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Abstract. Early diagnosis is one of the most important challenges re-
lated to Alzheimer's disease (AD). To address this issue, numerous stud-
ies proposed biomarkers based on anatomical MRI. Among them, patch-
based grading demonstrated state-of-the-art results when applied to T1-
weighted MRI. In this work, we propose to use a similar framework on
di�erent di�usion parameters extracted from DTI. We also propose to
use a fast patch-based search strategy to provide novel biomarkers for the
early detection of AD. We intensively compare our new grading-based
DTI features with basic MRI/DTI biomarkers and evaluate our method
within a cross validation classi�cation framework. Finally, we demon-
strate that the proposed biomarkers obtain competitive results for the
identi�cation of the di�erent stages of AD.

Keywords: Patch-based grading, Alzheimer's disease classi�cation, DTI, DWI,
Mild Cognitive Impairment

1 Introduction

Alzheimer's disease (AD) and its prodromal phase are the most prevalent neu-
rodegenerative disorders for the elderly people. The neurodegeneration caused
by AD leads to an irreversible decline of memory and cognition abilities. One of
the most important challenges is to �nd relevant biomarkers that could help for
early diagnosis and prognosis of AD. Such imaging biomarkers can make easier
the design of clinical trials that would allow faster development of new therapies.

Over the last years, numerous works proposed new imaging biomarkers to
perform early diagnosis of AD. Among them, MRI-based methods showed that
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the atrophy of medial temporal lobes is one of the most predictive biomarker
candidates [1]. The volume of hippocampus (HC) is now considered as an im-
portant biomarker for mild cognitive impairment (MCI), the early stage of AD.
HC-based biomarkers demonstrated state-of-the-art performances in AD clas-
si�cation as shown in several extensive comparisons (e.g., [2, 3]). Recently, ad-
vanced patch-based grading within HC or over the whole brain were explored and
demonstrated competitive performance [4�7]. These studies showed that patch-
based grading methods are able to detect subtle hippocampal alterations several
years before diagnosis [8] and can be useful to perform di�erential diagnosis [9].

Besides anatomical MRI, the use of DTI has been proposed to detect the �rst
signs of microstructure alterations. Microstructural modi�cations are considered
to occur before the atrophy measured by anatomical MRI. Therefore, we assume
that DTI could be used as an earlier biomarker. DTI-based studies showed mod-
i�cations of di�usion parameters in AD patients for structures such as corpus
callosum, fornix, cingulum, hippocampus [10�13]. Moreover, it has been shown
that HC mean di�usivity (MD) increase is related to pathology evolution [14]
and thus could be used as an e�cient biomarker of AD. Recently, more advanced
methods using brain connectivity have been proposed to better capture white
matter alterations [15,16]. These studies showed that brain connectivity is mod-
i�ed in the earliest stages of the pathologies.

Contributions: In this paper, we propose to apply the grading-based frame-
work [4] on the di�erent di�usion parameters extracted from DTI for AD classi-
�cation. To reduce the computational burden, a fast patch-based search strategy
is involved in the proposed method. In this work, we propose to compare the
performances of basic DTI-based hippocampal features (e.g., mean MD) with
hippocampal volume to demonstrate the e�ciency of DTI biomarkers. Next, we
study the performance of the proposed patch-based DTI grading compared to
MRI grading. Finally, we demonstrate the e�ciency of these new biomarkers to
identify the di�erent stages of AD.

2 Materials and Methods

2.1 Dataset

Data used in this work were obtained from the Alzheimer's Disease Neuroimag-
ing Initiative (ADNI) dataset1. ADNI is a North American campaign launched
in 2003 with aims to provide and test MRI, PET, clinical and neurological mea-
sures and other biomarkers. This dataset includes AD patients, MCI subjects
and elderly controls (CN). Table 1 shows the distribution of the data for each
group. The data include 60 CN, 110 MCI composed of 74 early mild cognitive
impairment (eMCI), 36 late mild cognitive impairment (lMCI) and 48 AD.

1 http://adni.loni.ucla.edu
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Table 1. Dataset description

Characteristic / Group CN eMCI lMCI AD

Number of subjects 60 74 36 48
Age (years) 73.3 ± 5.9 72.9 ± 8.0 73.5 ± 6.7 75.2 ± 8.6
Gender (male/female) 31/29 45/29 22/14 28/20

Data acquisition: For all subjects a whole brain MRI scanning and di�usion
weighted imaging (DWI) on 3 Tesla GE Medical Systems scanners at 14 sites
across North America was collected using the same protocol2. The DWI scans
were composed of 46 separate angles, 5 T2-weighted images with no di�usion
sensitization (b0 images) and 41 DWI (b=1000s/mm2). The DWI protocol was
chosen to optimize the signal-to-noise ratio in a �xed scan time [17].

MRI processing: T1-weighted (T1w) images were processed using the vol-
Brain system [18]3. This system is based on an advanced pipeline providing
automatic segmentation of di�erent brain structures from T1w MRI. The pre-
processing is based on: (a) a denoising step with an adaptive non-local mean
�lter [19], (b) an a�ne registration in the MNI space [20], (c) a correction of the
image inhomogeneities [21], and (d) an intensity normalization [22]. Afterwards,
MRI are segmented in the MNI space using non-local patch-based multi-atlas
methods [23]. The obtained hippocampus are segmented with the EADC proto-
col [24] designed for AD studies.

DTI processing: The preprocessing of the DWI images is based on: (a) a
denoising step with a LPCA �lter [25], (b) a correction of the head motion using
an a�ne registration, and (c) an a�ne and a non-rigid registration to the T1w
MRI in the MNI space [20]. Afterwards, a single tensor model [26] is estimated
at each voxel using the Dipy software [27]4. Next, we estimate the fractional
anisotropy (FA), the axial di�usivity (AxD), the radial di�usivity (RD) and the
mean di�usivity (MD) within the hippocampus structure with a mask provided
by the volBrain system. These measures correspond to: the degree of di�usion
anisotropy for the FA, the longitudinal di�usivity along the axonal �bers for the
AxD, the di�usivity orthogonal to the axonal �bers for the RD and the mean
di�usivity level in the three spatial directions for the MD.

2.2 Proposed Method

It is known that AD impacts speci�c brain areas especially the hippocampus.
It has been shown that the hippocampal atrophy estimated on anatomical T1w
MRI can help to classify the di�erent stages of AD. However, a deterioration

2 https://adni.loni.usc.edu/wp-content/uploads/2010/05/ADNI2_GE_3T_22.0_

T2.pdf
3 http://volbrain.upv.es
4 http://nipy.org/dipy/
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of the microstructure should precede this atrophy measured with anatomical
MRI. To capture these early alterations, we propose to apply the Scoring by
Nonlocal Image Patch Estimator (SNIPE) [4] on DTI images. This patch-based
method estimates a map of scores representing a CN/AD likeness that re�ects
the amount of anatomical alterations caused by AD. Previous works showed that
SNIPE provides competitive results when applied on HC [6,8]. In this paper, we
propose for each subject to apply SNIPE on MD, RD, AxD and FA maps as well
as T1w images. To reduce the resulting computational burden, we use the Op-
timized PAtchMatch Label fusion (OPAL) method, which is a fast approximate
of K-nearest neigbhors search strategy designed for large 3D template library.
This approach enables to perform structure grading in few seconds. Therefore,
we can quickly estimate grading maps for FA, MD, AxD and RD and T1w MRI.
Finally, we use the mean scores within HC mask for each grading maps to iden-
tify the di�erent stages of AD.

Fast patch-based grading: Contrary to SNIPE that computes the distance
of all the patches in a neighborhood surrounding the position of the considered
voxel, the used of the OPAL strategy enables to directly obtain the good ap-
proximated candidates. The patch surrounding each voxel is used to estimate
the anatomical pattern similarity between the considered subject i and a train-
ing library of templates � denoted L � composed of CN and AD patients. Once
the set of the closest patches Ki is obtained with OPAL, the estimation of the
grading value g can be computed for each voxel xi as follows:

g(xi) =

∑
xj,t∈Ki

w(xi, xj,t)pt∑
xj,t∈Ki

w(xi, xj,t)
, (1)

where w(xi, xj,t) = e−
d(P (xi),P (xj,t))

2

h2 is the weight assigned to pt in the grading
value estimation. pt corresponds to the pathological status of the template t, the
value −1 is a�ected to an AD patient and 1 to a CN subject. The weight function
w depends on the similarity between the patch P (xi) and P (xj,t) centered on
the voxels xi and xj,t, respectively. This similarity is estimated with a distance
measure d. We use h = minxj,t

d(xi, xj,t) + ε, with ε → 0. For the T1w images,
the distance between two patches is provided by a zero mean normalized sum of
squared di�erences (ZNSSD) de�ned as:

ZNSSD (P (xi) , P (xj,t)) =

∣∣∣∣∣∣∣∣P (xi)− µP (xi)

σP (xi)
−
P (xj,t)− µP (xj,t)

σP (xj,t)

∣∣∣∣∣∣∣∣2
2

, (2)

where µ and σ are the mean and the unbiased standard deviation of the consid-
ered patch, respectively. The advantage of the ZNSSD is to compute a robust
inter-patches distance while addressing the local inhomogeneities problem. Con-
trary to anatomical MRI, DTI is a quantitative imaging. To preserve the quan-
titative information provided by each di�usion map we use the sum of squared
di�erences (SSD) de�ned as:

SSD (P (xi) , P (xj,t)) = ||P (xi)− P (xj,t)||22 , (3)
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Features extraction: Mean value of each DTI map is measured within the
hippocampus masks provided by the volBrain system in the MNI space. The
hippocampus masks are used to compute the average grading values. Since the
features are correlated with age, we performed a correction as done in [28].

Validation framework: The classi�cation process is performed in a leave-one-
out cross validation procedure. A linear discriminant analysis (LDA) is used to
classify each test subjects. The results of each experiment are compared in terms
of area under curve (AUC) and accuracy (ACC). The AUC is estimated with
the a posteriori probabilities provided by the LDA. We carried out several ex-
periments: CN vs. AD, CN vs. MCI, AD vs. MCI and eMCI vs. lMCI.

Parameter settings: The grading method is computed with a training library
of 80 subjects composed of 40 AD and 40 CN templates. For each voxel that
belongs to the HC area 100 patches are extracted from the training templates.
The patch size is set to 5×5×5 voxels.

Fig. 1. From top to bottom: HC mask on the T1w images, T1w MRI grading and MD
grading. For grading images blue and red colors correspond to the AD and the CN
similarity, respectively.
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Table 2. Comparison of the considered biomarkers. Underlined results correspond to
the individual basic or grading based features. Bold-faced values correspond to the best
ACC over all the features. The results of each column correspond to the AUC / ACC
in percentage.

Features CN vs. AD CN vs. MCI AD vs. MCI eMCI vs. lMCI

Volume 88.4 / 83.1 69.5 / 63.9 71.1 / 67.2 67.2 / 63.7

Mean FA 64.2 / 59.2 57.7 / 56.1 54.0 / 52.7 38.2 / 43.1
Mean MD 85.7 / 80.3 66.0 / 62.6 75.0 / 72.5 67.6 / 62.8

Mean AxD 83.5 / 81.4 63.5 / 58.0 74.3 / 70.2 68.9 / 66.8

Mean RD 86.2 / 79.2 66.5 / 62.3 74.8 / 70.5 66.0 / 61.5

T1 Grading 93.4 / 87.8 71.3 / 64.1 82.0 / 73.4 68.7 / 66.2

FA Grading 85.0 / 80.1 63.5 / 60.1 74.9 / 70.3 63.0 / 60.7
MD Grading 90.6 / 86.5 68.8 / 60.7 80.4 / 76.3 70.4 / 65.8
AxD Grading 91.1 / 85.8 68.7 / 59.6 80.2 / 73.1 71.8 / 67.6

RD Grading 90.3 / 85.1 68.9 / 61.0 80.0 / 76.5 69.3 / 65.4

3 Results

Figure 1 shows the hippocampus segmentation, the T1 and MD grading maps
for the considered groups. For the grading images, the blue and the red colors
correspond to the AD and the CN similarity, respectively. As shown in Figure 1,
grading values decrease in accordance to the di�erent stages of AD and quantify
impacts of the disease in each voxel. The T1w and MD grading maps show that
for the CN subject, almost all the voxels are estimated as healthy while for the
AD patient the majority of the voxels are detected to be impacted by AD. The
results of the comparisons between basic biomarkers are summarized at the top
of Table 2. HC volume provides the best accuracy for comparisons of CN vs.
AD and CN vs. MCI with an ACC of 83.1% and 63.9%, an AUC of 88.4% and
69.5%, respectively. The DTI-based features provide best results for AD vs. MCI
and eMCI vs. lMCI. For AD vs. MCI the mean MD provides 72.5% of ACC and
75% of AUC. For eMCI vs. lMCI the mean AxD provides 66.8% of ACC and
68.9% of AUC.

The lower part of Table 2 shows the results of the biomarkers based on
grading. The grading-based biomarkers provide better results than the basic ones
for all comparisons. The best result for the CN vs. AD is obtained by the T1w
grading with 87.8% of ACC and 93.4% of AUC. The grading of this modality
also provides the best results for the CN vs. MCI with an ACC of 64.1% and
an AUC of 71.3%. The DTI-based grading features provide best ACC for AD
vs. MCI and eMCI vs. lMCI. For AD vs. MCI the RD grading provides 76.5%
of ACC and 80% of AUC. For eMCI vs. lMCI the MD grading provides 67.6%
of ACC and 71.8% of AUC. It is interesting to note that results obtained with
basic and grading-based features are in line. In fact, T1w-based features provide
better results for AD vs. CN and CN vs. MCI while DTI-based features obtain
better results for AD vs. MCI and eMCI vs. lMCI. These results demonstrate the
interest of DTI-based features to analyze AD evolution along eMCI, lMCI and
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AD stages. Recently, an advanced method based on brain connectivity has been
evaluated on a similar dataset [16]. This approach obtained 78.5% of ACC for
the CN vs. AD while MD grading obtains 86.5%. In addition, for the eMCI vs.
lMCI, [16] obtained 63.4% while AxD grading obtains 67.6%. This demonstrates
the competitive performance of the proposed DTI-based grading biomarkers.

4 Conclusion

In this work, we proposed a novel patch-based grading framework on di�er-
ent di�usion parameters extracted from DTI. The proposed method enables a
fast feature extraction by using an optimized patch-based search strategy. We
compare our new biomarkers with state-of-the-art MRI biomarkers and demon-
strated that DTI grading provides e�cient features for AD detection. Finally, we
obtained competitive results to identify the di�erent stages of AD. In a further
work, we will study the complementarity of the grading based on T1w and DTI.
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