required for spatially normalising the

co-registered fMRI data to the common Montreal Neurological Institute (MNI) 152 template (Esteban

et al., 2020).

Figure 13. The pre-processing pipeline conducted by fMRIprep for the structural data and functional

data. Adopted from: Esteban et al. (2020) licensed under CC BY 4.0. Note that for this study, the “fuse

and conform” step for the anatomical pipeline was not performed, since only one T1-weighted image

was acquired at each run. In addition to this, “slice timing correction” for the functional pipeline was

not applied, as the temporal interpolation performed may propagate artefacts along the time-series of

images (Poldrack et al., 2011).

3.7.4 FMRI data analysis

The preprocessed fMRI data acquired at each resolution and for each subject was analysed using two

different data analysis techniques, a model-based method; the GLM, and a data-driven technique; the

VB index. The next couple of sections discuss briefly the theory and implementation of the GLM, and

the VB index.
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3.7.5 The General Linear Model

The standard data analysis technique employed in fMRI is the GLM, which models the time-series sig-

nal of each voxel into one or several variables known as regressors (Jenkinson et al., 2020). The aim of

the GLM is to find statistically which voxels in the fMRI time-series of images have a time-course signal

that correlates with the expected signal variation upon performing a task during the fMRI experiment

(Monti, 2011; Poline & Brett, 2012). In the GLM, the time-series signal of each voxel is modelled as a

weighted summation of multiple regressors plus some residual error term that accounts for the differ-

ences between the fittedmodel and the time-series signal. In matrix notation, the GLM of a single voxel

may be represented by equation (3.1), where Y is an N × 1 vector that contains the voxel intensity of

a particular voxel over the entire time-course (over N volumes) (Jenkinson et al., 2020; Monti, 2011;

Poline & Brett, 2012).

Y = Xβ + ε (3.1)

Apart from this, the matrix term X commonly known as the design matrix is an N × M matrix with

each column containing a different regressor. In fMRI, the regressors represent the expectedMRI signal

time-course of a neuronally active voxel i.e., the predicted response to a stimulation. In addition to the

predicted responses, the designmatrixmay also contain additional regressors of non-interest (hereafter

confounds) embedded modelling nuisance variables such as motion and low-frequency drifts, that if

not modelled, reduce the statistical power of the results (Jenkinson et al., 2020; Monti, 2011; Poline &

Brett, 2012). Each regressor in the design matrix is weighed by an appropriate scaling parameterβ that

associates a magnitude to its respective regressor, indicating the degree to which the data is explained

by the regressor. The scaling parameters β are typically estimated using the ordinary least squares

approach, which minimises the squared difference between the observed time-series signal and the

model’s prediction. Finally, ε represents the residual error, i.e., the differences between the model fit

and the observed data (Bishop, 2006).

Thepre-processed fMRI data acquired at each sequence and for each subjectwas analysedwith theGLM

using an algorithm developed with Python 3.11. The GLM analysis script used during the GLM analysis,

available onGitHub 3, utilised theNilearn library version 0.10.34which includes several built-in functions

and tools for GLM analysis. The first portion of the GLM analysis involved computing a first level GLM

analysis on the fMRI data for each subject individually. The first level GLM performed consisted of a

3https://github.com/KristianGalea/M.Sc-Dissertation-Code.git
4https://nilearn.github.io/stable/index.html
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voxelwise (mass univariate) analysis, meaning that the GLM was applied independently to each voxel

in the fMRI time-series (Jenkinson et al., 2020). For each volunteer, three separate first level GLM runs

were performed, one for each pulse sequence. Firstly, the design matrix expressed by X in equation

(3.1) which contained both the experimental regressors and the confound regressors was created for

each first-level run. Figure 14 illustrates the design matrix used in the first level GLM computation for

a particular volunteer. The figure is subdivided into a series of columns each representing a different

regressor. The rows of thematrix represent the signal associatedwith the regressor at each fMRI volume

during the fMRI time-series.

Figure 14. The design matrix of one of the volunteers used in the computation of the first level GLM

analysis

The first two columns of the design matrix seen in figure 14 contained the two essential experimen-

tal regressors; a regressor that models BOLD signal response during the period where the volunteer

performed a task and the second experimental regressor that accounted for the rest period. The two

experimental regressors modelled the BOLD response, i.e., the expected time-course signal of a voxel

encompassing BOLD activated tissue. The expected signal change in response to a brief stimulus due

to the BOLD effect was modelled by the Glover HRF, which is illustrated by figure 15a. The volunteers

performed block-design tasks for 10 MRI volumes (10 × TR) followed by an equal-length rest period.

Therefore, the experimental regressors were modelled by convolving the Glover HRF with the stimulus
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function of a duration of 10 × TR = 10 × 1.84s. Figure 15b illustrates the stimulus function given by

the boxcar function having a duration of 18.4 s which was convolved with the Glover HRF to yield the

experimental regressors for a single task-period. This function corresponded to the idealised expected

MRI signal change in a voxel that is active by the BOLD effect during the task-window.

Figure 15. The experimental regressor (b) is given as the convolution of the Glover HRF (a) with the

stimulus function (grey shaded box in b). The experimental regressor yields the idealised expected MRI

signal change in response to the 18.4s task window.

Apart from the experimental regressors, a number of confound regressors were also modelled in the

design matrix and can be visualised by the additional columns of the design matrix in figure 14. These

confound regressors were all outputted during the pre-processing of the fMRI data by fMRIprep. The

confounds selectedwere based on recommendations by various literature (Esteban et al., 2020; Goebel,

2014; Parkes et al., 2018; Power et al., 2012; Satterthwaite et al., 2013).

Included in the design matrix were six motion regressors, representing the 6 rigid-body motion pa-

rameters; 3 parameters that modelled translation and 3 parameters that modelled rotation in the x, y,

z dimensions. In the design matrix of figure 14, these are labelled as “trans_x”, “trans_y”, “trans_z”,

“rot_x”, “rot_y”, and “rot_z”. Although these 6 rigid motion parameters provide an estimate of volun-
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teer head motion, they are not able to account fully for head motion (Parkes et al., 2018). Therefore,

higher order motion parameter regressors were included in the design matrix, since it was shown that

these confounds improved motion regression performance, particularly for data with higher head mo-

tion (Satterthwaite et al., 2013). The higher order motion parameter regressors included the temporal

derivatives of the 6 rigid-body motion regressors (e.g., rot_x_derivative1), the square of the 6 rigid-

body motion regressors (quadratic regressors, e.g., e.g., rot_x_power2), and the temporal derivatives

of the quadratic regressors (e.g., rot_x_derivative1_power2). Consequently, a total of 24motion related

confound regressors were included in the design matrix.

Apart from this, two additional confound regressors were considered that provided information on

which fMRI volumes exhibited large and sudden motion artefacts (outlier volumes). These two con-

found regressors were the framewise displacement and the derivative of the root mean squared vari-

ance over voxels (DVARS) suggested by Power et al. (2012). Framewise displacement is a parameter

that quantifies the bulk head motion (in mm) between one fMRI volume in the time-series to the next.

Alternatively, DVARS refers to the difference in root-mean-square of the intensity of a volume with a

subsequent volume (Power et al., 2012). Following the suggestions of Satterthwaite et al. (2013) and

Power et al. (2012) respectively, a threshold of 0.5 mm was chosen for the framewise displacement

and a threshold of 2 for the standardised DVARS. Consequently, volumes which exhibited a framewise

displacement and a DVARS that exceeded the threshold were eliminated (scrubbed) from the fMRI GLM

analysis.

Physiological and MRI scanner noise sources often manifest as low-frequency drifts in the voxel’s time-

course signal and may cause a substantial reduction in the statistical power of the GLM results (Goebel,

2014). The low frequency physiological or the scanner related sources of noise were modelled and

accounted for using firstly a set of low frequency regressors provided by fMRIprep known as discrete

cosine transform (DCT) basis regressors which were added to the design matrix, labelled as “cosineXX”.

The second group of confound regressors to model physiological noise sources were extracted by fM-

RIprep after principal component analysis (PCA), a technique that characterises relevant signals from

noise within a region of interest. The signals extracted by PCA are referred to as principal components,

and are ordered according to the amount of information (variance) that they explain from the original

data (Greenacre et al., 2022). In fMRIprep, PCA is applied on anatomical brain regionswhich are unlikely

to contain BOLD activity (e.g., cerebrospinal fluid andwhitematter) (Behzadi et al., 2007). In accordance

with Esteban et al. (2020), the top six principal components that explained the most variance were in-

cluded as confound regressors to the design matrix of the GLM, labelled as “a_comp_cor_xx”. The final

confound regressor included in the design matrix which have been shown to improve confound sup-
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pression performance when used with PCA is global signal regression (“global_signal”), defined as the

average time-series signal across the entire brain (Parkes et al., 2018).

In the study, the GLMwas used to perform hypothesis testing and make a statistical inference on which

voxels exhibited statistical differences between the task and rest regressors, which would point to BOLD

activation. It is good to point out that the “thumb” and “index” events were not separated as separate

regressors but grouped in a single regressor; “task”. This was done because the subsequent analysis

technique, the VB index does not analyse different task events separately. Thus, a fairer comparison

between the two techniques was achieved by grouping the thumb and index events. In the GLM, the

null hypothesis tested was that there was not a positive statistical difference between the size (weight)

associated with the task and rest regressors. The alternate hypothesis was that there was a positive

statistically significant difference between the weight associated with the task regressor and the rest

regressor. The one-sided alternate hypothesis formulated tested can be expressed as a contrast vector

by (3.2):

β2 − β1 > 0 = β2 > β1 (3.2)

Where β2 and β1 relate to the weights of the task and rest regressors respectively.

Prior to the application of an appropriate test statistic to test the null hypothesis, the fMRI data was spa-

tially smoothened through a convolution process with a Gaussian filter. This is a commonly employed

preprocessing step in fMRI analysis and involves sliding a kernel across the image and replacing the in-

tensity of the voxel at the centre of the kernel with a weighted average of the neighbourhood voxel’s

intensity (Jahn, 2019). Although spatial smoothing effectively blurs the image and reduces spatial reso-

lution, it was adopted in the GLM algorithm for twomain reasons. First, smoothing improves the SNR of

the fMRI images (Poldrack et al., 2011). Second, smoothing reduces the effect of inter-subject anatom-

ical variability i.e., accounts for the fact that the anatomical position of functional activity will vary be-

tween volunteers due to inter-subject anatomical variation (Alahmadi, 2021). Therefore, smoothing

increases the probability of detecting common activation patterns in group-wise analysis. The degree

of smoothing depends on the full width at half maximum (FWHM) of the Gaussian filter. Weibull et al.

(2008) investigated the optimal FWHM at different voxel volumes. In this study, the FWHM value sug-

gested by Weibull et al. (2008) at 1.83mm3 resolution was used throughout for consistency. Therefore,

throughout the study, smoothing was performed with a FWHM of 2.67×1.8mm= 4.806 mm.

Then, after the data was smoothened, a one-sample t-test, that assessed the significance of the con-
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trast vector (Ardekani & Kanno, 1998) of equation (3.2) was applied for each voxel individually (mass-

univariate analysis). The first level analysis outputted statistical maps for each first-level run containing

the t-values computed at each voxel (hereafter t-maps). After the individual statistical t-maps were

computed for each volunteer and sequence, a second-level analysis was performed in order to make

a broader inference of functional activation at a group level. The aim of this step was ultimately to

determine which voxels showed significant task-rest contrast consistently at a group level. In order

to perform a second-level analysis, the statistical t-maps acquired had to be spatially normalised to

a common template brain. This involved transforming the images in a way that a particular voxel

would contain the t-scores from the same anatomical location in each of the volunteers (Stroman,

2016). The MNI152NLin2009cAsym T1-weighted template5 with a resolution of 13mm3 was chosen

as the template brain, and fMRIprep as part of the preprocessing pipeline, outputted the transforma-

tions necessary to transform the fMRI data registered to the T1-weighted image of the volunteer to the

MNI152NLin2009cAsym space. The transformations toMNI space were achieved using the transforma-

tion tools provided by the Advanced Normalization Tools (ANTs)6 library.

Then, a voxel-wise one-sample t-test was performed on the spatially normalised t-maps to test the null

hypothesis (H0) that voxels did not exhibit statistically significant task-rest contrast across all subjects

(J. Chen, 2019). An alpha level of 0.05 was chosen to decide whether to reject the null hypothesis. The

statistical test was applied for each voxel separately, whichmeant that on average, 5% of all voxels in the

image would be statistically false positives (type I error). Given the large number of voxels in an image,

the number of false positives can consequently amount to the several thousands. This problem, which is

known as the “multiple testing problem”, was alleviated by applying the Bonferroni correction method.

The Bonferroni method controlled the familywise error rate (FWE) i.e., the probability of a type I error

anywhere in the image (Poldrack et al., 2011). The Bonferroni method outputted a statistical threshold

at a Bonferroni corrected level of significance 0.05, which was used to threshold the second-level t-map

such that voxelswhich had a t-score that exceeded this thresholdwere deemed as statistically significant

rejecting the null hypothesis. The second-level analysis was repeated for each sequence separately.

3.7.6 The Vogt-Bailey index

The second data analysis technique used to analyse the fMRI data was the VB index, whose theoretical

foundations have already been discussed in the literature review. Unlike the GLM which relies on a

model of the expected BOLD response via the design matrix, the VB index is a data-driven approach,

5https://github.com/templateflow/tpl-MNI152NLin2009cAsym.git
6https://github.com/ANTsX/ANTsPy.git
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hypothesising functional activation results purely on the data without the use of a user-defined model.

The VB’s non-reliance on a design matrix is seemingly advantageous: 1) it facilitates data analysis since

the fMRI data analysis only requires the fMRI data itself as opposed to the GLM which requires a user-

specified designmatrix, 2) the fact that the VB does not rely on amodelmeans that itmay be sensitive to

neuronal activity that does not follow the same pattern as the experimental regressors for example seen

in figure 15b. However, this advantage also comes with a drawback; the VB index does not regress out

confounding signals such as motion, which the GLM addresses through the use of confound regressors.

To address this issue, the current optimal approach for VB index analysis is to denoise the fMRI data prior

to performing analysis using the VB index. Prior work on identifying the optimal denoising pipeline for

the VB indexwas conducted by Aalberdi (2024)who tested several open-source Python based denoising

pipelines7 (Kliemann et al., 2022) on task-based fMRI data. The pipeline which provided the optimal

results for the VB index (labelled as pipeline “B” by the authors of the denoising pipeline) was used

to denoise the task-based fMRI data of this study. The denoising pipeline B, developed based on the

work of Satterthwaite et al. (2013) involves several denoising steps designed to regress out confounding

signals from theMRI data. The denoising pipeline contains several denoising steps, some of which were

utilised in the GLM previously, such as motion regression, and scrubbing outlier fMRI volumes.

The first step in the VB analysis involved denoising the fMRI data with the aforementioned Satterth-

waite et al. (2013) denoising pipeline “B”. Thus, the Satterthwaite et al. (2013) denoising pipeline was

applied on the fMRI data co-registered to the respective T1-weighted image, for each volunteer and se-

quence. Afterwards, the VB analysis was performed on the denoised data using two separate VB index

approaches. In the first method (hereafter VB method 1), the smoothing operations performed during

the GLM analysis were replicated i.e., the denoised fMRI data was smoothened prior to VB analysis to

provide as fair a comparison with the GLM as possible. The VB index8 (Bajada et al., 2020; Farrugia et

al., 2022; Farrugia et al., 2024) was then applied on the denoised and smoothened data. In the second

VB index approach (hereafter VB method 2), the denoised and unsmoothened data was first analysed

with the VB index, and then smoothing was applied on the resulting VB maps. This approach ensured

that the VB index, which is an edge detection technique, was applied on unsmoothened data preserv-

ing the contrast between the edges of functionally distinct regions. In both approaches, in order to

allow cross-subject analysis, the results obtained for each volunteer were spatially normalised to the

MNI152NLin2009cAsym template using the transforms provided by fMRIprep as was done during the

GLM analysis.

7https://github.com/adolphslab/rsDenoise.git
8https://github.com/VBIndex/py_vb_toolbox.git
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A one-sample t-test was then applied for each VB approach separately to determine which voxels had a

VB value that was significantly higher than the baseline during the experiment across all the volunteers.

The VB statistical analysis was carried out using Python and the script used is available on GitHub9. A

one-sample t-test was applied against an appropriate baseline. The distribution of VB values in both

methods across the participants exhibited the shape of a skewed Gaussian, indicating asymmetry in

the VB index distribution, as seen in figure 16 which shows the probability density function of the VB

index data in method 2 of one participant at a particular sequence. Hence, the median VB index aver-

aged across all volunteers was chosen as the baseline due to the median’s lower sensitivity to outliers

when compared to the mean value (Leys et al., 2013). A one-sample t-test with an alpha level of 0.05

determined which voxels exhibited a VB index that was significantly higher than the baseline across

all subjects. As with the GLM analysis, the Bonferroni correction method was also applied to control

the rate of false positives, and the resulting t-maps obtained were thresholded to include voxels with a

Bonferroni corrected level of significance of 0.05. As with the GLM, this analysis was performed for the

fMRI data acquired at each sequence separately.
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Figure 16. The probability density function of the VB indices of VBmethod 2 from the resulting spatially

normalised VB map of one of the volunteers for the 1.83mm3 sequence.

9https://github.com/KristianGalea/M.Sc-Dissertation-Code.git
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3.7.7 Accuracy of functional localisation

The GLM and VB index analysis outputted group-level statistical t-maps thresholded to include voxels

with a t-score that had a Bonferroni corrected level of significanceα of 5% (p-value < 0.05). These voxels

highlighted brain areas that showed group-wise statistically significant evidence to reject the null hy-

pothesis and accept the alternate hypothesis. It is important to note that the alternate hypothesis for

the GLM and VB index analysis differ. For the GLM, the alternate hypothesis posits that voxels exhibit

statistically significant task-rest contrast across the group. For the VB index, the alternate hypothesis

suggests that voxels have a VB index that is statistically higher than the baseline VB index across the

group. Nevertheless, as discussed in the literature review, a high VB index suggests that the voxel’s

time-course signal is highly correlated to its neighbouring voxels which is analogous to local homogene-

ity (Farrugia et al., 2022; Farrugia et al., 2024). Hence, both the statistically significant results of the

GLM and the VB index shall be treated as signs of functional activation, and hereafter the thresholded

statistical maps shall be referred to as activation maps.

The next step in the analysis involved comparing the resulting activationmaps with those of established

literature. This part of the analysis aimed to assess the accuracy by which the cortical areas responsible

for thumb and index movements were mapped, and to determine if spatial resolution impacted this

accuracy. It is good to point out that due to the lack of available ground truth, this step had to be

performed subjectively through comparison with the results of established literature.

As an approximate guideline, the results of Gountouna et al. (2010) were used to determine the brain

regions that should have been activated during the present fMRI experiment in response to the thumb

and index finger tapping tasks. Gountouna et al. (2010) studied functional activation in fMRI with a

cohort of 14 volunteers subjected to right-handed finger tapping tasks, each scanned on three sep-

arate MRI scanners. Figure 17 illustrates group-level fMRI activation maps highlighting brain regions

with statistically significant differences at a group level between the right-handed random finger tap-

ping condition and the rest condition. The portion of the activation maps highlighted in red represent

regions deemed statistically significant across all MRI scanners tested. Conversely, the blue and green

regions were only deemed as statistically significant in two and one MRI scanners respectively. Robust

and consistent activations were observed in the left hemisphere, particularly in the left premotor, left

primary motor and left supplementary motor areas. In addition to this, activations in the thalamus, and

the cerebellum were also observed. These activation maps were taken as a guide of the brain regions

expected to be significantly activated during the present task-based experiment.

Situated in the primary motor cortex that forms part of the frontal lobe is the “hand knob” area, an

MPH5008 Kristian Galea



3 Research methodology Page 41

Figure 17. Labelled activationmaps highlighting voxels deemed significantly activated between random

finger tapping and rest conditions. The regions highlighted in red represent overlapping regions of

activation between 3MRI scanners. Alternatively, blue and green regions represent regions highlighted

as active in two and one MRI scanners only respectively. Image adapted from Gountouna et al. (2010)

with permission from Elsevier.

anatomical landmark that is of particular interest for this experiment. The “hand knob” is an “omega”

shaped anatomical structure responsible for hand motor function (Pimentel et al., 2011). Figure 18

shows slices from the average T1-weighted image of the volunteers normalised to MNI space highlight-

ing the “hand knob” region. The image is presented in radiological viewwith the left/right side portions

of the image labelled by “L” and “R” respectively.

3.7.8 Cross-comparison between sequences and data-analysis techniques

The resulting fMRI activation maps obtained at each pulse sequence were quantitatively compared us-

ing similarity metrics to assess the effect resolution has on functional activation results. The Python

script used to compute the similarity metrics is available on GitHub10. Firstly, the total number of sta-

tistically significant voxels were computed for each of the results obtained at each sequence and data

analysis technique. Then, a pairwise similarity metric, the Dice-Sørensen coefficient (hereafter Dice co-

efficient) was used to assess the spatial similarity of the activation maps across pulse sequences. The

Dice coefficient is defined as the ratio of the number of statistically significant voxels that overlap in

both maps to the average number of statistically significant voxels. Thus, the Dice coefficient (D) was

10https://github.com/KristianGalea/M.Sc-Dissertation-Code.git
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Figure 18. Coronal, sagittal and transverse slices displaying the “hand knob” region highlighted in red.

calculated using equation (3.3) (Bach et al., 2022).

D =
2|A ∩B|
|A|+ |B|

(3.3)

Where |A ∩ B| represent the intersection of the two activation maps (A and B) i.e., the total number

of voxels deemed significant in both maps. Alternatively, |A| and |B| represent the total number of

statistically significant voxels in activation maps A and B respectively. In case of perfect congruence of

the activationmaps, the Dice coefficient outputs a value of 1, and 0 otherwise. The Dice coefficient was

used to assess the pairwise spatial similarity of the activation maps across pulse sequences. Thus, for

each pairwise comparison, the total number of statistically significant voxels in both maps (|A| + |B|)

was calculated. Then, for each pairwise comparison, the intersection of the activation maps (|A ∩ B)

was determined by calculating the total number of voxels which were labelled as statistically significant

in both activation maps. The Dice coefficient was then calculated using equation (3.3).

The activation from the GLM were also compared with those from the VB index. This analysis aimed to

determine how closely the VB index results matched to those of the GLM, the standard data analysis

technique in fMRI (Poline & Brett, 2012). The Dice coefficient was not optimal for this task because

although some overlap between the GLM and VB results was expected, particularly in the brain areas

of figure 17, they are intrinsically different data analysis techniques. Primarily, the VB’s non-reliance

on a design matrix may translate to the detection of brain activity that does not follow the traditional

“expected” fMRI BOLD signal response i.e., the experimental regressors seen in figure 15b. If such were

the case, the GLM results were only expected to be a subset of the VB index’s results. As a result, while

the intersection of the two activation maps |A∩B|may be substantial, a large difference in the size of
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A and B can penalise the Dice coefficient by amplifying the denominator |A|+ |B|. In other words, the

Dice coefficient penalises differently sized activation maps. Instead, this analysis assessed the degree

of alignment between the VB results and the GLM, while recognising that statistically significant voxels

unique to theVBmethoddonot necessarily indicate inaccuracies. Consequently, theOverlap coefficient

was deemed as better suited since it is defined as the ratio of the intersection of the two activationmaps

divided by the total number of voxels in the smaller of the two activation maps (i.e., the activation map

which contains the least amount of significant voxelsmin(|A|, |B|)). The overlap coefficient was thus

calculated using equation (3.4) (Alarcon, 2019).

OC =
|A ∩B|

min(|A|, |B|)
(3.4)

Pairwise comparisons between the GLM and VB results acquired with the two approaches were con-

ducted with the Overlap coefficient across all the pulse sequences tested. For each cross-comparison,

the intersection of the VB index and the GLM was determined by calculating the total number of vox-

els which were labelled as statistically significant in both activation maps. This result was divided by

the number of statistically significant voxels in the activation map that contained the least number of

statistically significant voxel, as seen in equation 3.4.

3.8 Ethical considerations

The study was approved by the University Research Ethics Committee of the University of Malta with

the application ID of FHS-2023-00578. The notification of ethics approval is provided in appendix A.

3.9 Limitations of the research methodology

The research methodology had a number of limitations which should be considered particularly for

future work.

1. The analysis performed with the VB index involved a statistical test to identify voxels with a VB

index that was statistically higher than themedian VB value. Ideally, future work should incorpo-

rate a control group consisting of fMRI data from volunteers acquired during a resting-state fMRI

experiment should be used. Statistical comparison may be performed between the task group
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and the control group. However, due to the time limitations, the study did not feature a control

group.

2. The scanning parameters of the 23mm3 and 2.53mm3 sequences were kept as consistent with

those of the 1.83mm3 sequence to study the impact of spatial resolution on functional activation

results. This meant that the scanning parameters of the 23mm3 and 2.53mm3 sequences were

not optimised for the 23mm3 and 2.53mm3 resolution, which could impede image quality.

3. The study utilised a relatively small sample size of 10 volunteers, whichmay limit the replicability

of the results (Turner et al., 2018).

3.10 Conclusion

The research methodology of the study was presented in this chapter. The next chapter presents the

results obtained.
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4 Results

4.1 Introduction

The aim of the study was to investigate functional activation analysis with the VB index in task-based

fMRI using different pulse sequences with varying voxel volumes. A total of ten research volunteers

were recruited and scanned using three separate fMRI acquisitions with voxel volumes of 1.83mm3,

23mm3 and 2.53mm3 respectively. The volunteers were subjected to a block design finger-tapping ex-

periment. The fMRI data was then preprocessed, and analysed using two separate data analysis tech-

niques. The first is the standard fMRI data analysis technique, the GLM, and the second technique is

the VB index which has not yet been rigorously tested across pulse sequences. This section presents

the results obtained with both data analysis techniques, and any measures of image quality obtained

at each sequence.

4.2 Image quality assessment

The image quality of the raw fMRI data from the three tested pulse sequences was assessed using

MRIQC. Figure 19 displays the variation in the static SNR (19a) and TSNR (19b) across the three differ-

ent pulse sequences tested. The fMRI images of the 2.53mm3 sequence exhibited the highest mean

TSNR and mean SNR at 49.890±9.533 and 2.264±0.186 respectively. The mean SNR and TSNR re-

duced to 37.456±4.606 and 2.163±0.188 respectively at 23mm3. Finally, the mean TSNR and SNR

were 31.680±2.548 and 2.185±0.176 respectively at 1.83mm3.

A One-way repeated measures ANOVA tested for significant differences in the mean SNR and TSNR

across pulse sequences, with a level of significance of 0.05. When the ANOVA test indicated statistical

significance, the Holm-Bonferroni post-hoc performed pairwise statistical comparison. The ANOVA test

showed that the staticmean SNR varied significantly across pulse sequence resolution (F(2, 18)=11.782,

p=0.003). The Holm-Bonferroni test concluded that the mean static SNR obtained with the 23mm3 se-

quence did not differ significantly from themean SNR of the 1.83mm3 (p=0.411). On the other hand, the

mean SNR of the 2.53mm3 sequence differed significantly from the 1.83mm3 (p<0.001) sequence and

the 23mm3 (p=0.005) sequence. In addition, the ANOVA test indicated that the mean TSNR varied sig-

nificantly across the pulse sequences (F(2, 18)=19.094, p=0.001). The Holm-Bonferroni test concluded

that the mean TSNR obtained with the 1.83mm3 sequence differed significantly from the mean TSNR

of the 23mm3 (p=0.006) sequence and the 2.53mm3 (p=0.004) sequence. Similarly, the mean TSNR of
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the 23mm3 sequence and the 2.53mm3 sequence differed significantly (p=0.006).
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Figure 19. The variation in the average SNR (a) and TSNR (b) across pulse sequence resolution as out-

putted by MRIQC. Error bars indicate 95% confidence intervals for the mean SNR and TSNR. The confi-

dence intervals (∆x̄), determined with Python 3.11 were calculated using the Student’s t-distribution:

∆x̄ = ±tα,n−1
s√
n
(Boos & Hughes-Oliver, 2000), where s is the sample standard deviation, n is the

size of the sample, α is the significance level defined as 0.025 to obtain the 95% confidence intervals,

and tα,n−1 is the critical t-value. The mean SNR of the 2.53mm3 sequence differed significantly from

both the 23mm3 and 1.83mm3 sequences. However, there was not a statistically significant difference

between the mean SNR of the 23mm3 and 1.83mm3 sequences. Alternatively, the mean TSNR of all

pairs of sequences differed significantly.

4.3 fMRI data analysis

4.3.1 General Linear Model

The fMRI data was initially analysed using the GLM, which is the standard technique for detecting func-

tional activation in fMRI. The GLM analysis involved a first-level voxel-wise one-sample t-test performed

at a subject level, which assessed the statistical significance between the task and rest conditions of the

fMRI experiment. The statistical t-maps from each volunteer were then combined in a group-level anal-

ysis to test the null hypothesis that no voxels showed statistically significant task-rest contrast across

all subjects, using an alpha level of 0.05. The Bonferroni correction method adjusted the p-value to

control the FWE, and the corrected p-value was used to threshold the resulting statistical t-maps ob-
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tained during the group-level analysis to include only statistically significant voxels in the final activation

maps. Figure 20 illustrates the resulting group-level activation maps obtained from the GLM analysis

at all the sequences. The first column displays a coronal slice and a transverse slice from the resulting

activationmaps. On the other hand, the second column displays sagittal slices from the resulting activa-

tionmaps. Each row of the figure corresponds to the activationmaps acquired at a particular sequence.

The voxel’s intensity in the activationmaps correspond to the t-statistic derived during the GLManalysis.

Only voxels with statistically significant t-values at the group-level (p<0.05), following Bonferroni correc-

tion, are included in the activation maps. For the statistically significant voxels included in the figure,

the alternate hypothesis was accepted that the voxels included exhibited group-wise statistically signif-

icant differences between the task and rest conditions of the fMRI experiment. The activationmaps are

overlayed on the average T1-weighted image of the volunteers normalised toMNI space. Furthermore,

included for each subfigure displayed in figure 20 are the coordinates at which the slices displayed were

acquired (e.g., x=-42 in mm) in MNI space. For the sagittal slices, negative coordinates, e.g., -42 denote

that the slice was taken from the left hemisphere of the brain. The left-right brain orientation for the

coronal and transverse slices displayed in the first column of figure 20 are dubbed by “L” and “R”. The

position of the slices were chosen such that they include portions of the motor cortex particularly the

hand knob region seen previously in figure 18, the cerebellum, the basal ganglia, the thalamus and the

occipital lobe. The format for the presentation of the activationmaps seen in figure 20 shall be repeated

hereafter.

Figure 20a and figure 20b display coronal, transverse and two sagittal slices respectively from the group-

level GLM activation map acquired with the 1.83mm3 sequence. Only statistically significant voxels

(p<0.05) are included in the activation maps. Similarly, coronal, transverse, and sagittal slices from the

group-level GLM activation map acquired with the 23mm3 sequence are found in figures 20c and 20d

respectively. Finally, figure 20e shows a coronal and transverse slice, while figure 20f shows sagittal

slices from the group-level GLM activation map of obtained with the 2.53mm3 sequence. To allow

a better visualisation of the volumetric statistical maps, particularly statistically significant areas not

necessarily shown in the slices presented previously, figure 21 illustrates the activation maps projected

on a transparent “glass” brain. Figures 21a, 21b, and 21c illustrate the glass-brain GLM projections

obtained for the 1.83mm3, 23mm3 and 2.53mm3 sequences respectively.
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Figure 20. The activation maps signifying statistically significant voxels across the group (Bonferroni

corrected p-value < 0.05) obtained during GLM analysis. The first row (a, b) displays the t-maps from

the 1.83mm3 sequence, the second row (c, d) displays the t-maps from the 23mm3 sequence, and the

third row (e, f) displays the t-maps from the 2.53mm3 sequence.

4.3.2 Vogt-Bailey Index

The preprocessed fMRI datawas then also analysed using the VB index, a data-driven data analysis tech-

nique which has not yet been tested across pulse sequences. Unlike the GLM, the VB index does not

rely on a design matrix to regress out confounding signals arising due to for example motion. Hence,

a denoising algorithm was first applied on the fMRI data prior to the VB analysis. Then, the denoised

data of each volunteer acquired at each sequence was analysed with the VB index using two separate

approaches; VB method 1 and VB method 2. The first approach aimed to simulate the smoothing op-

erations as performed with the GLM to allow as fair a comparison. Hence, in the first approach, the

denoised data was first smoothened using the FWHM used in the GLM, and the smoothened denoised

data was analysed with the VB index. The second VB approach aimed to preserve the functional edge

contrast of the original data. Hence, in the second approach, the VB index was applied to the denoised
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Figure 21. Activation maps obtained with the GLM projected on a transparent rendering of a brain.

Figures (a), (b) and (c) represent activation maps obtained with the 1.83mm3, 23mm3, and 2.53mm3

sequences respectively.

and unsmoothened data and then the resulting VBmaps were smoothened using the FWHM used with

the GLM. In both cases, a one sample t-test was performed with Bonferroni correction to test the null

hypothesis that no voxels had a VB index that was statistically higher (p<0.05) than themedian VB index

across all volunteers. The analysis was performed for each sequence separately.

The Bonferroni thresholded statistical maps acquired with VB method 1 are given in figure 22. Coronal,

transverse and sagittal slices from the activation maps of the VB index approach 1 obtained with the

1.83mm3 resolution sequence are shown in figures 22a and 22b. Included in the activation map are

voxels with sufficient statistical evidence (p<0.05) to accept the alternate hypothesis that the voxels

have a VB index that is statistically higher than the median VB index at a group level. In addition to this,

figures 22c and 22d show coronal, transverse and sagittal slices from the activationmaps obtained with

the VB indexmethod 1 for the 2mm3 sequence. Finally, the VB activationmap obtainedwith VBmethod

1 for the 2.53mm3 sequence are provided by figures 22e and 22f which show coronal, transverse and

sagittal slices respectively.

The Bonferroni thresholded statistical maps acquired with VB method 2 are given in figure 23. Fig-

ures 23a and 23b show coronal, transverse and sagittal slices from the activation maps of the VB index

method 2 for the 1.83mm3 sequence. Coronal, transverse and sagittal slices from the resulting ac-

tivation map acquired when analysing the fMRI data acquired of the 23mm3 sequence using the VB
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method 2 are given in figures 23a and 23b. Similarly, figures 23c and 23d display slices acquired from

the activation maps obtained when analysing the 2.53mm3 sequence with the VB index method 2. As

was done with the GLM, the VB activation maps obtained with both VB approaches were projected

on transparent “glass” brains, which are shown in figure 24. Figures 24a, 24b, and 24c illustrate the

glass-brain projections obtained with VB method 1 for the 1.83mm3, 23mm3 and 2.53mm3 sequences

respectively. Alternatively, figures 24d, 24e, and 24f illustrate the glass-brain projections obtained with

the VB method 2 for the 1.83mm3, 23mm3 and 2.53mm3 sequences respectively.
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Figure 22. The activation maps signifying statistically significant voxels across the group (Bonferroni

corrected p-value < 0.05) obtained during VB index analysis with method 1. The first row (a, b) displays

the t-maps from the 1.83mm3 sequence, the second row (b, c) displays the t-maps from the 23mm3

sequence, and the third row (e, f) displays the t-maps from the 2.53mm3 sequence.

4.4 Comparison of activation maps

The activation maps obtained at each sequence were compared quantitatively using the Dice coeffi-

cient, which assessed the reproducibility of the results for each data analysis technique across pulse
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Figure 23. The activation maps signifying statistically significant voxels across the group (Bonferroni

corrected p-value < 0.05) obtained during VB index analysis with method 2. The first row (a, b) displays

the t-maps from the 1.83mm3 sequence, the second row (b, c) displays the t-maps from the 23mm3

sequence, and the third row (e, f) displays the t-maps from the 2.53mm3 sequence.

sequences. The Dice coefficients obtained when performing pairwise comparison of the different ac-

tivation maps at each sequence obtained with the GLM analysis are displayed in figure 25a. The Dice

coefficients are arrayed in the form of a symmetric matrix. The columns and the rows represent the

different activation maps presented in the previous subsection. The columns and rows of the matrix

denoted by 1.8, 2.0, and 2.5 refer to the activation maps acquired with the 1.83mm3, 23mm3, and

2.53mm3 pulse sequences respectively. The main diagonal of the matrix shows the Dice coefficients of

each activation map compared to itself, which always equal to 1. The matrix is symmetric about the

main diagonal. The intersection of the columns and the rows of the matrix represent the Dice coeffi-

cient obtained at the two activation maps corresponding to the respective row and column. In addition

to this, figure 25b displays the Dice coefficients obtained when performing pairwise comparison of the

activationmaps obtainedwith the VB indexmethod 1 across the pulse sequences. Finally, figure 25c dis-

plays the Dice coefficients obtained during comparison of the activationmaps obtained during VB index
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Figure 24. Activation maps obtained with the VB index projected on a transparent rendering of a brain.

Figures (a), (b) and (c) represent activation maps obtained with VB method 1 for the 1.83mm3, 23mm3,

and 2.53mm3 sequences respectively. Figures (d), (e), and (f) represent the activation maps obtained

with the VB method 2 for the 1.83mm3, 23mm3, and 2.53mm3 sequences respectively.

method 2 across the pulse sequences. Overall, the GLM produced higher Dice coefficients compared to

the VB index. In addition, VB method 1 had higher Dice coefficients when compared to VB method 2. It

is good to point out that confidence intervals were not computed for the Dice coefficients obtained for

two reasons. First, the parametric approximation of confidence intervals for the Dice coefficient relies

on too many underlying assumptions. Second, in this study, the activation maps were computed using

parametric tests (t-tests) based on data from 10 volunteers. Hence, using non-parametricmethods such

as bootstrapping for estimating confidence intervals entailed that the parametric tests would need to

be performed on a reduced sample size, which would violate the assumptions of the parametric meth-

ods used. Therefore, it was not feasible within the scope of this study to compute confidence intervals

for the Dice coefficient and also for the Overlap coefficient.

A cross-comparison between the activation maps of the GLM and the VB index was also performed
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across each sequence. This was achieved with the overlap coefficient which assessed the congruence

of the VB activation maps to the GLM activation maps. Comparison of the VB activation maps acquired

for each approach to the GLM was performed across all the sequences tested. Figures 26 shows the

resulting overlap coefficients obtained, presented in a similar configuration as the Dice coefficients.

Figure 26a displays the overlap coefficients, comparing the activation maps obtained at each sequence

with the VB method 1 to the GLM. Alternatively, 26b displays the overlap coefficients, comparing the

activationmaps obtained at each sequence with the VBmethod 2 to the GLM. In general, the activation

maps of the VBmethod 1 exhibited larger overlap with the GLM. Finally, the total number of statistically

significant voxels for each activationmapwas determined at each sequence and is given in figure 27. The

activationmaps acquired with the VB index had overall a higher number of statistically significant voxels

compared to the GLM by approximately an order of magnitude. The VB method 1 had larger numbers

of statistically significant voxels compared to VB method 2. Across all data analysis approaches, the

number of statistically significant voxels was higher at poorer resolution.
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Figure 25. The Dice coefficients obtained when comparing the activation maps obtained with the GLM

(a), VB method 1 (b), and VB method 2 (c) across pulse sequences.
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Figure 26. The overlap coefficients obtained when comparing the activation maps of the VB method 1

with the GLM (a), and the VB method 2 with the GLM (b).
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Figure 27. The number of statistically significant voxels across pulse sequence for each data analysis

technique. The y-axis is scaled logarithmically.
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5 Discussion

5.1 Introduction

The aim of the study was to investigate functional activation using task based fMRI across pulse se-

quences with different scanning parameters. The study was motivated by the fact that the VB index, a

data-driven fMRI data analysis technique, has not yet been rigorously tested across pulse sequences.

Therefore, three different pulse sequences with approximately identical scanning parameters except

for the voxel volume were used. The first pulse sequence featured the larger voxel volume employed

in a typical fMRI study of 2.53mm3. Subsequent sequences employed voxels of volume 23mm3 and

1.83mm3, representing an approximately 49% and 63% reduction in voxel volume respectively from the

2.53mm3 sequence. A total of 10 research volunteers were recruited, scanned and the fMRI data was

preprocessed and analysed with the VB index and the traditional GLM which served as a baseline.

5.2 Discussion

5.2.1 Image quality

The study investigated the effect spatial resolution has on functional activation analysis with the VB

index. Spatial resolution was chosen as the scanning parameter in question when investigating the VB

index across sequences due to twomain reasons. Firstly, spatial resolution directly affects the suscepti-

bility of the fMRI study to the PVE. In other words, larger voxels are at an increased risk of being partially

filled by both neuronally active tissue and non-active tissue obscuring the BOLD signal detected (Du et

al., 2014). Secondly, despite the theoretical benefits of higher spatial resolution, fMRI studies generally

make use of large voxels (≥2.53mm3) as observed previously in table 1. This is likely because single-

shot EPI sequences, commonly used in fMRI, prioritise fast data acquisition over high spatial resolution

(Jezzard & Clare, 1999). Furthermore, the benefits of higher spatial resolution are countered by the

reduction in both the SNR and TSNR (Triantafyllou et al., 2005) which may affect the ability to detect

the small signal fluctuations arising due to the BOLD effect (Welvaert & Rosseel, 2013). Indeed, the

comparison of image quality across the sequences performed in this study revealed a statistically signif-

icant reduction in the TSNR and SNR between the 2.53mm3 sequence and both of the higher resolution

23mm3 and 1.83mm3 sequences. The substantially large number of MRI volumes (393) acquired per

fMRI run in this study could have alleviated the impact of the significant TSNR reduction. In fact, Mur-
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phy et al. (2007) demonstrated that a TSNR of at least 10 would be required with 400 fMRI volumes to

detect the BOLD signal (p-value=0.05) at 5% contrast relative to the baseline MRI signal. Interpolating

this value linearly to the typical 4% BOLD contrast at 3T (van der Zwaag et al., 2009) would entail that a

TSNR of approximately 20 would be required for adequate BOLD signal detection, which is lower than

the lowest TSNR observed in this study of 31.680± 2.548 for the 1.83mm3 sequence. This is important

for future work since it implies that the number of fMRI volumes (and hence scanning time) particu-

larly for the poorer 2.53mm3 resolution sequence could be reduced without warranting a significant

reduction in detection power.

5.2.2 Volunteer study

A cohort of 10 research volunteers were recruited and scanned while performing sequential finger tap-

ping tasks with the three separate pulse sequences employing different voxel volumes. The volunteer’s

fMRI data was first preprocessed to correct for artefacts present, and then analysed using two sepa-

rate approaches; the standard model-based approach via the GLM, and VB index which has not been

rigorously tested across pulse sequences.

The GLM analysis featured the creation of a design matrix which contained the experimental regressors

i.e., the task and rest conditions, and confound regressors. Then, a mass-univariate one-sample t-test

was applied on the fMRI data of each volunteer separately to assess the statistical significance between

the task and rest regressors. The analysis featured a first-level smoothing operation with a smoothing

FWHM (4.806 mm) that was constant across the pulse sequences. The first-level statistical maps ob-

tained were normalised to MNI space, and a second-level one-sample t-test determined which voxels

exhibited statistically significant differences between the task and rest conditions at a group level. The

statisticalmaps obtainedwere thresholdedwith Bonferroni correction to include only voxels with a level

of significance of 0.05 in the resulting activation maps.

The GLM activation maps obtained at each sequence are given by figure 20. The activation maps re-

vealed clusters of statistically significant voxels predominantly in the left portion of the cerebral cortex

across the pulse sequences. The contralateral nature ofmotor cortical activationwas in agreementwith

the results of Gountouna et al. (2010) illustrated in figure 17 and with the results of other literature

(Turesky et al., 2018; Witt et al., 2008; Wüthrich et al., 2023). The transverse slices of the activation

maps given by figures 20a, 20c, and 20d, for the 1.83mm3, 23mm3 and 2.53mm3 sequences respec-

tively revealed that much of the “hand knob” region of the motor cortex was statistically significant.

The detection of functional activation in the “hand knob” region highlighted in figure 18 was of primary
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interest for this study, since it is responsible for hand motor function (Pimentel et al., 2011) through it’s

outputs to the pyramidal tract (Khushu et al., 2001). The coronal slices in figures 20a, 20c, and 20d, and

the sagittal slices seen in figures 20a, 20c, and 20d for the 1.83mm3, 23mm3 and 2.53mm3 sequences

respectively showed the functional activation detected in the “hand knob” region from a different per-

spective. Overall, the results obtained in the motor cortex were consistent across pulse sequences, and

with the results of literature (Gountouna et al., 2010; Turesky et al., 2018; Witt et al., 2008; Wüthrich

et al., 2023).

The activation maps were projected on transparent “glass-like” brains to allow a better visualisation

of portions of the activation maps not captured by the previously discussed slices. The three glass-

brain projections corresponding to the 1.83mm3, 23mm3 and 2.53mm3 sequences are given by figures

21a, 21b and 21c respectively. Apart from functional activation in the motor cortex, these projections

also demonstrate that functional activation was detected across the sequences bilaterally in the oc-

cipital lobe which sits at the back of the head, and is responsible for visual perception (Queensland-

Government, 2022). In general, functional activation in the occipital lobe was consistent across the

pulse sequences. However, the area of activation in the occipital lobe for the 1.83mm3 sequence was

smaller compared to that observed for the poor resolution sequence. Apart from this, clusters of func-

tional activationwere detected for the 2.53mm3 sequence in the cerebellum, and the thalamus in agree-

ment with literature (Gountouna et al., 2010; Turesky et al., 2018). Cerebellar activity was not detected

for the 1.83mm3 and 23mm3 sequences, which is mainly because the FOV did not cover the cerebellum

(at least not fully) since further expansion of the FOV necessitated an increase in the number of slices

and hence the TR.

The results obtained with the GLM served a baseline for comparison using the VB index (Bajada et al.,

2020), a data-driven approach that has not yet been tested across pulse sequences, which motivated

the study. The functional activation analysis performed with the VB index featured the application of

a denoising algorithm on the fMRI data and a VB analysis that consisted of two separate approaches.

The first approach (VB method 1) aimed to replicate the smoothing operations performed during GLM

analysis to provide as fair a comparison as possible to the GLM. Consequently, the denoised data was

smoothened before the application of the VB analysis. In the second approach (VB method 2), the VB

analysis was performed first and the resulting VB maps were smoothened. These two separate VB ap-

proaches were performed for two reasons. Firstly, the VB method 1 was conducted to reproduce the

style of the GLM analysis. Therefore, the results obtained with the VB method 1 aimed to validate the

VB index across pulse sequences with the GLM. On the other hand, the VB method 2 was performed

mainly due to the intrinsic operation of the VB index. As discussed in the literature review, the VB index
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is an algorithm that detects the edges between functionally distinct regions (Farrugia et al., 2024). Since

spatial smoothing effectively blurs the data (Jahn, 2019), using the VB index prior to spatial smoothing

may not be the optimal approach, as the edges between functionally distinct regions will consequently

also be blurred out due to the smoothing. Instead, performing the VB analysis on the raw data ensures

that the edge contrast of the original data is preserved. In the VB method 2, smoothing is performed

on the VB maps after VB analysis to account for the fact that even after spatial normalisation to a com-

mon space, the anatomical position of functional activation is subject dependent and will vary (even if

slightly) across participants (Alahmadi, 2021). Smoothing in the second-level for the VB method 2 was

thus a necessary step in order to get meaningful statistically significant results. In both VB approaches,

the VB maps were normalised to a common MNI space. Then, a one-sample t-test was applied to the

VB maps at each sequence to determine which voxels had a VB index that was statistically higher than

themedian VB index across the group. Bonferroni correction was applied to threshold the resulting sta-

tistical maps and include voxels with a level of significance of 0.05 in the resulting VB activation maps.

Slices from the VB activationmaps at each sequence acquired using the VBmethod 1 are given in figure

22. The transverse slices obtained from the VB activation maps using VB method 1 with the 1.83mm3,

23mm3 and 2.53mm3 sequences given by figures 22a, 22c, and 22e respectively revealed that statisti-

cally significant functional activation was detected in the “hand knob” region of the motor cortex high-

lighted previously in figure 18. A subjective comparison of the VB activation maps of figure 22 with

those of the GLM in figure 20 revealed high conformance in the “hand knob” region. An alternate view

of the “hand knob” region is provided in the coronal slices of figures 20a, 20c, and 20e and the left

sagittal slice of figures 20b, 20d, and 20e. These slices showed functional activation was detected in the

“hand knob” region consistently across pulse sequences in conformance with the GLM.

The VB analysis was also performedwith a second approach that performed smoothing after processing

the data with the VB index to preserve edge contrast between functionally distinct regions. Figure 23

displays the resulting VB activation maps obtained with the VB method 2. Figure 23 showed that func-

tional activation was detected in the “hand knob” region with VBmethod 2 across the pulse sequences.

However, compared to the GLM activation maps and the VB method 1 activation maps whereby most

of the “hand knob” region and other parts of the motor cortex were labelled as statistically significant,

only portions of the “hand knob” were labelled as statistically significant during the VB analysis with

method 2. This can be clearly seen by the transverse slices of figures 23a, 23b, and 23c correspond-

ing to the 1.83mm3, 23mm3 and 2.53mm3 sequences respectively which show “hand knob” activation

localised to a smaller area compared to those seen previously in figures 20 and 22 for the GLM and

VB method 1 respectively. Similarly, the coronal slices of figures 22a, 22c, and 22e and the left sagittal
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slice of figures 22b, 22d, and 22f corresponding to the VB method 2 activation maps for the 1.83mm3,

23mm3 and 2.53mm3 sequences respectively also showed that statistically significant clusters of voxels

were localised to a specific portion of the “hand knob” region.

The VB activation maps obtained with both VB approaches revealed statistically significant regions in

the occipital lobe. These statistically significant occipital regions may be visualised by the right sagittal

slice of the activation maps in figures 22 and 23 for the VB method 1 and VB method 2 respectively. As

observed in the “hand knob” region, the VB method 1 exhibited larger clusters in the occipital region

when compared to the VB method 2. These observations were valid across the pulse sequences. Apart

from this, theVB activationmaps obtainedwith bothVB approaches also revealed statistically significant

clusters of voxels were detected in the Cerebellum with the 2.53mm3 sequence. These clusters may be

observed by the glass-brain projections of figures 24c and 24f corresponding to the 2.53mm3 sequences

obtained with the VB method 1 and VB method 2 respectively. Both of these observations conformed

with the results of the GLM.

The glass brain projections of the activationmaps obtainedwith the VB index in both approaches seen in

figure 24 revealed clearly that functional activation with the VB index was not predominantly limited to

themotor cortex and the occipital lobe but also included a variety of other brain regions. Conversely, the

glass-brain projections acquired with the GLM in figure 21 revealed that functional activation detected

with the GLM was predominantly limited to the motor cortex and the occipital lobe, irrespective of the

pulse sequence used.

These observationsmay be explained by discussing the inherent limitations of theGLMapproach. A cru-

cial component in the GLM analysis is the design matrix, composed of a weighted set of user-specified

regressors that define the model and are used to explain the time-series signal for each voxel (Leibovici

& Smith, 2001). Embedded in the design matrix are the experimental regressors which model the BOLD

response to the experimental condition (i.e., task-related signal time courses) (Jenkinson et al., 2017).

The experimental regressors in the GLM are oftenmodelled by convolving the HRF with the experimen-

tal condition of the experiment obtaining the expected BOLD time-series in a neuronally active voxel.

Consequently, one of the limitations of the GLM is that it assumes that the data may be analysed using

an HRF that is constant across brain regions and subjects (Morante et al., 2021). Previous work had

demonstrated the HRF has shown significant inter-subject variation violating this assumption (Aguirre

et al., 1998; Handwerker et al., 2004). Furthermore, the shape of the HRF has also been shown to vary

across different brain regions within a subject (Miezin et al., 2000). These variations in the HRF are a

consequence of several factors including inter-subject and intra-subject differences in neural activity,

vasculature, and respiration amongst others (Handwerker et al., 2004). One approach to address these
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limitations includes expanding the design matrix to include additional regressors that account for these

variations in the HRF. This includes expanding the HRF by adding its temporal derivatives to the design

matrix to account for slight temporal shifts (Poline & Brett, 2012). Alternatively, the HRF may be mod-

elled as a linear combination of a constrained set of basis functions. The experimental regressor may

then be modelled by convolving the experimental paradigm with the basis functions to create a set

of experimental regressors (Poldrack et al., 2011). In this study, the experimental regressor used was

composed of a single HRF which limited the detection power of the GLM model used (Aguirre et al.,

1998) and could have been one of the reasons as to why functional activation detection was mainly

limited to the motor cortex and the occipital lobe. More robust GLM studies should incorporate more

complex experimental regressors to better account for inter-subject and intra-subject variations. In any

case, regardless of the complexity of the experimental regressors used, this concept highlights the fact

that the detection power of the GLM is reliant on a user-specified design matrix. The VB index due to

its data-driven nature was not constrained by this limitation, which could have been the reason why

the functional activation detected by the VB index was more expansive. It is good to point out that

the statistical analysis performed with the VB in both approaches was by nomeans optimal. In both ap-

proaches, the voxel-wise one-sample t-test performed assessedwhether voxels had a VB index that was

statistically higher than the median VB index across the group. Another approach would incorporate a

control group such as rest-state fMRI data acquired from a group of participants to act as a benchmark.

Then statistical testing may be performed between the experiment group from which task-based fMRI

data was acquired and the control group.

Nevertheless, the initial subjective comparison between the GLM and VB index revealed that the VB

method 1 produced reproducible results across the pulse sequences tested in the motor cortex in con-

formance with the GLM. Furthermore, the VB method 2 also reproducibly revealed contralateral mo-

tor cortical activation across the pulse sequences. However, as opposed to the GLM and VB method

1 whereby most of the motor cortex was statistically significant, motor cortical activation in the VB

method 2 was localised to a specific portion. This is not necessarily a poor result since the smoothing

approach of VB method 2 differed from the others. Furthermore, somatotopic evaluations of finger

tapping tasks with fMRI did reveal that functional activation due to index and thumb movements were

localised to specific anatomical portions of the primary motor cortex as opposed to being smeared

across the entire motor cortex (Lotze et al., 2000).

The VB method 2 applied the VB index on unsmoothened data, which meant that the edge contrast

between functionally distinct regions were not blurred out. Since the VB index is an edge detection

algorithm, this process could have improved the accuracy by which the edges between functionally
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distinct regions were detected and hence by which neuronal activity was localised. Smoothing was

then performed at a second level to account for inter-subject anatomical differences. This could explain

why only portions of the “hand knob” region were labelled as active as seen in figure 23. This effect

was observed across sequences but primarily in the higher 1.83mm3 and 23mm3 resolution sequences,

which may be due to less PVE that amplified edge contrast. On the contrary, the smoothing applied to

the denoised data in VB method 1 blurred out the edges of functionally distinct regions, which could

have caused the VB index to label the motor cortex as one large conjoined cluster as was seen with the

GLM. These hypotheses would favour the use of VB index method 2 where edge detection accuracy is

of primary importance, such as in somatotopic studies, but VB index method 1 when conformance with

more established data analysis techniques such as GLM is required.

The VB analysis in both approaches detected functional activation in areas that were not detected dur-

ing the GLM analysis. One of these regions includes the thalamus, which is responsible for relaying

motor activity from the basal ganglia and cerebellum to the motor cortex (Sommer, 2003). The thala-

mic activity was detected across the pulse sequences with VBmethod 1 as seen by the coronal and right

sagittal slice of figure 22. Furthermore, thalamic activity was also detected with VBmethod 2 sequence

as seen from the coronal and right sagittal slice of figures 23c and 23d respectively for the 23mm3 se-

quence. Thalamic activity was also detected with the VB method 2 for the other sequences but are not

present in the particular slices presented in figures 23. The thalamic activity detected by the VB index

in both approaches was in agreement with literature (Turesky et al., 2018; Witt et al., 2008; Wüthrich et

al., 2023). In addition to this, functional activation was detected with the VB index in both approaches

across the pulse sequences in brain areas lying directly anterior to the hand knob region corresponding

to the premotor and supplementary motor areas in agreement with literature (Gountouna et al., 2010;

Turesky et al., 2018; Witt et al., 2008; Wüthrich et al., 2023). The premotor area plays an important role

in guiding movement in response to sensory information (Buccino et al., 2001). Alternatively, the sup-

plementary motor area is responsible for initiating and sequencing motor tasks (Khushu et al., 2001).

The VB analysis also detected functional activation in the area situated directly posterior to the motor

cortex known collectively as the parietal lobe which is responsible for decision-making, spatial aware-

ness and speech comprehension amongst others (Bisley & Goldberg, 2010). Functional activation was

detected in the parietal lobe with both VB approaches and across the pulse sequences tested. As in the

previous cases, the parietal activation detected with the VB method 1 was larger in area compared to

those of the VBmethod 2 which could be a consequence of the first-level smoothing performed that re-

duced the edge contrast compared to VB method 2. The transverse slice of figures 22 and 23 for the VB

method 1 and 2 respectively, revealed that functional activation detected by the VB index in the parietal

lobe was predominantly bilateral. In addition to this, the sagittal slices showed that parietal activation
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was detected with the VB index in both the superior and inferior parietal lobules. These observations

were observed in both VB approaches and across pulse sequences. Finally, the VB activation maps in

both approaches revealed functional activation in the prefrontal cortex, which is responsible for higher

cognitive tasks (Henri-Bhargava et al., 2018).

5.2.3 Quantitative comparison of activation maps

The activation maps obtained with the GLM and the two VB approaches were compared quantitatively

together across pulse sequences using the Dice coefficient to evaluate the reproducibility of functional

activation results across the pulse sequences for each data analysis technique. Furthermore, the con-

formity of the VB index to the GLM was assessed with the Overlap coefficient. The level of similarity

between two activation maps were benchmarked based on the size of Dice coefficient or Overlap co-

efficient. The ranges specified by Wilson et al. (2017) will be used to describe similarity between two

activation maps. The spatial similarity of a pair of activation maps will be described as being low if their

similarity metric is within: 0.00 to 0.19, low-moderate: 0.20 to 0.39, moderate: 0.40 to 0.59, moderate-

high: 0.60 to 0.79 or high: 0.80 to 1.00.

5.2.4 Reproducibility across pulse sequences

The activation maps obtained using the GLM across the pulse sequences were compared together us-

ing the Dice coefficient, which are displayed in figure 25a. Overall, the Dice coefficients obtained with

theGLMacross pulse sequencesweremoderately-high (≈0.6-0.7) which suggested reproducible results

across the sequences tested as observed in the subjective comparison. The lowest spatial similarity was

between the GLM activationmaps acquired with the 1.83mm3 and 2.53mm3 sequences, with a Dice co-

efficient of 0.627. Alternatively, the greatest spatial similaritywas exhibited between theGLMactivation

maps acquired with the 23mm3 and 2.53mm3 sequences, having a Dice coefficient of 0.683. Figure 27

demonstrated that the activation maps obtained with poorer resolution had a larger number of statis-

tically significant voxels compared to the higher resolution sequences. This may be partially attributed

to the fact that cerebellar activity was detected with the 2.53mm3 sequence but not with the higher

resolution sequences. Furthermore, larger areas of functional activation were detected in the occipital

lobe for the 23mm3 and 2.53mm3 sequences compared to the 1.83mm3 sequence. These observa-

tions would explain why the greatest dissimilarity was observed between the 1.83mm3 and 2.53mm3

sequences, while the greatest spatial similarity was observed between the 23mm3 and 2.53mm3 se-

quences.
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One parameter which could have introduced some bias in the quantitative comparisons is intrinsic

smoothing. As a consequence of the PVE, the fMRI data acquired from the scanner has some intrin-

sic smoothing (Harri et al., 2007). The PVE is more significant at poorer resolution, meaning that the

level of intrinsic smoothing is higher at poorer resolution. In the study, constant smoothing was applied

during the data analysis. Since the fMRI data acquired with the three pulse sequences had different

degree of intrinsic smoothing, the net result was that the poorer resolution sequence had higher net

smoothing. This could have contributed partially to the larger number of statistically significant voxels

detected with the poorer resolution sequences, as seen in figure 27. Consequently, the Dice coefficient

may have been penalised due to differences in the size of the activation maps, which could be partially

attributed to the varying degree of net smoothing. Ideally, as suggested by Weibull et al. (2008) and

Molloy et al. (2014) if higher spatial specificity is not required, higher smoothing should be applied to

higher resolution data to account for lower intrinsic smoothing.

The Dice coefficients obtained for the VB indexmethod 1 provided in figure 25b, weremoderate in value

(≈0.5) and were lower than those seen in the GLM, suggesting lower reproducibility across sequences.

The highest spatial similarity for the VB method 1 was observed between the activation maps of the

23mm3 and 2.53mm3 sequences, with a Dice coefficient of 0.512. The greatest dissimilarity was ob-

served between the activationmaps of the 1.83mm3 and 2.53mm3 sequences, having a Dice coefficient

of 0.450.

On the other hand, the Dice coefficients obtained with the VBmethod 2 are given in figure 25c. Overall,

the Dice coefficients for the VB index method 2 were within the low-moderate range (≈0.25) and were

lower than those obtained with both the GLM and VB method 1. This meant that the results of VB

method 2 were less reproducible across pulse sequences compared to both the GLM and VB method

1. As with the GLM and VB method 1, the highest spatial similarity for the VB method 2 activation

maps were exhibited between the activation maps acquired with the 23mm3 and 2.53mm3 sequences,

having a Dice coefficient of 0.265. Furthermore, the greatest dissimilarity was exhibited between the

activationmaps acquiredwith the 1.83mm3 and 2.53mm3 sequences, having a Dice coefficient of 0.254.

5.2.5 Conformance of the Vogt-Bailey Index with the General Linear Model

The conformance of the VB results with the GLMwas assessed using the Overlap coefficient. The initial

subjective comparison performed earlier revealed that the VB method 1 exhibited the highest confor-

mance to the GLM, while the VB method 2 exhibited more localised functional activation when com-

pared to the GLM. Figure 26a provides the overlap coefficients quantifying the overlap between the
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GLM and the VB method 1, and figure 26b provides the overlap coefficients quantifying the overlap

between the GLM and the VB method 2. The results revealed that indeed the VB method 1 exhibited

the highest overlap with the GLM activation maps, in agreement with the subjective comparison.

In general, as seen in figure 26a, the overlap between the VB method 1 and the GLM was moderate

to moderate-high (0.4 to 0.7). The VB method 1 activation map acquired with the 2.53mm3 sequence

exhibited the highest overall overlap with the GLM across pulse sequences. The highest overlap (0.682)

was between the GLM activation map obtained with the 1.83mm3 sequence and the VB method 1 acti-

vationmap obtained with the 2.53mm3 sequence. Conversely, the lowest overlap (0.329) was exhibited

between the GLM activationmap obtainedwith the 2.53mm3 sequence and the VBmethod 1 activation

map acquired with the 23mm3 sequence.

Alternatively, figure 26b demonstrated that, in general, the overlap between the GLM and the VB

method 2 was in the low to low-moderate range (≈ 0.1 to 0.3), signifying that the VB method 2 was the

least conformal to the GLM. The highest overlap (0.300) was exhibited between the GLMactivationmap

obtainedwith the 1.83mm3 sequence and the VBmethod 2 activationmaps obtainedwith the 2.53mm3

sequence. In general, the VBmethod 2 activationmaps acquired using the higher resolution sequences

exhibited smaller overlap with the GLM. In both VB approaches, the highest conformance with the GLM

was exhibited with the 2.53mm3 sequence. This could be a consequence of the higher amount of in-

trinsic smoothing due to poorer resolution, which swelled the statistically significant clusters detected

in the motor cortex.

5.3 Conclusion

The study aimed to assess functional activation with the VB index across pulse sequences. To achieve

the aim, the study developed 3 fMRI pulse sequences with distinct voxel volumes, and applied the pulse

sequences on a cohort of 10 volunteers. Then, the data was analysed with the VB index, and with the

GLM which served as the baseline. The results obtained with both techniques were compared qualita-

tively with literature, quantitatively across pulse sequences with the Dice coefficient, and quantitatively

together with the Overlap coefficient. Consistent functional activation maps were produced across the

pulse sequences with GLM and the VB method 1. The activation maps obtained with the VB method 2

were less consistent across the pulse sequences. Overall, the results obtainedwith the VB indexmethod

1 which saw the VB being applied on smoothened data conformed well with the GLM. The results of

the VB index method 2 were less conformal to the GLM, as functional activation results were more spa-

tially localised. The more localised activation detected with the VB index method 2 could be because
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the intrinsic functional edge contrast of the raw data was preserved since the VB index was applied

on unsmoothened data. In both VB index approaches, the highest overall conformance with the GLM

was obtained with the 2.53mm3 sequence. In both approaches, the VB index detected functional ac-

tivation in areas not detected by the GLM, which could be due to the intrinsic limitations of the GLM

approach that relies on a user-specified design matrix. This chapter discussed the results obtained in

the study, and the next chapter will summarise the conclusions, and provide some recommendations

for professional practise and future work.
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6 Conclusions and recommendations

6.1 Introduction

The study investigated functional activation analysis in BOLD fMRI with three separate pulse sequence

employing voxel volumes of 1.83mm3, 23mm3, 2.53mm3 respectively. The motive of the study was to

test a data-driven algorithm, the VB index across pulse sequences and benchmark the results with the

GLM, an established fMRI data analysis technique. A cohort of 10 research volunteers were recruited

and scanned with the three fMRI sequences. The data was analysed with the GLM which served as the

baseline, and then with the VB index using two separate VB index methods. The first VB approach saw

the applicationof theVB index on smoothened fMRI data aswas performedwith theGLM to allowas fair

a comparison. The second VB approach featured the application of the VB index on the raw fMRI data

to preserve the functional edge contrast, and smoothing was applied on the resulting VB index maps.

The resulting activation maps were compared across pulse sequences qualitatively with literature and

quantitatively using the Dice coefficient and the Overlap coefficient.

6.2 Summary of conclusions from the study

The main conclusions that emerged from the study were:

1. Significant reductions in the TSNRwere observed between the 2.53mm3, 2.03mm3, and 1.83mm3

sequences, corresponding to 63% and 49% reductions in voxel volumes. Alternatively, significant

reductions in the SNR were observed between the 2.53mm3 sequence and the two other se-

quences, but not between the 2.03mm3 and the 1.83mm3 sequences. Despite these significant

reductions, the large number of fMRI volumes acquired ensured that the TSNR values across the

pulse sequences remained within the baseline TSNR values suggested by Murphy et al. (2007)

for adequate detection power.

2. The GLM analysis consistently detected functional activation across all three pulse sequences in

the “hand knob” region of the motor cortex and the occipital lobe. For the 2.53mm3 resolution

sequence, thalamic and cerebellar activity was detected with the GLM but not with the higher

resolution sequences. However, the latterwas probably due to the fact that the FOV in the higher

resolution sequences did not cover the entirety of the cerebellum.

3. The VB index methods (1 and 2) consistently detected functional activation in the “hand knob”
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region of the motor cortex and the occipital lobe as with the GLM. Apart from this, both VB

index methods detected functional activation consistently across pulse sequences in areas not

detected by the GLM including the parietal lobe, the prefrontal, the premotor, and supplemen-

tary motor areas, in conformance with literature.

4. The GLM had the highest reproducibility of results across pulse sequences with moderately-high

Dice coefficients (0.6 to 0.7). The VB method 1 had moderate reproducibility of results across

pulse sequences with Dice coefficients in the order of 0.5. On the other hand, the VB method 2

had the lowest reproducibility of results across pulse sequences with low-moderate Dice coeffi-

cients (≈0.25).

5. In general, the results of the VBmethod 1 showed good conformancewith the GLM,with overlap

coefficients ranging from moderate to moderately-high (0.4 to 0.7). The 2.53mm3 sequence, in

particular, exhibited the highest conformance between the VB method 1 and GLM activation

maps.

6. TheVBmethod 2 showedoverall less conformancewith theGLM, exhibiting low to low-moderate

Overlap coefficients. However, the different smoothing approach employed in the VB method 2

to preserve edge contrast meant that this technique was not directly comparable to the GLM. As

with the VB method 1, the VB method 2 activation map obtained with the 2.53mm3 sequence

was most conformal to the results of the GLM, with low-moderate Overlap coefficients (0.2 to

0.3). The higher conformance observed with the 2.53mm3 sequence may result from the higher

intrinsic smoothing present at lower resolution.

6.3 Recommendations for professional practice

The following are recommendations for professional medical physics practice:

1. The TSNR values obtained, particularly with the 2.53mm3 sequence were high and exceeded

the recommended baseline values suggested by Murphy et al. (2007). Consequently, fMRI scan-

ning sessions utilising particularly the 2.53mm3 sequence could be shortened to reduce scanning

times without warranting a significant reduction in BOLD signal detection power.

2. If conformity with the GLM is required during VB index analysis, the VB index method 1 may

be used, i.e., the VB analysis may be applied on spatially smoothened fMRI data. Furthermore,

the 2.53mm3 sequence may be used in conjunction with the VB index method 1 to enhance

conformity with the GLM.
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3. For a somatotopic evaluation of functional activation with the VB index, the VBmethod 2 should

be used to preserve the original functional edge contrast of the fMRI data. In this case, the VB

index may be applied on unsmoothened to preserve the functional edge contrast of the fMRI

data. The usage of the higher resolution 1.83mm3 and 23mm3 sequences in this case may be

more appropriate as the subjective comparison did not reveal reductions in the detection power

at high resolution in the “expected” areas such as the motor cortex and the occipital lobe, and

also in areas not identified by the GLM. If somatotopic analysis with the VB index is employed

but higher conformance with the GLM is required, then the 2.53mm3 sequence should be used.

However, further validation of both methods across a wider cohort of volunteers is required to

ensure the generalisability of the results.

6.4 Recommendations for future research

Suggestions for further research are:

1. The study performed a group level statistical analysis with the VB index by statistically compar-

ing the VB index of each voxel to the median VB index at a group level. Ideally, a control group

composed of rest-state fMRI data from a group of participants is incorporated as a benchmark.

Future work is needed to validate the results obtained with the VB index by incorporating a con-

trol group and statistically comparing the VB indices between the experiment and the control

group.

2. The results obtained with the VB index in both methods revealed functional activation in a wide

variety of brain regions that were not detected by the GLM. Future work is needed to study

how correlated the fMRI signal of brain regions which are predominantly involved in handmotor

function such as the “hand knob” are to these auxiliary regions. This could help in providingmore

explainability as to why model-based methods may not be able to detect functional activation in

these regions, and also help to further explain the function these regions have in relation to the

neural mechanisms of the underlying brain function.

3. A total of 10 research volunteers were recruited for the study. Ideally, the results from the study

should be validated across a larger cohort of volunteers. Larger cohorts may be important to

allow detection of subtle effects that may not be readily apparent in smaller cohorts.
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6.5 Conclusion

The study achieved its aim and objectives by developing 3 separate fMRI pulse sequences with dis-

tinct voxel volumes, and applying the pulse sequences on a cohort of 10 volunteers. Image quality at

each sequence was assessed with the SNR and the TSNR. The data was analysed with a conventional

model-based technique that served as a baseline and with the VB index in two separate approaches.

The resulting activation maps were compared qualitatively with literature, and quantitatively together

across sequences. The results showed that the results of the GLM and the VBmethod 1 exhibited mod-

erate to moderately high reproducibility across pulse sequences. However, the VB method 2 exhibited

less reproducibility across sequences. Furthermore, the results obtained with the VB index method 1

conformedwell with the results of the GLM, particularly at poorer resolution. The VBmethod 2 showed

less conformance with the GLM, which could be due to the different smoothing approach employed.
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