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Abstract—Dementia has become a global public health issue. The
current study is focused on diagnosing dementia with Electro
Encephalography (EEG). The detection of the advancement of
the disease is carried out by detecting the abnormal behavior in
EEG measurements. Assessment and evaluation of EEG
abnormalities is conducted for all the subjects in order to detect
dementia. EEG feature analysis, namely dominant frequency,
dominant frequency variability, and frequency prevalence, is
done for abnormal and normal subjects and the results are
compared. For dementia with Lewy bodies, in 85% of the epochs,
the dominant frequency is present in the delta range whereas for
normal subjects it lies in the alpha range. The dominant
frequency variability in 75% of the epochs is above 4Hz for
dementia with Lewy bodies, and in normal subjects at 72% of the
epochs, the dominant frequency variability is less than 2Hz. It is
observed that these features are sufficient to diagnose dementia
with Lewy bodies. The classification of Lewy body dementia is
done by using a feed-forward artificial neural network which
proved to have a 94.4% classification accuracy. The classification
with the proposed feed-forward neural network has better
accuracy, sensitivity, and specificity than the already known
methods.
Keywords-Lewy body dementia; EEG; dementia; neural
network; dominant frequency

I.
INTRODUCTION
The term dementia refers to a syndrome that causes a
decline in cognitive functions, mainly the person’s memory and
intelligence, due to the death of brain cells. Different types of
dementia have their own characteristic features. In Alzheimer's
disease, the pathology involves the reduction of neurons which
help in stimulating cortex and hippocampus regions, deposits in
blood vessels, and formation of amyloid plaques [1]. An
intermediate stage called mild cognitive impairment was found
between the normal cognitive and dementia. Subjects in this
stage are not demented but exhibit a decline in memory beyond
that expected at their age and education [2, 3]. Mild cognitive
impairment is an earlier stage, which may progress to dementia
[4]. Psychometric predictors and clinical evaluation in elderly
subjects can predict mild cognitive impairment [5]. Mild
cognitive impairment and dementia can be detected using EEG
biomarkers [6-8]. Mini Mental State Examination (MMSE),
Clinical Dementia Rating (CDR), and Global Deterioration

Scale (GDS) are the subjective measures used to evaluate the
early stages of mild dementia [3, 4, 11].
Alzheimer’s Disease (AD) is the most common form of
dementia [9, 10]. In AD patients, the decrease in consistency of
fast rhythms and shift of power spectrum to lower frequencies,
are the abnormalities in EEG signals [13]. The second most
common dementia is Vascular Dementia (VaD) [14]. VaD is
caused by the ischemic brain lesions due to cardiovascular
pathology resulting in decline of the cognitive functions [1517]. Another type of dementia, Lewy Body Dementia (LBD) is
characterized by Lewy bodies with large old plaques. Fronto
Temporal Dementia (FTD) might occur in middle aged people
and is characterized by the degeneration of prefrontal and
anterior temporal cortex associated with personality changes
and changes in social conduct [18]. Parkinsonism consists of
problems in motor nerves namely, resting tremor, rigidity and
freezing [19].
Finding a biomarker to detect dementia at an earlier stage is
a major challenge. The biomarker should detect the
neuropathological processes caused by dementia to help the
effective treatment of the disease [10]. EEG can function as
such a biomarker to identify those physiological and
pathological conditions. EEG in addition to functioning as a
diagnosis tool also differentiates the stages of dementia [20].
The reduced cost and non-invasiveness of the EEG electrodes
makes it suitable for detecting dementia and its progression
[10, 11]. The challenges in an EEG biomarker are the accurate
and early detection of the disease [6]. The identification of
different stages of dementia and the precise detection is made
possible by EEG [21]. Slowing of EEG dominant posterior
rhythm frequency and reduced alpha and beta activities are
observed in visual characteristics of AD. Reductions in mean
frequency and alpha and beta power are observed in the
analysis of EEG signals of AD patients, in earlier stages of
dementia [4]. Mild dementia is characterized by an increase in
theta activity and severe dementia by a decrease in beta activity
[22, 23]. Resting state eyes-closed EEG recording is used to
assess the progression from mild to severe AD. The stage of
mild cognitive impairment is characterized by increase in delta
power and decrease in alpha and beta power [24]. Early stages
of LBD show reduction in cognitive functions like attention,
problem solving, and visuospatial skills. Changes in cognitive
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function and Parkinsonism are the characteristic features that
differentiate DLB from AD and other dementias [25]. LBD and
AD are distinguished in early stages by quantitative analysis on
the EEG signal. The dominant frequency of AD patients were
in alpha range, in greater than 60% of the epochs and dominant
frequency variability in AD was less than 1.6Hz whereas LBD
patients had dominant frequency variability greater than 4Hz
[26-28].

Statistical learning techniques are developed and compared
using pattern recognition which is one of the key aspects of
artificial intelligence. Linear Discriminant Analysis (LDA) and
neural networks, Support Vector Machine (SVM) [29, 30],
Linear Support Vector Machine (LSVM), Balanced
Communication-Avoiding Support Vector Machine (BCASVM) [32], and Levenberga algorithm [33] are some of the
available classifiers.

In our present study, classification of LBD and control
(normal) subjects is achieved with the help of a feed forward
neural network with features extracted in the frequency domain
[33]. This paper aims in finding whether these abnormalities
are present in the EEG and whether these can help in the
detection and classification of dementia to improve diagnostic
accuracy.

In the proposed method, accuracy, i.e. the differentiation of
subjects with LBD from normal subjects, sensitivity which
determines LBD correctly, and specificity which determines
the healthy subjects correctly, were obtained with a twolayered feed forward neural network. Simulation of the above
study is done using the EEG data obtained from the Bonn data
base [32].

II.

MATERIALS AND METHODS

The proposed method consists of EEG acquisition,
preprocessing, feature extraction, and classification as shown in
Figure 1. EEG recording was done with subjects awake,
relaxed, and with eyes closed. The sampling rate was 173.6Hz.
Two-second long epochs were chosen for analysis [28, 33]. A
total of 12 abnormal and 18 normal EEG records were
obtained. Fast Fourier Transform (FFT),  was performed
for the EEG time series  . Spectral amplitude  was
evaluated for each epoch, with being the number of epochs.
The frequency at which  is maximum, among all epochs is
the dominant frequency value
. The Mean Dominant
Frequency (MDF) of all epochs was found. Dominant
Frequency Range (DFR), the range of maximum and minimum
value of , Dominant Frequency Variability (DFV), the
variation of the dominant frequency, i.e. the difference between
the maximum and minimum value of , Frequency Prevalence
(FP) which indicates the existence of a frequency in alpha,
theta, or delta range were evaluated. The above features are
extracted from the preprocessed signal which is applied for
classification to the feed forward neural network as normal and
demented signals. In the proposed method, Levenberg
algorithm is used to update the weights of the feed forward
neural network.

III.

RESULTS AND DISCUSSION

Analysis of Dominant Frequency (DF), MDF, DFR, DFV,
and FP in both normal and abnormal EEGs was conducted.
Table I shows the features extracted from 12 abnormal EEGs.
For every subject, the maximum DF among all epochs was
chosen. It is observed that, the DF in almost all subjects, except
subject 9, falls in the delta range. MDF is present in the delta
range in all the analyzed subjects. The DFRs of subjects 2, 4,
and 8 fall completely in the delta range. The DFV of 50% of
the subjects is present in the delta and theta range. Above 80%
of the subjects have FP in the delta range. From the feature
analysis of abnormal subjects, it is found that, the MDF of all
the epochs is found to be greater than 0.9Hz and the DFV is
greater than 4Hz in 75% of epochs which confirms LBD
similar to pattern 4 [27].
TABLE I.

FEATURES OF LDB

S.NO DF (Hz) MDF (Hz) DFR (Hz) DFV (Hz)
1
1.3
1.0
0-4.4
4.0
2
3.3
0.9
0-3.3
3.0
3
0.6
1.6
0-11.5
12.0
4
0.6
1.0
0.3-2.0
2.0
5
1.3
1.6
0-5-7.0
6.0
6
0.3
1.4
0.0-11.8
12.0
7
0.3
3.5
0.3-11.1
11.0
8
1.0
1.29
0.3-3.0
3.0
9
10.8
2.9
0.0-11.8
12.0
10
0.6
2.2
0.3-11.5
12.0
11
0.339
4.0
0.0-11.5
11.5
12
0.339
4.2
0.33-12.2
11.86

FP (%)
D=90 T=10
D=100
D=90 A=10
D=100
D=80 T=20
D=80 A=20
D=73 A=27
D=100
D=80 A=20
D=90 A=10
D=58 A=42
D=67 A=33

D: delta 1-3.9Hz ,T: theta 4-5.5Hz, A: alpha 8-12Hz

Fig. 1.

Flow chart of the proposed method.

Machine learning algorithms learn from the past experience
and provide optimized performance criteria. The most
important aspect of a learning algorithm is its accuracy.
www.etasr.com

Table II shows the features extracted from normal EEGs. It
is observed that, the DF in more than the 80% subjects falls in
the alpha range. MDF is present in alpha range 80% of the
analyzed subjects. The DF range of 83% of the subjects falls in
the delta range. The DFV of 80% of the subjects is present in
the delta range. Above 70% of the subjects have FP in the
alpha range. Figure 2 shows the comparison of the DF for LBD
and normal subjects. The DF for LBD is present in the 85% of
the epochs in delta range, between 0.3Hz and 3.3 Hz. The DF
of subject 9 alone falls in the alpha (10.8Hz) in LBD, whereas
subjects, except 3, 15, and 16, exhibit DF in alpha, between
10Hz and 11Hz. The 85% of the epochs in normal subjects
have DF in the alpha range.
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TABLE II.

FEATURES OF NORMAL SUBJECTS

S.NO DF (Hz) MDF (Hz)
1
10.5
3.2
2
11.0
11.0
3
14.0
14.0
4
11.0
11.5
5
11.0
11.5
6
10.8
11.0
7
11.0
11.29
8
11.0
11.25
9
11.0
11.13
10
11.0
11.55
11
11.0
11.61
12
11.0
11.5
13
11
10
14
11
11
15
15
13
16
14
14
17
11
11.5
18
11
11.5

DFR(Hz) DFV(Hz)
FP (%)
0.0-10.5
10.5
D=75 A=25
11.0-12.0
1.0
A=100
12.0-14.0
2.0
A=100
11.0-12.0
1.0
D=25 A=75
11.0-12.0
1.0
D=100
10.5-11.0
1.02
A=100
11.0-12.0
1.0
A=100
11.0-12.0
1.0
D=75 A=25
11.0-12.0
1.0
A=100
11.0-12.0
1.0
A=100
11.0-12.0
1.0
A=100
11.0-12.0
1.0
D=8 A=92
9-11
2
D=8 A=92
11-12
1
D=25 A=75
10-16
6
A=100
8-15
7
A=100
11-12
1
A=100
11-12
1
A=100
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normal subjects 80% of the epochs are in the alpha range. It is
therefore found that EEG abnormalities can function as a
marker for the detection of LBD.

Fig. 4.

DFV for LBD and normal subjects.

D: delta 1-3.9Hz ,T: theta 4-5.5Hz, A: alpha 8-12Hz

Fig. 5.

Fig. 2.

DF of LBD and normal subjects.

The calculated MDF for LBD and normal subjects is shown
in Figure 3. All the normal subjects, except 1, 3, 15, and 16,
have MDF in alpha, between 11Hz and 12Hz, whereas in LBD,
the MDF falls in the delta range of 0.9Hz and 3.5 Hz in
subjects 1 to 10 and theta range of 4Hz and 4.2Hz in subjects
11 and 12 respectively.

FP for LBD and normal subjects.

IV. CLASSIFICATION
The extracted features DF, MDF, and DFV were utilized in
a feed forward neural network implemented in MatLab.
Levenberg algorithm was used to update the weights of the
neural network. Accuracy, sensitivity, and specificity were
used to evaluate the classification performance. These
parameters are calculated as:
Accuracy 




Sensitivity 
Specificity 


 



(1)
(2)

(3)

where TP, TN, FP, FN stand for the true positive, true negative,
false positive and false negative classifications respectively.

Fig. 3.

MDF of LBD and normal subjects.

Figure 4 shows the comparison of DFV for subjects with
LBD and normal subjects. In 75% of the epochs, DFV above
4Hz is observed in dementia and in normal subjects 83% of the
epochs have DFV less than 2Hz. All LBD subjects, except 2, 4,
and 8, have DFV above 4Hz. All normal subjects, except 1, 15,
and 16, have DFV less than 2Hz. The calculated FP for LBD
and normal subjects is shown in Figure 5. More than 80% of
the epochs in LBD have FP in the delta range [24], whereas for

www.etasr.com

The confusion matrix evaluates the overall performance of
a classification method. Accuracy, sensitivity, and specificity
of each feature are obtained from the confusion matrix. Figure
6 shows the confusion matrix obtained for classification using
the feature DFV. Accuracy of 88.9%, sensitivity of 83.3%, and
specificity of 100% were achieved. Figure 7 shows the
confusion matrix obtained for classification using DF, with
accuracy of 94.4%, sensitivity of 90.9%, and specificity of
100% achieved. Figure 8 shows the confusion matrix obtained
for MDF. The acquired accuracy, sensitivity, and specificity
were 94.4%, 88.9% and 100% respectively.
Table III shows the accuracy, sensitivity, and specificity
using the classifiers spectral SVM, decision tree with Fourier
coefficients, and SVM with spectral peak [30, 35, 36]. The
classifier performance is poor in Fourier coefficients with
decision tree, where the accuracy, sensitivity and specificity are
less than 75%, whereas spectral svm shows good classifier
performance, with accuracy of 86%, sensitivity of 88% and
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TABLE III.

specificity of 84%. The accuracy, sensitivity, and specificity of
the proposed feed forward neural network classifier with
features like MDF, DFV and DF obtained from the confusion
matrix is shown in Table IV.

ACCURACY , SENSITIVITY , AND SPECIFICITY OF OTHER
CLASSIFIERS

Feature
Spectral SVM
Fourier coefficients with
decision tree
Spectral peak SVM
TABLE IV.

NN with MDF
NN with DFV
NN with DF

Confusion matrix for DFV.

Accuracy
(%)
86

Sensitivity
(%)
88

Specificity
(%)
84

72.2

72.2

59.4

79.9

83.2

76.4

ACCURACY , SENSITIVITY , AND SPECIFICITY OF THE NN
CLASSIFIER

Feature

Fig. 6.
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Accuracy
(%)
94.4
88.9
94.4

Sensitivity
(%)
88.9
83.3
90.9

Specificity
(%)
100
100
100

The highest percentage of sensitivity of the proposed
classifier is 90.9% with the DF feature. The specificity
obtained for the proposed classifier is 100% for MDF, DFV,
and DF, while the accuracy is 94.4% in both MDF and DF.
Hence, DF produces better results when compared to the other
features, MDF and DFV. This type of classification method
with a two-layered feed forward NN using dominant frequency
feature gives better sensitivity, specificity, and accuracy when
compared with other existing methods.
V. CONCLUSION
In this study, EEG analysis was performed on both
abnormal and healthy subjects. Dominant frequency analysis
was proposed to extract spectral features from EEG signals.
The spectral features obtained are sufficient for the diagnosis of
LBD [30]. An artificial neural network was used for
classification. The experimental results show that the proposed
two-layered feed forward artificial neural network-based
classifier can achieve better classification performance than the
existing LBD diagnosis methods.
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