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1. INTRODUCTION
1.1 Diagnosis of Alzheimer’s disease & EEGs

Alzheimer’s disease is the most prevalent neuropathology form leading
to dementia; it affects approximately 25 million people worldwide and is
expected to have fast recrudescence in near future'. The numerous clinical
methods that are now available to detect this disease including imaging® *,
genetic methods’, and other physiological markers®, however, do not allow a
mass screening of the population. Whereas psychological tests such as Mini
Mental State Evaluation (MMSE) in combination with an
electrophysiological analysis (e.g. electroencephalograms or EEG) would be
very efficient and inexpensive screening approach to detect the patients
damaged by the disease.

EEG recordings are now widely used more and more as a method to
assess the susceptibility to Alzheimer’s disease, but are often obtained
during steady states where temporal information does not easily reveal the
relevant features for subject differentiation; interestingly, in those conditions,
previous studies could obtain excellent classification results ranging from 84
to 100%, depending on the conditions (i.e. training or validation conditions
for the classifier tests) and on the confronted groups (i.e. control subject,
mild cognitive impairment (MCI), and different stages of Alzheimer’s
disease) demonstrating the promising use of resting EEGs for diagnosis of
Alzheimer’s disease”"".

The spectral spatial information estimated during resting states might
contain valuable clues for the detection of demented subjects; however, the
inter-subject variability, also influenced by the differences in the progression
of the disease, might render the study difficult when undertaken subject-by-
subject. In that case, a multi-way analysis would allow the extraction of
information that is contained across subjects simultaneously considering the
spectral spatial information. This methodology has been applied to epilepsy
detection and has successfully characterized the epilepsy foci in a temporal-
frequency-regional manner'> *. Classification based on multi-way modeling
has been performed on continuous EEGs'* showing the power and versatility
of multi-way analyses.

1.2 Multi-way array decomposition

Previous two-way analyses combining PCA-like techniques® (i.e.
principal component analysis (PCA) and independent component analysis
(ICA)) have shown very high performance in the classification of subjects
and have assisted in early detection. These methods require data in the form
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of matrices, and then they limit the order (i.e. number of dimensions or
modes) or mix several types of variables (e.g. using the unfolding method,
also known as matricization). Either way, the naturally high-order of EEGs
and interactions between the ways (or modes) is lost or destroyed, limiting
further the understanding of underlying processes in the brain.

The multi-way array decomposition is a modeling tool that conserves the
original high dimensional nature of the data. This method uses the common
features and interactions between modes present in the data to create a model
fit of the same data that can be decomposed into components. The
decomposition into components provides the information of interactions
between modes in the form of weight, which is relatively easier to interpret.
The application of such methods to diagnosis of Alzheimer’s disease would
allow characterization of the disease based on simple markers or weights.

Thus far, no application of multi-way array decomposition has been
made in this type of database, dealing with the classification of Alzheimer’s
disease subjects based on EEG characteristics.

2. SUBJECTS & EEG RECORDINGS

The subjects analyzed in this study were obtained from a previously
studied database®™ * '' and consisted of eyes-open, steady state EEG
recordings (20 s in duration), with over 21 leads disposed according to the
10-20 international system and digitalized at 200 Hz. The database contains
38 control (mean age: 71.7£8.3) subjects, 22 mild cognitive impairment
(MCI) subjects (mean age: 71.9£10.2) who later contracted Alzheimer’s
disease, and 23 Alzheimer’s disease patients (AD; mean age: 72.9%7.5). The
control subjects had no complaints or history of memory problems, and
scored over 28 (mean score: 28.51+1.6) on the mini mental state exam
(MMSE). The MCI subjects had complaints about memory problems and
scored over 24 at the MMSE (mean score: 2611.8). The inclusion criterion
was set at 24 as suggested in'', therefore encompassing MCI subjects with
various cognitive deficits, but in the early stage of Alzheimer’s disease. The
AD patients scored below 20 on the MMSE and had had full clinical
assessment. Thirty-three moderately or severely demented probable AD
patients (mean MMSE score: 15.3£6.4; range: 0 to 23) were recruited from
the same clinic. After obtaining written informed consent from the patients
and controls, all subjects underwent EEG and SPECT examination within
one month of entering the study. All subjects were free of acute
exacerbations of AD related co-morbidities and were not taking medication.
The medical ethical committee of the Japanese National Center of
Neurology and Psychiatry approved this study.
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3. METHOD

3.1 Three-way tensor for analysis

In this study, we aimed at classifying control subjects from subjects with
MCI and from AD. For each subject, we computed the relative Fourier
power of five frequency bands ¢ (1-4 Hz), 8 (4-8 Hz), a; (8-10 Hz), a, (10-
12 Hz) and f§ (12-25 Hz); then for each frequency band, we estimated the
mean power of five brain regions: frontal, left temporal, central, right
temporal and posterior. There were an equivalent number of electrodes in
each of the five regions. This grouping is very useful in normalizing the
regional repartition of the information (Figure 1-1).

Figure 1-1. Topological grouping of electrodes in five regions; the numbers 1, 2, 3,4 and 5
denote the frontal, left temporal, central, right temporal and posterior regions, respectively.

We can form a three-way tensor, Subjects X Frequency Band Power X
Brain Region, which is the Fourier power by frequency band and by brain
region for each subject. From this tensor, we extracted characteristic filters
for the classification of subjects using linear and nonlinear classifiers. The
detail of the method is described in the next sections.
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3.2 Classification in Divide and Conquer Scheme

For simplicity and interpretation, we opted for two-step classification of
the subjects (divide and conquer scheme): (1) we compared healthy subjects
with the patient group (regrouping MCI and AD); (2) we compared MCI
group with AD group. The schematic diagram of our approach is presented
in Figure 1-2.
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Figure 1-2. Divide and Conquer method for the classification of control subjects vs. MCI vs.
AD subjects — cascade of classifiers.

For each step of classification, we extracted the features based on the
Parallel Factor Analysis (PARAFAC) decomposition (unsupervised) and the
reference filters (supervised). We estimated the accuracy in classification for
subjects using a k-fold cross-validation with k£ = 1 (i.e. leave-one-out cross
validation) on both a quadratic naive Bayes classifier (one of the simplest
statistical classifier with quadratic boundary) and an artificial neural network
(ANN; with » = 1 hidden neurons in one hidden layer, i.e. nonlinear
classifier).

3.3 The PARAIllel FACtor Analysis (PARAFAC)

The important idea underlying multi-way analysis is the extraction of
multiple interactions within the structure of the data. Interactions and
common patterns between modes of the data are often neglected cause
studied separately (e.g. subject by subject, region by region) or folded on the
same dimension (i.e. mixed, hence destroying interactions) as for method
using two dimensional PCA or ICA. In this study, we constructed a three-
way tensor in the form Subjects X Frequency Band Power X Brain Region to
preserve relations between spectral and regional characteristics of each
subject; we used a common modeling method for N-way analyses to extract
common interaction in the tensor with relation to the subjects: the parallel
factor analysis (PARAFAC)".

The PARAFAC is often referred to as a multilinear version of the bilinear
factor models. From a given tensor, X € R/~K , this model is able to extract
linear decompositions of Rank-1 tensors.
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where a,, b,, and c, are the r-th column of the component matrices
AeR"  BeR”™  and C e R¥*, respectively, and E € R is the
residual error matrix (Figure 1-3).

The operator ° designates the outer product of two vectors. The
PARAFAC model under optimal fitting conditions (e.g. core consistency
analysis) is capable of providing a model with the assumption of trilinearity
relations between the dimensions (also called modes), thus providing a
unique fit for the given data.

The fitting of the model depends on the number of components, R,
chosen by the users, and for this approach we opted for validation of the
model (i.e. number of components) based on the core consistency'®. The
optimal number R is chosen for a core consistency value that is above 90%
and with the core consistency value of R+1 under 90%.
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Figure 1-3. PARAFAC modeling of a 3-way tensor; each component (R=2) is the outer
product of Rank-1 tensor a, b, and c, and E is a residual tensor.

3.4 Filter estimation and Feature Extraction
3.4.1 PARAFAC Filters

The PARAFAC model with a sufficient number of components and an
appropriate fitting (i.e. core consistency'® and component variability) is
capable of fitting a model that decompose data in component of common
characteristics with trilinear interaction between modes. We are interested in
features that differentiate the subjects according to their clinical group. We
assume that the common characteristic contain in the data could significantly
discriminate the group based on the difference between the Frequency Band
Power X Brain Region profile and normal control and demented subjects, i.e.
shift in the frequency profile of subjects with AD or “slowing of
frequencies™' " '* .

The PARAFAC decomposition returns for each component and each
mode a Rank-1 vector which can be considered as a weight at each
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component and each mode, respectively. The mode subject contains the
discriminative features or weight of each subject to be compared with the
combination of the mode Frequency Band Power and the mode Brain Region.
More precisely, the component-wise combination (i.e. for each component)
of “Frequency Band Power” and “Brain Region” could be interpreted as a
characteristic filter. Similar to the Fourier Power Distribution which
associates a power to each frequency, the decomposition obtained from
PARAFAC can represent a distribution of filters (number of filters R = 3)
associated with a weight (i.e. subject mode). We calculated the characteristic
filters for each component, F,, as described in Eq. 2:

_ T
F=bxe @)

where b, and ¢, are the Rank-1 vector of the frequency and region mode in
the PARAFAC model, respectively. Following Eq. 2, we obtain a number of
filters R =3.

3.4.2 Reference Filters

The reference filter are supervised filters in contrast to the filters obtained
using PARAFAC (unsupervised) because they integrate prior knowledge of
the membership of the subjects. The reference filters of the control group
and demented group were calculated as the average Frequency Band Power
X Brain Region over the normal subjects and the demented subjects
(regrouping MCI and AD), respectively. The reference filters of the MCI
group and AD group were calculated as the average Frequency Band Power
X Brain Region over MCI subjects and AD subjects, respectively.

3.5 From Filter to Feature

The reference filter and the PARAFAC filters contain common
characteristics of the group under this study (i.e. control vs. demented or
MCI vs. AD). We use a distance measure based on the matrix scalar product
also known as normalized Frobenius inner product to compare the estimated
filters (i.e. reference filters or PARAFAC filters) with the Frequency Band
Power X Brain Region profile of each subject. The details on the distance
measure are as follows:

Trace(F,' F,)

D)=

3)
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where F; and F, are two Frequency Band Power X Brain Region matrices,
denotes the conjugate transposition of a matrix and the Trace function
returns the trace o i e function ||.|| indicates the Frobenius norm
defined as”F || =Trace(F"F) . For each subject, we obtained R features
comparing the R PARAFAC filter to the subject’s Frequency Band Power X
Brain Region profile. Similarly, we obtained two features comparing the
references filters to the subject’s Frequency Band Power X Brain Region
profile.

4. RESULTS

The best classification results using the artificial neural network (ANN)
and quadratic naive Bayes classifier are displayed in Table 1-1. There was
no noticeable difference between the performance of the two classifiers
(both nonlinear) using either the reference filters or the PARAFAC filters;
however, while comparing MCI with AD subjects, the ANN showed better
performance using the PARAFAC filters (75.6%) than using the reference
filters (68.9%).

Table I-1. Classification results obtained using an ANN and quadratic naive Bayes classifier
with the leave-one-out cross-validation method; NC denotes normal controls and Patients
denotes patient group (regrouping MCI group and AD group).

NC vs. NC vs.
) AD vs. MCI AD vs. MCI
Patients Patients
(PARAFAC) (reference)
(PARAFAC) (reference)
ANN 74.7% 61.4% 75.6% 64.4%
Bayes 74.7% 61.5% 68.9% 64.4%

Generally, the PARAFAC filters showed an improvement in the accuracy
of classification as compared with the reference filters and the two
classification methods used.
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Figure 1-4. ROC curve of classification accuracy of (a) control vs. demented subjects and (b)
AD vs. MCI subjects using an ANN and leave-one-out cross-validation method; classification
results obtained using the reference filters (stars) and using the filtered data extracted with a
three-component PARAFAC (R = 3; triangle).

As shown in Figure 1-4, the performance in the classification based on
the ANN exhibited higher accuracy using the information from the
PARAFAC filters than when using the reference filters. The best
performance was found to be 74.7% (75.6% sensitivity, 73.7% specificity)
for the Ctr vs. demented classification (Figure 1-4(a)) and 75.6% (95.6%
sensitivity, 59.1% specificity) for MCI vs. AD classification (Figure 1-4(b)).
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Figure 1-5. Clustering of frequency bands; Dendrograms extracted from the clustering of
two-component PARAFAC models for (a) control subject, (b) MCI patients, and (c)
Alzheimer patients.
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Using PARAFAC on each separate group, a clustering of frequency
bands (i.e. frequency band mode) can also be obtained'’ in order to study the
interactions between the frequency ranges (Figure 1-6). We observed the
evolutions in the inter-relations between the 0 range and high frequency (a,
and PB) ranges: seemingly, for Control subjects and AD patients, the 8 range
activity is clustered with high frequencies (distances of 1.5 and 1,
respectively); whereas for the MCI subjects, the 6 range activity is much less
(a distance of 2.5).

S. DISCUSSION

In this study, we presented a method applied to the classification of
subjects based on a PARAFAC decomposition of their EEG features. This
type of application of multi-way analysis to EEG features has not yet been
implemented for AD diagnosis. We also showed possible interpretation of
the fitted model not only based on the spatial-frequency filters, but also
based on the unimodal clustering for each group’s model. The weight
obtained using the PARAFAC decomposition could serve as a marker for
differentiation between control and patient group but also between MCI and
AD subjects.

Previous studies on Alzheimer’s classification and compromising with
different degrees of severity of the disease obtained classification accuracies
ranging from 84% to 100%""". The classification results presented in this
study (overall good classification of about 74%) are considerably good
compared with the classification results using the same database in another
study® (80%); however, this study proposes a three-class classification using
a two step divide and conquer approach.

The capability of the method to make a stepwise differentiation of
subjects illustrates the applicability of this study to the clinical domain. The
method also demonstrates possibility of mass-screening of subjects for the
diagnosis of AD as well as the differentiation of stages in the progression of
the disease (MCI developed to turn out to be mild and severe).

In this study, we determined to use a three-way tensor confronting
subjects, frequency band power and brain regions allowing simplicity of
computation and interpretation. The method using multi-way array
decomposition allows the integration of a large number of variables,
organized on higher orders (dimensions of the tensor equal to D, typically
with D higher than 3). The addition of more variables necessitate that those
variables would commonly interact and characterize the data or, in our case,
the subjects in the data, otherwise the extracted information might lose its
property of separability. More importantly, increasing the number of
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variables or order would not seriously increase the number of features for
classification (i.e. number of components of the PARAFAC model, R) which
would avoid artificially increasing the separability of the groups and
reducing the bias due to overfitting for the classifier.

Moreover, apart from its crucial uniqueness and the resulting easy
interpretability”’, the PARAFEC model used might not be the best model to
use in this analysis, as it imposes trilinearity conditions. Future investigation
include the comparison of the accuracy of other models such as
PARAFAC2*, Tucker3?, or the nonnegative tensor factorization method®”
* and its constrained model on sparsity™*.
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