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Abstract
Neural networks have been successfully applied to brain
perfusion images to classify patients with Alzheimer’s
disease from normal or other patient populations. Given
the recognition that Alzheimer’s disease constitutes a
heterogeneous disorder, the identification of subgroups
sharing common functional brain deficits would constitute a further improvement in the utility of such methods.
Therefore, we aimed to investigate whether neural networks could discriminate cortical perfusion deficits of
patients with Alzheimer’s disease from normal brain perfusion. A second step was to identify subgroups of
patients sharing similar perfusion deficits. The study
population consisted of one group of 92 normal healthy
subjects and one group of 132 patients with mild-tomoderate Alzheimer’s disease. The patients were diagnosed according to established criteria (DSM-IV and
NINCDS-ADRDA). Regional cerebral blood flow was assessed by the non-invasive 133Xe inhalation method,
using a 64-detector system for measurements of blood
flow in superficial cortical areas. The regional blood flow
values were used as the only input to artificial neural net-

works with multilayer Perceptron architecture. The networks were trained using the back-propagation updating
algorithm. A fourfold cross validation procedure was
used in order to obtain the most reliable performance of
the networks. The performance of the neural network,
measured as the area under the receiver-operating characteristic curve, was 0.94, with a sensitivity for Alzheimer’s disease of 86% at a specificity of 90%. An analysis
of the relative importance of cortical areas in the discrimination showed that left parietal areas were more important than the right homologous ones. A clustering analysis of the Alzheimer patients identified three or four subgroups of patients with clearly different combinations of
blood flow pathology. A consistent finding in all subgroups was a significant deficit in temporoparietal blood
flow of both hemispheres. Distinct group differences
were seen in frontal, central and occipital areas with different combinations of involvement. This is the first
study in which neural networks have been applied to
brain perfusion images obtained with the 133Xe inhalation method. The results demonstrate that a classification of patients with Alzheimer’s disease obtained with
this method is compatible with the best results obtained
with other brain imaging methods. The identification of
clearly distinguishable patterns of blood flow pathology
in subgroups of patients lends further support to the
notion that Alzheimer’s disease is a heterogeneous disorder.
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Introduction

Alzheimer’s disease (AD) is the most common cause of
severe intellectual decline in dementia and represents a
growing burden to societies with an increasing elderly
population. The disease is an age-related condition affecting about 10% of the population over 65 years of age and
about 50% over age 85 [1] and is characterized by a slowly
progressive memory failure, visuospatial disorientation,
dysphasia, dyspraxia and dysgnosia. The definite diagnosis of AD can only be obtained from a neuropathological
examination, and the hallmarks of the disease include ßamyloid plaques, dystrophic neurites associated with
plaques, and neurofibrillary tangles within nerve cell bodies. The topographic distribution of AD pathology has
been described to progress in a stereotypical fashion in
which medial temporolimbic areas are affected first, followed by neocortical association areas [2].
Together with the psychiatric assessment of symptoms,
measurements of regional cerebral blood flow (rCBF)
have been used for many years as a clinical tool to
describe the functional deficits in the brain of patients
with AD [3, 4]. Several comparisons between the rCBF
pathology and postmortem neuropathological diagnosis
have shown an excellent agreement in cases of AD
assessed by the two-dimensional 133Xe inhalation method
[5, 6]. Similar sensitivity/specificity rates have been reported in comparisons of autopsy-confirmed cases of AD
and temporoparietal perfusion deficits assessed by single
photon emission computed tomography (SPECT), or in
combination with a measure for medial temporal lobe
atrophy by CT [7].
A differential diagnosis of AD is sometimes difficult,
especially in the early phase of the disease when symptoms are sparse or when only mild cognitive changes may
be seen. In this case, the clinician’s experience with the
method decides whether the functional brain imaging
findings are to be judged as normal variation or whether
they might represent early aberrations of clinical importance. Such subjective evaluations are prone to substantial individual variations between clinicians and may lead
to a large variability in the diagnostic interpretation, even
among well-trained physicians [8]. In order to objectify
the process of image interpretation, artificial neural networks have been used as an aid to classify abnormal perfusion and brain metabolic patterns in AD [9–15]. Such
studies have usually shown to yield a moderate-to-high
discriminatory power between groups of non-demented
and demented patients, with a sensitivity ranging from 43
to 100% and specificity rates ranging from 60 to 100%
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[16]. Although decreased temporal and parietal blood
flow and metabolism are usually described as the most
discriminating areas between patients and controls [17],
the existence of a substantial individual variability in
cerebral blood flow deficits has also been recognized in
several studies. For example, Holman et al. [18] reported
normal SPECT perfusion patterns in 7.7% of AD cases,
whereas temporoparietal abnormalities were seen in
26.9% and frontal defects in 5.8% of the cases. A heterogeneity in perfusion patterns was also reported in a
SPECT study by Waldemar et al. [19], where temporal or
parietal rCBF deficits were seen in 81–86% of AD patients, whereas additional frontal rCBF deficits were seen
in 35–76% of patients. Zimmer et al. [20] analyzed individual patient blood flow obtained with SPECT in 92
probable AD patients. They reported a large variability in
perfusion deficits among patients, and found that temporoparietal deficits were as common as deficits in temporofrontal perfusion areas.
The objectives of the present study were (1) to investigate whether artificial neural networks could be used to
classify data obtained from two-dimensional cerebral perfusion images of AD patients and from normal controls,
and (2) to perform a systematic analysis of the heterogeneity of cortical functional pathology patterns in AD.
Patients and Methods
Normal Subjects
Ninety-two normal healthy subjects were recruited through local
advertising and gave their written consent to participate in the study.
Subjects were mainly hospital employees and university students.
Their mean age was 39.1 years (range: 18–72 years), 56 males and 36
females. All subjects underwent a somatic and mental workup
including routine laboratory investigation, physical examination and
psychiatric screening, in order to exclude somatic illness, histories of
psychiatric illness, neurological disorder, abuse of alcohol or drugs,
and head injury.
Patient Population
One hundred and thirty-two patients with possible or probable
AD were included. Demographic characteristics are shown in table 1.
The patients who entered the study were consecutive patients admitted for clinical evaluation of dementia at the Neuropsychiatric
Clinic, Malmö University Hospital, Malmö, Sweden. All patients
underwent a thorough clinical investigation, including medical history, psychiatric assessment, physical and neurological examination,
screening laboratory blood tests, analysis of cerebrospinal fluid, computed tomography, and measurements of rCBF. No patients were
treated with cholinesterase inhibitors at the time of investigation.
The diagnosis of AD was made by exclusion of other dementias,
in accordance with the National Institute of Neurological and Communication Disorders and Stroke-Alzheimer’s Disease and Related
Disorders Association (NINCDS-ADRDA) criteria [21]. The degree
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of cognitive impairment was evaluated by the Minimental State
Examination (MMSE) [22].
The study was approved by the Research Ethics Committee at
Lund University and by the Radiation Safety Committee at Malmö
University Hospital. All patients and normal control subjects gave
their informed consent to participate in the study, in accordance with
the provisions of the Declaration of Helsinki.
Cerebral Blood Flow Imaging
The rCBF was measured by the non-invasive 133Xe inhalation
method as described by Obrist et al. [23] and Risberg [4]. This method gives information about the blood flow in superficial cortical areas
only. Thus, blood flow in deeper structures (such as white matter or
basal ganglia) cannot be obtained with this method. In the present
study we used a system with 64 scintillation detectors [NaI (Tl) crystals, ¾ ! ¾))] arranged in a helmet around the head (Cortexplorer 64,
Ceretronix, Randers, Denmark). The system adjusts for differences
in head size and shapes, and the positioning of the head is standardized in relation to bony landmarks (nasion and ear channels) by
means of light crosses. This makes it possible to reposition subjects
accurately in case of head movements.
The measurement procedure was as follows: After a 30-second
measurement of the natural background radiation, a mixture of the
inert Á-emitting tracer 133Xe (90 MBq/l) and air was inhaled by the
subject for 1 min through a facemask. During the following period of
10 min, the subject breathed normal air, according to the standard
procedure [23]. Thus, the total duration of one rCBF measurement
was 11.5 min. The data obtained with the present method represent
an average of flow during the washout period. The tracer diffuses into
brain tissue from arterial blood and is cleared by venous blood. Blood
flow values were calculated from the rate of clearance of the isotope
considering also the changes of the arterial concentrations of 133Xe,
the latter estimated from the isotope concentration in the end-tidal
air, sampled from the facemask. The lowest acceptable peak count
rates were 1,500 counts/second. The initial slope index (ISI, 2–3 min
slope measurement) was used, because this flow parameter has
shown to have a high stability and reliability also in pathological conditions [24]. The arterial partial pressure for CO2 was estimated from
the end-tidal CO2 concentrations (Ohmeda gas analyzer), PE W CO2.
Measurements of respiration, blood pressure and heart rate were performed continuously during the rCBF recordings.
Flow values for each detector were calculated as distribution normalized values, based on the hemispheric mean values. The values
were used in the neural network analyses. A color graphics system
(Cortexplorer 64) was used for the presentation of the flow maps. The
algorithm for calculation of a given pixel in the maps was based on a
weighted linear interpolation of the distance to the four closest detectors. In this way interpolated color-coded maps were created, which
show the distribution normalized values. The illustrations shown in
figures 3 and 4 represent pixel-by-pixel statistical comparisons between normal subjects and patients (Student’s t test).
Artificial Neural Networks
Feed-forward artificial neural networks with a standard multilayer Perceptron architecture were used. A general introduction to
the subject can be found elsewhere [25]. The neural networks consisted of one input layer, one hidden layer and one output layer. The
inputs to the neural network were the ISI 2–3 distribution normalized values from the detectors on which the rCBF images were based.
Four detectors (two prefrontal and two occipital) were not used
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because they were found to be prone to artifacts (fig. 2). The output
layer consisted of one node that encoded whether the image was normal or consistent with AD. A Kullback-Liebler error function was
used together with a Langevin extension [26] of the back-propagation
updating rule. Langevin updating consists of adding a random number Gaussian component to the weight updates, which has the effect
of speeding up the minimization procedure.
In order to assess the generalization performance, the full rCBF
data set was divided into four equally sized parts. Each of these parts
was used as a test set and the remaining three parts were used as
training sets in a 4-fold cross validation scheme. In order to avoid
overtraining, a weight elimination regularization term was used [27].
For each test set, a committee of 30 networks was trained on the
corresponding training set and the output from a committee was calculated as the mean across its 30 members. The output values for the
test rCBF values were in the range from 0 to 1. A threshold in this
interval above which all values were regarded as consistent with AD
was used to calculate the sensitivity and specificity. By varying this
threshold a receiver-operating characteristic (ROC) curve was obtained. The area under the ROC curve represented the neural networks performance. The 95% significance level of the ROC area was
calculated using the bootstrap method [28].
Sensitivity Analysis
A sensitivity analysis was performed that, qualitatively, measured the importance of the different neural network inputs, i.e. the
different detectors. The following procedure was used: The training
error for the final committee of networks was computed. For each of
the detectors, a new training error was calculated by removing that
detector, i.e. replacing it by its mean value across the population. The
increase in training error when removing a detector was used as a
measure of its importance. The analysis resulted in a list with a value
of importance for each detector. From this list, the most important
detectors, i.e. those which after removal from the data set gave the
highest increase in the training error, were identified. The mean of
the importance measure for the left and for the right detectors were
calculated. The significance of this left-right difference was calculated using a permutation test [28] according to the following procedure: The importance measures were arranged as two lists, one for
the left hemisphere detectors and one for the right hemisphere detectors. The test was then performed by repeatedly and randomly permutating the importance measures in the two lists. For each permutation, the difference in the means of the two resulting lists were calculated (test statistic). The evidence against the null hypothesis of no
difference between the two original means was given by the fraction
of area differences of the test statistic larger than the actual difference. This resulted in a significant difference between the hemisphere detectors (p ! 0.013), showing that the left hemisphere detectors were more important for the discrimination of AD than the right
hemisphere detectors.
Clustering Analysis
A clustering analysis was performed which divided the patients
consistent with AD into three or four different groups. The division
was carried out using the K-means clustering algorithm [29] and
where the rCBF detector values were the only source of information.
Several clusterings were performed and the Davis-Boulder index [30]
was used in order to select good clusterings. The clustering procedure
was performed such that each of the 132 AD patients was represented by a 60-dimensional vector, consisting of the rCBF values
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Fig. 1. The ROC curve for the classification of rCBF images into

normal or consistent with AD. The area under the ROC curve is
94.7% (92.7, 97.0%). The values in parentheses are the 95% confidence levels, obtained by a bootstrap method.

from the detectors. The objective was to find clusters in this 60dimensional space using the K-means clustering algorithm [29].
However, this is a non-trivial task because of relatively few data
points in a high-dimensional space. Two independent clusterings
using the K-means algorithm may, therefore, not result in the same
division. To overcome this problem, a more statistical viewpoint was
taken, where many independent clusterings were performed, and
good ones were selected based on the Davies-Bouldin index. This
index measures the ratio of the intra- and inter-cluster distances,
favoring clusterings with compact and well-separated clusters. The
index is independent of the number of clusters used, and it was found
that three or four clusters resulted in the lowest indices.
For the results presented in this paper, 5,000 independent clusters were performed, for both K = 3 and K = 4, and the 5% with the
best indices were kept. These were further analyzed to select clusterings with stable clustering positions. Finally, each cluster was marked
AD group 1, AD group 2, for example, and an AD patient was said to
belong to a given group if the majority of the selected clusterings was
consistent with that group.

Results

The normal control group was significantly younger
than the patients (p ! 0.0001, Student’s t test). It is well
known that age is significantly correlated with the general
perfusion level of the cortex in normal subjects [31]. Agerelated changes in rCBF are on the other hand small in
magnitude and affect primarily frontal areas and to a
negligible degree postcentral areas [32]. Therefore, we
chose only regional flow values as input to the neural net-
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Fig. 2. The location of the detectors from a vertex view. Frontal areas

are shown at the top, and the left hemisphere is on the left side. The
illustration shows the most important detectors discriminating normal subject values from those with AD. The level of grey indicates
the size of the importance measure; the more grey the more important. The four detectors marked by crosses where not part of the analysis, since they were prone to artifacts.

works, to minimize the effect of age as a confounding factor.
The performance of the neural network is shown in figure 1. The area under the ROC curve was 94.7%, with a
95% confidence interval of 92.7 and 97.0%, respectively.
The sensitivity for AD was 86% at a specificity of 90%.
Figure 2 shows the regional areas important for the
neural network classification. As can be seen by the
importance measure (level of shaded grey), left parietal
areas were more important in the classification than right
parietal areas, which was significant (p ! 0.013). The
regional flow pattern of the normal control group (fig. 3)
showed the well-known so-called ‘hyperfrontal’ distribution, with higher relative values in frontal and frontotemporal areas, compared to other areas [4, 33]. When the
rCBF pattern was compared with the normal pattern, AD
patients showed the ‘typical’ temporoparietal flow pathology, with significantly higher distribution values in motor
areas and in occipital areas.
RCBF Clusters of Alzheimer’s Disease
Table 1 shows the demographic characteristics and the
cerebral perfusion values of the patients. There was no
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Fig. 3. Upper left: vertex projection of the

cortical blood flow distribution (percent of
the hemispheric mean) of normal controls
(n = 92). Distribution values are color coded
according to the bar to the far right. Orange
to red = Higher values than the hemispheric
mean; yellow = equal to the hemispheric
mean; green = lower than the hemispheric
mean. Upper right: vertex projection of cortical blood flow distribution in Alzheimer
patients (n = 132). Lower: statistical comparison (Student’s t test) between Alzheimer patients and normal controls. Statistical significance levels are coded according to the bar to
the far right. Red = Significantly higher values in patients compared to normal controls;
green = significantly lower in patients compared to normal controls.

Fig. 4. The results of 3- and 4-cluster analyses. Upper images 3:1–3:3 represent Alzheimer clusters identified by the
3-cluster analysis, whereas lower images 4:1–4:4 are the clusters identified by the 4-cluster analysis. The lines indicate
the number of subjects and their repositioning between clusters (fat line denotes major repositioning of subjects). The
images show the statistical parametric differences between Alzheimer patients and the normal controls (Student’s t
test for independent samples). Statistically significant deviation from normal is coded according to the bar to the
right. Red color indicates significantly higher values and green indicates significantly lower values than normal.
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Table 1. Patient characteristics

n

Age

Sex, m/f

MMSE

CBFa

Normal subjects
AD patients

92
132

39.1 (13.6)
74.1 (6.8)

56/36
38/94

–
21.4 (5.5)

45.9 (7.2)
36.9 (5.5)

3-cluster analysis
3:1
3:2
3:3

32
35
65

72.8 (7.8)
74.1 (6.7)
74.8 (6.4)

9/23
13/22
16/49

20.9 (5.8)
20.2 (4.5)
22.4 (5.7)

36.4 (5.5)
36.7 (5.5)
37.5 (5.6)

4-cluster analysis
4:1
4:2
4:3
4:4

51
26
32
23

73.0 (7.6)
73.8 (6.7)
76.8 (5.8)
73.3 (5.9)

12/39
10/16
9/23
7/16

21.8 (5.6)
20.1 (4.6)
21.1 (5.2)
22.7 (6.4)

38.1 (6.1)
36.2 (5.9)
36.2 (4.9)
36.0 (3.9)

a

Uncorrected values for PE W CO2.

significant age difference between the clusters of AD patients. The distribution of male and females was clearly in
favor of females in all groups. The mean MMSE scores
ranged from 20 to 23 points, indicating that patients
could be regarded as having mild-to-moderate severity of
cognitive decline. The cerebral perfusion values were not
different between the clusters, and were slightly/moderately decreased compared with normal values.
Figure 4 summarizes the results from the clustering
analyses of the AD patients into subgroups, sharing similar flow pathology. The illustrations show the statistically
significant rCBF differences between the AD patients
identified in each cluster, compared with the normal reference group (between-cluster differences were highly significant, results not shown). As can be seen in the 3-cluster
analysis (top row) a temporal, temporoparietal flow pathology was present in all clusters (i.e. 3:1, 3:2, and 3:3).
On the other hand, the pattern of flow pathology differed
between the clusters, with respect to frontal lobe and occipital involvement. This was especially evident in cluster
3:3, which included patients with a dominant frontal and
temporal flow pathology and with less of a parietal flow
pathology. Patients in group 3:2 differed mainly by having lower occipital flow values than the other groups. The
distribution of patients among the clusters was such that
patients with a combined temporal and parietal rCBF
pathology (3:1 and 3:2) represent 50.8% of the total
patient group, while the remaining patients (49.2%, 3:3)
had a predominant frontal and temporal flow pathology.
The clustering of patients into four clusters (fig. 4) mainly
resulted in a split of the original cluster 3:3. This resulted

212

Dement Geriatr Cogn Disord 2004;17:207–214

in a reclassification of patients into two groups (4:3 and
4:4) with a similar frontal and frontotemporal flow pathology. The major regional flow differences between
these two groups were seen in the motor cortex, where
patients in 4:3 showed significantly higher values than
those in 4:4, and in temporal areas, where patients in 4:3
showed a more pronounced deficit.

Discussion

Neural networks have been previously used for the classification of functional brain images obtained with PET [9,
10] and SPECT [11–15]. With these techniques, information has been obtained in a large number of volume elements in a three-dimensional array. The information obtained with these methods usually has to be processed so
that a reasonable number of inputs to the neural networks
is achieved. This is generally accomplished by selection of
regions of interest corresponding to various cortical areas.
The number of inputs in the cited studies varies from 4 to
120. In most studies, the input to the neural networks only
represents part of the information available. The selection
of regions of interest may be automatic, but often entails
subjective decisions. Several studies have shown neural
networks to categorize patients as well as or better than
experts [9, 14] and better than more conventional statistical methods [9, 12, 14, 15]. The performance of the neural
networks appears to be dependent on the resolution of the
imaging system and on the number of inputs to the neural
network [10], so that better discrimination between pa-
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tients with AD and normal subjects can be obtained with
higher resolution and a larger number of inputs.
This study is the first in which neural networks have
been applied to brain perfusion images obtained with
133Xe washout. With this technique, only information
about blood flow in the cortex is obtained, as the low photon energy of 133Xe precludes studies of deeper structures.
The 64-detector array used in this study thus provides
information about the blood flow in a large proportion of
the cortex. We chose to use the information from all
detectors as input to the neural network. This means that
although the imaging resolution of our system is far below
that of PET or SPECT systems, we in fact used a larger
number of inputs to the neural network than nearly all
previous studies. Furthermore, we used all information
available, and therefore no reduction of data in specific
regions of interest was involved. This study also represents by far the largest number of patients with AD that
has been investigated with neural networks to date. The
result obtained for the classification of patients with AD
in our study is compatible with the best results obtained in
the previous studies using other brain imaging methods. It
thus appears that neural networks are useful for the classification of functional brain images in the diagnosis of AD
irrespective of the imaging technique used.
The neural networks used in this study provided a
weight factor for each input, i.e. each detector, for the
classification of studies. This information reflects the
regions of the brain most likely to discriminate between
patients with AD and normal subjects. The most important detectors were found in the left parietal region. We
also found a statistically significant dominance for the
detectors over the left hemisphere. This is in general
agreement with previous studies, which have found a predominance of the flow reduction in the left parietal region
to be typical for AD [34–38]. The importance of the detectors over the motor areas and the occipital lobes was
somewhat surprising. It need not, however, be blood flow
in these regions per se which is important for the classification of the patients. The neural network uses information from all detectors simultaneously in the analysis. It
may therefore be that a low flow in the temporoparietal
regions in combination with preserved flow in the surrounding regions is important for the classification. In
fact, this combination of flow patterns has previously
been described in a PET study by Kippenhan et al. [10],
where the most important discriminatory profile of the
neural network was a metabolic decrease in temporal and
parietal areas in combination with higher normalized values in the motor-sensory and occipital regions.

AD is well defined from a histopathological point of
view. It is well known that there is considerable heterogeneity among patients with AD clinically as well as with
regard to functional imaging [10, 18]. In functional imaging studies, heterogeneity has often been noted but only
rarely systematically analyzed. Holman et al. [18] studied
rCBF in consecutive patients with memory loss or cognitive abnormalities. The SPECT images were classified
into seven patterns by visual assessment. Among patients
who subsequently developed AD, the characteristic pattern of bilateral temporal or parietal cortical defects was
seen in 27% of cases. A further 38% of patients who developed AD had bilateral temporal or parietal defects plus
additional defects. Fifteen percent of the patients had unilateral temporal or parietal defects, and 6% had frontal
defects only. A large variation in functional brain deficits
in AD has also been reported in several other SPECT
studies [19, 20].
This study is, to the best of our knowledge, the first to
use objective means for a systematic analysis of the heterogeneity in rCBF imaging in AD. In the analysis, each
patient was placed in a multidimensional space, and
patients showing similarities in the distribution of rCBF
were categorized in clusters. These cluster analyses clearly
demonstrated the existence of different patterns of rCBF
pathology in patients with AD. In all clusters, there was
reduced flow in the temporoparietal regions, and the clusters differed by the involvement of other regions, especially the occipital and the frontal regions. Reduced blood
flow and glucose uptake in the frontal lobes have been
noted in patients with AD previously [18, 34, 39]. A correlation between the extent of perfusion abnormalities and
clinical severity of dementia has been described in several
cross-sectional studies of patients with AD [34, 35, 40]. In
this study, we did not find any significant differences
between the rCBF clusters with age or with severity of
dementia as assessed by the MMSE. Further studies are
thus required to elucidate if the difference in the distribution of rCBF pathology is reflected in clinical characteristics of the patients or in the evolution of the disease.
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