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WHAT THEY DON’T TEACH YOU AT MEDICAL SCHOOL

Functional magnetic resonance imaging

agnetic resonance imaging is a
means of non-invasively imaging
volumes in three dimensions and
is commonly used to examine the struc-
ture of the brain for evidence of pathology.

However, the brain’s structure (at least

from such a macroscopic perspective) does

not necessarily determine function.

Since the development of phrenology by
Franz Joseph Gall in the late 18th century,
identifying brain regions with specific
functions has become a central theme in
neuroscience, and has arguably guided
neuroimaging and ‘brain mapping’ over
the past few decades. Centuries of scien-
tific exploration have concluded that the
functions cannot simply be localized to
parts of the brain. Rather, the brain
adheres to two fundamental and mutually
dependable properties of functional organ-
ization:

1. Functional segregation, which states
that the cortical infrastructure support-
ing a behaviour or function involves
multiple components that are special-
ized in processing task-relevant infor-
mation, and are often spatially distrib-
uted

2. Functional integration, which states
that proper function is dependent upon
optimal integration, or communica-
tion, of specialized
(Friston, 1994, 2011).

The specialization of a given cortical

components

region is determined by its functional con-
nections, and vice versa, thus any distur-
bance in either the viability of a specialized
brain region or the brain’s ability to inte-
grate information will lead to a distur-
bance of proper function. From a clinical
perspective, this could produce signs,
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symptoms or a clinical phenotype. Early
lesion studies and invasive electrical stimu-
lation observations were once the only way
to ascertain cortical function. In the early
1990s, it was discovered that magnetic
resonance imaging scanners could be used
to provide an alternate, non-invasive means
to map cerebral function. So-called ‘func-
tional magnetic resonance imaging’ has the
added benefit of being able to sample func-
tion across the whole brain (almost) simul-
taneously. This article discusses the basics
of functional magnetic resonance imaging,
and how it is used in neuroscientific
research.

The BOLD contrast mechanism
Active neurons consume both glucose and
oxygen but have no internal stores of either
substance. When metabolic activity within
a brain region increases, it therefore receives
an increase in blood flow to match the
demand. This ‘neurovascular coupling’ is
tightly regulated in space and time.

Oxygenated and deoxygenated haemo-
globin in the blood have different mag-
netic properties that can be detected with
a magnetic resonance imaging scanner.
Functional magnetic resonance imaging
measures this blood oxygen level depend-
ent (BOLD) signal as a means of tracking
the haemodynamic response accompany-
ing neural activity in the brain (Ogawa et
al, 1990, 1992). Using functional mag-
netic resonance imaging, it is therefore
possible to infer which areas in the brain
are more active when people perform spe-
cific tasks.

The brain is separated into three-dimen-
sional units called voxels, representing
small cubes of data (usually ~ 3x3x3 mm,
corresponding to approximately a million
neurons) collected from a specific location
within the brain. This ‘spatial resolution’ of
functional magnetic resonance imaging
(how precisely it indicates where activity is
occurring) is better than that of other com-
parable neuroimaging methods, such as
electroencephalography or positron emis-
sion tomography.

Numerous scans are acquired to track
changes in the BOLD signal over time and
each scan usually takes a few seconds to

acquire. This ‘temporal resolution’ of func-
tional magnetic resonance imaging (how
precisely it indicates when activity is occur-
ring) compares favourably to positron
emission tomography, but is inferior to
that of electroencephalography which
operates over a period of milliseconds.

Functional magnetic resonance imaging,
therefore, provides a non-invasive, radia-
tion-free technique to evaluate the func-
tion of the whole brain with a relatively
high degree of spatial precision over a
period of seconds.

Analysis

Locating function in the brain

After collecting the data from a magnetic

resonance imaging scanner, it is first ‘pre-

processed’. Preprocessing is a series of

transformations applied to the raw data in

order to ensure that the serial images are:

1. Spatially aligned with each other

2. Aligned to a common template (used
throughout the imaging literature to
allow comparisons between studies)

3. Optimized with regard to signal-to-
noise for statistical analysis.

Standard functional magnetic resonance

imaging statistical analyses traditionally

consider activity in every individual voxel

separately using a general linear model.

At each voxel, the general linear model is
used to test the hypothesis that the
observed data (the BOLD signal at various
time points — y in Figure I) can be
explained by a linear combination of
explanatory variables (e.g. the task being
performed — x1 in Figure I), with some
residual error (c in Figure I). The onsets
and durations of stimuli presentation are
specified, creating a ‘neural model’, which
essentially tells the analysis when the stim-
uli are present. The neural model is then
combined with (convolved with) the so-
called ‘haemodynamic response function’
to produce a model of the haemodynamic
effect that stimuli elicit. The resulting
‘haemodynamic model’ attempts to pre-
dict what a BOLD response to the stimuli
onsets would look like.

The haemodynamic response function
takes into account the time delay between
neural activity occurring and the associated
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increase in supply of oxygenated blood.
Other covariates of no experimental inter-
est can also be included in the model, to
account for potential sources of noise such
as head movement.

Model parameters are then estimated for
every voxel to provide the best fitting
model of the observed functional magnetic
resonance imaging responses. The output
of this analysis is a set of parameter esti-
mates () for each explanatory variable at
every voxel. The f values correspond to
how much the explanatory variable pre-
dicts the observed BOLD signal, taking
into account the noise and covariates of no
interest (Figure I).

The f values from each voxel for a given
explanatory variable can be interrogated
using classical statistics to produce an
‘image’ of statistics, in other words identi-
fying which voxels in the brain are most
significantly predicted by the stimulus
presentation. In crude terms, it shows
‘blobs” on brains, highlighting which areas
are particularly active for certain experi-
mental conditions — see example in Figure
2.

The f values from each voxel can be
combined with comparable values from
other subjects to look for group effects. In
turn, groups of individuals (e.g. patients vs
controls) can similarly be compared to
identify potential biomarkers of disease.

Beyond ‘blobology’

The standard analysis method described
above, known as the ‘mass-univariate’
approach (or its more derisory alternative
‘blobology’), considers voxels in isolation,
looking for those which show a linear
increase in activation in response to certain
experimental conditions. However, there
are numerous powerful new techniques
which offer additional opportunities for
interrogating functional magnetic reso-
nance imaging data.

More subtle differences in neural repre-
sentations related to the patterns of activity
across multiple voxels can be examined
using machine learning algorithms. One
such technique, multi-voxel pattern analy-
sis, can be used to decode patterns of acti-
vation within a brain region to make
accurate predictions about what a subject

Figure 1. Locating function using the general linear model. A ‘nevral model’ is specified — the blve

time series = that shows activity increases during presentation of the stimulus (the happy face).

The haemodynamic model — the red time series — is simply the neural model combined with the
haemodynamic response function (see glossary), forming an explanatory variable (x,) in the general
linear model. For each voxel, a B valve is estimated, which is converted to a T statistic to determine the

strength of the effect of x, on y.
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A subject lies in the scanner looking at a fixation
point on a screen in front of them. Every 3 seconds,
Blood Oxygen Level Dependent signal from their
whole brain is collected (black line). Every so often,
a happy face appears on the screen for 20 seconds
(pink squares).
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‘Neural model’ = Hypothesised neural timecourse for regions engaged by stimulus
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For each voxel,

‘Haemodynamic model’ = Haemodynamic signature of neural model (regressor x1)

Which voxels display Blood Oxygen Level Dependent signal that resembles our haemodynamic model?

y=pixitc

i.e. the observed data (y) is a linear combination of the haemodynamic model
multiplied by its B, and noise (c). The larger B, the greater xi predicts y.

was doing at the time; for example, which
of two different memories he/she was
recalling (Chadwick et al, 2010), or what
type of items he/she was viewing (Auger
and Maguire, 2013).

Multi-voxel pattern analysis and related
techniques provide a more sensitive means
to examine subject-specific patterns of activ-
ity and how they relate to specific experi-
mental conditions. This contrasts with
mass-univariate analyses which reveal infor-
mation about the variability and mean levels
of activity across numerous participants.
Both these techniques are useful for investi-
gating how responses within a brain region
relate to the demands of different tasks.
However, given the widespread structural
and functional associations between differ-
ent brain regions, there is also a need to
consider these interactions. This can be done
with functional magnetic resonance imaging
using various types of connectivity analysis.

‘Connectivity’ and functional
magnetic resonance imaging

The 100 billion neurons that comprise the
human brain do not work in isolation.
Anatomically, these neurons form a rela-
tively invariant structural architecture,
upon which rests a dynamic, modular and
hierarchical functional network, capable of
the rich computations that underpin cog-
nition. The brain can be considered a large
and densely connected network, composed
of sub-networks, which are themselves
comprised of many sub-modules that com-
pute lower-level operations (Buckholtz and
Meyer-Lindenberg, 2012; Park and
Friston, 2013). Defining a connection in
vivo has traditionally been more compli-
cated than defining a component (or node)
of a network; definition of nodes has been
discussed above. At the macro-level, the
literature generally examines three types of
connectivity:

Structural connectivity

Structural connectivity refers to the abun-
dance of white matter projections between
nodes, usually inferred using diffusion ten-
sor imaging — not functional magnetic
resonance imaging. These measures are
unable to determine direction or differenti-
ate excitatory or inhibitory connections.
For this, some tracing techniques can be
used, but obviously are limited to post-
mortem examination.
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Functional connectivity

Functional connectivity refers to any statis-
tical dependency between functional time
series of distant nodes. This is most com-
monly a correlation between the BOLD
signal of two regions. As before, this form
of connectivity is symmetrical, and is
unable to identify excitatory or inhibitory
connections, simply that the functional
signature of two regions is correlated.

One feature of functional organization
that became apparent from the early days
of functional magnetic resonance imag-
ing is that regions with similar functional
specialization display significant func-
tional connectivity both during task per-
formance, and while subjects lie at rest in
the scanner (Biswal et al, 1995). Given
the relative ease of collecting data in the
‘resting state’ in patient cohorts, and the
existence of endogenous functional con-

nectivity, these forms of analyses have
become increasingly popular in biomark-
er development. For example, resting
state functional magnetic resonance
imaging biomarkers with sensitivities and
specificities of >80% have been devel-
oped for Alzheimer’s disease (Chen et al,
2011), and machine learning techniques
have been able to classify schizophrenic
patients from healthy controls at accura-
cies varying from 75% to 92% (Zarogianni

et al, 2013).

Effective connectivity

Effective connectivity is defined as the
influence that one neural population exerts
on another under a particular network
model. In contrast to functional connectiv-
ity, effective connectivity describes directed
connections, which may be context-sensi-
tive, and can be either excitatory or inhibi-

Figure 2. An example analysis using a motor task. The participant was equipped with a pair of
headphones and a joystick in his left hand and was asked to lie in the scanner with his eyes closed.
Every 1-3seconds, an audio tone was heard, and every 30 seconds a voice would say “rest’ or
“‘move’. The subject was instructed to keep his hand on the joystick and ignore the tones during the
‘rest’ blocks. During ‘move” blocks, the subject was asked to move the joystick in a direction of his
choice with each tone, and then return the joystick handle back to the centre point. A nevral model
was specified as an alternating ‘hoxcar function’, demarcating the “rest” and ‘move’ periods. The
neural model was convolved with the haemodynamic response function, and a general linear model
analysis was performed asking which voxels were significantly predicted by left hand movement.
Put simply, the general linear model was built to identify voxels with greater activity during ‘move’
periods than ‘rest’ periods. The resulting heat map (statistical parametric map) was thresholded

at P<0.05 (family-wise error corrected for multiple comparisons) with a cluster size threshold of
100 voxels. Two axial slices are shown at different levels. The left slice at z=-26 mm demonstrates
bilateral cerebellar activity, greater in the left cerebellar hemisphere. The right slide at z=60 mm
demonstrates increased activity in the primary motor and sensory cortices (precentral and postcentral
gyri respectively), as well as lateral premotor area and midline supplementary motor area activation

in the frontal lobe.

Which parts of the brain are significantly activated during
voluntary joystick movements of the left hand?

Neural model:

Z=-24mm

VN
@

-24mm

z =60mm

tory. The advantage of such analyses is that
they provide a simplified model of infor-
mation transfer in a given circuit, permit-
ting mechanistic hypotheses to be tested
(Kahan and Foltynie, 2013; Kahan et al,
2014).

One such published example comes
from patients with primary progressive
aphasia. While patients with primary pro-
gressive aphasia tend to engage an identical
language network during semantic and
phonological tasks, Sonty et al (2007)
demonstrated reduced language-specific
effective connectivity between Wernicke’s
and Brocas areas that was predictive of
semantic task accuracy, highlighting the
role of dysfunctional network interactions
in primary progressive aphasia.

Common pitfalls

and the dead fish

As with all real life data collection, func-
tional magnetic resonance imaging suffers
a number of limitations that readers
should acknowledge before drawing their
conclusions. First, as discussed above, the
BOLD signal is an indirect measure of
neural activity, specifically the haemody-
namic response to neural dynamics. That
is not to say that collected data are purely
a haemodynamic phenomena; the haemo-
dynamic response to discrete neural events
has been extensively studied, and most
contemporary analysis packages model the
data in terms of a convolution of unob-
served (hidden) neural events with a
canonical haemodynamic response func-
tion. In other words, signals that are neu-
ral ultimately cause the observed data.
However, such haemodynamic repercus-
sions typically occur over a much slower
timescale (4—15 seconds) than their neural
causes (milliseconds), somewhat limiting
the temporal resolution.

Furthermore, the BOLD signal appears
to be most closely predicted by incoming
synaptic activity arriving at a region, as
opposed to its output (Logothetis and
Wandell, 2004), and appears indiscrimi-
nate of excitatory or inhibitory drive.
Further work into the origins of the signal,
including simultaneous functional mag-
netic resonance imaging and invasive elec-
trophysiology, is ongoing (Logothetis,
2008).

One confused, but often cited criticism
of functional magnetic resonance imaging
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relates to spurious activations, and the
findings of Bennett et al (2010). To sum-
marize, Bennett et al whimsically but
importantly demonstrated the multiple
comparisons problem by detecting voxels
‘significantly’ activated by a cognitive task
‘performed’ by a dead salmon. The multi-
ple comparisons problem is common to all
classical statistics and simply states that if
your significance threshold is 5% (i.e.
P<0.05), then if you performed 100 inde-
pendent tests, you would expect 5 to show
an effect as a result of chance alone. The
mass univariate approach discussed above
essentially performs thousands of such
tests, thus is prone to false positive errors.
However, common practice is to correct for
this post-hoc using methods that are robust
to such errors (for example by using fami-
ly-wise error corrected statistics). Indeed,
when Bennett et al (2010) repeated their
analysis using corrected statistics, no spuri-
ous activity was detected.

Condlusions

Functional magnetic resonance imaging
offers a non-invasive means of collecting
brain activity data. This article has dis-
cussed common analysis pipelines and its
use in inferring brain connectivity, as well
as its common pitfalls. BJHM
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experimental manipulations.

KEY POINTS

m  Functional magnetic resonance imaging offers a non-invasive means of measuring whole-brain
activity at a relatively high degree of spatial precision, at temporal resolutions in the order of

® Inferences are made upon changes in an indirect measure of blood oxygenation, which is an indirect
measure of regional metabolism, thus neuronal activity.

m  General linear modelling is commonly used o identify voxels displaying significant effects of

® (orrelation analyses as well as biophysical modelling are used to quantify connectivity among
regions of the brain, both during tasks and while af rest.
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