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Abstract
Introduction Positive markers of Alzheimer’s disease (AD)
have been established in MRI that may allow early

detection of AD in at-risk groups. In the near future, these
markers will be of high relevance for the selection of at-risk
subjects in secondary preventive trials.
Methods We describe the methodology and diagnostic
value of manual volumetry of the hippocampus and
entorhinal cortex, automated voxel-based morphometry,
cortical thickness measurement, basal forebrain volumetry
and deformation-based morphometry, implementing multi-
variate statistics and machine learning algorithms to
improve group separation and prediction of AD in at-risk
groups. We also describe the methodological basis and
results obtained in AD using the recently developed
technique of diffusion tensor-based morphometry (DTI).
This technique gives access to the integrity of subcortical
fibre systems in the human brain.
Results The best established structural biomarker of AD to
date is hippocampus volume that already has been
implemented as secondary endpoint in clinical trials on
disease modification in AD. Automated approaches will
gain an increasing role as endpoints of clinical trials in the
near future given the interest in these techniques expressed
by the regulatory authorities. DTI is still a developing field
where analysis techniques are presently being devised to
make optimal use of the multivariate data. Data on
changes of fibre tract in preclinical AD are still limited,
but the first results are promising in respect to a further
enhancement of diagnostic accuracy by combining MRI
and DTI.
Conclusion Besides their diagnostic use, MRI and DTI
will broaden our understanding of the pathophysiology of
AD and the structural and functional basis of normal
cognition.
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Introduction

The dementia syndrome is clinically defined as acquired
decline of memory and other cognitive domains with
significant impairment of executive functioning and of
activities of daily living. The prevalence of dementia increases
continuously with age and has been estimated to be about 1%
in the age-group between 65 to 69 years and 29% at age
90 years and older [1]. The most frequent underlying
neurobiological cause of a dementia syndrome is Alzheimer’s
disease (AD), accounting for at least 60% in patients older
than 65. Presently, it is estimated that 7.21 million patients
suffer from mild to severe AD in Europe. This number is
projected to increase to 16.51 million until the year 2050 [2].
Subjects with mild cognitive impairment (MCI) have memory
impairment and other cognitive decline who have not yet
developed significantly altered activities of daily living but
have an increased risk to develop AD [3]. Therefore, MCI has
been defined as a clinical at-risk stage of AD. The prevalence
of MCI is estimated to be about two to three times higher
than that of AD, depending on the exact clinical criteria to
define MCI. AD has grown to be among the most prevalent
causes of morbidity and mortality in Europe and the US
besides cancer, cardiovascular disease and stroke. With the
continuous increase of the proportion of the elderly not only
in the European countries but also in the USA, India and
China, the devastating impact of AD on world wide health
systems will dramatically increase in the next decades and
pose a serious economical threat to our societies.

To date, the diagnosis of AD is primarily based on the
clinical definition of the dementia syndrome and the system-
atic and labour-intensive exclusion of other factors that may
account as causes or mechanisms for dementia. Therefore,
neuroimaging, a by international guidelines such as NICE,
EFNS or AAN widely recommended technical approach,
particularly MRI, serves an important supportive function in
the final establishment of a clinical diagnosis of AD by
excluding other causes of dementia such as cerebrovascular
disease, inflammation, intracranial neoplasia, subarachnoidal
bleeding and normal pressure hydrocephalus.

During the last 15 years, however, monocenter studies in
selected samples have defined characteristic pattern of
atrophy in AD that were able to discriminate AD from healthy
control subjects. Additionally, pattern of atrophy have been
employed to predict the presence of AD in clinically defined
at-risk groups with MCI. This is important for two reasons:

1. The development of secondary preventive treatments, i.e.
treatments that delay or prevent the development of AD in
clinical at-risk subjects, depends on the accurate selection
of at risk samples for clinical trials. The majority of
clinical trials on secondary preventive treatments in MCI
so far were negative for the outcome conversion into AD

[4, 5], possibly related to the fact that the study samples
were very heterogeneous in respect to the risk to develop
AD during clinical follow up. The use of recently
developed techniques to detect the underlying neurobi-
ological presence of AD in predementia stages in
addition to clinically defined criteria will support to
select true at-risk populations for future clinical trials.

2. Once preventive treatments are available, it will be
particularly important to administer those compounds
to early recognised patients that will benefit most from
early intervention.

Therefore, non-invasive techniques to identify the indi-
vidual risk of patients to develop AD will have a major im-
pact on the ability of the health system to meet the financial
burden of the prospected increasing prevalence of dementia
in a worldwide aging population.

MRI, as a generally widely available non-invasive and
relatively inexpensive technique, has the potential to signif-
icantly contribute to our ability to deal with the increasing
impact of AD. In assessing the relevance of new MRI-based
technologies, it is helpful to consider how a new imaging
derived “biological marker” needs to be systematically
developed [6]. In the first stage of this development process,
the technical characteristics of the new biomarker are being
determined, such as test–retest accuracy, patient burden and
time requirements. In the second stage, the sensitivity and
specificity of group discrimination is determined in selected
samples. In the third stage, the biomarker is applied in
samples that represent the population for which the
biomarker will be applied in the future. This allows
estimation of positive and negative predictive values. Finally,
the use of a new biomarker is assessed in clinical routine.

In the following section, we will outline MRI-based
techniques in the diagnostic assessment of a dementia
syndrome in detail with special emphasis on early detection
of AD. The most frequently employed labour-intensive
manual volumetric techniques have been recently comple-
mented by more convenient semi- or fully automated,
hypothesis-free techniques to detect regional atrophy through-
out the entire brain. Even more recently, diffusion tensor
imaging (DTI), a novel technique to determine microstruc-
tural alterations of cerebral white matter has been applied to
the assessment of AD. Table 1 gives an overview where these
techniques are located within the four-stage development
model of a new candidate biomarker.

Hippocampus volumetry

High-resolution MRI determines structural changes in the
brain in vivo. Significant atrophy of the hippocampal
formation can be demonstrated by MRI even in preclinical
stages of AD and predict later conversion to AD with about
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80% accuracy [7, 8]. Manual volumetric methods are
currently the gold standard to determine the hippocampal
volume, but they are time intensive (Fig. 1). Hippocampal
volumetry is the best-established structural biomarker for
AD, particularly for early diagnosis, and appears to be
suitable for risk stratification of MCI subjects in treatment
trials [9]. Multicenter diagnostic studies are currently being
conducted on manual hippocampal volumetry within the
German Dementia Network to establish whether it would
be suitable for broader clinical application [10]. However,
the manual measurement is still very labor-intensive and is
not yet set to become a routine diagnostic test in the
foreseeable future.

Several studies have looked at the temporal pattern of
hippocampal atrophy in AD patients. Atrophy rates of 3–
7% per annum were demonstrated [11, 12], whereas healthy
controls have a maximum atrophy rate of 0.9% in later life
[13]. Thus, hippocampal volume is a potential structural
marker of disease progression in AD. The hippocampus
volumetry approach has already been implemented as a
secondary end point in several pharmacological trials.
Regulatory authorities such as European Medicines Agency
and Food and Drug Administration (FDA) have expressed
an increasing interest in the development and use of
potential surrogate markers of disease modification in
secondary preventive trials on AD and risk stages of AD
[14]. MRI-based volumetry, particularly of the hippocam-
pus, might play an important role in this respect.

The application of hippocampal volumetry might be
further improved by the application of fully automated
procedures. Automated methods have been developed that
have a good correlation with manual measurements and
reduce the measurement time from 2 to 1/2 h [15, 16]. The
automated protocols of hippocampal volumetry in AD
patients, however, still need to be comprehensively evalu-
ated. An interesting extension of automated analysis of
hippocampus is the determination of shape differences with
aging or disease. Based on high parametric deformation
algorithms, shape models of the hippocampus can automat-
ically be determined. Data-reducing approaches, such as
principal component analysis, allow extraction of charac-
teristic parameters from these individual shape models that
can be compared between diagnostic groups. In a small
scale study on 18 AD patients and 26 controls, this
approach yielded 67% sensitivity and 85% specificity in
the discrimination between AD patients and controls [17].
Although these levels of accuracy are still not very
satisfying, further refinement of these techniques may help
us not only to detect early changes in hippocampal volumes
but also to better understand the characteristic sites of
pathological changes within the hippocampus and their
dynamic evolvement over time. This may yield new insight
into the selectivity of the AD pathological process and may
even be used to define endophenotypical subgroups on the
structural brain system level that may differ in respect to
response to treatment, familial risk or genetic background.

Volumetry of the entorhinal cortex

Another very interesting structure for the early diagnosis of
AD is the entorhinal cortex, which lies adjacent to the
hippocampus (Fig. 2). This area is thought to be affected by
the neurodegenerative process at a particularly early stage.
Studies have shown that entorhinal cortex volumetry is
unlikely to provide any additional benefit in patients with
manifest AD [18–21]; however, at the MCI stage, it may

Table 1 MRI as a diagnostic marker

Stage I Technical characteristics
DTI, cortical thickness, substantia innominata

Stage II Sensitivity/specificity in selected clinical samples
VBM, DBM, ERC

Stage III Predictive value in an intent to diagnose design
Hippocampus, BBS

Stage IV Efficacy in routine diagnostics
–

Fig. 1 Manual measurement of
hippocampus volume. The ROI
is manually defined in consecu-
tive slices covering the hippo-
campus. The volume then is
determined from summing all
voxels contained in the ROI
across all slices
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improve prognostic efficiency by a few percent compared
with hippocampal volumetry [19, 22]. It should be
remembered, however, that entorhinal cortex volumetry is
considerably more laborious than hippocampal volumetry
and that automated procedures are not yet available for this
structure. Presently, data are not sufficiently available to
reliably assess whether the entorhinal cortex volume offers
an additional benefit over the hippocampal volume as a
surrogate end point to evaluate the efficiency of a potential
disease modifying treatment.

One important aspect of the use of hippocampal and
entorhinal cortex volumetry (or any other volumetric
marker derived from MRI) is the question of the added
value of these measures compared to more widely available
and less expensive markers such as neuropsychological
testing. Research into this important aspect is still very
limited but will become ever more important given the
increasing demands on the national health systems. Devanand
et al. [23] have addressed this question in a longitudinal
study of 63 controls and 139 MCI patients, 37 of which
converted to AD during a mean follow-up interval of 3 years.
Extended neuropsychology, together with age, yielded
an overall accuracy for the prediction of AD to MCI of
80% that was increased to 87% when volumes of hippo-
campus and entorhinal cortex were added (Fig. 3). Con-
clusions from this study, however, are limited because the
approach did not use cross-validation of their model such
that overall levels of accuracy are very likely overestimated.
If these numbers are confirmed, however, in subsequent
studies, the use of hippocampus and entorhinal cortex
volumetry may become particularly attractive to define study
samples for secondary preventive trials, as an increase of 7%
accuracy in the group selection may considerably increase
the power of such trials.

Automated data-driven methods

Because of the laborious nature of manual volumetric
methods, automated methods have been developed to
determine changes in the brain structure of AD patients
using hypothesis- and rater-independent approaches. One of
the best-established methods is the automated measurement
of the whole-brain volume over time, which is already
being used as a secondary end point in clinical treatment
trials. This method demonstrated an atrophy rate of approx-
imately 2.5% whole-brain volume reduction in AD patients
over the course of 1 year, compared with only 0.4–0.9% in
healthy controls [24]. However, the heuristic value of this
method is limited, as only global effects can be recorded
without providing information about regionally differenti-
ated effects.

Voxel-based volumetry

The most widely published automated postprocessing
method to date is voxel-based morphometry (VBM). The
method is based on a low-dimensional spatial transforma-
tion of brain scans into a common reference space to get rid
of global differences in brain size and shape. After
segmentation, differences in grey matter volumes remaining
on a local scale after accounting for global differences are
the parameters of interest that drive a voxel-based univar-
iate statistic [25] (Fig. 4). In a modified form of VBM, the
normalisation process is iterated such that the final normal-
isation parameters are driven by brain grey matter only
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Fig. 3 Added value of hippocampus and entorhinal cortex volumetry
for the prediction of AD in MCI. Sensitivity (at specificity of 80%) of
prediction of conversion into AD in 139 MCI patients after 3 years of
follow-up based on age, mini-mental state examination score,
extended neuropsychology (SRT dr selective reminding test delayed
recall, WAIS-R DS Wechsler Adult Intelligence Scale–revised digit
symbol test). Data are from [23]

Fig. 2 Entorhinal cortex volumetry. Coronal section through the
medial temporal lobe showing the location of the hippocampus (red)
and the entorhinal cortex (green)
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[26]. This modification is supposed to increase the validity
of the results by reducing the influence of non-brain tissue.
When VBM began to be more widely used, it became the
centre of a controversial discussion. Several authors pointed
out that the distinction between global and local effects was
arbitrary. They expressed the concern that the effects found
in VBM studies was driven by differences in registration
accuracy rather than by neurobiological differences in
extent of local atrophy [27]. The controversy has still not
been resolved. However, in the meantime, a large range of
studies in a large variety of disease conditions, including
AD, have replicated essential features of earlier quantitative
neuropathological and manual volumetric studies. Thus,
although theoretical assumptions underlying the application
of VBM remain unvalidated, the approach itself has found a
broad application and, from a pragmatic point of view,
appears to yield reliable and valid results.

In AD, VBM consistently shows atrophy in the cortical
grey matter in the region of the mediotemporal lobes and
lateral temporal and parietal association areas [28, 29]. In
MCI subjects, involvement of the mediotemporal lobe and
lateral association areas of the temporal and parietal lobes
was demonstrated using this method [30, 31]. Interestingly,
significant atrophy of mediotemporal, laterotemporal and
parietal association areas was observed in a genetic-risk
model even before clinical symptoms were manifested,
indicating preclinical neurodegeneration in the neocortical
association areas [32, 33]. One study demonstrated a
considerably different pattern of cortical atrophy between

subjects with MCI who went on to develop AD in the
subsequent clinical course and those whose cognitive
performance remained stable [34]. The patients who con-
verted to AD showed a pattern of atrophy that was largely
consistent with that of early AD [35]. VBM, however,
offers no easy and convenient way of making an individual
diagnosis, as it is based on group statistics. In the last few
years, approaches have been developed to apply VBM to
individual subjects for the risk prediction of AD. Hirata
et al. [36] determined the brain regions that showed the
largest extent of atrophy in a training set of 30 AD patients
and 40 controls. In an independent test set, then, the
individual z scores for these regions were determined, i.e.
the deviation of each individual region from the mean of
the control group. Based on the individual z scores,
discrimination between the AD patients and the controls
in the test set reached 87% accuracy, based mainly on
atrophy in the entorhinal cortex. The approach is interest-
ing, as it requires minimal user–input and already has been
cross-validated in a small sample. However, because of the
a priori selection of the region of interest (ROI) in the
training set, this approach loses one advantage of VBM,
namely the scanning of the entire brain for significant
differences between groups.

Deformation-based morphometry

Whereas VBM transforms brain images into a standard
space to compensate for global differences but preserves

Fig. 4 The processing stream of
classical VBM. In its most sim-
ple version, VBM consists of
transforming the native scans
into a reference space (template
in MNI standard space), seg-
mentation of normalised scans
into grey and white matter and
CSF spaces, smoothing of seg-
mented grey matter maps with a
Gaussian kernel and finally run-
ning a univariate linear model at
each voxel across all scans in
corresponding locations [25]
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local differences in cortical gray matter distribution,
deformation-based morphometry (DBM) transforms the
brain volumes at high resolution to a standard template to
completely eliminate the anatomical differences between
the brains. The anatomic information then does not lay in
the MRI images themselves but in the deformation fields
that are required to transform the patient’s brain into a
standard brain. These deformation fields offer a multivar-
iate vector field of localization information from which
regional volume effects can be extrapolated (Fig. 5).

In a recent study using multivariate principal component
analysis, DBM was used to calculate an individual risk for
the presence of AD in MCI subjects [37]. This method
yielded 80% accuracy in the discrimination between a
training set of AD patients and healthy controls. Interest-
ingly, in a cross-validation using a test set of MCI subjects,
the accuracy in distinguishing between patients who
developed dementia and subjects who remained cognitively
stable over a period of 1 1/2 years was 80%. This method
can be used for individual risk prediction and allows
searching the entire brain for significant changes. It has
yet to be applied more extensively to a larger number of
MRI scans. An extension of this approach is based on
machine learning algorithms [38, 39]. A recent study applied
a machine-learning algorithm based on a support vector

machine-recursive feature elimination technique to 15 MCI
patients and 15 controls followed over about 6 years, where
the most recent MRI scans were used to determine a dis-
tributed pattern of brain changes based on a feature selection
algorithm that discriminated MCI patients from the controls
[40]. Accuracy of separating MCI patients and controls was
100% using this approach but was 90% after using leave-
one-out classification. However, the approach did not
discriminate between MCI converters and non-converters,
which is the clinically more relevant question than the
discrimination between MCI patients and healthy subjects.
The approach also did not use an independent test set but
leave-one-out classification to estimate a priori accuracy.

Analysis of cortical thickness

Another promising fully automated method involves deter-
mining the cortical thickness of the entire cortical mantle,
particularly the neocortical association areas and the
entorhinal cortex [41]. Group separation showed an
accuracy of more than 90% in distinguishing AD patients
from healthy controls [42]. However, this method has yet to
be evaluated in an independent group, and the accuracy of
this method in predicting conversion to AD in MCI subjects
has not yet been studied.

High dimensional 

normalisation 

deformation field Jacobian 

determinant 

masking 

Fig. 5 An exemplary processing stream of deformation based
morphometry. The brain volume in native space is spatially trans-
formed to a standard brain in such a way that the original brain is
nearly identical to the target brain. The anatomical information now is
entirely contaioned within the deformation field. From the deformation
field information can be derived on the extent of shrinkage or

expansion that is required at each voxel to transform the native to
the standard brain. This information is extracted from the multivariate
deformation field using the voxel-wise Jacobian determinant maps.
These maps, after adequate masking, then can be subjected to
univariate or multivariate group analyses of the extent of local atrophy
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Analysis of the cholinergic nuclei of the basal forebrain

AD has been associated with early changes in the cho-
linergic projections of the basal forebrain. The anatomy of
the cholinergic nuclei is depicted in Fig. 6. The imaging of
structural changes in the region of the cholinergic nuclei
of the basal forebrain was recently established using a
combination of automated methods with regional informa-
tion, so called image regression analysis (Fig. 7). As the sub-
stantia innominata of the basal forebrain, the larger
anatomical region that contains the cholinergic nuclei of
the nucleus basalis Meynert (the main source of cholinergic
projections into the cerebral cortex in the human brain), has
no anatomically defined lateral borders, a square ROI was
defined in the spatially normalised MRI scans to extract the
signal within the substantia innominata. Subsequently, a
linear statistics is calculated across subjects at each voxel

within the ROI. Using this technique, we showed a signal
reduction in the region of the lateral and medial nuclei of the
basal nucleus of Meynert for the first time in vivo [43, 44].
The location of the signal changes were compared to loca-
tions of the nucleus basalis Meynert nuclei in a post mortem
brain where the anatomical information was transferred into
MRI space using post-mortem MRI. The results of this study
agree with post-mortem evidence for early neuropathological
involvement of the cholinergic projections in AD.

Summary of volumetric MRI

Hippocampus volumetry, currently, is the best-established
biomarker for AD in the field of structural neuroimaging;
however, because of the laborious nature of the manual
procedure, it will only be used in clinical studies for the risk

Fig. 6 Anatomy of the human
basal forebrain. Histological
section after Gallocyanin stain-
ing through the basal forebrain
(left hemisphere) of a 57-year-
old man (cause of death:
ruptured ulcus ventriculi, no
indication of cognitive impair-
ment ante-mortem). The superi-
or 3D reconstruction of the brain
shows the localization of the
histological section through the
basal forebrain. The inferior
section shows the localization of
the medial and lateral nuclei of
the nucleus basalis Meynert
(Ch4 am and Ch4 al) according
to Mesulam’s terminology [73].
More lateral, one can see the
localization of Ayla’s nucleus or
nucleus subputaminalis, a band
of cholinergic cells that has
exclusively been described in
the human brain and has been
associated with projections into
cortical language areas [44]
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stratification of study populations and as a secondary end
point for potential disease-modifying treatment effects in
the foreseeable future. Automated data-driven and rater-
independent methods are currently being investigated to
detect regional changes, namely VBM, DBM, and the
measurement of cortical thickness. In the medium term,
particularly in combination with multivariate statistical
analysis methods, analysis algorithms are likely to be
identified that are at least as effective as hippocampal
volumetry in the early detection of AD in MCI subjects and
will, therefore, be used in pharmacological studies. How-
ever, if secondary preventive treatment approaches will
become available in the next years, the use of these kinds of
automated methods for the early detection of AD will be of
socio-economic importance in routine diagnostics as well.
Besides their application as biomarkers, MRI-based volu-
metry serves as complementary approach to post-mortem
studies of neuronal degeneration in AD. The main deter-
minants of cognitive impairment in AD are the density of
synapses and neurons in distributed cortical and subcortical
networks [45]. MRI-based measures of regional grey matter
volume and associated multivariate analysis techniques of
regional interactions of grey matter densities provide
insight in the onset and temporal dynamics of cortical
atrophy as close proxy of regional neuronal loss [46] and
basis of functional impairment in specific neuronal net-
works [47]. The ability of MRI-based techniques to unravel
pathological mechanisms in AD has greatly been improved
through the advent of new acquisitions techniques, such as
DTI and fibre tracking. This relatively new technique
provides insight into the microstructural integrity of neuronal
fibre tracts that are the main determinant of intracortical
connectivity and are early affected by AD pathology.

Diffusion tensor imaging

In the context of diffusion-weighted MRI, diffusion
describes the stochastic movement of molecules in liquids,
called Brownian molecular motion. In unconstrained media,
this movement is isotropic; i.e. it can be described by a
Gaussian probability distribution across all spatial direc-
tions. In biological tissue, such as the cerebral white matter,
however, the molecular motion of water molecules is
restricted by the cellular microstructure. Diffusion barriers,
such as the neuronal membrane, myelin sheets and intra-
axonal transport molecules, yield a preferred spatial direction
of the molecular movement. This directionality of diffusion
is called anisotropy.

The measured diffusion coefficient in MRI represents the
interaction of the diffusing molecules with cellular struc-
tures and is called the apparent diffusion coefficient (ADC).
Since the 1980s, the measurement of the ADC has been
employed using diffusion-weighted MRI DWI for the early
detection of ischemic brain areas [48]. The ADC, however,
does not assess the directionality of molecular movement.

In 1994, Basser et al. [49] introduced the formalism of
the diffusion tensor into MRI. It considers the fact that
diffusion is a three-dimensional process that is not suf-
ficiently described by a scalar measure such as ADC.
Therefore, diffusion gradients are applied in several spatial
directions to determine a multidimensional diffusion tensor.
From these diffusion tensor measures of movement,
directionality can be derived. Fractional anisotropy (FA)
and mean diffusivity (MD) are frequently employed pa-
rameters from DTI acquisitions in the cerebral white matter.
FA describes the directionality of fibre tracts; MD deter-
mines the overall diffusivity. Both parameters serve as

Fig. 7 Image regression analy-
sis of basal forebrain atrophy in
AD. Proton density weighted
MRI scans are spatially trans-
formed into standard space.
Then a square ROI is placed on
the substantia innominata (the
area of the cholinergic basal
forebrain) according to the mid-
dle of the anterior commissure.
Signal intensity within the
square ROI is extracted from
each scan and after smoothing
subjected to a univariate voxel-
wise statistics
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measures of fibre tract integrity (Fig. 8). Using the multi-
variate information of diffusion tensors, in vivo fibre
tracking can be performed. This allows reconstructing the
fibre tracts originating from selected white matter areas
based on individual DTI scans. Figure 9 gives an example
of a reconstruction from fibre tracts originating in the
corpus callosum and the pyramidal tract.

The analysis of DTI data is a rapidly developing field.
Fibre tracking approaches have not yet widely been employed
in the assessment of dementia because only recently statistical
models have become available to perform group analyses of
fibre tracts. The majority of studies have employed ROI-based
approaches in selected brain areas. Recently, automated
voxel-based analysis of FA maps has been developed for
application in AD. In the following, we will give a short
overview of the findings.

FA and MD changes in AD and MCI

Consistent with a decline of cortical connectivity and impair-
ment of axonal and dendritic integrity [50–53] early in the
disease process of AD, studies using DTI found a decline of
fractional anisotropy as a marker of fibre loss in posterior
corpus callosum, fasciculus longitudinalis superior, temporal
lobe and cingulate white matter [54–63]. One study using
voxel-based analysis of low-dimensionally normalised FA
maps found significant reductions of FA in posterior white
matter areas [64]. However, low-dimensional normalization
as employed in this study is not able to separate reductions

of FA from the effects of atrophy. Employing multivariate
analysis of high-dimensionally normalised FA maps, we had
found significant decline of FA in intracortical projecting
fibre tracts in the AD patients compared to the controls [65].
The method accounts for the effects of atrophy and, by using
multivariate analysis based on principal component analysis,
uncovers the entire network of fibre tract changes in AD. In
mild cognitive impairment, evidence from DTI studies is
more limited. However, several studies using ROI-based
analysis showed significant reductions of the marker of fibre
tract integrity in subcortical white matter, including the
posterior cingulate [61, 66], hippocampus [67, 68] and pos-
terior white matter [56, 69]. Similar results were obtained
using automated voxel-based analysis [64, 70]. However, it is
again not clear whether these findings were confounded by the
effects of atrophy. Interestingly, diffusion changes in the fornix
and the orbitofrontal white matter could even be detected in
non-demented mutation carriers of familial AD [71].

DTI has not yet been widely employed for the early
diagnosis of AD. Müller et al. [68] have compared the ability
of FA and MD measures in the hippocampus with
hippocampus volume to discriminate between 18 subjects
with MCI and 18 controls. They found superior accuracy of
group separation based on diffusion compared to volume
measurements. Clearly, the data basis is not broad enough to
draw any further conclusions from these data. However,
these findings encourage further research in the possible
application of DTI as a useful diagnostic tool in AD.

Summary of DTI

Over the last decade, DTI has arisen as one of the biggest
advances in clinical imaging. We are just beginning to

Fig. 9 DTI-based tractography. Tractographic reconstruction of a DTI
dataset. By tracking principal diffusion direction (i.e. the eigenvector
of the diffusion tensor) white matter tracts are visualised. The figure
shows the pyramidal tract and left–right connection via the corpus
callosum

Fig. 8 Colour coding of fibre tracts in the human brain. Fractional
anisotropy maps show further details by colour-coding the direction-
ality of white matter fibres: red indicates left–right; green, anterior–
posterior and blue, cranio-caudal orientation. Colour-coded images not
only show the location of white matter tracts but also their prevalent
direction using the tensor information. Note the large left–right
connection of the corpus callosum and the head-to-feet orientated
bundles of the cortico-spinal tract (pyramidal tract)
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explore the potential of this relatively new and powerful
technology. Presently, there seem to lay three major lines of
research ahead:

1. The methodology of analysis of DTI-based tensor maps is
rapidly evolving. However, the gap between the available
methodology and its application is still wide. In the next
few years, however, we will be able to apply analysis
algorithms that make use of the multivariate nature of the
data obtained. The majority of experimentally applied
approaches so far, be it ROI- or voxel-based, are based on
the analysis of scalar maps that are extracted from the
originally multivariate tensor fields. It will be of high
relevance not only for the field of AD research but for the
entire field of neuroscience to develop algorithms that
make use of the entire dimensionality of these data,
eventually making it available for diagnostic purposes
but, perhaps, even more important, to gain further insight
into the connectivity and plastic organization of the
human brain.

2. DTI techniques may be evaluated for their diagnostic
use involving the differential diagnoses of dementias,
such as vascular dementia. From a theoretical point of
view, microstructural alterations of the cerebral fibre
system should be among the earliest changes in both
neurodegenerative disease and cerebral ischemia. The
data from studies in at-risk patients are not conclusive
to date; however, the data basis is very narrow.
Therefore, the application of the already available DTI
acquisitions and analysis algorithms to at-risk groups of
dementia will be required to decide whether DTI bears
any advantage over conventional volumetric MRI for
the early diagnosis of AD or the differentiation between
AD and vascular dementia.

3. A particular gain in information has to be expected
from the combination of DTI with other imaging modal-
ities, such as functional MRI, structural MRI [72], or
EEG. The combination approach is destined to greatly
enhance our understanding not only of the pathophysi-
ology of neurodegenerative disorder but also of the
functional and structural basis of normal cognition in
the human brain.
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