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Abstract— Subtraction of ictal and interictal SPECT per-
fusion images of the brain has the potential of locating the
epileptogenic region. This region generally shows large dif-
ferences between both images. However, differences can also
be induced by noise in the projection data. We hypothesized
that the extent, besides the intensity, of observed clusters
of voxels in thresholded subtraction images, is an important
parameter in the classification of clusters into real perfusion
differences and noise induced differences. To test this hy-
pothesis, we performed a number of simulation experiments.
Using a Monte Carlo approach, we constructed cumulative
distribution functions (CDF) of the excess height (i.e. the
largest difference in a cluster) and the cluster extent un-
der the condition of no perfusion change (i.e. only noise
induced clusters). The reproducibility of the CDF curves
was shown using measured patient data. Furthermore, a 3D
brain software phantom experiment was used to examine the
detection and classification of an induced region of hyper-
perfusion. In a first experiment, we compared two detection
criteria: detection of the induced hyperperfusion based on
the observed cluster with the largest excess height and based
on the observed cluster with the largest extent. Detection
based on the largest extent showed a better sensitivity. In a
second experiment, we assigned to every observed cluster a
probability, derived from the CDF curves, for excess height
and extent. For different probability thresholds, sensitivity
and specificity of the detection of the induced hyperperfu-
sion based on its probability for excess height and cluster
extent was measured. These measurements were combined
in receiver operating characteristic (ROC) curves. These
ROC curves showed a better performance when using clas-
sification based on cluster extent. We conclude that the
cluster extent is an important parameter in the character-
ization of clusters in thresholded subtraction of perfusion
SPECT images of the brain.
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I. Introduction

Single photon emission computed tomography (SPECT)
of the cerebral perfusion in patients with epilepsy is useful
in the presurgical evaluation [1–5]. In fact, it is known that
during a seizure the perfusion in the epileptogenic region is
increased and between seizures it is decreased in about half
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of the cases [6]. Examination of perfusion images acquired
during (ictal) and between (interictal) seizures can then
lead to the detection of the epileptogenic region(s). How-
ever, in that way some subtle but significant differences
may not be appreciated visually and it has been shown
that localization can be improved when these images are
analyzed on a quantitative basis [7]. Image post-processing
techniques and quantitative analysis can thereby enhance
the detection of real differences between two functional im-
ages of the brain.

The method of ictal-interictal subtraction is a straight-
forward approach that was proposed to partially solve the
detection problem of differences in functional brain images
[8]. Subtraction SPECT co-registered to MRI (SISCOM)
even increases the diagnostic yield and allows functional
and anatomical correlation [1–3, 9]. In this technique, the
subtraction image is thresholded and only the largest dif-
ferences are visualized. Voxels exceeding the threshold
are then likely to belong to regions with epileptogenic or
normal physiological changes. Unfortunately, noise in the
measured projection data can eventually induce clusters of
supra threshold voxels in the subtraction image as well.
This noise in the data is caused by the decay of the limited
amount of radio-pharmaceutical that can be administered
to a patient and the limited scanning duration.

The use of a quantitative post-processing method could
improve the diagnostic value of subtraction SPECT in
clinical practice by making a probabilistic discrimination
between clusters induced by noise on the one hand and
clusters induced by physiological or pathological processes
on the other hand. This has been the aim of many
groups working in the field of statistical parametric map-
ping (SPM) analysis of functional brain images. This tech-
nique demands statistical modeling of the problem and,
although it is an excellent and powerful technique, it has
some disadvantages for this type of problem [10,11]. Here,
the number of scans per study is much too small which re-
sults in conservative inferences and an increased amount of
false negative predictions. Moreover, when the statistical
image is constructed, there is no incorporation of image
processing steps, i.e. acquisition, reconstruction and post-
processing. Altering one of these could generate subtrac-
tion images with other characteristics, thereby influencing
the significance of the observed differences.

With the disadvantages of the theoretical model in mind,
supra threshold cluster tests have been explored before, us-
ing a simulation approach [12,13]. In those studies, exper-
iments attempted to mimic real null statistic images using
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Fig. 1. Each curve represents the empirical cumulative distribution function (CDF) of the excess height (left) and cluster extent (right) of
clusters found in 150 thresholded subtraction images. These images are subtractions of reconstructed noise realizations of the projection data
of an individual. Ten individuals were included in this study.

smoothed white noise Gaussian fields with the variance of
noise and the full width at half maximum (FWHM) of the
smoothing kernel chosen to match that of real difference
images. However, there was no incorporation of acquisi-
tion parameters, reconstruction method or characteristic
features of further image processing.

In this study, based on a Monte Carlo approach, we pro-
pose an empirical method for the assignment of a probabil-
ity for excess height and for extent to every observed cluster
of voxels in a thresholded subtraction image under the null
hypothesis of no real perfusion change. The excess height
of a cluster is defined as the largest difference shown in the
voxels belonging to that cluster and extent is expressed as
the number of voxels in a cluster. The construction of the
method is based on our standard epilepsy imaging proto-
col but it can be used for other protocols as well. This
makes the use of the method only valid for data processed
with the same protocol. However, the advantage of our
approach lies in the fact that characteristics of acquisition,
reconstruction and image processing are incorporated in
the method.

We assessed reproducibility of our method by means of
simulation, based on Poisson noise realizations of measured
projection data. We assumed that construction of noise
realizations is the same as doing repeated measurements
without physiological or physical changes. Thereby, we ne-
glected the possible contribution of misregistration errors.
However, registration algorithms perform well in practice
[14–16].

Subsequently, this empirical method was used for the
investigation of our main hypothesis, i.e. the cluster extent
is an important parameter, besides excess height, for the
characterization of significant differences. We tested this
hypothesis using a 3D software phantom simulation in a
number of experiments.

II. Materials and methods

A. Distribution of cluster extent and excess height

We determined the distribution of the measured excess
height and extent of observed clusters in a number of
thresholded subtraction images.

First, a trained nuclear medicine physician examined the
reconstruction images of patients who received a brain-
SPECT using the radio-pharmaceutical 99mTc-ethyl cys-
teinate dimer (ECD) and selected 10 patients who showed
a normal perfusion pattern. Data were acquired us-
ing a triple headed gamma-camera (Triad XLT, Trionix)
equipped with low-energy, ultra-high resolution parallel-
hole collimators, in a 128 × 64 matrix over 360 degrees,
with 120 views obtained at 3 degrees intervals for 15 sec-
onds per view, using a non-circular orbit. The pixel size
measured 2.54 mm and the energy setting was 140 keV
with a 20 % window.

Thereafter, the projection data of every individual were
used to make 300 pseudo-random Poisson noise realiza-
tions. Each noise realization was then reconstructed ac-
cording to the standard clinical procedure, i.e. by prefilter-
ing the projections with a 2D Butterworth filter (cut-off
frequency = 0.154 cyc/pix, power = 10) followed by a fil-
tered backprojection using the ramp filter. Attenuation
correction was performed using Chang’s method [17] with
µ = 0.12 cm−1. For each individual, the reconstruction im-
ages were randomly divided into 150 pairs. Furthermore,
a brain mask was defined to identify cerebral voxels for
further analysis.

The reconstructions were normalized by the mean cere-
bral voxel intensity to account for differences in e.g. the
injected dose and radioactive decay. Subtraction for each
pair of images was done only for voxels inside the brain
mask of the individual. The difference image was convolved
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Fig. 2. Each bar represents the fraction of subtraction images in which the true retrieved cluster (TRC) was the observed cluster with the
highest excess (a), respectively the largest extent (b).

with a Gaussian smooth kernel with a FWHM of 5 pixels.
The mean µ and the standard deviation σ of the differences
∆ between each pair were calculated. The differences were
transformed into a standard z-score using z = (∆− µ)/σ.
Supra threshold images were obtained by thresholding at
z = 2. Supra threshold clusters were defined using an 18-
connectivity scheme [18]. The size or extent of every cluster
inside the brain was given by the number of voxels. Also,
the excess height of the observed clusters was measured.

For each individual, a cumulative distribution function
(CDF) was computed for the measured values of cluster
extent and excess height of supra threshold clusters in the
150 subtraction images. Statistical analysis was applied
onto the curves to assess inter-individual differences. Fi-
nally, data of all ten individuals for each parameter were
combined and a general mean CDF was computed.

B. Phantom simulation experiments

We studied the performance of the parameters excess
height and cluster extent in the detection of induced clus-
ters with two software phantom simulation experiments.

The average of four 3D-MPRAGE T1-weighted magnetic
resonance images of one individual was segmented using
SPM99 (http://www.fil.ion.ucl.ac.uk/spm). The gray mat-
ter segmentation map was brought to SPECT resolution by
image registration [14] with a brain 99mTc-ECD SPECT of
the same individual. The same SPECT acquisition param-
eters and image dimensions were used as described above.
The binary segmentation map was then uniformly scaled in
intensity so that a clinical realistic count level was reached
when projecting the image with the incorporation of atten-
uation. This image was used as the baseline phantom.

The activation phantom was made by adding a clus-
ter, acting as a hyperperfusion, to the baseline phantom.
Therefore, in the temporal pole of the segmentation map, a

region frequently found to be involved in epilepsy, we fixed
the central point of a sphere with adjustable radius. Vox-
els common to the gray matter segmentation image and
the sphere were then proportionally increased in intensity.
The induced cluster was always restricted to the gray mat-
ter and deviated from a spherical shape when larger than
the gray matter boundary. Thereby, the activation phan-
tom was characterized by the effective size in voxels and
the proportional increase of intensity of the induced clus-
ter. The effective cluster size used in this experiment was
from 300 up to 1100 voxels in steps of 100 voxels. The
proportional increase of intensity was from 4 to 12 percent
in steps of 1 percent. We will call this the sample space.

The acquisition process was simulated by projection of
the baseline and activation phantom using the same uni-
form attenuation mask. For every combination of propor-
tional increased intensity and size of the induced cluster,
50 pseudo-random Poisson noise realizations were com-
puted for the projection data of both phantoms. Noise
realizations of the projections were reconstructed with the
standard clinical procedure, as described above, and every
pair was normalized, subtracted and thresholded at z = 2.
Thereafter, each subtraction image was analyzed regarding
the number of clusters, their extent, excess height and loca-
tion in the brain. In every thresholded subtraction image,
the cluster (if existing) corresponding to the induced clus-
ter in the activation phantom was identified. This cluster
was named the true retrieved cluster (TRC).

Extreme differences in size or height are easily percepti-
ble. In a first experiment, we measured the sensitivity of
detecting the induced cluster in the subtraction image of
a baseline and activation phantom, when looking at either
the supra threshold cluster with the largest extent or the
highest intensity. For every induced cluster in the activa-
tion phantom, with a given size and proportional increase
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(c) FPF for excess height: (d) FPF for cluster extent:
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Fig. 3. For different samples in size and height of the induced cluster, the true positive fraction (TPF) for excess height (a) and cluster
extent (b), and the false positive fraction (FPF) for excess height (c) and cluster extent (d) is calculated. The critical probability threshold
pc was set to 0.95.

of intensity, the fraction of subtraction images over 50 noise
realizations that satisfied this criterion was measured. In
that way, we quantified the detectability of an induced clus-
ter based on extreme values of the measurable parameters
excess height or cluster extent.

In a second experiment, we analyzed the specificity and
sensitivity of both parameters in the classification of clus-
ters. For that purpose, we used the simulated distribution
of measured parameter values in subtraction images under
noise conditions and without any activation. CDF curves
for the excess height and extent of observed clusters in the
phantom simulation experiment were computed using the
method described in the beginning of this section. There-
fore, 550 pairs of noise realizations of the projection data

of the baseline phantom were analyzed.

Subsequently, the CDF curves were used to assign a
probability for the measured excess height and cluster ex-
tent to each observed cluster in a thresholded subtraction
image of the phantom simulation experiment. In fact,
CDF(x) = Prob(X ≤ x), for the random variable X which
is either the excess height or the extent of clusters under
the condition of no real perfusion change (i.e. only noise).
Then, CDF(x) is the chance of observing a cluster in a
thresholded subtraction image with a value less than x for
either one of the parameters under the condition of only
noise. In the phantom simulation experiment, we chose
different critical probability thresholds 0� pc < 1. Then,
clusters with a probability for excess height, respectively



cluster extent, above pc were considered significant for the
parameter excess height, respectively cluster extent. For
several values of pc and for each parameter, the specificity
and sensitivity of the detection of the induced hyperperfu-
sion was calculated.

The fraction of subtraction images, where the true re-
trieved cluster (TRC) was considered significant, was com-
puted. This represents the true positive fraction (TPF) or
sensitivity for the pc of the used detection parameter. The
fraction of subtraction images in which a cluster, except the
TRC, was found to be significant was also computed. This
represents the false positive fraction (FPF) or one minus
the specificity for the pc of the used detection parameter.
These two values were calculated for different sizes and
heights of the induced cluster and for different probability
thresholds. For each parameter, the mean TPF was com-
puted over all applied sizes and excess heights (i.e. all sam-
ples in the sample space) of the induced cluster. Similarly,
the mean FPF was computed. To compare the performance
of the parameters cluster extent and excess height, a ROC
curve was constructed based on the mean TPF and mean
FPF for different probability thresholds.

III. Results

A. Cumulative distribution functions

The cumulative distribution curves of the measured ex-
cess height and extent of observed clusters in thresholded
subtraction images of 10 individuals are shown in Fig. 1.
These curves show that noise in the projection data can
induce considerably large differences in size and height in
a subtraction image. A Kolmogorov-Smirnov test was per-
formed to assess inter-individual robustness, using the data
sets of the individuals with the most remote CDF curves
seen in Fig. 1. The test showed p > 0.10 for both excess
height and cluster extent. This means that the distribu-
tions of both parameters are not significantly different be-
tween individuals.

B. Phantom simulation experiment

We analyzed 81 samples with different size and propor-
tional increase of intensity of the induced cluster. For each
sample, the fraction of subtraction images was computed
in which the true retrieved cluster was the cluster with the
highest intensity respectively the largest extent. Results
are shown in Fig. 2.

In the second phantom simulation experiment, firstly,
the critical probability threshold pc was set to 0.95 and the
true and false positive fraction of subtraction images for all
samples was computed based on excess height and cluster
extent. The results are shown in Fig. 3. The mean values
of the TPF and FPF over all samples in the sample space
are:

(pc = 0.95) Excess height Cluster extent
mean TPF 0.70 0.40
mean FPF 0.33 0.02

Secondly, the probability threshold pc was varied be-
tween 0.1000 and 0.9980 and the mean TPF and mean
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Fig. 4. ROC-curves based on different probability thresholds pc for
the parameters excess height (solid line) and cluster extent (dashed
line). Results are determined on the mean TPF and FPF values over
all samples.

FPF of all subtraction images was computed. The ROC-
curve containing those results is shown in Fig. 4. The area
under the ROC-curve, based on the excess height, is 0.74.
Based on the cluster extent, the area is 0.83. Statistical
comparison of the area under the ROC-curves, using the
ROC-analysis software package ROCKIT 0.9 (http://www-
radiology.uchicago.edu/krl) [19], showed significant differ-
ence (p < 0.0001).

IV. Discussion

We have described the construction of empirical CDF
curves for the parameters excess height and cluster ex-
tent of observed clusters in thresholded subtraction images
(Fig. 1). Conceptually, this Monte Carlo approach and con-
struction of these curves is straightforward. Unlike previ-
ous studies [12,13], our simulations were based on measured
projection data. Even though there is a known considerable
inter-individual variation between brain perfusion SPECT
images, the method proved to be robust for a data set of 10
normal individuals. In practice, this Monte Carlo approach
requires substantial computer time. Mainly for that reason
few empirical approaches have been attempted before [20].
However, computation of the CDF curves has to be done
only once, but depends on the acquisition and reconstruc-
tion procedure. Whenever the standard procedure (acqui-
sition or reconstruction) would change, new CDF curves
have to be computed.

The first experiment of the phantom simulation study
investigated the detection performance of the parameters
excess height and extent using a specific criterion, viz. the
largest parameter values. It showed (see Fig. 2) that a bet-



ter detection of the induced cluster could be achieved when
looking at the largest cluster rather than at the cluster with
the greatest excess height in the thresholded subtraction
image. The mean sensitivity over the sample space based
on extent is about 11 % higher compared to the mean value
based on excess height. For less intense induced clusters,
the increase of mean sensitivity based on extent can even
reach 25 % higher compared to excess height. This proves
what has been assumed before, viz. close congregation of
voxels have more significance than high intensity values [9].

In the second experiment of the phantom simulation, we
chose initially a 0.95 probability threshold for excess height
and cluster extent. Inferences based on this significance
level are commonly used in statistical analysis. The com-
puted TPF and FPF of subtraction images for different
samples in the sample space at this significance level are
shown in Fig. 3(a)–(d). Striking is the FPF bar chart of
excess height, which shows an overall high amount of false
positives at the 0.95 significance level, compared to the
FPF bar chart of cluster extent. The difference between
both bar charts could be caused by different behavior of
the detection parameter at the chosen significance level.
Therefore, the critical probability threshold pc was varied
to assess the difference in overall performance between ex-
cess height and extent. We chose to construct the ROC
curves based on the mean TPF and mean FPF over the
sample space. The ROC curve (Fig. 4) of extent showed a
much better characterization of clusters and was proven to
be significantly different from that of excess height. This
shows that the accuracy of extent in the detection of an
induced hyperperfusion in a thresholded subtraction image
is better than that of excess height. The area under the
ROC curve of the cluster extent is about 12 % higher com-
pared to that of the excess height. Besides the analysis
over the whole sample space, we divided the sample space
in subregions and computed ROC curves using the mean
TPF and mean FPF over the subregion. For every subre-
gion, the area under the ROC curve for the cluster extent
was always greater than that for the excess height. Based
on a visual assessment study, others [5] found similar re-
sults concerning sensitivity and specificity of subtraction
SPECT when cluster extent was used as a criterion.

One could question the choice of the sample space we
made in this experiment. However, the sample space was
chosen in such a way that detection of the induced clus-
ter was visually not obvious. Detection of induced hyper-
perfusions with larger values for proportional increase and
size seemed to be of no problem. This has been examined
visually with several activation phantoms and their corre-
sponding subtraction images.

One should consider that large differences between,
e.g. ictal and interictal images, can influence the histogram
of the subtraction image and hence the generation of supra
threshold clusters. This will contribute to a lower FPF of
the remaining observed clusters. However, in such cases
these differences are obvious in a visual analysis. In the
case of more moderate differences this effect is less promi-
nent.

Further analysis of our method in clinical practice is re-
quired to evaluate its value in the characterization of supra
threshold clusters in subtraction SPECT images.

V. Conclusion

We showed that cluster extent is an important parameter
in the characterization of clusters in a thresholded subtrac-
tion of perfusion SPECT images of the brain.
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