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The network activated during normal route learning shares considerable homology with
the network of degeneration in the earliest symptomatic stages of Alzheimer’s disease
(AD). This inspired the virtual route learning test (VRLT) in which patients learn routes in a
virtual reality environment. This study investigated the neural basis of VRLT performance
in AD to test whether impairment was underpinned by a network or by the widely
held explanation of hippocampal degeneration. VRLT score in a mild AD cohort was
regressed against gray matter (GM) density and diffusion tensor metrics of white matter
(WM) (n = 30), and, cerebral glucose metabolism (n = 26), using a mass univariate
approach. GM density and cerebral metabolism were then submitted to a multivariate
analysis [support vector regression (SVR)] to examine whether there was a network
associated with task performance. Univariate analyses of GM density, metabolism and
WM axial diffusion converged on the vicinity of the retrosplenial/posterior cingulate cortex,
isthmus and, possibly, hippocampal tail. The multivariate analysis revealed a significant,
right hemisphere-predominant, network level correlation with cerebral metabolism;
this comprised areas common to both activation in normal route learning and early
degeneration in AD (retrosplenial and lateral parietal cortices). It also identified right
medio-dorsal thalamus (part of the limbic-diencephalic hypometabolic network of early
AD) and right caudate nucleus (activated during normal route learning). These results offer
strong evidence that topographical memory impairment in AD relates to damage across
a network, in turn offering complimentary lesion evidence to previous studies in healthy
volunteers for the neural basis of topographical memory. The results also emphasize that
structures beyond the mesial temporal lobe (MTL) contribute to memory impairment in
AD—it is too simplistic to view memory impairment in AD as a synonym for hippocampal
degeneration.
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INTRODUCTION
Memory impairment in Alzheimer’s disease (AD) is often
assumed to be a consequence of mesial temporal lobe (MTL)
degeneration. The reasons for this are self-evident: neurofibril-
lary tangle (NFT) pathology in AD begins in the MTL (Braak
and Braak, 1991); NFT load correlates with cognition in AD
(Giannakopoulos et al., 2003); and the hippocampus is known to
be atrophic in AD (Jack et al., 1997), including those at the mild
cognitive impairment (MCI) stage whose deficit is restricted to
memory (Pengas et al., 2010a). Such reasoning, however, might
be an oversimplification. For instance, Braak and Braak (1991)
used NFTs for their proposed staging protocol, precisely because
they observed that NFT pathology followed a progressive pat-
tern in AD; it is therefore expected that NFTs will correlate with
other measures of disease severity. Furthermore, it is now well
documented that prodromal AD is not simply a “hippocampal”
disease: at a presymptomatic stage, carriers of familial, autosomal

dominant AD mutations had both accelerated hippocampal and
posterior cingulate volume loss (Scahill et al., 2002). This is also
true of the MCI-stage of sporadic AD in which there is compara-
ble atrophy of retrosplenial cortex, posterior cingulate cortex and
hippocampus (Choo et al., 2010; Pengas et al., 2010a). Indeed,
the earliest hypometabolic region identified in AD is the poste-
rior cingulate/retrosplenial cortex (Minoshima et al., 1997; Nestor
et al., 2003a) with posterior temporoparietal hypometabolism
emerging as the next most affected isocortical region with disease
progression (Nestor et al., 2003b; Chetelat et al., 2005).

This constellation of affected regions (MTL, posterior cingu-
late, retrosplenial cortex, posterior parietal lobe) is homologous
with the network activated when healthy volunteers navigate
in functional magnetic resonance imaging (MRI) paradigms
(Ghaem et al., 1997; Maguire et al., 1998; Burgess et al.,
2001; Ino et al., 2002; Shelton and Gabrieli, 2002; Rosenbaum
et al., 2004; Wolbers et al., 2004; Wolbers and Buchel, 2005;
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Ekstrom and Bookheimer, 2007; Iaria et al., 2007; Ino et al.,
2007). It was therefore, previously, hypothesized that topograph-
ical memory impairment would be sensitive and specific for early
AD. The virtual route learning test (VRLT), in which subjects have
to learn routes in a virtual reality environment, was devised and
found to be highly sensitive and specific in distinguishing patients
with early AD from controls. Moreover, when compared to a
range of other memory tests, the VRLT most strongly correlated
with real world navigation problems (Pengas et al., 2010b).

To our knowledge, only one previous study has investigated
the neural basis of route learning impairment in AD but it did so
as a two population voxel-based morphometry (VBM) contrast
of gray matter density (GM) in subjects who got lost (n = 6 AD
plus n = 5 MCI) versus those that did not (n = 4 AD plus n = 7
MCI plus n = 19 controls) who did not (deIpolyi et al., 2007).
It reported no significant regions in a whole brain analysis but
focusing on regions of interest in inferior parietal lobule, parahip-
pocampal gyri and hippocampi, the authors reported atrophy in
inferior parietal regions with a rightward bias as well as a tiny area
in the right hippocampal tail. The use of regions of interest, the
two population design, and inclusion of controls mean that only
limited conclusions can be drawn from this study.

The aim of the present study, therefore, was to map the neu-
ral substrate for impaired route learning in an unbiased manner
with multimodal imaging, using scores from the VRLT, in a
cohort of mild AD patients. These behavioral data were derived
from the earlier neuropsychological study (Pengas et al., 2010b)
and, because the aim of the present work was to understand the
basis of route learning impairment in AD, only patients with
this condition (i.e., no controls) were included. VRLT scores
were regressed with GM density (as a measure of regional brain
atrophy), normalized 18F-fluorodeoxyglucose (FDG) radioactiv-
ity concentration—used as a measure of resting cerebral glu-
cose metabolism corrected for inter-subject variation in basal
metabolism—and diffusion tensor imaging (DTI) parameters of
white matter tracts (WM). GM density and FDG data were also
examined using a multivariate approach to specifically look at
overall network contributions to navigation performance.

METHODS
SUBJECTS
A cohort of n = 30 patients with mild AD was identified for the
study that had undergone detailed clinical and neuropsycholog-
ical assessments of whom n = 16 patients had MCI (Petersen
et al., 2001), and n = 14 met National Institute of Neurological
and Communicable Diseases and Alzheimer’s Disease and Related
Disorders Association (NINCDS-ADRDA) criteria for proba-
ble AD (McKhann et al., 1984) at the time of scanning. The
MCI subjects were followed up longitudinally after scanning
to confirm progressive decline in all subjects, therefore indi-
cating that their MCI status was due to probable AD. All 30
underwent the MRI protocol and a subset (n = 26 of which
14 were designated MCI and 12 AD when scanned) also had
FDG—positron emission tomography (PET) imaging (demo-
graphics summarized in Table 1). These patients were derived
from the earlier neuropsychological study of topographical mem-
ory in AD (Pengas et al., 2010b). The study was approved by

Table 1 | Demographics of the AD subjects that were included in the

analyses (note: the PET subjects represent a subgroup of the MRI

subjects; MMSE: Mini-mental state examination; ACE-r:

Addenbrooke’s Cognitive Examination-revised).

MRI subjects PET subjects

Mean ± SD (range) Mean ± SD (range)

N (sex) 30 (17M:13F ) 26 (15M:11)

Age, yrs 69.2 ± 5.4 (59–78) 68.8 ± 5.6 (59–78)

Education, yrs 13.8 ± 3.0 (10–19) 13.8 ± 3.1 (10–19)

MMSE 24.6 ± 2.6 (18–28) 24.5 ± 2.6 (18–28)

ACE-r 74.2 ± 10.5 (55–88) 74.3 ± 10.2 (55–88)

VRLT error score 14.5 ± 5.3 (3–23) 14.5 ± 5.1 (3–23)

the Local Research Ethics Committee and the Administration
of Radioactive Substances Advisory Committee, UK. Written
informed consent was obtained from all subjects and care-givers.

TOPOGRAPHICAL MEMORY ASSESSMENT
Full details of the VRLT have been previously published (Pengas
et al., 2010b). Briefly, the VRLT is s graded route learning task
that employs four consecutively harder routes that subjects need
to learn and reproduce by navigating with a joystick in a 3D first-
person computer-generated virtual town. The task is scored in the
number of errors a subject makes to complete all four routes, in a
“learning-to-criterion” paradigm (Pengas et al., 2010b).

IMAGING
Image acquisition
MRI. Within days of the behavioral data collection, MR images
were acquired on a Siemens Trio 3T system (Siemens Medical
Systems, Erlangen, Germany) equipped with gradient coils capa-
ble of 45 mT/m and a slew rate of 200T/m/s, and a 12-channel
phased-array total imaging matrix head-coil (Siemens Medical
Systems, Erlangen, Germany). At acquisition, the field of view was
aligned to stereotactic space: the anterior commissure—posterior
commissure line was aligned with the axial plane and the inter-
hemispheric fissure was aligned along the sagittal plane. In addi-
tion, the scanning bed was adjusted to place the scanner isocentre
at the thalamus in the mid-sagittal plane. Volumetric T1-weighted
images were obtained using 3D magnetisation-prepared radio-
frequency pulses and rapid gradient-echo (MP-RAGE) sampling
(relaxation time (TR)/ echo time (TE)/ inversion time (TI)/
number of excitations (NEX) = 2300 ms/ 2.86 ms/ 900 ms/ 1;
flip angle 9; matrix 192 × 192; 144 slices; voxel size 1.25 ×
1.25 × 1.25 mm3 isotropic). Diffusion-weighted images (DWI)
were acquired using a twice-refocused single-shot echo-planar
imaging pulse sequence (Reese et al., 2003), with parameters
TR/TE/NEX = 7800 ms/ 90 ms/ 1; matrix 96 × 96; 63 contigu-
ous axial slices; isotropic voxel resolution of 2 × 2 × 2 mm3;
bandwidth of 1628 Hz/pixel and echo spacing of 0.72 ms). The
diffusion tensor was acquired with diffusion-sensitising gradient
orientations along 63 non-collinear directions (b = 1000 s/mm2)
that were maximally spread by considering the minimal energy
arrangement of point charges on a sphere and one scan with-
out diffusion weighting (b = 0 s/mm2, b0). Parallel acquisition of
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independently reconstructed images was allowed for, using gen-
eralised autocalibrating partially parallel acquisitions or GRAPPA
(Griswold et al., 2002), with acceleration factor of 2 and 39
reference lines.

FDG-PET. FDG-PET scans were acquired within a few weeks of
the MRI scans for all patients, using a GE Advance scanner (GE
Medical Systems, Milwaukee, WI, USA) in 3D mode (voxel size
2.34 × 2.34 × 4.25 mm3, field of view 30.0 × 30.0 × 15.3 cm3).
Subjects were scanned after a 6 h fast in a dimly lit, quiet room,
without using ear-plugs or blindfolds. A 150MBq FDG intra-
venous bolus injection was given over 30 s. Prior to the acquisi-
tion of emission images 35–55 min after injection (4 × 5 min), a
10 min geometrically windowed, coincidence mode transmission
scan was performed using rotating germanium-68 rods for atten-
uation correction. PET emission images were reconstructed using
the PROMIS 3D filtered back-projection algorithm (Kinnahan
and Rogers, 1989) with corrections applied for dead time, ran-
doms, normalisation, scatter, attenuation, sensitivity, and decay.
Arterial sampling was not performed.

Data processing
Voxel-based morphometry. Statistical parametric mapping 2005
(SPM5, http://fil.ion.ac.uk/spm) was employed to evaluate voxel-
wise GM density using VBM (Ashburner and Friston, 2000).
Recent studies have shown that skull-stripping and radio-
frequency bias correcting MR images improve the performance
of warping procedure so this was undertaken using a previ-
ously described algorithm (Acosta-Cabronero et al., 2008; Pereira
et al., 2010). The resulting warped GM segments were modu-
lated to compensate for volumetric differences introduced into
the warped images, and smoothed using an 8 mm full-width half-
maximum (FWHM) isotropic Gaussian kernel. Pre-processing
and warping procedures need reasonable initial estimates; hence
the origin of each structural volume was set manually to the
anterior commissure prior to pre-processing. A relative mask-
ing threshold of 0.2 was applied for SPM5 analyses. The GM,
WM and cerebrospinal fluid segments from SPM5 were summed
together to calculate the total intracranial volume (Pengas et al.,
2009), and entered as a nuisance covariate in the statistical regres-
sions.

FDG-PET. Mean FDG (35–55 min) radioactivity concentration
maps were generated and their origins were also reset to the
anterior commissure. The resulting volumes were skull-stripped
using BET2 ( f = 0.7, g = 0) (Smith, 2002), rigidly aligned to
their corresponding pre-processed structural image and re-sliced
(sinc interpolated) to the voxel size of the structural image using
the VTK CISG registration toolkit v2.0.0 (Rueckert et al., 1999).
Aligned mean FDG maps were then transformed into stereo-
tactic space using the SPM5 warp transforms of pre-processed
volumes and re-sampled to 2 mm isotropic using 7th degree b-
spline interpolation. Finally, mean FDG maps were normalized
by multiplying all voxels by the scaling factor required to equalize
the mean cerebellar radioactivity concentration of each subject
to the mean cerebellar radioactivity concentration of all subjects
(Ichimiya et al., 1994), and smoothed with a 16 mm FWHM

kernel. A relative masking threshold of 0.8 was applied for SPM5
analyses.

Diffusion tensor imaging. The FSL package (http://www.fmrib.

ox.ac.uk/fsl/) was employed to process and analyze the DWI data.
First, each diffusion-weighted volume was affine-aligned to its
corresponding b0 image using FMRIB’s linear image registration
tool v5.4.2 (Jenkinson and Smith, 2001) to correct for possible
motion artefacts and eddy-current distortions. Prior to fitting the
tensor, brain masks of each b0 image were generated using BET2
with f = 0.1 and g = 0. FMRIB’s diffusion toolbox v2.0 was then
used to fit the tensor and compute the orthogonal elements at
each brain voxel, from which fractional anisotropy (FA), axial dif-
fusivity (λ1), radial diffusivity (RD) and mean diffusivity (MD)
metrics were derived. Spatial normalization was performed to a
target image; this was the map that required the least amount of
non-linear warping to match all other images, which was then
affine-aligned into MNI152 standard space. The combination of
the two transformations was applied to each subject’s FA image,
and all warped FA maps were then averaged to create the mean FA
template, from which the mean FA skeleton is derived (FA > 0.2).
Finally, all subjects’ normalized FA, λ1, RD, and MD data were
projected onto the skeleton for statistical analysis. The tract-based
spatial statistics (TBSS) approach (Smith et al., 2006), whereby
the nearest most relevant tract center in each subject’s spatially
normalized FA image is projected onto the mean FA skeleton
containing the center of all tracts common to all subjects, was
used to perform voxel-wise statistics at the tract centers only, thus
minimizing the effect of residual misregistration.

Statistical analysis
Univariate analyses. Whole brain analyses were carried out by
regressing the VRLT error score with each of the three different
imaging modalities: GM density, normalized FDG radioactivity
concentration and diffusion metrics (λ1, RD, MD, and FA). GM
density and normalized FDG radioactivity concentration were
analyzed using voxel-based multiple linear regressions in SPM5
and illustrated at a statistical threshold of p (uncorrected) <

0.005 and with no voxel extent threshold (k = 0). Diffusion anal-
yses employed permutation-based non-parametric inference on
unsmoothed statistical maps in TBSS; 10,000 permutations of
the data were generated to test against using “randomise v2.1,”
and cluster-like structures were enhanced using the threshold-
free cluster enhancement algorithm (Smith and Nichols, 2009).
Previous work has shown that λ1, MD, and RD can be more sen-
sitive to diffusivity changes in AD than FA (Acosta-Cabronero
et al., 2010). Therefore λ1, MD, RD (in addition to FA) were
each assessed using multiple linear regression at p (uncorrected)
<0.05. It should be highlighted, however, that there is presently
uncertainty as to how changes in these various diffusion metrics
relate to neuronal loss in WM; as such, the diffusion analy-
ses should only be considered as exploratory at this time (See
“Discussion” also).

Multivariate analyses. Support vector machines for use in
regression contexts [support vector regression (SVR)], allow for
cognitive scores to be predicted using independently acquired
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data such as imaging, and therefore to interrogate the algorithm
as to which brain areas influenced the algorithm the most, i.e.,
which are most relevant to the predicted cognitive score.

The general method of use for statistical learning tools has
two phases. The first is a “supervised learning” phase, where the
model is “trained” on a subset of the data and is optimized over a
cost function, such that it outputs optimal results for that train-
ing set. A separate test on the remaining subset of the data then
validates the generalizability of the learned model. As the present
dataset was relatively small, the data cannot reasonably be split
into learning and testing subsets (as small subsets inevitably lead
to overfitting), and so cross-validation utilized “leave-one-out”
tests instead. In this strategy, one subject’s image is removed and
the algorithm learns over the rest of the dataset. Then a predic-
tion is made, based on the learned model, for the left-out image.
This is then repeated over all subjects, and the accuracy is com-
puted over all tests. The correlation between predicted scores and
actual scores for each image then gives a measure of how well
the technique performed, and how reliable the model it outputs
is. Importantly, if this correlation was not statistically signifi-
cant, further analyses (to identify relevant brain regions) were not
performed.

In the case of regression, optimization takes place by ensuring
that predictions over the training set have minimal error, whilst
maintaining as robust a predictive function as possible. There are
two adjustable parameters, C, the regularisation parameter, which
restricts how much influence a single training example can have
on the learned model, and ε, an upper bound for the maximum
acceptable error allowed without penalty. The predictive form is:

Prediction =
SVs∑

i

αik(xi, z) + b

where summation is over all training examples, α’s are hyper-
parameters giving the influence each training example has on the
final model, b is a normalisation constant, and k(xi, z) is a kernel
function, which allows a model to take a non-linear form.

Visualization of the model is simple in the case of a linear
kernel. The functional form of the classifier can be simplified by
using the concept of the weight vector, w:

w =
SVs∑

i

αixi

The predictive form of the SVR technique is then:

Prediction = w · z + b

As the dot product of weight vector w with test vector z is taken,
larger values of w represent regions of the trained model that
are more sensitive to change in voxel intensity. In the present
study, the SVR was implemented using SVM_light and employ-
ing default values from this algorithm for C and ε (Joachims,
1999). Displays of a thresholded version of the weight vector have
been previously used in neuroscience work with support vector
machines, e.g., Klöppel et al. (2008).

Interpretation of a weight vector is slightly different to inter-
pretation of the more traditional mass univariate scheme. In
a mass univariate scheme, an individual voxel is regressed to
the score variable, and hence has an individual p-value associ-
ated with its correlation. In this multivariate case, a weighted
version of the entire field of voxels is regressed to the score vari-
able, and hence it is the overall pattern which has a p-value
for correlation—the present technique cannot provide p-values
for individual voxels, only for the entire pattern. Given that
cognitive functions rely on distributed neural systems, this mul-
tivariate methodology is potentially very powerful as it offers the
possibility to explain task performance at a network level.

RESULTS
UNIVARIATE ANALYSES
Atrophy (GM density) correlations
VRLT performance correlated bilaterally with GM density in the
region of the isthmus/retrospenial junction and extreme tail of the
hippocampus. Patchy correlations were also evident in parahip-
pocampal gyrus (PHG), insula, parietal and frontal cortices that
were bilateral but with greater right hemisphere involvement
(Figure 1).

FIGURE 1 | Results of the univariate linear regression of VRLT error

score with GM density. Above panel: glass brain; below panel: selected
slices projected onto a single subject template. The slice labeled
“y = −39” best illustrates the bilateral isthmus/retrosplenial lesion.
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Metabolism (FDG) correlations
Normalized FDG radioactivity concentration correlation with
VRLT performance identified a confluent region spanning right
posterior cingulate, retrosplenial cortex, precuneus, lateral pos-
terior parietal cortex, and posterior PHG. A less extensive and
less significant cluster was seen on the left side involving posterior
parietal cortex (Figure 2).

Diffusion (WM) correlations
VRLT performance correlated with λ1 bilaterally in the WM
of the cingulum bundle in the posterior cingulate/retrosplenial
region. On the right side this was more extensive and confluently
extended rostrally in the PHG to the level of the hippocampal
head in the y-plane (Figure 3). RD, MD, and FA failed to produce
confluent results in any tract.

MULTIVARIATE ANALYSES
Using GM density within an SVR model to predict VRLT perfor-
mance did not produce values that correlated significantly with
the true values (2-tailed p = 0.19). There was a significant predic-
tive correlation between actual and predicted VRLT performance
using normalized FDG radioactivity concentration (2-tailed p <

0.005). This involved bilateral postero-lateral parietal and retro-
splenial cortices as well as right caudate nucleus, right medio-
dorsal thalamus and a small area of right dorso-lateral prefrontal

FIGURE 2 | Results of the univariate linear regression of VRLT error

score with FDG metabolism. Above panel: glass brain; below panel:
selected slices projected onto a single subject template.

cortex. Overall, the regression was more extensive in the right
hemisphere (Figure 4). Plotting the results of the SVR found that
one data point was a potential outlier, re-running the correlation
with this data point excluded diminished the significance of the
correlation (1-tailed p = 0.05) (Figure 5).

CONVERGENCE OF RESULTS ACROSS METHODS AND MODALITIES
The univariate analyses of GM and FDG and the multivariate
FDG analysis identified a common area of correlation in the right
retrospenial cortex/isthmus region extending to the region of the
hippocampal tail. Axial diffusion (λ1) in WM adjacent to this
region was also significantly correlated (Figure 6).

DISCUSSION
Performance on the VRLT, in which subjects attempt to learn
routes in a virtual environment, was recently shown to have
exquisite sensitivity for detecting impairment in very early AD;
it also showed excellent ecological validity in that it correlated
strongly with real world endorsements of route-finding difficulty
(Pengas et al., 2010b). Univariate analyses of GM density, FDG
(glucose metabolism) and WM axial diffusion found convergent
correlations with the right retrosplenial/isthmus/posterior cingu-
late/hippocampal tail region. The multivariate analysis of FDG
yielded a more distributed network of correlation that included
this same region as well as lateral parietal association cortex,
right caudate nucleus, and right dorso-medial thalamus. With
the exception of the lateral parietal and retrosplenial regions, the
network was exclusively right-sided. Though the present results
offer considerably more detail, they are in general agreement with
the GM density region of interest results of deIpolyi et al. (2007)
who reported greater right side atrophy in AD and MCI patients
who got lost, and involvement of the extreme right hippocampal
tail (n.b. their region of interest analysis included hippocampi,
parahippocampal gyri, and inferior parietal lobules).

Correlation of topographical memory impairment with the
retrosplenial region is in agreement with behavioral data from
focal lesions to this region (Takahashi et al., 1997; Maeshima et al.,
2001). Similarly, functional neuroimaging studies of healthy sub-
jects navigating in virtual environments activate the retrosplenial
region (Ghaem et al., 1997; Maguire et al., 1998; Maguire, 2001;
Ino et al., 2002; Wolbers et al., 2004). It also resonates with the
observation that this area is the earliest detectable hypometabolic
region in the MCI-stage of AD (Nestor et al., 2003b). The present
findings suggest that this lesion is a significant contributor to
the emergence of memory impairment in AD. Furthermore, the
observation that both metabolism and GM density in this region
correlated with VRLT performance suggests that this is not just a
functional lesion but, rather, a direct consequence of local neu-
rodegeneration. The correlation with axial diffusion in the WM
subtending this region would also be consistent with local degen-
eration causing disruption to axonal projections from this area.
As already mentioned, however, the diffusion analysis should only
be treated as exploratory at this time; none of the other diffusion
metrics correlated with VRLT performance, and, at present, too
little is known about the dynamics of change between specific dif-
fusion metrics and axonal loss to have strong expectations for how
these variables may relate to each other.
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FIGURE 3 | Areas of correlation between increased axial diffusion (λ1, red) and VRLT error score. The TBSS “skeleton” (i.e., the white matter tract
centers on which the statistics are computed) is green.

FIGURE 4 | Multivariate support vector regression of VRLT

performance with normalized FDG metabolism.

The multivariate SVR analysis which estimates a significance
level to the pattern of cerebral correlates as whole, and there-
fore could be viewed as giving a more informed picture of
network level change, yielded a more complex picture than the
mass univariate approach with respect to FDG. In addition to
the retrosplenial lesion, this analysis revealed that lateral parietal
regions—with a right-sided predominance—were also signifi-
cantly related to VRLT performance. These findings highlight the
homology between the fMRI pattern of activation during nav-
igation (Ghaem et al., 1997; Maguire et al., 1998; Mellet et al.,
2000; Burgess et al., 2001; Wolbers et al., 2004; Moffat et al., 2007)
and the imaging profile in AD (Minoshima et al., 1997; Baron
et al., 2001; Chetelat et al., 2002; Scahill et al., 2002; Nestor et al.,
2003b; Acosta-Cabronero et al., 2010; Pengas et al., 2010a) that
was the inspiration for developing this test. The analysis also high-
lighted right medio-dorsal thalamus in the correlation with VRLT
performance. This location has not been a major feature of the
spatial memory network in fMRI studies. Lesions to the thala-
mus are, however, an established cause of human amnesia (Stuss
et al., 1988; Hodges and McCarthy, 1993) and, moreover, this
area is part of the limbic-diencephalic network that is specifically
hypometabolic in the amnesic prodrome of AD (Nestor et al.,
2003a).

The failure to detect a significant network correlate with the
multivariate GM SVR might suggest that the metabolic findings
are predominantly physiological and separate from local degener-
ation (atrophy). It is important to emphasize, however, that this
quite likely reflects the far greater sensitivity of FDG to detect local
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FIGURE 5 | Plots of the Support Vector Regression (predicted

versus observed VRLT score). (A) Shows the full
cohort: note that one data point (circled) appeared to be a potential

outlier. Removing this data point (B) diminished the
strength of the correlation though it remained significant
(p = 0.05).

degeneration compared to GM density measurements. This phe-
nomenon can be illustrated by contrasting the findings from two
studies of the posterior cortical atrophy form of AD—one that
examined glucose metabolism (Nestor et al., 2003c) and another
that examined GM density (Whitwell et al., 2007). The lesion
distribution in the two studies was identical suggesting a tight
concordance between cerebral metabolism and atrophy; the key
difference was that the FDG-PET result was generated from 16
subjects (n = 6 patients; n = 10 controls) whereas the GM den-
sity result came from 76 subjects (n = 38 in both patient and
controls groups).

One finding in the multivariate FDG analysis probably does,
however, represent a physiological network co-variance—this
being the striking emergence that the right caudate nucleus was
exerting an influence on performance. The right caudate nucleus
is the one region identified to be part of the spatial memory net-
work that is not a prominent component of the landscape of early
degeneration in AD. It is, however, specifically activated during
egocentric spatial memory tasks in healthy volunteers (Maguire
et al., 1998; Doeller et al., 2008), and so would be expected to
engage in a route learning test. Furthermore, there seems no rea-
son to expect any disease-related caudate metabolism alterations
in AD to be strongly right lateralized. We, therefore, propose that
the unilateral right caudate finding in the current study offers
direct evidence that this region is co-varying with posterior corti-
cal regions involved in topographical memory performance. This
observation reinforces the findings of previous fMRI studies in
healthy volunteers that the right caudate nucleus is intimately
involved in topographical memory processing using the compli-
mentary model of a neurodegenerative disease that impairs this
ability.

A very relevant negative in this study was the absence of promi-
nent hippocampal correlation with task performance. Some
analyses identified involvement of the extreme tail of the hip-
pocampus, though, even then, it was never restricted to the
hippocampus and could possibly have even been arising from
correlation with neighbouring structures. Nevertheless, if real,
it would be consistent with fMRI evidence that the tail may be

the critical hippocampal component in spatial memory (Doeller
et al., 2008). Arguably the more important point was that exclud-
ing the caudal couple of millimeters, no evidence was identified
for hippocampal involvement in a topographical memory task
that was previously shown to be highly sensitive to early AD.
Without the current analyses, it is likely that many would assume
topographical, indeed any kind of, memory test impairment in
AD was a consequence of hippocampal damage. The present
results challenge this view as an oversimplification. It would be
overstating the case to suggest that the degree of hippocam-
pal degeneration found in early AD is irrelevant to memory
impairment—even in the present study it is possible that it
exerted an influence that failed to reach statistical significance.
It is, however, worth reflecting that the evidence that hippocam-
pal degeneration causes memory impairment in AD is largely
biased by the fact that studies finding correlation between these
variables in the past have typically not examined regions beyond
the MTL. Although many such studies found significant corre-
lations (Kohler et al., 1998; de Toledo-Morrell et al., 2000a,b;
Grundman et al., 2003; Reitz et al., 2009; Stoub et al., 2010),
given that both MTL degeneration and memory impairment are
a function of disease severity, one could ask, how could they fail
to correlate? This risk of non-causal correlation is exemplified
in studies in which non-mnemonic functions such as naming
(Wilson et al., 1996) also correlated with MTL degeneration. The
present results also offer explanation for the observation that
patients with the non-Alzheimer disorder, semantic dementia,
can perform the VRLT normally (Pengas et al., 2010b) yet have
been previously shown to have greater MTL degeneration than is
seen in AD (Chan et al., 2001; Galton et al., 2001; Nestor et al.,
2006).

In conclusion, this study sought to investigate the neural basis
of topographical memory impairment in AD. The traditional
mass univariate regression approach employed with several differ-
ent imaging modalities found correlations that particularly con-
verged on a region encompassing retrosplenial/isthmus/posterior
cingulate cortex and possibly hippocampal tail. A relatively novel
multivariate approach, however, revealed that a, predominantly
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FIGURE 6 | Convergence of results across different imaging modalities and analysis techniques. Note that the retrosplenial/isthmus correlation is
common to all analyses (see rows y = −38 and z = 0).

right hemispheric, network that reflected elements of (1) the
limbic-diencephalic network known to be abnormal in incipient
AD and (2) the topographical network highlighted in past fMRI
studies of healthy volunteers, underpinned task performance in
AD. These results, therefore, offer lesion evidence to corrob-
orate observations made in healthy subjects regarding human
route learning. Moreover, the findings highlight that memory

impairment in AD is network-driven and unlikely to be simply
a consequence of MTL damage.
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