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1 Introduction

Pre-processing is necessary in fMRI analysis in order te tak data from the scanner and prepare it for statistical
analysis. This talk describes the various pre-processessvhich occur prior to the the statistical analysis
(which estimates where significant activation occurred,iamescribed in the following talk). The pre-processing
steps take the raw MR data and apply various image and sigoe¢gsing techniques to it that reduce noise and
artefacts. These steps are crucial in making the stafigtizalysis valid and greatly improve the power of the
subsequent analyses.

The usual method of pre-processing is to apply a sequenceiofdual processing steps in a particular order.
However, it is increasingly being recognized that many efthsteps are not independent and that some power
is lost in the statistical analysis by ignoring the inteiaas between these pre-processing steps. Consequently,
there is a move towards developing more integrated appesachpre-processing, and ultimately it is likely that
more advanced analysis techniques will incorporate batbelpre-processing steps and the statistical analysis
within one unified framework. At present, though, it is stiimmon to have separate, independent pre-processing
steps, each of which can have considerable impact on theskatistical analysis and so need to be understood
and considered carefully. The following sections will dése these individual pre-processing steps, including
information on why they are important, how they are impletedrand what impact they have on subsequent
analysis stages.

2 Reconstruction from K-Space Data

The raw MR signal is obtained by digitizing the demodulatéddynal detected by the receiver coil. This raw
data does not resemble a typical image, but instead is “keSphata — that is, a spatial frequency transformation
of the familiar image-space. In order to reconstruct thep&eg data into image-space, so that the image may
be viewed and analysed, an inverse transformation is reqjuit his is usually performed using a Fast Fourier
Transform if the data is sampled in a regular grid in k-spadereas for sequences like spiral-EPI it is necessary
to either re-grid the data prior to transformation, or to agifferent form of transformation. In addition, fMRI
data acquisitions normally occur one slice at a time andad-turier transform is performed in 2D on each slice
independently, although other types of images, such as dighted structural images, often use MR sequences
that require 3D Fourier transforms.

As MR images, and particularly EPl images, are suscepiiblatious acquisition-related artefacts, the recon-
struction stage often includes some form of artefact ctime¢echnique. For example, standard EPI data usually
contains an artefact known as tR& ghost (or Nyquist ghost). This artefact manifests itself as a loingensity
replication of the main image, shifted by half the field-aéw in the phase-encode direction. By using additional
phase information, acquired in a separate reference imegenstruction techniques can perfaghost correction
which typically reduces the intensity of the ghosted imagless than 5% of the main image intensity. For more
detail on this and other artefact correction techniquesHhdata, see [18].

3 Motion Correction

If a subject moves their head during an fMRI session, thetioosof the brain within the functional images will
vary over time. This means that any particular voxel's tirages does not (over time) refer to the same point in
the brain. This motion can vary from small, sub-voxel motiotarge, obvious motion. However, even sub-voxel
motion has a detrimental effect on the statistical analystspecially for smaller activations and in areas near
major intensity boundaries. Therefore, motion correcisoalmost always desirable in fMRI experiments, and is
often of crucial importance.



Motion correction amounts to finding a common orientationdibimages within a given session and resam-
pling the original data to this reference orientation. Tikissually achieved by performing a separate 3D image
registration of each image in the series with a chosen neferenage. For example, if the reference image is
chosen as image 1, then every image in the series (from imsgarage N) will be registered and resampled to
be in the same orientation as image 1. As all images in an fMBé&ement are of the same object, taken with
the same MR sequence, rigid-body spatial transformatiarat{on and translation only) along with intra-modal
voxel-similarity functions (like normalised correlatipare typically used to model the change between one image
and the next, as described below.

In addition to rigid-body motion, there are also some sosigfaon-rigid motion that are usually present. For
example, there is pulsatile motion of the soft brain tissdisng the cardiac cycle. Even bulk motion of major
chest organs during respiration will change the magneli ield distribution throughout the body (including
the head) and will therefore affect the geometry of the insagelucing non-rigid motion. It is possible to reduce
the extent of some of these motions by using methods suchrdisicgating of the images (acquiring at the same
point in the cardiac cycle each time). However, the major ponent of motion is due to rigid movement of the
head in the scanner. For more detail on physiological nese[13, 14].

3.1 Using Registration for Motion Correction

The standard approach taken in motion correction is to g@iproblem into a series of separate 3D registration
problems, as described above. These registrations usraliyoy a within-modality voxel similarity measure,
like mean-square-difference or normalised-correlatiorguantitatively determine when the images are in good
alignment. This, together with a standard local optim@atilgorithm, is sufficient for most motion correction
problems since the images are all taken with the same MR segugiving the same tissue intensities and con-
trast) and do not have large changes in position (comparédalianges between sessions). Such registrations
can be performed quite rapidly, since the resolution of t@ges is relatively low and only 6 degrees-of-freedom
(DOF) transformations are used (i.e. rigid body). For instg a 200-image series can typically be motion cor-
rected in less than 15 minutes — that is, less than 5 seconitaage.

In this standard approach to motion correction, it is neangd® choose &eferenceimage, with which all other
images will be aligned. Normally this is simply an arbitraipgle image from the original data. However, care
needs to be exercised when choosing this reference, asshienfiige from the sequence can look quite different
to all subsequent images, due to MR saturation effects éifitftial images have not been removed). Also, if
within-scan motion blurring is significant in this image arde activation signals are present, then it is a poor
candidate for the reference. Furthermore, to minimise theuant of interpolation required to resample the images
it is desirable to choose a reference image in an “averagstipo, which for long, slow movements (which are
relatively common) is likely to occur near the middle of tlession. There is no consensus on which is the “best”
choice for the reference image, although itis likely to Isslienportant in the future as more sophisticated methods
of motion correction are developed that do not separate siaigge reference, but instead use all of the time series
information simultaneously [3, 4, 16].

3.2 Additional Motion Artefacts

Simple alignment of the images, however, cannot removéalkffects of motion on the images, and intensity-
based motion artefacts will still remain in the images [1These artefacts are due to several causes such as
within-scan motion, between-slice movement, and induggfield changes, as well as the effect of interpolation
during resampling in the motion correction stage. SucHaate introduce extra intensity variation into the time
series which affects the later statistical analysis byegiidding extra unwanted noise (making true activations
harder to find) or, more problematically, mimicking actieatsignals (leading to the detection of false activations)
The latter situation arises most commonly when ther&iisulus Correlated Motion — that is, motion which is
correlated, or synchronous, with the applied stimulus.

One of the most discussed motion artefacts isstiie-history effect [9]. This occurs when there is between-
slice movement such that certain nuclei in the object go foora slice to another, resulting in a change in the
timing of the RF excitations they receive. Such timing chemgre significant as they depart from the stable
saturation cycle that the nuclei are in when there is no mofiherefore, the signal will be artefactually increased
or decreased (depending on the direction of motion), dypdesaturation-like effects similar to those seen in the
first few images of a scanning sequence.



Another artefact that has received attention recentlyadrteraction of motion andB, field inhomogeneity.
Field inhomogeneities are the result of differences irugssusceptibilities in the head and cause significant local
signal loss and geometric distortion in EPI which varieswilite orientation of the head. This effect can be reduced
by modelling or estimating the field inhomogeneities (eeg 3]).

One way to deal with general motion-related intensity \té&ies is to remove all trends from the time series
that have the same form as the voxel displacement (as meélaguring the transformation estimation stage in
motion correction). This assumes that the artefact will b@pprtional to the displacement of the voxel from
its usual position. The removal of the trend can be achiewegdther the pre-processing stage (by decorrelation
of the data) or in the later statistical analysis (by usingsthdisplacements as regressors of no interest — or
confounds — see [5, 9]). However, for strongly stimulusretated motion, there is little difference between true
activation signals and the motion displacements and sodiffisult, if not impossible, to distinguish between
the two. Consequently, in this situation, the removal ohstiends has the undesirable effect of also removing a
substantial proportion of the activation signals themsglv

Until recently, attempts at motion artefact correctiond#eated the various effects separately. However,
as there is significant interaction amongst the varioudaat®, and the artefacts have significant impact on the
accuracy of the basic motion correction methods, more rekes focusing on simultaneous motion correction
and artefact removal methods (e.g. see [3]).

4 Slice Timing Correction

Functional volumes are normally acquired one slice at atiitiethe timing of the slice acquisition evenly spread
over the repetition time (TR), which is typically a few sedsnTherefore it is not correct to assume that all slices
were captured at the same time, or that the timing in all wisethe same, which is a common assumption made
in the later statistical analysis. If this change in timisgbt correctly accounted for then the relative timing of
the stimulus and response will not be matched and consdytleatstatistical analysis will not be able to fit the
model with optimal accuracy.

Slice timing correction aims to adjust the voxel time seseghat a common reference timing exists for all
voxels. The reference time is often chosen as that correlspgto the first slice. The temporal adjustment is
usually achieved by shifting the time series of values s$ljgforward or backward in time (as all corrections are
less than one TR), using some form of interpolation. Foraigwith a limited range of frequencies (band-limited)
the optimal interpolation method is sinc interpolation attts, convolution in time with a sinc function kernel.
However, not all measured signals will be within the corfestjuency range for typical fMRI experiments and so
other forms of interpolation may be better, and other ofstiare available.

One complication in the above formulation is if head moti@eurs such that locations in the brain move
between slices. The signal from these locations will themeebe incorrectly located both in space and in time.
Motion correction attempts to correct for the global sgdtieations but usually assumes a simple rigid-body mo-
tion has occurred and cannot correct for non-parallel slampuisitions. Similarly, slice timing correction methods
usually assume that all voxels in a slice have the same tianiggcannot correct for spatial variability within the
slice. Ideally a combined approach to both slice timing amdiom correction is required (e.g. see [4]), although
such techniques are still very new and not in common use.emit&antime, it is necessary to correct for the two
effects separately, where the most common choice is to afip/timing correctiomfter motion correction since
the interpolation in time is normally a second order coicgctompared to the spatial interpolation of intensities
near tissue boundaries.

5 Spatial Filtering

The next stage of fMRI analysis is the spatial filtering (olutiing”) of each volume. There are two reasons for
applying spatial filtering as a pre-processing step; firbllyrring can increase signal-to-noise ratio in the datd, a
secondly, certain later statistical steps, in order to e Meequire the functional images to be spatially smooth.



5.1 Reasonsfor Spatial Filtering

The Signal-to-Noise Ratio (SNR) is a measure of the ampitfasignal of interest compared with the noise level
(standard deviation). The signal of interest, in this casthe change in image intensity resulting from the stimulus
induced activation via the BOLD effect. The noise is the widable random variations in image intensity which

are present even when no stimulation is applied. Typictdily,change in intensity due to stimulation is between
0.5% and 5% of the average intensity, and the noise leveligdsn 0.5% and 1%.

The main reason for performing spatial filtering of the fMRita is to reduce the noise level whilst retaining
the underlying signal. Noise is reduced since the blurnimgfion is effectively a local averaging, so that unrelated
noise values in the local neighbourhood will tend to caneeheother out. However, in order for the underlying
signal to not be reduced along with the noise, it is requined the extent of the blurring is no larger than the size
of the activated region. Therefore, if it is likely that thetigated regions will be very small then spatial filtering
should not be carried out.

The secondary reason for spatial filtering is that GaussamdBm Field theory [10], which is often used
for statistical thresholding, is only valid when the datapstially smooth. However, the amount of smoothing
required for this is generally quite small — a 4mm width bilgrfunction is generally adequate.

Alternative methods to simple spatial filtering also exidthese methods not only avoid the necessity of
setting an arbitrary smoothing amount (the width of thethgrfunction) but, by incorporating more sophisticated
models, can considerably improve the sensitivity of théstteal analysis. One alternative approach [17, 20] is to
use a set of differently sized spatial filters to form a scgdaee which can then be analysed later to find activations
of a range of sizes. This approach can be used to set an ajgtecgpatial scale for a given set of experiments
or, along with appropriate multiple-comparison corresipcan be combined and thresholded directly. Another
alternative approach is to combine spatial informatioriffecent ways, either with Markov Random Fields or with
non-linear filtering [6, 12]. These methods make it possiblspread information spatially without necessarily
blurring the signal of interest. In other words, voxels saectively use information from their neighbours, which
should result in clearer fine detail within activation ckrst As such alternative developments mature, the use of
simple spatial filtering may become obsolete.

5.2 Implementation of Spatial Filtering

The most common method of carrying out spatial filtering isdgavolve each volume with a Gaussian filter. The
width of this filter, usually expressed in mm, determinesdkgent of the blurring that takes place. A width of
between 3 and 10 mm full-width-half-maximum (FWHM) for fMRhages is most common, where the term
FWHM refers to the full width of the kernel (the Gaussian)ha points which are half of the value of the central
maximum.

Figure 1 shows an example image and the effect that using axIOMHM smoothing filter has on it. Both the
images themselves and the example intensity profiles thrthegimages clearly show the effect of the blurring.
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Figure 1: Effect of spatial filtering. Left: single slice frooriginal image with source of 1D profile (plotted as
solid line) shown. Middle: single slice from filtered imag&@{HM=10mm) with source of 1D profile (plotted as
dashed line) shown.



In three dimensions, the convolution filter can be visudligs a blurred sphere, although in practice the 3D
filtering operation is usually implemented either as 3 safgat D filters (inz, y andz) or via multiplication in
Fourier space (that is, k-space).

6 Intensity Normalisation

The intensity normalisation stage of the pre-processitegrgits to rescale the mean intensity of the fMRI signal
in order to compensate for variations of global signal boitihiw sessions and between sessions. In the former
case the normalisation attempts to compensate for charigetensity with time, while in the latter case the
compensation is for changes from session to session. Thweseases will be discussed separately here as not
everyone agrees that they are both necessary in fMRI.

Within-session intensity normalisation is particularlgcessary in image modalities where the global signal
changes significantly, such as in PET (Positron Emissionofpaphy) where the decay of the radioactive tracer
leads to a substantial global decrease in signal over timaieder, for fMRI, the magnitude of the global change
is smaller and considerably slower than the acquisitioa (&R), making it appear as a slow drift. This slow
drift can be removed in several ways, such as temporal fijefilescribed in the next section), modelling the
mean intensity as a confound in the statistical analysisg/arding intensity normalisation. There is currently no
consensus on whether within-session intensity normaisé actually necessary in fMRI to compensate for such
drifts, although it is still relatively common to apply it fMRI data in practice.

In fMRI, within-session intensity normalisation is comntpearried out by finding, for each volume sepa-
rately, the mean intensity across all voxels which have &mnsity above a predetermined thresRplithen all
intensity values (within the volume) are rescaled by a aomstalue, so that the new mean intensity becomes a
preset value — for example, 10000. There is, however, a wigebgnised problem with such a method of intensity
normalisation. That is, if strong activation occurs, thiea activation itself will increase the mean intensity, such
that a volume which contains strong activation will have difiaially high mean intensity. Thus, after normalisa-
tion the “non-activated” parts of the volume will be negativcorrelated with the stimulation, and will show up as
“deactivation” in the final statistical image. This is clgaio be avoided — see, for example, [1]. Similarly, some
experiments directly alter mean intensity level (for ex#mii overall oxygenation is being modulated during the
session) in which case mean-based intensity normalisatiagain, problematic.

There are two possible solutions to this problem. The ealtisn is simply not to carry out intensity nor-
malisation — especially as it is arguably unnecessary fonabfMRI data. Alternatively, in cases where intensity
normalisation is indeed necessary, a more robust estimafiglobal intensity which is not sensitive to strong
local activation can be used. For example, a median intgrsgtead of a mean, might be expected to be appro-
priate, as it is relatively insensitive to such “outliere”data. Alternatively, it is possible to iterate between the
statistical analysis and intensity normalisation [2],ngsthe statistical results to mask out the activated areas in
the intensity normalisation stage. However, such iteeagthemes are very time consuming and not guaranteed
to converge to the correct (globally optimal) solution. @umtly, no general robust solution is in wide use.

On the other hand, between-session intensity normalis&tiosed to compensate for variations of the global
intensity across sessions. This is almost always used in #\dRtherwise problems can occur in second-level
(multi-subject) analyses. For example, if one session haéan intensity twice that in another session then the
fitted activation parameter estimates would also be doierf the same activation). A random-effects group
analysis would then see this, incorrectly, as betweeriegsesariability in response.

In the case where within-session intensity normalisatesieen applied, then nothing more needs to be done,
otherwise, a between-session intensity normalisationiimally performed. This operates in the same way as the
within-session version but instead of a volume by volumenrietensity estimate, it makes a session by session
estimate, scaling each session (4D data set) by a single iralurder to have a preset mean intensity across the
session. This is sometimes referred tageend mean normalisation, and is less problematic than within-sessio
normalisation since the mean is taken over many volumessatheiefore less affected by the activation signal.

1This could be defined, for example, as 10% of the maximum velimtensity. The reason for thresholding is that one is amigrested
in the mean intensity of “brain” voxels, and not background.



7 Temporal Filtering

Temporal filtering works on each voxel's time series semdyainstead of working on each (spatial) volume
separately, as in spatial filtering and intensity normétisa This stage of the pre-processing chain is carried out
after all the spatial processing is done since operatitesigh pass filtering remove the mean signal, which is
often critical for stages such as motion correction or istigmormalisation. Furthermore, as most basic statistica
analyses also operate directly on voxel time series thigrifi stage can be implemented as a separate pre-
processing stage or directly as part of the statistical nitting.

The main point of temporal filtering is to remove unwanted ponents of a time series, without, of course,
damaging the signal of interest. For example, if a stimatats applied for 30 seconds, followed by 30 seconds
rest, and this pattern is repeated many times, the signaitefest will be close to a square wave of period 60
seconds. Temporal filtering will normally attempt to remegeenponents in the time series which are more slowly
varying than this 60s periodic signal (high-pass filteringloft removal) and also remove components which are
more quickly varying (low-pass filtering, or noise reduafioFigure 2 shows an example time series, decomposed
into the different frequency components.
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Figure 2: An example unfiltered time series from an activatexel. The raw time series is decomposed into
three components: low frequency artefact (or drift), higdgfiency artefact (or noise) and the expected signal of
interest, caused by the stimulation.

7.1 High-passFiltering

High-pass filtering attempts to remove all slowly varyinguamted signals in each voxel's time series. Such
confounds could be physiological effects like heartbedtreathing, or scanner-related drifts. Note that although
the physiological effects may primarily occur at highemguencies than the (stimulus-related) signal of interest,
the temporal sampling (taking one volume every few secoimdsjacts with the original frequency to give an
apparent signal at a much lower frequency. This is known iasiay, and is equivalent to watching propeller
blades appear to turn slowly when viewed on television. éNloat some researchers — e.g. [13] — have attempted
to remove physiological artefacts in a more sophisticatag thian simple high-pass filtering, including feeding
measurements of the cardiac and respiratory cycles intaltf@ithm, but this kind of approach is not yet in
common use.)

If slowly varying signals are not removed from a voxel's tiseries then the apparent noise ((eiduals) in
the later statistical analysis will be higher than necgsdione supposes that low frequency signals do not relate
to the stimulation, it is therefore worthwhile removing e This will result in better fitting of the stimulation-



derived model to the data, and more significant activation.

Of course, it is important that the high-pass filtering doesaorrupt the stimulus-related signal. If the cutoff
period of the filter is too low (i.e. cutoff frequency too hjgkhe signal of interest will be reduced or even elimi-
nated. This is particularly important in block-design estipeents, whereas for event-related designs the danger is
much less. Thus it is normal to set the cutoff period at 1.®$nme period of the stimulation. For example, if the
stimulation is 10 volumes off, 10 volumes on, repeated mamgsg, then a cutoff period df.5 x (10 + 10) = 30
volumes is safe. The selection of an appropriate cutofipgeninen complex block-design experiments are to be
analysed requires careful thought. For example, take an@&E2AC. . . design, where A is the rest (or control)
condition, and B and C are different types of stimulatiohpédcks (A, B and C) consist of 10 volumes. If the
response to B is to be compared with the response to C, th# patad should be at leagt5 x 4 x 10; anything
smaller would result in a loss of sensitivity to this contras

High-pass filtering is often achieved by finite impulse resgm(i.e., convolution-based) linear filters, with
designs such as the Butterworth filter. The design normatynits both the cutoff period and the sharpness of
the cutoff to be specified. Although this kind of filtering isnple and in common use, some have an unfortunate
side-effect in that they can induce negative auto-coiimiatinto the signal (i.e., an oscillatory component), viahic
can confound later measurements of intrinsic temporal shmass (see the following section for more on this).

Alternatively, as mentioned previously, it is possible todel low frequencies within the later statistics instead
of removing them at this stage. These trends are treatedrdswals within the modelling and so effectively
ignored when calculating contrasts of interest. This is wmmly achieved by placing a series of low frequency
cosine waves at a range of frequencies in the model — a lirmabination of these then fits the actual drift in
the data. This solution does not suffer from the problem dfizing negative auto-correlations in the data and
correctly accounts for the change in degrees of freedontiediby the filtering.

7.2 Low-passFiltering

Low-pass filtering attempts to reduce high frequency naigsach voxel’s time series, without affecting the signal
of interest. As with the high-pass filtering, it is importaotchoose a filter that removes noise without corrupting
the underlying stimulus-related signal.

It is common to carry out low-pass filtering via a simple lineanvolution with a Gaussian kernel. This can
be thought of as a “blurring” function, and is identical iretity to the Gaussian spatial filtering described earlier.
Because it is normal to use a fairly narrow Gaussian, i.aryaaut relatively little blurring, this does not do
much more than replace each time point with the originaleglus a small fraction of its immediate (temporal)
neighbours’.

One danger with low-pass filtering occurs when using it witkerg-related experiments, since these often
contain signals of interest which are rapidly changing. &oample, very brief stimulation may give rise to
narrow peaks in the resulting time series. Low-pass filtenray suppress these signals, thus reducing the power
of later statistical analysis.

Another danger arises because of the increases in smostbhése time series due to low-pass filtering.
(“Smoothness” — sometimes referred to as positive autetadion — means that the intensity at any given time
point is likely to be closer to its neighbours’ values thaluea elsewhere in the time series.) Smooth data contains
less effective, or truly independent, time points than ttiea@ number of points. Later analysis needs to correct
for this smoothness, otherwise reported significanceshailbverestimated, resulting in false positives. Related
to this, certain statistical approactrel/ on low pass filtering, in order for later calculations of sriio®ss to be
well-conditioned [7, 8].

It has relatively recently been shown [19] that if one is dblebustly and accurately characterise the nature of
the intrinsic temporal smoothness of the fMRI data, themtlost efficient approach is to carry out no smoothing
at all, and instead “prewhiten” the data within the statetanalysis. Thus, with this method, no low-pass filtering
is applied.

Other researchers have looked at more sophisticated Ieg/fjgering, including wavelet filtering, Markov
random fields, local enforced monotonicity and local ne@lrthood smoothing [15]. It has not yet been con-
clusively shown that such approaches are of general behefiever, whilst many researchers still regularly use
linear low-pass filtering of fMRI data, the interest in moophisticated non-linear methods, both in pre-processing
and as part of the statistical analysis, is increasing.
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