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Abstract. The early detection Alzheimer’s disease (AD) is an important challenge. In this paper, we propose a novel method for early detection of AD using
electroencephalographic (EEG) recordings: first a blind source separation algorithm is applied to extract the most significant spatio-temporal components;
these components are subsequently wavelet transformed; the resulting timefrequency representation is approximated by sparse “bump modeling”; finally,
reliable and discriminant features are selected by orthogonal forward regression
and the random probe method. These features are fed to a simple neural network classifier. The method was applied to EEG recorded in patients with Mild
Cognitive Impairment (MCI) who later developed AD, and in age-matched controls. This method leads to a substantially improved performance (93% correctly classified, with improved sensitivity and specificity) over classification
results previously published on the same set of data. The method is expected to
be applicable to a wide variety of EEG classification problems.

1 Introduction
Alzheimer’s disease (AD) is the most common neurodegenerative disorder. Since the
number of individuals with AD is expected to increase in the near future, early diagnosis and effective treatment of AD are critical issues in neurophysiological research
[1], [2]. Finding a computational method for early identification of patients who are to
progress towards Alzheimer’s disease (before onset of AD), but do not exhibit any
clinical signs of AD at the time of the test, is thus an important challenge. Furthermore, an early detection method should be inexpensive, in order to allow mass screening of elderly patients [1]–[6]. Electroencephalography (EEG) is one of the most
promising candidates in that respect.
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Due to the high complexity and variability of EEG signals, early detection of AD
from EEG recordings requires the development of efficient signal processing tools
[2]. In [5], Blind Source Separation (BSS) was first applied for these purposes, while
standard methods were used for feature extraction and classification. In the present
paper, we propose a multistage procedure employing blind source separation for filtering/enhancement of EEG, time frequency representation, subsequent bump modeling for feature generation and dimensionality reduction, and statistical feature selection. We show that it provides a further improvement in classification of AD patients
and healthy subjects as compared to similar classification results obtained previously
[1], [5] on the same data set.

2 Methods
2.1 Blind Source Separation for Signal Filtering
According to the currently prevailing view of EEG signal processing, a signal can be
modeled as a linear mixture of a finite number of brain sources, with additive noise
[5,6]. Therefore, blind source separation techniques can be used advantageously for
decomposing raw EEG data to brain signal subspace and noise subspace.
In [5], the AMUSE (Algorithm for Multiple Unknown Signals Extraction [7], [8],
[9], [10]) algorithm was used in order to select the five significant components of the
signal that had the best linear predictability. That algorithm belongs to the group of
second-order-statistics spatio-temporal decorrelation (SOS-STD) blind source separation algorithms. It relies on the idea that the estimated components should be spatiotemporally decorrelated, and be less complex (i.e., have better linear predictability)
than any mixture of those sources. Therefore, the components are ranked in order of
decreasing singular values of a time-delayed covariance matrix. As in PCA (Principal
Component Analysis), and unlike in many ICA algorithms, all components estimated
by AMUSE are uniquely defined (i.e., any run of algorithms on the same data will
always produce the same components) and consistently ranked.
The algorithm can be considered as two consecutive PCAs: first, PCA is applied to
input data; secondly, PCA (SVD) is applied to the time-delayed covariance matrix of
the results of the previous PCA. In the first step, standard or robust prewhitening
(sphering) is applied as a linear transformation
z(t) = Q x(t)

(1)

{ ( ) ( )} and x(t) is

− 12

where Q = R x , Rx is the standard covariance matrix R x = E x t x T t

a vector of observed data at time t. Next, SVD is applied to a time-delayed covariance
matrix of pre-whitened data:

{ ( ) ( )}

R z = E z t z T t − 1 = UΣV T

(2)

where Σ is a diagonal matrix with decreasing singular values and U, V are matrices of
eigenvectors. Then, a demixing (separating) matrix is estimated as:
−1

W = A = UTQ

(3)
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The algorithm is much faster than the vast majority of BSS/ICA algorithms (its
computation time depends essentially on the duration of the PCA procedure) and is
very easy to use, because no parameters are required. It is implemented as a part of
package "ICALAB for signal processing" [11], freely available online. However, the
algorithm is quite sensitive to sensor (measurement) noise; therefore, alternative
ICA/BSS algorithms with suitable ranking of components can be considered in further
studies [7,11].
2.2 Database

The “at-risk” state for AD is commonly referred to as Mild Cognitive Impairment
(MCI) [3]. In the course of a clinical study [1], patients who complained of memory
impairment only, but had no apparent loss in general cognitive, behavioral, or functional status, were recruited. Both patients and controls underwent general medical,
neurological, psychiatric, and neuroimaging (SPECT, CT and MRI) investigation for
more accurate diagnosis. EEG was recorded from all patients and controls, within one
month of study inception; the present analysis made use of EEG recorded from the
patients who later developed AD, and age-matched controls. Electrodes were located
on 21 sites according to the 10-20 system, with the reference electrode on the right
ear-lobe. Sampling rate was 200 Hz, analog filter bandpass 0.5-250 Hz. In [5], the
first continuous artifact-free 20 s interval of each recording were used to create two
datasets:
− the MCI set, featuring 22 EEG recordings of elderly patients matching the criteria
of mild cognitive impairment, who developed AD within one year and a half;
− a control set, featuring 38 recordings from age-matched family members of the patients.

In the present paper, the same pre-processing method as in [5] was used on the
same 60 recordings, as a baseline for assessing the efficiency of the detection obtained by the present method: a database (hereinafter referred to as D) containing
those five components was generated (five top ranked components obtained using
AMUSE).
2.3 Time-Frequency Maps and Bump Modeling for Feature Generation

In order to obtain a compact representation of the signals of D, suitable for automatic
discrimination of MCI patients from control individuals, the signals were first analyzed in the time-frequency domain by a wavelet transformation, and the resulting
time-frequency maps were modeled by bumps [12], as described below.
2.3.1 Wavelet Transformation and Time-Frequency Map Generation
EEG signals were first transformed to time-frequency maps using wavelets (see [13]
for details). Complex Morlet wavelets [14] are appropriate for time-frequency analysis of electroencephalographic signals ([15], [16], [17], [18]). Complex Morlet wavelets w(t) of Gaussian shape in time (deviation σt) are defined as:
w

(t )= A exp (−t

2

/ 2σ t

2

)exp (2iπ ft )

(4)
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where σt and f are appropriately chosen parameters; they cannot be chosen independently, since the product σt f determines the number of periods that are present in the
wavelet. In the present investigation, the wavelet family defined by 2πσt f = 7 was
chosen, as described in [15].
The signals present in database D were wavelet-transformed in the frequency range
1.5 to 31.5 Hz, discretized in 0.25 Hz frequency bins.
2.3.2 Bump Modeling
The bump modeling technique [12] is a 2-dimensional generalization of the Gaussian
mesa function modeling technique that was initially designed for one-dimensional
signals (electrocardiogram analysis- ECG) [19], [20]. In the present study, it was used
for extracting information from the time-frequency maps. In previous investigations,
it was also successfully applied to the analysis of local field potential signals, gathered from electrophysiological (invasive) measurements [21],[12]; the present paper
reports the first application of bump modeling to surface EEG signals.
The main idea of this method is to approximate a time-frequency map with a set of
predefined elementary parameterized functions called bumps (non-overlapping or
overlapping); therefore, the map is represented by the set of parameters of the bumps,
which is a very sparse encoding of the map, resulting in information compression
rates that range from one hundred to one thousand (further details are given in [12],
[19], [20]).
The algorithm performs the following steps on the time-frequency maps (after appropriate normalization [12]):
− (i) window the map in order to define the zones to be modeled (those windows
form a set of overlapping sub-areas of the map),
− (ii) find the window that contains the maximum amount of energy,
− (iii) adapt a bump ϕb to the selected zone, and withdraw it from the original map.
The parameters of the bumps are computed using the BFGS algorithm [22] in order
to minimize the cost function C defined by:

C=

(

1
z − ϕ b ( f ,t)
2 t , f ∈W f t

)

2

(5)

where the summation runs on all pixels within the window W, z f t are the timefrequency coefficients at time t and frequency f, and ϕ b ( f , t ) is value of the bump
function at time t and frequency f;
− (iv) if the amount of information modeled by the bumps reaches a threshold, stop;
else return to (iii).
Half ellipsoids were found to be the most appropriate bump functions for the present application (Figure 2 shows a typical example of bump modeling of the timefrequency map of an EEG recording). Each bump is described by 5 parameters: its
coordinates on the map (2 parameters), its amplitude (one parameter) and the lengths
of its axes (2 parameters). Half ellipsoids (Figure 1) are defined by:
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ϕ b ( f ,t )= a 1 − v
ϕ b ( f ,t )= 0

(

where v = e2f + et2

) with

(
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for 0 ≤ v ≤ 1
(6)

for v > 1

)

(

)

e f = f − µ f / l f and et = t − µt / lt . µ f and µt are the

coordinates of the centre of the ellipsoid, lf and lt are the half-lengths of the principal
axes, a is the amplitude of the function, t is the time and f the frequency.

Fig. 1. Half ellipsoid function
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Fig. 2. Left: normalized time-frequency map of the first ICA source of an EEG recording (Control set); middle and right: 2D and 3D bump modeling of the map

After bump modeling, the parameters of the bumps are candidate features for classification. Although the model is sparse, feature selection is mandatory because of the
small size of the data set.

2.4 Feature Selection
After bump modeling, the signals under investigation are represented by the set of parameters that describe the bumps. Within that set, an even more compact representation was sought, based on expert knowledge on the frequency sub-bands of interest.
For ease of comparison of the results, the boundaries for five standard EEG sub-bands
were defined as in the previous study [5] of the same data set: θ (3.5-7.5 Hz), α1 (7.59.5 Hz), α2 (9.5-12.5 Hz), β1 (12.5-17.5Hz) and β2 (17.5-25Hz). The following features were defined and computed for each sub-band:
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F1: the number of bumps,
F’1: the number of high-amplitude bumps (normalized amplitude > 0.7),
F2: the sum of the amplitudes of the bumps present,
F’2: the sum of the amplitudes of the high-amplitude bumps present,
F3: the maximal amplitude of the bumps present.

Two groups of candidate features were defined: group A contains {F1, F’1, F2, F’2}
and group B contains {F1, F’1, F3} only. Thus, either 3 or 4 features were computed
for each sub-band, depending on the group of features under consideration. Therefore,
for database D (5 time-frequency maps), the number of candidate features N f was either 75 or 100. Since the number of candidate features was still too large given the
number of examples in the database (only 60), feature selection was performed by orthogonal forward regression (OFR) algorithm [23, 24] and the random probe method.
First, the candidate features are ranked in order of decreasing relevance by OFR.
OFR operates in observation space, i.e. in a space whose dimension is equal to the
number of observations (equal to 60 in the present work). In that space, the quantity to
be modeled, and the candidate features, are represented by vectors denoted by y (desired outputs) and ui, i = 1 to Nf (inputs). The OFR algorithm performs the following
steps:

− (i) compute the angle Θi between each candidate feature ui and the quantity to be
modeled y and select the candidate feature u j that has the smallest angle with y,
i.e. the candidate feature that is most correlated to y:

u j = arg max i {cos 2 (Θ i )}

(7)

− (ii) project y and all the remaining candidate features onto the null space of the
selected feature;
The above two steps can be iterated in subspaces of decreasing dimensions until all
candidate features are ranked. Subsequently, in order to select the optimal number of
features from their ranked list, the random probe method [24] is applied. One hundred
“probes”, i.e. realizations of random variables, are computed and appended to the feature set. A risk level P is defined [25], which corresponds to the risk that a feature
might be kept although, given the available data, it might be less relevant than the
probe. The following steps are performed iteratively:

− (i) obtain a candidate feature from OFR,
− (ii) compute the value of the cumulative distribution function of the rank of the
probe for the rank of the candidate feature,
− (iii) if that value is smaller than the risk, select the feature and return to (i);
− (iv) else, discard the candidate feature under consideration and terminate.
In the present case, an ensemble feature ranking method [25] was used: 60 subsets
were built by iteratively removing one example from the database. OFR and the random probe method were then applied to those subsets. The overall distribution of features, and the average number Nk of selected features were computed; finally, the Nk
overall best features were selected.
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3 Results
Each dataset was used for training and validating a neural network classifier (multilayer perceptron model, see for instance [26]). The generalization performance was
estimated using the leave-one-out cross-validation method [27] which was also used
under the name of “jackknifing” in the previous study of the data set [5]. The best results, shown in Table 1, were obtained with linear classifiers (no hidden layer).
The method used in [5] to asses BSS performances was applied with a simple PCA
for comparison: with the five first PCA components back-projected, relative spectral

Table 1. Number of subjects correctly and incorrectly classified by neural network models,
using D, depending on the feature group (A contains {F1, F’1, F2, F’2} and B contains {F1, F’1,
F3}). Results were obtained using the leave-one-out cross-validation method, validation set
results are presented below. P is the risk of a false positive feature, as defined in the text.

Datasets

A group Æ F =12, P = 12%
Components 1,2,3 and 5 +Bumps
A group Æ F = 6, P = 9%
Components 1-5 +Bumps
B group Æ F = 11, P = 10%
Components 1-5 + Bumps
Previous study, best results [5]
(without bumps)
PCA components 1-5
(without bumps)

Misclassified
Correctly classified %
Controls
All
MCI Controls MCI
N = 22 N = 38 N = 22
N = 38 N = 60
2
2
91.0
94.7
93.3
4

4

81.8

88.6

86.7

2

3

91.0

92.1

91.7

6

6

72.7

84.2

80.0

13

10

40.9

73.7

61.7

Fig. 3. R.O.C curve for the best classification results, obtained using a neural network on data
set D, with components 1-3 and 5 found by the AMUSE algorithm (but without component 4)
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powers of signals were computed by dividing the power in δ (1.5- 3.5 Hz), θ (3.5-7.5
Hz), α1 (7.5-9.5 Hz), α2 (9.5-12.5 Hz), β1 (12.5-17.5Hz) and β2 (17.5-25Hz) bands by
the power in the 1.5-25 Hz band; those values were subsequently normalized using
p
, where p is the relative spectral power; finally the band
the transformation log
1− p
power values were averaged over all 21 channels (see [5] for details). PCA did not
exhibit good performance compared to BSS (Table 1, last two rows).The best results
were obtained with the group of candidate features A, with components 1-3 and 5
found by the AMUSE algorithm, but without component 4 (component 4 was removed before OFR and the random probe method, R.O.C. curve is represented in
Figure 3). For comparison, the fourth row of the Table reports previous results [5] obtained with the same EEG recordings with a different representation.

4 Discussion
In the present paper, we reported the first application of blind source separation combined with time frequency representation and sparse bump modeling to the automatic
classification of EEG data for early detection of Alzheimer’s disease. The developed
method was applied to recordings that had been analyzed previously [5] with standard
feature extraction and classification methods. With respect to that previous analysis, a
substantial improvement was achieved, the overall correct classification rate being
raised from 80% to 93% (sensitivity 91.0% and specificity 94.7%).
The task was the discrimination of EEG recordings of normal individuals from
EEG recordings of patients who developed Alzheimer’s disease one year and a half
later. Therefore, the present study provides exciting prospects for early mass detection
of the disease. The method is very cheap as compared to PET, SPECT and fMRI, requiring only a 21-channel EEG apparatus. Note that short intervals (20 seconds) of artifact-free recording of spontaneous EEG was already sufficient for high accuracy of
classification.
PCA showed much poorer results than AMUSE algorithm, which demonstrates the
significance of AMUSE (or more generally, BSS/ICA algorithms with suitable ranking and clustering) for EEG filtering/enhancement. Furthermore, sparse bump modeling appeared to be a valuable tool for compressing information contained in EEG
time-frequency maps. Amplitude variations and bursts of EEG oscillations are highly
related to the brain state dynamics [28]. Bump modeling can provide a good approximation of time-frequency maps; since it models appropriately important features of
EEG oscillations, it is a promising tool for compact feature extraction, as demonstrated in the present paper.
Although our preliminary results are quite promising, a full validation of the
method requires investigating more extensive databases. Furthermore, there is presumably a lot of information present in the recordings that is not yet exploited, such
as the dynamics of the bumps and the brain functional connectivity. This will be the
subject of future research.
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