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Abstract. Neuroimaging biomarkers play a prominent role for disease
diagnosis or tracking neurodegenerative processes. Multiple methods
have been proposed by the community to extract robust disease spe-
cific markers from various imaging modalities. Evaluating the accuracy
and robustness of developed methods is difficult due to the lack of a
biologically realistic ground truth.

We propose a proof-of-concept method for a patient- and disease-
specific brain neurodegeneration simulator. The proposed scheme, based
on longitudinal multi-modal data, has been applied to a population of
normal controls and patients diagnosed with Alzheimer’s disease or fron-
totemporal dementia. We simulated follow-up images from baseline scans
and compared them to real repeat images. Additionally, simulated maps
of volume change are generated, which can be compared to maps esti-
mated from real longitudinal data. The results indicate that the proposed
simulator reproduces realistic patient-specific patterns of longitudinal
brain change for the given populations.

1 Introduction

Imaging biomarkers have a strong potential to aid disease diagnosis, tracking
changes over time or to evaluate new treatments. Within neurodegenerative dis-
orders such as Alzheimer’s disease (AD) there are numerous robust techniques
routinely used to quantify atrophy [1, 2] or to characterise disease specific pat-
terns of brain changes [3]. There is however no method to assess the accuracy
and robustness of these techniques due to the lack of ground truth. Numerous
proposals have been made to simulate the longitudinal changes observed in struc-
tural MRI. Davatzikos et al. [4] simulated brain atrophy by introducing a 30%
uniform volume change in two specific gyri. Camara et al. [5] took advantage
of regional rates of atrophy reported in the literature to simulate the expected
change to a baseline T1 weighted (T1w) MRI scan that would be observed at
follow-up for an AD subject. In this work, a finite element representation of a
template brain was registered to a new subject scan in order to propagate the
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tetrahedral mesh. Regional volume changes are applied to the propagated mesh
to simulate through linear elasticity a transformation which is then applied to
the T1w MR image. Sharma et al. [6] propose to generate a learning database
from simulated images with various amounts of atrophy and noise, from which
they then assessed a ground truth atrophy.

All of these simulation methods [4–6] assume a common atrophy rate across all
subjects. Camara et al.’s method is specific to the simulation of an AD pattern of
atrophy, whereas the other methods do not relate specifically to a given disease
and only describe volume changes within a sub-region of the brain (specific gyri
for Davatzikos et al. and hippocampi for Sharma et al.).

We present a proof-of-concept method for a patient- and disease-specific neu-
rodegeneration simulator. Pattern of longitudinal changes are learned from a
template database that consists of MRI scans from normal controls, subjects
diagnosed with frontotemporal dementia or sporadic AD patients. For each sub-
ject in the database, we have access to baseline and 1 year follow-up scans. Using
multi-modal1 image based registration, we first extract velocity fields that char-
acterise the longitudinal changes occurring over a year for each subject. The
extracted information is then combined within the space of a new subject to
simulate a patient- and disease-specific flow of deformation. Here, we hypothe-
sise that brains with similar morphology evolve similarly. Image registration is
known to be an ill-posed problem and the obtained result are hence heavily de-
pendant of algorithmic choices such as transformation model and regularisation.
In order to reduce this bias and the variance of all possible solutions, we take
advantage of a registration scheme combining structural and diffusion MRI as
in Avants et al. [7] or Studholme [8].

2 Method

Within the proposed neurodegeneration simulator scheme, we extract informa-
tion from a template database containing MRI acquisitions from 40 normal con-
trols (NC), 17 patients diagnosed with frontotemporal dementia (FTD) and 17
patients diagnosed with Alzheimer’s disease (AD). The overall pipeline of the
proposed framework is presented in Figure 1.

2.1 Data and Pre-processing

Baseline and 1 year follow-up scans are available for each subject. Each time
point consists of a pair of images: a structural T1w MRI and a DWI scan both
acquired on a Siemens Tim Trio 3 Tesla scanner using a 32-channel head coil.
The DWI scans were acquired with 64 directions (b-value=1000) repeated twice
and 9 b0 images were acquired. On the diffusion images, we performed motion
and eddy current correction as well as EPI correction using a scheme combining
field maps and non-linear registration. Both 64 direction acquisitions were used

1 We should refer to multi-pulse sequences but use multi-modal for simplicity.
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Fig. 1. Framework of the overall pipeline. Starting from a template database contain-
ing longitudinal multi-modal MRI scans from normal controls (NC), subjects with
frontotemporal dementia (FTD) and Alzheimer’s disease (AD), intra-subject longitu-
dinal flow of deformations are extracted through non-linear registration. The flows are
then propagated and fused to create new flows of deformation simulating, for a given
subject, change over time as if the subject was NC, FTD or AD.

concurrently to fit a tensor per voxel. The geometry distortion due to gradi-
ent non-linearity on the structural image was corrected, as well as the intensity
nonuniformity [9]. The average b0 image was rigidly registered to its correspond-
ing structural T1w image and the obtained transformation was used to resample
the tensor image into the T1w space using a log-Euclidean interpolation scheme.

2.2 Multi-channel Intra-subject Registration Using Multi-modal
Information

As mentioned, non-linear registration lacks a unique optimal solution and usually
relies on mathematical formulations for regularisation. In order to decrease the
influence of such a formulation, we take advantage of multi-modal imaging to
increase the amount of information available to drive the transformation. As in
Avants et al. [7] and Studholme [8], we use structural and diffusion MRI images.

The proposed scheme for registration, implemented within the NiftyReg pack-
age [10], is based on a cubic b-spline parametrisation of a continuous stationary
velocity field, v, which yields a deformation field, u, through exponentiation
using a scaling-and-squaring approach [11]. We use a symmetric scheme where
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forward and backward deformation fields, u and u−1 , are concurrently opti-
mised. This is achieved thanks to the following property: exp(v) = exp(−v)−1

where both velocity fields, v and −v, are estimated concurrently from the pa-
rameters {μ}, the cubic b-spline coefficients. Using the T1w and DTI images for
both baseline, B, and follow-up image, F , the measure of similarity, M, used to
drive the registration is computed as:

M(B, F ;μ) = α ×Ms(B
s, F s(u;μ)) + α ×Ms(B

s(u−1;μ), F s) (1)

+ β ×Md(B
d, F d(u;μ)) + β ×Md(B

d(u−1;μ), F d),

where Ms(.) corresponds to the locally normalised cross correlation summed
over all voxels [12] and Md(.) corresponds to distance between the deviatoric
tensors also summed over all voxels as in Zhang et al. [13]. Bs and F s denote
the structural T1w image from the baseline and follow-up images whereas Bd

and F d denote their DTI components. The values α and β are set empirically
to 0.5 and 0.5. The overall cost function to be optimised by the registration
framework consists of the measure of similarity M and the sum over all voxels
of the bending energy of the velocity fields, v and −v. The spacing between the
control points was empirically set to 5 voxels and a pyramidal approach was
three levels was used. For all subjects n ∈ N , f ∈ F and a ∈ A with N , F and A
the number of NC, FTD and AD subjects respectively in the template database,
we obtained sets of stationary velocity fields {vn}, {vf} and {va} characterising
the intra-subject longitudinal changes.

2.3 Simulated Flow of Longitudinal Changes

Given a new subject i and its T1w and DTI combined image Bi, we register
all baseline images from the template database to Bi using the registration
scheme described in section 2.2. We thus obtain three sets of deformation fields
{ui

n}, {ui
f} and {ui

a}. These deformations are used to propagate the previously
obtained intra-subject longitudinal stationary velocity field into the space of
image Bi. Similarly to the concept of weighted label fusion, which characterises
the distance between the warped template image and the target image [14], we
create a subject- and disease-specific flow of deformation using an local weighted
average of multiple longitudinal flows. The distance D between a target image
Bi and a template image Bj with j ∈ [0, N + F + A[ is computed as:

D(Bi, Bj ;u
i
j) = α ×Ds(B

s
i , B

s
j (u

i
j)) + β ×Dd(B

d
i , Bd

j (u
i
j)), (2)

where Bs and Bd denote the structural and the diffusion component respectively
of an image B. Ds and Dd correspond to the distances between the structural
and the diffusion component of Bi and Bj . Within the current experiment, we
set Ds = (2 −Ms) and Dd = G ∗Md, where G is a Gaussian kernel defined to
match the kernel used to compute the locally normalised cross-correlation and ∗
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is the convolution operator. Based on this distance the new flows of deformation
for subject i are computed as:

vgrp

i =

∑
n∈grp

(
ui
n ◦ vn

)× e−D(Bi,Bn;ui
n)/t

∑
n∈grp e−D(Bi,Bn;ui

n)/t
, (3)

where ◦ is the composition operator and t is the Gaussian kernel density, which
is set to 0.5 for the current experiment. The group under consideration: NC,
FTD or AD is denoted as grp. Note that the stationary velocity fields were here
resampled using a gradient reorientation scheme.

Finally, simulated follow-up images FNC
i , FFTD

i and FAD
i can be simulated

from an input image Bi as F grp

i = exp(vgrp

i ) ◦ Bi. Note that the transformation
is parametrised with a flow field enabling interpolation between 0 and 1 year
and extrapolation after 1 year. Figure 2 shows an example of simulated images
from the baseline of a normal control baseline scan.

Structural MRI Diffusion MRI (FA map)
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Fig. 2. Subject- and disease-specific longitudinal changes simulator result. Synthetic
normal control and Alzheimer’s disease structural and diffusion follow-up scans are
simulated from the baseline T1w/DTI of a normal control subject. The simulated
images are shown as well as the difference images between the simulated follow-up and
the original scans. Note that for visualisation purpose the fractional anisotropy maps
are used to visualise the diffusion information but DTI is used for the whole processing.

3 Evaluation

We performed a leave-one-out experiment where each subject from the aforemen-
tioned database was considered as a new subject and all the others composed
the template database in a leave-one-out fashion. For each subject we simulated,
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from its baseline scans, three T1w MR images and three DTIs, corresponding to
the three groups in the template database, NC, FTD and AD. We were then able
to evaluate, for each simulated scan its distance to the real one year follow-up
image. The global normalised cross-correlation was used to quantify the distance
between the real and the simulated structural follow-up images. This measure
was selected to accomodate for potential global intensity scaling between the
input images. The distance between the diffusion images was assessed using the
mean of squared difference (MSD) between the fractional anisotropy (FA) maps
derived from the real and the simulated DTIs. For both distance evaluations,
skull-stripped images were used in order to only consider the voxels in the brain
area. The result are presented in Figure 3. We also computed the distance,
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Fig. 3. Distance between the real and simulated follow-up structural (top) and dif-
fusion (bottom) scans. For each baseline scan, we simulated three follow-up images
corresponding to the three groups in the database: NC, FTD and AD. The distance
between the real and the simulated scans are reported here. For visualisation purpose,
distances have been sorted in an increasing order.
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defined as the SSD, between the simulated logarithm of the Jacobian maps and
the maps recovered by registering the real baseline and follow-up pairs of images.

It can be noticed that the differences between the different simulations are
relatively small when compared to the actual distances between simulated and
real data. This difference arises from other sources of variability such as im-
age noise, artefacts or tensor fit errors, not related to geometrical differences.
Moreover, the distances are computed over the full brain area whereas the sim-
ulated transformations impact largely on smaller regions such as the ventricles
and the cortex in the T1w and the tract areas in the DTI. This is illustrated
by the difference images between the real baseline and follow-up acquisitions
in Figure 2. Nonetheless, 77.5%, 75% and 100% of the simulated NC are the
closest to the real NC follow-up T1w/FA and estimated Jacobian maps. The
equivalent numbers for the AD and FTD subjects are 64.7%/52.9%/88.2% and
58.8.7%/58.8%/88.2% respectively. This indicates that the proposed methodol-
ogy captures disease specific patterns of longitudinal changes.

4 Discussion

We proposed a neurodegeneration simulator based on longitudinal and multi-
modal imaging data. We hypothesise that the use of multi-modal data decreases
the variance of all possible registration results and increases the biological plau-
sibility of the obtained transformations. However further assessment is needed to
fully investigate the added value of using multi-modal registration rather than
single modality registration. Using a local weighted scheme, we ensured subject
specific simulation where the information is propagated only between similar
morphologies. Due to the exploratory nature of the proposed work, further val-
idation will be performed to assess, for example, the influence of the different
algorithmic parameters, such as the weighting of the distance measure. The prop-
agation of flow from one image space to another space was here performed using
a gradient reorientation scheme. We will investigate the use of parallel transport
techniques, such as pole ladder [15]. Finally, as previously mentioned, this work
focused on the geometrical component of the longitudinal changes and not on
the metamorphic process of pathology, which we will also further investigate.
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