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AnalyzeFMRI: An R package for the
exploration and analysis of MRI and fMRI
datasets
by Jonathan Marchini

AnalyzeFMRI is a developing package for the explo-
ration and analysis of large MRI and fMRI datasets.
In this article we give a short introduction to MRI
and fMRI and describe how we have used R when
working with these large datasets. We describe the
current version of the package using examples, de-
scribe our own approach for fMRI analysis and out-
line our plans for future functionality in the package.

MRI and fMRI

Magnetic Resonance Imaging (MRI) is a non-
invasive medical imaging technique that provides
images that represent slices of (brain) tissue. Es-
sentially, measurements occur within each slice
on a grid of cube-like volume elements (vox-
els). These measurements reflect the chemical
and magnetic properties of the tissue in each
small voxel and result in structural MRI im-
ages that show detailed contrast between differ-
ent tissue types (see http://www.stats.ox.ac.uk/
~marchini/pictures/high.res/gif). Variations of
the imaging parameters sensitize the images to dif-
ferent chemical and physical properties of interest.

The relationship between functional MRI (fMRI)
and structural MRI is analogous to the relationship
between still photography and movies. In simple
terms fMRI is fast, repeated structural MRI and can
be carried out in such a way so as to be sensitive to
local changes in levels of brain activity. Increases in
local brain activity increase the local levels of blood
oxygen. This in turn causes the measured signal to
increase. Thus the images produced are said to be
Blood Oxygenation Level Dependent (BOLD). Through
the BOLD mechanism we can use fMRI datasets to
localize specific areas or networks of the brain that
are responsible for cognitive functions of interest. In
this fashion fMRI has revolutionized the area of neu-
roscience over the last 10 years. An excellent intro-
duction to this area is given by Matthews et al. (2001)

In a typical fMRI experiment the subject is repeat-
edly imaged whilst performing a task(s) or receiving
certain stimuli designed to elicit the cognitive func-
tion of interest. Traditionally, tasks/stimuli are ap-
plied in alternating blocks of 20–30 seconds. More
recently, ‘event-related’ designs in which the stimu-
lus is applied for short bursts in a stochastic manner
have become popular.

In those areas of the brain that are activated by

the tasks/stimuli we will observe that the voxel time
series are correlated with the design of the experi-
ment (see Figure 1). Focus usually centers on delin-
eating those areas (clusters of voxels) of the brain that
exhibit a significant response. Most often we will
wish to make inferences using a group of subjects.
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Figure 1: A real voxel time series (solid line) in
an area of the brain activated by an alternating
‘OFF/ON’ visual stimulus (dotted line).

Figure 2: A functional MRI image

The resolution of fMRI datasets is very good.
Typically datasets obtained using this technique con-
sist of whole brain scans (≈ 20 images) repeated
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every 2-3 seconds. Usually each image consists of
64×64 voxels of size (4mm)3 (see Figure 2).

In summary, an fMRI dataset consists of a 3D
grid of voxels, each containing a time series of mea-
surements that reflect brain activity. Out of roughly
15,000 voxels that lie inside the brain we wish to
identify those that were activated.

Using R for fMRI datasets

In order to analyze fMRI experiments we need to be
able to manipulate and visualize the large amounts
of data in a relatively easy fashion. This in turn
allows us to implement and evaluate existing ap-
proaches and develop new methods of analysis. The
analysis will often involve several computationally
intensive steps and so it is also important to keep an
eye on the efficiency of the code.

The high level environment that R provides has
allowed us to implement and test our methods
quickly and reliably. During this process we have
used profiling facilities to identify areas of our code
that can be speeded up (Venables, 2001) and where
necessary we have written C and Fortran code to
achieve this (Venables and Ripley, 2000). We have
often found that the memory overheads of carrying
out all calculation within R can be high. For this rea-
son we have often used R simply to pass file names
and analysis parameters to C code. All file I/O and
computations are carried out in C before writing the
results to a new data file. In addition we have found
it useful to write simple Graphical User Interface’s
(GUI’s) using the tcltk package. This allows analyses
to be set up and run without recourse to command
line functions.

The ANALYZE format and I/O

The ANALYZE image format is a general medical
image format developed by the Mayo Clinic1 that is
commonly used within the brain imaging commu-
nity. The format consists of an image file (‘foo.img’)
together with a header file (‘foo.hdr’). The header file
details the binary storage type of the image file, di-
mensions of the dataset and certain imaging parame-
ters used during acquisition. In addition the endian-
ness of the image and header files can be detected
by reading the first 4 bytes of the header file, as they
contain the constant header file size (348 bytes). The
size of a typical fMRI dataset stored in this format is
30Mb.

The package provides read and write capabilities
for the ANALYZE format. For example, a simple
summary of the dataset is available.

> f.analyze.file.summary("./ex.img")

File name: ./ex.img

Data dimension: 4-D

X dimension: 64

Y dimension: 64

Z dimension: 21

Time dimension: 1 time points

Voxel dimensions: 4 mm x 4 mm x 6 mm

Data type: signed short

(16 bits per voxel)

Functions of the form f.read.analyze.* allow
whole or parts of the dataset to be read into R, i.e.,

> a <- f.read.analyze.volume("./ex.img")

> dim(a)

[1] 64 64 21 1

The function f.write.analyze allows an array to
be written into a new ANALYZE format file, i.e.,

> a <- matrix(rnorm(1000),dim=rep(10,3))

> f.write.analyze(a, file="./ex2", size="float")

In addition f.basic.hdr.list.create and
f.write.list.to.hdr allow the user to store cus-
tom information in the header files.

Exploratory Data Analysis

fMRI datasets are large and can contain significant
noise structure and imaging artifacts. The quality
of datasets can vary widely from scanner to scan-
ner and even from day to day on the same scanner.
For these reasons it is important to regularly ‘eye-
ball’ the datasets to examine their quality. The pack-
age provides two methods of examining the struc-
ture present in each fMRI dataset.

The first is a simple spectral summary of the
dataset produced using f.spectral.summary. This
function calculates the periodogram of each voxel
time series normalized by the median periodogram
ordinate. A plot is produced that shows the quantiles
of the normalized periodogram ordinates at each fre-
quency. This provides a fast look at a fMRI dataset to
identify any artifacts that reside at single frequencies.
Figure 3 shows the results of applying this function
to a real fMRI dataset. The spike at frequency 18 is
consistent with the frequency of the periodic stim-
ulus of the experiment. The spike at frequency 60
highlights the existence of a Nyquist ghost image ar-
tifact that can occur in fMRI datasets.

> f.spectral.summary(file="ex3.img",

mask.file="ex3.m.img",

ret.flag=FALSE)

Processing slices... [1] [2] [3] [4] [5] [6] [7]

[8] [9] [10] [11] [12] [13] [14] [15] [16] [17]

[18] [19] [20] [21]

1http://www.mayo.edu/bir/PDF/ANALYZE75.pdf
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Figure 3: Spectral summary plot of an fMRI dataset.

We provide a GUI that allows visualization of in-
dividual voxel time-series, images of specific slices
and functional volumes, movies through time of spe-
cific slices and spectral summary plots. This GUI is
invoke through the function f.analyzeFMRI.gui.

Secondly, we have applied Independent Compo-
nent Analysis (ICA) to fMRI datasets and found that
the extracted components are extremely useful in un-
covering otherwise hidden structure. In ICA the
data matrix X is considered to be a linear combi-
nation of non-Gaussian (independent) components,
i.e., X = SA where columns of S contain the inde-
pendent components and A is a linear mixing ma-
trix. In short ICA attempts to ‘un-mix’ the data by
estimating an un-mixing matrix W where XW = S.

Under this generative model the measured ‘sig-
nals’ in X will tend to be ‘more Gaussian’ than the
source components (in S) due to the Central Limit
Theorem. Thus, in order to extract the independent
components/sources we search for an un-mixing
matrix W that maximizes the non-Gaussianity of the
sources. It is useful to note that in the absence of a
generative model for the data the algorithm used is
equivalent to Projection Pursuit. We use the Fast ICA
algorithm (Hyvarinen, 1999) implemented in pack-
age fastICA to estimate the sources (see that package
for more details).

For fMRI data we concatenate the dataset into a
data matrix so that each row of X represents one
voxel time series. Using this formulation allows us
to estimate spatially independent sources that occur
in the dataset. The function f.ica.fmri calls C code
that reads the data directly from the ANALYZE im-
age file, carries out the ICA decomposition and re-
turns the results into R. We also provide a GUI writ-
ten using tcltk that allows a fast way of visualizing
the results of the ICA decomposition. This GUI is
invoked through the function f.ica.fmri.gui (see

Figure 4).
Figure 5 shows one of the estimated components

(columns of S) plotted in its spatial configuration to-
gether with its associated weighting through time
(row of A). This particular component shows the
high frequency Nyquist ghosting artifact suggested
by the spectral summary plot.

Figure 4: The GUI for spatial ICA for fMRI datasets.

Analysis

The most widely used strategy for the analysis of
fMRI experiments is carried out using a two-stage
approach. In the first stage a linear model with cor-
related errors is used for each individual voxel time-
series Y. That is,

Y = Xβ +ε ε ∼ N(0,σ2V) (1)

where the design matrix X contains terms that model
the BOLD response to the stimuli and non-linear
trends that are often observed in fMRI voxel time-
series.

Once this model has been fitted at each voxel,
summary statistics (typically t and F statistics) are
calculated that reflect the components of the re-
sponse under study. For example, we might calculate
an F statistic that reflects the variance component at-
tributable to the BOLD response. In the context of a
group study the statistic at each voxel is calculated
from the model fits of all the subjects. These statis-
tic values can then be plotted spatially as a statistic
image (see figure 8). The second stage then focuses
on the analysis of the statistic image in order to iden-
tify those areas of the brain that were activated by the
stimuli.

Time-series modelling

In general, the linear model (1) used at each voxel
will contain three main components. These being (i)
non-linear trends, (ii) the BOLD response to the stim-
ulus, and (iii) auto-correlated noise.
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Figure 5: An extracted spatial ICA component showing a high frequency Nyquist ghosting artifact.

Trends are commonly modelled using polyno-
mial, cosine or spline basis terms. Alternatively
the trends can be removed from the data before
analysis by applying an appropriate filter/smoother.
We have found a Gaussian weighted running lines
smoother reliably removes the non-linear trends
(Friedman, 1984). For efficiency we avoid multiple
calls to smoothing functions (such as supsmu) by ini-
tially calculating a smoothing matrix S and applying
it at each voxel.

The nature of the BOLD response implies that
in areas of activation we will observe a delayed

and blurred version of the stimulus design. This is
commonly modelled through the convolution of the
stimulus design x(t)2 with a Haemodyanmic Response
Function (HRF), h(t). That is,

BOLD(t) = ∑
s

h(t− s)x(s) = h⊗ x(t) (2)

Suggested forms for the HRF include discretized
Poisson, Gamma and Gaussian density functions. To
allow for spatial variation in the HRF at each voxel
a small set of basis HRF’s can be used that vary in
the amount they blur and delay the stimulus design

2normally a vector of 1’s and 0’s that specify the times when the stimulus is ‘ON’ and ‘OFF’ respectively.
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(Friston et al., 1995). Each HRF is convolved with the
design to make one column of the design matrix X.

The final component in the linear model is the
auto-correlated noise term. The auto-correlation
structure varies considerably throughout the brain
and the chosen model should be chosen to reflect
this fact. Suggested models include AR(p) (Bull-
more et al., 1996), ARMA models (Locascio et al.,
1997) and non-parametric spectral density estimates
(Lange and Zeger, 1997). Alternatively, Worsley and
Friston (1995) suggest imposing a known correlation
structure on the model (using a low-pass filter) be-
fore using OLS to fit the model at each voxel. The
authors point out that this scheme works for periodic
designs3 but is inefficient for more interesting event-
related designs.

In general the chosen noise model should be flex-
ible enough to capture the spatially varying levels of
correlation throughout the brain. The model should
provide well-calibrated levels of significance for es-
timated responses and be resistant to commonly oc-
curring image artifacts.

A spectral domain approach

For periodic designs the specification of the HRF and
noise model at each voxel time-series is greatly sim-
plified by working in the spectral domain (Marchini
and Ripley, 2000). The simplest example of a peri-
odic design involves c repeats of a block which con-
sists of b volumes scanned during a baseline stimula-
tion, followed by b volumes scanned during a stimu-
lus/task of interest. For such designs the majority of
the power of the BOLD response will lie at just one
frequency ωc = 2πc/n and will result in a spike at
that frequency in the periodogram of the voxel time-
series, i.e. the spike at the 18th frequency in Figure 6.
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Figure 6: Periodogram and spectral density estimate.

The asymptotic distribution of the periodogram

ordinate I(ωc) is given by

I(ωc) ∼
1
2

f (ωc).χ2
2, (3)

where f(ω) represents the non-normalized spectral
density of the (second order stationary) noise pro-
cess. This suggests that a test for an unusually
large component at frequency ωc can be constructed
through the use of the statistic Rc where

Rc =
I(ωc)

f̂ (ωc)
, (4)

where f̂ (ωc) is an estimate of the non-normalized
spectral density. If we can obtain a sufficiently accu-
rate estimate of f (ωc) then Rc will have a standard
exponential distribution.

Spectral density estimation

Lange and Zeger (1997) used a rectangular smooth-
ing kernel in both space and frequency to estimate
f (ω). This approach tends to produce biased es-
timates at boundaries between obviously different
spectral densities.

We use a smoothing spline to estimate the spec-
tral density from the log-periodogram of the voxel
time-series (Wahba, 1980). One advantage of work-
ing on log-scale is that large high frequency artifacts
are down weighted and thus avoids the biased esti-
mates exhibited by other methods.

To improve the estimation we use a spatially
anisotropic filter that only smooths spectral density
estimates that are similar. Specifically we use a mul-
tivariate normal approximation to the difference be-
tween two independent4 spectral density estimates.
This allows us to decide when two estimates are close
enough that they can be smoothed. We have also ex-
tended this approach to the case of event-related de-
signs by working with the Fourier transform of the
time-series as opposed to just the periodogram (Mar-
chini, 2001).

Calibration

One nice property of this method is that we can cal-
culate R j at all the other frequencies at which we
know there to be no response. Under the null model
of no activation all these statistics should have the
same distribution and can be used to self-calibrate
the method.

Figure 7 illustrates the results of our calibra-
tion experiments. We applied the method to 6 null
datasets5 with (blue lines) and without (red lines)
spatial smoothing. We compared the distribution of

3when the columns of the design matrix are close to being eigenvectors of the low-pass filter.
4the approximation works well even with the spatial correlation that exists between estimates
5datasets in which there is no activation because no stimulus was applied to the subject.
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the statistic values at both the design frequency (dot-
ted lines) and at a range of other frequencies (solid
lines) to the theoretical exponential distribution. The
statistic values are shown on − log10(p–value) scale
to focus on the tails of the distribution. The line at
45o represents exact agreement with the theoretical
distribution. This plot shows how spatial smooth-
ing provides a more accurate estimate of f (ω). This
method of calibration also allows us to choose the
smoothing spline parameter in an objective fashion.
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Figure 7: Calibration results
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Figure 8: p-value image using spline smoothing
spectral density estimation.

Figures 8 and 9 show statistic images pro-
duced by using a smoothing spline and an AR(1)
model (Bullmore et al., 1996) for the spectral den-
sity at each voxel. The images are shown on
p-value scale, thresholded to show only values

below 10−4 and overlaid onto an image of the
slice. The spline smoothing approach shows ac-
tivation just in the visual cortex. The AR(1)
approach identifies the same areas but with ad-
ditional amounts of false positive activation in-
dicating that this approach is poorly calibrated.
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Figure 9: p-value image using AR(1) spectral density
estimation.

We have implemented our approach using a mix-
ture of R, C and FORTRAN code. We are currently
working on incorporating this method into the Ana-
lyzeFMRI package.

Identifying areas of activation statistic

Many different methods are available for the analysis
of fMRI statistic images. The most widely used ap-
proaches are based on thresholding the statistic map
(Worsley and Friston, 1995). The level of the thresh-
old is chosen to protect against false positive activa-
tion under the null hypothesis of no activation any-
where in the image. Results from Random Field the-
ory are used to set the appropriate threshold.

This approach tends to attract alot of criticism.
In some experiments we know the effect will occur
somewhere and we want to estimate the location of
the response rather than use a hypothesis test to see
if it’s there. Also, to validate assumptions required
by the Random Field theory results the datasets are
significantly spatially smoothed. This tends to blurs
the good resolution fMRI affords.

Despite these criticisms this approach has been
very successful in answering the questions that neu-
roscientists want to ask. In addition, for group stud-
ies, the resolution is limited by structural variability
between individuals. Thus using a small amount of
smoothing doesn’t matter and can in fact help detec-
tion of a response.

More attractive approaches are based on mixture
models for levels of activation (Everitt and Bullmore,
1999; Hartvig and Jensen, 2000). It has been sug-
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gested that such an approach provides a less arbi-
trary way of delineating areas of activation although
(so far) they have only been used with a 0-1 loss func-
tion. It will be interesting and important to investi-
gate the effect of varying the loss function.

More recently it has been suggested that thresh-
olds be defined by controlling the False Discovery
Rate (FDR) (Genovese et al., 2001). This approach is
more focussed on modelling the areas of activation
as it is based on controlling the amount of false pos-
itive tests compared to all positive tests. In this way
the method shares a property of mixture model ap-
proaches in that the threshold adapts to the proper-
ties of the statistic image.

We are currently in the process of implementing
these approaches into the AnalyzeFMRI package.

Future plans

The long term goal of the AnalyzeFMRI package is
to provide a comprehensive software package for the
analysis of fMRI and MRI images. We aim to take
full advantage of the existing (and future) graphics
facilities of R by providing fast interfaces to widely
used medical image formats and several graphical
exploratory tools for fMRI and MRI datasets. In
this way we hope to provide a valuable resource for
statisticians working in this field. Hopefully this will
negate the need for replication of coding effort and
allow researchers new to the field to quickly famil-
iarize themselves with many of the current methods
of analysis.
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