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Abstract
The morphology observed in the brains of patients affected by Alzheimer’s
disease (AD) is a combination of different biological processes, such as normal aging and the pathological matter loss specific to AD. The ability to
differentiate between these biological factors is fundamental in order to
reliably evaluate pathological AD-related structural changes, especially on
the earliest phase of the disease, at prodromal and pre-clinical stages. Here
we propose a method based on non-linear image registration to estimate
and analyze from observed brain morphologies the relative contributions
∗ Data used in preparation of this article were obtained from the Alzheimers Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the investigators within
the ADNI contributed to the design and implementation of ADNI and/or provided data but
did not participate in analysis or writing of this report. A complete listing of ADNI investigators can be found at: http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_
Acknowledgement_List.pdf
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from aging and pathology. In particular, we first define a longitudinal
model of the brain’s normal aging process from serial T1 MR scans of
65 healthy participants. The longitudinal model is then used as a reference for the cross-sectional analysis. Given a new brain image, we then
estimate its anatomical age relative to the aging model; this is defined as
a morphological age shift with respect to the average age of the healthy
population at baseline. Finally, we define the specific morphological process as the remainder of the observed anatomy after the removal of the
estimated normal aging process. Experimental results from 105 healthy
participants, 110 subjects with mild cognitive impairment (MCI), 86 with
MCI converted to AD, and 134 AD patients, provide a novel description
of the anatomical changes observed across the AD time span: normal aging, normal aging at risk, conversion to MCI and the latest stages of AD.
More advanced AD stages are associated with an increased morphological age shift in the brain and with strong disease-specific morphological
changes affecting mainly ventricles, temporal poles, the entorhinal cortex
and hippocampi. Our model shows that AD is characterized by localized
disease-specific brain changes as well as by an accelerated global aging
process. This method may thus represent a more precise instrument to
identify potential clinical outcomes in clinical trials for disease modifying
drugs.
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Introduction

The objective of computational anatomy when applied to neurodegenerative
diseases, such as Alzheimer’s disease (AD), is to understand the pathological
changes affecting brain morphology [Frisoni et al., 2010, Scahill et al., 2002].
However, the morphology of the brain affected by AD is not completely related to the disease, especially in asymptomatic and prodromal stages, since
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the brain structure is also the result of patient phenotype and clinical history.
In a brain affected by AD, we can identify two major processes contributing to
morphological changes: normal aging and AD pathology itself.
• Age-related anatomical changes. It is known that aging is related to progressive impairment of neural mechanisms [Burke and Barnes, 2006], to
chemical alterations in the brain and to changes in cognition and behaviour
[Hof and Mobbs, 1984]. It has been observed that morphological changes
in the aging brain are heterogeneous and primarily lead to grey matter
loss in frontal, temporal and parietal areas [Sowell et al., 2003, Long et al.,
2012].
• Disease-related anatomical changes. AD is a neurodegenerative disease
characterized by the co-occurrence of different phenomena. It starts with
the deposition of amyloid plaques and tau proteins in neurofibrillary tangles, which is followed by the development of function brain loss, and
finally by widespread structural atrophy [Jack et al., 2010]. The typical
pattern of brain tissue loss seen in AD mirrors tau deposition [Thompson et al., 2003] and involves primarily hippocampi, the enthorinal cortex,
the posterior cingulate, and secondarily the temporal, parietal and frontal
cortices [Frisoni et al., 2010]. Aging is the primary risk-factor in AD
and leads to patterns of structural loss overlapping the pathological ones.
However, the magnitude of brain atrophy due to AD is generally striking
when compared to normal aging. As claimed in previous studies, AD is
more likely to be a pathological state concurrent to aging, identified by
specific biochemical and structural hallmarks [Nelson et al., 2011, Barnes,
2011].
Being able to separately model healthy aging and AD would allow us to to
describe a given anatomy as being composed of distinct and concurrent factors.
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Such a decomposition would be extremely interesting not only to improve the
understanding of the disease, but also for clinical purposes, such as for early
diagnosis and for the development of drugs targetting the atrophy specific to
the pathology. It is important to notice that, although brought on completely
different biological mechanisms, aging and AD often map to common areas and
correct identification of the respective contributions can be difficult, especially
in morphometric studies. Moreover, it is plausible that these phenomena are
not completely independent, and may overlap to create a positive “feedback”
process. Thus, the onset of pathological changes may lead to accelerated global
aging in the long term [Fjell et al., 2012], and vice versa.
A reliable estimate of the aging component is also important for modeling
the evolution of the disease and for subsequent statistical analysis. When comparing the longitudinal observations from different clinical groups, at different
aging stages, it is crucial to correctly position the observations on the time
axis. This is not straightforward since the disease appears at different ages and
chronologically older brains may have greater structural integrity than younger
ones affected by the pathology. Therefore, it might be of practical interest to
compute an index of age shift “relative” to a reference anatomical model.
The idea of modeling the time course of AD with respect to clinical and
demographic factors was proposed in previous statistical studies [Yang et al.,
2011, Ito et al., 2012, Samtani et al., 2012]. However, these works were limited
to scalar observations such as clinical scores and demographics and thus do not
provide an explicit model which relates structural changes in the entire brain
to the disease and aging. Moreover, the disease progression was identified by
clinical measures and was not therefore explicitly associated with a temporal
time course.
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Although imaging-based surrogate measures of aging have been provided by
different methodological studies [Franke et al., 2010, Davatzikos et al., 2009,
Konukoglu et al., 2013], the idea of separately investigating aging and residual
morphological changes has not been proposed before.
The objective of this work is to introduce a framework to identify and disentangle the brain anatomical changes related to normal aging from those related
to other biological processes, such as AD. In particular, our framework is based
on the hypothesis which relates the development of AD to the abnormal accumulation of beta-amyloid (Aβ) peptide in the brain [Jack et al., 2010]. We thus
define “normal aging” as the morphological brain evolution which is not due
to Aβ. This evolution is modeled by non-linear registration and is used as a
reference to characterize observed anatomy as a contribution from normal morphological aging (normal aging process) plus a specific morphological process
which encodes the subject’s specific variability such as pathological traits. We
test our framework on healthy participants positive to the CSF Aβ42 marker, in
participants affected by mild cognitive impairment (MCI) and in AD patients.
The method is based on diffeomorphic non-linear registration and is detailed
in Section 2. In Section 3 we show that such a framework provides a meaningful
and accurate description of anatomical brain changes across the stages of AD,
characterized by increased morphological aging plus specific and local atrophy
features.

2

Methods

The proposed method relies on specific modeling assumptions which are summarized here:
• The model of normal aging is derived from imaging data by applying a
registration-based protocol detailed in Section 2.1. In particular, we as5

sume that normal aging can be modeled through non-linear registration as
a smooth and continuous process that can be extrapolated backward and
forward in time beyond the observed imaging follow-up time. Moreover,
we assume that normal aging is a constant process in time, i.e. that it
does not accelerate or decelerate with respect to the biological age of the
elderly population. We show in Sections 3.4 and 3.5 that these simple
assumptions lead to plausible experimental results when compared with
imaging and clinical data, and that the proposed model is a generalization
of the classical linear mixed-effect (LME) modeling of univariate data used
in longitudinal studies [Fitzmaurice et al., 2011].
• We define the specific morphological process as the remainder of the observed anatomy modulo the normal aging process. Thus, the specific
morphological process encodes the morphological traits that cannot be
described by the model of normal aging. In this study we aim to show
that this specific process provides valuable information for discriminating pathological traits specific to AD across the whole disease time span
(Section 3.6).
The framework was developed in the following way. We want to model the
anatomy represented by a magnetic resonance image, Ik , acquired for a given
subject k. For this purpose we describe the anatomical changes with respect
to a reference anatomical template, T , through non-linear image registration.
This work is based on diffeomorphic registration parameterized by stationary
velocity fields [Lorenzi et al., 2013]. The non-linear registration setting estimates
one-to-one smooth deformations that spatially align the anatomies represented
by pairs of images. These deformations are completely identified voxel-wise by
tangent velocities in the deformation space [Arsigny et al., 2006].
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As illustrated in Figure 1, we parameterize the subject-to-template deformation φk by the flow of a stationary velocity field (SVF) wk , which is denoted
φk = exp(wk ). In this framework the observed anatomical changes are entirely
encoded in the SVF wk .

Figure 1: The SVF wk (blue arrows) parameterizes the underlying transformation. In particular, the final displacement is obtained by locally following the
flow-lines (as shown for instance by the green and red streams) identified by the
SVF. The flux of the SVF across the boundaries of regions (e.g. black circles
in the figure) measures the apparent regional volume change encoded by the
deformation.

Since the space of SVFs is a linear vector space (contrarily to the space of
deformations that it generates), we assume that wk can be decomposed into
k
the algebraic sum of the normal deformation parameter wage
plus a specific
k
deformation parameter wspecif
ic (Figure 2).
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Figure 2: An observed anatomy can be described in terms of normal aging plus
a specific morphological process.

The proposed framework analyzes these different components by processing
the observed anatomy in different modeling steps as described in the following
sections.

2.1

Estimation of the Normal Aging Model

This section describes the procedure based on non-linear registration used to
create the reference model of the average group-wise longitudinal changes in
healthy controls. As in the case of classical univariate linear mixed-effects modeling, we define a hierarchical model in which the subject specific trajectories of
morphological changes are random realizations of an underlying normal aging
process µ0 (Figure 3). The model is defined by the following levels:
1. Given the SVF µ0 (t) describing the group-wise aging process in the template space T0 , the subject-specific trajectories of healthy controls (in the
template space) are realizations µ0 (t) + ǫS , where ǫS is the random variation from the fixed effect µ0 .
2. The SVF describing the subject-specific trajectory µS (t) is obtained by
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an inter-subject spatial change of coordinates from the template space to
the subject-specific coordinate system.
3. The trajectories µS (t) at points ti describe a time series of longitudinal
images ItSi . In particular we assume that the acquisition baseline time of
each subject is the same within the population (t0 = 0), which equates to
assuming that the aging progression is constant with respect to biological
age.

Figure 3: Hierarchical framework for the estimation of the group-wise model
of normal aging. For a given subject, the follow-up longitudinal images are
non-linearly registered to the baseline to estimate the associated SVF (A) . The
subject-specific trajectory µS of the longitudinal morphological progression is
estimated from the series of SVF with a linear model in time (B). Finally the
group-wise model is computed as the mean of the transported subject-specific
trajectories (C).

Given the observed subject-specific trajectories of the anatomical changes
defined by the series ItSi , we estimate the group-wise trajectory µ0 by solving
the inverse problem specified by the above hierarchical model (Figure 3). Please
9

note that, as for linear mixed-effects modeling, our model assumes that the
errors of the subject-to-template registration are similar for all the subjects.
The model allows as well missing data and unequal sampling of trajectories by
opportunely modeling inter and intra-subject variability. Details of the practical
estimation of the normal aging trajectory µ0 using non-linear registration are
given in Appendix A.
In the following sections we assume that normal aging evolves linearly in
time according to the average group-wise SVF µ0 , so that it is parameterized
by the trajectory µ0 (t) = tµ0 . Note that the resulting longitudinal normal aging
process exp(tµ0 ) is non-linear.

2.2

Identification and Extraction of the Morphological Age
Shift

Now that we have defined the normal aging model in a longitudinal setting, let
us switch to a purely cross-sectional design: given an image Ik of a subject k, we
want to differentiate between the morphological patterns due to normal aging
and those related to different biological processes.
Given the trajectory tµ0 , we want to project the subject’s anatomy Ik on
the “closest” point of the trajectory T ◦ exp(tµ0 ) in order to determine its relative progression stage tk with respect to the normal aging process (Figure 2).
By projecting the SVF which parameterizes the subject-to-template deformation exp(wk ) orthogonally onto the normal aging trajectory1 , we obtain the
k
k
k
decomposition wk = wage
+ wspecif
ic = tk µ0 + wspecif ic .

In such a decomposition the time point tk is the morphological age shift of
the subject k with respect to the template T (which has the average age of the
healthy control population), defined by the projection on the longitudinal model
1 In

the present work the projection is based on the standard L2 metric.
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k
tµ0 . The SVF wspecif
ic includes the specific morphological changes which cannot

be related to the normal aging process (Figure 2). The time shift tk defines the
projection on the longitudinal normal evolution tµ0 and is defined as the whole
brain average of the voxel-by-voxel projections: tk =< wk , µ0 >(x) /||µ0 ||2(x) .
Once tk is determined, the specific deformation parameter is simply defined
k
voxel-wise as wspecif
ic = wk − tk µ0 . The removal of the normal deformation
k
parameter tk µ0 allows us to directly compare the remaining parameter wspecif
ic

across subjects.

2.3

Identification and Analysis of the Specific Morphological Process

k
Let us turn now to the analysis of the specific deformation parameter wspecif
ic

across subjects. This component defines the morphological changes that cannot
be attributed to the normal aging process.
Divergence Associated with the Specific Deformation Parameter
Our diffeomorphic registration encodes observed morphological changes as dense
diffeomorphic deformation fields parameterized by SVF. Volume changes are
measured in a closed region by the flux of SVF across the boundary: the inward
(resp. outward) flow of vectors across the boundary measures the apparent volume loss (resp. gain) (see Figure 1 for an illustrative example). More precisely,
these local atrophy/growth processes are quantified by a scalar map: the diverk
gence ∇ · wspecif
ic associated with the specific deformation parameter wspecif ic

[Lorenzi et al., 2012] .
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Discriminative Analysis of the Specific Deformation Parameter
We test the ability of the divergence maps ∇ · wspecif ic to discriminate between
a set of patients P and a control group C. Since this is a scalar map we can use
classical univariate methods.
We calculated the voxel-by-voxel map of the effect size associated with the

P
C
) /sd(∇·
average group-wise divergence ES = mean(∇ · wspec
) − mean(∇ · wspec
P
wspec
), which quantifies the difference between volume changes modeled in pa-

tients and controls. We then chose a set of relevant regions for AD (hippocampi,
medial temporal lobes (MTL), posterior cingulate (PC), and ventricles), where
we identified the voxels of maximal positive and negative effect sizes. Regions
were propagated in our reference space from the AAL labelled MNI template
[Tzourio-Mazoyer et al., 2001]. These voxels were inflated and symmetrized in
order to define a set of group-wise most discriminative regions. Finally Fisher’s
discriminant analysis was performed on the corresponding regional average divergence values associated with patients and controls. The discriminative analysis was performed by leave-one-out cross validation (500 permutations).

3
3.1

Experiments and Results
Experimental Data

Data used in the preparation of this article were obtained from the Alzheimers
Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). The ADNI
was launched in 2003 by the National Institute on Aging (NIA), the National Institute of Biomedical Imaging and Bioengineering (NIBIB), the Food and Drug
Administration (FDA), private pharmaceutical companies and non-profit organizations, as a $60 million, 5-year public-private partnership. The Principal
Investigator of this initiative is Michael W. Weiner, MD, VA Medical Center
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and University of California San Francisco. ADNI is the result of efforts of
many co-investigators from a broad range of academic institutions and private
corporations, and participants have been recruited from over 50 sites across the
U.S. and Canada. For up-to-date information, see www.adni-info.org.

3.2

Baseline Characteristics

We chose ADNI structural MRIs from 65 healthy participants with normal levels
of CSF Aβ42 (> 192 pg/ml, group Aβ-); 40 healthy participants with abnormal levels (group Aβ+); 86 participants with mild cognitive impairment who
subsequently converted to AD (group M CIconv ); 110 MCI participants who remained stable during the observation period (group M CIstable ); and 134 AD
patients (group AD). Demographic as well clinical information were based on
ADNI data updated to March 2012, with a follow-up period of 3 years from
baseline. Baseline sociodemographical and clinical information for the different
groups are shown in Table 1.

# participants
Age at baseline
Education
Gender (% males)
MMSE
Modified ADAS-cog
APOE4 (% positives)

Healthy Aβ65
74.94 (5.31)
15.46 (2.76)
54
28.96 (1.04)
6.18 (2.85)
10

Healthy Aβ+
40
76.29 (5.29)
15.91 (3.28)
54
29.18 (0.93)
7.08 (3.18)
48.6

MCI stable
110
75.05 (7.42)
15.62 (2.82)
68
27.6 (1.8)
10.24 (4.16)
49.4

MCI converters
86
73.79 (7.45)
15.87 (2.79)
70
26.74 (1.59)
12.92 (4.43)
73

AD
134
75.14 (7.38)
14.77 (3.08)
52
23.44 (1.9)
18.27 (5.98)
66

Table 1: Average baseline socio-demographical and clinical scores for the participants included in the study (standard deviations in parenthesis). Last column:
p-values for the differences between averages across groups (Anova).
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p-value
0.49
0.02
0.05
<0.001
<0.001
<0.001

3.3

Analysis of Normal Aging and Specific Morphological
Processes

Previous studies show that healthy elderly subjects with pathological CSF Aβ42
levels (< 192pg/ml) have a more pronounced brain atrophy progression [Fjell
et al., 2010, Tosun et al., 2010], which might be a marker of the pre-symptomatic
stage of AD. We therefore defined the normal aging model by considering only
the Aβ- group as a reference normal population. The longitudinal observations
(baseline, 6, 12, 24 and 36 months) available for the Aβ- group were considered
to model a reference healthy evolution µ0 normalized to an anatomical reference
template T according to Section 2.1. The average follow-up time for the Aβgroup was 18.32 months (± 11.47) and the average number of follow-up acquisitions per participant was 4.46 (± 0.8): 40 participants had 5 scans (thus the
complete set of longitudinal images), 17 had 4 scans, 6 had 3 scans, and only 2
had 2 scans.
The template T was estimated as in [Guimond et al., 2000] from the pooled
healthy group. Therefore, the reference age of the template is 75.41 years, which
corresponds to the average age of healthy participants.
In order to unbias the analysis with respect to the healthy Aβ- population,
we centered the SVFs by subtracting the average subject-to-template SVF of the
Aβ- group. The unbiased SVF were then analyzed by following the framework
proposed in Sections 2.2 and 2.3. The effectiveness of the specific morphological
process in encoding information relevant to the pathology was tested by performing two different discriminative analyses for the classification between AD
vs. healthy, and M CIconv vs. M CIstable .
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3.4

Longitudinal Model of Normal Aging

The reference model of normal aging estimated for the Aβ- group is shown
in Figure 4A. The estimated normal aging process is characterized mainly by
ventricular growth and by a corresponding apparent atrophy in surrounding
regions. Volume loss is widespread in temporal areas, and characterizes the
shrinkage of hippocampi. Interestingly, the model displays an important atrophy
pattern in the cerebellum, which is in agreement with observations previously
reported in the literature [Koller et al., 1981, Torvik et al., 1986, Luft et al.,
1999]. Finally, other regions of volume loss were localized in the superior frontal
cortex and in the cuneus, in agreement with previous findings on longitudinal
atrophy in the ADNI healthy cohort [Fjell et al., 2009].
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Figure 4: A) Normal aging model. Top: The average SVF describes the groupwise trajectory of normal aging observed in the healthy Aβ- group (blue arrows
indicate magnitude and direction of the trajectory). Bottom: Average 1-year
volume changes associated to the model of normal aging. The model leads to
local relative volume changes ranging from around +4% for the expansion of
ventricles, to -4% for the relative volume loss in temporal areas. B) Observed
vs modeled brain volume changes in the Aβ- cohort. Black line: fitted slope
(and 95% confidence interval) for the linear mixed-effects model (LME) on the
observed subject-specific trajectories of scalar volumes (colored lines).
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Figure 4: (Previous page.) Red dots: Progression of brain volume changes associated to the normal aging model and associated fitted slope (red line). Brain
volume is quantified here by the ratio between grey+white matter tissue and
total intracranial volume (grey+white+CSF areas). C) Modeled longitudinal
evolution extrapolated from -15 to 18 years, and corresponding observed normal anatomies with estimated morphological age and age shift (biological age
in parenthesis).
From the quantitative point of view the average relative annual volume
change in selected ROIs was -0.54% and -0.4% for hippocampi and medial temporal lobes respectively, and +1.3% in the ventricles. These results are compatible with those reported in several longitudinal morphometric studies [Fjell
et al., 2009, Risacher et al., 2010, Fox and Schott, 2004, Jack et al., 2004].
Figure 4B provides a statistical assessment of the ability of the proposed aging model to describe the observed group-wise longitudinal anatomical changes.
We compared the change in brain volume associated with the normal aging
model, Figure 4A, to the longitudinal brain volume changes measured in the
Aβ- group. Brain volume was quantified as the ratio between grey+white matter tissue and total intracranial volume (grey+white+CSF areas). Tissue segmentation was performed with the FAST tool available in the FSL suite [Zhang
et al., 2001].
For the sake of comparison we also compared the progression associated with
our model to the classical linear mixed-effect modeling (LME) of the scalar
measures of brain volumes. We observed that the brain volume progression
associated with the model of normal aging is close to that modelled by LME,
and almost entirely falls into the 95% confidence interval within the age range
[65, 90]. These results indicate that the hierarchical model described in Section 2
is compatible with classical approaches of longitudinal analysis, while providing
a more comprehensive description of the whole brain dynamics associated with
morphological change.
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Figure 4C shows the extrapolation of the longitudinal model in time. The
progression follows the model highlighted in Figure 4A and is in fact characterized by major ventricles enlargement and by mild atrophy spread in the temporal
areas.

3.5

Morphological Age Shift

Figure 4C provides a qualitative illustration of morphological age estimated with
respect to the normal aging model. We see that the morphological age shift
correctly temporally aligns the subject’s brains relative to the aging model.
The statistical analysis reported in Table 2 shows that the morphological
age shift is significantly correlated with the biological one, and with neuropsychological scores. Men have a significantly higher morphological age shift than
women. This result is consistent with previous studies reporting a general accelerated aging process in men across the whole life span [Coffey et al., 1998,
Mann et al., 2011].
Age
at baseline
Education
Gender
(Male=1, Female=0)
MMSE
ADAS-cog
(modified)
APOE4
(# alleles)

Pearson’s Correlation
0.4

p-value
< 0.001

0.09
0.25

0.05
< 0.001

−0.2
0.23

< 0.001
< 0.001

-0.04

0.4

Table 2: Pearson’s correlation between socio-demographical/clinical scores and
morphological age shift (in bold significant correlation).

Finally, positive Apoe4 is not generally correlated with the morphological
age shift, even though a significant negative correlation was measured in healthy
participants Aβ-, and in stable MCI (Supplementary Table S2).
Interestingly, Figure 4C shows that the morphological age shift is only par18

tially related to biological aging. In fact, more pronounced anatomical changes
are depicted here in advanced stages of the model, and thus they identify virtually older anatomies.
For this reason, even though the considered groups did not significantly differ
in age, the morphological age shift increases as the clinical condition gets closer
to AD. As shown in Figure 5, Aβ+, MCI and AD become virtually older when
compared to healthy Aβ- (p-values in the boxes). M CIconv are significantly
older than M CIstable (p=0.035), indicating a possible accelerated aging process
induced by the progression of AD.

Figure 5: Box-plot of the group-wise morphological age shift estimated for the
clinical groups. The morphological age shift describes statistically significant
older brains (standard t-test, p-value in the boxes) with respect to the healthy
Aβ- for all the patient groups. Interestingly, MCI converters are “virtually
older” than the MCI stables (p = 0.035).
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3.6

Analysis of the Specific Individual Process

k
Figure 6 shows the average specific deformation parameters wspecif
ic associated

with different groups. The morphological changes specific to healthy Aβ+ are
mild, while the changes specific to the MCI converters are more pronounced
and map to the frontal cortex, ventricles, temporal poles, entorhinal cortex and
hippocampi. The same pattern is observed in AD patients.
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Figure 6: A) First row: Average specific deformation parameter not related
to healthy aging (blue arrows indicate magnitude and direction of the deformation). MCI converters and AD patients show a more pronounced pattern
of morphological change mapping mainly to ventricles, temporal poles, the entorhinal cortex and hippocampi. Second row: associated relative volume change.
Warm colors: apparent growth. Cool colors: apparent atrophy. B) Effect size
associated with the divergence maps of the specific deformation parameter. The
effect size quantifies the magnitude of the difference between volume changes
modeled in the two groups. AD patients and healthy controls show greater differences localized in hippocampi, temporal areas, and in the ventricles. These
differences are milder when comparing MCI converters with stable.
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In Figure 6A, second row, we notice that changes in clinical condition (from
Aβ+, to M CIconv and AD) are associated with larger and more intense atrophy
patterns. We notice an increasing pattern of growth in the CSF regions, as well
as a complementary pattern of atrophy mapping onto hippocampi, temporal
areas and cortices. Interestingly, the average atrophy patterns of the specific
parameters are very similar and compatible with those associated with the full
SVF (Supplementary Figure S7).
Figure 6B shows the effect size between the divergence maps of MCI converters vs stable, and of AD vs healthy controls. As expected, the effect size
between AD and healthy controls is higher than that between MCI converters
and stables, indicating the larger variability in the MCI group. In Supplementary Figure S7 we show that the effect size obtained from the specific atrophy
component is slightly higher (around ventricles and in the white matter) than
the one obtained with the whole SVF (thus when considering normal aging
+ specific deformation processes) when comparing MCI stable vs converters.
When comparing AD with healthy controls, the effect size associated with the
whole SVF is generally higher in white matter, and mildly lower in the temporal
horns of the hippocampi.
Finally, Table 3 shows regional and pooled accuracy of the specific process in
differentiating AD vs Ctrls, and M CIconv vs M CIstable . The fair classification
results (91% sensitivity, 84% specificity for AD vs Ctrls, and 67%, 63% for
M CIconv vs M CIstable ) indicate the ability of the specific parameter to encode
information relevant to the disease condition. The provided classification results
are significantly better than those given by pure chance (p < 0.001, McNemar’s
Chi-Square test), and are in line with those available in the literature on the
ADNI dataset [Cuingnet et al., 2011, Chincarini et al., 2011]. We have thus
shown that the specific deformation parameter encodes specific pathological

22

traits across the whole disease time span, which are significantly discriminative
among the considered populations.

All features
MTL (-)
MTL (+)
Hippocampi (-)
Hippocampi (+)
Ventricles (+)
Ventricles (-)
PC (-)
PC (+)

Sens
91
86
73
77
77
65
68
58
59

AD vs
Spec
84
81
77
71
63
69
69
59
50

Ctrls
PPV NPV
85
90
85
82
76
74
75
73
73
67
68
66
69
68
59
59
54
54

M CIconv vs M CIStable
Sens Spec PPV NPV
54
54
54
54
53
51
52
52
57
57
57
57
55
47
51
51
67
63
64
65
61
43
52
52
58
56
57
57
58
58
58
58
47
74
64
58

Table 3: Regional classification accuracy for the leave-one-out discrimination.
The analyzed features are the positive and negative flux (+ and -) of the specific
parameter across the regions of interest.
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Conclusions

We proposed a method to describe brain anatomy as contributions of two independent processes: morphological aging and a specific component. These
components identify different clinical stages, and are compatible with the hypothesis that points to the abnormal levels of CSF Aβ42 as a presymptomatic
marker of AD in the early stages.
We showed that more advanced AD stages (from Aβ+ to MCI converters,
and finally to AD) are associated with both “virtually older” brains, and with
increased specific morphological changes not related to the normal aging process.
Thus, according to our model, AD might have an influence on the overall aging
of the brain acting as an acceleration factor.
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Relationship with classical morphometric studies
When compared to standard analysis approaches of group-wise structural changes
such as classical voxel/tensor-based morphometry [Hua et al., 2008, Good et al.,
2002], or discriminative analysis [Cuingnet et al., 2011, Chincarini et al., 2011],
our method has the advantage that provides complementary information representing morphological aging and a specific deformation parameters which carries
relevant biological meaning. For this reason, the proposed method provides a
novel way of interpreting morphometric results. For instance, it may be of great
interest to investigate the relationship between the morphological age shift and
specific changes in characterizing brain structural and clinical reserve in preclinical/prodromal stages.
Combining cross-sectional and longitudinal analysis
Our method proposes cross-sectional comparison of brain images by means of a
previously defined longitudinal model of morphological changes.
The statistical modeling of the inter-subject variability in computational
anatomy is challenging, and the interpretation of group-wise comparison results
is always bound to the statistical assumptions about the measured features (for
instance concerning the statistical distribution of the Jacobian/divergence values). In this study we showed that by removing the aging component we increase
the ability in detecting specific group-wise differences. For this reason the proposed method represents a novel and promising approach to the appropriate
modeling and interpretation of group-wise anatomical variation.
We note in fact that the voxel-by-voxel analyis of the divergence maps in
Section 3.6 is compatible with standard voxel/tensor-based morphometry approaches, and leads to very similar results to those provided by classical groupwise comparison [Hua et al., 2008, Good et al., 2002]. It is, however, providing
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a slightly higher effect size when comparing MCIs. This indicates that the removal of the normal aging process could enhance the estimation of pathological
volume changes. When comparing AD to healthy controls the analysis of the
specific morphological process provides a slightly larger effect size in the temporal horns, but generally lower in the white matter. This latter result can be
explained by noting that the removal of the aging process aims to decorrelate
the morphological changes explained by the aging model. In this way we reduce, for instance, the effect of ventricles expansion, detectable in TBM as an
apparent contraction in the white matter.
Interpretation of aging and specific processes
Concerning the modeling of the specific deformation parameter we note that by
definition this component is highly heterogeneous across the population since it
includes normal anatomical variability as well as pathological features. In this
study we have shown that in spite of this high variability, the specific deformation is able to accurately describe anatomical features specific to AD. The
discriminative analysis performed in Section 3.6 showed that the specific deformation parameter includes specific pathological traits which characterize the
whole disease time span. Future studies based on more sophisticated machine
learning techniques, as proposed for instance in [Cuingnet et al., 2011, Chincarini et al., 2011], may lead to improved classification results.
In our model the morphological age shift is based on the whole brain average
of the projection on the normal aging model. Here we make a precise assumption
about the aging process, which is in fact defined globally. Therefore, accelerated
aging is constrained with respect to the whole brain normal aging model, and
any local departure from it (for instance in some specific regions), is interpreted
as a specif ic morphological change, independent from aging. Different MRIbased indices of brain aging have been proposed in the past [Franke et al., 2010,
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Davatzikos et al., 2009]. Our model integrates these approaches into a more
general description of the AD process. We note that the morphological age shift
for AD patients is lower than the aging score estimated in [Franke et al., 2010]
(4 vs 10 years). In fact we have shown that AD is characterized by a more
pronounced specific and concurrent pattern of atrophy. In this case, the present
result motivates and provides clinical outcomes for the design of disease specific
modifying drugs which do not have an impact on normal aging.
We observed a weak but significant positive correlation between morphological age shift and years of education. The correlation is significant and stronger
when considered in healthy participants only (Supplementary Table S1). This
latter finding could indicate that morphologically older participants with high
education are more likely to appear cognitively healthy. Therefore the morphological age shift might represent a measure of cognitive and structural reserve
in normal aging [Coffey et al., 1999].
The proposed average model of aging assumes that the baseline acquisition
time is unique for the healthy cohort, as already proposed in previous longitudinal studies of brain volume changes in AD, based on mixed-effects modeling
[Ridha et al., 2006]. We showed in the experimental section that under these
assumptions we obtained similar results to those provided by classical univariate
LME models, by correctly describing the temporal variability of brain changes
in the healthy cohort. However, it will be of interest to explicitly account for
the inter-subject baseline differences in future studies. This amounts to modifying the assumption about the constant evolution in time of the healthy aging
process.
Finally, the proposed model could be extended in future work in order to
account for different evolution trajectories, and to explicitly model different
neurodegenerative pathologies, and AD subtypes.
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To conclude, our approach provides new insights which may help the understanding of AD dynamics, and could thus represent a more precise instrument
to identify outcomes in clinical trials for disease modifying drugs.
Limitations
Some methodological limitations should be considered in this study. The proposed model of aging progression is based on non-linear registration, and is
therefore estimated from image data only. This means that no biological/biomechanical
information was accounted in the definition of the average trajectory. Nonlinear registration is driven by image intensities, thus it only models apparent
observable anatomical changes. Moreover, non-linear registration results are dependent on the registration model and may potentially provide different results
depending on the choice of parameters, similarity measure and regularization
scheme. However, we have already shown in previous work that LCC-Demons
non-linear registration provides reliable and meaningful results when applied
to brain image registration problems, especially for the longitudinal analysis of
atrophy [Lorenzi et al., 2013].
Finally, only three year of follow-up imaging data is available for the healthy
cohort, and therefore the group-wise evolution was limited to a linear model in
time for the SVF due to the lack of sufficient longitudinal observations.
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A

Implementation of the Hierarchical Model of
Normal Aging

This section describes the framework for the estimation of the group-wise longitudinal model of normal aging.
Follow-up longitudinal images were first rigidly aligned to the baseline one.
The baseline image was then affine aligned to a previously defined anatomical
template, which was estimated from the healthy control population under study.
Follow-up images were resampled in the template space by composition of the
estimated rigid and affine transformations. For each subject S and time point
t, the follow-up image ItS was non-linearly registered to the aligned baseline I0S
with the LCC-Demons algorithm [Lorenzi et al., 2013] (Figure 3A). The LCCDemons estimates non-linear transformations parameterized by SVFs (indicated
here as exp(vtS )), such that I0S ≃ ItS ◦ exp(vtS ). The longitudinal morphological
differences between baseline and follow-up images are in this way encoded by
the series of spatially dense SVFs vtS (Figure 1).
For each subject, a trajectory µS of the longitudinal morphological progression was estimated from the series of SVFs with a model linear in time2 (Figure 3B). The trajectory µS represents the estimated longitudinal morphological
changes associated to a given patient S, and it is identified by a stationary
velocity field defined voxel-wise in the anatomical space of the patient.
The direct voxel-by-voxel group-wise comparison of the trajectories is not
possible, since they must be normalized in a common reference template space T .
To normalize the trajectories µS , we parallel transported them in the reference
space of the anatomical template through the subject-to-template deformation.
2 Note

that the model is linear in the SVF parameters, but non-linear in the deformation
space. In particular it always remains diffeomorphic, i.e. one-to-one and spatially differentiable
(smooth).
The linear model was estimated by minimizing the classical least squared criterion
P
S
S 2
t ||tµ − vt || .
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The parallel transport is a mathematical tool used in the context of diffeomorphic registration for resampling a given velocity field in the template geometry
[Lorenzi and Pennec, 2013].
We therefore define the longitudinal model of normal aging in the template
space T (fixed effect of the trajectory) as the average trajectory µ0 of the transported subject-specific trajectories µS (Figure 3C).
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Supplementary Table and Figures
Age
at baseline
Education
Gender
(Male=1, Female=0)
MMSE
ADAS-cog
(modified)
APOE4
(# alleles)

Healthy
0.4(< 0.001)

MCI
0.43(< 0.001)

AD
0.45(< 0.001)

0.29(0.006)
0.17(0.09)

0.06 (0.34)
0.31(< 0.001)

0.08 (0.33)
0.26(0.001)

0.09 (0.38)
0.14 (0.17)

-0.08 (0.22)
0.15(0.03)

−0.17(0.03)
0.14(0.09)

-0.06 (0.55)

-0.11 (0.12)

-0.13 (0.1)

Table S1:
Group-wise Pearson’s correlation between sociodemographical/clinical scores and morphological age shift in clinical groups (p-values on
parenthesis, bold for significant correlation).

Age
at baseline
Education
Gender
(Male=1, Female=0)
MMSE
ADAS-cog
(modified)
APOE4
(# alleles)

Healthy Aβ0.4(0.003)

Healthy Aβ+
0.39(0.016)

MCI stable
0.53(< 0.001)

MCI converters
0.34(< 0.001)

0.37(0.007)
0.25(0.07)

0.17 (0.28)
0.04 (0.77)

-0.009 (0.92)
0.34(< 0.001)

0.11 (0.23)
0.27(0.004)

0.18 (0.2)
0.12 (0.39)

-0.08 (0.6)
0.16 (0.33)

-0.15 (0.13)
0.22(0.03)

0.03 (0.7)
0.03 (0.7)

−0.26(0.05)

0.009 (0.95)

−0.18(0.06)

0.08 (0.37)

Table S2:
Group-wise Pearson’s correlation between sociodemographical/clinical scores and morphological age shift in clinical subgroups (p-values
on parenthesis, bold for significant correlation).
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Figure S7: Left: Group-wise average divergence maps associated to the full
SVFs (top), and to the specific deformation parameters (bottom). The patterns
of volume change are very similar, indicating that the removal of the normal
deformation parameter does not prevent the estimation of relatively larger volume changes due to specific pathological effects. Right: Statistical analysis for
the differences between absolute values of the effect size obtained by using the
|es
|−|esspecif ic |
specific parameters and the full SVFs (measured as whole
, p<0.001
pooled sd
uncorrected for multiple comparisons). The effect size associated to the specific deformation parameter is slightly higher around ventricles and in the white
matter when comparing MCI converters with stable. When comparing AD and
healthy, the whole SVF (aging+specific) provides generally higher effects size in
the white matter, but slightly lower in the frontal cortex, and in the temporal
horns of hippocampi.

37

