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Abstract

The brainstem plays a crucial role in a great number of vital functions such
as respiratory regulation, visual reflexes, and the perception of pain. The small
size and close proximity of the nuclei requires high-resolution functional mag-
netic resonance imaging (FMRI). However, brainstem FMRI using conventional
gradient-echo echo-planar imaging (GRE-EPI) techniques is challenging due to
the increased signal dropout and geometric distortions in the brainstem.

The primary aim of the work presented in this thesis was to investigate alter-
native methods for brainstem FMRI in order to overcome some of the challenges
associated with single-shot GRE-EPI techniques. Towards this goal 3D segmented
sequences were explored, which have the advantage that the size of the geometric
distortions is not proportional to the resolution at which is scanned. In particular,
two sequences were investigated: balanced steady-state free-precession (bSSFP)
and spoiled gradient echo (SPGR).

First, a set of experiments was conducted, in which each experiment aimed to
isolate a limited range of sequence properties in order to characterize and assess
the potential of the candidate sequences. It was found that bSSFP has better noise
characteristics compared to GRE-EPI when applied with a 2D acquisition, but
when 3D readouts were used the signal instabilities increased dramatically.

Based on these findings, experiments that investigate the influence of multi-
shot acquisitions on signal instabilities caused by physiological noise were per-
formed. The signal instabilities were found to mainly originate from regions of
CSF and blood and were highly correlated to the cardiac cycle. Several correction
methods were explored and one method was identified to be implemented in vivo.

A novel method that allows real-time cardiac synchronization of the k-space
acquisition was developed. The developed methods used a custom parallel imag-
ing reconstruction to allow for acquisition with a fixed volume frame rate, which
is desirable for FMRI purposes. The method was found to reduce the signal in-
stabilities in 3D SPGR and bSSFP significantly.

A comprehensive assessment of two currently available retrospective correc-
tion techniques was conducted and their practicalities were compared. Recom-
mendations are made to improve the robustness of the investigated correction
methods. A novel optimization method was implemented, which was developed
to determine the optimal regressor set for retrospective corrections. The method
can be applied to image based as well as k-space based methods.
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Häberg, K. L. Miller, “FMRI of the medial temporal lobe using balanced
steady-state free precession”, in Proceedings 18th Scientific Meeting, Interna-
tional Society of Magnetic Resonance in Medicine, Stockholm, 2010

8. W. .C. Chen, R. H. Tijssen, C. Rodgers, J. Near, K. L. Miller, “Balanced SSFP
profile asymmetries reflect frequency distribution asymmetries: Evidence
from chemical shift imaging (CSI)”, in Proceedings 18th Scientific Meeting,
International Society of Magnetic Resonance in Medicine, Stockholm, 2010

9. P. E. Goa, A. Kristoffersen, M. H. Chappell, R. H. Tijssen, A. K. Häberg,
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Chapter 1

Introduction

Functional imaging of the brainstem allows the investigation of various important

neuronal processes, such as breathing control, cardiovascular control, and the

reception and desensitisation of pain. However, compared to the cerebrum, the

brainstem still remains a challenging area of the brain to image.

This D.Phil. thesis describes the development of image acquisition methods

to improve the quality of functional magnetic resonance imaging (FMRI) of the

brainstem. In this chapter the motivation for this work is described, and an outline

of the remainder of the thesis given.

1.1 Motivation

The small size of the brainstem belies its important role in the control of sympa-

thetic nervous system. The brainstem regulates a great number of vital functions

such as respiratory regulation and arousal reflexes [1] and plays an important role

in the perception and desensitization of pain. Chronic pain is a disabling disease

with a high prevalence (19%) and forms considerable direct health care costs, and

indirect costs such as reduced productivity. It is estimated that chronic pain costs

the European economy over e34 billion each year [2]. A few studies have re-
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ported preliminary FMRI evidence of the role of the brainstem in the perception

of pain [3, 4, 5, 6]. However, a large portion of the nuclei in the brainstem are rela-

tively small and densely spaced, which makes accurate identification of the active

nuclei based on a functional activation map extremely difficult [7]. Moreover,

the inferior location of the brainstem causes FMRI data acquisition to be highly

vulnerable to image artifacts (e.g., geometric distortions) and physiological noise

(i.e., artifactual temporal signal fluctuations) [8]. New methods that are able to

provide high resolution brainstem FMRI with high image fidelity are therefore

desirable and may provide new insights in the role of key brainstem structures in

the wide variety of functions the brainstem is involved in.

Although the main workhorse of FMRI is Gradient-Echo Echo-Planar Imaging

(GRE-EPI), there has been renewed interest in 3D acquisition strategies; mainly

to overcome some of the limitations in cortical FMRI at higher magnetic field

strengths (e.g., 7 Tesla) [9]. The same properties that make these types of se-

quences suitable for high field FMRI are potentially advantageous for high reso-

lution brainstem FMRI.

Balanced steady-state free-precession (bSSFP) FMRI has been successfully ap-

plied in high resolution cortical FMRI [10, 11]. The advantage of bSSFP FMRI is

that functional contrast is achieved at short echo time (TE), thereby decoupling

functional contrast from sources of image artifacts such as signal dropout and

image distortion (as short readouts are inherent to this sequence). One potential

drawback is the reduced functional sensitivity of bSSFP compared to conven-

tional (long TE) GRE-EPI. At 3 Tesla the relative signal changes in response to

a visual stimulus have been reported to be ∼2% for bSSFP compared to ∼4% for

GRE-EPI [12, 13].

However, the contrast-to-noise ratio (CNR), which ultimately determines the

2
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statistical power of the FMRI experiment, is not only determined by the functional

sensitivity, but also by the temporal stability of the signal. The CNR is determined

by the product of the relative signal change, ∆S/S̄, and the signal-to-noise ratio

(tSNR), S̄/σ: CNR = ∆S/σ = ∆S/S̄ × S̄/σ, where ∆S is the signal difference

between rest and activity, S̄ is the mean signal over time, and σ is the temporal

noise. In order to overcome the reduced functional sensitivity, and thus achieve

comparable CNR, the tSNR in bSSFP needs to be roughly twice that of GRE-EPI.

Due to comparable tSNR in cortical areas, the CNR of bSSFP is generally lower

compared to GRE-EPI for most visual studies (although sufficient for reliably de-

tecting activation) [12]. A recent study by Miller et al. [13], however, showed that

the sensitivity to physiological noise in bSSFP is TE dependent. Unlike GRE,

which shows a reduction in CNR when the TE is reduced, bSSFP demonstrates a

fairly constant CNR over the entire range of tested TEs (Fig. 1.1(a)), even though

the contrast for both sequences decreases for short TE (Fig. 1.1(b)). The dissim-

ilarity in CNR between GRE and bSSFP can be explained by the reduced noise

sensitivity for bSSFP at short TE (λ is a measure of the noise sensitivity) as shown

in Fig. 1.1(c). We therefore hypothesize that bSSFP FMRI will be advantageous

over GRE-EPI in areas where the physiological noise is expected to be larger than

in the cortex. The combination of reduced physiological noise sensitivity and min-

imal signal dropout is expected to result in a favourable tSNR for bSSFP. BSSFP

may thus provide a comparable or even higher CNR compared to GRE-EPI in the

brainstem, while offering low distortion images.

1.2 Thesis Outline

This thesis describes developments of 3D acquisition strategies and reconstruction

methods to improve the quality of brainstem FMRI. Chapter 2 and 3 provide
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Figure 1.1: Plots illustrating the differences in physiological noise sensitivity between GRE and
bSSFP. Panel (a) shows the contrast-to-noise ratio given as the z-statistic for GRE and bSSFP
over a range of TRs (the TE at which the data were acquired is approximately half the TR
value). Panel (b) shows the functional contrast (relative signal change in %) and Panel (c) the
calculated noise sensitivity measure λ. Note that low λ depicts low sensitivity to physiological
noise. (figure courtesy of Dr. Karla L. Miller)

an overview of the background relevant to the work presented in this thesis,

including brainstem anatomy and physiology, the physical principles underlying

MRI, image acquisition strategies, image reconstruction methods, and steady-

state FMRI sequences.

In Chapter 4 a characterization of two related 3D FMRI methods (passband

bSSFP and RF-spoiled SPGR) is performed in order to assess their potential for

brainstem FMRI. Due to the significant departure from traditional GRE-EPI in

terms of functional contrast and k-space acquisition, each experiment aims to

isolate a limited range of relevant sequence properties.

Chapter 5 presents a series of experiments that were aimed to identify the

source of physiological signal fluctuations that are specific to 3D multi-shot read-

outs. Various potential correction methods are explored and validated with sim-

ulations. The limitations of each of the methods are discussed and a real-time

synchronization method is identified for development in vivo.

A method to prospectively correct for physiological fluctuations in 3D acqui-

sition methods is presented in Chapter 6. This method uses a real-time approach

to order the k-space acquisition with respect to the cardiac cycle. It is shown
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that this method significantly reduces cardiac related noise in 3D bSSFP and RF-

spoiled SPGR.

Chapter 7 focusses on retrospective correction methods to further improve

the temporal stability in 2D and 3D imaging sequences. Image based and k-

space based correction techniques are optimized and compared, and a selection

procedure based on Bayesian modeling comparison is used to identify the opti-

mal model to correct the data. This chapter concludes with a comparison of the

temporal stability between the developed 3D sequences and the “gold-standard”

GRE-EPI sequence.

Finally, a summary of this work is given in Chapter 8. The merits of the

developed techniques are discussed and prospects for future research are given.
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Chapter 2

Principles of MR Imaging

This chapter covers the basic physics of magnetic resonance (MR) and imaging

principles at a level suitable for understanding the ideas and methods presented

in this thesis. Although the quantum mechanical description is used briefly to

explain the concept of magnetic spin, the majority will be explained using the

classical description. The classical view provides an intuitive description of the

MR phenomenon, which is often more useful in the context of understanding

MR imaging concepts than the quantum mechanical description [14]. For a more

comprehensive background the reader is kindly referred to Refs. [15, 16, 17, 18,

19], which were valuable sources of information used to write this chapter.

2.1 The MR Signal

2.1.1 Magnetisation

The source of the MR signal arises from the interaction of particles that have a

magnetic moment and two types of magnetic field: the static field B0, which

causes polarisation and precession, and the radio frequency (RF) field B1, respon-

sible for the excitation.
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Polarisation

Charged particles, including hydrogen, possess a net spin angular momentum.

This property gives rise to a magnetic dipole moment µ, given by:

µ = γ~I (2.1)

where γ is the gyromagnetic ratio, ~ is the Planck’s constant divided by 2π and I is

the nuclear spin. The magnetic moment, µ, is a vector quantity with components

parallel and orthogonal to the main static magnetic field B0. For the remainder of

the chapter we will use classical descriptions, which are adequate to describe the

MR phenomena relevant to MR imaging [14].

Fig. 2.1 shows the effect of the magnetic field on the distribution of spin orien-

tations. Spins in a sample are in constant motion and each spin alters the magnetic

field experienced by its neighbours. When no external field is applied (Panel (a)),

the magnetic interactions cause the spins to point randomly in all directions. In

the presence of an external magnetic field the spins have a preference to align

towards the direction of the magnetic field. The energy levels associated with

the alignment, however, are small compared to the thermal energies and thus the

tendency to align with the field is small. The distribution of the spins therefore

demonstrates only a small skew towards the direction of the external magnetic

field as shown by Panel (b), which is also implied by the Boltzman distribution.

The small excess in spins parallel to the magnetic field creates a net mag-

netisation moment along B0. The net magnetisation M =
∑
µ, represents the

macroscopic MR effect and can be depicted as a vector in 3D space (depicted by

the large vertical arrow in Panel (b)). The net magnetisation vector M is directed

along the z-axis, usually referred to as the longitudinal axis. The plane perpen-

7
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ba
Figure 2.1: (a) In the absence of a magnetic field the directions of the spins are randomly
distributed. (b) The distribution of the spins in a magnetic field is slightly skewed to the axis
of the applied field, which creates a net magnetisation M (large vertical arrow). The spins also
undergo precession about the z-axis due to the torque force applied by B0 (depicted by the
white arrow). (Remake of Figs. 1 and 3 in [14], courtesy of Dr. K.L. Miller)

dicular to the longitudinal axis is called the transverse plane.

Precession

The second effect that the static field has on the nuclear spins is precession. Pre-

cession is caused by a torque force that is applied to µ in the presence of B0

(Fig. 2.1(b)). This torque force causes a change in direction of the magnetic mo-

ment that is given by:

dµ

dt
= µ× γB (2.2)

The torque forces will thus cause a rotation about the axis parallel to the mag-

netic field at a rate that is given by the resonance frequency. For the external field

B0, the resonance frequency ω0 is given by:

8
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ω0 = γB0 (2.3)

The resonance frequency, also known as the Larmor frequency, is directly pro-

portional to the magnetic field, and related by γ, which for 1H is 42.58 MHz/T [18].

Excitation

At thermal equilibrium, M is pointed along the longitudinal axis and the distri-

bution of the spins in the transverse plane is even. In order to detect signal a

net transverse magnetisation needs to be created. This is achieved by applying a

second magnetic field, orthogonal to the main field, and rotating at the Larmor

frequency. This causes the magnetisation to also precess around this additional

field towards the transverse plane. Upon excitation the magnetisation vector M

will follow a helical path towards the transverse plane. Fig. 2.2(a) shows the heli-

cal path of M for a flip-angle α of 45◦. Fig. 2.2(b) shows the same excitation in a

frame of reference that is rotating about the z-axis at the Larmor frequency for a

simpler visualisation (the x and y are replaced by x′ and y′ in the rotating frame

of reference).

Signal Detection

After excitation the net magnetisation will cause a fluctuating magnetic field due

to its precession. The fluctuating magnetic field will produce a magnetic flux

in the receiver coils that are placed orthogonal to the main magnetic field. In

textbook examples usually two receiver coils are drawn: one along the x-axis,

picking up the real signal; and one along the y-axis, picking up the imaginary

signal [18]. In reality, however, the number of receiver coils can vary, and the real

9
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Figure 2.2: The path of the net magnetisation vector, M as it is tipped through 45◦ by an
RF pulse in (a) the laboratory frame of reference and (b) the rotating frame of reference

and imaginary parts of the signal are formed when the signal is demodulated

from the Larmor frequency (see Ref. [15] for more details).

2.1.2 Relaxation

As mentioned above in thermal equilibrium the net magnetisation M is aligned

with the magnetic field B. After excitation, the magnetisation will return to its

equilibrium position, in a process called relaxation. Relaxation consists of two

processes, longitudinal and transverse relaxation, which we will describe sepa-

rately. During relaxation the transverse component will decay away while the

longitudinal component recovers to its equilibrium magnitude, referred to as M0.

Longitudinal Relaxation: T1

T1 relaxation describes the re-alignment of the proton spins towards the direction

of the magnetic field, after RF excitation. T1 relaxation is caused by the magnetic

field fluctuations at the Larmor frequency that protons experience produced by

the magnetic moments of other nuclei. These can be either neighbouring hydro-

10
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gen nuclei or other molecules (e.g., protein).

The field fluctuations act as very short RF pulses causing re-orientations of

the magnetic moment. Due to the slight preference of the protons to align to

the magnetic field the distribution will slowly return to its equilibrium state re-

aligning the net magnetisation along the longitudinal axis. The rate of return is

described by the time constant T1.

Transverse Relaxation: T2

T2 relaxation describes the “non-recoverable” loss in transverse magnetisation.

The same field fluctuations responsible for T1-relaxation also induce transverse

relaxation. However, in addition to the field fluctuations at the Larmor frequency,

slowly varying field fluctuations also introduce a loss in phase coherence between

the nuclei and thus contribute to the loss in transverse magnetisation. The time-

constant that describes the rate of decay of the transverse magnetisation is T2.

Because transverse relaxation is affected by both low frequency fluctuations and

fluctuations at the resonance frequency, T2 is typically much shorter than T1.

Enhanced Transverse Relaxation: T∗2

Additional to field fluctuations caused by thermal motion of surrounding spins,

spatially varying static field offsets (i.e., field inhomogeneities) also induce an

amount of dephasing to the spins. The additional decay in transverse magneti-

sation associated with this effect is characterized by T2’. Unlike T2-effects this

effect is reversible. By applying a 180◦ RF pulse the phase of the magnetisation

will be inverted. After this inversion the spins will continue to precess and will

rephase producing an echo of the original signal. Such RF pulses are therefore

called refocusing pulses. Pulse sequences that include a refocusing pulse are gen-

erally referred to as Spin-Echo (SE) sequences [20]. The combination of T2 and

11
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T2’, finally, is described by a time-constant called T∗2, which is defined as:

1

T ∗2
=

1

T2
+

1

T ′2
(2.4)

Relaxation plays an important role in the contrast observed on MR images, as

relaxation times are highly tissue dependent. The different brain tissues, like grey

matter (GM), white matter (WM) and cerebrospinal fluid (CSF), each have unique

relaxation times. The table below lists the T1, T2, and T∗2-relaxation times of each

tissue type at 3 Tesla.

Tissue T1(ms) T2(ms) T∗2(ms)
GM 1330 [21] 110 [21] 45 [21]
WM 830 [21] 80 [21] 45 [21]
CSF 4300 [22] 503 [23] –

Table 2.1: MR relaxation times at 3.0T

2.1.3 The Bloch Equation

The Bloch equation [24] is a concise way of relating the time evolution of the

magnetisation to the external fields and relaxation by means of a single differen-

tial equation:

dM
dt

= M× γB− Mxx+Myy

T2
+

(M0 −Mz)z

T1
(2.5)

where M is the magnetisation, B the magnetic field, and T1 and T2 the longitu-

dinal and transverse relaxation times, respectively. x, y, and x are unit vectors

in x, y, and z. The Bloch equation was first described in 1946, but still remains a

powerful tool in pulse sequence development.
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2.2 Image Formation

In the previous sections, the origin of the MR signal was discussed. This section

describes the basic methods that allow us to determine the location of the protons

in order to construct images of the measured object. In addition, specific acqui-

sition strategies commonly used in neuro-imaging and crucial for the methods

developed in this thesis are outlined.

2.2.1 Gradient Fields

All the spatial localisation methods rely on the ability to manipulate the z-component

of B, the main magnetic field. Most scanners contain three gradient coils that are

able to generate linear gradient fields along the x, y, and z directions called Gx,

Gy, and Gz, respectively. Note, that only the z-component of B is altered. The

gradient coils do not generate magnetic fields along x and y. For example, Gx

describes the slope of the z-component of the main magnetic field along the di-

rection x, given by dBz/dx. In an MRI experiment the gradient fields are varied

over time so one generally refers to gradient “pulses”. The gradient strength is

reported in mT/m and is small compared to the main magnetic field. The maxi-

mum gradient strength for a human 3.0 Tesla scanner is typically ∼40mT/m. The

local magnetic field in the presence of all three gradient fields is:

B(r, t) = B0 +Gx(t)x+Gy(t)y +Gz(t)z (2.6)

where r=(x,y,z) is the vector representing the spatial location and B0 the main

magnetic field. The effect of changing the magnetic field locally is that the reso-

nance frequency is now spatially dependent. The change in resonance frequency

in the presence of a gradient field is:

13
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∆ω(r, t) = γG(t) · r (2.7)

which plays a key role in the spatial localisation techniques described below.

2.2.2 Slice Selection

As discussed above the net magnetisation can be tipped towards the transverse

plane by applying an RF pulse provided its frequency corresponds to the reso-

nance frequency of the spins. In the presence of B0, without linear gradient fields,

all the spins precess at the same frequency (assuming a perfectly homogeneous

field) and will all experience the same amount of excitation when an RF pulse is

applied at the Larmor frequency ω0. Selective excitation can be achieved by ap-

plying an RF pulse while simultaneously applying a linear gradient field G. For

example, by turning on Gz we introduce a variation in the precession frequency

along the z-axis. By altering the frequency of the RF pulse the excitation can be

confined to only those spins that are at a particular location along z. In order

to excite a slice with a thickness ∆z and thus spins at a range of precession fre-

quencies, an RF pulse is applied with a certain frequency bandwidth rather than

a single frequency as shown in Fig. 2.3.

RF pulses are commonly sinc-shaped with a carrier frequency that corresponds

with the resonance frequency of the spins at the centre of the slice of interest. The

frequency bandwidth of the pulse, and thus excitation profile, can be approxi-

mated by the Fourier transform of the RF envelope (assuming small tip angles). A

perfect rectangular slice profile, however, requires an infinitely long sinc function

in the time-domain. Due to the finite length of RF pulses the achieved slice profile

in practice will always contain a certain amount of imperfections in the form of

14
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Figure 2.3: Illustration depicting slice excitation. The RF pulse envelope determines the RF
bandwidth in the frequency domain. By applying a linear gradient along z only the protons at
a particular location are excited, leaving the protons that are precessing outside the frequency
bandwidth of the RF pulse unaffected.

ripples in the flat top region or even additional side lobes outside (Fig. 2.3). A

measure of the selectivity of the pulse (i.e., the quality of the slice profile) is the

dimensionless time-bandwidth product (TBW) of the RF pulse [16]. The TBW

is simply T∆f , where T is duration of the pulse and ∆f the bandwidth, which

can be estimated by the inverse of the full-width-half-maximum (FWHM) of the

central lobe of the sinc function. For slice selective pulses a TBW between 2 and 8

is typically used.

2.2.3 k-space

After selective excitation the field gradients are used for spatial localisation within

the excited slice. As discussed earlier the field gradients allow us to change the

local precession frequency. The local frequency offset at a given position r is

given by Eq. 2.7. Under the influence of gradient fields the MR signal will thus

consist of a range of frequency components that is dependent on the positions of

the measured protons.
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It is useful to express the MR signal in terms of the phase of the spins at a par-

ticular position in the presence of time-varying field gradients. The accumulated

phase at position r is the dot product of the time integral of the gradient with

position:

ϕ(r, t) = γ

∫ t

0

G(τ) · rdτ (2.8)

Assuming a receive coil with uniform sensitivity across the slice, the mea-

sured MR signal is the sum of all the magnetisation vectors that were excited.

Neglecting relaxation terms the MR signal can be expressed as:

S(t) =

∫
r

ρ(r)e−iϕ(r,t)dr (2.9)

S(t) =

∫
r

ρ(r)e−iγ
∫ t
0 G(τ)·rdτdr (2.10)

where ρ(r) is the proton density across the excited slice, and ϕ(r, t) the phase of

the spins at position r and time t as derived in Eq. 2.8. We can further simplify

this equation by defining:

k =
γ

2π

∫ t

0

G(τ)dτ (2.11)

where k is the time integral of the gradient waveform G. We can write the MR

signal as a function of k:

S(k) =

∫
r

ρ(r)e−i2πk·rdr (2.12)
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Note, that this equation represents a Fourier transform. Therefore, k rep-

resents the coordinates in the spatial frequency domain, referred to as k-space.

k-space is the native domain in which the MR signal is acquired. The image of

the object (ρ(r)) is obtained by a inverse 2D or 3D Fourier transform of S(k).

2.2.4 Readout Trajectories

Data collection in MRI is done by excitation of the spins by means of an RF

pulse after which a set of gradient waveforms is used to sample k-space. The

order in which k-space is sampled is referred to as the k-space trajectory. The

trajectory that is followed is determined by the shape of the gradient pulses (since

the k-value at a given time t is determined by the time integral of the gradient

waveform). Note that k-space does not have to be entirely sampled following a

single RF pulse, but can be acquired step wise over a series of RF pulses, where

only a portion of k-space is acquired during each repetition time (TR). Although

many trajectories exist, the specific trajectories that are relevant to the remainder

of this thesis will be outlined in this subsection.

2D Trajectories

In 2DFT, only a single line is acquired after each excitation (Fig. 2.4(a)). After

excitation, but before signal acquisition, a brief gradient is applied along one axis

(typically the y-axis is designated for this). This gradient has a variable area from

one TR to the next in such a way that it moves the readout to a different location

along ky in each TR. At the end of this gradient, the magnetisation has been

prepared with a particular phase profile corresponding to the desired ky. This

gradient is referred to as the ’phase-encode’ gradient. At the same time, a negative

gradient is applied along the other in-plane axis (the x-axis) to move to the edge

of the desired k-space coverage. During signal acquisition the frequency encoding
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gradient Gx is turned on which moves the sampling along kx collecting a single

line of data. Because only a single line in k-space is acquired per excitation, each

line readout need not be particularly fast (e.g., a few milliseconds, corresponding

to a low bandwidth). Although this imaging technique is thus able to provide

images with high signal-to-noise ratio (SNR), the large number of excitations that

are required makes this technique fairly slow.

Echo-Planar-Imaging (EPI) was developed in 1977 by Sir Peter Mansfield and

is still one of the fastest readout methods to date [25]. EPI differs from 2DFT

imaging in the sense that multiple phase encode lines are acquired after a single

RF excitation. In EPI the readout gradients are quickly reversed multiple times

to generate a series of gradient echoes. Interspersed phase encode gradients are

applied to spatially encode each gradient echo such that different k-space lines

are sampled. This significantly increases acquisition speed.

When the EPI-readout is collected over multiple readouts, the readout is called

a “multi-shot” or “segmented” EPI readout. An example of a segmented-EPI

readout is shown by Fig. 2.4(b). With the current gradient hardware, however,

it is also possible to sample the entire k-space from a single RF excitation as

shown in Fig. 2.4(c). This is typically referred to as a single-shot EPI. Single-shot

EPI allows a 2D image to be collected in only a few tens of milliseconds. A 3D

object is typically imaged by exciting one slice at a time until the entire volume

is collected. For applications in the brain the volume acquisition time (Tvol) is

usually in the order of a few seconds. Because each slice is only excited once per

volume acquisition, for typical volume acquisition rates, only the longitudinal

magnetisation will form a steady-state, and the signal dynamics of this type of

sequence are described by the equations given in Section 2.3.1 below.
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Figure 2.4: Illustration of the relationship between the pulse sequence timing diagrams (top
row) and the corresponding k-space trajectories. The examples shown are: 2DFT (a); seg-
mented, or multi-shot EPI (b); and single-shot EPI (c). The color coding depicts lines acquired
in separate readouts (i.e., shots). Dashed lines are the pre- and dephasers (only shown for the
first shot in each sequence)

2.2.5 3D Trajectories

The 2D readouts presented above can be extended to a 3D readout in which a

3D k-space is collected, rather than multiple slices of 2D k-space matrices. In

3D imaging a thick slab covering the entire volume of interest is excited using

Fourier encoding in all three dimensions for spatial localisation. A straightfor-

ward method to achieve this is by adding a second phase encode direction along

the third dimension. Figure 2.5 depicts the extension of 2D segmented EPI to

3D ’stack-of-segmented EPI’ readout, which is used extensively in this thesis. In

its most straightforward form, the readout order takes place in a linear fashion.

Starting with the most negative kz-location and ending with the most positive

kz. Our conventional implementation acquires all segments for a given kz-plane

before moving to the next.
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Figure 2.5: 2D (a) and 3D (b) segmented EPI trajectories. In 2D segmented EPI, a single slice
is excited after which the kx and ky dimensions are collected using a segmented EPI trajectory.
In 3D segmented EPI, the entire 3D volume is excited and the data are sampled in 3D k-space
via a number of segmented EPI read-outs at multiple kz locations.

2.3 Gradient Echo Sequences

Gradient echo (GRE) is a family of pulse sequences that are characterized by the

gradient-refocused echoes they produce for signal formation. Unlike the SE se-

quences mentioned in the previous section, GRE sequences do not use refocusing

RF pulses to form a spin-echo. First, an externally applied gradient in the mag-

netic field is used to dephase the spins, after which they are rephased using a

gradient with opposite polarity to produce a gradient-echo [16]. GRE sequences

are primarily used for fast scanning [26], and often operate under steady-state

conditions.

2.3.1 Longitudinal Steady-State

As discussed above, in a typical MR imaging experiment the longitudinal mag-

netisation is tipped towards the transverse plane by an RF pulse, after which the

MR signal is detected. Meanwhile the longitudinal magnetisation returns to its

equilibrium state, M0, as an exponential recovery with time constant T1. However,

allowing full recovery of the longitudinal magnetisation would require long TRs
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leading to impracticably long scan times (e.g., a recovery to 95% of M0 after a

90◦ excitation, requires ∼3×T1). In order to speed up the acquisition most imag-

ing sequences employ a shorter TR. However, this means that the longitudinal

magnetisation only partially recovers in between two RF pulses. In a train of RF

pulses, such as in an imaging experiment, the longitudinal magnetisation will de-

velop a steady-state; an equilibrium state where Mz is less than M0, but constant

from one TR to the next. The steady-state can be defined as the condition when

the relaxation processes are exactly cancelled by the RF pulse. Using the Bloch

equation [24], we can calculate the steady-state signal by taking the magnetisation

at any point in time, propagate it through one TR (accounting for RF pulses and

relaxation effects), and then setting it equal to the magnetisation we started with.

In the simplest case, where T2 is much shorter than TR, the transverse mag-

netisation has completely decayed away prior to the next RF pulse, and only the

longitudinal steady-state magnetisation needs to be considered (assuming an in-

finitely short RF pulse). The effect of an RF pulse with a flip angle α at time tn is

given by:

Mz(t
+
n ) = Mz(t

−
n )cos(α)

(2.13)

where Mz(t
−
n ) is the longitudinal magnetisation just prior and Mz(t

+
n ) the magneti-

sation immediately after the nth RF pulse. During the TR interval, T1 relaxation

occurs, and thus the magnetisation prior to the next RF pulse is:

Mz(t
−
n+1) = Mz(t

+
n )e−TR/T1 +M0(1− e−TR/T1) (2.14)
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Together these equations describe the time evolution of the magnetisation dur-

ing a single TR. Substituting equation 2.13 into 2.14 and solving for M−
z =Mz(t

−
n )=

Mz(t
−
n+1) then gives:

M−
z =

(1− e−TR/T1)
1− e−TR/T1cos(α)

M0 (2.15)

Note that this is the steady-state magnetisation prior to each RF pulse. The steady-

state signal at an echo time TE is given by Mxy(TE) = M−
z sin(α)e−TE/T2 .

2.3.2 Transverse Steady-State

When the TR is of the order of T2 the transverse magnetisation is not allowed

enough time to fully decay to zero and will persist from one TR to the next. If

both the longitudinal and the transverse relaxation are interrupted by RF pulses

(i.e., if TR≤T2<T1) the pulse sequence tends to be referred to as a steady-state

sequence. Steady-state sequences are often classified based on how the trans-

verse magnetisation is dealt with at the end of the TR. When the transverse mag-

netisation develops into a steady-state, the sequence is classified as a steady-state

free-precession (SSFP) sequence [16]. In this type of sequence the transverse mag-

netisation is effectively re-used in subsequent TRs leading to high signal levels

(as outlined below). If, however, the transverse magnetisation is manipulated

such that is does not contribute signal in subsequent TRs, the sequence is said to

be spoiled. Spoiling aims to prevent residual magnetisation from creating echoes

in subsequent acquisitions in order to increase the signal stability in short-TR

sequences [27] or to create T1 contrast [28]. Spoiled sequences, however, demon-

strate smaller signal levels compared to SSFP sequences as the signal is purely

determined by the magnitude of the longitudinal magnetisation just prior to the
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excitation, which is small for short-TR sequences as shown by Eq. 2.15.

Spoiling

Two spoiling strategies are: 1) gradient spoiling and 2) RF spoiling. In gradient

spoiling an additional gradient is applied that dephases the spins, which causes

the transverse signal to decay (much like the T2’-effect discussed above). The

transverse magnetisation, however, is not destroyed and may be refocused in the

subsequent TR producing a spin-echo-like signal. In order to prevent echoes

from forming the gradient needs to be varied from one TR to the next, so that a

different amount of dephasing is induced in each TR. However, even with varying

gradients the efficacy of the spoiling will be spatially dependent, and ineffective

at the centre of the gradients [27, 29].

A more effective strategy to spoil the transverse magnetisation is RF spoil-

ing [27, 30, 31]. In RF spoiling the RF phase is varied from one TR to the next

according to a predefined schedule. This introduces a phase offset between freshly

excited magnetisation and the magnetisation that persists from previous excita-

tions. If an appropriate phase cycling scheme is chosen, the net effect will be that

the magnetisation from preceding TRs will phase cancel, while the freshly ex-

cited magnetisation (the magnetisation excited by the most recent RF pulse) will

dominate [29]. A phase cycling scheme often used in RF spoiling is the quadratic

phase cycling scheme proposed by Zur et al. [30]: ϕn = n(n + 1)∆ϕ, where ϕn is

the phase of the nth RF pulse and ∆ϕ the starting value that determines the size

of the increments. A widely accepted value for ∆ϕ is 117◦ [30].
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2.4 Steady-State Free Precession

The previous section discussed the case where the transverse magnetisation was

zero at the end of each TR interval (either due to a long TR or due to spoiling).

In this section the characteristics of steady-state free-precession (SSFP) sequences

are discussed. Unlike the spoiled sequences, steady-state free precession acqui-

sitions re-use the persisting transverse magnetisation to increase the signal and

thus offer a particularly high SNR per unit of time [32]. SSFP sequences have a

fixed TR with fixed dephasing gradients and a carefully chosen RF phase. Unlike

spoiled sequences where the steady-state is driven by how much relaxation oc-

curs within the TR, in SSFP sequences precession effects play an important role in

the steady-state formation. In order to achieve a steady-state the RF pulse needs

to cancel all sources of motion that the magnetisation experiences [33, 34]. This

can be visualised as magnetisation vectors that follow an identical path each TR,

ending up in the exact same position prior to each RF pulse. The exact path and

magnitude of this vector is determined by the T1, T2, flip angle, and phase accrual

during the TR, where phase accrual (either due to off-resonance precession or

induced by gradients) is the dominant factor.

There are two types of SSFP sequences: balanced SSFP and non-balanced SSFP.

For the purposes of this thesis, however, non-balanced SSFP sequences will not

be covered in this chapter.

2.4.1 Balanced SSFP

Balanced-SSFP (bSSFP) is a special type of SSFP sequence in which the net time

integral of gradient waveforms is exactly zero along every axis (i.e., the gradients

are perfectly balanced), and the only source of phase accrual is off-resonance

precession. As all imaging gradients are refocused, the magnetisation is a single
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Figure 2.6: (a) the bSSFP timing diagram. All gradients have zero net gradient area, resulting
in complete refocusing of the magnetisation at the end of each TR. Off-resonance effects,
however, can introduce net phase accrual and thus a modulation of the steady-state. (b)
shows the bSSFP signal as a function of phase offset in between RF-pulses. Projections of the
magnetisation trajectory at three different offsets (1/3π, 0, and 2/3π) for a sequence with RF
excitation with alternating phase (-α, α, -α) are shown at the bottom. Solid arrows depict RF
flips, and the dashed lines describe precession between RF pulses (Figures inspired by Scheffler
et al. 2003).

vector (i.e., is not dephased) at the end of the TR (Fig 2.6(a)).

Balanced SSFP normally consists of a train of alternating excitation pulses (+α,

-α, +α, -α, ...). For on resonance spins that accrue no phase during the TR (ϕ=0),

the magnetisation mostly rotates around the y-axis. However, any frequency off-

set, ν, with respect to the RF transmission frequency will cause the spins to accrue

a phase of ϕ = 2πνTR within two subsequent RF pulses. Phase accrual causes the

angle between the RF pulse and the magnetisation to be different, so the RF pulse

will tip the magnetisation to a very different part of the 3D magnetisation space.

The longitudinal and transverse components of the steady-state can vary strongly

depending on the precession angle. The bSSFP signal is therefore strongly de-

pendent on local resonance frequency. Figure 2.6(b) shows the amplitude of the

bSSFP signal as a function of off-resonance induced dephasing ϕ within the TR

along with transverse projections of the magnetisation trajectories of spins at dif-

ferent resonance frequencies offsets (grey areas). Note that this is a 2π periodic
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profile [35].

At certain phase offsets the signal profile exhibits a sharp decrease in signal,

which are responsible for the well-known banding artifacts in SSFP. The location

of these bands can be controlled by incrementing the RF phase by a fixed amount

each TR (where the standard case described so far uses a π phase increment). This

effectively shifts the signal profile relative to the absolute frequency of the spins.

For example, a spin that accumulates a phase of 0.3π each TR in an experiment

with no RF phase increment will end up in the same steady-state as a spin that

precesses 0.7π each TR in an experiment with an RF phase increment of 0.4π. In

both cases the net phase accrual is 0.3π relative to the RF excitation axis.

2.4.2 Balanced-SSFP Signal Equations

We can calculate the steady-state signal by equating the magnetisation in two

corresponding time points in adjacent TR intervals. Because the transverse mag-

netisation persists at the end of each TR, we have to consider the magnetisation

vector in all three dimensions. To allow a concise description of the equations in

three dimensions a matrix formalism is used [36]. All interactions, such as exci-

tation and relaxation are represented as matrix rotations and multiplications on

the 3D magnetisation vector M = [Mx My Mz]
T . Excitation and precession can be

described by rotations about x and z, respectively, and are represented here by

the rotation matrices Rx(α) and Rz(φ). The magnetisation just after the nth RF

pulse is given by:

M+
n = Rx(α)M−

n

(2.16)
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where M− is the magnetisation prior to the RF pulse and Rx(α) represents a

rotation about the x-axis by an angle α. During the TR interval precession and

relaxation occurs, so the magnetisation just prior to the following RF pulse is:

M−
n+1 = Rz(ϕ)E(TR)M+

n + (I− E(TR)) M0

(2.17)

Rz(φ) is the rotation due to phase accrual during the TR interval, and I is the

identity matrix. Longitudinal and transverse relaxation are represented by the

diagonal matrix E:

E =


e−t/T2 0 0

0 e−t/T2 0

0 0 e−t/T1


By setting M− = M−

n = M−
n+1 we calculate M−, the steady-state magnetisation

immediately prior to the RF. Substitution of Eq. 2.16 into 2.17 gives

M− = Rz(ϕ)E(TR)Rx(α)M− + (I− E(TR))M0.

= [I−Rz(ϕ)E(TR)Rx(α)]−1(I− E(TR))M0.

(2.18)

Finally, using Eq 2.16, the magnetisation immediately after the RF pulse is given

by:
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Figure 2.7: The steady-state signal magnitude (solid lines) and phase (dashed line) as a
function of off-resonance frequency for a range of low (a) and high (b) flip angles. The portion
of the profile, which exhibits a rapid phase change is referred to as the transition band, whereas
the more constant portion of the profile is called the passband. Note that for these simulations,
the RF pulses are applied with positive α only (i.e., not alternating between +α and −α), which
effectively shift the signal profiles by π compared to figure 2.6(b).

M+ = Rx(α)[I−Rz(ϕ)E(TR)Rx(α)]−1(I− E(TR))M0.

(2.19)

This expression shows that the signal amplitude has a strong dependency on

off-resonance precession and flip angle. Figure 2.7 shows the steady-state signal

profile calculated for a range of off-resonance frequencies and flip angles.

2.5 Image Reconstruction

Once the k-space is collected the spatial frequency data are converted into an

image by means of image reconstruction. In theory if all the sampling is done

on a perfect rectilinear grid a simple inverse Fourier transform would suffice. In

practice, however, a few extra steps are often needed; either to correct for slight

imperfections or to allow for subsampling of k-space.

In this section a few reconstruction techniques that are specific to EPI readouts

are outlined and two more general reconstruction techniques that allow for sub-
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sampling of k-space are discussed, which were relevant to the methods developed

in this thesis.

2.5.1 Standard Image Reconstruction for EPI

The most pronounced artifact in EPI, when not corrected for, is ghosting. Eddy

currents or unbalanced time delays in the electronic components can cause the

acquired data to be offset relative to the true centre of k-space [37]. In a 2DFT

acquisition, where all the lines are traversed in the same direction, this will not

pose any problems as all the lines will have the same offset. In EPI, however,

where the odd and even lines are traversed in opposite direction this will result in

a modulation across the phase encode direction in k-space creating the infamous

Nyquist ghosts [38].

Several methods have been proposed to reduce inconsistencies between the

odd and even lines in k-space in order to mitigate the ghosting artifacts. The

method typically used on clinical MRI scanners corrects for phase offsets and

displacements between the odd and even lines by acquiring a few additional lines

with no phase encoding (i.e., ky=0.) [39]. On the Siemens systems used for this

work, three additional lines are acquired: two forward lines and one backward

line. The shift between the odd and even k-space lines is estimated by determining

the phase difference between the forward and backward reference lines in the (1D)

image domain (note that a shift in k-space corresponds to a linear phase ramp in

the image domain). The image domain method proves to be more robust and

allows correction of sub-voxel shifts. This type of correction is therefore referred

to as phase correction.
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2.5.2 Partial Fourier Reconstruction

Partial Fourier reconstruction refers to the reconstruction of data where k-space is

only partially acquired as shown by Fig. 2.8. These methods rely on the property

of the Fourier transform that real functions have conjugate symmetry in spa-

tial frequency space. If the imaged object is entirely real the uncollected data

can be synthesized by reflecting conjugate data across the origin as illustrated in

Fig. 2.8(a). In practice, however, changes in local resonance frequency due to B0

inhomogeneities can cause the object to have a non-constant phase and thus not

be entirely real as depicted in Panel (b). Partial Fourier acquisitions that want to

exploit the conjugate phase symmetry therefore always need some form of phase

correction in order synthesize the missing data.

The most pragmatic approach is to separately reconstruct the symmetrically

acquired central portion of k-space (Fig. 2.8(c); red box) to phase correct the image

initially reconstructed from the partial k-space data. The phase corrected image

is then transformed back into k-space where the missing data are synthesized

using conjugate symmetry. However, the phase correction in image space will

introduce errors in the k-space data that are obtained from the phase corrected

data. Because the multiplication with the phase correction function in image

space is effectively a convolution of its Fourier transform in k-space, errors will

arise near the boundary of the acquired data and the zero data.

Various iterative approaches have been suggested to reduce this effect. One

of the methods is the POCS (for projection onto convex sets) algorithm. In POCS

the partial k-space data are transformed into image space. This image is then

forced to conform to the phase correction function obtained from the symmet-

rically acquired region at the centre of k-space. The phase constrained image is

then transformed back into k-space to obtain the new estimate of the k-space data.

At this point the lines that were actually acquired are replaced with the original
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Figure 2.8: Illustration of a Partial Fourier acquisition. (a) Most PF reconstructions rely on the
assumption of conjugate symmetry across k-space. (b) In practice, however, the phase variations
cause the imaged object not to be entirely real. (c) Therefore, the acquisition requires more
than half of Fourier space in order to perform phase correction using the central symmetrically
region acquired at the centre of k-space (denoted by the red box). This example shows a 5/8
partial Fourier acquisition (the two back arrows depict the PF acquisition range)

k-space data and the process is repeated again. The process converges when the

changes from one iteration to the next in the image domain are below the noise

floor, which is usually after four or five iterations [40].

A method that is often applied due to its simplicity is to simply fill the missing

data with zeroes. This, however, causes considerable blurring in image space. The

way to understand this is by considering the data set as a fully acquired k-space

data multiplied with a filter; in this case a step-function. The effect in image

space is a convolution with the inverse Fourier transform of this filter (i.e., a sinc

function with a linear phase ramp), which results in blurring.

2.5.3 Accelerated Parallel Imaging Techniques

During the early development of MRI, RF receive coils fell into one of two cate-

gories. Surface coils had a small receptive field, such that signal and noise only

came from a small part of the anatomy, resulting in high SNR but limited cover-

age. Volume coils received signal and noise from a much larger volume, increas-

ing coverage at the expense of SNR. In the early 2000s, MRI systems were fitted
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with the hardware to receive from multiple coils simultaneously, and ’array-coils’

consisting of multiple surface coils were developed that could achieve both high

SNR and broad coverage [41]. It was soon realised that these coils had potential

advantages beyond SNR, and that they could be used to aid reconstruction in a

technique that has come to be known as ’parallel imaging’.

Multi-channel receive coils can be used to accelerate the image acquisition

by subsampling k-space (for example by skipping every other line) [42]. There

exist various methods that utilize the different sensitivity profiles of the coils to

allow for this undersampling that work either in k-space or in the image domain.

Normally an acquisition where every other line is missing would result in an

aliased image in the image domain. SENSE [43], the image domain variant, uses

the fact that as long as the acquisition is subsampled with equidistant spacing

the signal will alias in well defined locations. The aliased signal in the acquired

images S(x, y) can therefore be written as the sum of the signal from known

locations in the unaliased image (i.e., (x, y) and (x, y + FOV/R)) weighted by the

coil sensitivity profiles at these locations:

Sn(x, y) = Cn(x, y)ρ(x, y) +
R−1∑
r

Cn(x, y)ρ(x, y + r
FOV

R
) (2.20)

where Sn is the measured signal of the nth coil, Cn is the sensitivity profile per

coil, R is the acceleration factor, and ρ is the unaliased image. As long as the coil

profiles are different enough a reconstruction can be made.

Generalized Autocalibrating Partially Parallel Acquisitions (GRAPPA) [44], on

the other hand, aims to fill in the missing data lines in k-space before the data

are transformed into image space. The assumption that is made is that each

point in k-space can be synthesized by a linear combination of the neighbouring
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data points in the other coil images as long as their coil profiles are sufficiently

different. In the image domain, the coils modulate the signal (i.e., the image

is multiplied by each coil profile). The effect in k-space is a convolution with

its Fourier transform. When acquiring a line of data, each coil therefore has

effectively sampled a slightly different part of k-space, implying that more than

one k-space line could be reconstructed from the data if one knew the relationship

between the different coils.

GRAPPA takes advantage of the linearity of the coil effects (i.e., the convo-

lution in k-space) and aims to find the linear coefficients (weights) between the

coils necessary to effectively deconvolve the coil profiles and reconstruct multiple

lines from different coil signals. The different weights between the target point

(the missing point in k-space) and the source points (the acquired neighbouring

data) are estimated by a reference scan, called the auto-calibration scan (ACS).

This can either be a fully sampled central portion of the k-space or a separately

acquired scan. Note, that the relationship between the source points and the tar-

get point is independent of the location in k-space, and therefore the weights that

are estimated from the centre of k-space can be applied to the missing data points

throughout the rest of k-space.

The GRAPPA kernel represents where the source points are in relation to the

target point. The number of source points can vary, and the optimal value de-

pends on the size of the ACS [45]. Typical values range between 6–20 source

points. The GRAPPA kernel is estimated as the set of weights that is consistent

with the ACS data in a least-squares sense by minimizing the error in reconstruc-

tion compared to measured values:

W = (STS)−1STTCAL (2.21)
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Here S is a matrix with NACS rows, corresponding to the number of ACS points,

and nc×ns columns (where nc is the number of coils and ns the number of source

points. TCAL is a NACS by nc matrix holding the target points. W finally is a nc×ns

by nc matrix holding the estimated weights. Once the weights are estimated from

the ACS data the kernel is applied to the subsampled k-space to fill in the missing

data points:

T = SW (2.22)

where S is a 1 by nc × ns matrix and T a 1 by nc matrix holding the estimated

data points for each coil. GRAPPA thus reconstructs nc fully sampled k-space

matrices, corresponding to the estimated image as “seen” by a given coil (since

the kernel was calculated specifically to estimate the data from one coil based on

the signal in all the other coils). These are then transformed into image space

and combined using, for example, a sum-of-squares or adaptive combine method

[46].
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Chapter 3

Functional MRI methods

This chapter presents the source of the BOLD contrast and various acquisition

strategies to measure functional activation in the brain relevant to this thesis.

The limitations inherent to each of the techniques are discussed as well as the

complications inherent to brainstem FMRI.

3.1 The BOLD Contrast

Blood oxygenation level dependent (BOLD) imaging is a well established tech-

nique for the non-invasive investigation of brain function. In contrast to methods

like electroencephalography (EEG) and magnetoencephalography (MEG), which

measure direct electrical recordings, it relies on the haemodynamic response as-

sociated with neuronal activity. Due to the relatively slow vascular response the

BOLD signal changes are blurred and delayed in time relative to the underlying

neuronal activity.

BOLD FMRI is based on the fact that oxygenated haemoglobin (oxyHb) and

deoxygenated haemoglobin (deoxyHb) have different magnetic properties. OxyHb

is diamagnetic, whereas deoxyHb is paramagnetic. Fully deoxygenated blood

therefore has a magnetic susceptibility, which is about 20% greater than fully
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oxygenated blood [18]. As neurons become activated, their metabolic demands

increase. The energy needed for this increase is provided by the vascular sys-

tem. When a particular region in the brain becomes activated, oxygen demand

in tissue increases, which is sourced from the blood by converting oxyHb into

deoxygenated deoxyHb as depicted in Fig. 3.1(a). To compensate for the loss in

oxygenated haemoglobin the local cerebral blood flow (CBF) and cerebral blood

volume (CBV) is increased, resulting in a local increase of the oxyHb/deoxyHb ra-

tio during brain activation (Fig. 3.1(b)). This increase is disproportionately large

compared to the oxygen demand.

A higher oxyHb/deoxyHb ratio causes the local magnetic field to be less per-

turbed, which results in slower dephasing of the nearby spins and thus slower

decay of the MR signal. The speed at which the signal decays is quantified by the

relaxation rates R2 and R∗2 (where R2 and R∗2 are in relation to the transverse re-

laxation time constants as 1/T2 and 1/T∗2, respectively). So, using MR sequences

sensitive to either T2 or T∗2 one is able to detect differences in magnetic suscep-

tibility and thus demonstrate differences in blood oxygenation [47]. The optimal

TE at which to detect the R∗2 and R2 changes is roughly equal to T∗2 and T2, re-

spectively. For GRE BOLD at 3 Tesla this value is ∼50 ms [48]. However, due to

various limitations such as signal dropout (discussed below) GRE BOLD acquisi-

tions typically use a TE of approximately 30 ms.

3.1.1 The FMRI Experiment and Data Analysis

In FMRI, brain activation is inferred from temporal changes in the MR signal

that correlate to the performed task. In a typical FMRI experiment a series of

images are collected while the subject is presented with a series of sensory stimuli

or asked to perform a cognitive task interspersed with periods of rest. Due to

the nature of the haemodynamic response the required temporal resolution is in

36



3.1. THE BOLD CONTRAST

Figure 3.1: Diagram illustrating the haemodynamic response. In rest (a) a baseline amount
of oxygen is delivered to the neurons converting a fraction of the oxyHb into deoxyHb. As a
response to the increased energy demands during activation (b) the blood flow and blood volume
increase, thereby overcompensating the energy demands. As a result the oxyHb/deoxyHb ratio
is higher during activation.

the order of seconds and the required spatial resolution is in the order of a few

millimetres [48].

Activation detection is done post-hoc by correlating the signal time course

to the stimulus paradigm using a mathematical model called the General Linear

Model (GLM). In linear modelling a model derived from the stimulus paradigm is

used to fit to the data. In a simple on-off paradigm the stimulus is represented by

a time-course vector holding zeros and ones, which represent rest and activation,

respectively. To model the delay and blurring of the BOLD response with respect

to the neuronal activity, the stimulus paradigm is convolved by the haemody-

namic response function (HRF). The convolved time-course (X[t]) is then fitted to

the voxel time-series data (Y[t]) by estimating the parameter estimate (PE), and

the error of the model fit (ε).

In its simplest form the model then reads:

Y [t] = PE ·X[t] + ε (3.1)

To test whether the fit is significant, the PEs are divided by the error of the esti-
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mate (as reflected in the residuals of the model fit), which results in a t-value. The

obtained t-values are then converted to z- and p-values using standard statistical

transformations and maps showing the z-statistics are generated that show the

regions of activation.

3.2 Imaging Sequences for FMRI

In this section various acquisition strategies for FMRI are presented and their

advantages and disadvantages are discussed.

3.2.1 2D Single-Shot GRE-EPI

Over the last two decades 2D single-shot EPI (Fig. 2.4(b)) has been the dominant

technique for acquiring FMRI data; mostly in the form of a T∗2-weighted exper-

iment. We will refer to this technique as GRE-EPI throughout this thesis. The

high efficiency of single-shot EPI allows the acquisition of whole brain images

at a temporal and spatial resolution that is sufficient for most BOLD FMRI ex-

periments. Moreover, with the current gradient hardware, the time at which the

centre of k-space is acquired in single-shot EPI corresponds well with the optimal

TE needed to maximise the BOLD contrast. For these reasons GRE-EPI has been

a very successful acquisition technique for BOLD FMRI.

However, single-shot EPI acquisitions are particularly prone to distortion ar-

tifacts in regions that lie close to susceptibility boundaries (e.g., air/tissue inter-

faces) [49, 50, 51]. Spatial distortions arise when intrinsic field gradients (i.e., field

inhomogeneities) cause local spins to precess at a slightly different rate then the

expected precession rate based on the known applied gradients fields. Distortion

artifacts are generally negligible in the readout direction due to the high band-

width in this direction. In the phase encode direction, however, they can become
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quite severe as the bandwidth in this direction is much lower. The severity of dis-

tortion artifacts (in the phase encode direction) is proportional to the total readout

length, and thus increases with matrix size (e.g., when the resolution is increased

or bandwidth is decreased).

Another limitation in GRE-EPI is signal dropout. The long echo time makes

the acquisition sensitive to intra-voxel dephasing caused by other (non-functional)

local field gradients. Signal dropout can be mitigated in several ways, for exam-

ple: by reducing the TE, which allows less time for the spins to dephase; by

reducing the voxel size, which efectively narrows the range of frequencies within

a given voxel; or by using spin-echo EPI (SE-EPI), in which the static dephasing

of the spins is refocused by an additional 180◦ RF pulse at TE/2. Unfortunately,

however, all these approaches reduce the BOLD sensitivity of the acquisition as

well.

3.2.2 3D FMRI

Recently 3D FMRI acquisitions have seen renewed interest [52, 53, 54] to overcome

some of the limitations in 2D GRE-EPI. In contrast to 2D acquisitions, which

use slice selective excitation to acquire the data in a slice-by-slice fashion, in 3D

acquisitions a thick imaging slab, covering the entire field of view is excited.

This has the advantage that the resolution in 3D acquisitions is not limited by

imperfections in the excitation profile as in 2D.

In 3D imaging the time between excitations (TR) is often sufficiently short

that the magnetisation does not fully recover between subsequent RF pulses (i.e.,

TR≤T2<T1). The data are thus generally acquired under steady-state conditions.

Two steady-state sequences that are relevant to the methods developed in this

thesis are spoiled gradient-echo (SPGR), which has GRE contrast, and balanced

steady-state free-precession (bSSFP), which is discussed in the next subsection.
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Due to the short TR, the magnetisation available for MR signal formation in these

types of sequences is much lower (often only 5-15% of the magnetisation at equi-

librium) than in 2D GRE-EPI. However, the fact that the signal is sampled from

the entire volume with every excitation causes the intrinsic signal-to-noise ratio

(SNR) to scale with
√
Nkz

, where Nkz is the total number of phase encode steps in

z. Further, steady-state sequences can employ highly efficient readouts (acquiring

signal from a given spatial location for 60-90% of the TR, while 2D acquisitions in

typical FMRI acquire signal from a given slice for 25–30 ms per TR=2–3 s) [29]. As

a result, the image SNR in 3D acquired images is often comparable to, or higher

than, the SNR in 2D EPI images.

3.2.3 Balanced SSFP FMRI

Over the past few years several methods have been proposed to detect functional

activation using balanced SSFP. Balanced SSFP FMRI can be classified into two

categories: transition-band bSSFP (tb-bSSFP) and passband bSSFP (pb-bSSFP).

Earlier work used the transition band to achieve functional contrast [49, 55]. In

tb-bSSFP the frequency sensitivity of the bSSFP signal profile is used to measure

the deoxyHb frequency shift directly. To achieve this, the method matches the

cortical region of interest to lie in the part of the bSSFP signal profile where the

signal exhibits the largest signal transition (see Fig. 3.2). The proposed methods

either exploited the transition in the magnitude profile (using a high flip-angle

acquisition [55]) or the phase profile (using low flip-angle acquisitions [49]).

In this thesis, however, we will focus on the passband method, which utilizes

the (flat) passband portion of the signal profile instead [56]. The functional con-

trast in passband SSFP does not rely on the sensitivity to off-resonance, but is

determined by various, more complex, sources. The dominant source of contrast

depends on the TE and TR that are used for the acquisition [13]. Studies have
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shown that diffusion effects dominate the contrast at short TR [57], whereas at

long TR T∗2 effects tend to dominate [12]. In order to assure that the data are

acquired in the passband region of the profile it is important that a sufficiently

good shim is achieved. Special care should also be taken to avoid temporal drifts

in the resonance frequency caused by gradient heating or respiration. Methods to

compensate for these effects include real-time correction for B0 fluctuations [58].

The main advantage of bSSFP over GRE-EPI is that functional contrast is de-

coupled from image artifacts such as signal dropout and image distortion. The

ability to achieve functional contrast at short TE (e.g., 3–6 ms) will reduce the sig-

nal dropout dramatically, whereas short repetition times allow highly segmented

readouts, which mitigates distortion artifacts.

Because the remainder of the thesis will only focuss on passband bSSFP FMRI

we will refer to passband bSSFP simply as bSSFP in the following chapters for

brevity.

3.3 Brainstem Anatomy and Physiology

The brainstem is located anterior to the cerebellum and connects the diencephalon

to the spinal cord. Like the spinal cord the brainstem consists of a grey matter

core surrounded by white matter fibre tracts. However, the brainstem contains

additional grey matter nuclei embedded in the white matter [59]. The brainstem

consists of three regions: the midbrain, the pons, and the medulla oblongata (see

Fig. 3.3).

The midbrain is the most superior part of the brainstem. It includes the cere-

bral aqueduct, through which the CSF flows from the third to the fourth ventricle.

The cerebral aqueduct is surrounded by periaqueductal grey matter, which is in-

volved in the pain desensitization pathway. The brainstem also includes a number
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Figure 3.2: The steady-state signal magnitude (solid lines) and phase (dashed line) as a
function of off-resonance frequency for a range of low for a flip angle of 30◦ (green) and 30◦

(pink). High flip-angle tb-bSSFP utilizes the magnitude variation to obtain functional contrast,
whereas the long flip-angle acquisition takes advantage of the transition in phase. Passband
bSSFP FMRI utilizes the flat portion of the profile to obtain a more BOLD-like contrast.

of nuclei such as the occulomotor nerve nucleus, the red nucleus and the superior

and inferior colliculi. Their functions vary from acting as relay centres in motor

pathways to visual reflex centres that control head and eye movement.

The pons is located inferior to the midbrain and encloses the fourth ventricle.

The pons is the bulging structure of the brainstem and forms a highly connected

hub, containing a broad range of nuclei that represent synapses connecting spinal,

cortical and cerebellar neurons as well as a number of cranial nerves.

The medulla oblongata is the most inferior part of the brainstem. From su-

perior to inferior the fourth ventricle narrows to form the central canal, which

continues into the spinal cord. The ventral surface of the medulla consists of the

pyramids, formed by pyramidal tracts descending from the motor cortex. At the

medulla-spine transition these fibers cross over to the contra-lateral side causing

each hemisphere to control the voluntary movements of muscles on the opposite

side of the body. The medulla contains several important visceral motor cen-
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tres such as the cardiovascular centre, the respiratory centres and several reflex

centres, which regulate vomiting, swallowing, and coughing.

Figure 3.3: Mid-sagittal section of the brain illustrating the brainstem structures. From
superior to inferior the three structures are: the Midbrain (i.e., Mesencephalon), the Pons, and
the Medulla oblongata.

3.4 Practical Considerations Specific to Brainstem FMRI

Although the number of studies that include brainstem FMRI is increasing [60,

61, 62, 3, 63], the reliability and accuracy is still limited in comparison to the

cortical regions of the brain (e.g., occipital lobe). Accurate functional localisation

of the various nuclei is difficult as brainstem FMRI is impaired by a number of

methodological and anatomical complications [7, 64].

3.4.1 Resolution

The brainstem is a relatively small structure that holds many different functional

structures. The small size of these nuclei and the fact that they are closely spaced

make functional localisation difficult. The lateral lemniscus and the superior oli-

vary complexes, for example, only measure 2×2×5 mm3 and 2×2×2 mm3, re-

spectively. At a typical imaging resolution of 3×3×3 mm3, partial voluming ef-
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fects (i.e., when a voxel represents more than one tissue type) are likely, which

impairs both identification and detectability. In order to distinguish the closely

spaced nuclei in the brainstem ideally an isotropic resolution of 1 - 1.5 mm would

be needed. A complication in high resolution imaging, however, is that the SNR

rapidly drops as the resolution is increased. Increasing the resolution from 3×3×3

mm3 to 1.5×1.5×1.5 mm3 results in a 8-fold SNR drop as the amount of available

signal scales with the voxel volume.

Another limitation is the minimum slice thickness that can be achieved. Excita-

tion of a thin 2D slice requires a large slice selection gradient in combination with

a narrow RF bandwidth. However, the gradient amplitude is hardware limited

and can thus not be increased arbitrarily. The slice profile of the excited slice is

determined by the time-bandwidth product (TBW) of the RF pulse. For thin slices

impractically long RF pulses may be required to achieve the same time-bandwidth

product [16].

3.4.2 Distortion

Due to its inferior location the brainstem is more prone to susceptibility artifacts

than the cortical regions in the brain. Various structures with a different magnetic

susceptibility are present in close proximity of the brainstem. The two nasal si-

nuses (e.g., the ethmoid and sphenoidal sinus) located anterior to the brainstem

and the auditory canals on both sides lateral to the brainstem produce large field

inhomogeneities across the brainstem. The field offsets introduced by these struc-

tures cause considerable distortions in single-shot EPI. Obviously the impaired

image fidelity complicates accurate localisation of the small functional structures

in the brainstem. Distortion artifacts scale with resolution in single-shot acquisi-

tions. When imaging at higher resolution, more phase-encode lines are required,

which lengthens the readout and therefore increases distortion artifacts. Distor-
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tion artifacts are therefore an additional limiting factor on the maximum achiev-

able resolution.

3.4.3 Physiological Noise

Physiological noise refers to artifactual signal fluctuations due to metabolic and

vascular responses. Physiological noise deteriorates the temporal signal-to-noise

ratio (tSNR) in the brainstem, which directly reduces the contrast-to-noise ratio

of the BOLD signal. The main components of physiological noise are respiratory

and cardiac in origin [65]. Respiration creates small magnetic field shifts, caused

by gross magnetic susceptibility changes in the lungs [66]. Wowk et al. [67] have

reported B0 field shifts over the respiratory cycle that increase with decreasing

distance to the chest. Deeper brain regions such as the brainstem are therefore

more affected by respiratory-related noise. Additionally, cerebral blood volume

and flow fluctuations introduce cardiac related noise [66]. Due to the vertebral ar-

teries, which run alongside the brainstem, cardiac motion is a considerable source

of artifact. Enzman [68] reports bulk motions due to cardiac pulsation of 0.5 mm

in the brainstem compared to less than 0.05 mm in cortical regions.

3.5 Retrospective Correction of Physiological Noise

Several methods have been proposed that take advantage of the fact that most

physiological fluctuations are quasi-periodic. One approach is to use temporal

filters [69, 70] in order to suppress fluctuations at the cardiac and respiratory

fluctuations. However, this type of correction fails when the spectra of the physi-

ological fluctuations alias into the frequency band of the stimulus paradigm [71].

Other methods aim to estimate the physiological fluctuations from the acquired

MR data by estimating the global phase of the k-space [67], or use principal
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component analysis in the image domain [72]. Another approach that is com-

monly used is to estimate the physiological fluctuations based on independently

acquired waveforms of the cardiac and respiratory cycle (e.g., with the aid of a

pulse-oximeter and pneumatic bellows) [65, 71, 73].

In its most basic form, low order Fourier series are generated based on phase of

the physiological cycles during the time of each acquisition to serve as confound

regressors. These regressors are then fitted to the data to estimate the artifactual

fluctuations. The correction can either be performed in k-space [65] or image

space [71]. This image based correction method was called RETROspective Image

CORection (RETROICOR, and subsequently the k-space counterpart was dubbed

RETROKCOR). Typically the artifactual fluctuations are estimated voxel-wise (or

point-wise in the case of RETROKCOR) by means of a linear regression using the

low order Fourier terms as confound regressors [74].

Apart from the effects directly related to the phase in the respiratory cycle,

breathing has also been shown to affect the BOLD signal by modulating the pCO2

in the brain [75]. The signal modulations caused by changes in respiration rate

can be modelled by a so-called respiration volume per time (RVT) regressor [76].

The RVT regressor can be computed from the respiratory trace by dividing the

difference signal (i.e., the difference between maximum in- and expiration) by the

period of the respiratory. Similarly, fluctuations in heart rate have been suggested

as a source of signal variability [77], and corresponding regressors have been

proposed [78, 79, 77]. Finally, motion effects can be added to the physiological

model [80]. For more details on how these regressors are derived the reader is

referred to Appendix A.
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Chapter 4

Characterization of 3D Sequences for

Brainstem FMRI: Preliminary

Investigations

4.1 Introduction

The overall hypothesis of this thesis is that 3D, steady-state, FMRI methods may

be superior to conventional GRE-EPI in the brainstem due to reduced distortion

and lower sensitivity to physiological fluctuations. However, these benefits will

need to be sufficient to overcome the reduced contrast levels of steady-state FMRI.

This chapter presents a series of preliminary investigations conducted in the first

year of my DPhil research that aim to study the performance of two related 3D

FMRI methods (passband bSSFP and RF-spoiled SPGR) in the brainstem. Due to

the significant departure from traditional GRE-EPI in terms of functional contrast

and k-space acquisition, as well as the difficulties of imaging in the brainstem,

each experiment aimed to isolate a limited range of relevant sequence properties

(broadly: distortion and physiological noise). By dissecting sequence behaviour
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in this manner, these experiments served to guide the direction of sequence devel-

opment in years 2 and 3. As such, the investigations of this chapter are brief but

informative. In these experiments a strong emphasis is put on the assessment of

tSNR in order to characterise the sequences. Together with the functional sensi-

tivity (i.e., relative signal change), the tSNR determines the CNR of the sequence

as discussed in the introductory chapters.

Investigation I: This experiment aimed to study whether prior observations

of low physiological noise sensitivity in 3D bSSFP FMRI might relate to spin-

echo-like signal characteristics. SE-EPI and GRE-EPI were compared in terms

of physiological noise sensitivity in 5 subjects. Results were partly inconclusive,

but suggest similar characteristics for SE and GRE, indicating the bSSFP signal

behaviour is not simply reflective of its spin-echo-like properties.

Investigation II: This experiment aimed to characterize the sensitivity of GRE-

EPI, bSSFP and SPGR to different physiological noise sources in the cortex and

brainstem. To separate different physiological effects, rapidly-sampled, single-

slice images were acquired in 5 subjects. Results indicated that bSSFP has im-

proved physiological noise characteristics, although it was shown that the physi-

ological noise increases with the segmentation factor of the readout.

Investigation III: This experiment aimed to investigate the distortion properties

of our 3D methods using the hippocampus as a model system. The hippocampus

suffers from distortion but does not have particularly high levels of physiolog-

ical noise. Functional results demonstrated the ability to achieve low-distortion

hippocampal FMRI using bSSFP. However, a certain degree of spurious activation

was also observed in regions that lie in the vicinity to CSF.

Investigation IV: In the last experiment 2D GRE, 2D bSSFP, and 3D bSSFP

brainstem data were acquired to assess the temporal stability in the brainstem

when the data are acquired with a 3D readout. However, large instabilities were

48



4.2. THE EFFECT OF SPIN ECHO CONTRAST ON PHYSIOLOGICAL NOISE

observed for the 3D acquisition, which were much larger than anticipated. This

indicates that the readout plays a large role in how physiological instabilities are

expressed. This finding formed the basis to design a comprehensive set of ex-

periments to investigate the physiological noise characteristics of 3D acquisitions,

which are presented in the next chapter.

4.2 The Effect of Spin Echo Contrast on Physiological

Noise

Balanced SSFP produces spin echo-like contrast at TE=TR/2 [81], which could

be a potential reason for the decreased physiological noise sensitivity compared

to GRE-EPI [13]. This experiment aims to isolate the effect of the signal contrast

from other sequence properties such as the steady-state spin dynamics present in

bSSFP. SE-EPI was therefore used to serve as a model for bSSFP. This sequence

produces spin echo contrast, but is not a steady-state sequence and therefore uses

imaging parameters (such as the readout and TR) that are more comparable to

GRE-EPI.

In the cortex SE sequences have been shown to have different noise charac-

teristics compared to GRE sequences. For example, the physiological noise in

SE-EPI does not scale with the image signal level [82] in the way that GRE-EPI

does [83]. In the brainstem, however, the relative contribution of the physiologi-

cal noise components may be different. Due to its inferior location the brainstem

is expected to be more susceptible to respiratory related B0 fluctuations and its

different vasculature may have an impact on the cardiac related pulsations. Here

we present a noise comparison study where we compare the physiological noise

of GRE-EPI and SE-EPI in the brainstem. In order to investigate any differences

between the brainstem and the cortical regions, data were acquired coronally and
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cortical grey matter ROI was included in the analysis.

4.2.1 The Temporal Noise Model

In conventional FMRI various sources of noise contribute to the total variance of

the FMRI time-series signal. In the temporal noise model proposed by Krüger et

al. [83] the various noise sources are split into two groups: the raw image noise,

σ0, and physiological noise, σp. Here σ0 includes random noise generated by

the scanner electronics, thermal noise, and other system imperfections, whereas

σp describes the noise arising from a physiological source, such as cardiac and

respiratory related fluctuations, but also the BOLD-like fluctuations. Assuming

the two noise sources are statistically independent the total noise can be written

as: σtot =
√
σ2
0 + σ2

p . The temporal signal−to−noise ratio (tSNR) is then given by:

tSNR =
S√

σ2
0 + σ2

p

(4.1)

where S is the mean image signal intensity. At this point it is important to note

that the physiological noise component, σp, is proportional to the image signal

level, whereas σ0 is not. Rewriting σp as λS, where λ is a constant, and defining

SNR0, the signal to noise ratio in a single image as SNR0 = S/σ0 we can write:

tSNR =
S√

σ2
0 + λ2S2

=
SNR0√

1 + λ2SNR0
2

(4.2)

This equation describes the well known Krüger temporal noise model, proposed
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by Krüger et al. in 2001 [83]. By exploring the limits of this function we find that,

when λ goes to zero:

lim
λ→0

tSNR = lim
λ→0

SNR0√
1 + λ2SNR0

2
= SNR0 (4.3)

In other words: when λ = 0, the tSNR is solely determined by SNR0, and

if we were to plot tSNR against SNR0 all points would lie on the unity line

(tSNR=SNR0). On the other hand, when λ 6= 0, we see that for infinite SNR0:

lim
λ→∞

tSNR = lim
SNR0→∞

SNR0√
1 + λ2SNR0

2
= 1/λ (4.4)

The SNR0-tSNR curve will approach an asymptotic limit, where the value of the

asymptote decreases for increasing λ. The constant λ is thus a scaling factor that

denotes the sensitivity of the sequence to physiological noise and predicts the

tSNR of the data with any given SNR0.

By acquiring data at a range of SNR0 values (e.g., by changing the flip angle,

resolution, field strength, or receiver coil) λ can be determined by fitting Eq. 4.2

to the data [83]. This method has been effectively used to characterize the physio-

logical noise sensitivity of different pulse sequences [13, 84], readouts [85], acqui-

sition parameters [86], or hardware options (e.g., multi-channel array coils) [87].

4.2.2 Methods

Subjects and Imaging Parameters

Data were acquired in five healthy volunteers (3 male, 2 female) on a 3T Siemens

TIM Trio system (Siemens Medical Solutions, Erlangen, Germany), using a 12-
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channel head coil. All subjects were scanned with informed consent under a

technical development protocol approved by the local ethics committee. For each

subject five coronal scans using single-shot GRE-EPI and five scans using single-

shot SE-EPI were acquired with varying flip angle. As the thermal noise is in-

dependent of the flip angles, the signal level will determine the spread of SNR0

values in our experiments. The signal levels between GRE-EPI and SE-EPI were

therefore matched as much as possible. Based on Bloch simulations lower flip

angles were used for GRE-EPI than for SE-EPI and a slightly shorter TE was used

for SE-EPI than one would for maximising BOLD contrast.

Data were acquired using the following parameters for GRE-EPI: TE=30 ms,

α=15◦, 30◦, 45◦, 60◦, and 75◦. For SE-EPI we used: TE=40 ms, α=30◦, 45◦, 60◦, 75◦,

90◦. Other parameters that were common between the scans included: TR=1500

ms, FOV=190 cm, matrix=96×96, 9 slices, 2 mm slice thickness, Bandwidth=1628

Hz/pixel, 120 volumes per run. The distance factor between the slices was set to

100% for both GRE-EPI and SE-EPI. The phase encode direction was set to Right-

Left (RL) in order to prevent wrap around in the Superior-Inferior (SI) direction.

For registration purposes a GRE fieldmap (TE1 = 4.92 ms, TE2 = 7.38 ms, res-

olution = 2×2×2 mm) and a GRE-EPI whole brain acquisition were acquired (99

coronal slices, α= 75◦, other parameters identical to the time series acquisitions,

but no inter-slice gap). T1-weighted structural scans of each subject were acquired

previously in a separate scan session.

Analysis

For these initial experiments all reconstruction was performed online by the de-

fault algorithms available on the scanner. The reconstructed magnitude images

were exported offline for further processing and data analysis using FSL [88] and

Matlab (MathWorks, Natick, MA).
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First, all data were brain-extracted using FSL BET [89], after which the time-

series data were corrected for motion. With FLIRT [90] transformation matrices

from the time-series data sets to the subjects’ structural were determined using

the whole brain data sets as an intermediate step in the registration to achieve

accurate registration. However, instead of transforming the time-series into one

common space (e.g., standard space) we transformed the ROIs, which were de-

fined based on the subjects’ structural, to the individual time series. By perform-

ing the analysis in the native space of the time series we avoid any bias in our

noise estimates caused by upsampling and interpolation of data (which would

occur had the data been registered to the higher resolution structural data).

For our SNR0 and tSNR analyses two ROIs were defined. The cortical grey

matter mask was generated by segmentation of the structural image with FSL

FAST [91], whereas the brainstem mask was obtained using FSL FIRST [92]. Both

tools output voxelwise probability maps, which report the likelihood that a given

voxel belongs to the structure in question. The probability maps were transformed

to the time-series spaces, after which they were thresholded to 0.8 (meaning that

the included voxels all had an 80% or higher probability of belonging to the struc-

ture). The tSNR was determined voxelwise by dividing the temporal mean by the

temporal standard deviation and then averaging over the ROI. SNR0 is defined

by the mean value across the ROI divided by the background noise. Background

ROIs were manually drawn outside the brain, carefully avoiding areas of ghost-

ing. To obtain an accurate measure of σ0 in the magnitude data, the background

noise histogram was fitted to a Rician distribution using a Levenberg-Marquardt

algorithm (the nlinfit function in Matlab) as previously described in [13]. The

obtained tSNR values were plotted against the SNR0 values and the physiological

noise model as given in Eq. 4.2 was fitted to the GRE-EPI and SE-EPI data in order

to determine λ.
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4.2.3 Results

The in vivo results are given in Fig. 4.1. Here the tSNR is plotted against SNR0

in order to determine λ. Fig. 4.1(a) shows the results obtained in the grey matter

ROI and Fig. 4.1(b) shows the brainstem results. It is seen that, when only the flip

angle is changed in order to modulate the SNR0, the achieved range of SNR0 is

fairly small for both GRE-EPI (red) and SE-EPI (blue). In both ROIs the maximum

SNR0 achieved in SE-EPI is reduced compared to GRE-EPI. In the grey matter the

maximum SNR0 is 28 for SE-EPI, whereas an SNR0 of 41 was achieved with GRE-

EPI. In the brainstem the maximum values for SNR0 were 22 and 33 for SE-EPI

and GRE-EPI, respectively.

Although the curves deviate from the unity line in both ROIs and for both

sequences, the curves do not reach a plateau. This suggests that the SNR0 values

were not sufficiently high to sample the asymptotic curve of the SNR0-tSNR curve

and thus estimate λ accurately. Fitting the Krüger model to the cortical SNR

measures returned a λ=0.034 for the GRE-EPI data and λ=0.041 for SE-EPI. In the

brainstem we found λ=0.046 for GRE-EPI and λ=0.065 for SE-EPI. The confidence

intervals on these fits ranged between 15%-20%.

4.2.4 Discussion

Figure 4.2(a) shows the signal as a function of flip angle for GRE-EPI as pre-

dicted by Bloch simulations. The simulations predict a slightly lower, but fairly

comparable range of signal levels for the scan parameters used in this study. In

our data however a clear difference in the range of SNR0 was observed between

GRE-EPI and SE-EPI. In particular, the SNR0 of the SE-EPI data obtained with the

higher flip angles is considerably smaller than the GRE-EPI data; an effect that

is particularly noticeable in the brainstem. Another observation that was made
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Figure 4.1: tSNR versus SNR0 plots showing GRE-EPI (red) and SE-EPI data (blue) in the
grey matter (a) and brainstem (b). The data are presented as the mean across the six subjects
with error bars denoting the standard deviation in SNR0 (horizontal bars) and tSNR (vertical
bars).The dashed line indicates unity (tSNR=SNR0). These plots show that, for the tested
SNR0 values, all the data lie in the linear part of the curve, where the asymptotic limit has not
yet been reached.

during initial pilot scans was that the signal levels in SE-EPI are influenced by the

inter-slice gap. For a distance factor of 100% or 200% (i.e., 1–2 slices gap between

adjacent acquired slices) the signal in SE-EPI was comparable. When the distance

factor was set to 0%, however, the SE-EPI signal dropped by 22%. This indicated

a potential problem with the refocusing pulses used in this vendor-supplied se-

quence. The dependence of the signal on distance factor can occur when the

refocusing pulse has a broader slice profile than the prescribed slice thickness

and was saturating the adjacent slices.

Upon inspection of the RF pulses (the excitation pulse and refocusing pulse)

it was found that both pulses are SINC pulses with a time-bandwidth product

(TBW) of 2. This means that the slice excitation profile will not be entirely ho-

mogeneous across the slice. The bandwidth of the refocusing pulse was 12
3

wider

than the bandwidth of the excitation pulse. The increased thickness of the re-

focusing profile explains why the signal was reduced when a slice gap of less
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Figure 4.2: Simulated signal levels for GRE-EPI and SE-EPI (a) compared to in vivo signal
levels in the grey matter (b) and brainstem (c). The T1, T2, and T∗2 values used in the
simulations were: 1330 ms, 110 ms, and 45 ms [21]. The simulated scan parameters were
TR=1500 ms, TEGRE=30 ms, and TESE=40 ms). It is shown that for SE-EPI the signal levels
are more reduced compared to GRE-EPI than predicted by our simulations. In the brainstem
both sequences show a reduction in signal level at high flip angles.

than 100% was used. Most likely the bandwidth of the refocusing pulse is set

wider than the excitation pulse in order to mitigate the effects of the poor re-

focusing profile in slice selective 180◦ SINC pulses [16]. However, it has been

demonstrated that in order to achieve an acceptable refocusing profile with these

type of pulses the bandwidth of the refocusing pulse needs to be set to at least 3

times the bandwidth of the excitation pulse [93]. The refocusing profile achieved

with the default pulses is therefore not likely to be flat. This in combination with

the fact that the 180◦ was surrounded by crusher gradients might well explain

the reduced signal in SE-EPI compared to the GRE-EPI data. The fact that the

observed effect is larger in the brainstem might be due to inhomogeneities in the

B1-excitation field. This, however, was not further investigated.
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ba

Figure 4.3: Results of fitted Krüger SNR model to GRE-EPI (a) and SE-EPI (b) data. It is
seen that the wide range of SNR0 obtained by varying resolution and receiver hardware in this
data is sufficient to reach an asymptote in tSNR. For reference the SNR0 range obtained in
our experiment is marked by the grey areas. (Figure reproduced from [94] with permission from
the author)

Most of the issues described above could be addressed in a follow-up experi-

ment if we wish to obtain reliable estimates of λ. For example, the range of SNR0

could be increased by changing the voxel size or acquiring data at varying field

strengths, or the TR could be increased to allow more time for recovery of the

longitudinal magnetisation. In order to mitigate problems with the refocusing

profile we could design a more refined refocusing pulse with a Shinnar-Le Roux

(SLR) algorithm to replace the standard 180◦ SINC pulse.

However, shortly after these experiments were conducted, Triantafyllou et al.

presented a similar study in which GRE-EPI was compared to SE-EPI at various

field strengths [94]. This study acquired axial data covering the cortical grey mat-

ter. Considerably higher SNR0 values were achieved by varying the receiver coils

and resolution. Maximum SNR0 values of 1500 were achieved for GRE-EPI and

800 for SE-EPI, which was sufficient to reach the asymptotic limit and therefore

obtain a more reliable estimate of λ (Fig. 4.3). The following λ values were found:

λ=0.0096 for GRE-EPI, and λ=0.0105 for SE-EPI. The estimated λ values from our

data are considerably higher than the results obtained by Triantafyllou et al..

The likely reason for this discrepancy is that the original model does not fit
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multi-channel data accurately at low SNR0, which can be attributed to a bias

in the SNR0 calculation caused by the noise covariance between the receivers in

multi-channel coils [87, 95]. When the noise covariance between the channels is

non-zero, the conventional method that was used to estimate SNR0 will introduce

a positive bias in SNR0. The overestimation is clearly depicted in Fig. 4.3, which

demonstrates that for multi-channel data the low SNR0 points all deviate from the

fitted model. Thus, if the model is fitted to the low SNR0 data only, an overesti-

mation of SNR0 results in an overestimation of λ. An elegant method, which has

been adopted recently [87, 95], is to acquire a separate noise reference scan (i.e.,

a measurement with no RF excitation). The reference scan is then used to cor-

rect the SNR0 value - taking into account the noise covariance, effective receiver

bandwidth, and noise rectification in magnitude images [96]. At the time that

this experiment was conducted, however, a separate noise measurement was not

performed.

Nevertheless, the similarity between the λ values for GRE-EPI and SE-EPI as

shown by Triantafyllou et al. (Fig. 4.3) suggests that the reduced sensitivity to

physiological noise for bSSFP [13] is not driven by the spin echo character of the

sequence.

4.3 Physiological Noise in 2D balanced SSFP and SPGR

Based on the evidence above that GRE and SE signals exhibit similar sensitivity

to physiological noise, we now compare GRE-EPI directly with balanced SSFP.

However, creating a range of SNR0 values for both sequences without inherently

changing a range of other properties is non-trivial when comparing sequences

with such distinctly different contrast mechanisms. Balanced SSFP does not have

a simple relationship between TE or flip angle and SNR, and the presence of
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bands generally complicate SNR calculations. Further, the Krüger approach does

not elucidate the source of physiological noise.

Therefore in this set of experiments we will compare the sequences by means

of power spectrum analyses. These analyses are performed on rapidly acquired

data in order to critically sample the cardiac and respiratory cycles. We show that

the frequency spectra can be used to extract SNR0 and tSNR, which we will use to

determine the ratio of physiological noise to thermal noise, as well as decompose

signal fluctuations into different sources.

4.3.1 Time-Series Power Spectrum Analysis

Time-series power spectrum analysis is a powerful signal processing technique,

which is commonly used in a variety of applications, such as the analysis of audio

waves, EEG, and astrophysics. A power spectrum shows how much information

is contained at each of the frequencies up to the Nyquist frequency (i.e., half the

sample frequency, fnyq = fs/2). The power spectrum is thus a concise represen-

tation of all the periodic modulations that are part of the time-series. This allows

one to easily identify and quantify any (quasi)-periodic fluctuations in the data

set. For example, for signal that is fluctuating at the cardiac frequency a clear

peak would be seen around the cardiac frequency (fcard = 0.8 - 1.3 Hz). When the

signal is not described by a perfect sinusoid the power spectrum will also contain

peaks at multiples of this baseline frequency, called the higher harmonics. For a

signal at frequency f , which can be written as S(f) = a ∗ sin(2πf) + b ∗ cos(2πf),

the power of the signal represents the square of the amplitude P (f) = |S(f)|2,

which is related to the standard deviation of the signal by: σ =
√
P (f)/2.
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4.3.2 Comparing 2D bSSFP and SPGR to GRE-EPI

In a healthy volunteer the heart rate during rest ranges between 0.8–1.3 Hz. The

respiratory rate is considerably lower (approximately 0.2–0.35 Hz during rest). In

order to temporally resolve these fluctuations a sampling rate of at least 2.5 Hz is

required, or 5 Hz when we wish to resolve the second order harmonics as well.

This means that the data need to be acquired with a volume acquisition time of

200 ms or less.

Data acquisition

GRE-EPI, RF-spoiled SPGR, and passband bSSFP data were acquired from five

healthy volunteers on a 3T Siemens TIM Trio system (Siemens Medical Solutions,

Erlangen, Germany). The GRE-EPI acquisition is representative of conventional

single-shot FMRI acquisitions, while SPGR uses the same acquisition as the bSSFP

sequence. This will enable us to disentangle effects due to sequence contrast

(SPGR vs. bSSFP) and effects due to readout strategy (GRE vs. SPGR).

Three time-series acquisitions consisting of a single coronal slice (matrix =

128×128, resolution = 2×2×2.5 mm) through the brainstem and motor cortex

were acquired every 152 ms. A total of 2000 volumes were acquired, which re-

sulted in a scan duration of five minutes per time-series. GRE-EPI parameters

were: α = 28◦, TR/TE = 152/30 ms, 1860 Hz/pix. BSSFP and SPGR parameters

were: α = 30◦, TR/TE = 9/3.5 ms, 1860 Hz/pix, 8 lines per TR. For the bSSFP

sequence the RF increment was set to place as much of the slice as possible in

the bSSFP pass band. The SPGR acquisition was identical to SSFP, but included

RF spoiling (117◦ quadratic phase increment) and gradient spoiling (2 cycles per

voxel). During each acquisition heart and respiration rate were monitored using

pneumatic bellows and a pulse oximeter to determine the frequency bands of the

physiological cycles during each scan.

60



4.3. PHYSIOLOGICAL NOISE IN 2D BALANCED SSFP AND SPGR

Analysis

A linear trend was removed before Fourier transforming each voxel time course

to generate its power spectra. Fig. 4.4 shows a cartoon representation of a power

spectrum alongside a real example of a voxel time series. The integral over the

entire power spectrum reflects the total noise present in the data, and consists of

a white noise component (the spectral baseline) and additive physiological noise

(the peaks at the respiratory and cardiac frequency and their harmonics). To

enable direct comparison of the noise components across the three sequences, we

normalize the noise variance by the square of the temporal mean, µ:

σ2
tot

µ2
=
σ2
0 + σ2

r + σ2
c

µ2
(4.5)

here σx (with x = 0, r, or c) represents the white, respiratory, or cardiac noise,

respectively, and σtot the total time-series noise. The individual SNR components,

including SNR0 can then be obtained by SNRx = µ/σx.

In order to calculate the thermal noise, the spectral baseline was estimated

and integrated over the entire power spectrum. This baseline was then subtracted

from the spectrum such that the remaining spectrum only contained the (additive)

physiological noise components. The respiratory and cardiac noise are calculated

by integration of the power spectrum over the respiratory and cardiac frequency

bands, which were determined from the physiological recordings (pulse-ox and

bellows). The frequency bands were estimated by fitting a Gaussian distribution

to the frequency spectra of the physiological recordings. The fits were performed

in Matlab using nlinfit and initialised based on the average values 0.8–1.3 Hz

and 0.2–0.35 Hz for the cardiac and respiratory rate, respectively. The boundaries

were set to 2σ on either side of the centre frequency of the estimated Gaussians.

61

nlinfit


4.3. PHYSIOLOGICAL NOISE IN 2D BALANCED SSFP AND SPGR

0 0.5 1 1.5 2 2.5 3 3.5
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18
Powerspectrum - Real data

Frequency [Hz]

Po
w

er

 

 

GRE−EPI

3.5

 

Po
w

er
 [a

.u
]

0 0.5 1 1.5 2 2.5 3
0

0.5

1

 

Frequency [Hz]

White noise
Respiratory noise
Cardiac noise

Powerspectrum - Cartoon

Figure 4.4: (a) A cartoon representation illustrating the white various additive noise compo-
nents. Thermal noise is shown in grey. The respiratory and cardiac noise are shown in blue and
red, respectively. Higher harmonics are shown as dashed lines. (b) shows an example power
spectrum from the acquired data.

With these values in hand we can perform an estimate of λ by inserting the

SNR0 and tSNR values into equation 4.2, although it should be mentioned that

we are effectively only using a single point on the SNR0-tSNRcurve, so caution

should be taken when interpreting those values.

For the ROI analysis, four ROIs were manually drawn for each of the subjects.

The ROIs included: the medulla, the pons, the hippocampus, and grey matter. To

prevent a bias between the sequences introduced by the fact that the ROIs were

drawn manually, the data sets were first registered to each other after which the

ROI was drawn on each of the data sets separately. The intersection between the

three manually drawn ROIs was selected and transformed back into the native

space of each of the three acquisitions.

Results and Discussion

Maps representing the contribution of the individual noise components in a rep-

resentative subject are shown in Fig. 4.5(a), including the total noise variance

(tSNR−1) map. The left column shows the temporal mean of each of the acquisi-

tions. The σ0/µ reflects the normalised thermal noise and thus 1/SNR0. Due to

the reduced read-out efficiency (i.e. duty cycle) of GRE-EPI and the spoiling of
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Figure 4.5: (a) Maps showing the decomposed noise measures, extracted from the power
spectra using Eq. 4.5, for a representative subject. All sequences demonstrated elevated levels
of cardiac noise in the CSF space of the Sylvian fissure (denoted by the blue circles in the SPGR
image). Also shown here is the increased sensitivity to respiratory noise in the transition bands
in bSSFP (red arrow). The group level results (n=5) are presented in (b) and (c). Overall,
bSSFP demonstrated the lowest sensitivity to respiratory and cardiac noise.

transverse magnetisation in SPGR, these sequences have a lower SNR0 compared

to SSFP, which is reflected by the elevated σ0/µ (i.e., the level of white noise in

the normalised power-spectrum). In this study shimming was set up to place as

much of the entire FOV in the passband of the bSSFP profile. Due to the increased

resonance offsets around the auditory canals and the lower part of the medulla

several bands were present (the transition band portion of the bSSFP signal pro-

file). When data are acquired at α = 30◦ the signal in the transition bands is

considerably lower than in the passband region (see Fig. 2.6(b)). This is reflected
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by the increased σ0/µ (red arrows).

The regions of the transition bands also show increased fluctuations at the res-

piratory frequency (σr/µ), which is caused by small B0 field fluctuations caused

by bulk susceptibility changes from varying lung volume during the respiratory

cycle [58]. Unlike the flat passband portion of the bSSFP signal profile, signal

near the transition band is highly dependent on the local resonance frequency.

Small changes in the B0 field will therefore cause the signal to fluctuate with the

respiratory cycle.

The σc/µ maps for all sequences show large cardiac fluctuations in regions of

CSF surrounding the brainstem, the ventricles, and the CSF spaces of the Syl-

vian fissure (light-blue circles in the SPGR reference image). This effect can be

attributed to CSF pulsatility, which is known to be correlated to the cardiac cy-

cle [97].

The ROI analyses, which show the average results over five subjects, shows

increased respiratory noise for the more inferior regions of the brain (Fig. 4.5(b)).

This trend is visible for all sequences. The smallest σr/µ is observed for bSSFP,

which is consistent across all ROIs. Fig. 4.5(c) shows that σc, like σr, is also in-

creased in the inferior regions of the brain. Again, the noise variance was smallest

for bSSFP, across all ROIs, except for the medulla where GRE-EPI slightly outper-

forms bSSFP. Inspection of the individual tSNR maps revealed that for two sub-

jects bands were present in the medulla as a result of the large shim volume used

in this study. An additional ROI that covers the transition bands of the bSSFP im-

ages illustrates that transition band bSSFP (tr-band bSSFP) is much more sensitive

to physiological noise, in particularly to respiratory effects

From the extracted SNR0 and tSNR values the λ values were calculated for

each acquisition. In the pons we calculated the λ values to be 0.059, 0.069, and

0.048 for GRE-EPI, SPGR, and bSSFP, respectively. The λ values for the cortex
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were: 0.045, 0.049, and 0.029. Although these values are still higher than the

values reported by others [13, 94, 84], they are comparable to the values found in

the previous experiments (Section 4.3), which was conducted with the same slice

orientation and comparable SNR0.

Despite having the same contrast as GRE-EPI, SPGR shows increased noise

variability in both ROIs. This indicates that the multi-shot character of the seg-

mented EPI readout introduces a source of instability. Previous work has reported

increased sensitivity to physiological noise in 2D segmented readouts [98]. The

increase was attributed to the fact that, in multi-shot sequences, data are sampled

at different phases in the cardiac or respiratory cycle, but combined into a single

image. The results further indicate that the reduced sensitivity to physiological

noise in bSSFP may be mitigating these effects.

The Effect of Segmentation

In order to test whether segmentation has an effect on the physiological noise sen-

sitivity of bSSFP, a second experiment was conducted. For this experiment three

subjects were scanned, acquiring four Single-slice bSSFP data sets with varying

amounts of segmentation. The matrix size for these scan was set to 96×96 and

a total number of 1000 volumes was acquired. Other scan parameters were kept

identical to the parameters used in the previous experiments. The segmentation

factor ranged from 6 lines per TR (16 shot) to 16 lines per TR (6 shot). In order

to investigate the effect both passband and transition band bSSFP the z-shim was

deliberately offset to create multiple bands in the SI direction. The data were

processed and analysed as before and results are shown in Fig. 4.6.

Fig. 4.6(a) shows the σr/µ and σc/µ maps along with the raw images for each

of the acquisitions. The raw images show that the distortion becomes less with

increasing number of shots, as the readout per excitation becomes shorter. Com-
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Figure 4.6: Figure showing the raw images (a), the derived noise maps (b), and ROI results
(c) for data acquired with different amounts of segmentation in the EPI readout.

paring the relative contributions of σr and σc, we see that for passband bSSFP the

noise introduced by respiratory and cardiac are comparable. For transition-band

bSSFP on the other hand σr/µ is considerably larger than σc/µ (also shown by the

ROI results displayed in Fig. 4.6(b)). The amount of physiological noise increases

with the amount of segmentation that is applied suggesting a tradeoff between

distortion and physiological noise. In both transition-band and passband bSSFP

σr and σc increase with the number of shots, although the differences are fairly

small.

4.4 3D balanced SSFP; FMRI of the Hippocampus

So far most studies reporting the advances in bSSFP FMRI development have

been using simple functional tasks (e.g., visual and motor) to demonstrate acti-

vation [10, 13, 11, 56]. These areas produce large and robust signal changes. It

is important, however, to test the capability of bSSFP to FMRI when using more

elaborate tasks that produce more localised areas of activation, as these are the

type of tasks ultimately used in brainstem FMRI.
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Figure 4.7: The pulse sequence diagram (a) and k-space trajectory of the stack-of-segmented
EPI readout (b) as used in this study. After slab selective excitation, segmented EPI planes are
acquired in the kx-ky-dimensions; with the 3D phase encode direction in kz. In this particular
example 8 lines are acquired per segment. At the end of the readout all gradients are rewound.

As an initial assessment of the functional contrast of bSSFP under more elab-

orate conditions we conducted a memory task experiment that activates the hip-

pocampus. Although in the scope of this thesis the hippocampus served as an

initial test bed for our sequence before acquiring brainstem FMRI data, it has

potential as a real application for bSSFP FMRI.

This project was conducted in collaboration with the Medical Imaging group

of the Norwegian University of Science and Technology in Trondheim. This group

seeks to develop a protocol for high resolution, low distortion, hippocampal FMRI

in order to investigate the functional differentiation between the various sub-areas

of the hippocampus. The study consisted of an assessment of the functional

sensitivity of bSSFP using a memory-encoding paradigm. Whole brain (single

time-point) images were also assessed on distortion and compared to GRE-EPI.

4.4.1 3D Stack-of-segmented EPI

For this study the stack-of-segmented EPI readout is used as briefly presented in

Chapter 2. Here, the readout is presented more in detail and in the context of a

bSSFP acquisition. The pulse sequence diagram of a bSSFP acquisition that uses

the 3D stack-of-segmented-EPI readout is shown in Fig. 4.7(a). The k-space tra-

jectory is shown in Fig. 4.7(b). The illustration shows the segmented EPI planes
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stacked along kz. In this diagram 8 EPI lines are acquired per segment. After slab

selection the dephaser along Gy determines which segment in the EPI-plane is

collected. The Gz dephaser determines the position along kz from which data are

collected. At the end of each TR all imaging gradients are rewound (this effec-

tively brings the trajectory back to the centre of k-space, but this is for illustration

purposes not shown in (b)). In its most straightforward form, the readout order

takes place in a linear fashion. Starting with the most negative kz-location and

ending with the most positive kz. For each EPI-plane all the segments are ac-

quired before moving on to the next. This readout has been successfully applied

for high resolution bSSFP FMRI of the visual cortex at 1.5 Tesla [10].

4.4.2 Methods

Functional bSSFP data were acquired in 3 healthy volunteers using a 3T Siemens

TIM Trio system (Siemens Medical Solutions, Erlangen, Germany). Oblique coro-

nal 3D bSSFP images were acquired perpendicular to the hippocampal long axis

with the frequency-encoding in the superior-inferior (SI) direction and scan pa-

rameters: TR/TE = 8.0ms/3.8ms, α = 30◦, matrix 96×96×32, resolution 2×2×2mm,

1860 Hz/pixel, 6 lines per TR, and volume TR, Tvol = 4.1s. The shim was carefully

localised to the hippocampal region to place the both hippocampi in the passband

region of the bSSFP signal profile. The functional paradigm involved a memory

task, in which the subject was presented with 9 alternating blocks (24s) of novel

(N) and familiar (F) scene pictures. The subject was instructed to memorize all

images and to encode each image by indicating whether a building was present

in the picture by using a button-box. The task was presented across two runs,

which each lasted for 7.5 minutes (112 volumes). The two scan sessions were

individually analysed using a standard GLM approach and then combined us-

ing fixed effects averaging of the t-statistics to generate the activation maps on a
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single subject level.

To demonstrate the reduced distortion in the bSSFP images, whole brain (non-

functional) bSSFP and GRE-EPI images were acquired in a single subject as well

as a T1-weighted structural scan. The scan parameters were carefully chosen such

to be representative of a functional experiment. The GRE-EPI image was ac-

quired using the following parameters: single-shot EPI, resolution 2×2×2.5mm,

matrix 96×96, 60 slices, 1860 Hz/pix, α = 90◦, TR = 4990 ms, TE = 30 ms. To

reduce the distortion as much as possible the data were subsampled along the

phase encode direction by a factor of 2 using GRAPPA [44]. The bSSFP imag-

ing parameters were: TR/TE = 8.0ms/3.8ms, α = 30◦, matrix 96×96×80, resolu-

tion 2×2×2mm, 1860 Hz/pixel, 6 lines per TR. For the structural, an inversion-

prepared 3D MPRAGE sequence was used with TE/TR/TI = 4.6ms/3300ms/1100ms,

matrix 256×176×224 and 1mm3 isotropic resolution.

4.4.3 Results

In this section, we first demonstrate the improved (static) image quality in bSSFP

compared to single-shot GRE-EPI. Next, we will present the preliminary func-

tional results that were obtained in the three subjects that were scanned. The

results will be discussed at individual subject level.

Image Quality

Example slices of the raw images are shown by Fig. 4.8. For both acquisitions the

data were acquired coronally with the readout direction in SI in order to avoid

signal aliasing from outside the field-of-view. The EPI blip direction was placed

along the Right-Left (RL) direction, so the largest distortion will manifest in the

RL direction of the image. When comparing bSSFP to GRE-EPI it is seen that

the distortions are considerably larger in the GRE-EPI data, due to the single-
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shot nature of the latter acquisition. The susceptibility offsets of the nasal sinuses

cause strong local field gradients in the inferior part of the frontal lobe and the

anterior part of the brainstem. This results in signal dropout in these areas in

GRE-EPI due to the relatively long TE (∼30ms) that is typically used in GRE ex-

periments. In bSSFP no such signal dropout is observed, although bands of low

signal arise due to the dip in the signal profile at particular frequency offsets (± 1
2T

Hz, see Fig. 2.6(b)). However, in bSSFP the location of the bands can be changed

by changing the RF phase increment. A method which combines the data from

two acquisitions with varying RF phase increment has been used for whole brain

bSSFP FMRI [99, 11]. By collecting one image with a 0◦ phase increment and one

with a 180◦ phase increment, all the off-resonance frequencies will be acquired

in the passband in at least one of the acquisitions. The images can then be com-

bined with a maximum intensity projection (MIP) or sum-of-squares to produce

an image without bands [100]. The disadvantage of this method, however, is the

time penalty involved for a second acquisition. For studies that target a specific

structure a better approach is to localise the shim to the given structure to max-

imise the field homogeneity in that region and accept banding artifacts outside

the region of interest.

Fig. 4.9 shows the registration of the acquired GRE-EPI and bSSFP images (red

outline) to the subject’s high resolution anatomical scan. Due to the distortion of

the GRE-EPI the registration is considerably worse for GRE-EPI than for bSSFP.

Although both images show good alignment in the superior areas of the brain,

the GRE-EPI data clearly show poor alignment around the medial (blue arrows)

and inferior (green arrows) temporal lobes. The frontal areas of the brain are

also affected. In the edge-maps this is most clearly visible by the misalignment

around the ventricles. Conversely, the bSSFP image shows excellent alignment

throughout the brain. The exquisite anatomical detail and reduced distortion of
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a b

GRE-EPI balanced SSFP

Figure 4.8: Coronal, sagittal, and transverse planes displaying the GRE-EPI (a) and balanced
SSFP (b) data as acquired. The distortion is shown by the skew of the image in the Right-Left
direction (which was the EPI-blip direction during acquisition). From the coronal view it is
clearly visible that the distortion in much less in the bSSFP images compared to GRE-EPI. In
areas of strong field inhomogeneities GRE-EPI shows severe signal dropout (white arrows). In
bSSFP banding occurs in these regions.

the bSSFP image will give more confidence in identifying, for example, specific

subfields of the hippocampus and may improve the statistical analysis of FMRI

data at group level.

Functional Results

Fig. 4.10 shows the activation maps (z-statistic) for each subject in three in three

perpendicular slices overlaid on the raw bSSFP images (threshold: z>2.3, cluster

p>0.05). All subjects showed hippocampal and/or parahippocampal activation,

although the intensity and extent varied. Subject C showed the strongest activa-

tion in both hippocampal and parahippocampal regions. The activation was less

strong in subjects A and B, with subject B showing only minor activation in the

parahippocampal gyrus. Also shown in this figure are the dark bands typical for

bSSFP images. Subject C and B further showed bilateral cerebellar activation for
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GRE-EPI bSSFP

a b

Figure 4.9: Functional to structural co-registration. High resolution T1 anatomical data are
overlaid with (a) the edge-maps (red outline) of the registered GRE-EPI data, and (b) balanced
SSFP data. The images were acquired coronally with the EPI blip direction in RL. Due to the
distortion present in the GRE-EPI data the registration in the hippocampus is inaccurate (blue
arrow) and other areas in the frontal regions of the brain (green arrows). The bSSFP data
on the other hand show excellent registration throughout the brain. Note that the apparent
misregistration at the front of the brain is not due to distortion, but due to a reduced field of
view in the bSSFP.

the N>F contrast (blue). This may indicate the involvement of the cerebellum,

which is consistent with previous reports in the literature [101].

Artifactual activation (false positives) was seen in subject A and C, mainly in

the regions of the transition bands, but also near CSF boundaries. This may be

due to temporal fluctuations of the CSF signal caused by flow effects or motion

that correlated with the stimulus.

Recall that the GLM is a least-squares fit to the data, described by: Y = Xβ+ε,

where Y is the data, X the regressor, β the parameter estimate, and ε the resid-

ual error. One summary measure of the GLM fit that is useful to inspect is σ2
res,

the temporal standard deviation of the residuals. Inspection of the σ2
res images

showed that a significant amount of the activation that survived the threshold also

had high σ2
res values. This can be an indication that the β estimate is driven by a
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CCBBAA
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ba
Figure 4.10: (a) z-statistic activation maps per subject overlaid on the raw bSSFP images
(threshold z > 2.3, cluster significance p > 0.05. Red-yellow activation denotes the F > N
contrast, whereas blue represents N > F. In two subjects false positives were found in proximity
of the transition bands (arrows), but also near the lateral ventricles (asterices). (b) σ2res map
of subject 3 denoting the error between the model and the data. Areas of high error appear as
a ghosting pattern in the RL direction, whereas the appearance is blurred in the AP direction.

few large signal fluctuations that happen to coincide with the stimulus paradigm.

Visual inspection of the time courses outside the hippocampus confirmed this.

The hippocampal activation, however, is also in close proximity of voxels with

high error. Although visual inspection of the time courses assured that most of

the activation was real, this is an issue that one should be aware of. Furthermore

the σ2
res image shows large errors in the inferior regions of the brain. The appear-

ance of the errors is peculiar. In the RL direction (i.e., the EPI-blip direction of the

readout) a ghosting pattern is visible, whereas the errors appear to be smeared in

the Anterior-Posterior (AP) direction (i.e., the direction in which the EPI planes

are stacked). This indicates that the nature of the readout determines the appear-
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ance of image artifacts (ghosting and blurring in this case) that are fluctuating

over time. Since the large fluctuations are mostly in the inferior regions this may

be a potential problem for brainstem FMRI.

4.5 Temporal Stability in the Brainstem using 3D Read-

outs

Because the hippocampal FMRI data showed large σ2
res values in the pons and

cerebellum it was decided to conduct resting experiments (i.e., without stimulus

paradigm) with the FOV covering the entire brainstem and assess the temporal

stability in 3D bSSFP. Although the physiological noise assessment of 2D data

suggested beneficial physiological noise characteristics in the brainstem, it is im-

portant to assess whether this remains when we acquire the data with a full 3D

readout.

4.5.1 Methods

Five-minute resting state scans were conducted in a single subject. 2D GRE-EPI,

2D bSSFP and 3D bSSFP data were collected on a 3T Siemens TIM Trio system

(Siemens Medical Solutions, Erlangen, Germany). Scan parameters are similar to

the previous studies. For the 2D data, single coronal slices were acquired every

152 ms with a resolution of 2×2×2 mm. For the 3D data identical scan parameters

to the hippocampus study were used, but with the slice orientation fully coronal

to include the entire brainstem (75 volumes).
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4.5.2 Results and Discussion

Fig. 4.11 shows the improved temporal stability of 2D bSSFP compared to 2D

GRE-EPI, which is one of the motivations for using bSSFP FMRI in the subcorti-

cal areas that are more prone to physiological noise. In the cortical regions the

temporal stability is further improved for the 3D variant, which can be attributed

to the increased signal available in 3D readouts. For regions around the ventricles

and the brainstem, on the other hand, the tSNR is considerably reduced. In the

brainstem the areas of instability are highly localised. The increase may be related

to the fact that the brainstem is surrounded by the major cerebral arteries and pul-

satile CSF. In 2D single-slice imaging most of these structures are located outside

the FOV and therefore do not contribute to the signal. The presence of those struc-

tures in the 3D FOV may introduce additional fluctuations. In multi-shot imaging

each segment is collected at a different time and then combined to a single image,

which increases the sensitivity to physiological noise. Fig. 4.6 showed a small in-

crease in physiological noise when the number of shots increased. However, the

time scale at which a single volume is collected is significantly different for 3D

readouts (i.e., a few seconds vs. 150 ms). Physiological signal fluctuations during

the acquisition of a single volume may therefore be much larger and thus have a

much stronger impact on the image quality in 3D readouts compared to 2D. For

some voxels in the brainstem the instabilities were as high as 30% of the mean sig-

nal. The current sequence is therefore not a viable option for brainstem FMRI and

further development is required before attempting brainstem FMRI using bSSFP.

4.6 Discussion

In this chapter two candidate sequences 3D FMRI sequences, 3D bSSFP and SPGR,

were assessed based on a range of imaging properties important for brainstem
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Figure 4.11: 1/tSNR maps of 2D GRE-EPI, 2D bSSFP and 3D bSSFP. 2D bSSFP shows
superior temporal stability to GRE-EPI. When the data are acquired with a 3D readout, however,
large signal instabilities arise. Although the tSNR is larger in the superior regions of the brain,
the 3D acquisition exhibits large signal fluctuations in the brainstem, which are not present in
the 2D data. Similar results were obtained in SPGR data, although not shown here.

FMRI.

First, we compared the physiological noise sensitivity of SE-EPI to GRE-EPI in

order to investigate whether the reduced physiological noise of bSSFP in cortical

regions could be attributed to the spin echo contrast of the sequence. For this

set of experiments the Krüger model was used to estimate the contribution of

physiological noise by fitting a temporal noise model to a range of SNR0 values.

By assuming that physiological noise scales with signal intensity unlike thermal

noise, this model estimates the theoretical limit of tSNR at SNR0=∞ (given by

1/λ). However, with the current hardware setup and scan parameters we did

not achieve a large enough range of SNR0 in our data to demonstrate asymptotic

behaviour (i.e., all the data points resided in the linear part of the curve), which

resulted in a poor fit of the model to the data.

When using the Krüger model the fairest comparison is the create a range of
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SNR0 by altering the flip angle (e.g., increasing the resolution could confound the

results when the spatial correlation of the physiological noise is different between

the sequences). The vastly different signal dependency on flip angle in bSSFP,

however, makes this approach non-trivial.

By means of power spectrum analysis we were able to directly compare the

physiological noise sensitivity of bSSFP and SPGR to GRE-EPI. The method allows

extraction the same noise measures (i.e., σ0 and σp), but with the added benefit

that the physiological noise component, σp, could be decomposed into cardiac

noise and respiratory noise. An estimate of λ was also obtained, by plugging the

determined SNR0 and tSNR values into Eq. 4.4. It should be noted, however, that

the accuracy of λ is even more dependend on the SNR0 as only a single point on

the curve is used for the estimation (ideally one would only accept an SNR0 for

which the asymptote of the SNR0-tSNR curve has been reached as this gives the

most accurate estimate).

The results showed that bSSFP has reduced physiological noise in both the

cortical regions and the brainstem. SPGR however performed worse than GRE-

EPI. The observed λ values are considerably larger than the values previously

reported by Miller et al. [13] and Triantafyllou et al. [94], but are comparable to

the values we found in the first experiments presented in this chapter. We believe

the discrepancy is due to the fact that both studies sample the tSNR-SNR0 curve

in the low SNR0 region due to the relatively high resolution at which the studies

were conducted.

Closer inspection of Fig. 4.3 shows that for 12- and 32-channel acquisitions the

data are not well described by the Krüger model in this region of the curve, which

may be the reason that our λ estimates are positively biased. This observation is

supported by a recent paper by Triantafyllou et al. [87], in which an improved

temporal noise model was presented for multi-channel data.
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FMRI experiments of the hippocampus were conducted and the levels of dis-

tortion around the hippocampal regions were assessed in bSSFP as well as GRE-

EPI. It was demonstrated that, even at a moderate resolution, the distortions were

considerably less in the 3D segmented bSSFP readout compared to single-shot

GRE-EPI. These properties are important, as the brainstem is located in regions of

high susceptibility gradients. The distortions caused by the field inhomogeneities

are the limiting factor in the achievable resolution in sequences that require a

single-shot readout. It was further shown that bSSFP is able to pick up signal

changes from more elaborate tasks, but the extent of functional activation varied

between subjects. Spurious activation was present in two subjects. Inspection

of the σ2
res images (the summary image denoting the variance of the residuals)

demonstrated increased signal fluctuations unrelated to the task in areas of CSF

when the data are acquired with a 3D acquisition. Resting state scans demon-

strated large temporal instabilities in the brainstem. The instabilities are highly

localised suggesting that the signal fluctuations are driven by structured artifacts,

which fluctuate from one volume to the next. The source of these effects and

possible methods for mitigating them will be the focus of the following research

chapters.

4.7 Conclusion

In this chapter the image properties of two candidate sequences, bSSFP and SPGR,

were compared to conventional GRE-EPI. It was demonstrated that 3D bSSFP

using a 3D stack-of-segmented EPI readout has superior image quality in terms

of signal dropout, distortion, and SNR0. Furthermore it was found that bSSFP

is able to achieve functional contrast in tasks other than simple motor or visual

tasks that have been reported previously. False positive activations, however,
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were found in regions of with increased signal fluctuations. Although bSSFP

demonstrated reduced physiological noise sensitivity when a 2D readout was

used, large signal instabilities were observed in data acquired with a 3D readout.

The levels of the signal fluctuations are large enough that FMRI studies with the

current implementation of the sequence are not possible. Therefore, in order for

3D techniques to be viable for brainstem FMRI methods are needed that correct or

prevent these signal fluctuations. In the next chapter a thorough characterization

of the physiological instabilities is provided and various correction methods are

explored.
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Chapter 5

Physiological Noise: Characterization

and Correction Methods

5.1 Introduction

As shown in Chapter 4 large temporal signal instabilities are observed in the infe-

rior regions of the brain when the data are acquired with a 3D readout. Figure 4.10

showed that the way the instabilities are manifested is dependent on the readout

order in which k-space is collected. We therefore hypothesise that the instabilities

are associated with the multi-shot character of the 3D acquisition. Any errors be-

tween the segments in k-space result in instabilities in image space. Because the

high levels of variability appear to arise mainly from regions of CSF and blood

vessels we believe that they are caused by physiological fluctuations (i.e., cardiac

pulsatility and respiratory effects).

This chapter describes experiments and simulations that were conducted in

order to identify the source of the physiological instabilities and their effects in 3D

acquisition schemes. In the second part of the chapter we investigate the potential

of various prospective (e.g., real-time) correction methods. Because prospective
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correction methods often involve considerable pulse sequence implementation,

the proposed methods are first assessed by simulations. The simulation results

provided a valuable insight into the formation of the artifacts and served as a

good indicator for which correction method to pursue.

5.1.1 Background

It is well known that FMRI time-series data are compromised by physiological

fluctuations related to the cardiac and respiratory cycle [102, 76, 69, 103], with

particular impact for multi-shot acquisitions [98]. Apart from the pulsatile move-

ment of blood and CSF, the brain undergoes gross motion due to intra-cranial

pressure changes [68, 97, 104]. These physiological effects lead to changes in the

measured MR signal. Depending on the source of the artifacts (e.g. respiratory or

cardiac pulsation) and the type of pulse sequence (e.g. anatomical, diffusion or

FMRI), various correction methods have been introduced. Navigator techniques

have successfully been applied in FMRI to correct global fluctuations from respi-

ration [105, 106], but are impracticable to correct the more localized cardiac fluc-

tuations, as high-resolution navigators would be needed. Similarly, retrospective

correction methods that operate in k-space are able to effectively correct for low

order spatial fluctuations, such as respiratory effects [67, 65]. Spatially localized

cardiac fluctuations on the other hand are easier to correct for in image space [71].

Finally, cardiac gating has been used to reduce cardiogenic noise [63]. Cardiac

gating, however, has the disadvantage that it produces a variable acquisition rate,

which can be cumbersome or prohibitive for some FMRI stimulus paradigms, but

also reduces the efficiency of the sequence. Furthermore, the non-stationary TR

associated with some gating techniques introduces temporal signal fluctuations

due to variable T1 recovery, which complicates post-processing of the data [107].

Another possible method to reduce physiological noise is to order the acquisition
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in k-space in real-time based on the current phase in the respiratory or cardiac

cycle [108, 109, 110]. In order to ensure that each line in k-space is acquired with

the desired physiological phase (e.g. point in the cardiac or respiratory cycle),

these methods generally alter the acquisition rate and thereby introduce similar

issues to conventional gating.

It is clear that each of the correction methods has their advantages and dis-

advantages and often correct for a specific source of signal fluctuation. In order

to determine which type of method is required we first need to characterize the

instabilities.

5.2 Regression of Physiological Processes with 2D data

Power spectrum analysis presented in Chapter 4 showed that the signal in 2D

rapidly acquired data is fluctuating at both the respiratory and the cardiac fre-

quency. In this experiment we aim to investigate to what extent we can explain the

fluctuations in the data using external physiological recording (i.e., pulse plethys-

mograph data and pneumatic bellows). We use this investigation to gain more

insight in the underlying complexity of the signal fluctuations and how well they

can be described with simple models. Regression of data acquired with a short

volume acquisition time (Tvol) will encapsulate the effects before they become dis-

tributed in k-space (i.e., the data mimic “instantaneously” acquired data). This

should provide a more accurate insight into the relative contributions of the car-

diac and breathing cycle to the fluctuations in the signal.

5.2.1 Methods

All in vivo experiments presented in this chapter were performed on a 3 Tesla

Siemens Trio system (Siemens Healthcare, Erlangen, Germany) using a 12-channel
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head receive coil. Simulations, image reconstructions and statistical analyses were

performed in Matlab (MathWorks, Natick, MA). As we are aiming to characterize

the intrinsic signal fluctuations (rather than under task conditions), all presented

data were acquired without an explicit task.

Single-slice bSSFP and SPGR time series were acquired in one subject. In

order to temporally resolve physiological fluctuations, the acquisitions were re-

stricted to a single coronal slice covering the brainstem and motor cortex. Both

the 2D-bSSFP and 2D-SPGR time series were acquired with the following scan pa-

rameters: α=30o, TR/TE=12/6 ms, FOV=192×192×2.5 mm, Matrix=96×96, Band-

width=1860 Hz/pixel, 8 lines per TR, Tvol=156 ms, 1500 volumes. For both ac-

quisitions the shim volume was targeted to the brainstem. For the bSSFP ac-

quisition the RF increment was set to place the brainstem in the passband of

the bSSFP signal profile. For the SPGR acquisition RF spoiling (quadratic phase

increment=117o) and gradient spoiling (2π phase per voxel) were performed.

Heart and respiration rate were monitored during data acquisition using a pulse

oximeter and pneumatic bellows to correlate the voxel time courses to the physi-

ological waveforms.

The magnitude and phase time-course data were processed separately to gen-

erate z-statistic maps representing correlations with the recorded cardiac and res-

piratory waveforms. Pre-processing was minimized to keep the data as close

to its raw form as possible. The phase data for each voxel were unwrapped in

the time domain. High-pass temporal filtering (high-pass cut-off=25s) was per-

formed on both the magnitude and phase time series to remove any baseline drift.

Visual inspection revealed little to no bulk motion, so motion correction and spa-

tial smoothing were omitted in order to detect respiratory and/or cardiac-related

motion. The cardiac and respiratory regressors were represented by low order

Fourier series as used in the RETROICOR method [71]. The first and second or-
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Figure 5.1: Results from the regression analysis of 2D bSSFP and SPGR data with the cardiac
and respiratory regressors obtained by physiological monitoring (bellows and pulse oximeter).
The z-statistic maps show the spatial distribution of cardiac (red) and respiratory (blue) cor-
relations in the magnitude and phase time-series images. Arrows denote cardiac correlations
located in the carotid arteries (green) and what appears to be ghosted signal from blood vessels
in the brainstem (purple), and respiratory correlations due to shifting of bSSFP bands (yellow).

der Fourier series were then correlated to the magnitude and phase time courses

using GLM regression with FSL FEAT [88].

5.2.2 Results

Fig. 5.1 shows the correlation of the magnitude and phase time-course data with

the physiological correlations (displayed as z-stat maps overlaid onto the corre-

sponding raw image). Both bSSFP and SPGR show strong correlations with the

cardiac cycle in the signal magnitude and phase.

In the bSSFP data the effects of cardiac pulsation are confined to the large ar-

teries (green arrows) and CSF. In the magnitude data a few voxels that are highly

correlated to the cardiac waveform produce fluctuating ghosts (purple arrows) in

the left-right direction. This direction is the EPI phase-encode direction. Such

ghosts are not visible in the SPGR magnitude data. The cardiac-induced mag-

nitude fluctuations in the SPGR data, however, are less spatially confined and
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include the subcortical structures such as the pons, midbrain, and the thalamus.

The phase data, on the other hand, show a very similar spatial pattern in both

bSSFP and SPGR.

Respiration effects are much less pronounced than the cardiac effects in both

data sets. In SPGR respiration effects are almost absent. In bSSFP correlations

are visible in regions of the bSSFP transition bands (yellow arrow). The largest

correlations are observed in the neck region inferior to the medulla where off-

resonance gradients are large and multiple bands are present. It is interesting

to note that, when only the first-order terms are included (data not shown), the

statistical maps are highly similar to the ones shown here. This indicates that the

fluctuations are well described by simple sinusoids.

5.2.3 Discussion

At this point, we are prepared to hypothesize on the origin of the signal insta-

bilities in SPGR and bSSFP and will discuss the commonalities and differences

between 2D acquisition and 3D acquisitions.

The regression results demonstrate that physiological instabilities are largely

driven by cardiac pulsation and are much more pronounced in the inferior re-

gions of the brain compared to the cortical areas. Respiratory effects were much

less intense than cardiac effects and only of significance in the bSSFP data. Vi-

sual inspection indicated that the respiratory fluctuations in the bSSFP that are

localised to regions of bSSFP bands are caused by shifting of the bands due to B0

changes with inhalation (i.e., field shifts due to changes in the size of the lungs).

Another source of instability in the bSSFP data could be respiratory related mo-

tion, as strong correlations were seen both very inferior (in the neck region) and

the in most superior part of the brain.

By far the strongest correlations with the cardiac cycle are localised to the
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CSF and major blood vessels, which suggests that the instabilities are driven by

flow effects. There are various mechanisms by which flow can introduce signal

fluctuations: 1) inflow effects, 2) outflow effects, and 3) in-plane flow effects. We

begin by considering the familiar scenario of 2D imaging that excite thin planes,

and then discuss differences in 3D imaging.

Inflow Effects

Inflow effects are signal variations caused by the inflow of fresh magnetisation

from outside the excited slice. Both SPGR and bSSFP are steady-state sequences.

As discussed in Chapter 2 a steady-state is an equilibrium state where Mz is less

than M0, but does not change from one TR to the next. When fresh magnetisation

enters the imaging slice its longitudinal component will be larger than the steady-

state magnetisation. The signal of inflowing spins therefore tends to be higher

than that for the spins that are in steady-state [111]. Due to pulsatility the amount

of inflowing spins will vary each TR creating fluctuations in the signal.

Outflow Effects

Outflow effects are signal contributions by flowing spins that have already left

the imaging slice in a preceding TR. Even outside the slice, spins with a residual

transverse component may still contribute to the total signal even if they no longer

experience additional RF-pulses [112]. In SPGR this effect is not observed as

the gradient spoiler at the end of each TR prevents spins that don’t experience

the subsequent RF-pulse from contributing to the signal. In bSSFP, however, all

imaging gradients are rewound at the end of the TR, which means that even the

spins that don’t see the next RF-pulse will contribute to the signal when the next

set of imaging gradients is played out. This difference can be better appreciated

by considering the k-space trajectory that residual magnetisation experiences in
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a subsequent TR in the event that it does not experience the RF pulse (i.e., has

flowed out of the slice). For bSSFP the imaging gradients take the readout back to

the centre of k-space at the end of each TR and thus the same k-space trajectory is

traversed in the subsequent TR regardless of whether an RF-pulse is experienced.

In the case of SPGR, on the other hand, the gradient spoiler at the end of the TR

pushes the magnetisation away from the centre (e.g., 2 ∗ kmax) and mainly freshly

excited spins (which have coherent phase and thus start at the centre of k-space)

will contribute to the signal in the subsequent TR.

In-plane Flow

Finally, there can be signal instabilities caused by flowing spins that move within

the FOV without leaving the imaging plane. When the imaging gradients are

not compensated for flow, moving spins will experience a different phase evo-

lution based on their changing position during the application of the gradients.

When the motion is coherent (either due to flow or bulk motion) this will re-

sult in a mean phase offset compared to the static tissue, which may result in

fluctuations being seen in the phase data [16]. In bSSFP phase discrepancies

can also lead to a modification of the steady-state in bSSFP or even cause signal

cancellation [112, 111]. Other magnitude effects can arise when the amount of

displacement within a voxel varies; for example due to the varying flow velocities

when there is laminar flow. In our data in-plane flow effects are seen in regions

where the flow is parallel to the imaging plane such as the CSF surrounding the

brainstem and the carotid arteries (Fig. 5.1).

Interpretation in the Context of 3D imaging

In the 2D data presented here, the signal fluctuations in regions of CSF where the

flow is perpendicular to the imaging slice are likely enhanced by the inflow and
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outflow effects. This effect will clearly be reduced in 3D acquisitions as a larger

slab is excited repeatedly and only a small portion of inflowing or outflowing

spins contribute to the total signal. In-plane flow effects, however, will still be

present. In our 3D acquisition the third dimension is encoded by phase encoding.

Spins flowing along the third dimension may thus experience phase perturbations

due to the phase encode gradients as discussed above. The 3D readout thus

effectively exchanges in- and out-flow effects for in-plane (or better “in-slab”)

flow effects. To be confident that this effect is causing the instabilities we see

in 3D data (shown in Section 4.5) it is important to investigate this effect more

thoroughly.

5.3 Characterization of the Effects of Flow

As indicated by the previous experiment a major portion of the instabilities appear

to originate from pulsatile CSF flow. Particularly in bSSFP data, where the CSF

signal level is very high, disturbances in the CSF signal have profound effects

on adjacent tissue. In the following sections we aim to characterize the flow

sensitivity of our sequence and investigate whether the phase perturbation effects

as described by Bieri and Scheffler [113] can explain the signal instabilities we see

in our 3D bSSFP data.

Firstly, the first-order moments are calculated for our stack-of-EPI readout

with commonly used parameters to model the sensitivity to flow and motion at

various time points during the readout. Secondly, an in vivo experiment is de-

scribed in which the effect of pulsatile flow was mimicked on static tissue by

altering the phase increment of the RF pulses over the course of the acquisition.

This experiment should answer the question of whether flow-induced phase dis-

crepancies at the end of the TR are large enough to induce disturbances in the
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steady-state signal as described by Bieri and Scheffler [113].

5.3.1 Quantification of the First-order Gradient Moments in a

bSSFP Acquisition with a 3D Stack-of-Segmented EPI Read-

out

As discussed in Chapter 2 in a homogeneous field the amount of phase accrual

experienced by a given spin depends on the area under the gradient waveform

and its position (Eq. 2.8). This equation, however, only assumes static spins for

which X(t) = x0. We can extent this equation to include motion with as:

x(t) = x0 + v0t+
1

2
a0t

2 + ... (5.1)

where x0 is the initial position, v0 is the velocity, and a0 the acceleration of the

spin. The amount of phase accumulated at time t caused by a gradient along the

same direction is then given by:

ϕ(t) = γ

∫ t

t0

G(u)x(u)du (5.2)

= γ

∫ t

t0

G(u)

(
x0 + v0u+

1

2
a0u

2 + ...

)
du (5.3)

In order to describe the effect of the gradients on static spins and moving spins

independently we define so-called gradient moments, with the nth moment given

by [16]:
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mn(t) =

∫ t

t0

G(u)undu (5.4)

such that we can write:

ϕ0(t) = γm0(t)x0 (5.5)

ϕ1(t) = γm1(t)v0 (5.6)

ϕ2(t) = γ
1

2
m2(t)a0 (5.7)

The zeroth-order moment, m0(t), is a measure that characterizes the amount of

phase accrual static spins at a given location experience by the gradient (Note

that, for bSSFP the net gradient, and thus m0, is zero at the end of each TR). The

amount of flow-induced phase accrued by a flowing spin is dependent on the

size of m1 and the flow velocity (Eq. 5.6). The total phase a spin accumulates

due to the gradient waveform is the summation of the contributions from each of

the moments. For simplicity we will only consider the zeroth- and the first-order

moments in further discussions.

Methods

First, we will set out to calculate the magnitude of the m1 moments for a typical

bSSFP sequence with a stack-of-segmented EPI readout [10], which is the 3D

extension of the 2D segmented EPI readout used in our regression analysis. In

this 3D readout data are acquired starting from the lowest kz-plane (with kx being

the frequency encode direction and ky the EPI blip direction, Fig. 5.2(a)). Once

all the EPI segments in that plane are collected, the next kz plane is acquired by
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adjusting the 3D phase encode gradients. This is repeated until all planes in kz

are collected (Fig. 5.2(b)). Rephasing gradients at the end of the readout ensure a

zero gradient area (m0) in all three directions prior to the next RF-pulse.

Gradient waveforms were generated using dedicated simulation software within

the Siemens programming environment. The following parameters were used

for the simulation: TR/TE=14/7 ms, Matrix=96×96×16, Resolution=2×2×2 mm,

Bandwidth=1860 Hz/pixel, 8 lines per TR. These parameters are representative

of a typical bSSFP FMRI acquisition. The gradient waveforms were subsequently

read into Matlab (Mathworks, Natick, MA). The first-order gradient moments

were calculated following Equation 5.4 and inspected at various time points in

the TR. In particular we examined the m1 moments at the time that echoes are

formed to assess the phase of each of the collected k-space lines. For example,

if flow is pulsatile, a non-zero m1 at the echo times will causes a periodic phase

modulation across k-space, which results in image artifacts. Further we examined

the m1 just prior to the next RF pulse, because phase perturbations at t=TR can

cause disturbances in the steady-state signal.

Results

Fig. 5.2 shows the k-space trajectory, gradient waveforms, and first-order mo-

ments for the simulated acquisition using our stack-of-segmented EPI readout.

Panel (a) shows the k-space trajectory of a segmented EPI plane, with the dif-

ferent shots colour-coded in different tones of blue. Panels (c) and (d) show the

x-gradients, Gx, and corresponding m1,x overlaid for each of the TRs, and panels

(e) and (f) show Gy and m1,y, respectively. The Gx waveforms are identical be-

tween the shots, whereas the Gy waveforms differ in the magnitude of the pre-

and de-phaser blips. The result on the first-order moments is that for m1,x the

value is constant between the TRs (m1,x=-20 mT · ms2/m), whereas m1,y varies
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between -8 and -16 mT · ms2/m, depending on which segment is acquired. The

gradient waveforms that encode for the different kz planes are shown by panel (g).

The colour coding corresponds to the planes shown in panel (b), which shows a

side-view of the stacked EPI planes along kz. It is seen that the first order mo-

ments in the z-direction, m1,z, show the largest variation ranging between -50 and

42 mT ·ms2/m for the different kz planes. It is worth pointing out that the gradi-

ent waveforms each have varying amounts of first-order moments at the echoes of

each of the lines (denoted by the red x marks). For the gradients in the x-direction,

m1,x is -20 mT ·ms2/m for all uneven lines, and -17 mT ·ms2/m for the even lines.

The first-order moments in the y-direction follows a staircase pattern for which

moments of the lines closest to the centre of k-space are -8 and -16 mT ·ms2/m.

m1,z finally, is constant for during each EPI plane, but slowly increases from -4 to

4 mT · ms2/m as we collect the various planes along kz. These variations in the

first-order moments can cause phase discrepancies between the lines in k-space,

which may result in ghosting and blurring in image space. This will be discussed

more extensively in the following sections.

5.3.2 The Effects of Flow-induced Phase perturbations on the

Steady-state signal in vivo

As discussed in Chapter 2 in bSSFP the magnetisation of each spin isochromat

(i.e., ensemble of spins at a specific resonance frequency) follows a unique trajec-

tory during the TR. In the steady-state the relaxation and precession processes are

exactly cancelled by the RF pulse every TR. This means that the magnetisation of

each isochromat needs to follow the same trajectory from one TR to the next in

order to maintain the steady-state (i.e., the amount of relaxation, the flip angle,

and the precession relative to the RF phase, needs to be constant).

If spins are moving within the imaging plane during a readout with non-zero
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Figure 5.2: The gradient waveforms (Gx, Gy, and Gz) with their corresponding m1-moments
for the stack-of-segmented EPI readout using parameters typically used in FMRI protocols. Two
side views of the k-space trajectory are shown in panel (a) and (b). The m1-moment values
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m1 they will accrue a certain additional phase depending on the m1 at the end

of the TR and their velocity (Equation 5.6). In practice the flow induced phase,

ϕ1, can vary over time if either the flow velocity changes (e.g., pulsatile flow)

or if m1 changes from one TR to the next. Variations in phase accrual due to

varying velocity or m1 can lead to instabilities in the signal, as the steady-state

signal conditions are no longer met. Bieri et al. reported significant signal loss

for acquisitions with linear phase increments above 1◦. Foxall [114], on the other

hand, has demonstrated that when the changes in phase are small enough only a

small modulation of the steady-state is seen, which is stable over time.

CSF flow in the brain, and particularly around the brainstem, is pulsatile, so

the flow velocity and therefore phase discrepancy will vary semi-periodically with

a frequency of approximately 1 Hz (the average heart rate at rest). The aim of the

following experiment is to estimate the magnitude of the phase perturbations and

to test whether the non-constant phase evolutions are large enough to result in

the signal instabilities we see in our 3D data.

Methods

The velocity of CSF has been investigated extensively in the literature. A number

of studies has reported maximum velocities around 10 mm/s [115] in the cere-

bral aqueduct (which connects the third and fourth ventricle). Linninger et al.

found that flow velocities in the SI direction in the pontine cistern (the CSF space

anterior to the pons) ranged from -5 mm/s to 14 mm/s over the course of a car-

diac cycle [116]. By inserting these values and the determined mx,1 value of -20

mT ·ms2/m into Equation 5.6 we estimate ϕ1 to vary from −1◦ to 5◦ degrees over

the course of one cardiac cycle. This calculation uses the first-order moment in

the RO-direction, because this is the direction, which for brainstem imaging we

would place along SI in order to avoid wrap-around problems. The additional
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advantage of placing the RO-direction along SI is that m1 at the end of each TR

will be constant, so the only variation in phase will be induced by the pulsatility

of the flow.

To test the effect of a periodic variation of phase in vivo, but in a controlled

manner, we decided to test the effect of a slowly varying phase on static (non-

flowing) brain tissue, by externally introducing a slow varying phase. This was

achieved by modifying the existing sequence to allow a sinusoidal variation in the

phase of the RF-excitation. Note that, in terms of the steady-state signal it does

not matter whether the additional phase is induced by flow or externally by the

RF pulse. Only the amount of precession ’relative’ to the direction of the RF pulse

is important as explained in Section 2.4.

Three data sets were acquired in a healthy volunteer on a 3T Siemens Trio sys-

tem using the following parameters: TR/TE=12/5.7 ms, α=30◦, matrix = 96×96×24,

res=2×2×2 mm, 8 lines per TR, Tvol=3.5 s, 30 volumes per run. After a dummy

period of 6 seconds (i.e., a period in which RF pulses are applied, but no data

are collected) the first 15 volumes were acquired with a constant RF-phase, after

which the RF-phase was varied in a sinusoidal fashion at a frequency of 1 Hz.

The amplitude of the sinusoid varied between the runs and was set to ϕsin=0.5◦,

ϕsin=1.5◦, and ϕsin=2.5◦ (i.e., for the ϕsin=2.5◦ data set the phase was varied si-

nusoidally between -2.5◦ and 2.5◦ at a frequency of 1 Hz). The acquisition was

localised to the most superior region of the brain as this is generally least con-

founded by motion or pulsatility. In order to ensure the analysis only included

static tissue and not CSF, subject specific white matter ROIs were defined by seg-

mentation of the subject’s structural with FSL FAST [91], which were subsequently

transformed into time-series data space using FSL FLIRT [90]. The data sets were

assessed on temporal stability by inspection of the voxel time courses and the

standard deviation over time (tSD).
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Flow sim OFF Flow sim ON
data set ϕsin Mean tSD tSNR ϕsin Mean tSD tSNR
ϕsin=0.5 0◦ 148.2 3.6 43.5 0.5◦ 148.2 3.6 42.5
ϕsin=1.5 0◦ 148.1 3.6 43.5 1.5◦ 148.3 4.2 38.1
ϕsin=2.5 0◦ 148.7 3.6 43.2 2.5◦ 148.8 5.0 32.9

Table 5.1: Mean Signal, tSD, and tSNR within the grey matter ROI for each data set. “Flow
sim OFF” reports the measures taken from the first 15 volumes when the RF increment is kept
constant over time. The measures under “Flow sim ON” are taken during the second half of
the run, when the RF increment is varied to simulate pulsatile flow

Results

Table 5.1 lists the mean signal, tSD and tSNR within the WM ROI during the first

15 volumes (when the RF-phase is kept constant) and the last 15 volumes (when

the RF-phase is varied). It shows that the mean signal and tSD is the same across

all three data sets for the first 15 volumes. The tSD increases with increasing

RF-phase variation while the mean signal remains unaffected.

Fig. 5.3 shows the normalised tSD and the RAW voxel time courses within

the white matter ROI shown in blue in Fig. 5.3(a). The RAW signal time courses

show that the signal remains essentially unaffected by an RF-phase variation of

0.5◦ (Fig. 5.3(b)). The other two data sets clearly show an increase in signal fluc-

tuations as soon as the RF-phase starts to vary (from volume 15 onwards). This

is confirmed by the increased tSD in Table 5.1 and the maps shown in Fig. 5.3(c).

The tSD maps further show that the increase in tSD is largest in the frontal re-

gions of the brain. It is known that the steady-state signal modulation due to

phase variations are dependent on local field inhomogeneities [113]. Field inho-

mogeneities caused by the nasal sinuses might explain why the tSD increase is

larger in the frontal regions of the brain.

Discussion

The in vivo experiments presented here show that pulsatile flow can introduce

phase variations large enough to cause instabilities in the steady-state signal.
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Figure 5.3: Results showing the effect of a slowly varying RF increment mimicking flow-
induced phase accrual. Panel (a) shows the ROI selection covering the white matter in blue.
Panel (b) shows the individual time courses of voxels within the WM ROI. It is seen that the
stability decreases when the RF increment is varied (volumes 15–30). The effect is most clearly
observed for the ϕsim=±2.5◦ data set. Panel (c) shows the tSD over the last 15 volumes
(when the RF increment is varied) normalised against the mean signal in the WM ROI. The tSD
increases across the brain when the RF increment is varied.

Based on the gradient waveforms of our acquisition we calculated the first or-

der moment in the readout direction to be 20 mT · ms2/m. For a velocity range

of 20 mm/s over the course of the TR, the total phase variation was estimate to

be approximately 5◦. The in vivo data showed a considerable drop in tSNR of

24% when the RF phase is varied sinusoidally with an amplitude of ±2.5◦ at a

frequency of 1 Hz, suggesting this mechanism could indeed be the source of the

signal instabilities. Note, however that this experiment is not intended to provide

quantitative results about the magnitude of this effect in CSF. The T2 of CSF is

significantly longer than that of WM tissue, which is likely to result in greater

instabilities, as the transverse magnetisation from a larger number of preceding
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TRs will contribute to the signal in the current TR. Moreover, the actual flow dy-

namics during the cardiac cycle are likely to be more complex than the simple

sinusoid used in this experiment. This experiment is therefore merely intended

to serve as a test to investigate whether the steady-state is significantly disrupted

when the phase is varied a few degrees at a frequency of 1 Hz. The fact that we

see instabilities arise in WM is a strong indication that those same effects will be

present in CSF. The subsequent sections will consider two potential approaches

to addressing the instabilities: first by spoiling CSF signal in bSSFP and second

by reordering the k-space acquisition.

5.4 Spoiling CSF in Balanced SSFP

For this first of two correction methods we pursued the pragmatic approach of

spoiling the CSF signal in bSSFP. In bSSFP the signal of CSF is much larger than

that of GM and WM. Any ghosting of CSF into the tissue due to steady-state

instabilities will therefore result in large signal fluctuations in the regions of in-

terest. By spoiling CSF we hope to prevent CSF from reaching a steady-state in

order to avoid the instabilities caused by disruptions of the steady-state condition

(due to phase errors at t=TR).

5.4.1 Introduction

One of the limitations of steady-state acquisitions is that contrast manipulation

is more difficult. Spins need to reach steady-state after application of the prepa-

ration pulses (i.e., the use of an inversion pulse to null CSF). Although various

catalization schemes have been developed that speed up the approach to steady-

state [117], the schemes are often only effective for on-resonance spins and still

require a certain amount of time before the signal is truly stable from one TR to
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the next.

In this section we explore the possibility of spoiling the CSF signal by inten-

tionally introducing phase variations between subsequent TRs. As demonstrated

in the previous section the steady-state signal formation is highly dependent on

the amount of phase accrual during the TR and small variations in RF phase can

lead to substantial signal variations. Various RF phase cycling schemes have been

proposed in the past to alter the properties of a sequence. Zur et al. [30] introduced

in 1991 the use of a quadratic RF phase increment to spoil the coherences between

the spins and achieve pure T1 contrast. Scheffler et al. later investigated the effect

of alternating RF phase variations. In this method the sign of the phase accrual is

reversed every other TR (ϕ, −ϕ, ϕ, −ϕ,...). In non-balanced SSFP sequences, the

alternating RF-phase causes spoiling of the magnetisation. In balanced SSFP the

effect of an alternating RF increment will set-up two different steady-states [118].

Here we propose to include bipolar gradients into a bSSFP sequence in order

to induce phase offsets in the flowing spins, without affecting the static spins. This

is similar to the method by Overall et al., in which alternating bipolar gradients

were used to set up two different steady-states; one for flowing spins and one

for static spins, in order to improve the contrast in angiography [119]. Our aim,

however, is not to set up a steady-state for the flowing spins, but to prevent the

flowing spins from reaching a steady-state (i.e., spoil the signal of flowing spins).

We therefore explore the use of (semi-) random bipolar gradients instead, which

will hopefully have a similar effect on flowing spins as RF-spoiling has on static

spins [30].

5.4.2 Methods

By changing the size of the bipolar gradients each TR we have control over how

much phase is induced to the flowing spins. We can therefore create a phase
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cycling scheme that only affects the flowing spins and not the static spins. In

order to test which phase cycling scheme would be effective we have conducted a

set of simulations.

The influence of various phase cycling schemes on the bSSFP signal formation

was investigated by numerical Bloch simulations. In these Bloch simulations 3 ×

3 rotation and relaxation matrices were applied iteratively to a set of 100 mag-

netisation vectors to analyse the approach to steady-state in a given voxel, the

mean steady-state signal, and the stability. All simulations were performed using

the relaxation parameters for CSF at 3 Tesla (T1=4000 [120],T2=500 [121]). Other

parameters included: TR=12 ms, TE=6 ms, α=30◦. The simulations considered

500 repetitions (TR=12ms) to ensure the steady-state is reached. Five different

phase cycling schemes were tested on a fully balanced (i.e., no simulated dephas-

ing) acquisition. These cycling schemes included: 1) no flow induced phase, 2)

randomly varying phase between -10◦ and 10◦, and 3) perfectly alternating phase

between -3◦ and 3◦. A perfectly alternating phase, however, requires a constant

flow as the amount phase accrual is determined by m1 (which we control with the

bipolars), but also the flow velocity. We therefore included two extra simulations,

which simulated alternating phase of ±3◦ and ±10◦, but with a slight perturba-

tion to mimic non-stationary flow. Plots of the simulated phase cycling schemes

are shown along with the results in Fig. 5.4.

5.4.3 Results and Discussion

Fig. 5.4 shows the approach to the steady-state for on resonance spins when var-

ious phase cycling schemes are used. For reference the top panel shows the ap-

proach when the RF phase is kept constant. The inset shows a constant ϕbipol of

zero over the complete time course (i.e., when no additional phase is induced by

the bipolar gradients). Panels (b)–(e) show the steady-state approach for various
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Figure 5.4: The approach to steady-state for on-resonance spins with various RF cycling
schemes. The phase cycling schemes are shown as insets. The evolution of the magnetisation
is shown in blue. (a) shows the approach when a constant phase of ϕbipol=0 is used. In Panel
(b) a random phase variation between -10◦ and 10◦ is applied. (c)–(e) depict a phase cycling
scheme in which the phase is alternated between subsequent TRs. Alternation between -3◦ and
3◦ are shown in (c) and (d), whereas (e) shows ±10◦ alternations. (d) and (e) are simulated
with slight imperfections of the achieved phase alternations.
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phase cycling schemes. When the phase is varied randomly between -10◦ and 10◦

from one TR to the next (Panel (b)) the signal evolution is very erratic and a stable

steady-state is not reached within 500 repetitions. When the sign of the phase

accrual is alternated between -3◦ and 3◦ every other TR (Panel (c)) we see that the

signal does evolve to a steady-state with reduced signal (Mxy/M0=0.10 compared

to the reference signal (Mxy/M0=0.18. When the amount of phase between which

is alternated is not perfect (modelling slight imperfections due to non-constant

flow velocities) we see that a steady state is still achieved (Panel (d)) with similar

amplitude. The simulations show that the approach to the steady-state is not af-

fected very much by small imperfections in the alternating phase cycling scheme.

If we are able to achieve an alternating phase of ±10◦ (Panel (e)), the signal is

reduced to 0.03M0. This suggests a 6-fold reduction in CSF signal, which would

be a very acceptable level of spoiling.

Fig. 5.5 plots the signal profiles for three of the phase cycling schemes inves-

tigated. The mean signal over the last 100 repetitions is plotted in blue and the

error bars (red) denote the standard deviation of the signal over this period. When

the phase is varied randomly between -10◦ and 10◦ the signal varies considerably

across the passband region of the profile. The large standard deviation suggests

a steady-state has not been reached for any of the off-resonance frequencies (the

centre of the profile denotes on-resonance. Figures 5.5(b)) and 5.5(c)) show the

signal profiles for the simulations with (imperfect) the phase cycling schemes

with alternating phases of ±3◦ and ±10◦, respectively. For reference these plots

are overlaid with the non-spoiled balanced SSFP profile (solid black line) and

the signal that we would obtain for a non-balanced RF-spoiled sequence (dashed

line). Panels (b) and (c) show that the signal profile only demonstrates a sharp

dip at the centre of the profile. This observation is confirmed by work that was

recently presented, where the same phenomenon was observed and ascribed to
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Figure 5.5: Frequency profiles of the three RF phase cycling methods. Panels (a)–(c) show the
profiles obtained using the random and alternating RF phase cycling schemes when dephasing
is assumed to be zero. Panels (d)–(i) show the profiles when increasing amounts of dephasing
are simulated. These plots show that spoiling is only achieved at the centre of the passband
unless a large amount of dephasing is achieved, which limits the applicability of this method.
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singularities in the bSSFP signal equation [122]. The narrow dip will obviously

limit the applicability of the technique, because even with careful shimming we

will not be able to reduce the field inhomogeneities around the brainstem enough

to confine all the spins to this narrow frequency band in the centre of the profile.

Panels (d)–(i) show the signal profiles obtained the same phase cycling schemes

are used, but with additional dephasing simulated. It is reasonable to assume

that a certain amount of dephasing will occur due to the nature of the flow (i.e., a

certain amount of laminar flow is to be expected). Moving down the columns an

increasing amount of dephasing is simulated. The effect of dephasing is that the

range of off-resonance frequencies on which spoiling has an effect widens. The

amount of spoiling is effectively averaged over a range of off-resonances. As we

step through the increasing amounts of dephasing (moving down the columns)

we see that the signal profile starts to resemble the non-balanced RF-spoiled case

(dashed line), which has a constant signal for all off-resonance frequencies. This

is consistent with work by Ganter, who analytically showed that for spoiled GRE

sequences to reach a homogeneous steady-state strong crusher gradients were

needed in combination with RF phase cycling [123].

To ensure an even response across the signal profile a large amount of flow-

induced dephasing as shown in panels (h) and (i) would be desirable. However,

it is unlikely that we can ensure a dephasing of π in each CSF voxel as the flow

profiles around the brainstem are highly variable [124] and will fluctuate over

time due to pulsatility. We therefore conclude that this technique is not likely to

be robust in vivo and decide not to pursue this approach.
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5.5 Readout Synchronization Simulations

In this section a second method to reduce the signal instabilities is explored. In

the previous approach we attempted to improve the stability by removal of the

unstable signal component (flowing CSF). Here we take a different approach.

Instead of focussing on the dynamics behind the signal formation we focus on

the effects of the readout. We investigate how the signal fluctuations map across

k-space and how this is expressed into image space. Based on simulations that

use real data, we try to come up with alternative acquisition strategies, which are

more forgiving to fluctuations in the measured MR signal.

5.5.1 Theory

In our readout the 3D k-space data are combined from multiple segments. Tem-

poral fluctuations in the MR signal over the course of the acquisition cause dis-

crepancies between the different segments, which result in modulations across

k-space. Depending on the shape of the modulations (e.g., smooth, erratic, or

periodic) the effect in image space will be different. An intuitive way to describe

this is to picture the modulation as a complex filter with which k-space is multi-

plied. The effect in image space is then described by a convolution of the moving

tissue with the Fourier transform of this filter, which we will refer to as the point-

spread function (PSF). If the modulation is erratic across k-space, its PSF will be

broad, dispersing the signal up to several voxels away from its original location.

In general, any abrupt signal changes, but more specifically periodicity, leads to

ghosting artifacts in the image domain. When, in a time-series acquisition, the

pattern of the modulations across k-space differ from one volume to the next,

the artifacts in image space (e.g., ghosts) will also vary from volume to volume

creating large temporal signal instabilities.
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We propose to order the acquisition relative to the cardiac or respiratory cycle

to induce a smooth modulation across k-space. Rather than disruptive ghosting

artifacts, this is expected to introduce a minor blurring of the image, which is a

subtler and more acceptable artifact.

5.5.2 Methods

The results obtained by our regression analysis (Section 5.2) suggest that the dom-

inant source of physiological variation is the cardiac cycle, which affects both

signal magnitude and phase. In this section, we present simulations of several

potential synchronization schemes for 3D data acquisition based on these ob-

servations. Highly realistic physiological effects are achieved by using the 2D

single-slice bSSFP data presented above to simulate the formation of a 3D k-space

volume in 3D readouts.

The basic principle behind these simulations is depicted on a numerical phan-

tom in Fig. 5.6. Our simulation begins with the rapidly acquired 2D time-series

images (with complex data), which are transformed into 2D k-space matrices.

Next, 3D k-space volumes are simulated from the 2D k-space time series by con-

catenating adjacent time points to form the third dimension (kz). An inverse 3DFT

is applied to each 3D k-space volume to obtain a time series of 3D images. Thus,

if we start from nt time points and simulate 3D volumes with nz slices, the output

is a time series of nt/nz 3D volumes. For a temporally stable signal, k-space will

be constant along kz and the inverse transformation of the simulated 3D k-space

would correspond to signal for a single slice in the middle of the imaging vol-

ume, with no signal outside this central slice (Case I, Fig. 5.6(b)). In the presence

of temporal instability, however, the signal along kz will fluctuate, and introduce

dispersed signal into adjacent slices that varies from volume to volume (Case II).

This is the hypothesized source of the increased signal instabilities in regions that
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Figure 5.6: Simulations of 3D acquisitions using rapidly acquired 2D data (demonstrated
conceptually on a numerical phantom). (a) 3D time-series data were generated by concatenating
2D data in k-space. (b) Case I; when the signal is temporally stable the resulting images will
only contain signal in the centre slice. Case II; in the presence of temporal fluctuations from
the cardiac cycle the signal varies along kz, and the signal disperses outside the centre slice.
Case III; by reordering the partitions with respect to the cardiac cycle, a smooth function can
be imposed along kz, which reduces the artifacts.

are in close proximity to blood and/or CSF. If we fill in successive kz-planes at

consecutive time points, we simulate our standard acquisition scheme and expect

to see signal instabilities similar to standard 3D FMRI.

We use this framework to simulate two methods for stabilizing signal: 1) syn-

chronization of k-space acquisition order to the position in the cardiac cycle and 2)

rejection of data acquired during systole. Cardiac synchronization was simulated

by reordering the kz-planes within each volume relative to the cardiac cycle (Case

III). Systolic rejection was simulated by discarding any data acquired within 100

ms of systole before concatenating the 2D matrices in the third dimension. The

resulting 3D time series (generated with 15 kz-planes) were assessed based on the

signal fluctuations that were present outside the central slice, which is by defini-

tion artifactual.
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It should be noted that these simulations only consider the artifacts that would

arise in the kz-direction, whereas the ghosting artifacts in the 2D data (Fig. 5.1)

occur along the ky- (blip) direction. In our 3D segmented-EPI acquisition, both of

these axes are phase encoded over multiple TRs and therefore are susceptible to

physiological artifacts. It was chosen to simulate the kz-direction because, as the

slowest axis of acquisition in the standard scheme, it is expected to have greatest

physiological sensitivity.

5.5.3 Results and Discussion

Fig. 5.7 shows simulated signal instabilities for uncorrected bSSFP data and the

two correction methods outside the central slice (where no signal should be

present in the case of perfect temporal stability). The figure shows the tem-

poral standard deviation (tSD) normalized to the mean signal intensity in the

centre slice. We observe signal fluctuations throughout the brain, which can be

attributed to thermal noise. In regions of CSF, however, signal fluctuations are

significantly higher in the uncorrected data (Fig. 5.7(a), top row). Following car-

diac synchronization, these fluctuations are reduced significantly in most areas

of physiological noise. When systolic rejection is performed in conjunction with

synchronization, a further reduction is observed in some areas, although the ad-

ditional benefit is small compared to the initial improvement obtained by syn-

chronization alone.

Fig. 5.7(b), shows the average tSD per slice in CSF voxels. This figure shows

more clearly the small but consistent additional improvement when systolic rejec-

tion is performed. It also demonstrates that most of the signal instabilities arise

in Slices 6 and 10 when no correction is performed. This can be explained by the

fact that the periodicity of the cardiac cycle creates a PSF with peaks away from

the centre (slice 8), which will introduce aliasing in the image due to convolution
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Figure 5.7: Results from the simulated 3D data sets. (a) Spatial maps of the temporal
signal fluctuations in slices 2,7, and 10, normalized against the mean brain signal in the 8th
(centre) slice (σ(s)/S). (b) Normalized signal fluctuations per slice averaged over the CSF ROI
for uncorrected data and the two correction methods tested. In the uncorrected data (Panel
(a), top row; Panel (b), grey line) the signal dispersal caused by pulsatile CSF increases signal
variability significantly compared to the baseline fluctuations caused by thermal noise. When
the partitions are reordered to the cardiac cycle, these fluctuations are considerably reduced,
almost to the same level as thermal noise. When reordering is combined with removal of data
that was acquired during systole, the variability is reduced even further, although the additional
stability from systolic rejection is small.
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with this PSF. The exact location of these peaks depends on the ratio between the

cardiac rate and the volume acquisition rate. For the specific parameters and data

used in these simulations, most of the signal to be dispersed lies two slices away

from the centre. When the kz-planes are synchronized to the cardiac cycle the

PSF has a more benign shape, dispersing less signal into adjacent slices. More-

over, the shape will be constant over time, thus reducing the tSD in slices outside

the central slice. For a 3D acquisition cardiac synchronization could therefore be

a successful method to reduce the signal instabilities in the brainstem that are

originating from adjacent (fluctuating) CSF signal.

5.6 Conclusions

In this chapter the source of the instabilities in 3D multi-shot sequences was dis-

cussed and various correction methods were explored. Regression analyses based

on simultaneously acquired physiological recordings (i.e., pulse-ox and bellows)

showed that the instabilities were mostly confined to regions of CSF and corre-

lated highly with the cardiac cycle. In a second experiment it was shown that

flow-induced phase discrepancies can indeed cause considerable disruptions of

the steady-state signal. Although spoiling the CSF signal in bSSFP proved to be

cumbersome, an alternative method in which the k-space is reordered based on

the cardiac cycle showed promising results in simulated data. An additional ben-

efit of this kind of approach over signal spoiling is the fact that the method is not

dependent on the signal formation dynamics and is therefore applicable to bSSFP

as well as SPGR sequences. For this reason cardiac synchronization was selected

as the method to implement in vivo. In the following chapter the sequence im-

plementation is discussed and in vivo experiments are conducted to assess the

effectiveness this method.
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Chapter 6

Cardiac synchronization

6.1 Introduction

Based on the results presented in Chapter 5 we propose a prospective method for

synchronizing the k-space acquisition to the cardiac cycle, which does not alter

the volume acquisition time. This is achieved by combining real-time scheduling

of the 3D k-space acquisition with a parallel-imaging reconstruction. In this chap-

ter, several important practical considerations that were not encountered in the

simulations are discussed and a specific method is presented. We show that this

method is able to reduce temporal instabilities in the brainstem by up to 45% in

3D bSSFP and up to 20% in 3D SPGR time-series data.

6.2 Theory

As discussed in Section 5.5 synchronizing the acquisition relative to the cardiac

or respiratory cycle alters the modulation induced by physiological signal fluctu-

ations across k-space. In conventionally ordered acquisitions pulsatile signal fluc-

tuations during the acquisition can induce quasi-periodic phase and magnitude
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modulations in the k-space data, which will lead to ghosting artifacts. By ordering

the acquisition relative to the cardiac or respiratory cycle a smoother modulation

across k-space can be created. Rather than disruptive ghosting artifacts, this cre-

ates a minor blurring of the image, which is subtler and is a more acceptable

artifact. This principle was first demonstrated in 2D spin-warp anatomical acqui-

sitions [108, 109], where it was shown that synchronization with respect to the

cardiac or respiratory cycle reduced the intensity of the ghosting artifacts in the

images. These methods were dubbed COPE (cardiac ordered phase encoding)

and ROPE (respiratory ordered phase encoding), respectively. Later the same

principle was applied to reduce temporal fluctuations in a 3D spiral gradient-

echo FMRI sequence [110]. In a time-series acquisition synchronization ensures

that the k-space modulation is similar for each volume. Consequently the artifacts

in image space will not fluctuate from one volume to the next and therefore the

temporal stability is improved.

The disadvantage of the previously proposed synchronization methods, how-

ever, is that periods of waiting (i.e. dummy scans) are required during the acqui-

sition, if the current point in the physiological cycle does not correspond to the

k-space lines that are left to be acquired (Fig. 6.1). The time it takes to acquire

a single volume is thus not fixed if we are to impose the strict requirement that

every k-space line is collected with a precise phase in the physiological cycle. This

introduces a variable volume acquisition time (Tvol), which can be problematic for

FMRI paradigms and analysis. We overcome this limitation by combining real-

time synchronization with a tailored parallel-imaging reconstruction as discussed

below.
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Figure 6.1: Schematic showing the readout order of a 2DFT readout with and without
synchronization (denoted by stars and squares, respectively). Here, the non-synchronized ac-
quisition would take 3.5 seconds to acquire one 3D volume. When cardiac synchronization is
performed, the order of the phase encode (PE) lines is determined by the relative position in the
cardiac cycle, or cardiac phase. In order to collect every PE line at the desired cardiac phase,
the synchronization inevitably has to skip acquisition for some TR-periods, as seen in the delays
between the PE lines toward the end of the acquisition period. If we wish to avoid increases in
scan time, we must either acquire non-ideal PE lines or accommodate gaps in k-space.

6.3 Description of the Method

All in vivo experiments presented in this chapter were performed on a 3.0 Tesla

Siemens TIM Trio system (Siemens Healthcare, Erlangen, Germany) using a 12-

channel head receive coil. All subjects had no known neurological deficit and

were scanned with informed consent under a technical development protocol ap-

proved by the local ethics committee. Simulations, image reconstructions and

statistical analyses were performed in Matlab (MathWorks, Natick, MA). As we

are aiming to characterize the intrinsic signal fluctuations (rather than under task

conditions), all presented data were acquired without an explicit task.

The simulations presented in the previous chapter suggest that ordering the k-

space acquisitions with respect to the cardiac cycle will significantly reduce signal

fluctuations in inferior brain areas. Unlike retrospective corrections [71, 65, 67],

this prospective correction must be implemented in the sequence itself. Real-time

measurements of the cardiac cycle (e.g., with a pulse oximeter) are fed into the

sequence and used to decide which k-space data to acquire in a given TR.
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6.3.1 Synchronization Method

Without loss of generality, we present our method in the context of a 3D stack-

of-segmented EPI readouts (Fig. 6.2(a)–(b)) [10], although the method should be

compatible with most 3D trajectories. This trajectory has both a blip direction (ky)

and a 3D phase-encode direction (kz). Fig. 6.2(c) shows example acquisition order-

ing methods (assuming matrix=96×96×24, 12 segments per EPI plane, 8 ky-lines

per segment) along with colour-coded diagrams showing the k-space distribution

of cardiac phases for the different methods. The cardiac phase is defined as:

ϕc[t] = ttrig[t]/TRR (6.1)

where ϕc is the cardiac phase, ttrig is the time that has elapsed since the last

trigger and TRR is the current estimate of the duration of the current cardiac cycle.

Our goal is to determine the order of segment acquisition that enforces smooth

variation of ϕc across k-space. In general, the segment that is acquired in a given

TR can be referred to by a segment index, nseg, that gives its location in 3D k-space:

nkz =

⌈
nseg
Nblip

⌉
nblip = (nseg − 1)%Nblip + 1 (6.2)

where nkz denotes which kz-plane to acquire, and nblip which segment within

the given kz-plane. Nblip is the number of segments per EPI plane. For non-

synchronized acquisitions, nseg always increments linearly from 1 to Nseg (the total

number of segments per volume), starting the acquisition with the first segment

at kz=1, and ending with the eighth segment at kz=24 for the above matrix. The
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periodic pattern across k-space in the non-synchronized data (Fig. 6.2(c), method

0) reflects that, in this particular example, k-space was collected over a period of

3-4 cardiac cycles. Depending on the current heart rate, this pattern will change

from one volume to the next creating time-varying ghosts as discussed above.

To achieve a smooth mapping of cardiac phase across k-space, we let: nseg =

ϕc ×Nseg, which is related to the location in k-space via Eq. 6.2. Since the cardiac

phase must be determined in real-time, the duration of the current cardiac cycle

(TRR) at time t is estimated by the mean duration of the 10 preceding cardiac

cycles. During the acquisition an array is filled to track the segments that have

been acquired to avoid double acquisitions in subsequent cardiac cycles.

One major consideration in this type of acquisition is that we will inevitably

encounter the situation in which the ideal k-space segment determined by the cur-

rent cardiac phase is no longer available (e.g. when the same cardiac phase was

encountered in the preceding cardiac cycle). We must therefore decide whether

to acquire a non-ideal k-space segment, which may introduce artifacts, or skip

acquisition in the current TR and wait for the ideal cardiac phase to become avail-

able for one of the remaining segments (see Fig. 6.1). These periods without data

collection not only reduce the efficiency of the sequence, but also introduce a vari-

able frame rate (the rate at which image volumes are acquired). This is because

the time that is spent waiting will vary per volume depending on the current

heart rate and the cardiac phase at which the volume acquisition commences.

When a fixed frame rate is desirable, such as in FMRI, the most straightfor-

ward solution would be to avoid waiting periods by simply collecting the nearest

available segment when the optimal segment, nseg, has already been acquired.

This is similar to the method proposed by [110] in the specific case that the num-

ber of dummy scans is set to zero in order to avoid an increase in acquisition

time. This approach, however, is sub-optimal as this will lead to a portion of the
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Figure 6.2: The pulse sequence diagram (a) and k-space coverage of the stack-of-segmented
EPI readout (b) as used in this study. After slab selective excitation, segmented EPI planes are
acquired in the kx-ky-dimensions; with the 3D phase encode direction in kz. At the end of the
readout all gradients are rewound for bSSFP whereas gradient spoilers are applied for SPGR
(dashed lines) as well as RF spoiling. (c) shows side views of the readout, with the kx-direction
perpendicular to the page. The colour-coding represents the cardiac phase at which each line is
acquired. Without synchronization (Method 0) a periodic pattern is visible. When the readout
is synchronized (Method 1), the modulation across k-space is smoother, but some segments
are acquired with an incorrect cardiac phase. Method 2 avoids these corrupted segments by
carefully placing these segments at locations that can be reconstructed with GRAPPA (black
points in the subfigure). Method 3 extends the technique by also utilizing a Partial Fourier
reconstruction to reject all the data acquired during systole (at one edge of k-space).

segments being collected at incorrect locations in k-space. At the start of the ac-

quisition this won’t be a problem as the pool of available segments is large and,

if the optimal segment is already acquired, the distance to the nearest available

segment will be small. As k-space is steadily filled in, however, the probabil-

ity of finding a segment, which is still left unacquired, within acceptable range

decreases. This thus leaves a portion of the segments acquired with a cardiac

phase that is significantly different from optimal. We will refer to this method as

“synch-only” (Fig. 6.2(c); Method 1).

We propose to remove the corrupted segments and fill in the missing data

with a parallel-imaging reconstruction, such as Generalized Autocalibrating Par-

tially Parallel Acquisitions (GRAPPA) [44]. This should reduce the abrupt signal

changes in k-space introduced by the incorrectly assigned segments and thus im-
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prove image quality. In our implementation, a customized GRAPPA reconstruc-

tion is used to replace any segments that are acquired more than 30 ms from their

optimal location in the cardiac cycle. This method (Fig. 6.2(c); Method 2) will be

referred to as “synch+GRAPPA” in the remainder of this chapter.

One potential further advantage of re-ordering the k-space data with respect

to the cardiac cycle is that data acquired during systole (the most unstable pe-

riod in the cardiac cycle) is confined to one edge of k-space. The data that

are acquired around systole can thus be rejected and replaced using a partial

Fourier (PF) reconstruction. This formed the third method we investigated, called

“synch+GRAPPA+PF” (Fig. 6.2(c); Method 3).

6.4 Sequence Implementation

This section will describe the various steps that were needed to instantiate the

real-time feedback loop in the sequence. A generic conceptual description is given

rather than a detailed description of the sequence code with the aim that this

section will apply to most scanner systems. Therefore, prior knowledge with

regards to sequence programming is assumed.

The 3T Siemens Trio system that the sequence is equipped with a physiolog-

ical measurement unit, which allows the recording of physiological signals (e.g.,

ECG or Plethysmograph) by the scanner. In order to allow for real-time synchro-

nization the first step was to create a feedback channel between the scanner and

the operating system that controls the sequencing. To achieve this our custom

sequence used libraries supplied as standard vendor product.

Once this link was established, the cardiac phase and the corresponding seg-

ment could be calculated within the sequence code. These calculations were done

in the inner most loop of the sequence (i.e., the portion of the code, which calls
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a single TR). The shapes of the gradient waveforms to acquire a specific k-space

line were calculated using the existing libraries for EPI readouts. The reordering

of the lines was achieved by overwriting the segment number in the call to this set

of functions based on Eq. 6.2. Since the ordering of the segments was no longer

controlled by the native functions within the sequence, a separate lookup table

was created to prevent the same k-space lines from being acquired multiple times

during one volume acquisition. This approach was later extended to also allow

“corrupted” segments to be placed on pre-defined locations that would aid the

GRAPPA reconstruction (see Section 6.5.1 below).

By default the computer that controls the sequencing will initialise all the

pulses needed for an entire scan as fast as possible after the scan is started. This

means that for a long time-series scan all the pulses are calculated during the first

few seconds and stored temporarily until they are needed by the scanner. In order

to determine the readout order in real time, however, the sequence needed to be

modified, so that the timing calculations were performed only one TR ahead.

For each acquired k-space segment information, such as the current cardiac

phase and the acquisition order, was passed onto the data header. This informa-

tion was later used at the reconstruction stage to identify “corrupted” segments

that needed to be replaced with our GRAPPA reconstruction.

6.5 Sequence Optimization

This section describes a few initial experiments that were performed during se-

quence development, which were crucial for the design of the final synchroniza-

tion strategy and image reconstruction.
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Figure 6.3: Example data acquired with a version of the sequence that did not utilize a second
lookup table are shown in (a). The top row of images shows the reconstruction without replace-
ment of corrupted segments (i.e., no GRAPPA). The middle row shows the reconstructed images
when GRAPPA is used to replace the corrupted segments. The difference maps (windowed to
1/10th of the images) is shown in the bottom row. Panel (b) shows the improved distribution of
the corrupted lines by using a second lookup table (the white entries in the top panel) as soon
as the segment cannot be placed within 30ms away from its optimal location. This ensures that
each corrupted data point is surrounded by non-corrupted data points, which aids the GRAPPA
reconstruction.

6.5.1 Optimization of the Reordering Strategy

In Methods 2 and 3 we utilize a GRAPPA approach to retrospectively replace

the segments in k-space that could not be acquired with the correct cardiac phase

during the acquisition. The quality of the GRAPPA reconstruction will depend on

how the “corrupted” segments are distributed across k-space. GRAPPA requires

neighbouring k-space points to fill in the missing data. If the un-corrupted data lie

too far away from the data that need to be replaced, the GRAPPA reconstruction

will become ill-conditioned, resulting in a poor reconstruction. Fig. 6.3(a) shows

a few example volumes of the initial reordering strategy that was employed dur-

ing the development of the sequence. In this more rudimentary version of the

sequence the segments were placed as close as possible to their ideal location

according to Eq. 6.2 regardless of where that nearest location in k-space would
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be. At the reconstruction stage the segments that would lie more than 30ms away

from their ideal location would be identified as corrupt and replaced by GRAPPA.

This however could cause clustering of the segments that needed to be replaced.

Replacing the segments with this type of reordering scheme is thus analogous

to reconstructing a randomly sub-sampled data set (i.e., with a locally varying

acceleration). We therefore attempted a variable GRAPPA kernel approach. In

this approach the support of the GRAPPA kernel was varied based on the lo-

cal availability of source points (non-corrupted segments) in order to include as

many points as possible. However, this approach still resulted in a sub-optimal

reconstruction for the volumes, in which the corrupted segments were closely

spaced (as seen by the noise enhancement in the background in Volumes 1 and

2 in Fig. 6.3). The sequence reordering was therefore optimized by including a

decision criterion that tells the sequence to use a second lookup table for choos-

ing a segment to acquire if the current segment cannot be acquired within 30 ms

from its ideal location. The lookup table only has entries for even lines on the even

kz-planes, and uneven lines on the uneven kz-planes, which forms a checkerboard-

like pattern. This ensures that all the corrupted data in k-space are placed in a

checkerboard-like pattern in the ky-kz-plane and thus always surrounded by un-

corrupted data points in both dimensions. Fig. 6.3(b) shows the lookup table and

a few examples of the distribution of segments in k-space for data acquired with

this extended functionality. It is shown that the corrupted data are always sur-

rounded by uncorrupted data points in both the ky- and kz-dimension. This aids

the GRAPPA reconstruction (for reconstruction examples also see Fig. 6.4). Using

this synchronization strategy has the additional benefit that a fixed GRAPPA ker-

nel can be used for each volume (i.e., the same kernel can be used for all locations

in k-space), which simplifies the implementation of the reconstruction.
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6.5.2 Optimization of the Image Reconstruction

The properties of the GRAPPA kernel, such as kernel size and dimensionality,

can have a distinct impact on the quality of the reconstructed images [45, 125]. In

2D acquired data the reconstruction is performed on a slice-by-slice basis. In this

scenario, it is theoretically sufficient to use a 1D kernel with points defined along

the subsampled dimension, but generally a 2D kernel is used, which also contains

a few points along the other dimension for interpolation. In 3D k-space data we

have an extra dimension at our disposal when we construct our GRAPPA kernel.

This allows us to take advantage of the coil sensitivity variations in two dimen-

sions and still use the points along the third dimension for interpolation [126].

However, arbitrarily increasing the number of kernel points may result in a less

accurate estimation of the kernel weights depending on the size of the Auto-

Calibration Scan (ACS) data [45]. The ultimate performance of the reconstruction

will therefore be a trade-off between the extra information provided by including

additional data and the conditioning of the kernel estimation.

To optimize the GRAPPA reconstruction we assessed the performance of two

2D kernels and one 3D-kernel. The three GRAPPA reconstructions were run on

the non-synchronized SPGR and bSSFP data with scan parameters as described

Section 6.6. The 12-channel head coil that was used in these experiments has coil

sensitivity variations will therefore be along the AP and RL-direction. Due to its

geometry there is no variation in coil sensitivity along the SI direction. The data

sets were therefore acquired in the following orientation:

• kx = Readout direction = SI

• ky = EPI blip direction = RL

• kz = Partition direction = AP

The k-space data was fully sampled during the scan, but were subsampled for the
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GRAPPA reconstruction. Before subsampling the centre 15 × 15 × 20 (kx× ky× kz)

portion of the first 10 volumes was taken to serve as the ACS scan. After that the

data were subsampled by a factor of 2 in the same checkerboard pattern as shown

in Fig. 6.3(b), as these are the positions at which corrupted lines would appear in

the synchronized data sets. The three kernels tested were: 1) the “kxky-kernel”;

a standard 3×7 2D kernel in kx-ky, 2) the “kykz-kernel”; a 7×3 2D kernel in ky-kz

with source points in a checkerboard pattern as described in the methods section,

and 3) the “3D-kernel”; a 3×7×3 3D kernel in kx-ky-kz, which is the extended

version of the kykz-kernel and includes three adjacent points along kx.

The reconstructed images were compared to the fully-sampled reference image

and the Mean Square Error (MSE) was calculated by the sum of squares of the

intensity difference between the GRAPPA image and the fully sampled reference

image divided by the sum of squares of the reference image over the entire field

of view:

MSE =
1

MN

M∑
i=1

N∑
j=1

|xi,j − xFSi,j |2 (6.3)

where xi,j is the pixel from the GRAPPA reconstructed image and xFSi,j is the pixel

from the fully-sampled reference image. M × N is the total number of pixels in

the image.

As Fig. 6.4 shows the best reconstruction is achieved with the 3D kernel. By

inspection of the difference maps it is seen that the 3D kernel is able to remove

most of the remaining aliasing seen in the difference images for the kykz-kernel

(most easily seen in the bSSFP data). Quantitatively the 3D kernel also exhibits

the smallest MSE for both data sets. The improved reconstruction quality does

come with a time penalty, though. The average total times for kernel estimation
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Figure 6.4: GRAPPA reconstruction results using three different kernels with SPGR (a)
and bSSFP (b) data. The top images show the fully-sampled reference data along with the
GRAPPA reconstructed images. The bottom row shows the absolute difference images between
the reference image and the GRAPPA images. The windowing for the difference images was set
to 1/10th of the corresponding reference image. For both sequences the best reconstruction is
achieved using the 3D kernel.

were 5.1s, 3.7s, and 100.0s for the kxky-, the kykz, and the 3d-kernel, respectively.

For reconstruction (i.e., applying the estimated weights to the undersampled data

in all time-points) the durations were 71s, 63s, and 198s. For this study the re-

construction was done off-line and there was no time constraint. We therefore

chose to reconstruct the images using the 3d-kernel to achieve the best possible

reconstructions. When online reconstruction is desired, however, this might need

to be reconsidered.

6.5.3 Trigger Delay

The cardiac cycle consists of two distinct phases: systole, the time during which

the heart’s ventricles contract, and diastole, the quiescent phase of the cardiac

cycle [59]. Due to the large pressure wave associated with systole [127, 128], this

period is generally considered as the most unstable period in MR imaging. For

the effectiveness of our method it is important that we synchronize the acquisition

in such a way that unstable systole data are indeed confined to the edge of k-space

and not placed at the centre. This will benefit the stability of Methods 1–3, and
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Figure 6.5: ROI results for the pons (a) and the medulla (b) comparing the temporal standard
deviation (in scanner units) between data sets acquired with different trigger-acquisition delays.
The delay is denoted in milliseconds. 11 delays were tested ranging from 0–1000 ms (D100–
D1000). For both ROIs the 200 ms delay is the most stable.

is a requirement for Method 4. This means that we have to determine the timing

delay between the trigger recorded by the pulse-oximeter and the arrival of the

cardiac pulsations at the location of the brainstem.

In this pilot study, 11 time-series acquisitions with scan parameters similar to

the parameters presented for the optimized method, but with varying trigger-

acquisition delays, were acquired in a single subject. The delays ranged from 0

to 1000ms with 100ms increments between the scans. Note that “delay” in this

context does not refer to a period of waiting as it generally does in cardiac gated

studies. The delay is implemented into the sequence by simply adding the delay

value to ttrig. The result is that the modulation across k-space will be shifted in the

positive kz-direction. For some delays the centre of k-space will be collected dur-

ing systole and we expect these data sets to show the largest variability, whereas

datasets in which the systole data are collected at the edge of k-space will be less

affected. As shown in Fig. 6.5 ROI analysis of the pons and medulla showed the
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lowest temporal variability when a delay of 200ms was used. This is consistent

with the combined results presented by Gupta et al. [124] and Shkumat et al. [128].

Gupta et al. reported peak CSF flow changes in the pontine cistern approximately

200 ms after ECG trigger detection, whereas Shkumat et al. demonstrated a de-

lay of 400 ms between ECG and pulse-oximeter trigger detection. In addition

this paper showed that the trigger accuracy of pulse-oximeter measurements was

comparable to ECG triggering.

6.6 Assessment of Cardiac Synchronization in 3D SPGR

and bSSFP

The developed synchronization method was tested with 3D-bSSFP and 3D-SPGR

acquisitions in four healthy volunteers. In each subject four resting scans were

acquired: 1) non-synchronized bSSFP, 2) cardiac synchronized bSSFP, 3) non-

synchronized SPGR, and 4) cardiac synchronized SPGR. The non-synchronized

readout was acquired using the standard acquisition scheme mentioned above

(acquiring all ky-segments in a given kz-plane before moving on to the next kz-

plane). The cardiac synchronized data were acquired with the final (optimized)

version of the sequence and reconstructed following each of the three methods

described in Fig. 6.2 (i.e., synch-only, synch+GRAPPA, and synch+GRAPPA+PF).

So in total, eight reconstructed data sets were generated for each subject (four

bSSFP and four SPGR data sets).

The scan parameters for all sequences were as follows: α=30o, TR/TE=12/6

ms, FOV=192×192×48 mm, Matrix=96×96×24, Bandwidth=1860 Hz/pixel, 8 lines

per TR, Tvol=3.5s, 60 volumes. The shim volume was placed to cover the pons and

medulla. The SPGR acquisitions used RF spoiling (quadratic phase increment=117o)

and gradient spoiling (2π phase per voxel). For the bSSFP acquisitions the RF in-
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crement was set to place as much of the brainstem as possible in the passband of

the bSSFP signal profile. To determine the readout order in real-time, cardiac trig-

gers were acquired using a pulse oximeter and fed back into the sequence. The

heart rates across scans for each of the subjects were: 1.05±0.04 Hz, 0.88±0.05

Hz, 1.14±0.02 Hz, and 1.19±0.06 Hz (mean±sd). Standard T1 weighted structural

scans were also acquired in each subject.

Image reconstruction was performed off-line using custom in-house code in

Matlab (Mathworks, Natick, MA). The data acquired with the conventional read-

out order were phase corrected and Fourier transformed into image space, after

which a sum-of-squares algorithm was used to combine the individual coil im-

ages. For the GRAPPA reconstruction a 3×7×3 GRAPPA kernel was defined with

30 source points distributed in a checkerboard pattern in three adjacent ky-kz-

planes. The kernel weights were calculated from auto-calibration data compris-

ing the 24×24×12 points at the centre of k-space taken from 5 adjacent volumes

in time (to improve SNR of the kernel estimation). A 5/6 Partial Fourier recon-

struction was performed to discard systole data at the edge of k-space (replacing

4 out of 20 kz-planes, which corresponds to approximately 150ms in the cardiac

cycle). Partial Fourier reconstruction often simply zero-fills missing lines. This

causes image blurring that would bias our SNR comparisons. A projection onto

convex sets (POCS) algorithm [129] was therefore implemented to perform the

partial Fourier reconstruction. The POCS algorithm is an iterative approach to

synthesize missing lines, and thus does not introduce blurring. More informa-

tion on the implemented POCS algorithm that was implemented can be found in

Section 2.5.2.

The correction methods were assessed by calculating the temporal SNR (tSNR)

within four atlas-based ROIs: 1) brainstem, 2) hippocampus, 3) thalamus, and 4)

cortical grey matter. After motion correction, each of the time-series was reg-
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istered to the communal midpoint space with FLIRT [90]. All further analyses

were performed in this midpoint space to match the effects of interpolation dur-

ing registration in all acquisitions. Additional transformations for the time series

to anatomical scans, and anatomical scans to the MNI152 brain atlas template

were also determined and used to register the atlas ROIs to the time series mid-

point space. The Harvard-Oxford probabilistic atlas for subcortical structures,

as distributed by FSL [88, 130], was used to define the subcortical masks. The

probability maps were thresholded to 0.95 to define a conservative mask for each

structure (i.e., only voxels with a probability greater than 95% were included).

The grey matter mask was generated by segmentation of the structural image

with FAST [91]. The grey matter mask was defined by thresholding the grey mat-

ter probability map to 0.85. Voxels with a probability >10% of being CSF were

excluded from the mask to avoid voxels that contained CSF.

6.6.1 Results

Fig. 6.6 shows the temporal SNR in four ROIs averaged over four subjects. The

data without cardiac synchronization are compared to the three reconstruction

methods for the cardiac synchronized data. Inspection of the tSNR of non-

synchronized data (Figs. 6.6(a)–(b)) shows that bSSFP generally has good tem-

poral stability in the cerebral regions (tSNR > 30), which is considerably higher

than the tSNR observed in the SPGR data (tSNR = 15-20). In the brainstem, how-

ever, the bSSFP data show a greatly reduced tSNR (comparable to SPGR) due to

large, highly localized, signal fluctuations.

When comparing the three correction methods it is found that synch+GRAPPA

consistently outperforms synch-only and synch+GRAPPA+PF in both the SPGR

and bSSFP data. For each ROI synch+GRAPPA shows greater tSNR than the

other two correction methods. The improved performance of the synch+GRAPPA
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Figure 6.6: Results comparing synchronized 3D data reconstructed in three different ways
(methods 1, 2 and 3) to the conventional (non-synchronized) acquisition. Panels (a) and (b)
show the raw tSNR within each ROI averaged over four subjects. Panels (c) and (d) demonstrate
the relative tSNR change of the correction methods versus the non-synchronized data. The
results show that synch+GRAPPA consistently outperforms the other correction methods. For
SPGR, synch+GRAPPA shows an improvement over all ROIs (15-25%). For bSSFP, a large
improvement is achieved in the brainstem (45%) at the cost of a loss in tSNR in the thalamus
and cortical grey matter (-10%). Significant tSNR differences are indicated by * (p<0.05) or
**(p<0.01); error bars denote the standard deviation between the subjects.

method over the synch-only method reflects the expected effect of removing the

abrupt signal changes across k-space by replacing the corrupted segments with

a GRAPPA reconstruction. When partial Fourier is used however (Method 3)

a consistent reduction in tSNR of approximately 10% is observed compared to

Method 2.

Fig. 6.6(c) and 6.6(d) show the relative tSNR change of the correction methods

compared to the non-synchronized data. Focusing on synch+GRAPPA and ignor-

ing the synch-only and synch+GRAPPA+PF methods for now it can be seen that

synchronization improves the temporal stability significantly in the SPGR data

for all three subcortical ROIs. The tSNR in the cortical grey matter for SPGR is
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also increased with synchronization, although not significantly. bSSFP shows the

greatest tSNR improvement of 45% in the brainstem when synchronization is per-

formed (i.e., the tSNR is 1.45 times greater when synchronization is performed

using synch+GRAPPA). No improvement was observed in the other ROIs. In

the hippocampus no significant difference is seen, whereas the thalamus and the

cortical grey matter show a reduction of approximately 10% compared to the

non-synchronized sequence.

Fig. 6.7 and 6.8 show tSNR maps of the central five slices of non-corrected

data and corrected data for SPGR and bSSFP, respectively. The results of two

representative subjects are shown to demonstrate the reproducibility of the data.

The top row shows the temporal mean for anatomical guidance, the centre row

and the bottom row show the tSNR maps of the non-synchronized data and syn-

chronized data (synch+GRAPPA), respectively. Zoomed insets of the central slice

are shown on the far right. The tSNR maps of uncorrected SPGR data (Fig. 6.7)

clearly show the spatial extent of the physiological fluctuations, which include

the hippocampal regions and the thalamus. Note that the spatial extent of the

reduced tSNR of these 3D data closely resembles the spatial pattern of the voxels

that correlated with the cardiac waveforms in our 2D regression results (Fig. 5.1).

When synchronization is performed the tSNR is most significantly improved in

these subcortical regions resulting in a more homogenous tSNR map. The effect

of synchronization is also seen by visual inspection of the raw time series.

Fig. 6.8 demonstrates that the physiological fluctuations in bSSFP are highly

localized to the brainstem. At the same time, the brainstem shows the biggest

improvement when synchronization is performed. The cortical regions of the

brain show a small, spatially homogeneous, drop in tSNR, which reflects the 10%

drop in tSNR in the grey matter shown in Fig. 6.6. In one subject spatially local-

ized reductions of tSNR are visible in the white matter, which resemble ghosts of

129



6.7. DISCUSSION

the lateral ventricles (encircled). Subject C is the only subject in which this was

observed.

6.7 Discussion

6.7.1 Characterization of Signal Instabilities

The signal instabilities in 3D data are predominantly localized to the inferior re-

gions of the brain, which are known to be more prone to respiratory effects and

cardiac pulsation [68, 66]. The results presented in this and the previous chap-

ter suggest that the main contributor is cardiac pulsation (see Fig. 5.1). The signal

instabilities in the bSSFP data are very structured and localized to the regions sur-

rounding CSF (i.e., fluctuating CSF ghosts). This can be explained by the fact that

the bSSFP signal is a summation of coherent transverse magnetisation formed by

several preceding excitations. For a stable steady-state signal it is important that

the phase coherence is preserved between consecutive RF pulses. Phase pertur-

bations caused by spins moving through gradient fields can severely disrupt the

steady-state signal [113, 111]. This is most pronounced in long T2 species, such as

CSF.

The signal instabilities in SPGR, on the other hand, are more spatially ex-

tended and include most of the subcortical structures. In SPGR, spoiling of the

transverse magnetisation prevents any build up of coherence signal over multi-

ple TRs, and thus the signal instabilities are less localized to CSF. Nevertheless,

the magnetisation is sensitive to phase disruptions introduced by physiological

fluctuations. The results presented here are in line with a previous study [131]

in which RF spoiled and non-RF spoiled 3D EPI, which acquired each EPI plane

in a single-shot (TR=65ms), were compared. Like the bSSFP data presented here,

the instabilities in non-RF spoiled 3D EPI were most pronounced in tissues with
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Figure 6.7: SPGR tSNR maps in two subjects showing the central five slices. A zoomed inset
of slice 13, showing the brainstem and subcortical structures, is shown on the right. In both
subjects a clear increase in tSNR is observed in the brainstem, the hippocampus, and thalamus,
when synchronization is performed.
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Figure 6.8: bSSFP tSNR maps in two subjects showing the central five slices. A zoomed
inset of slice 13, showing the brainstem, is shown on the right. In both subjects a clear increase
in tSNR is observed in the brainstem when synchronization is performed. However, in subject
C some artifactual ghosting of the ventricles (encircled) was visible in the white matter in the
segmentation direction (ky).
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long T2, such as CSF. The signal fluctuations in the subcortical structures were

attributed to motion induced by nearby pulsatile arteries.

6.7.2 Current Implementation of the Correction Method

Synchronizing the readout to the cardiac cycle reduces the temporal variability

in bSSFP and SPGR time-series acquisitions. Our results are in line with a previ-

ous method that synchronized a 3D spiral GRE sequence [110]. In that previous

method, however, a portion of the acquisition had to be devoted to dummy scans,

to ensure effective synchronization. When the number of dummy scans per vol-

ume is fixed (to ensure a fixed frame rate), one either has to base the number

of dummy pulses on the worst-case scenario (which will significantly reduce the

temporal resolution), or allow some segments to be acquired with the incorrect

phase (and thus risk a reduction in the efficacy of artifact removal). In this chapter

we have shown that GRAPPA can be employed to overcome this problem by re-

placing those segments that are not acquired with the correct cardiac phase. This

allows data collection with the same temporal resolution as data acquired with a

conventional (non-accelerated) readout.

Limitations

The effectiveness of cardiac synchronization depends on the regularity of the heart

rate during the acquisition. As the cardiac phase needs to be determined prospec-

tively, the current duration of the cardiac cycle (TRR) is estimated by the average

period of 10 preceding cardiac cycles. An incorrect estimation of the cardiac phase

at the start of a segment acquisition causes the current segment to be assigned to

the wrong location in k-space, which may reduce the effectiveness of the method.

This problem has been identified in the original COPE paper [108], and simu-

lations showed that for normal heart rate variability image degradation due to
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timing errors was negligible [108]. However, when imaging patient populations

with increased heart rate variability the effectiveness of the method would have

to be re-evaluated (e.g. in a separate pilot study). We foresee a potential method

to minimize the effect of increased heart rate. At the end of each acquisition one

could re-evaluate which segments were assigned to an incorrect cardiac phase by

comparing the estimated cardiac phase of each segment at the time of acquisition

with the true cardiac phase (once all the triggers have been recorded). The addi-

tional corrupted segments can then be included in the GRAPPA reconstruction.

One important factor to consider with 3D acquisitions in general is the inabil-

ity to define a single time point at which the image was acquired. This can be

important in FMRI data analysis if one wishes to precisely assess signal timings.

Whereas a given slice in 2D single-shot EPI can be attributed to a narrow win-

dow of tens of milliseconds, 3D acquisitions are effectively blurred over several

seconds. Previous work with conventional ordering has noted that the majority

of signal comes from the central portion of k-space, and suggested that this time

can be considered representative of the time that the 3D volume is acquired [131].

While such an interpretation should always be undertaken with caution, defining

a time that is representative of the 3D volume is problematic for synchronized

data, as the point at which central k-space is acquired is not predefined and may

vary from one volume to the next.

Partial Fourier

In all four subjects synch+GRAPPA consistently outperformed the other two syn-

chronization methods. The lack of improvement from partial Fourier rejection

of systolic data may at first seem to contradict our simulation results (see Sec-

tion 5.5). However, simulations produced full k-space volumes containing systole-

free data, whereas our real-time synchronization method reduced the k-space data
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by 5/6 using partial Fourier reconstruction. Due to the reduced amount of data

available, a drop in image SNR of approximately 10% is expected for a 5/6 par-

tial Fourier reconstruction. This amount is similar to the tSNR reduction we see

in our data when partial Fourier is used. Any improved stability gained by re-

jecting systole data would appear to be outweighed by the increase in thermal

noise inherent to the loss of data in the partial Fourier reconstruction. It has

been demonstrated previously that the SNR efficiency in 3D acquisitions can be

improved when partial Fourier is employed to speed up the volume acquisition

rate [132]. Here, partial Fourier fulfils the task of replacing corrupted data and

such a speed up is not obtained.

Synchronization Induced Ghosting

One subject, Subject C, exhibited some degree of ghosting in the left-right di-

rection in a number of volumes, which resulted in localized regions of reduced

tSNR lateral to the ventricles when synchronization was performed (black circle

in Fig. 6.8). The direction in which the ghosts are visible corresponds with the

direction in which the EPI planes are segmented and the location of the ghosts

is determined by the segmentation factor. A possible explanation for this effect

could be that large jumps along the kz-direction from one TR to the next increase

the sensitivity to flow induced instabilities for spins that are flowing in the AP

(kz) direction [113]. With synchronization large jumps along kz are often made

near the end of the acquisition of a volume to collect the last few segments. This

rapid switching of the gradients can lead to large m1,z differences, and thus flow-

induced phase variations between TRs. Respiration related pulsations could be

another possibility of the increased signal fluctuations. Reordering of the readout

with respect to the cardiac cycle might therefore scramble the k-space modula-

tion caused by respiration effects. Our 2D regression results (Fig. 5.1), however,
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Figure 6.9: Images showing the normalised tSD (σ(s)/S) for synchronized and non-
synchronized bSSFP. The results are shown for a short TR and long TR acquisition to assess
the effects of Eddy currents. When the data are synchronized some of the instabilities within
the dark bSSFP band are aliased into the background. This effect however is observed for both
data sets, which indicates that the effect is not caused by Eddy currents.

do not seem to support this, so further investigation is needed. If the instabili-

ties are indeed respiratory related, one way to compensate for respiratory effects

would be to add 1D or 2D navigators to the sequence [133, 106], which compen-

sate for respiration induced B0-field changes [58], or use retrospective correction

techniques [65, 71]. Both methods are expected to be fully compatible with the

synchronization technique presented here, and are topics of further investigations.

Eddy Currents

Similar to pulsatile flow, time-varying eddy currents can cause disruptions of the

steady-state signal in balanced SSFP, resulting in signal instability. It has been

previously shown that the large jumps in k-space associated with non-linear en-

coding schemes, such as centric or random orderings, can create such rapidly

changing eddy currents, creating image artifacts [134]. As shown by Fig. 5.2 the

Gx and Gy gradient waveforms are highly similar for each of the segments (the

Gx remains constant for every TR, whereas Gy only shows small variations in the
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pre- and de-phaser blips). The Gz gradients on the other hand span a much larger

range of gradient strengths (-9mT/m to 13mT/m) in order to encode for the differ-

ent planes in kz. The large jumps along the kz direction in k-space might therefore

generate eddy-current induced artifacts in our cardiac synchronized readout.

To test the effect of time-varying eddy currents in our readout, phantom exper-

iments were performed and analysed for temporal stability. Synchronized1 and

non-synchronized data were acquired with varying TE and TR. For the short-TR

data set (TR=13,TE=5.9) the time between the pre-phaser and the readout, and

the time between the de-phaser and the subsequent RF-pulse was set as short as

possible (< 1 ms) to maximise the sensitivity to Eddy currents. In the long-TR

data set (TR=24,TE=12), the dead times before and after the readout gradients was

6 ms. If eddy currents are introducing instabilities then we expect the instabili-

ties to be more pronounced in the short-TR data compared to the long-TR data.

The normalised tSD (normalised against the mean signal within the phantom) is

shown for both data sets. The non-synchronized data show the largest instabil-

ities around the dark bSSFP bands. Visual inspection of the time series showed

that this was due to a slow drift of the bands (caused by gradient heating) over

the course of the experiment. At short TR we see that to a certain degree these

instabilities are aliased into the background when the data are cardiac synchro-

nized (Fig. 6.9). The magnitude of the aliased instabilities, however, was small

(<1.5% of the mean signal). A reordering technique, in which consecutive phase

encoding steps are paired, has previously been suggested to minimize the effects

of eddy-currents [134]. In this technique adjacent phase encode lines are grouped

in pairs, to be acquired consecutively, such that the phase error produced by the

first phase encode step is immediately cancelled by the preceding phase encode

step. Our synchronization method can be extended to use the pairing technique

1To perform cardiac synchronization a cardiac trace (period = 900 ms) was simulated using a
physiological measurement simulator on the scanner
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by ensuring that each time an even number of segments is acquired per kz-plane,

before moving on to a different location along kz. It is expected that this might

also reduce the effects of the non-zero first-order gradient moments in kz [113].

However, this has not been implemented at this stage.

6.8 Conclusion

in this chapter we have demonstrated the effectiveness of a cardiac synchronized

readout in reducing the temporal fluctuations caused by cardiac pulsatility. In

data acquired with a conventional readout order, the periodicity of flow leads to

periodic errors in k-space, which subsequently results in ghosting of blood and

CSF into adjacent tissue. In order to improve the temporal stability of 3D se-

quences, the order of the readout was synchronized in real-time to the cardiac

cycle. Fixed volume frame rate was ensured by combining the synchronization

technique with a customized parallel-imaging reconstruction. This method sig-

nificantly improved the temporal stability in areas that were affected by cardiac-

related signal fluctuations. In the brainstem the tSNR was increased by 45% in

the bSSFP data, although a small reduction in cortical areas (which generally have

high tSNR) was detected. For SPGR all subcortical structures showed improved

temporal stability when synchronization was performed. This method thus of-

fers improved temporal stability without the costs of additional scan time and

may therefore open the possibility to use of segmented 3D readouts for FMRI

of subcortical structures, in order to mitigate the effects of distortion and signal

dropout.
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Chapter 7

Retrospective Correction Strategies

7.1 Introduction

The aim of this chapter is to consider both prospective and retrospective correc-

tions in order to optimize the temporal stability in the brainstem. Specifically,

each method will be assessed independently as well as their combined use.

Retrospective corrections methods that use independent physiological mea-

sures to model the physiological fluctuations have been shown to reduce physio-

logical fluctuations significantly [71, 65, 76, 77]. Initially this approach was pro-

posed as a k-space based correction. Hu et al. [65] argued that k-space is the most

natural domain to correct for physiological fluctuations as this is the domain in

which the MR signal natively is acquired. Glover et al. [71], however, showed that

when the correction is performed in image space instead, better performance was

achieved with the added benefit of a simplified correction (i.e., as the correction

is performed in image space no off-line reconstruction of the raw data is needed).

For this reason the majority of the research that has been conducted following on

this has mainly focussed on the RETROICOR method.

However, RETROICOR assumes that each image is acquired instantaneously
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so that a unique cardiac or respiratory phase can be assigned to each image.

Although this assumption is justified for 2D imaging methods (a single slice is

acquired in the order of milliseconds), it may not for 3D imaging methods, where

the data that are combined to a single image is often acquired over a period of

a few seconds. Nevertheless, several groups have started applying RETROICOR

to 3D data [135, 136, 137]. The assumption that is made is that the majority of

the contrast is created when the centre of k-space is acquired and thus the cardiac

and respiratory phase at that time point are assigned to the entire volume. Al-

though significant improvements using RETROICOR are reported, RETROKCOR

surprisingly has not been considered.

We suspect that, although RETROICOR has initially been shown to be superior

to RETROKCOR for the correction in 2D acquisitions [71], this might not be the

case in 3D imaging. The fact that each k-space segment can be assigned with an

individual cardiac and respiratory phase is likely to be beneficial. Assigning a sin-

gle phase to the entire volume will particularly be problematic for data acquired

with cardiac synchronization, because the centre of k-space is not necessarily ac-

quired in consecutive TRs. Depending on the cardiac cycle the segments that lie

close to the centre of k-space may be acquired in batches and not in a subsequent

order as in a conventional 3D acquisition.

Apart from the question in which domain to perform the regressions, a second

important consideration that has to be assessed is which regressors to include in

our physiological model. Many papers have been published in which new regres-

sors [76, 138, 77, 139] and optimal regressor sets [8, 95, 80] have been proposed.

However, nearly all this work has been focussed on 2D GRE-EPI. It is likely that

different sequences, with different contrast mechanisms, will require individually

optimized regressor sets.

This chapter therefore discusses a range of experiments that were performed to
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optimize retrospective correction methods for 3D bSSFP and SPGR that target the

brainstem. Our primary aim is to refine the RETRKCOR technique by optimizing

the set of physiological regressors, but the performance of RETROICOR on 3D

imaging data is also assessed. Throughout this chapter optimizations are also

provided for 2D GRE-EPI, the “gold standard” technique for FMRI. Ultimately

the temporal stability of all three optimized sequences is compared and their

potential for brainstem FMRI is discussed.

7.1.1 Chapter Overview

First, RETROICOR and RETROKCOR correction techniques are compared in sim-

ulations. This provided a testbed for the custom software developed for these

techniques, and enabled us to study the performance of both techniques over a

range of settings (e.g., image SNR). These experiments were intended to provide

a better insight into the practical differences between the techniques.

Second, the implementation of the RETROKCOR technique was optimized

by altering the way the corrections were performed. It was found that more

robust results were obtained when the corrections are performed on the real and

imaginary parts of the signal instead of the phase and magnitude (as originally

proposed in the literature).

Third, a model selection procedure is introduced, which selects the optimal

set of regressors needed to explain as much of the variance as possible without

over-fitting the data.

Finally, the optimized models were applied to the 3D data and the achieved

temporal stability was assessed and compared to the temporal stability in GRE-

EPI.
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7.2 Data Acquisition Methods

7.2.1 Data acquisition

The investigations presented in this chapter were performed on a range of data

acquired with three different sequences (GRE, bSSFP, and SPGR), and a range of

different volume acquisition times (i.e., temporal resolution). Because the various

investigations contain some overlap in terms of the data they used (i.e., some data

sets were used in multiple investigations, and some investigations used multiple

types of data), an overview of the data acquisition is given here first, in order

to avoid unnecessary repetition. We adopt a concise naming convention for the

different data sets, which we will use throughout the remainder of the chapter.

All data sets were acquired on a 3.0 Tesla Siemens TIM Trio system (Siemens

Healthcare, Erlangen, Germany) using a 12-channel head receive coil.

Data Set 1: 2D Critically Sampled Data (“2DCRIT-data”)

The single-slice rapidly acquired SPGR data as shown in Section 5.2 served as test

data during the initial stages of development. These data enable a comparison

of the two correction methods (RETROICOR vs. RETROKCOR) in the case that

physiological fluctuations are critically sampled and the single-slice acquisition is

effectively instantaneous in both k-space and the image domain. For reference,

the scan parameters used for that study were: α = 30o, TR/TE = 12/6 ms, FOV =

192×192×2.5 mm, Matrix = 96×96, Bandwidth = 1860 Hz/pixel, 8 lines per TR,

Tvol= 152 ms, 1500 volumes with the shim volume targeted to the brainstem. RF

spoiling (quadratic phase increment = 117o) and gradient spoiling (2π phase per

voxel) were performed. Physiological monitoring was performed as described

below.

Note that, although the acquisition was segmented, the short volume scan time
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(152 ms) compared to physiological fluctuations makes it a reasonable approxi-

mation to instantaneous (non-segmented) data.

This data set was used to:

• provide realistic time courses for our computer simulations

• compare RETROICOR and RETROKCOR on instantaneous in vivo data

Data Set 2: 3D Data with long Tvol (“3DLONG-data”)

This data set consists of a series of synchronized and non-synchronized 3D ac-

quisitions acquired along with conventional GRE-EPI data. Resting data were

acquired in four healthy volunteers. For each subject five resting scans were ac-

quired in a single scan session: 1) cardiac synchronized bSSFP, 2) non-synchronized

bSSFP, 3) cardiac synchronized SPGR, 4) non-synchronized SPGR, and 5) conven-

tional multi-slice GRE-EPI. The scan parameters of the 3D acquisitions and the

2D GRE-EPI are summarised in Table 7.1. For each scan physiological monitoring

was performed as described below.

This data set was used to:

• Investigate the effect of cardiac synchronization on the model selection pro-

cedure

• Assess the efficacy of RETROKCOR and RETROICOR in 3D data

Data Set 3: 3D Data with short Tvol (“3DSHORT-data”)

Additionally, functional data were acquired using synchronized bSSFP and SPGR,

and conventional single-shot GRE-EPI. The data were acquired in five healthy

subjects. A painless vibrotactile stimulus paradigm was used, which is known to
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Parameter bSSFP SPGR GRE-EPI
RF Spoiling N/A 117o inc. N/A
Grad. Spoiling N/A 2π phase N/A
Excitation Flip Angle 30o 30o 90o

TR 12 ms 12 ms 3500 ms
TE 6 ms 6 ms 30 ms
Segmentation 8 lines per TR 8 lines per TR 48 lines per TR†

Tvol 3500 ms 3500 ms 3500 ms
Imaging Plane Coronal Coronal Coronal
EPI-blip Direction Right-Left Right-Left Right-Left
Field Of View 192×192×48 mm 192×192×48 mm 192×192×48 mm
Matrix Size 96×96×24 96×96×24 96×96×24
Resolution 2×2×2 mm 2×2×2 mm 2×2×2 mm
Parallel Acceleration None None GRAPPA factor 2
Partial Fourier None None None
Readout Bandwidth 1860 Hz/pix 1860 Hz/pix 1860 Hz/pix
Number of Volumes 60 60 60
Total Imaging Time 210 s 210 s 210 s

Table 7.1: Sequence parameters for the “3DLONG-data”. †The single-shot GRE-EPI data
were acquired with an acceleration factor of 2 in order to reduce the readout length and therefore
distortion.

activate the gracile or cuneate nuclei in the inferior part of the medulla [140, 141].

For the purposes of this chapter, however, we will only consider the temporal

stability of the acquired time-series. In each subject three functional data sets

were collected (synchronized 3D bSSFP, synchronized 3D SPGR, and 2D GRE-EPI

data). All data were acquired coronally and localised to the brainstem. In order

to prevent bSSFP banding in the area of interest, the shim volume was reduced

and carefully placed to cover the brainstem. The scan parameters are listed in

table 7.2.

Additional whole brain images were collected for registration purposes using

the GRE-EPI, bSSFP, and SPGR sequences (i.e., a single time point). The scan

parameters and orientation of the slices were identical to the time-series scans

with the only difference being that the number of slices was increased to 80 to

allow whole brain coverage.

This data set was used for:

• Optimizing the set of physiological regressors
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Parameter bSSFP SPGR GRE-EPI
Synchronization YES YES N/A
RF Spoiling N/A 117o inc. N/A
Grad. Spoiling N/A 2π phase N/A
Excitation Flip Angle 30o 30o 77o

TR 12 ms 25 ms 2000 ms
TE 6 ms 12 ms 30 ms
Segmentation 10 lines per TR 20 lines per TR 35 lines per TR†

Tvol 1932 ms 2025 ms 2000 ms
Imaging Plane Coronal Coronal Coronal
EPI-blip Direction Right-Left Right-Left Right-Left
Field Of View 180×180×40 mm 180×180×40 mm 180×180×40 mm
Matrix Size 80×80×20 80×80×20 80×80×20
Resolution 2.3×2.3×2 mm 2.3×2.3×2 mm 2.3×2.3×2 mm
Parallel Acceleration None None GRAPPA factor 2
Partial Fourier None None 7/8
Readout Bandwidth 1690 Hz/pix 1136 Hz/pix 1358 Hz/pix
Echo Spacing .78 ms 1.0 ms .84 ms
Number of Volumes 329 329 329
Total Imaging Time 656 s 664 s 634 s

Table 7.2: Sequence parameters for the “3DSHORT-data”. †The single-shot GRE-EPI data
were acquired with an acceleration factor of 2 in order to reduce the readout length and therefore
distortion.

7.2.2 Physiological Monitoring

The subjects’ cardiac cycles were recorded using two pulse oximeters. The Siemens

pulse oximeter was used for cardiac synchronization and a separate pulse oxime-

ter was fed into the Biopac R© acquisition system to record the cardiac trace. This

system was used to simultaneously record the scanner triggers, the cardiac trace,

and respiratory waveforms. The pulse-oximeter outputs a trigger each time an

R wave is detected. Respiration was measured with a pneumatic belt, which

was positioned at the level of the solar plexus. The pneumatic belt measures the

positional change that the chest undergoes during each respiratory cycle. The

respiratory trace is a continuous waveform, which reflects the relative measure of

the depth of respiration. The amount of air inspired with each breath is propor-

tional to the difference between the signal levels at full inspiration and expiration

in each cycle. The scanner triggers were recorded simultaneously to accurately

time-lock the physiological traces with the time-series data once the data have
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been collected. The sequences were programmed to output a single trigger per

volume (i.e., coincident with the first RF pulse).

The cardiac phase (ϕc) at any given instance in time was defined as the fraction

in the RR interval (the interval between two consecutive R-wave triggers) identical

to the definition used for the cardiac synchronization method described in the

previous chapter. The respiratory phase (ϕr) was computed using a histogram-

equalised transfer function as first introduced by Glover et al. [71]. The histogram

transfer function takes into account the depth of inhalation and distinguishes

between inhale and exhale (for more details the reader is referred to Appendix A).

7.2.3 Definition of the Regressors

The efficacy of correction methods such as RETROICOR and RETROKCOR re-

lies on how well the confound regressors describe the physiological fluctuations

in the MR signal. The regressors explored in this study can be grouped into

three types: 1) frequency terms, 2) interaction terms, and 3) ’rate’ regressors. In

this section a brief description of the regressors is given along with their physi-

ological meaning. All regressors were generated using custom in-house code in

Matlab (MathWorks, Natick, MA). For a more detailed description on the proce-

dure including mathematical descriptions of the regressors the reader is referred

to Appendix A.

The frequency regressors are simple low-order Fourier series that model the

independent effects of cardiac and respiratory fluctuations. The frequency regres-

sors are generated by taking the sine and cosine values of the principle frequency

and its higher harmonics. Based on findings by Harvey et al. [8] 14 frequency re-

gressors and four interaction regressors were generated: for the cardiac signal we

generated regressors for the principle frequency and the next two harmonics (i.e.,

ϕc, 2ϕc, and 3ϕc); the respiratory signal was modelled up to the 3rd harmonic
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(i.e., ϕr, 2ϕr, 3ϕr, and 4ϕr). The interaction terms describe the interactions be-

tween the cardiac and respiratory (for example the effect of respiratory-induced

pressure changes on the cardiac rhythm) and are calculated by sin(ϕc ± ϕr) and

cos(ϕc ± ϕr).

In addition to the regressors that were derived from the cardiac and respi-

ratory phase, cardiac and respiratory rate regressors were also included. The

respiratory rate has been shown to introduce low frequency variantions in the

BOLD signal through fluctuations in blood flow and arterial CO2 [76, 75], which

can effectively be modelled with a regressor that describes the respiration volume

per time (RVT). Recently, the heart rate regressor was also found to be an effective

confound regressor [79, 77, 78]. Although the physiological mechanism behind

this regressor is not yet well understood, it has been hypothesized that BOLD

signal changes that correlated with the heart rate could be due to arousal related

neuronal activity [79]. Based on these findings both regressors were therefore in-

cluded in our analysis. In order to allow for temporal shifts of the rate-regressors

the temporal derivatives were also included.

In total 22 regressors were generated: 14 frequency terms, 4 interaction terms,

2 rate regressors and 2 rate derivatives. The generated regressors are listed in

Table 7.3. The numbering and naming convention in this table will be used when

the results are discussed.

7.2.4 Performing the Regressions; RETROICOR vs. RETROKCOR

In this section we highlight some of the practical differences between RETROICOR

and RETROKCOR, and provide information on the implementation of these tech-

niques. In principle, both techniques employ a similar method to extract phys-

iological signals from the data. That is, both techniques use a linear regression

with confound regressors that are generated based on external monitoring of the
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No. Name Description
1 ev01 cardcos 01 cardiac: First order cosine
2 ev02 cardsin 01 cardiac: First order sine
3 ev03 cardcos 02 cardiac: Second order cosine
4 ev04 cardsin 02 cardiac: Second order sine
5 ev05 cardcos 03 cardiac: Third order cosine
6 ev06 cardsin 03 cardiac: Third order sine
7 ev07 respcos 01 Respiratory: First order cosine
8 ev08 respsin 01 Respiratory: First order sine
9 ev09 respcos 02 Respiratory: Second order cosine
10 ev10 respsin 02 Respiratory: Second order sine
11 ev11 respcos 03 Respiratory: Third order cosine
12 ev12 respsin 03 Respiratory: Third order sine
13 ev13 respcos 04 Respiratory: Fourth order cosine
14 ev14 respsin 04 Respiratory: Fourth order sine
15 ev15 cosadd Interaction: (card + resp) cosine
16 ev16 cossub Interaction: (card − resp) cosine
17 ev17 sinadd Interaction: (card + resp) sine
18 ev18 sinsub Interaction: (card − resp) sine
19 ev19 cr Cardiac rate
20 ev20 dcr Cardiac rate derivative
21 ev21 rvt Respiratory rate
22 ev22 drvt Respiratory rate derivative

Table 7.3: The full set of regressors that are tested in this study. The numbering and naming
convention shown here will be used throughout the chapter.

respiratory and cardiac cycle. The practical differences between the techniques,

however, arise due to the fact that the corrections are applied at different stages

in the reconstruction pipeline.

RETROICOR on 2D multi-slice data

In RETROICOR the corrections are performed on the reconstructed (magnitude)

images, i.e., at the end of the reconstruction pipeline. The regressors, or explana-

tory variables (EVs), are generated on a slice-by-slice basis, since each slice is

acquired at a different time during the acquisition of a volume. For 2D data, one

can reasonably make the approximation that the entire slice was acquired instan-

taneously (since the 40-50 ms required for excitation and readout is fast relative to

physiological effects). This does require knowledge of slice ordering (in our case,

A → P interleaved), but the ordering will be the same for each collected volume.
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This is in many ways the simplest method to implement the correction since most

GLM software is written for global regressors.

RETROKCOR on 3D data

In RETROKCOR, corrections are performed in k-space, which we have accom-

plished through an off-line reconstruction. In our case, each segment can be rea-

sonably considered to have been acquired instantaneously, but the entire k-space

volume is acquired over several seconds. The corrections are therefore performed

on a segment-by-segment basis, with a different set of regressors created for each

k-space segment. We thus need to know the time at which each segment is ac-

quired, and the resulting regressor set will consist of 4D point-wise EVs. More-

over, the order in which the segments are acquired is not fixed for each volume

when cardiac synchronization is performed. The information about the ordering

of the segments1 was used to retrieve the time at which each segment was col-

lected in order to generate the segment specific EVs. The regressions were then

performed on the data of each individual channel, resulting in a total number of

Nc × 2 regressions, where Nc is the number of channels. After the retrospective

corrections the GRAPPA algorithm as described in the previous chapter was per-

formed to replace the segments that could not be collected at the correct cardiac

phase prior to combining the data using a sum-of-squares combination.

RETROICOR on 3D data

The RETROICOR correction of 3D data is based on the assumption that most of

the contrast is generated when the centre of k-space is collected. Thus, a single

physiological phase is assigned to the entire volume, which corresponds to the

time at which the centre of k-space is acquired. The only difference from 2D

1The information on the ordering of the segments is stored in the data header. See Section 6.4
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RETROICOR, therefore, is that regressors are common to entire volumes, rather

than specific regressors being applied to different slices.

7.2.5 ROI Analysis

Time-series images were registered to the MNI template with FLIRT [90] using the

whole brain acquisitions and the anatomical scan for each subject as intermediate

steps. The transformations obtained from this registration were used to transform

the brainstem ROI, which we defined in the MNI space, to the native spaces of

each of the acquired scans. This way spatial interpolation of the data, which can

bias the temporal variance was avoided. The Harvard-Oxford probabilistic atlas

for subcortical structures [88, 130] was used to define the brainstem ROI by setting

the threshold of the probability map to 0.95 (i.e., only voxels with a probability

greater than 95% were included). A conservative mask was defined in order to

restrict the optimization only to the area where the activation is expected. The

regions of CSF surrounding the brainstem are known to demonstrate high signal

fluctuations and are likely to dominate the optimization if included.

7.3 Method Development and Characterization

RETROICOR and RETROKCOR are mathematically equivalent as long as there

is an infinite amount of SNR available. However, in the presence of noise, dif-

ferent physiological effects may be better corrected in one or the other domain,

depending on which domain the effects are localized to a high-signal region. Car-

diac effects are therefore expected to be better corrected in image space, whereas

effects that are more spatially global (e.g., respiratory effects) might be better cor-

rected for in k-space. Further, the fact that each k-space segment can be assigned

with an individual cardiac and respiratory phase may play in favour for a k-space
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based regression.

This section describes the development steps that were required to develop an

optimized retrospective correction method for 3D bSSFP and SPGR. Our main em-

phasis will lie on RETROKCOR as theoretically this is the more obvious method

to correct multi-shot 3D acquisitions. However, RETROICOR is also explored.

Alongside the optimization for 3D acquisitions RETROICOR optimization for

GRE-EPI will be performed (RETROICOR only).

7.3.1 Initial Characterization of RETROICOR and RETROKCOR

In order to obtain a thorough insight in the differences between the RETROICOR

and RETROKCOR, we begin by comparing the performance of the two meth-

ods under conditions in which they should be equivalent. The two corrections

are identical if both image and k-space can be considered to be instantaneously

sampled, which we enforce in phantom simulations and we assume in rapidly-

sampled 2D, single-slice data. The simulations allow exploration of various pa-

rameters such as SNR and “pCNR”, the contrast-to-noise ratio of the physiological

fluctuations. The spatial extent of the physiological fluctuations was also var-

ied. These experiments highlight important considerations for the RETROKCOR

method. We then verify that similar results are found in 2DCRIT data. This

section serves largely to develop, characterize and validate the methods in prepa-

ration for 3D data, where RETROICOR and RETROKCOR are not expected to

perform equivalently.

Digital Phantom Simulations

Retrospective correction methods were tested on the Shepp-Logan digital phan-

tom in Matlab (MathWorks, Natick, MA). The phantom simulated a single slice

of data with matrix size 64×64 and 329 time points. Gaussian random noise was
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added in image space to the real and imaginary channels of the data to simulate

thermal noise. Noise levels were scaled to create three data sets with SNR val-

ues of 10, 25, 50, and 100. Physiological noise was subsequently added to each

of the data sets in predefined locations as shown by the mask in Figure 7.1(a).

We were particularly interested to test whether the size of regions affected by

physiological noise impacted the ability to regress this noise out, since the signal

power of effects that are highly-localized in image space are spread throughout

k-space. Thus, our mask consisted of one large, contiguous region and a few

isolated voxels.

The waveform used to simulate physiological noise was based on the first-

order Fourier cosine term estimated from the respiratory trace in one of the

2DCRIT data sets (ev07 respcos 01). The amplitude was kept fixed between the

data sets in such a way that pCNR values of 1, 2.5, 5, and 10 were obtained for the

data sets with SNR values of 10, 25, 50 and 100, respectively. Example magnitude

time-courses for a voxel with and without added physiological noise (SNR=100,

pCNR=10) are given in Fig. 7.1(b).

For RETROKCOR, the images were first Fourier transformed to k-space, and

the magnitude and (temporally unwrapped) phase channels were analysed us-

ing the ev07 respcos 01 EV as the confound regressor. The magnitude and phase

residuals were combined to form the corrected complex k-space data, and Fourier

transformed back into image space. The RETROICOR correction used the same

EV as for RETROKCOR, but was performed on the magnitude data of the image

time-series only. The residuals of the regressions represent the corrected data and

were used to compare the two methods.

The performance of the RETROICOR and RETROKCOR corrections were as-

sessed on the amount of reduction in the standard deviation over time (tSD),

which was calculated per voxel. The percent change in tSD after correction is
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Figure 7.1: The simulation pipeline in (a) showing the addition of thermal noise (globally)
and physiological fluctuation (within a given mask). Examples of the simulated time courses
are shown in (b). Panel (c) shows the difference in tSD after RETROICOR (top row) and
RETROKCOR (bottom row) correction. Red denotes improvement.

shown in Fig. 7.1(c). The RETROICOR and RETROKCOR regressions performed

equally well in removing signal fluctuations in areas of simulated physiological

noise. However, it was also seen that for RETROKCOR, instabilities were in-

troduced in voxels that contained pure thermal noise. Although the effect was

small for the high SNR data set (right column; SNR=100) it is pronounced when

a more realistic SNR of 25 is simulated, where the tSD increases by up to 10%.

RETROICOR, on the other hand, does not seem to affect areas without simulated

physiological noise.

These initial results indicate that the original implementation of RETROKCOR

(as proposed by Hu et al. [65]) performs worse than its image based counter-

part, by introducing instabilities in regions that are not affected by physiological

noise. It is observed that this effect is inversely proportional to the image SNR.

In the remainder of this section, we will consider several potential improvements
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to RETROKCOR that aim to address these problems. Figure 7.2 illustrates sev-

eral modified RETROKCOR corrections that provide insight into the origin of the

discrepancy between the two methods.

One of the differences between RETROICOR and RETROKCOR is the need

to correct the phase information appropriately. In RETROICOR this is typically

neglected, since most FMRI analyses only consider the image magnitude. In

RETROKCOR, however, it is essential to correct the phase information accurately

because errors in k-space phase can lead to profound artifacts in image magni-

tude. Panel (a), shows the change in tSNR when only the magnitude data are

corrected in k-space (i.e., combining the corrected magnitude with uncorrected

phase data). Several large regions show a reduced tSNR after the correction. In

particular a cluster of tSNR decrease in the bottom part of the image is observed,

which has a similar shape to the area of simulated physiological noise. Fur-

ther, although not visible with the windowing used here, the primary cluster of

physiological fluctuations had less improvement in tSNR compared to when both

magnitude and phase are corrected. These two observations indicate that without

phase correction, the physiological signal is mis-localized, which results in a sub-

optimal correction in the region of interest and overcompensation in areas that

are not affected.

Panel (b) shows the resulting difference in tSNR when both the magnitude and

phase are corrected (i.e., the original implementation as shown in Fig. 7.1). Here,

the reduced tSNR appears more noise-like (i.e, spatially uncorrelated), which may

indicate that the phase inconsistencies are localised to outer k-space. One pos-

sibility is that the regression often fails in outer k-space where the low signal

magnitude translates into high uncertainty on phase (since phase noise scales

non-linearly with signal magnitude). We tested this hypothesis by masking the

phase data such that the regressions are performed on all voxels apart from the
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Figure 7.2: Illustration showing the difference in tSNR after RETROKCOR correction (red
denotes improvement). Various modifications of the technique are shown in Panels(a)-(e). The
k-space masks that were used in method c and d are shown in the panels (f) and (g), respectively.
The figure shows that the best results are obtained when the corrections are performed on the
real and imaginary channels. The simulation settings were: SNR=25, pCNR=2.5

voxels with the lowest magnitude. Panel (c) and (d) show the results when the

bottom 5% and 20% voxels are excluded from the phase regression (the masks

are shown in Panels (f) and (g). The masks that were used are shown below the

results panels. Excluding the lower magnitude voxels from the phase correction

reduces the “noise” amplification considerably. In Panel (d) most of the voxels

that only contain thermal noise no longer show a discrepancy in tSNR before and

after correction. However, excluding the outer locations in k-space reduces the

spatial resolution of the correction results in reduced tSNR in the voxels adja-

cent to the regions of true physiological noise (i.e., the blue rings around the red

regions indicate reduced tSNR).

Finally we tested the performance when the corrections are performed on the

real and imaginary data (R/I) instead of the magnitude and phase (M/P). The

original paper by Hu et al. [65] argued that the regressions were to be performed

on the magnitude and phase of the signal, as respiration was expected to mainly
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have an effect on the phase of the signal. However, there is no real reason why

the regressions cannot be performed on the real and imaginary parts of the signal

instead. This avoids the non-linear scaling of phase noise and also gets around

practical issues such as phase unwrapping [142] and the arbitrary nature of k-

space masking, which could bias the results. Panel (e) shows the results when the

correction is performed on the real and imaginary data. It is seen that the tSNR

is no longer reduced in voxels that did not contain physiological noise.

2D in vivo Experiments

The phantom simulations suggest that corrections on real and imaginary (R/I)

channels appear to have some clear advantages over the magnitude and phase

(M/P) corrections. While providing a useful “ground truth” comparison, digital

phantoms are not particularly realistic. In order to test if the observations are also

present in real data, we performed similar corrections on 2DCRIT data. For this

investigation we performed RETROICOR and RETROKCOR corrections on both

R/I and M/P channels in a similar way as before. Each slice was considered to be

acquired instantaneously, so that a single physiological phase could be assigned

to the entire slice. The EVs were generated from the externally recorded cardiac

and respiratory traces. Only the first order Fourier terms were considered at this

stage, resulting in four EVs (two for cardiac, and two for respiratory).

The results of all four corrections are shown in Fig. 7.3. Panel (a) shows the

reduction in temporal SD on the complex k-space data for both RETROKCOR

regressions when the corrections are performed on M/P data (left) and R/I data

(right). The M/P data shows that the improvement (red) is somewhat confined to

the centre of k-space. Some k-space positions towards outer k-space even show

an increase tSD after correction (blue). When the regressions are performed on

the R/I data the improvement is much wider spread across k-space. The bottom
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row shows the change in tSNR of the image magnitude data after RETROKCOR

and RETROICOR corrections. This figure shows that for RETROKCOR, a clear

improvement is obtained when the corrections are performed on R/I data. In

RETROICOR the differences are non-existent. When the corrections are per-

formed on the R/I channels RETROICOR and RETROKCOR are much more com-

parable, but not equivalent as small differences between the two methods are still

observed. In areas where a tSNR increase was obtained RETROKCOR showed a

slightly bigger improvement, whereas areas adjacent to this (red arrow) showed

a marginal drop in tSNR (up to - 0.5 %).

Our phantom and 2D in vivo results confirm previous findings that for 2D

corrections, due to the SNR distribution in k-space, RETROKCOR can introduce

spatial correlations in the image domain [71]. When an additional variance is

introduced to the phase data in outer k-space a thermal noise-like structure is

imposed onto the image data (Fig. 7.1). This can be mitigated by confining the

corrections to the centre (high SNR) region in k-space at the cost of reducing the

spatial resolution of the corrections (Fig. 7.2). Improvements are achieved when

the corrections are performed in the R/I channels instead, but small differences

are still observed in in vivo data (Figs. 7.2 and 7.3).

We will next consider 3D k-space acquisitions, where the comparison between

RETROKCOR and RETROICOR may differ. Based on the above results, all correc-

tions in the remainder of this chapter will be performed on the R/I data channels.

7.3.2 Model Optimization; Implementation of the Method

An important factor in optimizing the retrospective correction is determining the

specific regressors to include in the regression. In the initial papers by Hu et al.

(RETROKCOR) [65] and Glover et al. (RETROICOR) [71] only the first two or-

der terms (the primary frequency and the first harmonic) were included. Later,
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Figure 7.3: 2D in vivo results comparing RETROKCOR and RETROICOR. Panel (a) shows
the change in complex standard deviation after correction (red is improvement). Panel (b) shows
RETROKCOR and RETROICOR results when the regressions are performed on magnitude, and
phase and real and imaginary channels. When RETROKCOR is performed on the real and
imaginary channels the results are improved compared to the magnitude and phase correction.
However, small reductions in tSNR can still be observed as denoted by the red arrow.

Harvey et al. [8] showed, that this is not sufficient in areas such as the brain-

stem. Additionally, several new types of regressors have been introduced since

the methods were originally introduced, such as the interaction terms that de-

scribe the interaction between respiratory and cardiac [138], and the cardiac and

respiratory rate regressors [76, 77, 79]. This has led to a large pool of potential

regressors. Simply including all these regressors in the regression, however, may

be detrimental to the GLM analysis due to the loss in degrees of freedom (poten-

tially reducing the statistical significance) and the increased chance of correlation

between the confound regressors and the regressor of interest (i.e., the stimulus

regressor). It is therefore desirable to choose the smallest set of regressors that are

able to explain significant physiological variance.

We have previously collaborated on work that employed a Bayesian Informa-
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tion Criterion to determine the optimal cut-off for the number of regressors for

RETROICOR analysis of GRE-EPI data [143]. In that study the optimal set of

regressors was chosen voxelwise. It was shown that the reduced set of regres-

sors was able to explain a similar amount of the variance as full set of regressors

without incurring significant reduced degrees-of-freedom. The type of regressors

included and the total number was spatially dependent with the largest number

of regressors chosen for the brainstem area. We will adopt a similar approach

here, albeit with modifications appropriate to k-space corrections and 3D data.

The BIC Selection Procedure

The Bayesian Information Criterion (BIC) [144] is defined as:

BIC = N ln

(
RSS

N

)
+ k ln(N) (7.1)

where N is the number of samples (time points), k is the number of regressors,

and RSS is the residual sum of squares. The BIC is used to compare different mod-

els, particularly models with a different number of parameters (here, regressors),

with low BIC indicating a favourable model. BIC selection favours models that

explain a large portion of the variance, but penalises a large number of regressors,

thereby preventing over-fitting of the data.

Our selection procedure aims to find the optimal set of regressors iteratively

by expanding the model to encapsulate one additional regressor in each iteration.

Of the set of remaining regressors not yet included in the model, we choose the

regressor that explains the greatest amount of variance in the raw data. We then

compare the BIC of the model with and without this regressor. If the BIC is

smaller with the regressor, we include it in our optimal set; otherwise, we consider
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the penultimate model (without the most recently-added regressor) to be optimal.

This way the set of regressors is build up step wise for each voxel until the BIC

test fails [143].

The voxelwise optimization approach is an elegant method to show the spa-

tial variation in model selection. However, simply copying the same approach

in k-space is not compatible with optimizing for a specific spatial location (such

as the brainstem). Moreover, running multiple regression models with a differ-

ent number of EVs across the brain may introduce statistical differences that are

driven by the varying DOF instead of the underlying activation when comparing

activations across different brain regions.

We therefore propose a modification of the technique, which can be applied to

RETROKCOR but still allows optimization for a specific brain region. In short this

approach differs from the previous method in that 1) only one model is applied to

the entire image (or k-space), and 2) the order in which the regressors are added

to the model is determined at the start of the optimization instead of iteratively.

The same procedure can be applied to RETROKCOR as well as RETROICOR:

STEP 1: Regressions are run using each of the candidate regressors (22 in total,

see Section 7.2.3) as a single EV. Temporal variance maps are calculated for each

of the data sets.

STEP 2: The regressors are sorted based on how much variance each regressor

explains within the brainstem ROI. This is the order in which they will be added

to the model in the selection process. The variance reduction is assessed based on

the mean variance across the brainstem.

STEP 3: Using a similar approach to [143] (described above), regressions are

performed by expanding the model one regressor at a time, but this time applying

the same model throughout the brain. The BIC value is calculated using the mean
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RSS within the brainstem ROI. The preferred model is the model with the lowest

BIC.

The order of the regressors is determined at the start of the optimization

(rather than iteratively) because an iterative scheme would be very computation-

ally expensive for RETROKCOR. In the case of a single voxel RETROICOR model

selection, the next candidate regressor is chosen by re-calculating how much of

the remaining variance is explained by each of the candidate regressors. For

RETROKCOR, each iteration would require a full k-space regression (on all coil

channels) with each candidate EV. In our case, when all 22 model expansion steps

were to be tested, this would result in a total number of
(
23
2

)
∗ Nc ∗ 2 = 6072 re-

gressions, where Nc is the number of coils. We therefore choose to order the EVs

only once at the start of the optimization.

Correlation Between Regressors

The success of this ordering approach is dependent on the amount of correlation

between the regressors. When the regressors are highly correlated, the combined

effect of two added regressors is much smaller than expected based on the indi-

vidual regressions. In this case, it might be desirable to instead add a regressor

that explains less total variance on its own, but which is orthogonal to the first

regressor. In order to test whether the proposed approach is likely to provide an

acceptable ordering of the EVs, the correlation between the RETROICOR EVs was

calculated and inspected.

Fig. 7.4 shows an example correlation matrix of the RETROICOR regressors

generated for the centre slice in a 3DSHORT GRE-EPI data set (in RETROICOR

the EVs are determined per slice). It shows that the correlation between the re-

gressors was reasonably small (a maximum correlation of 0.20 was observed off

diagonal). These numbers were highly consistent between subjects. Testing the
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Figure 7.4: (a) Example correlation matrix between the candidate regressors in one data set.
(b) The time courses of the two regressors that demonstrated the highest degree of correlation
(only the first 50 time-points are displayed)

correlation between the RETROKCOR EVs is more difficult because the regressors

are determined per k-space segment instead of only one per slice. However, as

the sampling frequency (Tvol) is essentially identical between the GRE-EPI and the

3D acquisitions, we expect similar results for the RETROKCOR EVs. The correla-

tion will be tested in retrospect, once the optimal correction models are selected,

by comparing the final reduction in variance with the total reduction in variance

predicted by single-EV regressors (which should be equal if the regressors are

orthogonal).
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7.4 Results

7.4.1 Model Selection Results on 3DSHORT-data

Fig. 7.5 shows the temporal variance of the residuals for single regressions with

each of the EVs, averaged over the brainstem ROI. The solid black line is the

variance averaged across the subjects with the errorbars representing the standard

deviation. For each subject the variances were normalised to the variance of the

non-corrected data set.

For the GRE-EPI, the first order cardiac terms, ev01 cardcos 01 and ev01 cardsin 01,

explain the greatest amount of variance followed by the cosine of the first order

respiratory term (ev07 respcos 01) and the cardiac and respiratory rate regressors

(ev01 cr and ev21 rvt). For the remaining EVs it is seen that the amount of vari-

ance explained by the interaction terms (ev15 - ev17) is equal to the amount of

variance that a randomly constructed regressor would explain (represented by the

grey dashed line). On average a randomly constructed regressor would explain

1/N of the variance in a data set, where N is the number of time points [143].

For bSSFP it is seen that the largest reduction in variance is achieved by the

respiratory and cardiac rate regressors (ev19 and ev21) followed by the first order

respiratory terms (ev7 and ev8) and two of the interaction terms (ev15 and ev16).

The higher-order respiratory terms (ev9-ev14), however, all seem to introduce an

increase the variance. This effect is observed in all subjects. This increase is initially

confusing, since one would normally assume that regressing out a vector can only

reduce or preserve the variance; however, regression in the Fourier domain can

re-distribute signal fluctuations, causing local increases in variance (although the

total variance in the image domain must by definition be reduced).

RETROKCOR appears to have little effect on the SPGR data in all subjects

except one. For one subject a large portion of the regressions caused a strong
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Figure 7.5: The residual variance after single EV-regressions for short-Tvol GRE-EPI, short-
Tvol synchronized bSSFP, and short-Tvol synchronized SPGR. The variance is normalised against
the total variance in the time-series. For each data set the 5 regressors that show the lowest
residual variance (thus explaining a large amount of variance) are marked and listed below
the graphs. For GRE-EPI RETROICOR results are shown (red), whereas synchronized bSSFP
and SPGR show RETROKCOR results (black). Error bars denote the between subject standard
deviation. The dashed grey line represents the expected residual variance obtained by a regression
with a randomly constructed regressor
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increase in variance. Although the strength of the effect compared to the other

subjects suggests that this might have been outlier data, no obvious problems with

the data acquisition and reconstruction were found, which is why the subject was

not excluded. Inspection of the data showed large fluctuations outside the brain-

stem, which RETROKCOR corrected for, probably causing over-compensation in

the rest of the brain (as was seen in the phantom and 2D in vivo data). The total

sum of the variance across the entire image was reduced when the correction was

performed.

The candidate regressors for the BIC selection were ordered according to the

amount of variance each individual regressor explained starting with the regres-

sor that explained the largest amount of variance (i.e., for GRE-EPI this would

be ev01 cardcos 01). Table 7.4 at the end of this chapter lists the first 10 candi-

date regressors per data set and correction method. Based on this ordering the

correction models were expanded in order to find the optimal model with lowest

BIC value. For demonstration purposes, all models were expanded up to the full

model that includes all 22 regressors. In practice, however, one could stop the

expansion, once the BIC value starts to increase.

The left column in Fig. 7.6 shows the normalised variance of the residuals

for each expansion step. The results are averaged across all subjects with error

bars denoting the standard deviation. For GRE-EPI the variance is reduced most

strongly by the first few EVs, after which the effect flattens to a constant reduction

per added regressor. Although the effect of the first few added regressors varied

between subjects, the slope to which the curves converged was highly consistent,

which is to be expected as the regressors that do not explain actual physiological

fluctuations still remove a certain amount of variance equal to that expected by a

randomly constructed regressor. For bSSFP a similarly shaped curve as for GRE-

EPI is observed. Note that the shape of these curves resembles the shape of the
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eigenspectra curve common in PCA analysis, where the “knee” of the plot splits

the significant and the presumably unimportant regressors [145]. In PCA the BIC

selection is a well-established procedure for the estimation of the dimensionality.

For the SPGR data a marginal reduction in variance was observed for the model

that contained one regressor only (ev01 cardcos 01).

The right column in Fig. 7.6 shows the BIC curves, for each of the sequences,

with the minima marked with red arrows. Like the variances, the BIC values

are normalised against the non-corrected data set. The figures show that for

GRE-EPI and bSSFP the minima of the BIC curves agree well with the location

of the “knees” in the variance plots. For GRE-EPI the minimum is obtained

when two EVs are included (ev01 cardcos 01 and ev02 cardsin 01). For bSSFP

the optimal model contains four regressors (ev19 cr, ev21 rvt, ev07 respcos 01, and

ev08 respsin 01). For SPGR the variance reduction by the regressor ev01 cardcos 01

was not enough to pass the BIC selection.

7.4.2 Model Selection Results on 3DLONG-data

The BIC model selection approach was applied to the 3DLONG-data to test the

consistency between data sets with varying acquisition parameters. We remind

the reader that this data differ from the 3DSHORT-data primarily in terms of

volume acquisition time (Tvol=3.5 s.) and the number of volumes acquired (60

volumes). The 3D data acquired for this data set was acquired with and without

cardiac synchronization. RETROKCOR and RETROICOR corrections were per-

formed on both types of acquisition. The effect of cardiac synchronization on the

model selection was examined and the efficacy of RETROICOR and RETROKCOR

are compared on both types of data.
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Figure 7.6: Plots showing the normalised variance of short-Tvol data after correction after
each model expansion step (left column) and the corresponding BIC values (right column). The
model with the lowest BIC value is the optimal model. For GRE-EPI the optimal model includes
2 regressors. For synchronized bSSFP four regressors, and for synchronized SPGR no regressors
are determined optimal

The Effect of Temporal Sampling Rate and Scan Duration

Fig. 7.7(a) shows the same plot as shown in Fig. 7.5, but for the 3DLONG-data.

When comparing the two GRE-EPI data sets, we observe similarly shaped curves,

where the first order cardiac terms (ev01 and ev02) explain the greatest amount

of variance amongst the EVs tested. Like for the 3DSHORT-data a small dip is

observed for the cosine of the first order respiratory term (ev07).

The cardiac and respiratory rate regressors (ev19 and ev21), however, are no

longer explaining more variance than a randomly constructed regressor would
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Figure 7.7: The residual variance after single EV-regressions for long-Tvol GRE-EPI (a),
non-synchronized bSSFP (b), non-synchronized SPGR (c). synchronized bSSFP (d), and syn-
chronized SPGR (e). RETROICOR results are shown in red and RETROKCOR results are shown
in black. The mean across subjects is plotted where the error bars represent the standard devi-
ation. The dashed grey line represents the expected residual variance obtained by a regression
with a randomly constructed regressor

(grey dashed line). A potential reason for this might be that the total scan time

was less in this data set (3.5 min vs. 10.5 min), and therefore less variance is intro-

duced by the (slow varying) respiratory and heart rate. Note, that the amount of

variance explained by a random regressor is larger for the 3DLONG-data, caus-

ing the variance curve to have a lower upper limit. This is due to the fact that the

3DLONG-data contains less time-points and a randomly constructed regressor

therefore explains more of the variance (1/60th instead of 1/329th).

The Effect of Cardiac Synchronization

Panels (b) and (c) show the individual regression results of the non-synchronized

data. Most strikingly is the difference in the amount of variance explained by the

cardiac regressors. For both bSSFP and SPGR the cardiac regressors up to the 3rd

order (ev01-ev06) show a large reduction in variance. The bSSFP and SPGR data
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that were acquired with cardiac synchronization (Panels (d) and (e)) show similar

trends as before, where little variance is explained by the cardiac regressors. This

is a clear indication that cardiac synchronization is effectively cleaning up the

cardiac related fluctuations in the brainstem.

For the other regressors, the differences between non-synchronized and syn-

chronized are smaller. In non-synchronized bSSFP the higher order respiratory

terms (ev09-ev14) explain more variance than in the synchronized version of the

sequence, although still explaining less than a randomly created regressor. For

SPGR all regressors apart from the cardiac regressors lie on the randomly con-

structed regressor asymptote in both the synchronized and non-synchronized

version of the sequence indicating no physiological noise was removed by any

of these regressors. Note that the results were very consistent across all subjects

compared to the SPGR data presented in Fig. 7.5(c) where one subject showed

large increases in variance for a subset of the regressors.

RETROICOR vs. RETROKCOR in 3D Data Sets

Secondary to the investigation of the effect of synchronization we investigated the

performance of RETROICOR on both synchronized and non-synchronized data.

A potential pitfall with applying RETROICOR to 3D acquired data is that

the cardiac and respiratory cycles are of similar duration to or even a few times

shorter than Tvol. A 3.5 s. acquisition, for example, will on average contain a full

respiratory cycle and approximately 3 cardiac cycles. It was therefore hypothe-

sised that a correction in k-space, where each k-space segment can be assigned

with its individual physiological phase and thus regressor, will perform better

than RETROICOR with a single phase used for the entire volume.

However, when comparing the two methods we see that the obtained variance

reduction of RETROICOR (red line) is comparable or occasionally better than
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the results obtained with RETROKCOR. The synchronized bSSFP data show that

RETROICOR does not suffer from the increased variance introduced by the higher

order respiratory terms (ev09-ev14). For the other regressors the two methods per-

form equally well. Perhaps most unexpected is the fact that RETROICOR seems to

regress out the (faster) cardiac fluctuations with similar success to RETROKCOR

in the non-synchronized data when the regressions with individual EVs are com-

pared. When the regressors are combined in our model expansion approach we

see small differences between the two methods. For non-synchronized bSSFP the

optimal RETROKCOR model contains six regressors (all cardiac, up to the third

order; ev01-ev06), whereas for RETROICOR only the first two orders are selected

(ev01-ev04). This is due to the fact that for RETROKCOR the total reduction in

variance was slightly higher when the regressors were combined, which was just

enough to select two extra regressors. For both SPGR data sets four regressors

were selected (ev01-ev04).

The fact that the performance of RETROICOR is highly similar to RETROKCOR

is welcome, as it vastly simplifies the correction methodology. Being able to use

RETROICOR removes the need to collect the RAW k-space data from the scanner

and reduces the number of regressions needed considerably, as only one regres-

sion on the reconstructed data would suffice (as opposed to separate regressions

on each channel).

7.4.3 Optimized Sequence Comparison

In this final section we assess the final tSNR after correction of the data with

the optimal model determined by the model selection described in the preceding

sections. The regressors used in the correction for each data set are listed in

bold type face in Table 7.4. The table shows that for the correction of the 3D

bSSFP data in the 3DLONG data set, no regressors were selected by the BIC, in
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Figure 7.8: Bar plots showing the average tSNR in the brainstem before and after retrospective
correction for (a) 3DLONG data and (b) 3DSHORT data. Error bars denote the between subject
standard deviation

contrast to the 3DSHORT-data, where four regressors are used. The ordering of

the regressors, however, is highly similar between 3DSHORT and 3DLONG bSSFP

(for both RETROKCOR and RETROICOR the top four regressors is the same:

ev19, ev21, ev07, and ev01), suggesting that short-Tvol and long-Tvol bSSFP are

sensitive to the same physiological processes. The divergence in the BIC selection

between the two acquisitions is probably caused by the fact that the 3DLONG

time-series contain less time points (60 vs. 329 volumes). When fewer time-

points are collected the BIC selection will be more conservative, choosing fewer

regressors (Eq. 7.1) in order to prevent over-fitting.

Fig. 7.8 shows the mean tSNR in the brainstem before and after retrospective

corrections for all 2D and 3D time series. Because RETROICOR was shown have

equal performance to RETROKCOR only RETROICOR results are shown here.

This figure shows that RETROICOR has the biggest effect on non-synchronized

3D data (Panel (a)). The increase in tSNR was 18% for bSSFP, and 15% for SPGR.

The synchronized versions of the sequences, on the other hand, show identical

tSNR before and after, since no regressors were selected by the BIC selection.

GRE-EPI shows an improvement of 3.5%. For the 3DSHORT data, shown in Panel

(b), the improvements were 2% for GRE-EPI, 6% synchronized bSSFP, and 0% for
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synchronized SPGR (as no regressors were selected).

These values indicate that retrospective physiological noise correction only

achieves a modest increase in tSNR. In the literature values for tSNR improve-

ment exceeding 25% are often reported [95, 146]. Compared to these studies the

numbers found here look very small. We believe the reason for this is two-fold:

1) in this study only very few regressors are used compared to previous litera-

ture, and 2) we defined a very conservative brainstem ROI in order to deliberately

exclude regions of CSF surrounding the brainstem. Harvey et al., reported a re-

duction in tSD of up to 15% in the brainstem, although most of the improvement

was achieved near the boundaries with CSF. In the centre of the brainstem the

reduction was approximately ∼5%, which is roughly in line with our findings

given the reduced number of regressors used in this study. When we perform

a regression on the long-Tvol GRE-EPI data using the full model of 22 regressors

(something which would seriously reduce the DOF in this data set) we observe a

tSNR increase of 29%. This is of the same order of magnitude as values previously

reported in literature. Hutton et al. [95], found a 35% increase in the lateral genic-

ulate nucleus at 7 Tesla when 14 regressors were used (12 cardiac and respiratory

frequency regressors and two rate regressors).

The retrospective corrections had the biggest effect on non-synchronized 3D

data (Panel (a)). The increase in tSNR was 18% for bSSFP, and 15% for SPGR.

For SPGR the improvement in tSNR achieved with RETROICOR equals the im-

provement by synchronization. For bSSFP, however, we see that the tSNR in the

synchronized non-corrected acquisition is higher than the non-synchronized, but

retrospectively corrected sequence. Synchronization is therefore preferable, as it

has the additional benefit that the DOF is not reduced.

Finally, comparing the 3D sequences to GRE-EPI we see that, when the data

are acquired with a long Tvol, synchronized bSSFP is the only 3D acquisition
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that shows a tSNR that is comparable to the tSNR of GRE-EPI. However, for

the short-Tvol data the tSNR in both synchronized bSSFP and SPGR has dropped

considerably, unlike GRE-EPI, which only shows a marginal reduction in tSNR.

Because this limits the applicability of the developed 3D sequences it is impor-

tant to understand what causes this reduction in tSNR. One possibility is that the

reordering is not as effective in short-Tvol acquisitions, which might explain why

the reduction in tSNR is larger for bSSFP than it is for SPGR. In the short-Tvol

acquisitions the total number of segments that k-space consists of is less than for

the short-Tvol because the FOV is reduced in order to bring the Tvol down. Dur-

ing the acquisition, the synchronization continuously tries to acquire the optimal

segment in k-space based on the current phase in the cardiac cycle. If the pool

of segments that can be picked from gets smaller the efficacy of the synchroniza-

tion will decrease (see Chapter 6). Because short-Tvol non-synchronized data were

not acquired, a direct assessment of the effect on tSNR was not possible. How-

ever, inspection of the cardiac phases at which each of the k-space segments was

acquired showed no strong differences in the synchronization efficacy between

3DLONG and 3DSHORT acquisitions. Figure 7.9 demonstrates the tSD of the

cardiac phase for each k-space segment. The cardiac phase ranges from 0–1. For

a perfectly synchronized acquisition in which each segment could be acquired at

the exact same cardiac phase the tSD would be 0, whereas in a non-synchronized

sequence the tSD will be close to 1. It is seen that when the when the data are

acquired with a long Tvol (Panel (a)) the segments show a smaller tSD compared

to the short Tvol data (Panel (b)). However, the differences are small compared to

the non-synchronized data in (Panel (c)). This indicates that the synchronization

efficacy is not explaining the drop in tSNR that is observed.

The second effect that is likely to contribute to this effect is the signal sensi-

tivity that has changed for the 3D sequences, but not for the GRE-data. For 3D
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Figure 7.9: Illustration of the efficacy of synchronization in long-Tvol synchronized (a), short-
Tvol synchronized (b), and non-synchronized (c) bSSFP and SPGR. The colormap denotes the
tSD of the cardiac phase of the k-space location. A perfect reordering would result in a low
variability in cardiac phase over time. It is seen that synchronization is slightly more effective
when a longer Tvol is used, although differences are small compared to non-synchronized data.

sequences the signal that is acquired is proportional to: S3D ∝ ρ ∗ Tvol, where ρ

is the duty cycle that represents the fraction of the time within a TR that is spent

receiving the signal. Because in 3D imaging the entire volume is sampled with

every TR, the signal is directly proportional to Tvol. For 2D multi-slice imaging,

on the other hand, a slice is only excited once per Tvol. The signal is therefore

sampled for approximately 30–50ms (in the case of single-shot EPI), regardless of

the Tvol. One factor that will influence the signal for 2D multi-slice for different

volume acquisition times (=TR) is the longitudinal relaxation. Bloch calculations,

however, demonstrate that the longitudinal relaxation for 3DLONG (TR=3500,

α=90◦) and 3DSHORT (TR=2000, α=90◦) is within a 10% difference, which is in

line with the small reduction in tSNR observed in our data. For the 3D data, on

the other hand, the reduction from 3.5 s. to 2.0 s. in Tvol is predicted to have a

much larger effect on the SNR. Unfortunately, however, due to the small FOV in

the short-Tvol data, no reliable SNR0 measurement could be made, but this is a

topic we plan to look into in the near future.
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7.5 General Discussion

The goal of this study was to optimize the retrospective corrections on 3D brain-

stem acquisitions in order to further improve the temporal stability such that

ultimately the functional contrast to noise ratio (CNR) would be comparable to

the “gold-standard” GRE-EPI while affording low distortion images.

7.5.1 Optimization of RETROKCOR

It was shown that the problems associated with the corrections of the higher spa-

tial frequencies in RETROKCOR can be mitigated by performing the correction on

the real and imaginary instead of the magnitude and phase channels of the data.

A pictorial explanation of this observation is given in Fig. 7.10, which shows the

signal S as a vector sum of the real and imaginary channels. Each of the channels

has a certain amount of noise ε associated to it. Panel (a) depicts the situation,

in which |S| >> ε, and Panel (b) the situation where |S| is of the same order

as the noise. The black circles denote the standard deviation (σ) The red circles

denotes the 95% interval (2σ). When |S| >> ε the uncertainty of the phase (σϕ)

is proportional to the diameter of the standard deviation circle perpendicular to

the magnitude vector |S|. The standard deviation of the magnitude and the real

and imaginary channels are also depicted. When the signal magnitude decreases

(Panel (b)) we see that the angle representing the phase uncertainty (represented

by the angle between the green lines) increases in a non-linear fashion. The uncer-

tainty of the real and imaginary signals, on the other hand, is constant throughout

the entire range. The standard uncertainty of the phase as a function of signal

magnitude is shown in Panel (c) (plot reproduced from [147]).
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Figure 7.10: The effect of noise on the phase/magnitude and real/imaginary channels at
different SNR. The standard deviation of the noise (ε) is represented by the black circle and
the 95% interval by the red circle. The uncertainty is proportional to the radius of the σ-circle
(the angle between the green lines). As the SNR decreases (Panel (b)) this angle representing
the phase uncertainty increases non-linearly. Panel (c) shows the standard uncertainty of the
phase as a function of signal magnitude when simulated Gaussian noise is added to the real and
imaginary channels with σ=0.01 (sub-plot reproduced from [147])

7.5.2 Optimization of the Regressor Set

As shown by Hutton et al. [95], the inclusion of more confound regressors does

not necessarily introduce improvements in BOLD sensitivity. For example, due to

the loss in DOF or correlations of the confound regressor with the regressor of in-

terest (i.e., the stimulus). Most of the previous work, however, have not accounted

for this and only report reductions in variance [8, 80]. The BIC selection proposed

takes into account the loss in DOF by applying a penalty term for the number of

regressors used. This weight of penalty term, however, could be varied. Other

closely related selection criterion methods exist such as the Akaike information

criterion (AIC) [148]. The AIC differs from BIC in that the penalty term for the

number of regressors is smaller. Therefore a larger regressor set would be pre-

ferred. In order to investigate the optimal weight that should be given to the

penalty term, an assessment of the functional sensitivity should be included. In

this study, however, such an assessment was not included. Given the disappoint-

ing tSNR, the low number of subjects included at this stage, and the small effect

size of the stimulus investigated no convincing functional results were obtained.
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7.5.3 The Potential for 3D Brainstem FMRI using bSSFP

The results presented in this chapter show that in the most favourable case the

tSNR of bSSFP is comparable to that of GRE-EPI. SPGR showed reduced tSNR

compared to GRE-EPI. A reasonable predictor of the CNR (e.g., z-statistic) would

be the ratio of the signal change to temporal variability. A previous study using

visual stimulation and comparable sequences reported a ∼2% signal change in

bSSFP and a ∼4% signal change for GRE [13]. This indicates that the tSNR of

bSSFP would have to be at least twice as high compared to GRE-EPI in order to

achieve comparable CNR, since the CNR (∆S/σ) is calculated by the product of

tSNR (S̄/σ) and the relative signal change (∆S/S̄).

Our original motivation in pursuing this work was based in part on the higher

thermal SNR (i.e., of single images) in bSSFP, but also the early observation of

reduced physiological noise in bSSFP in the cortex [13]. The hope was that these

effects might combine to overcome the reduced contrast in bSSFP to result in

improvements over GRE-EPI. What the present study has established is that the

phase interference effects introduced to 3D segmented acquisitions by physio-

logical noise in the brainstem are a significant barrier to this goal, and one that

the current methods are insufficient to surmount. However, outside the brainstem

there has also been a renewed interest in 3D acquisitions, particularly at 7 Tesla, in

order to overcome some of the challenges with GRE-EPI at higher fields. [52, 149].

Given the physiological noise becomes more apparent even in the cortical regions

at high fields [86, 150, 95], the methods developed here to correct for physiolog-

ical noise in 3D acquisitions could find their application in those situations. In

addition to noise being more significant, the reduced T∗2 should boost the contrast

in short-TE segmented acquisitions. For example, we are in the planning stages

of re-visiting the hippocampal FMRI described in chapter 4 at 7 Tesla.
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7.6 Conclusion

In this chapter retrospective corrections on 2D, 3D synchronized, and 3D non-

synchronized data were characterized and optimized. The efficacy of RETROKCOR

and RETROICOR was compared and refinements were made to the existing tech-

niques. It was shown that RETROKCOR can be improved by performing the cor-

rection on the real and imaginary channels instead of the phase and magnitude

as originally proposed.

Further, a modified version of the BIC selection method by Jenkinson et al., was

implemented and used to select the most suitable set of regressors for RETROICOR

and RETROKCOR corrections on 2D and 3D data. It was shown that a large por-

tion of the commonly used regressors does not explain more than a randomly

constructed regressor and therefore the BIC-selected subset was generally small

(the maximum number of regressors chosen was 6).

It was demonstrated that RETROICOR performs equally well as RETROKCOR

in highly segmented multi-shot sequences, even though only a single cardiac and

respiratory phase can be assigned to each volume in the time-series. This is a

welcome result, as RETROICOR simplifies the correction vastly by removing the

need for off-line reconstruction of the data. RETROICOR further allows the con-

found regressors to be included in the GLM together with the stimulus regressor,

which statistically is a better approach [74]. For example, if confound regressors

are correlated to the stimulus paradigm, a separate regression would always re-

sult in an underestimation of the functional activation as the overlapping signal

would always be fully contributed to the confound regressor.

Finally it was shown that the tSNR of fully correction 3D acquisitions are only

comparable to GRE-EPI when the volume acquisition time is set long enough

to achieve sufficient signal sensitivity. For a Tvol of 3.5 s. synchronized bSSFP

demonstrated comparable tSNR to GRE-EPI, but the tSNR was reduced consider-
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ably when the Tvol was reduced to 2 s. This shows that particular care should be

taken when protocols are set up for 3D FMRI.
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Seq. 3DSHORT-Data synch 3DSHORT-Data no synch
RETROKCOR RETROICOR RETROKCOR RETROICOR

b
S

S
F

P

ev19 cr ev19 cr
ev21 rvt ev21 rvt
ev07 respcos 01 ev07 respcos 01
ev01 cardcos 01 ev08 respsin 01
ev16 cossub 01c01r ev11 respcos 03
ev08 respsin 01 ev09 respcos 02
ev03 cardcos 02 ev02 cardsin 01

S
P

G
R

ev01 cardcos 01 ev19 cr
ev03 cardcos 02 ev07 respcos 01
ev08 respsin 01 ev21 rvt
ev22 drvt ev01 cardcos 01
ev04 cardsin 02 ev08 respsin 01
ev17 sinadd 01c01r ev02 cardsin 01
ev10 respsin 02 ev09 respcos 02

G
R

E

ev01 cardcos 01
ev02 cardsin 01
ev19 cr
ev07 respcos 01
ev21 rvt
ev03 cardcos 02
ev04 cardsin 02

Seq. 3DLONG-Data synch 3DLONG-Data no synch
RETROKCOR RETROICOR RETROKCOR RETROICOR

b
S

S
F

P

ev07 respcos 01 ev19 cr ev01 cardcos 01 ev01 cardcos 01
ev01 cardcos 01 ev21 rvt ev02 cardsin 01 ev02 cardsin 01
ev19 cr ev08 respsin 01 ev03 cardcos 02 ev03 cardcos 02
ev21 rvt ev07 respcos 01 ev04 cardsin 02 ev04 cardsin 02
ev16 cossub 01c01r ev02 cardsin 01 ev06 cardsin 03 ev07 respcos 01
ev04 cardsin 02 ev01 cardcos 01 ev05 cardcos 03 ev06 cardsin 03
ev03 cardcos 02 ev20 dcr ev07 respcos 01 ev05 cardcos 03

S
P

G
R

ev16 cossub 01c01r ev15 cosadd 01c01r ev01 cardcos 01 ev01 cardcos 01
ev07 respcos 01 ev19 cr ev03 cardcos 02 ev03 cardcos 02
ev15 cosadd 01c01r ev22 drvt ev04 cardsin 02 ev04 cardsin 02
ev08 respsin 01 ev21 rvt ev02 cardsin 01 ev02 cardsin 01
ev17 sinadd 01c01r ev05 cardcos 03 ev06 cardsin 03 ev06 cardsin 03
ev18 sinsub 01c01r ev08 respsin 01 ev05 cardcos 03 ev09 respcos 02
ev21 rvt ev18 sinsub 01c01r ev09 respcos 02 ev05 cardcos 03

G
R

E

ev01 cardcos 01
ev02 cardsin 01
ev04 cardsin 02
ev03 cardcos 02
ev07 respcos 01
ev05 cardcos 03
ev16 cossub 01c01r

Table 7.4: This table lists the order of the candidate regressors for the BIC selection. The
regressors were ordered based on the amount of variance explained each regressor explained
individually. The first 10 regressors are listed. The regressors in bold type face are the regressors
that were included by the BIC selection.
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Chapter 8

Summary and Future Work

This final chapter summarises the findings in this thesis and includes a discussion

on the significance of the developed methods described in the previous chapters.

In addition, future research ideas are outlined, including ideas for further refine-

ment of the developed methods and applications for functional imaging at high

magnetic field.

8.1 Thesis Summary

Characterization of 3D Sequences for Brainstem FMRI

In this set of initial experiments the potential of 3D bSSFP and RF-spoiled SPGR

was investigated. A characterization based on rapidly acquired 2D data sug-

gested a similar advantage in the brainstem for bSSFP over GRE than that was

found in the cortex in earlier work [13]. However, when a 3D readout is used

the instabilities increased dramatically. The sensitivity to physiological noise of

multi-shot 3D readouts is thus a severe obstacle that has to be overcome in order

to make 3D techniques viable for brainstem FMRI and take advantage of their

unique properties.
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Physiological Noise Associated with 3D Acquisitions

In this chapter the influence of multi-shot acquisitions on signal instabilities caused

by physiological noise was investigated. It was shown that the signal instabilities

mainly originate from regions of CSF and blood and are highly correlated to the

cardiac cycle. Several correction methods were explored, including novel ways to

spoil CSF signal in bSSFP acquisitions. Using simulations, a potential correction

method that employs synchronization of the k-space acquisition with respect to

the cardiac cycle was identified as the method to implement in vivo.

Cardiac Synchronization with Fixed Tvol

A new method which allows real-time cardiac synchronization of the k-space

acquisition was developed. A custom parallel imaging reconstruction was also

developed to allow for acquisition with a fixed volume frame rate. A fixed volume

frame rate has clear benefits for the paradigm design and data analysis in FMRI.

The method significantly improved the temporal stability in areas that were most

affected by cardiac-related signal fluctuations. In the brainstem the tSNR was

found to increase by up to 45% in 3D bSSFP data, and up to 20% in 3D SPGR

time-series data.

Optimization of Retrospective Corrections for 2D and 3D Acquisitions

A comprehensive assessment of two currently available correction techniques

was provided and their practicalities compared. It was found that the origi-

nal RETROKCOR method, which performs its corrections on the magnitude and

phase channels of the data, is sensitive to imperfections in the correction of outer

k-space locations. It was shown that this effect could largely be mitigated by

performing corrections on the real and imaginary data instead. Furthermore, a

method was implemented that selects the optimal regressor set by taking into

account the degrees of freedom in the GLM.
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Overall Conclusion

We have shown that the signal instabilities can be significantly reduced in 3D ac-

quisition methods with the correction methods that were developed. The final

comparison between optimized 3D bSSFP and GRE-EPI revealed that for brain-

stem FMRI at 3 Tesla 3D sequences have a comparable, but not superior tSNR.

Based on these findings and the fact that a higher functional sensitivity was

found for GRE-EPI in the cortex [12] we expect GRE-EPI to have superior CNR

in the brainstem. Nevertheless, we are optimistic that the methods developed

for this thesis will be valuable for other applications such as 3D FMRI at high

field strength. This is further discussed in the Future Research section below.

The somewhat unexpected result that RETROICOR appears to be just as capable

in removing physiological signal fluctuations as RETROKCOR for 3D FMRI is a

welcome finding as it greatly simplifies the correction in these sequences and thus

increases their general applicability to FMRI.

8.2 Future Work

As briefly mentioned in the previous chapter there has been a renewed interest

in 3D acquisitions for high resolution FMRI at 7 Tesla [149, 9]. In this regime 3D

acquisitions may have the greatest benefit, as issues such as limited slice thickness

and long volume acquisition times become more pressing for 2D GRE-EPI (i.e.,

B0 and B1 inhomogeneities become more apparent and Tvol is proportional to the

number of slices in multi-slice imaging). Poser et al. [9] have demonstrated that

3D acquisitions allow accelerated parallel imaging and Partial Fourier along two

dimensions, affording shorter volumes acquisition times as compared to 2D GRE-

EPI. However, the same study also reports increased sensitivity to physiological

effects in 3D acquisitions in the cortical regions at 7T. The methods developed in
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this thesis could therefore find excellent use in those applications.

High-resolution 3D FMRI at 7 Tesla

We are planning a study with the primary aim to develop methods that allow high

resolution, low distortion, FMRI of the visual area and hippocampus at 7 Tesla.

As 3D GRE-EPI has already been successfully used for high-resolution FMRI of

the visual cortex this will be our starting point. However, like the reduced T∗2 the

optimum T2 is also reduced at 7T, which is a reason for also including the bSSFP

as a potential candidate. A T2-weighted sequence will have the added benefit that

the spatial point spread function (PSF) of the BOLD response is smaller compared

to a T∗2-weighted sequence. At 7T the PSF is 2–3.5 mm for GRE and < 2 mm for

SE [48]. If the initial assessment of the sequences indicates that 3D acquisitions

are viable for visual and hippocampal FMRI at 7T, further developments will

be pursued, including extending the spatial coverage to allow for whole brain

coverage acquisitions.

Improving Spatial Coverage

In order to achieve whole brain coverage with a temporal resolution that is suffi-

cient for FMRI we aim to make several changes to the sequence. At the moment,

accelerated parallel imaging is not implemented into the sequence. However,

as noted above, 3D acquisitions have the advantage to achieve high acceleration

factors by subsampling the data in both phase-encode directions. Poser et al.

achieved compelling functional results using a 3×3 accelerated 3D EPI sequence.

We therefore aim to include parallel acceleration into our cardiac synchroniza-

tion method. With the protocols tested so far, on average 15% of the segments

are identified as being corrupt and replaced using our GRAPPA reconstruction.

This indicates that there is enough scope for additional acceleration by regularly
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subsampling the k-space lines in two dimensions. With this type of acceleration

the hope is to achieve an acceleration factor of 2×2 (i.e., a factor of 2 in each of

the phase encode directions).

Another acceleration technique, which has shown promising results is com-

pressed sensing (CS) [151]. Although the use of CS in FMRI is still in its infancy

this technique could potentially yield high acceleration factors with minimal loss

in image quality. CS requires the sampling pattern to be random such that the

aliasing due to the undersampling is non-structured. 3D acquisitions have a ben-

efit over 2D acquisitions in this perspective as they allow a wider range of (semi-)

random trajectories. A fairly straightforward trajectory to implement for example

would be sample lines along kx that are randomly placed in the ky-kz dimension.

Reducing the Sensitivity to Temporal Frequency Drifts

At 7 Tesla temporal frequency drifts are expected to have a bigger effect on bSSFP

data. It is crucial for bSSFP FMRI that the region of interest is placed in the pass-

band region of the bSSFP signal profile. Temporal B0 drifts caused by gradient

heating or oscillatory B0 fluctuations induced by the respiratory cycle could shift

the bands into the tissue of interest over the course of the experiment. If this

proves to be a limiting factor at 7 Tesla we intend to implement a real-time feed-

back method, which measures the B0 offset and updates the shims dynamically

using a simple navigator or FID similar to the method proposed in [58].

Optimization of the BIC approach

In the previous chapter the BIC criterion was used to place a certain penalty on

the inclusion of new confound regressors in RETROICOR or RETRKCOR correc-

tions. However, other selection criterions exist such as the Akaike information

criterion (AIC), which put different weights on the inclusion of additional regres-

sors. In order to fully test, which of the criterions is best to use, a functional study
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8.2. FUTURE WORK

would be needed in which the functional sensitivity could be compared between

data sets that are corrected using each of the optimization schemes. This type of

assessment could be included in the hippocampus study proposed above.
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Appendix A

Definition of the Confound
Regressors

This appendix provides a more detailed description on how the confound regress
ors used in Chapter 7 were calculated. Where appropriate, mathematical descrip-
tions are given.

Cardiac Phase

The cardiac waveform that is a trigger waveform that records a trigger each time
an RR wave in the ECG signal is detected. From the trigger waveform the phase
is calculated by:

ϕc[t] = ttrig[t]/TRR (A.1)

where ttrig is the time that since the last trigger and TRR the duration of the current
RR interval. This definition is identical to the definition of the cardiac phase used
for cardiac synchronization. The difference, however, is that the interval TRR of
each cardiac cycle can be determined by calculating the time difference between
the preceding and following trigger. In the case of cardiac synchronization, which
is performed in real-time, TRR had to be estimated from the average heart rate.

Respiratory Phase

In order to define the respiratory phase, the histogram-equalised transfer func-
tion as described in Glover et al. [71] was used. This approach takes into account
the depth of breathing and distinguishes between inhale and exhale. The con-
tinuous respiratory waveform, R(t), is normalised to the maximum amplitude of
inhalation, Rmax such that the range is (0,Rmax). From this normalised waveform
a histogram, H(b), is calculated. For a given value R(t) the respiratory phase is
defined by the area under the histogram left of R(t) divided by the area under
the entire histogram, and multiplied by the sign of dR/dt:
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ϕr[t] = π

∑[R(t)/Rmax]
b=1 H[b]∑[Rmax]
b=1 H[b]

sgn(
dR

dt
) (A.2)

Using this approach, the end-expiration is assigned a phase of 0π, whereas
peak inspiration is assigned a value of ±π depending on whether we are at the
end of inspiration or at the start of expiration.

Frequency Regressors

The frequency regressors are defined by the low order Fourier terms. The first
order is the primary frequency, whereas the higher orders are also called the
harmonics. Per order two regressors are generated, which are calculated by taking
the sine and the cosine value for the current cardiac or respiratory phase. The
signal that describes the cardiac (C[t]) and respiratory (R[t]) fluctuations can be
written as the sum of the regressors:

C[t] =
M∑
m=1

[βmc1cos(mϕc[t]) + βmc2sin(mϕc[t])]

R[t] =
N∑
n=1

[βnr1cos(nϕr[t]) + βnr2sin(nϕr[t])] (A.3)

Here, m and n are the order for the cardiac and respiratory waveforms, respec-
tively. For the study in Chapter 7 we used: M ≤ 3 and N ≤ 4. The β’s are the
individual amplitude of each of the regressors that are estimated by the linear
regression.

Interaction Regressors

The interaction terms describe the interactions between the cardiac and respira-
tory (for example the effect of respiratory-induced pressure changes on the car-
diac rhythm). Per order four regressors are created. The regressors are given
by:

X[t] =
M∑
m=1

N∑
n=1

[βm,nx1 sin(mϕc[t] + nϕr[t]) + βm,nx2 cos(mϕc[t] + nϕr[t])+

βm,nx3 sin(mϕc[t]− nϕr[t]) + βm,nx4 cos(mϕc[t]− nϕr[t])] (A.4)

Again, β denotes the amplitude for each regressor that is estimated by the linear
regression, and M and N represent the Fourier orders that are generated. In
Chapter 7 only first order regressors (M = N = 1) were used.
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Cardiac and Respiratory Rate

Using the approach described in Shmueli et al. [77] the cardiac rate was calculated
by taking the inverse of the period of each RR interval. This waveform was then
smoothed with a moving average filter that spanned 10 s. The resulting signal
was re-sampled at the acquisition rate of each k-space segment (in the case of
RETROKCOR) or each slice (in the case of RETROICOR).

For respiratory, a regressor that takes into account the respiratory volume per
time (RVT) was generated. The same procedure as described in [76] was followed.
First, the amount of air inspired by each breath was calculated by taking the dif-
ference between the minimum and maximum peaks of the respiratory waveform.
This difference is then divided by the duration of the respiratory cycle (i.e., the
time between the peaks). The resulting waveform was smoothed with a moving
average filter that spanned 10 s.

For both these regressors the derivative was included to allow for temporal
shifts of the regressors.
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