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Abstract— Detection of Mild Cognitive Impairment (MCI), a
possible biomarker for the Alzheimer disease (AD), has a huge
importance for the management of the elderly’s healthcare. As
the treatment of AD is very costly and the early discovery is
beneficial, a low-cost, early detection mechanism is needed. In
this study, Electroencephalography (EEG) data from seventeen
subjects was used to determine if brain activity could be used to
distinguish MCI with cognitively normal individuals and
compare classification performance. Event-related brain
potentials (ERP) were recorded in response to auditory speech
stimuli. We extracted spectral and temporal features of the ERPs
and built a MCI detection process with Support vector machine
(SVM), Logistic Regression (LR), and Random Forest (RF). We
have compared behavioral response against EEG based time
domain features, frequency domain features, and top-ranked
features of time-frequency domains. Four feature groups of our
study demonstrate that the ranked time and frequency domain
features of the EEG perform better than behavioral features and
other EEG/ERP response metrics. Our results demonstrate the
performance of the detection of MCI with a cross-validation
accuracy of 87.9%, sensitivity 85%, specificity 90%, and F-score
94%. Ability to objectively and reliably detect MCI at early
might lead to efficacious treatment of AD and related disorders.

Keywords— Electroencephalography; Event related potential;
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I. INTRODUCTION

In 2012, the cost of providing care for the Alzheimer
patients in the US was $200 billion and it is projected to grow
to $1.1 trillion per year by 2050 [1]. Therefore, preventing this
disease is of great importance for better healthcare as well as
for national interest. Earlier detection of MCI is critical in
order to manage Alzheimer’s or dementia care. Memory
impairment occurs naturally due to aging. However, if the
level of impairment goes beyond the expected level, that
condition is defined as mild cognitive impairment (MCI) [2].
MCI is the preliminary stage early cognitive decline, and if it
is not treated properly, there is a 10-54% and 10-15% chance
that MCI may lead to dementia, or Alzheimer’s, respectively

3.

Detection of MCI is an active field of research in which
people are investigating different physiological data such as
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structural magnetic resonance imaging (SMRI) and positron
emission tomography (PET) data with deep learning [4],
diffusion tensor imaging (DTI) and resting functional magnetic
resonance imaging (fMRI) data with multi-kernel SVM [5].
Although the data used in these approaches give multi-
dimensional information about the brain, the setups to obtain
them can be impractical and costly. Thus, people are also
investigating relatively low cost physiological data such as
EEG to detect [6-9], and classify [10] MCI from other diseases
affecting cognitive state. ERP extracted from multi-channel
EEG data have been used to characterize MCI. The auditory P2
component computed from 64-channel EEG [6], the auditory
mismatched negativity (MMN) from 19- channel EEG [7],
ERP amplitude and latency from 256 channels EEG [8], and
accuracy and response time during low and high working
memory conditions of memory task using 32-channel EEE [9]
have been investigated.

A non-ERP based direct EEG approach has also been
carried out to detect MCI from 19-channel EEG data [10],
which is the only study intended to classify the MCI vs. normal
subject using multi-channel EEG to the best of our knowledge.
Although multi-channel EEG has been studied rigorously,
single-channel EEG based MCI detection and classification
have not been investigated yet, which is important in order to
facilitate minimalistic and portable devices for continuous
patient monitoring. Single channel based disease detection and
classification is of growing interest [11-13], and we also
reported a single channel based artifact removal algorithm in
[14-15]. In this study, we have used single channel EEG data to
classify between MCI and normal functioning individuals.

We have included time and spectral domain features
extracted from the Fpz channel of the EEG data (neural
features), and subject related behavioral features in our study.
Support vector machine (SVM), logistic regression (LR), and
random forest (RF) have been investigated to classify MCI vs.
normal people. We observed that neural features along with the
SVM classifier provide the best performance such as 87.9%
leave-one-out cross-validation accuracy with sensitivity 85%,
specificity 90%, and F-score 94% while using SVM for
classification. Our result is comparable with the multi-channel
EEG and fMRI based techniques.


mailto:skhatun@memphis.edu
bashirmorshed
Sticky Note
S. Khatun, B. I. Morshed and G. M. Bidelman, "Single channel EEG time-frequency features to detect Mild Cognitive Impairment," 2017 IEEE International Symposium on Medical Measurements and Applications (MeMeA), Rochester, MN, 2017, pp. 437-442.
doi: 10.1109/MeMeA.2017.7985916


Il. EXPERIMENT

A total of seventeen subjects took part in this study out of
which ten persons (age [mean + standard deviation]: 66.4 + 7.5
years) were control and seven persons (age [mean +* standard
deviation]: 76.6 = 5.1 years) had MCI. All the subjects were
right-handed and had similar levels of education. Both male
and female had taken part in this study. A brief cognitive
screening tool called Montreal Cognitive Assessment (MOCA)
[16-18] was used to screen participants’ cognitive function.
MOCA scores <= 26 (out of 30) is indicative of MCI. All the
participants were monolingual speakers of English [17].

Continuous EEG data was collected using SynAmps RT
EEG amplifiers (Compumedics Neuroscan, Charlotte, NC,
USA). EEG were recorded differentially between an electrode
placed on the high forehead at the hairline referenced to linked
mastoids. This montage is optimal for recording auditory
evoked potentials [19-21]. Throughout the experiment, contact
impedances were maintained below 3 kQ. EEGs were digitized
at a 20 kHz sampling rate and bandpass filtered online between
0.05 and 3500 Hz.

A synthetic 5-step vowel continuum (vwl-vw5) was
constructed such that the first sound token sounded as /u/ and
last one sounded as /a/ (details described in [8]). During ERP
recording, the participants heard each sound token 200 times in
a randomly ordered way and they were asked to categorize
them with a binary response as quickly as possible (“u” or “a”).
Each sound token was 100 ms in duration and included 10 ms
of rise and fall time to reduce spectral platter [17]. After the
participant’s behavioral response, the interstimulus interval
(1SI) was jittered randomly between 400 and 600 ms (20-ms
steps, rectangular distribution) to avoid response anticipation.

I1l. MCI DETECTION PROCESS

The proposed MCI detection process includes following the
steps a) ERP extraction, b) neural/behavioral feature extraction,
c) feature ranking, d) classification (support vector
machine/logistic regression/random forest). In this study, we
only considered response to the sound “u” for the analysis.

A. Event Related Potential (ERP)

Trials which exceeded + 50 uV were excluded as ocular
artifacts [17]. EEG epochs were created from 100 ms before
the stimulus to 600 ms after the stimulus. Epochs were
baselined according to their pre-stimulus interval (-100 -0 ms).
The grand average ERP was then computed as the average of
all artifact-free epochs. Filtering was performed from 0-30 Hz.
via ERPLAB [22]. The grand average ERPs of both groups are
shown in Fig. 1.
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Fig. 1: Grand average ERP for sound “u” for both groups.

B. Neural Feature Extraction

Maximum amplitude and latency for the prominent waves
of the ERPs (Pa, P1, N1, and P2) were measured at specific
intervals. The intervals were taken as (25-35) ms, (60-80) ms,
(90-110) ms, and (150-250) ms respectively [17] (Fig. 2). Also,
the mean amplitudes of these specific intervals were taken on a
basis that they might give meaningful information [23]. In
addition to these time domain features, we measured the
percentage of total power in delta (0-4) Hz, theta (4-8) Hz,
alpha (8-16) Hz, and beta (16-30) Hz, respectively [24], to
quantify salient spectral features of the neural responses. From
the spectrogram of the ERP, the band powers of delta, theta,
alpha, and beta and the power of the ERP were calculated.
Then the percentages of the ERP power in the four bands were
calculated.
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Fig. 2: Temporal neural features extracted from the ERPs

C. Behavioral Feature Extraction

For each subject, reaction times (RTs) for every trial were
logged to quantify the speed of listeners’ speech categorization.
The acceptable limit for RTs considered here was 200 — 1500
ms [8-9]. For every subject, the RTs are Ty, T2, T3, Ta, Ts.. Tk,
respectively (Fig. 3) where k is the trial number. The
maximum, minimum, mean and standard deviation of the RTs
of the trials per subject were calculated and considered as
behavioral features.8888
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Fig. 3: Behavioral feature extraction process

D. Classification

We have investigated SVM, LR, and RF classifiers using
four combinations of the extracted features: a) time domain
features, b) frequency domain features, c) top-ranked features
from time-frequency domain, and d) behavioral features. In the
later part of our discussion, we will address the upper four
approaches as approach a, b, ¢, and d. For feature ranking, we
have used “rank.correlation” method from package “Fselector”
of software R. The algorithm uses Spearman’s rank correlation
coefficient formula [25]. In addition to feature ranking from the
R package, we have also conducted non-parametric statistics
(Mann-Whitney U test/ Wilcoxon rank-sum test) to rank
features. In the statistical test, the lower p-value the feature has,
the better discrimination power it has (considered). The mean
amplitude of the interval (90-110) ms and the amplitude of N1
have the p-value 0.021 and 0.026 respectively. The ranking
result of the neural features are given in Table I.

TABLE I. FEATURE RANKING OF NEURAL FEATURES

Ranking Feature Description

1 Mean of the amplitude of the interval (90-100) ms

2 Amplitude of N1

3 Latency of P1

4 Amplitude of P1

5 Mean of the amplitude of the interval (60-80) ms

6 Amplitude of Pa

7 Latency of Pa

8 % of total power in Theta Band

9 Mean of the amplitude of the interval (10-45) ms

10 % of total power in Beta Band

11 Latency of P2

12 Mean of the amplitude of the interval (150-200) ms

13 Latency of N1

14 Amplitude of P2

15 % of total power in Delta Band

16 % of total power in Alpha Band

In SVM, parameter search is performed using grid-search
approach (kernel = {polynomial, rbf}, C = {0.01, 0.1, 1, 10,
100}, degree, D = {2, 3, 4}, y = {105, 10, 103, 102, 101 })
with ten-fold cross validation. After choosing the top few
parameters, classification has been performed and support
vector ratio has been calculated with other performance metrics
as a measure of the degree of overfitting [26]. L2-regularized
logistic regression, a binary classifier, have been used in this
study. Optimal parameter C was selected from set {102, 10 1-
10 100, 1000 }. Random forest, an ensemble method, has been

used in this study. The number of trees used in this method is
50. For the convenience of the readers, all the classification
methods considered in this study and their acronyms are given
in Table Il. For the SVM implementation, MATLAB 2016a
version has been used. For LR and RF implementation, Weka
3.8 has been used. Liblinear package has been used to
implement LR.

TABLE Il. CLASSIFICATION PARAMETERS
Model Name Combination
CubC1 SVM (kernel = poly, C=1, D = 3)
CubC10 SVM (kernel = poly, C=10, D =3)
CubC100 SVM (kernel = poly, C=100, D = 3)
QuadC1 SVM (kernel = poly, C=1,D =4)
QuadC10 SVM (kernel = poly, C=10, D = 4)
QuadC100 SVM (kernel = poly, C=100, D = 4)
LRI2 Logistic Regression ( 12 regularization, C = 1000)
RF Random Forest

IV. RESULTS

Performance of the different feature approaches and
classifiers which are considered in this study are presented in
the Table I11. We report sensitivity (SN), specificity (SP), and F
score (F) for all the individual classes. We have also presented
the ratio of support vector (Ratio of SV/ SVR), a performance
measure for measuring the degree of overfitting, for the SVM
approaches. Generally, the higher the SN, SP, and F, the better
the performance. Whereas the lower the ratio of SV, the better
the technique is (as it has low overfitting, so it has more
generalization). For measuring performance, we have used
ten-fold cross-validation. As MCI detection is a priority, we
chose a method that has a higher sensitivity (SN) for MCI
identification. Among all of the approaches, approach ¢) top-
ranked features from time-frequency domains performs better
than others in sensing MCI with a sensitivity 85% (SNO) while
using CubC1. This model also generates 33.3% ratio of support
vector, which denotes a better score to fight with overfitting.
The SP for MCI detection is also high for this combination
(SPO = 90%) which depicts that this model has high true
negative rate (Table II1). F score is another metric which shows
the balance between precision and recall of a model. It is
observed from the Table 111 that the highest F score for MCI
(FO) is 94% (while using CubC1) and for Normal (F1) is 96%
(while using CubC10/ QuadC10).

Leave-one-out cross-validation (LOOCV) accuracy is
calculated for all the feature approaches and models as
LOOCV gives a view of overall performance of a classification
approach. The result is given in Fig. 4. Approach ¢ (combined
top ranked) generates the highest LOOCV accuracy for almost
all the models except RF. In RF, approach a (time domain
neural) performs better than other approaches but the accuracy
is 84.8% which is lower than the overall highest accuracy
which is 90.9%. The overall highest accuracy has been
generated by approach ¢ by model CubC100 or QuadC10. In
this study, our priority is to detect MCI and as this has been
obtained by CubC1 model, this becomes our model of interest.
The LOOCYV accuracy of CubC1l model is 87.9%. We have
compared the feature approaches’ performances while CubC1
model is used in Fig. 5. Sensitivity, specificity, and F score are



TABLE III. OVERALL PERFORMANCES OF FEATURE APPROACHES AND CLASSFIERS

Feature Combination Ratio of SNO SN1 SPO SP1 FO F1
Approach SV
Cubic(C=1) 24(72.7%) 55 50 50 55 65.7 575
Cubic(C=10) 19(57.6%) 50 55 55 50 56 574
Cubic(C=100) 19(57.6%) | 55 70 70 55 69.2 | 704
Neural Feature Quadratic(C=1) 23(69.7%) 45 80 80 45 68.6 68
From Time Quadratic(C=10) 18(54.5%) | 50 60 60 50 643 | 646
Series Quadratic(C=100) 18(54.5%) 80 65 65 80 74.3 77.9
Logistic Regression(l2 regularized, C = 1000) - 46.2 70 70 46.2 48 68.3
Random Forest - 76.9 90 90 76.9 80 87.8
Cubic(C=1) 21(63.6%) | 20 65 65 20 542 | 56.7
Cubic(C=10) 20(60.6%) 25 65 65 25 56.7 53.7
Neural Feature Cubic(C=100) 17(515%) | 55 65 65 55 752 | 633
From Spectral Quadratic(C=1) 21(63.6%) 35 40 40 35 52.2 54.4
characteristics Quadratic(C=10) 21(63.6%) | 55 50 50 55 593 | 617
Quadratic(C=100) 21(63.6%) | 60 45 45 60 626 | 73.9
Logistic Regression(I2 regularized, C = 1000) - 30.8 85 85 30.8 40 73.9
Random Forest - 30.8 85 85 30.8 40 73.9
Cubic(C=1) 11(33.3%) 85 90 90 85 94 90
Cubic(C=10) 8(24.2%) 75 90 90 75 93 96
Combined and Cubic(C=100) 6(18.2%) 65 90 90 65 91 93
Ranked from Quadratic(C=1) 10(30.3%) | 70 90 90 70 88 93
above Quadratic(C=10) 8(24.2%) 75 90 90 75 93 96
Quadratic(C=100) 6(18.2%) 75 85 85 75 88 92
Logistic Regression(I2 regularized, C = 1000) - 61.5 75 75 61.5 61.5 75
Random Forest - 30.8 85 85 30.8 40 73.9
Cubic(C=1) 24(72.7%) 50 65 65 50 63.3 68.3
Cubic(C=10) 24(72.7%) 45 55 55 45 54 65.7
Cubic(C=100) 27(81.8%) 35 75 75 35 63.9 62.3
Behavioral Quadratic(C=1) 18(54.5%) | 50 55 55 50 588 | 60.4
Feature Quadratic(C=10) 17(51.5%) 35 75 75 35 65.3 62
Quadratic(C=100) 19(57.6%) 50 75 75 50 66.7 69.6
Logistic Regression(I2 regularized, C = 1000) - 28.6 80 80 28.6 36.4 69.6
Random Forest - 21.4 45 45 21.4 214 45
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Fig. 4. Cross-Validation Accuracy of four feature appr
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Fig. 5. Overall performaces of CubC1 model for four feature approaches

used in the comparison. In Fig. 5, the weighted sensitivity,
specificity, and F score of all the CubC1 model have been
presented. In terms of sensitivity, specificity, and F score, it
is observed that the approach c (top-ranked features from
time-frequency domains) dominates the others.

V. DISCUSSION

The classifiers used in this study are standard ERP based
classification approaches. Although our data represent only a
single channel (Fpz) of EEG from a small number subjects
(Normal: 10, MCI: 7), we have found a model which can be
trained with a small number of features to distinguish
between MCI and cognitively normal individuals. Our model
achieves a good SVR (support vector ratio) which shows that
the proposed model can deal with overfitting. This study
serves as a proof of concept for the later stage of our pilot
study. We obtained accuracy of 87.9%, which is comparable
with the accuracy of multi-channel EEG system (88.9%)
[10], DTI, and fMRI based system (96.3%) [5]. In the future,
we plan to focus on improving accuracy and sensitivity by
exploring more features, and complex classifiers like deep
neural networks.

Since EEG data are contaminated with artifacts like
ocular, muscle artifacts, we have rejected the trials that
exceed a certain threshold for artifacts. It might be possible
to utilize artifact removal algorithm to preserve neuronal
information during artifact zones [14-15] instead of the
rejection of trials.

VI. CONCLUSIONS

In this study, our target was to detect MCl—a common
precursor of Alzheimer’s—via ERP responses from the
scalp EEG. We selected existing algorithms such as SVM,
LR, and RF and extracted features from neural (single
channel EEG) and behavioral responses during speech
processing tasks. We have observed that the approach
utilizing top-ranked features from time-frequency domain of
neural activity performs the best among other approaches

considered here. Based on our classification accuracy
(87.9%), we can predict that single channel based neuro-
monitoring has vast potential to be used in efficient patient
monitoring with ease and cost effectiveness. This work
presents our early analysis from one stimulus-response.
Future research directions include MCI detection
performance with multiple sound tokens. This study can
also be expanded to multichannel connectivity analysis, and
real-time implementation of the system with hardware-
software implementation.
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