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Abstract— Using multiple discriminant analysis (MDA) and
k-means clustering, coherence features extracted from the
EEGs of a group of 56 subjects were analyzed to assess how
feasible an automated coherence-based pattern recognition
system that detects Alzheimer’s disease (AD) would be. Sixteen
of the subjects were AD patients, 24 were mild cognitive
impairment (MCI) patients while 16 were age-matched
controls. With MDA, an overall classification rate (CR) of 84%
was obtained for AD vs. MCI vs. Controls classifications. The
high CR implies that it is possible to distinguish between the
three groups. The coherence features were also statistically
analyzed to derive a neural model of AD and MCI, which
indicated that patients with AD may have a greater number of
damaged cortical fibers than their MCI counterparts, and
furthermore, that MCI may be an intermediary step in the
development of AD.

I. INTRODUCTION

COHERENCE features calculated from the
electroencephalogram (EEG) have been successfully
used to distinguish Alzheimer’s disease (AD) and/or mild
cognitive impairment (MCI) patients from age-matched
controls [1]-[3]. Specifically, AD patients show lower
coherence than MCI patients and controls [3]-[5]. And, MCI
patients also show reduced coherence relative to controls [1],
[2].

The magnitude squared coherence function (or
“coherence”) between two EEG channels x and y is defined
as [9]:
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where Py (f) is the cross power spectral density of x and y,
P«(f) and Py,(f) are the power spectral densities of x and y,
respectively, and fis the frequency in Hertz. Coherence, at a
given frequency, is a measure of the synchrony between x
and y; the higher the synchrony, the higher the coherence. In
EEG studies, the mean coherence over a given frequency
range is a feature often used to evaluate differences between
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patient groups.

AD is believed to be a “disconnection syndrome”,
resulting in (or the result of) damage to long cortical fibers
in the cortex of the brain [5]. Coherence can estimate the
extent of this damage if the EEG channels roughly match the
termination points of such a cortical fibers. In this case, a
low coherence would indicate possible damage or
“disconnection” of that fiber tract, which may also explain
why AD patients often times exhibit lower EEG coherence.

MCI patients suffer memory or cognitive loss that is
somewhat greater than controls, but not to the profound level
of patients with AD or other forms of dementia [1]. MCI is
considered a transitional state to AD, since as many as 25%
of such patients per year develop AD [2]. While AD can
develop from MCI, not all patients with MCI progress to
AD. Hence, identification of MCI is vital to early AD
detection.

In this paper, the mean EEG coherences of a group of AD,
MCI, and age-matched controls are analyzed using a k-
means clustering algorithm. Our aims were threefold:
Firstly, we applied multiple discriminant analysis to the
mean coherences before k-means clustering, this in an
attempt to improve classification rates; Secondly, we
provided a statistical analysis of the coherences and derived
a model showing the extent of potential damage to selected
cortical fibers; And lastly, we propose a model outlining
possible relationships between AD and MCI in terms of their
EEG coherence patterns.

II. PROCEDURES

A. Participants

56 subjects participated in the study. 16 were AD patients
(6 males, 10 females, mean age 75.07 years, 15 right-handed
and 1 left-handed), 24 MCI patients (10 males, 14 females,
mean age 75.36 years, all right-handed), and 16 controls (6
males and 10 females, mean age 75.53 years, all-right-
handed). All volunteered to participate in the study and gave
written consent as part of their involvement in the Memory
Clinic at Texas Tech University Health Sciences Center.

B. EEG Details

For all EEG recordings, 16 electrodes were positioned
according to the 10-20 international system. The chosen
electrode sites were: Fpl, Fp2, F7, F3, F4, F8, T3, C3, C4,
T4, TS, P3, P4, T6, Ol and O2. Impedance of the electrode-
skin interface was maintained below 5kQ at each electrode
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site via conducting gel. In all, there were 16 channels (see
Fig. 1 for details, e.g., the Fpl-F3 channel is labeled
Channel 1 in the diagram and so forth), and were referenced
in accordance with a longitudinal bipolar montage.

Each subject was asked to remain as still as possible and
to keep their eyes closed while their EEG was recorded,
using a Medelec Valor digital amplifier with a sampling rate
of 256 Hz. A 30 sec artifact-free epoch was selected from
each channel recording, filtered using a 0.5 to 50 Hz
bandpass filter, and normalized to the total power present
within a given channel. The latter helps to minimize any
differences between amplifier and impedance settings across
channels and participants. These filtered and normalized
data were then used in all coherence calculations.

Fig. 1. 16-channel longitudinal bipolar montage.

III. FEATURE SELECTION AND CLUSTERING

A. Feature Selection

The coherences of selected pairs of channels were
computed. These channel pairs are the same ones used in [5]
and their locations are roughly the termination points of
(projections of) key fiber tracts in the cortex of the brain [5].
Table I shows the list of channel pairs. The coherence of
each was averaged over six frequency bands: 0.5 — 4, 4 — 8§,
8§ —-12, 12 - 16, 16 — 20 and 20 — 24 Hz. And as a result,
there were 18 channel pairings across 6 frequency bands for
a total of 108 EEG features for each subject.

To select relevant and statistically significant EEG
features showing important differences between any two of
the groups (AD, MCI and controls), the Wilcoxon rank-
sum test [6] was used. This test assesses the significance of
the differences between any two groups for a given feature,
and Table II shows those features that were significantly
different. The probability of such a difference being
significant by chance alone was maintained at < 0.03.

For each of the sets of features in Table II, multiple
discriminant analysis [7] was used to transform mean

TABLE I

CHANNEL PAIRINGS FOR BIPOLAR MONTAGE [1], [5].
Channel Channel Channel Channel Channel Pair
Electrodes  No. Electrodes  No. (CP)
P3-01 4 F3-C3 2 42
P3-01 4 Fpl1-F3 1 41
P3-01 4 Fpl-T1 9 49
P4-02 8 Fp2-F4 5 85
P4-02 8 Fp2-T2 13 813
P4-02 8 F4-C4 6 86
Fpl-F3 1 C3-P3 3 13
Fpl-F3 1 T5-01 12 112
Fp2-F4 5 C4-P4 7 57
Fp2-F4 5 T6-02 16 516
P3-01 4 P3-C3 3 43
P3-01 4 T3-T5 11 411
P4-02 8 P4-C4 7 87
P4-02 8 T4-T6 15 815
Fpl-F3 1 F3-C3 2 12
Fpl-F3 1 Fpl-F7 9 19
Fp2-F4 5 F4-C4 6 56
Fp2-F4 5 Fp2-F8 13 513

coherences into a vector space whose eigenvectors best
highlight the differences between the groups; this technique
produced a reduction in the feature set, specifically
eliminating those with small eigenvalues.

B. K-means Clustering

A k-means clustering algorithm was applied to the three
groups of features in Table II, yielding three classifications:

TABLE II
WILCOXON TEST RESULTS, SIGNIFICANCE LEVEL = (.03.
Classes Frequency Bands
being
compared 05-4Hz 4-8Hz 12-16 Hz 20-24 Hz
AD vs. 41 49 86 13
Controls 49 13 815
813 57 12
112 12
57
513
AD vs. 41 41 13
MCI 49 13 19
813 57 513
112 513
19
513
MCI vs. 57 86 49
Controls

Entries in the table are features (channel pairing and frequency band)
that show appreciable separation between AD and Controls, AD and MCI,
and MCI and Controls.

AD vs. Controls, AD vs. MCI, and MCI vs. Controls. This
process was repeated, this time with multiple discriminant
analysis transformation of the features taking place before k-
means clustering. Table III shows these classification rates.
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Clustering algorithms search for “natural groupings” or
“clusters” in the feature vectors. They do not require any
training. The k-means algorithm [7], [8], starting with user-
provided cluster mean vectors, iteratively calculates the
mean vector of each cluster until there is little or no change
in successively calculated mean vectors. This algorithm
features fast convergence and provides high classification
rates as long as the number of clusters is known, reasonable
initial mean estimates are used, and the clusters are
comparable in size and fairly well-separated.

We combined all the 21 features in Table II into one
feature set and applied the k-means algorithm to perform a

TABLE Il
TWO-CLASS CLASSIFICATION RESULTS

Two-Class Classification Rates (CR)
Comparison Without MDA With MDA
AD vs. Controls 4D AD
81.25% (13/16) 87.5% (14/16)
Controls Controls
68.75% (11/16) 100% (16/16)
Overall: 74.73% Overall: 93.54%
AD vs. MCI AD AD
81.25% (13/16) 87.5% (14/16)
McCI McCI
58.33% (14/24) 87.5% (21/24)
Overall: 68.84% Overall: 87.5%
MCI vs. McC1 McCI
Controls 62.5% (15/24) 66.67% (16/24)
Controls Controls

93.75% (15/16) 93.75% (15/16)

Overall: 76.55% Overall: 79.06%

The CR is the percentage of the members of a class that were correctly
classified. The overall CR percentage of all feature vectors within a
comparison that were correctly classified, irrespective of class.

three-class pattern recognition. As done previously, we
repeated this procedure, using the transformed feature
vectors. The classification rates obtained are shown in Table
IV. Note that just as in the two-class analyses, the

TABLE IV
THREE-CLASS CLASSIFICATION RESULTS

MDA Classification Rates (CR)
Status AD Controls MCI
No MDA 81.25% 43.75% (7/16) 50% (12/24)
(13/16) -5 -6 misclassified
-3 misclassified as AD
misclassified as AD -6 misclassified
as MCI -4 as Controls
misclassified
as MCI
Overall: 56.22%
With 87.5% (14/16) 81.25% 83.33% (20/24)
MDA -1 (13/16) -1 misclassified
misclassified -1 as AD
as MCI misclassified -3 misclassified
-1 as AD as Controls
misclassified -2
as Controls misclassified
as MCI

Overall: 83.99%

introduction of the multiple discriminant analysis
transformation brought about substantial improvement in
classification performance.

IV. THE EID MODEL

Using the 4-step process below, we derived a model of the
cortical fibers in the brain:

1. Calculate the median and inter-quartile range of each
feature in Table II, for each class.

2. For every feature, normalize the three medians to that of
the controls class to obtain a relative coherence median
(RCM). All features of the Controls would have an
RCM of 1.

3. Find the mean RCM of all channel pairings.

4. If the mean RCM of a channel pairing is greater than
1.1, give it an E rating. Give it a D rating if it is less
than 0.9. Channel pairings with a mean RCM between
0.9 and 1.1 get a rating of .

Each channel pairing is essentially a model of a cortical
fiber. Hence the RCMs and ratings provide a measure of the
damage to a set of these fibers. A fiber rated £ has been
enhanced by AD or MCI; One rated / has been left intact;
and one rated D has been damaged. Note that all fibers in
controls are rated I. Fig. 2 plots the fibers of the average
AD and MCI patient. (Fig. 2 is not to scale regarding the
anatomy of the fibers. For example, the fibers modeled by
channel pairings 41 and 49 lie close to each other and are
part of the superior longitudinal fasciculus [5], but have
been drawn as separated in Fig. 2 to illustrate their
differential ratings.)

V. DISCUSSION

Our aim for k-means clustering was to determine whether
the coherence features as obtained form reasonably well-
separated clusters representing AD, MCI and Control
groups. Such a separation between the groups would suggest
that EEG coherence can be used as the basis for a pattern
recognition system that automatically and reliably detects
the potential for AD in MCI patients.

Even without enhancing classification rates using multiple
discriminant analysis, the overall rates of classifications in
Tables III and IV were acceptable, ranging from 56% in the
three-class group to nearly 77% for the two group MCI-
Controls classification. Note that when the feature vectors
were transformed, the overall classification rate increased to
as high as 94% and never was below 79%. Thus, it is
possible to distinguish EEG coherence feature vectors of AD
patients, MCI patients, and controls using a fairly easily and
relatively automatic detection algorithm.

The aforementioned Wilcoxon test found 14 features with
significant separation between AD and Controls, and 13 for
AD and MCI, but only 3 for MCI versus Controls. This
suggests two things about the coherence features: Firstly, it
is easier to distinguish between AD patients and controls,
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Fig. 2. EID model of the average (a) AD and (b) MCI patients. I-rated
fibers are solid, E-rated ones thick and solid, and D-rated ones dashed.

and AD and MCI patients than it is to distinguish between
MCI and controls. Table III confirms this result: note that
with the multiple discriminant analysis transformation, the
MClI-controls classification showed the lowest overall
classification rate (79%). MCI patients consistently
produced the lowest classification values during k-means
clustering. Secondly, if it is difficult to tell MCI patients and
controls, then they must be similar in terms of their EEG
coherence which is an estimate of the integrity of their
cortical fibers. This similarity implies that the latter have
less damage to their fibers or have fewer fibers damaged as
compared to AD patients. Our EID model supports this
suggestion: note that Fig. 2a shows more /-rated fibers.

The EID model predicts some characteristics of AD and
MCI patients. Firstly, D-rated fibers in MCI patients are also

D-rated in AD. This suggests that AD may indeed be a
progression from the MCI state. Secondly, the differences
between AD and MCI appear primarily on the left side of the
brain, and currently, we do not fully understand the
neurological importance of this finding. Lastly, the
coherence of some fibers is enhanced by a given disease
states, presumably as compensation for other damaged
connections.

VI. CONCLUSION

K-means clustering of EEG coherence features obtained
from a group of AD, MCI and age-matched controls yielded
an overall classification rate of 66%. After multiple
discriminant analysis transformation of the features, overall
classification rates improved to 84%. This high percentage
suggests that a reliable and automatic method of detecting
AD and MCI patients based on pattern recognition of EEG
coherence is indeed possible.

Statistical analysis of the coherence features led to the
development of a model based on the integrity of cortical
fibers in AD and MCI patients: AD patients had more
damaged fibers than MCI patients. And, interestingly the
EEG coherences of some fibers were enhanced in each
group, presumably to compensate for the loss coherence in
other cortical fibers. Further studies need to be conducted to
verify such enhancement.
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