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Abstract
Purpose Mild cognitive impairment (MCI) is a transition-
al pathological stage between normal ageing (NA) and
Alzheimer’s disease (AD). Although subjects with MCI
show a decline at different rates, some individuals remain
stable or even show an improvement in their cognitive
level after some years. We assessed the accuracy of
FDG PET in discriminating MCI patients who converted
to AD from those who did not.

Methods FDG PET was performed in 42 NA subjects, 27
MCI patients who had not converted to AD at 5 years (nc-
MCI; mean follow-up time 7.5 ± 1.5 years), and 95 MCI
patients who converted to ADwithin 5 years (MCI-AD; mean
conversion time 1.8 ± 1.1 years). Relative FDG uptake values
in 26 meta-volumes of interest were submitted to ANCOVA
and support vector machine analyses to evaluate regional dif-
ferences and discrimination accuracy.
Results The MCI-AD group showed significantly lower FDG
uptake values in the temporoparietal cortex than the other two
groups. FDG uptake values in the nc-MCI group were similar
to those in the NA group. Support vector machine analysis
discriminated nc-MCI fromMCI-AD patients with an accura-
cy of 89% (AUC 0.91), correctly detecting 93% of the nc-
MCI patients.
Conclusion In MCI patients not converting to AD within a
minimum follow-up time of 5 years and MCI patients
converting within 5 years, baseline FDG PET and volume-
based analysis identified those who converted with an accura-
cy of 89%. However, further analysis is needed in patients
with amnestic MCI who convert to a dementia other than AD.

Keywords Alzheimer’s disease .Mildcognitive impairment .

Conversion toAD . Positron emission tomography . Support
vector machine . Volume of interest analysis

Introduction

One of the main clinical issues in a memory clinic is to predict
whether or not a subject presenting with objective mild cog-
nitive impairment (MCI) will convert to dementia. MCI pa-
tients convert at an average rate of 10–17% per year [1–3], yet
a substantial proportion of them remain stable or improve after
some years [4, 5]. These ‘nonconverter’ MCI patients (nc-

* Marco Pagani
marco.pagani@istc.cnr.it

1 Institute of Cognitive Sciences and Technologies, CNR, Via Palestro
32, 00185 Rome, Italy

2 Department of Nuclear Medicine, Karolinska Hospital Stockholm,
Stockholm, Sweden

3 Clinical Neurology, Department of Neuroscience (DINOGMI),
University of Genoa and IRCCSAOUSanMartino-IST, Genoa, Italy

4 Department of Nuclear Medicine, Department of Health Science
(DISSAL), University of Genoa and IRCCS AOU San Martino-IST,
Genoa, Italy

5 Environment and Health Department, Istituto Superiore di Sanità,
Rome, Italy

6 Department of Hospital Physics, Karolinska Hospital,
Stockholm, Sweden

7 Clinical Psychology, IRCCS AOU San Martino-IST, Genoa, Italy
8 National Institute of Nuclear Physics (INFN), Genoa section,

Genoa, Italy
9 Medical Radiation Physics and Nuclear Medicine, Imaging and

Physiology, Karolinska University Hospital, Stockholm, Sweden
10 Institute of Molecular Bioimaging and Physiology, CNR - Genoa

Unit, AOU San Martino-IST, Genoa, Italy

mailto:marco.pagani@istc.cnr.it
http://crossmark.crossref.org/dialog/?doi=10.1007/s00259-017-3761-x&domain=pdf


MCI) represent 20% to 40% of the MCI cohort [6] and are
affected by a variety of conditions that may mimic a neurode-
generative disease [7]. In clinical practice, neuropsychological
assessment tools might differentiate both normal subjects and
those with only subjective cognitive impairment from MCI
patients.

Structural and functional neuroimaging have been used to
discriminate normal subjects from MCI patients who convert
to dementia, mainly Alzheimer’s disease (MCI-AD), with rel-
atively high accuracy [8–10]. On the contrary, distinguishing
MCI-AD from nc-MCI patients remains a major challenge.
The identification of MCI patients at imminent risk of conver-
sion may improve patient management by providing the op-
portunity to benefit from newly developed drugs, as well as to
avoid the implementation of inappropriate therapies. To an-
swer this crucial question, both unimodal [8, 11–15] and mul-
timodal [8, 15–20] approaches have been applied, and both
approaches have shown accuracies in discriminating the two
conditions of up to 83%. The analyses performed included
interviewing patients and care-givers, neuropsychological
and genetic tests, cerebrospinal protein analysis, and patho-
logical, anatomical and functional neuroimaging. Among
these tools, 18F FDG PET may ideally assist in assessing syn-
apse dysfunction which is correlated with cognitive impair-
ment [21]. Moreover, FDG PET has been found to be the only
examination that significantly improves the value of demo-
graphic covariates in predicting the development of AD
[15], and to be a better predictor of conversion than MRI
[22]. Specifically, FDG PET alone has shown accuracies in
predicting progression of MCI to AD ranging between 70%
and 83% [2, 13, 15, 23, 24], which, although statistically sig-
nificant, is not considered sufficient to provide adequate assis-
tance in clinical diagnosis or as a target for drug trials.

There are several reasons that partly explain such lack of
consistency. These tend to negatively affect the value of
multicentre studies, and include differences in image process-
ing methods, patient heterogeneity, study design and unsatis-
factory camera performance. However, the most important
reason may be limited patient follow-up that may prevent
timely assessment of AD conversion and minimization of
the risk of late conversion. This last effect could hamper the
selection of appropriate conversion-related regions, since nc-
MCI may also show hypometabolism in critical areas [25].

Applying multivariate analysis techniques based on princi-
pal component analysis [26] and independent component
analysis [27], our group has recently found progressive
disgregation of brain networks in the transition from normal
ageing (NA) toMCI and AD. Our studies have also shown the
potential of FDG PET for discriminating patients with nc-
MCI from those with MCI-AD and full-blown AD.
Accuracies close to 90% have been reported, and even higher
values have been found for the theoretical condition of repeat-
ed PET examinations. These results support the development

of new statistical tools for assisting diagnosis in clinical prac-
tice, aiding visual inspection and providing high accuracy in
the prognosis of MCI evolution, based on evaluation of base-
line regional FDG uptake.

The aims of the present study were to: (1) assess the accu-
racy of an analysis based on volumes of interest (VOIs) in
discriminating between nc-MCI and AD-MCI patients, and
(2) identify the regions that mostly contribute to the differen-
tiation of the two groups. For reliable discrimination, the clas-
sification was based on a follow-up of at least 5 years after the
baseline PET examination.

Materials and methods

Participants

The study population consisted of 164 subjects divided into
the following three groups: 42 normal elderly subjects (NA),
27 MCI patients who had not converted to AD after a follow-
up of at least 5 years after the first FDG PET scan (nc-MCI;
mean follow-up 7.5 ± 1.5 years, range 5.0–9.8 years), and 95
MCI patients who converted to AD within 5 years of the
baseline PET scan (MCI-AD; mean time to conversion
1.8 ± 1.1 years, range 0.4–5.0 years; Table 1). This retrospec-
tive cohort study involved patients who had had amnestic
MCI (a-MCI) since 2007. Since our aim was to evaluate the
fate of those developing AD dementia in relation to those who
remained stable or normalized during follow-up, we chose not
to consider a-MCI patients who converted to dementias other
than AD. The reasons of this choice were twofold. First, al-
though a sufficient number of a-MCI patients (95) converted
to AD dementia for statistical analysis, in the same period only
seven patients converted to dementia with Lewy bodies
(DLB) and five to frontotemporal dementia (FTD) making
these groups too small for statistical analysis. Second, the
studywas specifically designed to investigate AD-relatedmet-
abolic changes.

All patients had given their consent to undergo FDG PET
within the framework of a longitudinal, long-term observa-
tional study. The exclusion criteria have previously been de-
scribed [26]. Formal permission to conduct the study was
given by the Institutional Ethics Committee, in accordance
with the principles of the Declaration of Helsinki.

MCI patients

The MCI patients were subjects referred to our memory clinic
for a first diagnostic assessment of a memory complaint. The
baseline evaluation included standard blood and urine tests,
and morphological (MRI) and functional (FDG PET) neuro-
imaging. The patients underwent extensive neuropsychologi-
cal examination including tests of: (1) categorical and



phonological verbal fluency, (2) episodic verbal memory, (3)
executive functions, (4) visuospatial ability, and (5) attention
and working memory. According to the MCI criteria of
Petersen et al. patients who showed impairment in a memory
test but were not demented [30] were included in the MCI
group, either with or without involvement of other cognitive
domains (multidomain and single-domain a-MCI, respective-
ly) [28]. A 15-item Geriatric Depression Scale (GDS) score of
≤10 was required for inclusion, yet a depressed trait was not
considered an exclusion criterion. Patients with MRI evidence
of a major stroke or brain lesions and those meeting the criteria
for vascular cognitive impairment were excluded [29]. By
contrast, a Wahlund score of <3 in all regions [30], and the
presence of white matter hyperintensities, leukoaraiosis and
lacunae were not exclusion criteria. All patients had a modi-
fied Hachinski ischaemic score of <3 [31].

The 27 nc-MCI patients who were followed up for a min-
imum of 5 years received a different diagnosis at the last
follow-up. Four patients underwent an amyloid PET scan,
and three of these patients were positive for amyloidosis.
Twomore patients showed progressive deterioration, although
this did not meet the criteria for dementia; amyloid PET im-
aging was not performed, as both patients were older than
80 years. These two patients, as well as the three with brain
amyloidosis (i.e. predementia AD according to the
International Working Group-2 research criteria [32]), were
considered to be still at risk for the development of AD (very
late converters). Two patients had very low levels of school
education and were socially and environmentally deprived,
and these factors most likely contributed to their poor neuro-
psychological performance. In the remaining 20 patients, a
definite diagnosis was not reached. In these patients, a com-
bination of conditions, including moderate vascular lesions,
medical comorbidities, drug therapies and psychosocial fac-
tors, or the presence of suspected non-AD pathology may
have accounted for their ongoing MCI.

Controls

The control subjects were healthy volunteers carefully evalu-
ated by clinical examination and by their general medical his-
tory. Only subjects with a normal Mini-Mental State

Examination (MMSE) score (i.e. >26) and with a Clinical
Dementia Rating score of 0 were considered. They were cho-
sen so that their age, gender and educational level distributions
matched those of the patients. They underwent both FDG PET
and MRI scans and were subjected to extended neuropsycho-
logical testing. In order to exclude the presence of impairment
in specific cognitive domains, a z-score threshold of −1.5 ad-
justed for age and education level computed using Italian nor-
mative values for each test was applied [33]. Of the control
subjects, 25 (60%) were followed up with both clinical and
neuropsychological examinations after 12 to 107 months
(mean 41.8 ± 31 months), which confirmed their healthy sta-
tus. No further follow-up data were available in 17 control
subjects.

Data acquisition and preprocessing

18F-FDG PET protocol and SPM preprocessing.

PET Images were acquired using a Siemens Biograph 16 PET/
CT scanner. Scans were acquired in 3-D mode with an acqui-
sition time of 15 min. Images were reconstructed using an
ordered subsets expectation maximization algorithm, with 16
subsets and six iterations, and a reconstructed voxel size of
1.33 × 1.33 × 2.00 mm. The CT scan was used for attenuation
correction. Brain FDG PET DICOM files were exported and
converted into Analyze files. FDG PET images were
preprocessed using Statistical Parametric Mapping (SPM8)
stand-alone version for spatial normalization into MNI space
(Wellcome Department of Cognitive Neurology, London,
UK). The spatially normalized set of images were then
smoothed with a 10-mm isotropic Gaussian filter and all the
default choices of SPM8 were followed, except spatial nor-
malization, for which a customized brain FDG PET template
optimized for dementia patients was chosen [34].

Region of interest identification

FDG uptake values were calculated in 45 anatomical VOIs in
each hemisphere, as defined by the Automated Anatomical
Labeling Atlas [35], and analysed using a Matlab-based script
created in-house that automatically processed the mean FDG

Table 1 Demographic data
Group Education (years) Age at PET (years) MMSE scorea Gender

(male/female)

NA 10.0 ± 4.1 68.8 ± 9.7 29.1 ± 0.9 11/31

nc-MCI 8.9 ± 3.7 71.9 ± 6.4 26.8 ± 1.5 15/12

MCI-AD 10.1 ± 2.1 75.2 ± 5.4 26.0 ± 1.0 31/64

MMSEMini-Mental State Examination

The data are presented as means ± SD, except gender as numbers of males and females
a Normalized to level of education



uptake value from each of the VOIs bilaterally. The extracted
values were then normalized in each subject to the average
intensity of the cerebellar VOIs on the basis that the cerebel-
lum is poorly affected by the AD pathological process. In
order to decrease the number of variables for statistical anal-
ysis, the number of VOIs was reduced by merging regions
with similar anatomofunctional characteristics into the follow-
ing 13 meta-VOIs in each hemisphere:

1. Occipital cortex (calcarine/lingual/inferior occipital/
middle occipital/superior occipital gyri)

2. Putamen/pallidum/caudate
3. Parahippocampal gyrus/amygdala/hippocampus/insula
4. Orbitofrontal cortex (inferior frontal/medial frontal/mid-

dle frontal gyri)
5. Frontal cortex (middle frontal/superior frontal/superior-

medial frontal/superior-orbital frontal/inferior frontal
gyri)

6. Cuneus/fusiform gyrus/precuneus
7. Postcentral gyrus/precentral gyrus/supplementary motor

area
8. Parietal lobe (inferior parietal/superior parietal gyri)
9. Anterior cingulate gyrus

10. Posterior cingulate gyrus
11. Temporal lobe (inferior temporal/middle temporal/supe-

rior temporal gyri)
12. Temporal pole (middle temporal pole/superior temporal

pole gyri)
13. Thalamus

Statistical analysis

Neuropsychological tests

Due to the lack of data in some patients, we were able to
reliably compare only some of the administered neuropsycho-
logical tests between the two MCI groups, assessing verbal
memory and executive functions. One-way analysis of vari-
ance was used to evaluate the significance of differences be-
tween the MMSE scores, Rey Auditory Verbal Learning Test
immediate total recall, Rey Auditory Verbal Learning Test
delayed recall, and Trail Making Test Parts A and B.

Analysis of variance

Considering the small age difference between the groups, a
preliminary analysis of FDG uptake in relation to patient age
was performed in controls using a repeated measures linear
model applied to the meta-VOI values. The analysis was ap-
plied to controls assuming that the effect of age could be better
estimated in this group in the absence of pathological
hypometabolism. In order to remove the effect of age, the

regression coefficients estimated for controls were used to
correct individual data in all groups as a function of the sub-
ject’s age. Differences between mean regional values in the
three groups of patients were evaluated by repeated measures
analysis of variance considering one between-subject factor
(group), one within-subject factor (region) and their interac-
tion. Post-hoc between-group pair-wise comparisons were
performed using the Tukey-Kramer method for multiple com-
parisons. FDG uptake patterns in the two MCI groups were
compared with the pattern in the control subjects to reproduce
the clinical routine in which visual or visual plus semiquanti-
tative evaluations are carried out by comparison with the nor-
mal metabolic pattern. Deviations in the distribution of FDG
in each group from a normal distribution is ordinarily used to
identify differences between nc-MCI and AD-MCI patients
and provide reference patterns for an immediate diagnostic
evaluation.

Support vector machine

To determine the value of meta-VOI-based FDG uptake in
predicting the possible onset of AD, we applied a support
vector machine (SVM) model using age-corrected baseline
data to discriminate between nc-MCI and MCI-AD patients.
The SVMmodel was implemented with a radial basis function
(Gaussian) kernel [36] with a constant scale factor derived
from a previous study [10]. A stepwise selection procedure
was applied to identify the sets of regions that provided the
highest discrimination. The performance of the model was
evaluated by a cross-validation procedure. Considering the
relatively small sample size, the subjects were divided into
21 subgroups (21-fold cross-validation), each including a pro-
portional share of subjects from the two groups (about 5%).
The training and testing procedure was repeated 21 times. For
each subgroup, the SVM model was fitted to all remaining
subjects and then applied to each subject in the subgroup to
produce a score measuring group membership, and a conse-
quent classification. Thus an individual score was produced
for each investigated subject based on a virtually independent
training set, and this enabled a receiver operating characteris-
tic (ROC) curve to be built.

To evaluate the accuracy, sensitivity and specificity of the
method, a cut-off value was chosen as the minimum the dis-
tance from the upper left corner of the ROC curve (where
specificity = sensitivity = 1). Accuracy, sensitivity, specificity
and the area under the ROC curve (AUC) were determined
along with their confidence intervals (CIs). The Wald interval,
with exact binomial probabilities, was used for sensitivity,
specificity and accuracy [37], and the CIs for the ROC
AUCs were estimated using the bootstrap method described
by Qin and Hotilovac [38]. Statistical analyses were per-
formed using the Statistics Toolbox of Matlab R2015b
(MathWorks, Natick, MA).



Results

Rey Auditory Verbal Learning Test immediate total recall and
Rey Auditory Verbal Learning Test delayed recall showed
significant differences between the two MCI groups
(p < 0.05 and p < 0.001, respectively). On the other hand,
no significant changes were found in the MMSE scores and
Trail Making Test Parts A and B.

Repeated measures analysis of variance showed highly sig-
nificant differences among the mean values associated with all
the effects: group (F2,161 13.65, p < 0.0001), region (F25,4025

801.84, p < 0.0001) and their interaction (F50,4025 3.54,
p < 0.0001). Post hoc analysis showed significantly lower
mean values in the MCI-AD group than in the two other
groups. Table 2 shows the regional mean values in the three
groups with associated probabilities of pair-wise differences,
as evaluated using the Tukey-Kramer method but uncorrected
for multiple regional comparisons. The pattern of regional
mean values in the nc-MCI group was close to that in the
NA group in most regions, and was intermediate between
the patterns in the latter group and the MCI-AD group
(Table 2). Most regions, including the parahippocampal gy-
rus/amygdala/hippocampus/insula, the cuneus/fusiform gy-
rus/precuneus, the posterior cingulate gyrus, and the parietal
and temporal lobes, showed significantly lower values in the
MCI-AD group than in the NA group. In some of these re-
gions, a similar decreasing trend was also found with respect
to the nc-MCI group and the difference survived Bonferroni
correction in the left cuneus/fusiform gyrus/precuneus, the left
posterior cingulate gyrus and the right temporal lobe (Table 2).

Application of the SVM model resulted in a fair partition
betweenMCI-AD and nc-MCI patients with a set of only three
meta-VOIs (putamen/pallidum/caudate, posterior cingulate
gyrus and temporal lobe, all in the left hemisphere; Fig. 1)
that, after cross-validation, was able to discriminate the two
groups with 82.0% accuracy (CI 75.2–88.8%), 81.1% sensi-
tivity (detection of MCI-AD; CI 73.2–88.9%) and 85.2%
specificity (CI 71.8–98.6%), and an AUC of 0.834 (CI
0.742–0.900; Fig. 2). Increasing the number of selected re-
gions from 12 to 20 increased the accuracy of the SVM in
discriminating between MCI-AD and nc-MCI patients after
cross-validation to about 88%. Including more regions result-
ed in a gradual decrease in discrimination power, probably due
to overfitting and/or to a confounding effect of uninfluential
regions.

The best solution was found with the following set of 13
meta-VOIs: occipital cortex and cuneus/fusiform gyrus/
precuneus bilaterally, thalamus, putamen/pallidum/caudate
and orbitofrontal and frontal cortices, anterior cingulate gyrus,
and the postcentral gyrus/precentral gyrus/supplementary mo-
tor area on the left side, and the right temporal pole, and
parietal and temporal lobes (Fig. 3). This model was able to
discriminate between AD-MCI and nc-MCI patients with

88.5% accuracy (CI 82.9–94.2%), 87.4% sensitivity (detec-
tion of AD-MCI; CI 80.7–94.1%) and 92.6% specificity (de-
tection of nc-MCI; CI 82.7–100.0%), and an AUC of 0.911
(CI 0.835–0.957; Fig. 2).

Among these meta-VOIs, the greatest decreases in mean
FDG uptake values in theMCI-AD patients with respect to the
nc-MCI patients were found in the right temporal and parietal
lobes, and in the cuneus/fusiform gyrus/precuneus of both
hemispheres. The difference in the AUCs between the two
models (three meta-VOIs and 13 meta-VOIs) was of border-
line significance in the Hanley and McNeil test (z = 1.7,
p = 0.045; Fig. 2).

Discussion

Both in clinical routine and in research setting, it is of para-
mount importance to identify the early hallmarks of conver-
sion of MCI to AD, possibly before the onset of more severe
AD-related neurobiological changes and dementia symptoms.
In this respect, the use of FDG PET as a tool to predict the
progression of neuronal injury is based on its stronger associ-
ation with cognitive deterioration in comparison with markers
of cerebral amyloidosis, the latter being already elevated in the
asymptomatic stage and showing very little variation when
overt symptoms are already present. Moreover, amyloidosis
biomarkers can also be increased from the eighth decade in
asymptomatic subjects [39].

The most relevant result of the present study is the
identification of large regions (meta-VOIs) in which me-
tabolism was found to be specifically impaired in patients
with MCI converting to AD, namely the bilateral cuneus/
fusiform gyrus/precuneus, the posterior cingulate gyrus,
and the parietal and temporal lobes (regions that are
known to be implicated in AD pathology). FDG uptake
in these areas was clearly reduced in MCI-AD patients,
not only compared with uptake in NA patients, but also
with that in nc-MCI patients, whose values were found to
be similar to those in NA patients (Table 2). Metabolic
data from brain regions of 122 MCI patients were seg-
mented using a freely available anatomical atlas and ex-
tracted by a Matlab-based script developed in-house that
pooled them into 13 meta-VOIs, bilaterally, which were
then analysed using the SVM. In clinical routine, this
would enable results to be interpreted in a very short time
at the level of the individual patient, since the processing
time is shorter than with similar analyses using predefined
VOIs where automation procedures may be more complex
[40].

The proposed methodology was able to discriminate
the two MCI groups, that showed very similar neuropsy-
chological profiles as early as at the baseline examination,
with an overall accuracy of 89% and a well-balanced



sensitivity and specificity, and correctly classified 87% of
patients converting to AD and 93% of patients not

converting to AD. These values are better than those ob-
tained in similar studies in which FDG PET was the only

Table 2 Mean uptake values in 13merged regions in each hemisphere (normalized to the cerebellar region) in each patient group and evaluation of the
differences between the values in each group by repeated measures analysis of variance and Tukey-Kramer-based post-hoc analyses

Region Patient group Probability values

NA nc-MCI MCI-AD NAvs.
nc-MCI

NA vs.
MCI-AD

Nc-MCI vs.
MCI-AD

Amygdala/hippocampus/insula

Left 0.852 0.834 0.816 0.200 0.0000a 0.134

Right 0.900 0.875 0.857 0.104 0.0000a 0.246

Cuneus/fusiform gyrus/precuneus

Left 1.175 1.173 1.117 0.993 0.0000a 0.0008a

Right 1.141 1.132 1.078 0.878 0.0000a 0.0028

Anterior cingulate gyrus

Left 1.055 1.029 0.992 0.462 0.0003a 0.124

Right 0.949 0.923 0.913 0.224 0.0069 0.760

Posterior cingulate gyrus

Left 1.159 1.137 1.048 0.546 0.0000a 0.0000a

Right 0.828 0.833 0.784 0.962 0.0026 0.0051

Frontal cortex

Left 1.093 1.084 1.043 0.913 0.0038 0.061

Right 1.039 1.024 0.986 0.713 0.0009a 0.075

Occipital cortex

Left 1.193 1.196 1.163 0.988 0.091 0.126

Right 1.147 1.143 1.094 0.983 0.0010a 0.0121

Orbitofrontal cortex

Left 1.132 1.112 1.081 0.470 0.0002a 0.087

Right 0.994 0.974 0.947 0.391 0.0002a 0.127

Putamen/pallidum/caudate

Left 0.943 0.907 0.906 0.0382 0.0018a 0.990

Right 1.092 1.058 1.056 0.116 0.0143 0.990

Parietal lobe

Left 1.125 1.122 1.055 0.990 0.0004a 0.0056

Right 1.051 1.041 0.978 0.909 0.0001a 0.0067

Postcentral/precentral gyri

Left 1.133 1.147 1.110 0.804 0.411 0.172

Right 1.083 1.088 1.065 0.971 0.476 0.424

Temporal lobe

Left 1.078 1.058 1.005 0.509 0.0000a 0.0030

Right 1.028 1.010 0.954 0.501 0.0000a 0.0004a

Temporal pole

Left 0.824 0.807 0.771 0.500 0.0000a 0.0277

Right 0.720 0.706 0.672 0.488 0.0000a 0.0035

Thalamus

Left 1.018 0.994 0.964 0.383 0.0002a 0.147

Right 1.061 1.045 1.022 0.578 0.0044 0.263

Values indicating remarkable differences uncorrected for multiple comparisons are highlighted in bold
a Values lower than the Bonferroni-corrected threshold



feature under investigation and predictions of conversion
were not higher than 83% [2, 13, 15, 24].

Identification of MCI subjects who will develop AD is not
a trivial task, since demographic [15, 41], neuropsychological
[16, 42, 43], structural and longitudinal [11, 12], and function-
al [13] variables are involved, and automated multimodal clas-
sification systems, as well as algorithms, have often been used
to integrate data [44]. However, to the best of our knowledge,
the reported accuracies obtained with computer-assisted sup-
port tools are around 80% or lower [16–18, 20, 43, 45], in-
cluding when investigating the conversion from no cognitive
impairment to MCI [46]. Such reported accuracies although
promising, yet do not put an end to the question of their prog-
nostic use in routine clinical setting .

Structural [47, 48] and functional [2, 13, 15] investigation
have shown significant differences between nc-MCI and AD-
MCI patients in various regions, mainly the limbic system and
the temporoparietal cortex. Structural and metabolic changes
in these regions have been found to be correlated with age of
onset, symptom severity and time of conversion [41]. In a
comprehensive meta-analysis of seven neuroimaging studies
involving the use of different modalities, Schroeter et al. [49]

identified the inferior parietal lobule (Brodmann areas 7, 39
and 40) and the precuneus (Brodmann areas 7 and 31) as the
regions most useful for discriminating converting and
nonconverting MCI patients. Structural and functional differ-
ences were found in these two regions and in the
hippocampal/parahippocampal and orbitofrontal cortices be-
tween controls and both converting and nonconverting MCI
patients.

More recently, Teipel et al. [50], analysing pathological,
structural and functional data using a logistic regression mod-
el, found an accuracy after cross-validation of 72% in the
prediction of conversion. The authors found that the bilateral
parietotemporal and posterior cingulate cortices, precuneus
and medial temporal lobe had lower metabolic rates in MCI-
AD patients than in nc-MCI patients. Furthermore, as with
FDG PET, regions mostly predicting time to conversion were
the hippocampus, anterior cingulate cortex, and the posterior
temporal and occipital lobes. All these findings from large
multicentre databases of MRI, SPECT and PET data confirm
the differences between MCI-AD and nc-MCI patients, yet
overlap only partially with our results. We found a remarkable
decrease in uptake levels only in the left basal ganglia in nc-
MCI patients in relation to NA subjects, but the probability
level did not reach the Bonferroni-corrected threshold, while
only a decreasing trend was observed in other regions.

What is especially intriguing is that we found significantly
different metabolic rates in most of the association cortices
between MCI-AD patients and NA subjects, while the differ-
ences betweenMCI-AD and nc-MCI patients were focused on
a smaller set of regions, where values in the nc-MCI patients
were not significantly different from those in NA subjects.
Regions surviving subtraction of the differences between the
nc-MCI patients and NA subjects were the most robust pre-
dictors of conversion; these regions included the parietal lobe,
the posterior cingulate gyrus, the temporal pole and lobe, and
the cuneus/fusiform gyrus/precuneus (Table 2). Differences in
metabolic values in other regions, including the medial tem-
poral lobe (parahippocampal gyrus/amygdala/hippocampus/
insula) and the anterior cingulate gyrus, were not sufficient
to discriminate between MCI-AD and nc-MCI patients. This
finding is especially useful in the clinical context, since other
conditions leading to MCI, including depression [51] and

Fig. 1 Topographic
representation of the three meta-
VOIs set in the left hemisphere
with the best discrimination abili-
ty superimposed on the Montreal
Neurological Institute template in
the transverse (left), coronal
(centre) and sagittal (right) views

Fig. 2 Receiver operating characteristic curves showing the accuracy of
the SVM model in discriminating between non-converter MCI patients
and MCI patients who subsequently converted to dementia. The grey
curve was obtained using three selected regions; the black curve was
obtained using 13 selected regions (see text)



vascular cognitive impairment [52], might affect brain metab-
olism in these areas.

It is worth noting that the putamen/pallidum/caudate was
among the regions selected for SVM classification. This re-
gion is generally considered less affected by the pathological
AD process, and in this study did not show significant differ-
ences between nc-MCI and MCI-AD patients (Table 2). The
presence of relatively spared regions has been previously ob-
served [53] and the identification of such regions probably
contributes to discrimination in that the differences between
affected and spared regions are highlighted, and are apparent
in the early and intermediate stages of the pathological
process.

One of the strengths of this study was the very homoge-
neous method of investigation performed by the same clinical
group, in which the same camera was used, minimizing the
likelihood of data variability and a lack of robustness in the
results that would have occurred if inhomogeneous subject
samples had been included and acquisitions had been obtained
using different cameras. One of the drawbacks of multicentre
studies (for example the ADNI, AIBL and BioFINDER stud-
ies) is that differences in diagnostic procedures, clinical fac-
tors, selection of patients and healthy control cohorts, demo-
graphic characteristics, and acquisition protocols may result in
potentially confounding effects of uncontrolled variables,
hence weakening statistical power. Another strength of our
study was the extended follow-up (minimum 5 years) in nc-
MCI patients, which, to the best of our knowledge, exceeds
that in previous studies. This relatively long follow-up mini-
mized the likelihood of not detecting very late converters
(possibly 5 of 122 MCI patients), reinforcing the metabolic
pattern in nc-MCI and allowing better differentiation from the
other groups, potentially leading to the identification of a ro-
bust gold-standard for single-patient discrimination.
Considering the high accuracy obtained by the present meta-

VOI-based SVM analysis of a highly homogeneous dataset, a
further step for its application as an automatic tool in the
clinical setting should be its fitting and validation in a larger
and multicentre dataset.

This study was specifically designed to investigate the met-
abolic abnormalities in a-MCI patients converting to AD de-
mentia, while not investigating the metabolic pattern of neu-
rodegenerative dementing disorders other than AD. Indeed,
both DLB and FTD can be recognized in the prodromal stage,
but prodromal DLB more often manifests as non-amnestic
MCI (na-MCI), and prodromal FTD as either behavioural im-
pairment or na-MCI, or both. Moreover, comparative investi-
gations of metabolic patterns specific to neurodegenerative
diseases other than AD would require an ad-hoc designed
study and other selection criteria, including a-MCI, na-MCI,
mild behavioural impairment, and the presence of mild de-
mentia, to achieve suitable numbers for analysis, since both
FTD and DLB patients are less likely to be diagnosed in the
predementia stage. However, excluding from the analysis a-
MCI patients who developed dementia other than AD remains
a selection bias that restricts the diagnostic value of our results
since these patients might have been missed by FDG PET, or
wrongly included in one of the three groups. Therefore, our
conclusions are limited to the differential diagnosis between
converters and non-converters to AD. Further analysis with an
adequate number of patients in the other neurodegenerative
dementia classes is needed.

While the combination of different diagnostic tools, rang-
ing from cognitive tests to different neuroimaging biomarkers,
can help diagnostic assessment in the clinic, it is worth keep-
ing the different domains separate, instead of trying to pursue
a ‘globally large automated procedure’ that provides a single
evaluation score from heterogeneous information sources.
This opinion stems from both practical and theoretical consid-
erations. The practical side involves the possible lack of

Fig. 3 Topographic
representation of the 13
meta-VOI sets with the best
discrimination ability
superimposed on the Montreal
Neurological Institute template. a
Left hemisphere set (red. Left:
transverse view, centre: coronal
view, right: sagittal view). b
Right hemisphere set (green. Left:
transverse view, centre: coronal
view, right: sagittal view). See the
text for the composition of each
meta-VOI



information needed for the application of the complete model.
The theoretical consideration takes into account the need for
clinicians to be able to critically evaluate any contrasting ev-
idence without the use of a common index. In this respect, our
work attempts to generate an easy to use ‘pure PET’ index for
diagnosis (e.g. by a previous standardization of the individual
systems).

Another limitation of the study was the lack of a systematic
search for a marker of amyloidosis in nc-MCI patients due to
further ageing of several already old participants during fol-
low-up, and because amyloidosis biomarkers were still un-
available in our centre. We also tried to minimize the risk of
including in the control group subjects with a preclinical neu-
rodegenerative disease by follow-up clinical and neuropsy-
chological examinations which were available in 60% of sub-
jects after an average time of 41.8 ± 31 months; these exam-
inations confirmed the healthy status of all the control
subjects.

In conclusion, our results confirm the prognostic power of
FDG PET in patients with MCI assessed at their first visit to a
memory clinic with the clinical suspicion of prodromal AD.
The optimized semiquantitative procedure correctly identified
88% of patients as either converting to AD dementia or not. In
this context, 93% of nc-MCI patients were identified, and this
is particularly relevant as these patients represent the natural
control group for MCI-AD. Their metabolic distribution pat-
tern was not identical to that in the normal control group, and
they thus acted as ‘confounders’ in the early identification of
converters. Finally, there is an urgent need to harmonize the
interpretation and reporting of FDG PET scans, as the method
adopted for analysis can be as important as the choice of the
biomarker itself [54], providing it is also tested in a-MCI pa-
tients later developing dementia other than AD. Although
several valuable techniques have been proposed to assist the
nuclear medicine physician in reporting scans, head-to-head
comparisons have led to somewhat disappointing results [40],
thus emphasizing the need for a greater effort towards harmo-
nization [55].
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