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Diagnosis Method of Mild Cognitive Impairment
Based on Power Variance of EEG
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Abstract— Mild cognitive impairment (MCI) patients and
healthy people were classified by using a “power variance func-
tion (PVF)”, namely, an index of electroencephalography (EEG)
proposed in a previous report. PVF is defined by calculating
variance of the power variability of an EEG signal at each fre-
quency of the signal using wavelet transform. After confirming
that the distribution of PVFs of the subjects was a normal dis-
tribution at each frequency, the distributions of PVFs of 25 MCI
patients and those of 57 healthy people were compared in terms
of Z-score. The comparison results indicate that for the MCI
patients, the PVFs in the 6 band are significantly higher in left
parieto-occipital area and that those in the # band are lower in
the bitemporal area. Multidimensional discriminant analysis
using the PVF in the 6-f band recorded only on four electrodes
on the left parieto-occipital area could be used to classify MCI
patients from healthy people with leave-one-out accuracy of
87.5%. This indicates the possibility of diagnosing MCI by using
EEG signals recorded only on a few electrodes.

I. INTRODUCTION

Dementia is one of the most common disorders in the el-
derly population. Among several subtypes of dementia, the
most common is Alzheimer’s disease (AD). Although AD is a
brain degenerative disorder involving progressive dementia,
if it is detected and treated from an early stage, it is possible to
slow its progression [1]. Especially, the first stage of AD is
known as “Mild Cognitive Impairment (MCI)”. Therefore,
early diagnosis and effective treatment of MCI are critical
issues in the study of dementia.

Recently, functional neuroimaging techniques such as
single photon emission computed tomography (SPECT),
positron emission tomography (PET), and functional mag-
netic resonance imaging (f-MRI), have been commonly used
as methods for diagnosing MCI. Although these techniques
are useful for early diagnosis of AD, they are prohibitively
expensive and/or require the injection of radioactive tracer
compounds. In contrast, electroencephalography (EEG) is
inexpensive and non-radioactive; as a result, it has been con-
siderably researched as a diagnostic tool for the early stage of
AD.

Spectral analysis of the electroencephalograms of AD pa-
tients has been actively performed, and dimensional com-
plexity analysis of such EEG has been undertaken by a few
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studies [2]. However, according to a broad survey of the
relevant literature, the diagnostic accuracy of EEG in AD is
currently around 80%, and discriminating MCI was difficult
by analysis surveyed.

It has recently been shown that MCI can be classified by
analyzing “EEG synchrony,” namely, synchronization be-
tween each EEG signal recorded on electrodes. It was re-
ported that EEG signals of MCI patients synchronize signif-
icantly less than those of healthy people, and classification
accuracy of 87.5% for MCI patients was yielded [3]. This
value is much higher than that possible by spectral analysis;
however, a lot of electrodes are required to analyze EEG
synchrony. In consideration of the stress on the subjects, it is
better to use as few electrodes as possible in MCI diagnosis.

In this regard, Musha et al. indicated the possibility that
MCI could be detected with high sensitivity by evaluating the
variance of power of the EEG signals [4], and we analyzed
the variance of power of EEG signals at each frequency by
our unique index, termed a “Power Variance Function (PVF)”
[5] in previous report. A PVF can be calculated from single
EEG signal recorded on each electrode. By analyzing PVFs
of patients, we found PVFs of MCI patients significantly
differ from those of healthy people on some areas of the
subjects’ heads. This finding indicates the possibility of dis-
criminating MCI by using only a few electrodes (if appro-
priate electrodes selected).

Here, we show the EEG characteristics of MCI patients as
obtained with PVF and the results of discrimination of MCI
and Healthy subjects.

II. POWER VARIANCE FUNCTION

PVF indicates the variance of the power of an EEG signal
at each frequency. PVF is calculated as the follows [5]:

PVF(f) = log 6/ (f), (D)
where,
o (f) = E[(P,(f,©) — E[P,(f,)])?], (2)
P(f, ) = |[cwT x—(t)] ’ 3)
o JERZOUI

and x,(¢) is an EEG signal recorded at electrode i, fis the target
frequency to analyze, and CWT[x,(f)] shows the continuous
wavelet transform (CWT) of xi(#) [6]. CWT is defined as
follows:

CWT[x(t)] = C(a,t)

= \/% f_o:ox(r) P (%) dr, @

6003



where, a is the scale parameter, P (t) is the mother wavelet,
and ¥ (t) shows the complex conjugate of 1(t). In this paper,
the Gabor wavelet [6] as shown below was used as the mother

wavelet.
t 2

e oZe J2mfot )

Y(t) N
where, o defines the bandwidth of the Gaussian window and
fo is the central frequency. It is known that the real part of
CWTI[x(#)] shows the variability characteristics of x(#) at
frequency f = f;/a. Here, we empirically used o = 8, f, = 1.

The variance of P(f, 1), as shown in (2), becomes a function,
o(f), whose variable is /. The logarithm of o(f) is calculated
and defined as PVF, which indicates how active EEG varia-
bility is at . PVF was defined as simply o,(/) in a previous
paper [5], but the distribution of aiz(ﬁ was shifted to the left,
thereby complicating the multidimensional discriminant
analysis of PVFs of subjects. Accordingly, taking the loga-
rithm of ¢ °(f) made it possible to distribute PVF in a normal
distribution as described in Section B. For example, Fig. 1(a)
shows the histogram of 6;*(f), and Fig. 1(b) shows that of log
o7(f) (i.e., PVF in this study). From these figures, the shape of
the distribution approximated to a normal distribution can be
found by taking the logarithm of (/).

III. METHOD OF DISCRIMINANT ANALYSIS

It is to be noticed that using too many values for discri-
minant analysis degrades the performance and it is necessary
to select appropriate values (which differ largely) from all the
observed values of the two groups [7]. PVFs of MCI patients
and of healthy people (after noise was removed manually
from the EEG data) were therefore compared. Discriminant
analysis of PVFs of MCI patients and healthy people was then
performed.

A. Data Set

EEG signals of 57 healthy subjects (age: 57-89 years), and
25 MCI patients (age: 49-86 years; mini mental state exam-
ination (MMSE) was 24-30) were analyzed. The MCI pa-
tients were patients who were deemed probable or possible
AD patients at 12 or 18 months after their EEG signals were
recorded for the first time, and these first EEG signals are
used in this paper. All EEG signals were recorded by staff
from Brain Functions Laboratory, Inc. and the National
Center Hospital of Neurology and Psychiatry [8]. All re-
cordings were made while the patients were at rest with eyes
closed for 5 minutes. Twenty-one electrodes were placed over
the scalp in accordance with the 10-20 International System,
with a right-side auricular reference electrode. The sampling
rate was 200 Hz. After the collected data was processed with
a bandpass filter with a bandwidth of 2-40 Hz, a wavelet
transform was applied. The central frequency of the mother
wavelet was varied between 5 and 40 Hz in steps of 0.5 Hz.

When PVF is calculated, a recorded EEG signal is divided
into short segments for every constant period and segments
with unacceptable noise (e.g. saturation signal, myoelectricity
signal, etc.) are manually removed. PVFs are then calculated
from the remaining segments, and PVFs near the mean of all
the PVFs are chosen. The period of a segment was empiri-
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Figure 1. Comparison between distribution of ¢*(f) and that
of log o%(f); on electrode Fz, f= 6 Hz

cally set to 2.56 s, and 40 PVFs in order of Euclidean distance
from the mean of all the PVFs, were chosen. After that, the
mean of these 40 PVFs was used as the PVF of a subject.

B. Comparison of MCI and Healthy

To compare MCI patients and healthy people, the distribu-
tion of PVFs was evaluated first. The distributions of PVFs of
healthy subjects at each electrode are shown in Fig. 2. The
PVFs are distributed at each frequency at each electrode. The
color intensity of each graph shows the number of subjects.
Chi-square test confirmed that the distribution of PVFs of the
subjects is a normal distribution at almost every frequency.
Dots along the x axis in each graph mean that the distribution
fits a normal one at that frequency. What’s more, the PVFs of
the MCI patients are similar.

By confirming that the distribution of PVF was a normal
one, it was possible to use the “Z-score” to compare PVFs of
MCT patients with those of healthy people. Z-score [7] is de-
fined as

_E[x] - E[x]
Z - -
o, o, (6)
nta.
where, x is an observed value (i.e. PVF(f) of a MCI patient), o
is the variance of x, n is the number of subjects in a group, and
subscript ¢ means the values are got from a control group (i.e.,
healthy people).

The mean Z-scores in 6 (5.0-8.0 Hz), a (8.5-13.0 Hz), B
(13.5-20.0 Hz), and v (20.5-35.0 Hz) on each electrode are
shown in Fig. 3. Gray areas indicate Z-score of less than 1.65,
which means the difference between two groups is not sig-
nificant when the level of significance p is 0.1. It is clear from
Fig. 3 that PVF in the 6 band is higher in the left
parieto-occipital area and that the f band is lower in the
bitemporal area for MCI patients.

C. Discrimination of MCI and Healthy

MCI patients were classified from healthy people by mul-
tidimensional discriminant analysis. If a vector x consisted of
observed values satisfies (7), x can be classified as group i.

o b ™
fi®) i
where, p; is the ratio of x in group i, p; is thatin groupj (i.e. i

means MCI, j means healthy), and f;(X) is a probability dis-
tribution function of multidimensional normal distribution
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Figure 2. Distribution of PVFs of healthy subjects
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Figure 3. Z-score of PVF of MCI patients
calculated from reference data from group i. Multidimen- 011 " O
sional normal distribution is defined as L= : (11)
0' “ee 0'
fix) =1N(Xi K, zi)l [( ™ )( m )]
— Ty-1 ® Opq = E|(Xp —tp)(Xg — 1
= Zog P [E x—m) E (x— l‘-i)] pd P ) PR T (12)
p.g=1,2,....n
where,

r and x is a observed value, n is the number of observed value, u
X = {x1, %, ) X} ) is the mean of x, and ,,, is the covariance between x, and x,.
W= {py, iy, ooer 3" (10) According to the results of section B, electrodes in left
parieto-occipital and bitemporal area were selected, and were
placed in a symmetrical arrangement or in a continuous line
in consideration of convenience of putting electrodes on pa-
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tients’ heads. PVFs in 6-p band (5.0-17.5 Hz) were selected
except frequency where distribution of PVFs wasn’t normal
distribution.

The same number of subjects (24, including reference and
target) were selected at random from the MCI patients and
healthy people because of clarity in evaluation of accuracy.
Then, we used the 40 PVFs calculated from a subject in sec-
tion A as reference data, because samples more than the ob-
served values are required as reference data for multidimen-
sional discriminant analysis.

IV. RESULTS

The results of discriminant analysis on the MCI and
healthy patients are listed in Table 1. Specificity refers to the
percentage of subjects who are classified as healthy among a
group of healthy people and sensitivity refers to that of ones
who are classified as MCI among a group of MCI patients.
Accuracy refers to the percentage of subjects who are classi-
fied correctly among all subjects. These percentages were
evaluated by leave-one-out cross validation, so a target sub-
ject was classified using reference data except 40 PVFs of the
target subject. Bold text indicates the results are larger than
80%

When electrodes T4 and T6 were used, the specificity was
highest (i.e., 91.7%) but sensitivity was comparatively low.

The specificity tends to be higher than sensitivity when T4
is used. On the other hand, the sensitivity was higher than
80% when electrode T3 was used, and it was higher than
specificity in all cases. The highest accuracy, 87.5% was
achieved by using T3, TS5, Ol, and Oz. In this case, both
specificity and sensitivity were also 87.5%. The second
highest accuracy 84.6% was obtained by using T3, TS5, and
Ol.

V. DISCUSSION

Comparison of MCI and healthy patients showed that PVF
in the @ band is higher in the left area of the brain. This result
seems to be valid because it is well known that the left brain is
supposed to control logical, objective, and analytic thinking,
so it is natural for MCI patients to show abnormality in the
left area of brain. Moreover, PVF of MCI patients in the 8
band was also higher in the parieto-occipital area. This area is
located right above posterior cingulate cortex, which is veri-
fied as the first area damaged by Alzheimer’s disease by
many researches using PET [9]. On the other hand, PVF in the
p band was lower in the bitemporal area for MCI patients, and

TABLE 1. The results of discriminant analysis

Electrode Specificity (%)  Sensitivity (%) Accuracy (%)
T3 66.7 83.3 75.0
T4 79.2 75.0 77.1
T3, T4 66.7 83.3 75.0
T3, T5 71.1 83.3 77.1
T5, T6 75.0 75.0 75.0
T4, T6 91.7 75.0 83.3
T3, T5, 01 83.3 87.5 84.6
T4, T6, 02 83.3 75.0 79.2
T3, T4, T5, T6 70.8 87.5 79.2
T3, T5, 01, Oz 87.5 87.5 87.5
T4, T6, 02, Oz 83.3 75.0 79.2

this matches results of many researches using spectral analy-
sis. These results indicate PVF can include both characteris-
tics of spectral analysis and neuro-imaging analysis such as
PET.

In discrimination of MCI patients and healthy people, the
sensitivity was higher than 80% when electrode T3 was used,
and accuracy increased as electrodes were added on
left-occipital area. This indicates that abnormality on
left-temporal lobe (i.e., T3) appears in both of MCI patients
and healthy people, but abnormality on wide area of
left-occipital lobe appears in only MCI patients. The highest
accuracy was 87.5% when four electrodes were used, T3, T5,
Ol1, and Oz. This value is as high as that of discrimination by
EEG synchrony; however, the electrodes in this study were
arranged symmetrically or in a continuous line, and all com-
binations of electrodes were not evaluated. It is therefore
possible to obtain higher accuracy if other electrode ar-
rangements were evaluated simply to aim at high accuracy.

Though high accuracy was yielded by PVF, the number of
subjects is not enough to confirm its practicality, and there is
little medical or neurological evidence that PVF is related to
neuronal abnormality. Accordingly, to develop the method as
a tool for diagnosis of MCI, more patients must be surveyed
and opinions must be exchanged with medical intellectuals.

VI. CONCLUSIONS AND FUTURE WORKS

PVF is a very sensitive index of neuronal disorder. It can be
used to classify MCI patients from healthy people with ac-
curacy higher than 80% by obtaining PVFs with a few elec-
trodes. We will survey more patients to develop proposed
method as a tool for diagnosis for MCI.
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