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Summary

Objective: Nowadays, it is of great interest to identify neuroimaging biomarkers for the early
detection of Alzheimer's disease (AD). It is considered that approximately half of patients
with a diagnosis of mild cognitive impairment (MCI) eventually develop Alzheimer's disease,
and the other half remain stable. In this context, a novel convolutional neural network (CNN)
based on voxel-based morphometric analysis is proposed to predict the prognosis of patients
with MCI using their baseline structural magnetic resonance (MR) images.

Methods: Two groups of patients were identified among 305 patients with a diagnosis of
MCI, those who developed Alzheimer’s disease during their follow-up (n=140), and those
who remained stable in the MCI state (n=165). The baseline structural MR images of the
patients were used for training and evaluating the proposed prediction model. Voxel-based
morphometry generated from the baseline structural MR images was used to obtain
significant volume of interests (VOIs) related with gray matter damage. Then, a convolutional
neural network was trained to extract prognostic features from MR images using a set of
convolutional feature detectors acquired by the training of a patch-based autoencoder.
Results: This work achieved an accuracy of 78.7%, slightly superior (more than 4%) to a
reference study, for predicting the risk of developing Alzheimer's disease for patients with
MCIL.

Conclusion: The results of this study show that the use of a convolutional neural network
using significant topographic regions of the brain is successful in predicting the risk of
developing Alzheimer’s disease for patients with MCI.

Key words: Convolutional Neural Network, Alzheimer’s disease, Voxel-based Morphometry,
Pooling

* Data used in preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database (adni.loni.usc.edu). As such, the investigators within the ADNI contributed to the design and
implementation of ADNI and/or provided data but did not participate in analysis or writing of this report. A
complete  listing of ADNI investigators can be found at: http://adni.loni.usc.edu/wp-
content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
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Voksel-tabanli morfometri analizine dayanan yenilik¢i yaklasimh Evrisimsel Sinir
Aglari ile HBB evresinde prognozun tahmin edilmesi
Ozet

Amag: Gilinlimiizde, Alzheimer hastaliginin erken teshisi igin ndrogoriintilemeye dayali
biyobelirte¢ tanimlama ve bilgisayar destekli teshis gelistirme biyiik ilgi goren
caligmalardandir. Hafif biligsel bozukluk (HBB) tanist almis hastalarin yaklasik yarisinda
Alzheimer hastalig1 gelistigi kabul edilmektedir. Bu kisilerin diger yaris1 ise HBB tanisi ile
normal yasam siirelerini tamamlamaktadirlar. Bu ¢aligmada, klinige ilk bagvurularinda HBB
tanist almis olan hastalarin yapisal manyetik rezonans (MR) goriintiilerine dayanarak, ileride
Alzheimer hastalig1 gelistirme ihtimalini 6ngdren, yenilik¢i yaklasimli bir evrigimsel sinir
aglar1 yontemi Onerilmistir.

Yontemler: Onerilen ngérii sistemini egitmek ve tahmin dogrulugunu Sl¢iimlemek igin,
HBB tanis1 almis olup Alzheimer hastalig1 gelistirdigi bilinen doniisiim hasta grubu ile HBB
stabil hasta grubuna ait ilk yapisal MR gériintiileri kullamldi. Oncelikle bu gériintiilerden,
istatistiksel parametrik haritalama (SPM: statistical parametric mapping) yazilimi kullanilarak
gri madde doku yogunluk haritalart olusturuldu. Voksel-tabanli morfometrik analiz yontemi
ile stabil hasta grubuna gore doniisiim hasta grubunda istatistiksel olarak anlamli miktarda gri
madde dokusunda azalma gozlemlenen ilgi alanlar1 belirlendi. Yenilik¢i bir yaklagim ile
evrisimsel sinir aglart modelinin ortaklama katmaninda belirlenen ilgi alanlar1 kullanilarak,
her bir hasta i¢in bir 6znitelik vektorii olusturuldu. Elde edilen 6znitelik vektoriiniin prognozu
tahmin etmedeki basaris1t makine 6grenme yontemleri ile test edilerek sonuglar karsilastirildi.
Sonuclar: Bu ¢calismada, HBB evresindeki hastalarda ileride AD gelistirme ihtimalini tahmin
etmeye yonelik %78.7’lik bir dogruluk orami elde edilmistir ve literatiirdeki referans
calismadan %4 daha fazladir.

Sonug¢: Bu c¢alisma, beynin topografik dagilimi dikkate alinarak olusturulan evrisimsel sinir
aglart modelinin, AD gelistirme ihtimali 6ngoriisiinde basarili oldugunu gostermistir.

Anahtar Kelimeler: Evrisimsel Sinir Aglari, Alzheimer’s hastaligi, Voksel-tabanl
Morfometri, Alt-Ornekleme.

INTRODUCTION Flu.ring their Whole lifet'ime (3). Therefore,

it is of great interest to identify biomarkers
Alzheimer’s disease (AD) is an irreversible for patients with MCI that indicate the risk
neurodegenerative disorder that accounts of developing AD. Nowadays’ there are
for up to 75% of all dementia cases (1). still no precise biomarkers available to
Dementia refers to a set of symptoms indicate this kind of risk (4).

characterized by a loss in cognitive
abilities that are severe enough to disrupt a
normal daily life (2). Mild cognitive
impairment (MCI) is considered as a
potential prodromal stage of Alzheimer's
disease, defined by a set of clinical
symptoms related with cognitive abilities
as in dementia, but not severe enough to
affect daily life. It is known that patients
with MCI have a higher risk of progressing
to AD than patients without it, even though
some patients with MCI remain stable

Neuroimaging is an essential part of the
clinical routine in the diagnosis and
monitoring of the progress of AD. Many
recent neuroimaging studies on AD
encourage the use of various neuroimaging
modalities for achieving a differential
diagnosis  of  dementias.  Structural
magnetic resonance imaging (MRI),
functional MRI, perfusion computerized
tomography (CT), and positron emission
tomography (PET) are the most promising
neuroimaging modalities that provide
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biomarkers for the early detection of AD,
such as neuroanatomic atrophy, a
metabolite profile of the cerebrospinal
fluid (CSF), and anisotropy (5-9). Recent
MRI studies demonstrated the greater
presence of hippocampal atrophy in
patients with AD compared with healthy
control or patients with MCI (10). The
CSF levels of amyloid-beta peptide, total
tau and 181-Thr-phosphorylated-tau serve
as potential diagnostic biomarkers for
distinguishing patients with Alzheimer's
disease from cognitively normal elderly
controls (NO). Furthermore, the
combination of amyloid-beta peptide level
with the ratio of amyloid-beta peptide level
to 181-Thr-phosphorylated-tau level is a
promising  prognostic  biomarker for
predicting the progression to Alzheimer's
disease in two years (11). Additionally, a
decrease in the fractional anisotropy is one
of the earliest abnormalities observed in
the MRIs of cognitively normal patients at
risk of developing Alzheimer’s disease
(12).

Several computer-aided diagnosis (CAD)
models based on neuroimaging have been
proposed in the literature with different
diagnostic and prognostic goals for
Alzheimer’s disease. These models are
differentiating AD from MCI, AD from
NC, and AD from frontotemporal lobar
degeneration (FTLD) (13-18). Other
models differentiate MCI from NC or
identify patients with MCI at risk of
developing AD (13,14,17,22-25). In this
context, the goal of this study was to build
a CAD model for patients with MCI to
predict the risk of developing AD.

The development of a CAD system
comprises two important stages: feature
extraction and classification. The feature
extraction  stage  provides  useful
information derived from medical images.
Then, the extracted features are used in the
classification process in order to perform
the diagnosis. Based on this approach,
some studies proposed the use of voxel
intensities of the whole brain. In these

54

studies, MR images were taken as features
for the classification procedure (19-21,26).
The diagnostic power of the mean cortical
thickness of brain regions was assessed
and recommended as a biomarker for the
early diagnosis of Alzheimer's disease
(27,28). The volume of specific brain

regions  (e.g.  hippocampus, lobes,
ventricles) was used to represent MR
images as a feature set (17,29-31).

Gerardin et al. proposed using features of
the shape of the hippocampus as a feature
set for CAD systems (32). Furthermore,
the use of voxel-intensities of tissue
density maps was another feature type in
this area (25,33,34).

Taking the whole MRI data results in a
feature space that it is hard to work
because it is huge. For this reason, several
methods were proposed for reducing the
dimensions of the feature space in order to
avoid “the curse of dimensionality”. Some

studies performed tissue segmentation
(with  or without atlas-based image
labeling) in their feature extraction

process. For example, the gray matter
tissue volume for each brain region based
on the atlas of Kabani et al. was used as a
feature set by Suk et al. (14,35) The
FastICA method was used to convert
segmented gray matter and white matter
images into a reduced feature space(22).
Instead of using predefined VOI-based
methods (like atlas-based labeling), a
STructural Abnormality iNDex (STAND)-
score was proposed to select a subset of
AD-specific voxels for dimensionality
reduction of tissue maps (21). In another
study, a special index (SPARE-AD) was
proposed for selecting a set of voxels as
features for classifiers (36). In this context
of dimensionality reduction, the current
study used a convolutional neural network
to deal with the high dimensionality of MR
images. Moreover, two additional methods
were applied for comparison with the
proposed model in order to further evaluate
this approach: one taking in account the
whole gray matter data and another using
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principal component analysis for reducing
the gray matter data.

MATERIAL AND METHODS
e Subjects

Data used in the preparation of this article
were obtained from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI)
database (adni.loni.usc.edu). The ADNI
was launched in 2003 as a public-private
partnership, led by Principal Investigator
Michael W. Weiner, MD. The primary
goal of ADNI has been to test whether
serial magnetic resonance imaging (MRI),
positron emission tomography (PET), other
biological markers, and clinical and
neuropsychological assessment can be
combined to measure the progression of
mild cognitive impairment (MCI) and early
Alzheimer’s disease (AD).

A total of 305 patients with a baseline
diagnosis of MCI were taken as the
subjects of this study, whose written
informed consents were obtained by ADNI
before acquiring MR scan data. The
subjects were separated into two groups:
those who developed Alzheimer’s disease
during their follow-up (n=140) and those
who remained stable in the MCI state
(n=165). In this study, the above groups
were named as converted-MCI (C-MCI)
and  non-Converted-MCI  (NC-MCI),
respectively. Among the 140 C-MCI group
subjects, 26 were diagnosed as having AD
six months after the baseline assessment,
38 after 12 months, 11 after 18 months, 39
after 24 months, 18 after 36 months, five
after 48 months, one after 72 months, and
two after 96 months. The baseline
structural MR 1images of those patients
were used for training and evaluating the
proposed prediction model. This study
used the baseline MRI of the patients in the
format of preprocessed forms of TI-
weighted MR images (3 Tesla) acquired
with a magnetization-prepared rapid
acquisition gradient echo (MP-RAGE)
sequence, with data access permission
from ADNI. ADNI provides preprocessed
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images that have undergone specific image
preprocessing correction steps such as
Gradwarp, Bl correction, and N3
specification in order to reduce the risk of
scanner bias and the effect of heterogeneity
of protocols (37).

e Methods

In this study, a single-layer convolutional
neural network with a novel pooling
approach was developed to predict whether
a particular patient with MCI would
develop Alzheimer's disease. The baseline
structural MR images of the subjects were
used for training and evaluating the
proposed prediction model. At first, a
voxel-based morphometric analysis of
regional gray matter differences between
two groups of patients was used to obtain
the significant VOIs related with gray
matter damage. Then, an autoencoder was
trained using patches sampled from the
previously extracted VOIs to generate
feature detectors (also known as “filters™).
Finally, a convolutional neural network
model was constructed using the acquired
feature detectors to extract prognostic
features.

Voxel-based morphometric analysis

Voxel-based morphometry (VBM) is a
statistical method used in neuroimaging
analysis to investigate brain tissue
abnormalities(38). The normalization and
segmentation steps of VBM were
performed using the “VBMS&” extension of
the SPMS toolbox in Matlab 2010a (The
MathWorks, Inc., Natick, Massachusetts,
USA) to acquire gray matter (GM), white
matter (WM), and cerebrospinal fluid
(CSF) tissue probability maps of the
aligned structural images. The spatially
normalized and modulated GM tissue
probability maps were smoothed with a
Full-Width Half-Maximum (FWHM) of 8
mm using SPMS.

By using the GM tissue probability maps
(GM-TPM), a t-map was built by
performing a voxel-wise two-sample t-test
with a one-sided alternative hypothesis
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stating that GM concentration of C-MCI
was smaller than NC-MCI. The selection
of the significance level value for a
statistical test has repercussions for type-I
and type-II errors (39). Type-I errors occur
when a high value significance is selected,
which leads to a low t-value threshold thus
including more voxels and increasing by
consequence the false positive rate. Type-
II errors occur when a low value of
significant level (a) is chosen, which
results in a high t-value threshold that
excludes more voxels and increases by
consequence the false negative rate.

After a series of experiments, the statistical
significance level (a) corrected with the
family-wise error (FWE) was selected as
0.005 with an extent threshold of 200
voxels. This analysis, which aimed to
define the number of VOIs and indicate a
significant GM difference, gave a result of
five VOIs of GM tissue. Finally, VOI
statistics and regional labeling were
performed using WFU Pickatlas (40).

Generation of feature detectors

In this study, a convolutional neural
network (CNN) configuration was used in
an effort to reduce the dimensionality
problem caused by the large number of
voxels. The feature detectors of the CNN
were defined with the help of an
autoencoder. An autoencoder is a neural
network trained by a back-propagation
algorithm with the aim of producing an
output equal to the input. Therefore, it
requires that the output and the input have
the same number of nodes. In general, the
number of hidden layers can be greater or
smaller than the input values. In our case,
in order to reduce the data dimensions, a
smaller number of hidden layers compared
with the input values was selected. Thus,
they are considered as the latent
representation of the original data. Figure 1
shows an illustration of an autoencoder
with four input units and two hidden units
in one hidden layer. The weights wj; where
i= [1..4] of the first hidden unit h; are
marked with red. In this example the
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weights of the hidden layer form a matrix
W of size 2x2, where k=[1.2]. This matrix
corresponds to a convolutional filter.

In this work, 1000 patches of size 11x11
were sampled for each of the GM tissue
probability maps within the region
determined by VBM analysis to train an
auto-encoder with 10 hidden units in the
hidden layer. The number of hidden units
was determined after a series of extensive
tests implying different numbers of hidden
units based on the best success rate of the
system. The autoencoder was trained
according to the vectorized representations
of the patches with a linearly decreasing
learning rate going from 0.9 to 0.25, a
stable learning scale of 0.9, a momentum
of 0.2, and L2-weight regularization
penalty of 0.0001 over a total of 20 epochs.

Generation of prognostic features

A convolutional Neural Network is a type
of feed-forward neural network, which is
composed of a number of convolutional
and subsampling layers. CNN 1is an
unsupervised feature learning method and
optionally followed by a supervised
classifier. In the convolutional layer, a set
of features maps is generated by
convolving the input with each of the
feature detectors separately, which results
in a number of feature maps equal to the
number of feature detectors. Then, a
subsampling procedure is applied to the
feature maps resulting in feature vectors.
Figure 2 shows a convolutional neural
network configuration using an
autoencoder for the generation of feature
detectors.

A single-layer convolutional neural
network was trained on the GM tissue
probability maps to extract the prognostic
features from the baseline MRIs of patients
with MCI. In the convolutional layer of the
CNN, a set of feature maps was generated
by convolving each filter with every GM-
TPM with a proper sigmoid activation
function. We proposed a novel pooling
approach based on VBM for the
subsampling layer, where the resulted
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VOIs of the VBM analysis were
considered as the pooling volumes of
interest (VOI). Finally, the means of the
five areas of the features maps generated
feature  vectors derived from the
corresponding feature maps. In total, from
10 feature maps, one generic feature vector
occurred with a size of 50 elements and
served as an input for a supervised
classifier; this is detailed in the next
section. Figure 3 illustrates the CNN model
with the proposed pooling approach.

Evaluation of the acquired prognostic
values

A support vector machine classifier (SVM)
with a polynomial kernel, a support vector
machine classifier with a linear kernel, and
a logistic regression classifier were trained
on the acquired feature vectors using
WEKA software (41). Then, the predictive
performances of the models were evaluated
in terms of sensitivity, specificity, and
accuracy using a ten-fold cross-validation
procedure, and by testing different
numbers of feature detectors and VOlIs
(42). We defined the sensitivity as the ratio

of the correctly identified patients with
MCI who eventually developed AD (TP:
true positives) to the total number of C-
MCI group patients, and the specificity as
the ratio of the correctly identified patients
with MCI who remained stable (TN: true
negative) to the total number of NC-MCI
group patients. Similarly, we defined the
accuracy as the ratio of the sum of TP and
TN to the total number of patients.

STATISTICAL ANALYSIS

The statistical analysis was performed
using MATLAB (MATLAB and Statistics
Toolbox Release 7.3, The MathWorks,
Inc., Natick, Massachusetts, USA). The
demographic and clinical information of
the C-MCI and NC-MCI groups were
analyzed using descriptive statistical
methods.  Continuous  variables  are
presented as mean, standard deviation, and
range, whereas categorical variables are
shown as numbers. The Mann-Whitney U
test and Pearson y2 test were used to
compare the two groups with a
significance level of 0.1%.

input
layer

hidden
layer

output
layer

Figure 1. An autoencoder with four input units (X;, X2, Xs, X4) @and two hidden units (hy, hy).
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Figure 3. A convolutional neural network with the proposed voxel-based morphometry-based pooling approach.

RESULTS

In this section, we present the results of the
statistical analysis and the performance of
the supervised classifier in terms of
sensitivity, specificity, and accuracy. The
demographic profiles of the two groups at
baseline were statistically analyzed for
significance in terms of sex, age,
education, and the Mini Mental State
Examination (MMSE) using statistical
methods explained in the statistical
analysis section and presented in Table 1.
The statistical analysis showed that the two
groups did not differ significantly with
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regards sex, age, and education (p>0.001).
On the other hand, the MMSE scores of
patients with NC-MCI were significantly
higher than in patients with C-MCI
(p<0.001).

Figure 4 shows the 3T structural MR
image acquired in the baseline examination
of a woman aged 65 years with MCI who
subsequently progressed to AD 12 months
after the baseline examination. Figure 4a
shows the 3T Tl-weighted bias-corrected
MR scan (170 sagittal slices, slice
thickness=1.2 mm, repetition time
(TR)/echo time (TE)= 6.8/3.15 ms, flip
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angle (FA) = 8.0°, matrix 256x256,
magnetization-prepared rapid acquisition
gradient echo (MP-RAGE) sequence) as
acquired from the ADNI dataset.
Additionally, the smoothed image with
FWHM of 8 mm of the GM-TPM is shown
in Figure 4b, which was acquired after
applying the VBM methods as described in
the voxel-based morphometric analysis
section.

Figure S5a shows the t-map GM lower
concentration differences observed
between the C-MCI and NC-MCI groups.
Figure 5b presents the same t-map
superimposed on the Individual Brain
Atlases wusing the SPM 116 atlas
(IBASPM-116) of WFU Pickatlas
software. Significantly reduced GM in
patients with MCI who progressed to AD
were determined with a threshold t-value
(T=5.08) with a FWE-corrected p-value of
0.005. After the t-map statistics analysis,
five significant VOIs were defined
according to the VBM analysis. As an
extra test, the same procedure was repeated
at a FWE-corrected significance level of
0.001, which resulted in seven VOlIs, in
order to test if a better success rate could
be obtained with seven VOlIs instead of 5.

The statistical results of the five and seven
VOIs are given in Table 2 and Table 3,
respectively. The statistics of the VOIs are
presented in terms of the size of VOlIs,
which is defined as the number of included
voxels. The t-statistics of the VOIs are
expressed as mean + standard deviation of
t-values of their voxels, the maximum t-
value observed within the VOI, and the
corresponding labeling of the brain region
based on the IBASPM-116 atlas. The right
superior temporal gyrus, left amygdala,
and the right hippocampus were the
common pick points among both sets of
the VOlIs.

Figure 6 shows a few patches sampled
from the GM-TPMs of the patients. The
size of the patches was set to 11x11 and
sampled from the significant brain atrophy
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regions determined by the VBM analysis.
These patches were used to train the
autoencoder for acquiring feature detectors
as explained in the generation of feature
detectors section.

As described in the generation of
prognostic features section, 10 feature
detectors Wy were generated and used for
the extraction of feature vectors. These
feature detectors are shown in Figure 7,
where each image corresponds to a feature
detector.

Figure 8 presents the 41" axial slice of the
GM-TPM of a patient with C-MCI (a), a
patient with NC-MCI (¢), and the effect of
the sigmoid activation functions (b, d) for
these slices, respectively. The images, also
known as feature maps, shown in Figure
8(b) and Figure 8(d) are images that the
proposed pooling method used in order to
acquire prognostic features.

Table 4 presents the classification
performances of the prognostic features
using the following classifiers: SVM with
polynomial kernel, SVM with linear kernel
and logistic regression. The diagnostic
predictability resulted an accuracy between
73.1%-78.7% for all classification models.
The best performance was achieved with a
configuration of 10 feature detectors and
five VOIs (pFWE=0-005)~

In order to have a better evaluation of the
proposed method, we compared our results
with two other conventional methods: one
taking the whole number of voxels of the
five VOIs issued from VBM analysis and
applying a classification based on a SVM
classifier, and another one that takes the
same data but performs an additional step
by carrying out a dimensional reduction
using principal component analysis (PCA),
before applying the same classification.
These results were compared with the
results of the proposed solution as
presented in Table 5, and showed that the
proposed solution performed better.
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Table 1. Demographic and clinical characteristics of the groups.

NC-MCI C-MCI
Statistics
(n=165) (n=140)
Gender
75 (45.5 %) /90 (54.5 %) 54 (38.6 %) /86 (61.4 %) ¥°=1.4702; p=0.2253
(female/male)
Age
70.89+7.26; [56-89] 73.12+7.26; [55-87] p=0.003
(years)
Education
16.42+2.55; [11-20] 15.91+2.81; [6-20] p=0.134
(years)
MMSE
29.02+0.80; [28-30] 27.06+1.84; [23-30] p<0.001
(score)

NC-MCI: non-converted mild cognitive impairment group, C-MCI: converted mild cognitive impairment group,
MMSE: Mini-Mental State Examination.

Categorical variable (sex) is given as the number and percentage of female and male population in
corresponding groups. Pearson's Chi-square test statistic( ;(2) and yielded p-value with a degree-of-freedom of
one is shown.

Continuous variables (age, education and MMSE) are expressed as mean * standard deviation; [min-max].
The two-tailed Mann-Whitney U test yielded p values for corresponding continuous variables.

A p-value smaller than the critical alpha level of 0.01 indicates significant difference between two groups in
terms of corresponding variable.

(a) (b)

Figure 4. 3T structural baseline magnetic resonance imaging data of a woman aged 65 years with mild cognitive
impairment patient who subsequently progressed to Alzheimer’s disease. (a) Original scan (b) Acquired gray
matter tissue probability map.
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Figure 5. Volume-of-interests with significantly decreased gray matter tissue in converted group (a), and
superimposed on the Individual Brain Atlases using the SPM 116 (b) the color map shows the t-value of the
voxels range from red (p=0.5) to white (p=0). The threshold t-value (p<0.005 with the family-wise error-
corrected) is 5.08.

Table 2. Statistics of the five volume-of-interests related with gray matter damage (prwe=0.005).

# Voxels t-value maximum t-value Labeling based on IBASPM-116 atlas
1 3713 5.82+0.57 7.64 Right superior temporal gyrus

2 3109 6.45+0.87 8.39 Left amygdala

3 2921 6.04+0.75 8.85 Right hippocampus

4 2744 5.86+0.59 7.58 Left superior temporal gyrus

5 302 5.55+0.34 6.40 Left supramarginalgyrus

IBASPM: Individual Brain Atlases using SPM, FWE: family wise error.

The five numbers of volume-of-interests related with significant gray matter atrophy observed in the
convertgroup than the stablegroup are presented with the size in number of voxels, the t-statistics expressed
as mean * standard deviation of t-values of the voxels, the maximum t-value observed within the volume-of-
interests and corresponding labeling of the dominating brain region based on the Individual Brain Atlases
using SPM (IBASPM-116) atlas.
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Table 3. Statistics of the seven volume-of-interests related with cerebral gray matter damage

(Prwe=0.001).

# Voxels t-value maximum t-value Labeling based on IBASPM-116 atlas
1 2628 6.67+0.77 8.39 Left amygdala

2 2114 6.32+0.69 8.85 Right superior temporal gyrus

3 2050 6.16+0.50 7.64 Right hippocampus

4 1762 6.16+0.53 7.58 Left middle temporal gyrus

5 245 5.90+0.33 6.71 Left angular

6 153 5.82+0.26 6.40 Right inferior temporal gyrus

7 110 5.63+0.12 5.87 Right superior temporal gyrus

IBASPM: Individual Brain Atlases using SPM, FWE: family wise error.

The seven numbers of volume-of-interests related with significant gray matter atrophy observed in the convert
group and the stable group are presented with the size in number of voxels, the t-statistics expressed as
mean * standard deviation of t-values of the voxels, the maximum t-value observed within the volume-of-
interest and corresponding labeling of the dominating brain region based on the Individual Brain Atlases using
SPM (IBASPM-116) atlas.

Table 4. The prognostic power of the feature vectors.

Accuracy (%) Sensitivity (%) Specificity (%)
Num of Num of
D VOls P SL LR SP SL LR SP SL LR
10 5 78.7 73.1 76.1 80.6 77.6 78.8 76.4 67.9 72.9
10 7 75.7 70.2 74.1 80.6 78.2 72.1 70.0 60.7 75.8
25 5 76.7 73.8 74.8 78.8 75.8 75.8 74.3 71.4 73.6
25 7 73.8 73.8 65.6 78.2 76.4 66.1 68.6 70.7 65.0
50 5 76.1 77.4 74.4 77.6 78.8 76.4 74.3 75.7 72.1
50 7 73.4 73.4 74.1 75.8 77.0 77.0 70.7 69.3 70.7

SP: Support Vector Machine with Polynomial Kernel, SL: Support Vector Machine with Linear
Kernel, LR: Logistic Regression, FD: Feature Detector
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Figure 6. Some of the patches sampled from the gray matter tissue probability maps of the patients.
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Figure 7. Feature detectors generated with the help of an autoencoder.
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(d)

Figure 8. The 45th axial slice of the gray matter tissue probability maps of a converted patient (a) and a stable
patient (c). Their corresponding sigmoid activation images based on the fourth base are shown in (b) and (d),
respectively.

Table 5. Performance comparison between the proposed solution and two additional classification
methods.

Accuracy (%) Sensitivity (%) Specificity (%)

Models SP SL LR SP SL LR SP SL LR

Proposed Solution

(Num of VOlIs: 5 787 731 761 806 776 788 764 67.9 72.9
Num of FD: 10)

Whole Data’

63.3 643 656 673 685 703 586 593 60
(Num of VOls: 5)

PCA-Reduced Data”™
639 669 741 642 673 77 63.6 66.4 70.7
(Num of VOls: 5)

SP: Support Vector Machine with Polynomial Kernel, SL: Support Vector Machine with Linear
Kernel, LR: Logistic Regression, VOIs: volume-of-interests, FD: Feature Detector
In this study, two additional methods were applied for comparison with the proposed model in order
to further evaluate this approach: one taking in account the whole gray matter data” and another
using principal component analysis for reducing the gray matter data. The performance of the
proposed method is compared with the additional classification methods in terms of accuracy,
sensitivity and specificity (%).
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DISCUSSION
Alzheimer's disease is an irreversible and
progressive  brain disorder occurring

primarily in the elderly that causes the
destruction of nerve cells and eventually
leads to the death of these cells (43).
Nowadays, clinical examinations,
neuropsychological  assessments, and
neuroimaging provide a standard way to
establish the diagnosis of Alzheimer's
disease (44). Routine neuroimaging
evaluation includes structural magnetic
resonance imaging, which is a powerful
tool to detect structural changes that occur
in patients with Alzheimer’s disease, such
as cortical shrinkage, enlarged ventricles,
and shrinkage of the hippocampus (4).
Many computer-aided diagnosis studies for
Alzheimer’s  disease  use  magnetic
resonance imaging because they are based
on the above fact, and apply several image
processing  techniques and machine
learning algorithms in order to detect and
associate those changes with AD.

Recent studies proposed CAD models to
differentiate patients with AD from
cognitively normal elderly with high
accuracies: 94.5% in Magnin et al., 96% in
Kloppel et al., (20) and 89.3% in Vemuri et
al(19-21). However, the development of a
CAD model for differentiating AD from
MCI becomes a challenging and difficult
task compared with the above works
because cortical atrophy is a non-specific
finding in Alzheimer’s disease and a
patient with MCI may have a similar
atrophic  pattern to  patients  with
Alzheimer’s disease. As an effort to
investigate the possibility of a system
allowing to make such a differentiation, in
this study, we focused on the problem of
predicting the prognostic type of patients
with MCI. This prognosis system would be
based on the baseline MRI of the patients,
which is one of the most challenging in the
field of computer-aided diagnosis of
dementias.
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For this purpose, we used a convolutional
neural network together with an estimation
of significant regions based on the voxel-
based morphometric analysis in order to
assess a prognostic value of baseline MRI
scans for a potential conversion of MCI to
AD. In this specific area, the study of Suk
et al. attracted our attention (13). Their
work reported a maximal accuracy of
74.58% for the binary classification of
negative prognosis vs. stable prognosis and
was used as a reference study for the
evaluation of our proposed system.

Voxel-based morphometry is a widely used
technique in the literature for the
investigation of brain tissue abnormalities
(38). Posterior cortical atrophy, temporal
lobe atrophy, and white matter damage in
dementias are some of the detectable
biomarkers that can be achieved through
VBM analysis (42,45,46). Additionally,
the statistical correlation of other
parameters such as memory impairment or
neuropsychological assessments with MRI
data is investigated using VBM (47,48). In
this study, we performed a VBM to
determine significant brain atrophy regions
on baseline MR images of patients with
MCI for two purposes: first to select
patches for training an autoencoder and
second to determine pooling VOIs for the
subsampling layer of CNN based on the
VOIs of the VBM analysis. For the first
part, our patch selection method can be
considered similar to the method of Suk et
al in terms of statistical methods (13). On
the other hand, for the second part, to the
best of our knowledge, VBM has never
been employed in the subsampling layer of
CNN for determining pooling areas.

The idea behind the proposed pooling
method is that the topographic distribution
of brain atrophy in Alzheimer's disease can
be better specified using VBM (49).
Recent studies showed that the medial
temporal lobe atrophy (MTA) was an MRI
biomarker that predicted AD dementia in
patients with MCI (50). The left medial
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temporal lobe especially (hippocampus,
parahippocampal gyrus), is the most
affected region in patients who develop
AD and our VBM findings are compatible
with this fact, because it is demonstrated
by the topography of the detected VOIs
(51). Instead of grid-like shaped pooling
areas as used in the literature, we used the
topography of the brain in the subsampling
layer.

To assess the success of our proposed
method, the study of Suk et al was used as
a reference study (13). Unlike Suk et al’s
method, which used two layers, we only
used a single layer latent feature
representation via 2D convolutional neural
network, because our results were not
improved with a second layer (13). Our
approach resulted in a slightly superior
accuracy of 78.7% than that of Suk et al.’s
study (more than 4%). Another point that
we considered when determining training
parameters was to assess the discriminative
power of the output of the hidden layer.
We performed a Mann-Whitney U test for
each hidden unit among its output data
acquired from the C-MCI patches against
ones that were acquired from the NC-MCI
patches. After the training of the
autoencoder, we observed that for the C-
MCI and NC-MCI groups, all except one
of the 10 hidden units (the 7™ hidden unit
with a p-value of 0.8074) were statistically
significant different (p<0.001).

Additionally, we compared the success of
the proposed method with two additional
methods: one taking in account the whole
gray matter data and another using
principal component analysis for reducing
the gray matter data (Table 5). The
proposed method performed better than the
other methods. The results of the principal
component analysis of the raw data
showed that the data contained significant
redundancies because the ratio between the
maximum and minimum eigenvalue is
infinite, thus justifying the wuse of
dimensional reduction for this kind of data.
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Until today, a treatment that can cure
Alzheimer’s disease or any other type of
dementia is still to be discovered. Thanks
to recent advances in medical technology,
drug and non-drug treatments are
discovered and validated in patients with
AD in routine clinical use, thereby
improving their quality of life and
preventing the progression of symptoms in
the early stages of dementia. On the other
hand, the majority of those patients are
older patients. Therefore, drug treatment in
older patients should be carefully
considered in terms of adverse effects with
eventual other medications of the patients.

The possibility of identifying individuals
with MCI that will progress to AD would
be very beneficial for the patients in terms
of good prognosis and delaying/preventing
the symptoms of Alzheimer’s disease by
immediately applying a neuromodulation
treatment, and a treatment that slows down
the progression to AD. Additionally, this
system helps to reduce the wuse of
unnecessary medications for individuals
who are predicted to remain stable in MCI.

CONCLUSION

In summary, the aim of this study was to
develop a CAD system for prediction
prognosis type of MCI patients in order to
apply to patients a medication according to
the prediction. To achieve this, we
implemented a single-layer convolutional
neural network that uses feature detectors
generated by a patch-based autoencoder.
The contribution of this work is that in the
proposed CNN model, we introduced a
new pooling approach for the subsampling
layer of CNN based on VBM analysis that
selects regions with a  statistical
significance between converted and non-
converted patients with MCI. When
comparing our results with similar studies
that did not use our pooling approach, we
observed that our method performed better
(78.7%), thus showing that the VBM
analysis can be integrated successfully
with deep learning approaches for MCI
prediction prognosis. As a result, this
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system will help physicians to apply the
appropriate  medication to  patients
according to the prediction prognosis of
the system.
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