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Abstract Hippocampal atrophy measures from magnetic resonance imaging
(MRI) are powerful tools for monitoring Alzheimer’s disease (AD) progression.
In this paper, we introduce a longitudinal image analysis framework based on
robust registration and simultaneous hippocampal segmentation and longitu-
dinal marker classification of brain MRI of an arbitrary number of time points.

The framework comprises two innovative parts: a longitudinal segmenta-
tion and a longitudinal classification step. The results show that both steps
of the longitudinal pipeline improved the reliability and the accuracy of the
discrimination between clinical groups. We introduce a novel approach to the
joint segmentation of the hippocampus across multiple time points; this ap-
proach is based on graph cuts of longitudinal MRI scans with constraints
on hippocampal atrophy and supported by atlases. Furthermore, we use linear
mixed effect (LME) modeling for differential diagnosis between clinical groups.
The classifiers are trained from the average residue between the longitudinal
marker of the subjects and the LME model.

In our experiments, we analyzed MRI-derived longitudinal hippocampal
markers from two publicly available datasets (Alzheimers Disease Neuroimag-
ing Initiative, ADNI and Minimal Interval Resonance Imaging in Alzheimer’s
Disease, MIRIAD). In test/retest reliability experiments, the proposed method
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yielded lower volume errors and significantly higher dice overlaps than the
cross-sectional approach (volume errors: 1.55% vs 0.8%; dice overlaps: 0.945
vs 0.975). To diagnose AD, the discrimination ability of our proposal gave an
area under the receiver operating characteristic (ROC) curve (AUC) = 0.947
for the control vs AD, AUC = 0.720 for mild cognitive impairment (MCI) vs
AD, and AUC = 0.805 for the control vs MCI.

Keywords Alzheimer’s disease - MRI - Hippocampal segmentation -
Longitudinal analysis

1 Introduction

The analysis of the hippocampus is a very active field of research because
it is one of the first structures where early Alzheimer’s disease (AD) pathol-
ogy is observed [IL2]. T1-weighted (T1w) magnetic resonance imaging (MRI)
measurements of the hippocampus (e.g. volume) have become useful markers
in the diagnosis of AD and prodromal AD, such as mild cognitive impair-
ment (MCI) [3l4]. Several published research criteria recommend the use of
hippocampal atrophy from MRI to improve the differential diagnosis between
AD or MCI in patients [Bl6]. Many automatic approaches for extracting the
hippocampal structures from brain MRI have been proposed [7,[819LTO0LIT].
Among such approaches, atlas-based methods have been demonstrated to out-
perform other algorithms [12] that rely on manual segmentations. However,
the hippocampus is a complex anatomical structure, and different manual
segmentation protocols have been proposed. An international effort to har-
monize existing protocols has defined the harmonized hippocampal protocol
(HarP) [13\[14]. This protocol has proven to be very reliable and to provide
a hippocampal segmentation estimate that can be considered as a standard
measure, enabling the use of the hippocampal measures as proper markers for
AD and MCI. Nevertheless, the hippocampal markers from MRI are not fully
validated, and the level of standardization for their measurements is still too
limited for clinical use [2].

Many large scale studies are now collecting longitudinal MRI data [I5].
Over time, the hippocampal markers have been shown to correlate with the
progression of AD [I6L[I7I8T19]. Many publications have reported that the hip-
pocampal atrophy rates over time are accelerated in AD patients compared to
the normal control (NC) subjects and included MCI subjects [20,21122]. Com-
pared to the cross-sectional approach, the longitudinal data can provide in-
creased statistical power by reducing the confounding effect of between-subject
variability [23]. However, most of the existing methods address the extraction
of hippocampal markers using a single sample. One of the major caveats in
longitudinal analysis is the use of tools that were originally designed for the
analysis of data collected from the cross-sectional approach.

When subtle hippocampal structure changes caused by atrophy are being
measured, a robust procedure for all samples from a subject is crucial. Simul-
taneous registration, segmentation and classification tasks of subject scan se-
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quences have been shown to increase the accuracy of atrophy measurement [24]
[I725.26]. Reuter et al. [24] presented a longitudinal analysis framework in
which a template for each subject was first created from all time points to es-
timate average subject anatomy using a symmetric robust registration method.
Then, information from the subject template and from the individual runs was
used to initialize the segmentation algorithm. Regarding longitudinal segmen-
tation, Wolz et al. [16] introduced a 4D image segmentation with a graph-cut
algorithm. In their model, unary terms included intensity and anatomical pri-
ors, whereas pairwise terms were addressed to enforce spatial and temporal
smoothness in the segmentation. The segmentation of all time points was then
computed simultaneously with graph cuts. Wang et al. [27] have proposed a
longitudinal patch-based label fusion method to propagate atlases to the sub-
ject scan sequence by simultaneously labeling a set of temporally corresponding
voxels with a temporal consistency constraint on sparse representation.

Inspired by these previous works, we propose a new method to measure
hippocampal atrophy in longitudinal MRI scans for diagnosing AD in clinical
groups. First, we use a longitudinal registration based on the creation of linear
subject-specific templates. Second, we introduce a novel approach to the simul-
taneous hippocampal segmentation across multiple time points. This method
is based on a 4D graph-cut algorithm, extending our cross-sectional approach
to longitudinal data [28/29]. Third, once the longitudinal markers of the seg-
mented hippocampus are calculated, linear mixed effects (LME) modeling is
used for the classification tasks. The longitudinal tendency of a hippocampal
marker is estimated from the time points of a subject and compared with the
mean trajectories of the clinical groups of AD, generating a diagnosis for the
subject.

The goal of the present paper is to study how the proposed longitudinal
framework improves the detection results from clinical groups during the pro-
gression of AD. The proposed longitudinal pipeline is compared with three
other implementations: a cross-sectional pipeline, a hybrid pipeline that com-
bines longitudinal registration with cross-sectional segmentation, and the FreeSurfer
longitudinal framework. These four pipelines are applied to a scan/rescan
database to study the reliability of the hippocampal markers. Then, the com-
peting methods are used to analyze the Alzheimers Disease Neuroimaging
Initiative (ADNI) dataset for detecting subjects among clinical groups during
the progression of AD.

2 Method

Given a set of longitudinal MRI scans, the data are firstly pre-processed with
the FreeSurfer longitudinal registration framework [30,24]. First, all scans of
the subjects are processed independently (Cross, see Figlll). For each sub-
ject a template is created from all time points to estimate average subject
anatomy [3I], which is built by registering scans from each time point of a
subject using a robust and inverse consistent registration algorithm (Base).
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Then, each time point is processed longitudinally, where information from the
subject-template and from the individual runs is used to initialize several of the
algorithms (Long). Several steps in the processing of the serial MRI scans, such
as Talairach transforms and brainmasks, were then initialized with common
information from the subject-specific template. This implementation ensures
that all time points are treated uniformly and with a very high degree of re-
producibility [24]. Then, all longitudinal processed scans are independently
registered into the MNI152 template [32] by means affine transformations us-
ing advanced normalization tools (ANTS) [33] and 12 degrees of freedom.

A set of atlases is built using the HarP annotations on 135 images be-
longing to the ADNI database [I3l[14]. The atlases are co-registerd to the
MNI-152 space with an affine transformation using ANTs and 12 degrees of
freedom. A region of interest (ROI) is defined for each structure studied (left
and right hippocampus) as the minimum bounding box containing the struc-
ture for all of the normalized HarP atlases and expanded by three voxels along
each dimension. The definitions of the ROIs are used as starting points of the
segmentation algorithm (see Figll).

2.1 Longitudinal segmentations

We introduce a new label fusion method based on the spatio-temporal con-
ditional random field (CRF) [34] formulation and on ROIs. The method is
an extension of our proposed label fusion applied to cross-sectional analy-
sis [28/[29/385]. The CRF modeling allows us to efficiently incorporate shape,
appearance and context information into the segmentation process [8l36L37,
[T628]. The CRF model is characterized by a pseudo-Boolean function defined
by unary and pairwise potentials. The proposed Boolean function is repre-
sentable by graphs. A 4D graph is built to segment the longitudinal data:
Voxels of a subject scan sequence are the vertices of the graph, and the edges
connect spatial-temporal voxel neighborhoods. The edge weights are based on
prior data from the HarP atlases and spatial-temporal constraints. The lon-
gitudinal hippocampal segmentation is simultaneously found by applying the
min-cut/max-flow algorithm of [3§].

Given a 4D ROI of a subject scan sequence, which is the 3D ROI defined
by the overlaps in the HarP atlases and extended with the time points I : 2 C
N* — R, we seek to minimize an energy function under a discrete random
field, S : 2 ¢ N* — {0, 1}, with a neighborhood system €. The neighborhood
system & is the set of edges that connect variables in the random field. A CRF
is defined by the following pseudo-Boolean function:

E(S) =Y vp(S(m) +X D ¢p(S(p), S(a)), (1)

pes? p,q€E

where 1,(S(p)) and ¢,4(S(p), S(q)) are the unary and pairwise potentials,
respectively, and p and ¢ denote the voxel position in space and time. A p
voxel is defined by spatial coordinates, =, and also by a time coordinate, t. A
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is a tunable parameter that determines the trade-off between the unary and
pairwise potentials.

2.1.1 Atlases to target

The unary potentials 1,(S(p)) use a Bayesian formulation, which allows for
prior information about the shape and the appearance of the structures to
be segmented from the atlases. The conventional unitary potentials measure
only the pairwise similarity between the atlas and target voxels. In contrast,
our unary potentials combine an appearance model based on multiple features
extracted from each voxel and its neighborhood [28] with a label prior using
a weighted voting method [39].

Consider a 4D ROI of a subject scan sequence, I = {I; }4=1,...n, where I; is
a 3D ROI scan and n is the number of scans of a subject. From the definition of
the HarP atlases, it is only possible to construct 3D appearance-shape models.
Therefore, for each I;, the HarP atlas images are first ranked based on their
similarity according to I; using the mutual information (MI) measure [40], and
the Np atlases most similar to the target image are registered non-rigidly into
I;, where Ny, is the total number of registered atlases [28] (see Fig[ll). The non-
rigid registrations are computed using Elastix [41], a publicly available package
for medical image registration. The registered atlas images are convolved with
a filter bank. A set of feature extraction kernels are used to produce different
feature maps. Discriminative features are necessary due to the hippocampus in
T1w MRI having similar intensities as the background. These feature vectors
are used to train a k-nearest neighbor (k-NN) appearance model [28|[35]. For
computational efficiency, the kd-tree algorithm [42] is used to perform the
nearest neighbor search. I; is also convolved, and the image likelihoods of the
voxels are calculated [28§].

The label prior probability models the joint probability of all voxels that
belong to the 4D ROI in a particular label configuration. The spatial prior is
obtained from the Ng-selected registered atlases and from weighting the trans-
ferred label maps probabilistically using a local similarity measure between I;
and the registered atlas image [39)].

The main assumption in longitudinal segmentation is that given a robust
longitudinal registration on the subject scan sequence, the segmentations at
different time points can be forced to be consistent in inner hippocampal areas.
Conversely, the hippocampal boundaries can be expected to have differences
in the segmentations of the serial scans; these differences are caused by the
biological atrophy of the subcortical structure. Tissue loss resulting from AD
can be observed as a shift in the boundaries of the hippocampus. Therefore,
a 3D edge detector is applied to each I;. For each spatial point = of the inner
hippocampal area, the probability of belonging to the structure will be the
same in all scans of a subject, which will be inferred from the average of the
time points. In contrast, the probabilities of the edge voxels will be estimated
independently in each scan. The image likelihood and label prior terms are
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combined, and the negative logarithm of the probability maps p(S(p)|I(p))
serves as the unary potentials:

_ | —log (p(S(p(z, )L (p(z,1)); A)) it T(I(p(x,t)) > h,
Yp(S(p)) = { —log (% Yoy p(S(p(z, ) (p(z,1)); A)) otherwise. ’

T((p(e,1) =, max_g(IVI@)]). (3)

where A is the set of registered HarP atlases to I as a collection the Np-selected
atlases for each Iy, g(||[VI;(x)]|) = 1 — exp (—M) is a 3D edge detector

G
with a normalization factor og and h is a threshold value, which defines if a

voxel is a hippocampal edge.
2.1.2 Spatio-temporal regularization

The pairwise potentials 1,,(S(p), S(¢)), which describe the spatio-temporal
regularization, consider the labeling coherence among the voxels located in
a certain spatial and temporal neighborhood of the serial scans (see Figll).
According to the work of Song et al. [37], a smoothness term is added to
the energy function. These authors combined intensity and local boundary
information into the pairwise potentials. These pairwise potentials take the
form of a contrast-sensitive Potts model:

fo if 5(p) =5(q),
wPQ(S(p)vs(q))_{V(S(p),S(q)) otherfvise. v, “

where

202

1(S(p). S(@) = ¢ <1 +1n (1 + M))l

-0 (1= e BUIGD). 5)
where My, is a line that joins p and ¢ and o is the robust scale of image I. If p is
(x1,t1) and q is (2, t2), then B(I(x,t)) = g(||VI(x,t)|) with t; = t5 = t; i.e. if
p and ¢ are voxels in the same scan (i.e. spatial neighborhood) or B(I(z,t)) =
g(||0eI(x,t)||) when z1 = x2 = x, then p and ¢ are voxels belonging to different
scans (i.e. temporal neighborhood). The parameter 0 < ¢ < 1 controls the
influence of the boundary-based and intensity-based parts. v(S(p), S(q)) is a
weighting function that depends on the spacing in each dimension. In spatial
edges (within time points), the spatial resolution is taken into account, while
temporal edges (between time points) are selected using a spacing based on
time intervals. Furthermore, an additional parameter is used for weighting
among spatial and temporal edges. Figlll shows a flow chart that summarizes
the processing of the serial scans.
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Fig. 1 Flow chart summarizing the processing of the time-points from a subject.

2.2 Data analysis

Once the markers have been calculated from the segmented hippocampus, we
use LME modeling for longitudinal data analysis to account for the between-
subject and within-subject sources of variation. We consider the following LME
model:

Yi = XiB + Zibi + e,

where Y; is the vector of the hippocampal marker for the time points of subject
1, X; is the design matrix for the fixed effects (including variables such as
clinical group, age and scan-time), § are the fixed effects coefficients and are
identical for all subjects. In addition to the fixed effects, a mixed effects model
is used for subject-specific random effects, where Z; is the design matrix for
the random effects, b; is a vector of the random effects, and e; is a vector of
measurement errors. The components of b; reflect how the subset of regression
parameters for the i-th subject deviates from those of the population.

In this study, the LME model is built with a intercept and slope as random
effects to be included in the longitudinal trajectory:

Yis = (67’ + bm) + (ﬁs + bm) tij + €ij, (6)

where 7 = 1,...,n; indexes the time points with n; indicating the number
of scans for subject 4, y;; is the j measure of the hippocampal marker from
subject 1, t;; is the scan time from baseline (in years), and 3, and fs are the
intercept and slope, respectively. The model allows for a linear mean trajectory
for each subject and the clinical group mean trajectory. This longitudinal
analysis is then used to estimate the subject’s hippocampal atrophy rate and
consequently improves the classification accuracy in the diagnostic of a subject
during the progression of AD.
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The atrophy rate for a subject is defined as the slope of the longitudinal
marker divided by the intercept. Clinical group and age are found as significant
variables using a linear model [43]. For the analysis of the atrophy rate, a
LME model is built with clinical groups and ages as fixed effects. Considering
a clinical group, the atrophy rate for a subject i of this group is calculated as:

_ 7? . o, (7)

i Tl

Regarding the classification of subjects between clinical groups of AD, we
propose to compare the longitudinal tendency of the marker using a LME
model trained between pairs of clinical groups.

The difference between the longitudinal marker trajectory of an i-subject
and the LME model will be described by the random vectors b; and e;, which
follow mean zero-Gaussian multivariate distributions, indicating a population-
averaged mean of F(Y;) = X;0 [25]. Therefore, the longitudinal trajectory
residue is defined as:

A;

1 &
ly=— > (yig — X5B). (8)
1 ]:1
where Xikj is the k-column vector of the design matrix and k is a binary
variable, which indexes the pair of the clinical groups to be classified. The [;-
samples belonging to the group indexed by k will follow a normal distribution
of zero mean and of variance determined by b; and e;. In contrast, [;-samples
not belonging to the k-group will also follow normal a distribution with the
same variance but with a biased mean value of zero, which is related to the
fixed effects of the clinical groups. The random variable [; is used to train and
classify the hippocampal markers by discriminant analysis.

3 Materials

Two publicly available datasets were used in the experiments: Minimal Interval
Resonance Imaging in Alzheimer’s Disease (MIRIAD) and ADNI.

Scan-rescan reliability was evaluated using the MIRIAD database. The
MIRIAD dataset consists of T1w brain MRI acquired at regular interval times.
All scans were acquired on the same 1.5 T scanner. A subset of 23 healthy
elderly people with three time points acquired 14 days apart was used. No
changes between scans were expected. The mean age at baseline of the subjects
was 69.7 + 7.2 years with mini-mental state examination (MMSE) scores of
29.4 4+ 0.8 and 52% men [44].

The ADNI dataset was selected to analyze the behavior of the longitu-
dinal framework in the AD study, where subjects have different numbers of
visits [45]. In the ADNI study, brain T1w MRI were acquired at baseline and
regular intervals. MRI acquisition was performed according to the ADNI ac-
quisition protocol [46]. In our study, all the images downloaded from ADNI
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Table 1 Demographic and clinical details of the subset of ADNI database used in this
study. Data as represented as mean and standard deviation (SD) unless specific otherwise.
ANOVA with Bonferroni post hoc test is used for baseline age and neuropsychological score,
except for gender where the chi-square test is used. Statistical significance is considered with
p — value < 0.01. ¢ Significant compared to normal control (NC). ® Significant compared
to sMCI. ¢ Significant compared to pMCI. NC= Normal control; sMCI= Stable Mild cogni-
tive impairment; pMCI= Progressive Mild cognitive impairment; AD= Alzheimer disease;
MMSE=Mini-Mental State Examination.

| Type (N. subjects) || C (114) | sMCI (82) | pMCI (101) | AD (77) || F p
Gender male (%) 1 (54%) 7 (69%) 58 (57%) 1 (53%) 0.105
Baseline age 75 5 (5.2) 74.3 ©.9) | 752 (7.0) 73.9 (6.9) 125 | 0.292
MMSE (Baseline) || 20.1 (L0) | 276 (L6) | 268 (1L9)*7 | 234 (18)77 [ 91002 | < 0.001
MMSE (Year 0.5) || 29.1 (1.0) | 27.4 (2.0)* | 26.0 (3.2)*% | 22.3 (3.2)%%¢ || 121.30 | < 0.001
MMSE (Year 1) 20.1 (1.2) | 27.3 (2.3)2 | 25.7 (3.7)b | 20.6 (4.5)b¢ | 119.34 | < 0.001
MMSE (Year 2) 20.1 (1.0) | 26.8 (4.8)2 | 23.4 (5.0)%0 | 20.8 (6.7)*b¢ | 83.85 | < 0.001

Table 2 Number and timing of scans per time point by clinical group. NC= Normal control;
sMCI= Stable Mild cognitive impairment; pMCI= Progressive Mild cognitive impairment;
AD= Alzheimer disease.

Type (N. subjects) ||

NC | sMCI | pMCI | AD || Time from baseline |

Baseline 114 82 101 7 0
Year 0.5 112 82 101 7 0.57(0.05)
Year 1 110 82 101 Yt 1.08(0.07)
Year 2 92 60 65 51 2.08(0.10)
Total 428 306 368 282

are pre-processed using the N3 method [47] or grad warped, followed by Bl
bias field correction and N3 intensity non-uniformity correction [46].

According to the ADNI evaluators, subjects were grouped into three clinical
groups consisting of 114 normal controls (NCs), 183 mild cognitive impairment
(MCI) and 77 Alzheimer’s disease (AD). MCI subjects were further divided
into 101 MCI progressing to AD (pMCI) and 82 stable MCI (sMCI) according
to the clinical follow-up. An overview of the subject groups is given in Table[Il
For each group, the total number of subjects, the number of males, and the
MMSE values [48] are shown. No significant differences in age and gender
were observed among the clinical groups. There were significant differences in
MMSE scores among the clinical groups for all time points. Table 2lshows the
time points (Baseline, Month 6, Month 12, Month 24) that were available for
the selected subjects.

4 Results
To study the impact of the longitudinal frameworks, three methods were imple-

mented and compared: (a) A standard cross-sectional framework (CC method:
cross-sectional registration and cross-sectional segmentation). Each scan was
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treated independently [2829]. (b) A hybrid framework (LC method: longi-
tudinal registration and cross-sectional segmentation). This implementation
merged these two processes by generating an unbiased within-subject tem-
plate space while segmentations follow on each 3D ROI independently. (c)
The proposal (LL method, which combines the longitudinal registration and
proposed segmentation steps). Additionally, the results of the FreeSurfer lon-
gitudinal framework were considered in the performance comparison of the
implemented algorithms.

The performance of the above methods was evaluated using four experi-
ments. The first one was quality control to assess the robustness of the com-
pared methods on a large number of images. Second, the test/retest repro-
ducibility of the methods was evaluated using the MIRIAD dataset. Third,
the atrophy rates of the clinical groups in the AD study were statistically
analyzed. Finally, the longitudinal data were used for training the classifiers
and verifying that the accuracy was improved when longitudinal trends of the
hippocampal markers were integrated.

4.1 Quality

A total of 1386 scans in ADNI and 69 in MIRIAD were processed by each of
the methods used. A quality control test checked whether the applied longi-
tudinal pipeline had failed on the studied data. For each hippocampal region
and each time point, the test computed the best Pearson correlation coefficient
between the 3D ROI intensities and each HarP atlas image, as well as among
the hippocampal segmentation and each HarP atlas labeling [26]. These coef-
ficients were exclusively calculated within the volume defined by the specific
ROI, not on the entire scan. The assumption of the test is that the HarP
atlases represent all relevant anatomical variability from each clinical group.
Then, the lowest pair of correlation coefficients among those calculated val-
ues from each subject scan sequence was saved. If the intensity and labeling
correlation coefficients of a subject are in the low value regions of the distribu-
tion of the population, then the scans of this subject were analyzed manually.
To validate the consistency of the applied longitudinal pipeline, another test
was also used between the scans and hippocampal segmentations of a sub-
ject. In this case, the correlation coefficients were computed between pairs of
the ROIs and hippocampal segmentations of the same subject, and the low-
est values among these pairs were selected. This quality control was applied
to all four implementations. As an example, Fig 2 shows the distributions of
the selected correlation coefficients for all 346 subjects of ADNI from the CC
method. Points with low values are accompanied by the digital identifier of
the subject. The two tests show results that are consistent with each other.
Both scatters indicate a common group of potential outliers. The source of
these errors is the spatial normalization into the MNI152 template by affine
transformation using FLIRT [49], which failed to orient the brain correctly.
This bug was fixed using ANTs. However, the test based on correlation analy-
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sis between two scans of the same subject shows another subject in a different
low value region. In this case, the source of the error is an improper alignment
of one of the scans in the registration. This error was also corrected using
ANTs.

The scatter plots also display that there is no evidence of bias in longitu-
dinal processing due to the nature of subjects belonging to different clinical
groups.

C?rrelation between scan and HarP atlases 1 Correlation between pairs of scans
2 2
-E 08 067.5_0607 5 08 % 067_S_0607 °
é 067—5—00257:, 128_S_1242% ; ;:3
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Fig. 2 Scatter plots between intensity and labeling correlation coefficients from the CC
method: a) Measured values between scan and HarP atlases (left), b)Measured values be-
tween two scans of the same subject (right). Each point represents a subject. Outliers indi-
cate errors in longitudinal processing. NC= Normal control; sMCI= Stable Mild cognitive
impairment; pMCI= Progressive Mild cognitive impairment; AD= Alzheimer disease.

4.2 Test-retest

We evaluated the statistics of the segmented hippocampus between repeat
scans from the same subject, which were acquired in a short period of time
and in absence of biological variability. Test/retest reproducibility is a critical
measure for reliable markers. To evaluate the test/retest reproducibility of the
methods, the scan/rescan data of the MIRIAD dataset were used. For each
method and each subject, we compared the hippocampal segmentations from
the subject scan sequence. Two measures were calculated for each segmented
left and right hippocampus: a) The absolute volume difference (AVD) and b)
the dice coefficient between two binary images corresponding to the hippocam-
pal regions. Given a method and a pair of scans from the same subject, the
considered values were defined as:

Ve = Vil e — o560 1S

AVD(%) = 2004 =11 R Cl)
(%) Vi + Vi |Sk| + [S1]|



12 Carlos Platero, Lin Lin, M. Carmen Tobar

Table 3 The absolute volume difference (AVD) and dice overlap for the hippocampal re-
gions in the test-retest scans of the MIRIAD dataset. Data as represented as mean and
standard deviation. ANOVA with Bonferroni post hoc test is used for AVD and Dice coeffi-
cient in each hippocampal region. Statistical significance is considered with p—wvalue < 0.01.
@ Significant compared to FS . ® Significant compared to CC. ¢ Significant compared to LC.
LH= Left hippocampus; RH= Right hippocampus; FS=FreeSurfer; CC=Cross-sectional;
LC=Hybrid framework; LL=proposed framework.

[ Measure (Method) | FS [ CC [ LC [ LL [ F p
AVD (%) LI 1.33 (0.95) T.52 (1.53) T.40 (1.30) 0.79 (0.58) 051 | 0.673
AVD (%) RH 1.50 (1.11) 1.62 (1.36) 1.48 (1.15) 0.81 (0.57) 157 | 0.196
Dice LH 0.930 (0.012) | 0.946 (0.017)° | 0.948 (0.014)° | 0.975 (0.008)°>° || 59.47 | < 0.001
Dice RH 0.932 (0.012) | 0.943 (0.014)* | 0.948 (0.014)® | 0.975 (0.009)**< || 48.19 | < 0.001

where Vi, and V; are the hippocampal volumes at time points k and [ of a sub-
ject and Sy and S; are their binary segmentations, respectively. Fig Bl displays
the distributions of these measures depending on the method and hippocam-
pal region of the MIRIAD dataset. Table Bl provides the mean and standard
deviation of the AVD and dice coefficient of the hippocampal segmentations.
ANOVA with the Bonferroni post hoc test is used for the AVD and dice coeffi-
cient in each hippocampal region. The proposed longitudinal method produces
the lowest AVDs in both hippocampal regions. The LL method provides the
highest dice coefficient and yields a statistically significant improvement with
respect to the other three methods.

Test-retest: MIRIAD: AVD of the left-right hippocampus Test-retest: MIRIAD: Overlap of left-right hippocampus
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Fig. 3 The absolute volume differences (in %) and dice distributions for the left and right
hippocampus in the test-retest of the MIRIAD dataset using FreeSurfer v5.3 (FS) and
the three implemented methods (CC, LC and LL). LH= Left hippocampus; RH= Right
hippocampus; CC=Cross-sectional; LC=Hybrid framework; LL=proposed framework.
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4.3 Analysis data and classification

The test-retest experiment described above evaluated only the reliability of
the hippocampal segmentations from the longitudinal algorithms. Next, we
proceeded to validate the performance of the methods by measuring the hip-
pocampal atrophy over time from the AD study. Two experiments were carried
out to analyze the dependency of the longitudinal trends on clinical groups:
a) Hippocampal atrophy rates and b) discriminating subjects between clinical
groups of AD.

In this study, two markers were used: hippocampal volume (HV) and hip-
pocampal surface roughness (SR). Recent studies have shown that a decrease
in HV and an increase in its SR are good markers for studying AD [50]. The
SR was validated as an efficient marker since it presented similar capabilities
of discrimination as the traditional measure of HV but had the advantage of
providing a local analysis, which may produce atrophy maps of the progression
of AD [29]. Moreover, these markers are scalar features, showing robustness in
generalization and avoiding overfitting when the size of the samples is limited.

For each scan, we computed the volume of the hippocampus. For more
robustness with respect to segmentation errors, the left and right volumes
were added. The SR of a hippocampus was given by

%iKQ(xl)v

where m is the number of the voxels belonging to the hippocampal surface
and K (z;) is the mean curvature at each voxel x;. These voxels were extracted
from the automated hippocampal segmentation in the normalized spatial, i.e.,
K (x;) is calculated with the isotropic spacing (1 x 1 x Imm? from the MNI
152 space). The left and right hippocampal segmentations were embedded in
a level set formulation, and the mean curvature was estimated using:

VI (zs) ) |

Kle:) = ~div (|vr<xi>|

where I = {z|p(z) = 0} is the hippocampal surface and ¢(z) is a signed dis-
tance function, which assigns positive distances to the inside of the object and
negative distances to the outside [5I]. The estimation of the mean curvature
on each z; is controlled using the Gaussian derivatives. In our experiments,
a Gaussian kernel of 5 mm FWHM was applied to the images for calculating
the mean curvatures. The left and right SRs were also added to determine the
shape marker.

Given that all scans were co-registered to the common template space,
instead of calculating the hippocampal makers from the scans in their native
space, the measurements were extracted in the MNI152 domain. This method
of calculating the markers has two advantages: (i) The hippocampal volume
does not need to be normalized by the intracranial volume since all the brains
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are normalized, and (ii) the spacing of MNI152 is isotropic, which facilitates
the calculation of the SR.

For each subject and each time point of the ADNI dataset, hippocampal
markers were obtained using the competing methods. Fig. @] show the lowess
plots of the two hippocampal markers using the LL method. These plots reveal
that a linear model is sufficient for capturing follow-up trends in the four
clinical groups.

8Ogénoothed mean measurement trajectories o%moothed mean measurement trajectories
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Fig. 4 The smoothed mean trajectories for each of the four clinical groups in the markers
from the proposed longitudinal framework: a) Hippocampal volume (HV) and b) Surface
roughness (SR). NC= Normal control; sMCI= Stable Mild cognitive impairment; pMCI=
Progressive Mild cognitive impairment; AD= Alzheimer disease.

From these markers, LME models were built using the FreeSurfer LME
toolbox [25]. Variables considered significant enough to include in the fixed
effects were age, clinical group and scan time. According to the LME model
suggested in Eq.(@), two variables were used for the random effect model.
Therefore, the LME model with fixed and random effects is defined as:

yij = (Bo+ B1-sMCI + By - pMCI + 83 - AD + B4 - age + by;)

+(55+56'SMCI"Fﬂ?'pMCI'FBS'AD—FbSi)tij—f—eij, (9)
where age is the years at baseline and the set of binary variables {sM CI,pMC1I, AD}
represents the flags belonging to the clinical groups; i.e. the value of a flag is
1 if the subject is in the k-group and 0 otherwise.

The statistical analysis of the markers at baseline and their annual atro-
phy rates over the clinical groups and implementations are shown in Table [
The annual atrophy rates were computed using Eq.(). Fig. Bl shows the distri-
butions of these measurements. As the lowess plots for the two hippocampal
markers have already shown, the HV atrophies indicate a loss of volume in



Longitudinal neuroimaging hippocampal markers for diagnosing AD 15

the time, which is accelerated with the progression of the disease. The SR at-
rophies show an increase in the roughness over time, which is also accelerated
with AD progression.

MANCOVA with Bonferroni pairwise comparisons was used for analyzing
the markers with age as covariate. Both markers at baseline (i.e. HVy, SRy)
show a similar discrimination capacity between the four implementations, with
a slight improvement in the LL method compared to the CC approach. Re-
garding the annual atrophy rates of the markers, there is an improvement in
the power of discrimination in the LL method (Agy: F = 84.38, p < 0.001;
Asr: F = 82.56, p < 0.001) with respect to the CC approach and even with
regard to F'S method, especially in relation to the clinical groups of MCI and
AD. We also note that the marker distributions from each clinical group using
our approach show less dispersion than the Freesurfer framework.

A comparison of the trends in the annual atrophy ratios in other publica-
tions can only be given on hippocampal volume. We have no references about
SR atrophies. The Ay distributions by our LL method agree well with previ-
ously published data. Annual rates of volume atrophy vary across studies but
they can be estimated at about 3% — 5% for AD and around 1% for healthy
aging [52]. Wolz et al. [16] reported that healthy aging was characterized by an
annual average atrophy rate of 0.85%, sMCI showed an average annual atro-
phy rate of 1.72%, and pMCI were characterized by an annual average atrophy
rate of 3.23%, which was similar to the 3.85% atrophy rate observed in AD.
Iglesias et al. [19] have published on the ADNI that for control subjects, the
annual average atrophy rate is 1.5%. For sMCI, they reported rate of 2%, and
for late MCI, a rate of 3.5% was reported. In the AD group, the rate ranged
from 3.6% to 4%. The Agy values reported by the LL approach are in line
with the values published by Wolz et al. The F'S approach shows similar trends
in the atrophy values to those published by Iglesias et al.

These accordances confirm: (1) The proposed LL approach follows the work
of Wolz et al. Our proposal also includes a hippocampal segmentation based on
graph cuts and a common CRF model; (2) Iglesias et al. used the FreeSurfer
longitudinal framework to calculate hippocampal atrophy; thus, it was ex-
pected that the F'S results would be similar to those reported by these authors;
and (3) The population sample chosen in this work is representative, as for
identical or similar implementations, the atrophy results among the clinical
groups of the AD study are similar.

4.3.1 Classification

The hippocampal markers were subsequently analyzed using linear discrimi-
nation, which fits a normal density to each group with a pooled estimate of
covariance. The use of a simple, linear classifier ensured that the classification
accuracy was primarily determined by the quality of the input data rather
than by stochastic variations in the classifier.

The classifiers were trained using four features extracted from the markers:
(a) the markers at baseline (HVy and SRp), (b) the annual atrophy rates
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Table 4 Method comparison in terms of HV and SR markers at baseline and their atrophy
rates for the four longitudinal methods (HVy, Ay, SRo, Asgr). Data as represented as mean
and standard deviation (SD). MANCOVA with Bonferroni pairwise comparisons is used for
analysing the markers at baseline and atrophy rates. Statistical significance is considered
with p — value < 0.01. ® Significant compared to NC. ® Significant compared to sMCI. ¢
Significant compared to pMCI. NC= Normal control; sMCI= Stable Mild cognitive impair-
ment; pMCI= Progressive Mild cognitive impairment; AD= Alzheimer disease; HV= Hip-
pocampal volume; SR= Surface roughness; A= Annual atrophy rate in (%); FS=FreeSurfer;
CC=Cross-sectional; LC=Hybrid framework; LL=proposed framework.

| Feature | Method || NC | sMCI | pMCI | AD | P

FS 8992(1212) 7816(1464)° 7244(1342)% 6769(1348)%° 51.48 | < 0.001

HV, cc 7718(593) 7052(843) 6798(819)* 6487(859)%° 42.94 | < 0.001
[mm?] | LC 7804(622) 7116(856)¢ 6847(842)* 6524(863)° 47.00 | < 0.001
LL 7636(615) 6943(855)¢ 6671(835)" 6358(848) " 48.01 | < 0.001

FS -1.01(0.90) -2.44(1.46)® -3.44(2.68)%? -4.64(1.71)*%¢ | 68.91 | < 0.001

Apv cc -0.63(1.11) - 1.20(1.01)* | -1.95(1.30)%* -2.47(0.97)%° 50.48 | < 0.001
(%] LC -0.65(0.67) -1.48(0.88) -2.08(1.33)4? -2.86(1.05)*"¢ | 81.80 | < 0.001
LL -0.86(0.71) -1.62(1.04)” -2.20(1.32)*%? -3.32(1.21)*%¢ | 84.38 | < 0.001

FS 0.624(0.031) | 0.659(0.047)% | 0.677(0.047) 0.698(0.047)%% | 52.66 | < 0.001

SRy cc 0.643(0.019) | 0.665(0.031)® | 0.675(0.032)¢ | 0.689(0.031)*"¢ | 47.18 | < 0.001
LC 0.639(0.020) | 0.639(0.020)® | 0.673(0.033)¢ | 0.687(0.031)*>¢ | 48.06 | < 0.001

LL 0.644(0.020) | 0.667(0.032)® | 0.679(0.033)** | 0.693(0.032)%"° | 49.16 | < 0.001

FS 0.37(0.47) 0.90(0.62) 1.31(1.32)%? 1.62(0.74)%° 39.09 | < 0.001

Asr ccC 0.22(0.54) 0.41(0.43) 0.83(0.56)%° 1.10(0.40)*b>¢ 59.03 | < 0.001
(%] LC 0.19(0.32) 0.54(0.40)° 0.83(0.57)%° 1.11(0.45)%b>¢ 76.37 | < 0.001
LL 0.25(0.32) 0.60(0.43) 0.84(0.56) " 1.28(0.50)%b:¢ 82.56 | < 0.001

(Agy and Aggr), (c) the combination of the two previous features and (d) our
proposal of the average residue between the i-longitudinal trajectory of the
marker and the LME model (see Eq.([), IV and I9F).

Given a feature of a marker, the classifications of paired data were expe-
rienced between the three main clinical groups: NC vs MCI, NC vs AD and
MCI vs AD. Additionally, the discriminating power of the markers between
sMCI vs pMCI patients was also evaluated, simultaneously showing the sepa-
ration capacity between the pMCI subjects with respect to the AD group. The
purpose of the comparison between pMCI vs AD is to show a certain amount
of within-group homogeneity, especially when the pMCI is a high-risk cohort;
that is, these subjects will undergo the onset of AD in the near future [53].

For each comparison between two clinical groups, implementations and
hippocampal features, receiver operating characteristic (ROC) curves were
calculated. The discriminant value of the corresponding ROC curve was esti-
mated using the area under curve (AUC). DeLong’s test was applied to com-
pare AUCs between methods [54]. Additionally, sensitivity (SEN), specificity
(SPE) and accuracy (ACC) scores of the classifiers were also computed [55].

A bootstrapping approach was used to evaluate the classification rate be-
tween pairs of clinical groups: for each group, 75% of the subjects were ran-
domly selected for training. The remaining 25% were then classified according
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Fig. 5 Annual atrophy rate distributions in (%) for each of the four clinical groups in the
markers using the competing methods: a) Hippocampal volume (HV) and b) Hippocampal
surface roughness (SR). NC= Normal control; sMCI= Stable Mild cognitive impairment;
pMCI= Progressive Mild cognitive impairment; AD= Alzheimer disease; FS=FreeSurfer;
CC=Cross-sectional; LC=Hybrid framework; LL=proposed framework; A= Annual atrophy
rate in (%).

to the features used in the training sets. The classification scores and interval
confidences for different groups displayed in the tables are after 5000 runs.

The first experiment evaluated the ability to discriminate between pairs of
clinical groups by means of the four features of the HV and SR markers using
the AUC performance of each implementation. Table Bl summarizes the AUC
for each pair of clinical groups to be compared according to the features of
the markers and the method used. Given an implementation and two groups
to discriminate, in general it can be said that there are no differences between
the classification results using the same feature of HV or SR marker. The
combination of the marker at baseline with the annual atrophy ratio gives
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Table 5 For each comparison between two clinical groups, the performance AUC from each
feature and each implementation (FS,CC,LC,LL). The p-values of paired DeLong’s test are
shown comparing the best feature in AUC respect to the rest of the features. Numbers within
parentheses are the 95% confidence interval. NC= Normal control; MCI= Mild cognitive im-
pairment; AD= Alzheimer disease; HV= Hippocampal volume; SR= Surface roughness; A=
Annual atrophy rate in (%); FS=FreeSurfer; CC=Cross-sectional; LC=Hybrid framework;
LL=proposed framework.

Foature Mothod NC vs MCI p-value NC vs AD p-value MCI vs AD p-value
FS 0.785(0.784, 0.786) < 0.001 | 0.898(0.897, 0.899) < 0.001 0.654(0.652, 0.656) 0.006
HV cc 0.783(0.782, 0.784) 0.013 0.896(0.894, 0.897) < 0.001 0.657(0.655, 0.658) 0.006
0 LC 0.789(0.787, 0.790) 0.023 0.898(0.897, 0.899) < 0.001 | 0.657(0.655, 0.659) 0.005
LL 0.794(0.793, 0.796) 0.064 0.910(0.909, 0.911) < 0.001 | 0.659(0.657, 0.661) 0.005
FS 0.712(0.711, 0.714) < 0.001 | 0.867(0.866, 0.869) < 0.001 0.684(0.683, 0.686) 0.274

N cc 0.656(0.655, 0.658) < 0.001 | 0.795(0.794, 0.797) < 0.001 0.607(0.605, 0.608) < 0.001
HV LC 0.707(0.706, 0.709) < 0.001 | 0.830(0.829, 0.832) < 0.001 0.663(0.661, 0.665) 0.059
LL 0.687(0.686, 0.689) < 0.001 | 0.857(0.856, 0.859) < 0.001 0.703(0.701, 0.705) 0.362
FS 0.811(0.810, 0.812) 0.423 0.932(0.931, 0.933) 0.251 0.701(0.700, 0.703) 0.484

HVe A cc 0.787(0.786, 0.789) 0.021 0.912(0.911, 0.914) 0.008 0.663(0.661, 0.665) < 0.001
0, AHV LC 0.802(0.800, 0.803) 0.353 0.934(0.933, 0.935) 0.274 0.680(0.678, 0.682) 0.057
LL 0.795(0.794, 0.796) 0.049 0.935(0.934, 0.936) 0.303 0.686(0.684, 0.688) 0.267
FS 0.820(0.819, 0.821) T 0.941(0.941, 0.942) 0.700 0.691(0.689, 0.692) 0.201

JHV cc 0.803(0.801, 0.804) 0.182 0.928(0.927, 0.928) 0.008 0.679(0.677, 0.681) 0.057
i LC 0.806(0.805, 0.807) 0.215 0.936(0.935, 0.936) 0.073 0.694(0.692, 0.695) 0.318

LL 0.805(0.804, 0.806) 0.223 0.947(0.946, 0.947) 1 0.720(0.718, 0.722) 1

FS 0.785(0.784, 0.787) < 0.001 | 0.905(0.904, 0.906) < 0.001 | 0.672(0.670, 0.674) 0.038
SR cc 0.776(0.775, 0.778) < 0.001 | 0.896(0.895, 0.898) < 0.001 | 0.670(0.668, 0.672) 0.033
0 LC 0.777(0.776, 0.778) < 0.001 | 0.901(0.900, 0.902) < 0.001 | 0.670(0.668, 0.672) 0.036
LL 0.780(0.779, 0.781) < 0.001 | 0.908(0.907, 0.909) < 0.001 | 0.675(0.673, 0.677) 0.068
FS 0.698(0.697, 0.700) < 0.001 | 0.822(0.820, 0.824) < 0.001 0.655(0.653, 0.657) 0.061
N cc 0.668(0.666, 0.669) < 0.001 | 0.831(0.829, 0.832) < 0.001 0.648(0.646, 0.650) 0.046
SR LC 0.696(0.694, 0.697) < 0.001 | 0.813(0.811,0.815) < 0.001 | 0.651(0.649, 0.653) 0.040
LL 0.687(0.686, 0.689) < 0.001 | 0.841(0.839, 0.842) < 0.001 | 0.672(0.670, 0.674) 0.049
FS 0.804(0.802, 0.805) 0.221 0.923(0.922, 0.924) 0.123 0.696(0.694, 0.698) 0.283

SRa. A cc 0.781(0.780, 0.782) 0.006 0.916(0.914, 0.917) 0.085 0.681(0.679, 0.683) 0.117
0> 2SR LC 0.804(0.803, 0.805) 0.277 0.927(0.926, 0.928) 0.301 0.698(0.696, 0.700) 0.302
LL 0.785(0.784, 0.787) 0.021 0.928(0.927, 0.929) 0.344 0.699(0.697, 0.700) 0.319
FS 0.818(0.817, 0.819) T 0.945(0.944, 0.946) 0.909 0.700(0.699, 0.702) 0.314
/SR cc 0.796(0.794, 0.797) 0.083 0.937(0.936, 0.938) 0.089 0.697(0.695, 0.698) 0.296
i LC 0.799(0.797, 0.800) 0.132 0.942(0.941, 0.943) 0.220 0.701(0.698, 0.703) 0.314

LL 0.799(0.798, 0.800) 0.189 0.946(0.944, 0.947) 1 0.712(0.710, 0.714) 1

better results than classifiers trained with these features independently. This
conclusion is in line with other publications [26]. The best classification results
were obtained when training the classifiers with (71 and 7.

Significant improvements in classification were observed with and
from the longitudinal analysis compared to their features at baseline, i.e. HVj
and SRy, respectively, in any of the clinical groups to be discriminated and
in any of the used implementations. Regarding the implementations, the FS
method generates the highest AUC values in the classification between NC vs
MCI, whereas our LL approach best classifies the groups NC vs AD and MCI
vs AD. The classification results from 177V or [ with the LL implementation
show improvements in the AUC with respect to the CC and LC methods,
which become significant improvements, even when compared with the CC
method trained with the combination of the marker features.

Given the LL implementation, the best AUC values were obtained by train-
ing the classifiers with 7V or [7%. Figure [f] shows a comparison of the ROC
curves using the different features used to classify the patients from the LL
implementation. The worst AUC values were provided when training the clas-
sifiers with annual atrophy ratios, coinciding with other authors [26]. However,
in our LL approach, in the discrimination between MCI vs AD, atrophy mea-
sures improve the classification results compared to the F'S method. As already

HV SR
li li
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indicated, similar AUC values were observed between the HV and SR mark-
ers. However, differences appear when comparing the ROC curves between the
HV and SR markers, indicating that these measurements have complementary
properties. These indications will be confirmed in the following experiment.
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Fig. 6 The four ROC curves from the features of the HV (HVy, Ay, {HVo, Agv}, and
llHV) and SR (SRo, Asgr, {SRo,Asr}, and lfR) markers using the LL method for detecting
diagnosis between clinical groups: NC vs MCI, NC vs MCI and MCI vs AD. HV= Hippocam-
pal volume; SR= Surface roughness; A= Annual atrophy rate in (%); NC= Normal control;
MCI= Mild cognitive impairment; AD= Alzheimer disease; LL=proposed framework.

According to the AUC values reported, the classifiers trained with [7V" or
lfR exhibit the best performance. Thus, the next experiment was to analyze
the SEN, SPE and ACC of the classifiers between pairs of clinical groups
to be discriminated using 7V and [9F. Table [f] summarizes the results of the
classification in pairs of clinical groups for the four implementations using [V
and [T, The training of classifiers with I/7V or I¥% does not produce significant
differences between the four competing implementations in any of the paired
groups to be discriminated. The classifiers trained with (77" are verified to have
greater SEN, while those classifiers trained with [7# offer higher values of SPE.
The FS implementation can better discriminate between sMCI vs pMCI. The
LL approach distinguishes the best between pMCI vs. AD, especially when
trained with [V,

Finally, figure [7 shows the segmentation results of the FreeSurfer longitu-
dinal framework and our 4D approach for one typical patient with scans at the
baseline and a 12-month visit. The subject identification of the ADNT data is:
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Table 6 Results of the classifications between patients with different statuses using
and lZSR in the selected ADNI database by means FreeSurfer v5.3 (FS), and the three
implemented methods (CC, LC and LL). Numbers within parentheses are the 95% con-
fidence interval. NC= Normal control; sMCI= Stable Mild cognitive impairment; pMCI=
Progressive Mild cognitive impairment; AD= Alzheimer disease; SEN= sensitivity; SPE=

specificity; ACC=accuracy; AUC=Area under curve.

HV
li

[ Subjects [ Feature [| Method | SEN (%) ACC (%) AUC
FS 70.4(70.2,70.6) 75.6(75.4,75.8) 72.4(72.2,72.5) 0.820(0.819, 0.821)
v cc 70.0(69.8,70.1) | 76.7(76.5,76.9) | 72.5(72.4,72.7) | 0.803(0.801,0.804)
i LC 71.7(71.5,71.9) | 75.4(75.2,75.6) | 73.1(73.0,73.3) | 0.806(0.805,0.807)
NG & MOT LL 70.9(70.7.71.1) | 75.5(75.3.75.7) | 72.7(72.5.72.8) | 0.805(0.804.0.806)
FS 69.2(69.0,69.4) | 79.0(79.7,80.1) | 73.3(73.2,73.4) | 0.818(0.817, 0.819)
SR cc 66.8(66.6,67.0) | 79.4(79.2,79.6) | 71.6(71.5,71.7) | 0.796(0.794,0.797)
i LC 64.9(64.7,65.1) 80.1(79.9, 80.3) 70.7(70.6,70.8) 0.799(0.797, 0.800)
LL 65.5(65.3,65.7) | 79.1(78.9,79.3) | 70.7(70.6,70.8) | 0.799(0.798,0.800)
FS 86.1(35.0,86.4) | 85.7(85.5,85.0) | 83.5(383.3,83.7) | 0.041(0.041,0.042)
[V cc 82.8(82.6,83.1) | 89.7(89.6,89.9) | 86.9(86.8,87.0) | 0.928(0.927,0.928)
i LC 81.9(81.6,82.1) . 86.4(86.3, 86.6) 0.936(0.935, 0.936)
NG & AD LL 81.5(81.3,81.8) | 90.4(90.2,90.5) | 86.7(86.6,86.9) | 0.947(0.946,0.947)
FS 82.6(32.4,82.0) | 90.7(90.6,00.0) | 87.4(37.3,87.5) | 0.945(0.044, 0.946)
SR cc 84.4(84.2,84.6) | 94.0(93.9,94.1) | 90.1(90.0,90.2) | 0.937(0.936,0.938)
g LC 82.1(81.9,82.3) 94.9(94.8,95.0) 89.7(89.6, 89.8) 0.942(0.941,0.943)
LL 81.3(81.1,81.5) 95.3(95.2,95.4) 89.6(89.4,89.7) 0.946(0.944,0.947)
FS 72.8(72.6,73.1) 59.1(58.9,59.3) 63.2(63.1,63.4) 0.691(0.689, 0.692)
v cc 64.8(64.5,65.1) | 60.0(59.8,60.3) | 61.5(61.3,61.6) | 0.679(0.677,0.681)
; LC 64.7(64.4,65.0) | 64.5(64.3,64.7) | 64.6(64.4,64.7) | 0.694(0.692,0.695)
MOT & AD LL 67.9(67.6,68.2) | 64.8(64.6,65.0) | 65.7(65.6,65.9) | 0.720(0.718,0.722)
FS 67.7(67.4,068.0) | 67.4(67.2,67.6) | 67.5(67.3,67.6) | 0.700(0.699,0.702)
s cc 60.1(59.8,60.4) | 67.6(67.4,67.8) | 65.4(65.2.65.5) | 0.697(0.695,0.698)
i LC 61.6(61.2,61.9) | 68.3(68.1,68.5) | 66.3(66.1,66.4) | 0.701(0.698,0.703)
LL 65.1(64.8,65.4) | 66.9(66.8,67.1) | 66.4(66.3,66.5) | 0.712(0.710,0.713)
FS 65.5(65.3, 65.8) 62.4(62.2,62.5) 0.617(0.615,0.619)
v cc 57.6(57.4, 57.9) 57.3(57.1,57.4) | 0.587(0.585,0.589)
; LC 56.1(55.8, 56.3) 56.1(56.0,56.3) | 0.589(0.586,0.591)
, LL 55.9(55.7, 56.2) 56.2(56.0,56.3) | 0.590(0.588,0.592)
sMCI & pMCI FS 57.8(57.5,58.0) 58.7(58.5,58.8) | 0.615(0.613,0.617)
s cc 51.3(51.0, 51.5) 54.1(53.9,54.3) | 0.589(0.587,0.591)
i LC 53.3(53.0, 53.6) 55.8(55.6,56.0) | 0.591(0.589,0.593)
LL 52.7(52.4, 53.0) 55.4(55.2,55.6) | 0.594(0.592,0.596)
FS 69.1(68.9, 69.4) 61.8(61.7,62.0) | 0.640(0.638,0.642)
[V cc 63.2(62.9, 63.5) 59.8(59.6,59.9) | 0.640(0.638,0.642)
i LC 63.8(63.5,64.1) 58 4(58.2, 58.5) 0.641(0.639, 0.643)
LL 64.2(63.9. 64.5) 62.1(61.9,62.3) | 0.670(0.668,0.672)
pMCI & AD FS 61.9(64.6,05.2) 65.0(64.8,65.1) | 0.651(0.649,0.653)
SR cc 57.2(56.9, 57.5) 61.6(61.4,61.7) | 0.654(0.652,0.656)
i LC 58.1(57.8, 58.4) 62.1(61.9,62.2) | 0.654(0.652,0.656)
LL 59.4(59.1,59.7) 62.0(61.8,62.2) 0.653(0.651, 0.655)

003-S-1057 (MCI). The first row shows the three views and the scans are over-
lapped with the segmentations of the FreeSurfer (FS) and our approach (LL)
at the baseline. The second row shows the results at 12 months. The results
show that the proposed segmentations preserve the shape learned from HarP
atlases and the hippocampal surfaces are smoothed relative to the FreeSurfer
segmentations. As a consequence of these results, the HV and SR markers in
each clinical group, extracted from the proposed hippocampal segmentations,
produce less dispersion than the markers obtained with FreeSufer method (see

table [ and fig. B ).
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Fig. 7 Comparison between FreeSurfer longitudinal framework (FS) and the proposed
method (LL).The first row shows the three views and the scans are overlapped with the
segmentations of the F'S and our approach at the baseline. The ROIs are also illustrated by
dashed line boxes. The second row shows the results at 12 months.

5 Discussion

In this study, we evaluated the impact of using the longitudinal data from MRI
scans for AD study. We compared four pipelines for extracting AD markers in
a longitudinal context. Each method involved different combinations of regis-
tration and segmentation steps. The proposed longitudinal method (LL, lon-
gitudinal registration and segmentation) was compared with a cross-sectional
implementation (CC) and a hybrid approach (LC) that uses the longitudi-
nal registration and independent segmentation of each 3D ROI. This manner
allowed us to analyze how each procedure contributes to improving predic-
tions during the progression of AD. These results were also compared with the
Freesurfer longitudinal framework (FS).

Our hippocampal segmentation algorithm is based on a) use of the HarP
atlases, b) longitudinal registration and ¢) 4D segmentation. The main hy-
pothesis in the simultaneous segmentation is based on the robust estimation
of the probability model in the inner voxels of the hippocampus and an indi-
vidualized estimation in the voxels around the hippocampal surface.

The test-retest experiments with the MIRIAD data demonstrated that the
LL pipeline gave smaller volume errors and significant improvements in the
dice overlap comparison compared with the FS, CC and LC pipelines. The
longitudinal registration consistently aligned all time points of a subject, in-
creasing the test/retest reliability. As the registration was better, the positions
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of the HarP atlases were more consistent across time points, thus reducing one
source of variance in the hippocampal segmentations.

Better reliability can be obtained by reporting the same segmentation
across time points (over-constraining the method). However, this improvement
produces limits the detection of longitudinal changes and group differences.
To overcome this issue, a longitudinal approach should be a trade-off between
noise reduction and over-regularization by keeping the model flexible enough
to capture hippocampal atrophies over time [I9]. The LL implementation also
showed the highest power of discrimination using annual hippocampal atro-
phy rates compared to the other methods. Moreover, the annual hippocampal
volume atrophy rates, i.e. Agy, for the four clinical groups of AD were in the
range of those reported by previous publications. Regarding the classification
of subjects between the paired clinical groups of AD, the LL method showed
the best AUC performance between the NC vs AD, MCI vs AD and pMCI vs
AD groups.

Bernal et al. [25] have performed a longitudinal analysis using T1w MRI for
AD study. In this work, 791 subjects with a follow-up of up to 4 years and with
a total number of 3177 scans were analyzed from the ADNI repository. The
data were processed with the Freesurfer longitudinal framework. The authors
used two markers: a) Mean thickness within the entorhinal cortex and b) HV.
Demographic, clinical and markers data are publicly available and are included
in the LME code distribution.

Since our population sample of study is smaller than the one analyzed by
Bernal et al., we speculate whether our results are consistent when applying the
designed tools of the analysis of the data to the new enlarged population. The
algorithms for the calculation of HV atrophy and the classification between
clinical groups from [V were applied to the Bernal data (see Eq.(d) and
Eq.[@), respectively).

The HV marker was used as a reference to compare the results of the anal-
ysis and classification extracted from the Bernal data and the data used in this
work. Nevertheless, the Bernal data report the HV in the native space of each
scan. Therefore, HV markers were normalized by the intracranial volume of
each subject and rescaled to the MNI152 space. Table [ shows the statistical
analysis of the HV at baseline and their annual hippocampal volume atrophy
over the clinical groups calculated using the Bernal data. The HVy and Agy
distributions among the clinical groups coincide with those obtained with our
population using the FS method. We also found that the annual HV atrophy
discriminates better than the HV marker at baseline, showing significant dif-
ferences between the sMCI vs pMCI and pMCI vs AD groups. This conclusion
was also observed in our population sample (see Table [).

Table [{] shows the classification scores between the clinical groups of AD
applied to the Bernal data using IV as the feature for training the classifiers.
The results of the SEN, SPE, ACC and AUC values among the three main
groups (i.e. NC vs MCI, NC vs AD and MCI vs AD) are almost identical with
those obtained with our population sample using the FS method (see Table[d]).
They show discrepancies in the discrimination between the sMCI vs pMCI and
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Table 7 MANCOVA with Bonferroni pairwise comparisons is used for analysing the HV
marker at baseline and atrophy rates from the Bernal data (HVp, Agy). Data as repre-
sented as mean and standard deviation (SD). Statistical significance is considered with
p — value < 0.01. @ Significant compared to NC. ¥ Significant compared to sMCI. ¢ Signif-
icant compared to pMCIL. NC= Normal control; sMCI= Stable Mild cognitive impairment;
pMCI= Progressive Mild cognitive impairment; AD= Alzheimer disease; HV= Hippocampal
volume; SR= Surface roughness; A= Annual atrophy rate in (%); FS=FreeSurfer.

[ Feature | Method [ NC [ sMCI [ pMCI [ AD [ F [ p I
HVo | FS 8820(1132) | 7883(1300)° | 6965(1119)%" | 6687(1244)>° | 126.19 | < 0.001
Anv | FS -1.28(0.73) | -2.07(0.94)% | -3.51(1.22)%° | -4.26(1.15)%%< | 354.81 | < 0.001

Table 8 Results of the classifications between patients with different statuses using
lZHV as the feature for training the classifiers on Bernal data by means FreeSurfer v5.1
(FS). NC= Normal control; sMCI= Stable Mild cognitive impairment; pMCI= Progressive
Mild cognitive impairment; AD= Alzheimer disease; SEN= sensitivity; SPE= specificity;
ACC=accuracy; AUC=Area under curve.

[ Subjects 1] SEN (%) [ SPE (%) [ ACC (%) [ AUC |
NC & MCI 71.7(71.6,71.8) | 76.2(76.1,76.4) | 73.3 (73.2,73.4) | 0.812(0.811,0.812)
NC & AD 84.5(84.3,84.8) | 84.8(84.6,84.9) | 84.6(84.5,84.7) | 0.928(0.927,0.928)
MCI & AD 69.7(69.5,69.9) | 59.8(59.6,59.9) | 63.0(62.9,63.1) | 0.702(0.701,0.703)
SMCI & pMCI || 68.5(68.4,06.8) | 66.8(66.8,67.0) | 67.5(67.4,67.7) | 0.729(0.728,0.730)
pMCI & AD 64.2(64.0,64.4) | 52.1(51.9,52.3) | 58.5(58.4,58.6) | 0.588(0.587,0.590)

pMCI vs AD groups. While better discernment between the sMCI vs pMCI
groups appears in the Bernal data, this discriminating ability falls substantially
between the pMCI vs AD groups. As already mentioned, the pMCI patient
group is a high-risk cohort in which the subjects will undergo an onset of AD in
the near future. Then, the within-group homogeneity assumption is violated,
which in turns impacts statistical inference. Therefore, since the classification
scores between MCI vs AD in the two databases are similar, the discrimination
discrepancies between sMCI vs pMCI and pMCI vs AD can be explained by
the difficulty associated with diagnosing the pMCI group.

The highest consumption of computational time in our approach occurs
in the longitudinal registration step, which is performed by the FreeSurfer
longitudinal framework.

Regarding the hippocampal segmentation algorithm and with the objective
of calculating unary potentials, the computational complexity is primarily due
to the non-rigid registrations of the selected HarP atlases into the 3D ROI
for each time-point. The task of non-rigid registrations has been parallelized.
The registration of the first 15 HarP atlases in a 3D ROI requires less than 45
seconds (Ng = 15 [28], [Dual CPU] Intel Xeon E5520 @ 2.27 GHz with 24 GB
of RAM). The label fusion method using non-rigid registrations calculates the
unary and pairwise potentials of the CRF model (Eq.(d)), and the labeling is
found by applying the min-cut/max-flow algorithm of [38]. The scripts used in
this study are available at https://www.nitrc.org/projects/longhippsegm/.
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Future work will follow four directions. First, the 4D hippocampal segmen-
tation algorithms will be improved by means of the patch-based label fusion
methods, which can be extended to the longitudinal analysis. In this manner,
PatchMatch [56] will be used in the field of the label fusion methods and will
also be based on a multi-feature framework [57,[35]. Second, our experiments
have shown that the SR marker has similar discrimination power as the HV
marker. The advantage of the SR marker is that it also offers a local analysis of
atrophy on the hippocampal surface. A voxel-based analysis will be performed
to find regions of the hippocampal surface that are the most discriminating
among clinical groups for AD study [20,58,59]. Third, we should evaluate the
utility of longitudinal neuroimaging markers for predicting the conversion from
MCT to AD. A LME model combined with a Cox regression model will be used
to examine the relationship between time-dependent markers and the timing
of the conversion to AD [60)53]. Finally and fourthly, we should investigate
the possibility of analyzing the longitudinal residues of several markers simul-
taneously in order to improve the classification results, as recent publications

have proposed [61[62[63].

6 Conclusions

We proposed a longitudinal method to analyze longitudinal datasets from
brain T1w MRI for AD study. The framework comprises two innovative parts:
a longitudinal segmentation and a longitudinal classification step. The results
showed that both steps of the longitudinal pipeline improved the reliability and
the accuracy of the detection between clinical groups of AD. The contributions
of this work could be summarized as follows: (1) A fast 4D hippocampal seg-
mentation with constraints on atrophy and supported by the HarP atlases has
been presented, showing better reliability in test/retest experiments. These
hippocampal segmentations also improve the differential diagnosis between
NC vs AD, MCI vs AD and pMCI vs AD. (2) The training of the classifiers
using the longitudinal trajectory residue produces better results in terms of
the AUC than the other classical features employed. (3) The quality control
criteria on the longitudinal processing have been expanded when analyzing the
consistency between the scans and hippocampal segmentations of a subject se-
quence. (4) The analysis using MANCOVA of the hippocampal atrophy mark-
ers has shown that the proposed method has a greater discriminatory power
among the clinical groups of AD than the other implementations. (5) For any
of the longitudinal trajectory residues from the longitudinal implementations,
compared to the marker at baseline, the classification results show significant
improvements. (6) Our population sample from the ADNI repository is suf-
ficiently representative of the progression of AD, as our results show similar
trends to those obtained from the Bernal data, which are extended to more
subjects and a longer temporal duration follow-up.
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