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Electroencephalography (EEG) is one of the most common and benign methods for
analyzing and identifying abnormalities in the human brain. EEG is an incessant measure
of the activities of the human brain. In contrast, when the measurement of EEG is bounded
by time and the EEG is synchronized to an exterior stimulus, is known as Event-Related
Potential (ERP). ERP has the capability to perceive and explore the human brain’s
responses to specific sensitive, cognitive, or motor events in real time with high temporal
resolution. Among the various techniques, the oddball paradigm is very famous in EEG

Oddball Paradigm studies. In an oddball paradigm experiment, brain responses to frequent and infrequent
Artifact Corrupted Epochs stimuli are measured. However, the success of ERP research is very much dependent on the
Artifacts analysis of clean data sets and unfortunately, EEG is a combination of both neural and non-
Detection

neural activities which introduce significant sources of noise that are not related to the
brain’s response to the external stimulus. These unrelated non-EEG components are
acknowledged as artifacts and due to these, the quality of the EEG may damage by
decreasing SNR (signal-to-noise ratio). In addition, these artifacts may mislead the actual
information in the study. Addressing this problem, the purpose of this research is to introduce
a machine learning algorithm (ML) that can screen EEG/ERP data to remove data epochs
that are disrupted by artifacts and thus produce a clean data set. Overall, three unsupervised
ML algorithms are applied to identify noisy epochs and it is found that the DBScan method
performs best with 93.43% accuracy. Finally, the success of this study will allow the ERP
study to have a cleaner ERP data set in normal laboratory conditions with less complexity
in the ERP studies.

measures the electric potential of the brain over a continuous time
and EEG activities over a bounded time are acknowledged as Event-
Related Potential (ERP) [2]. ERPs can explore the brain’s response
to a specific sensory input with a high temporal resolution. In
addition, ERPs are potential for the use of human biomarker, and
other cerebral processes [3-5].

1. Introduction

This study is an extension of our previously published [1] paper
and was presented at the 7th International Conference on Data
Science and Machine Learning Applications (CDMA, 2022). In this
paper, we identified and detected the auditory ERP artifacts by
unsuper- vised Machine Learning Algorithms (MLAs) and
compared the results and features with the visual Event-Related
Potential (ERP) artifacts that were presented at the CDMA
conference.

The oddball paradigm is one of the common experimental
methods in ERP research. In the oddball paradigm, there is a
sequence of monotonous stimuli, and it is irregularly interrupted by
an uncommon stimulus [6]. In this study, the experimental work is
comprised of a typical auditory oddball paradigm. Here, the test
subject heard a series of tones with two different pitches. One of the
tones is played much more frequently than other. For example, a

Electroencephalography (EEG) is a safe and painless method
of measuring the human brain’s electrical activities in real-time. In
medical research, EEG experiments are very convenient. EEG
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common tone played 80% of the time with a randomly interspersed
157


http://www.astesj.com/
http://www.astesj.com/
https://dx.doi.org/10.25046/aj070517

R. Akhter et al. / Advances in Science, Technology and Engineering Systems Journal Vol. 7, No. 5, 157-166 (2022)

uncommon tone making up the remaining 20% of tones. It has been
established by different studies that ERP gives a maximum positive
peak of around 300 ms- 600 ms and the peak is higher for
target/oddball stimuli compared with standard stimuli. This
component is known as the P300 component [7].

However, EEG in its raw form is a mixture of neural and non-
neural activities. Any non-neural activities are unnecessary in EEG
research and recognized as artifacts in EEG/ERP research [8]. These
artifacts may produce erroneous results in ERP studies in various
ways. For example, may damage the ERP signal quality by reducing
the signal-to-noise ratio , there could some arbitrary artifacts which
occur infrequently for one certain condition for one test subject
while for other test subjects it may occur rarely. As a result, there
might be huge differences in the evaluation of two test subjects for
the same experiments [9]. There are many more reasons for
artifacts that may mislead the conclusion of any ERP study.

There are a huge number of sources of EEG artifacts but the
most common artifacts are related to eye and body movements. In
this study, our goal is to detect eye-blink artifacts, eye-movement
artifacts, and body movement artifacts in normal laboratory
conditions. Although much research has been done, there is no
standard technique for detecting and eliminating artifacts.
Addressing this, the aim of this study is to introduce a method of
machine learning (ML), in which we can identify artifact corrupted
ERP epochs and by removing those from the dataset, we will have
a clean dataset. This experiment is done with the addition of some
external effort to create artifacts. So that we could detect these
artifacts. As a result, the outcomes from this study will improve the
signal quality of the ERP experiment.

We applied the anomaly or outlier detection method of MLA
and our data was unlabeled i.e. we applied, unsupervised MLA.
Unsupervised MLAs find uncommon data points which have
different properties compared to others, in any dataset. We applied
three unsupervised MLAs for the detection of artifacts. They are
Density-Based Spatial Clustering of Applications with Noise (DB-
Scan), Isolation Forest (IsoF), and Local Outlier Factor (LOF). We
measured the artifact-mixed ERP epochs detection efficiency of
these methods and compared the accuracy of efficiency with the
standard EEGLab method. We found the DBScan method is most
efficient with 93.43% accuracy while the other methods also showed
a good efficiency, ranging from 85% to 87%.

EEG is frequently utilized to analyze epilepsy, which causes
variations from the norm in EEG readings. It is additionally utilized
to analyze rest clutters, the profundity of anesthesia, coma,
encephalopathies, and brain passing[10]. In general, EEG produces
amplitude with respect to time and it is a very sensitive
measurement. These measures are very important for clinical
decisions. But artifacts may change or hides the information in EEG
and re- moving these artifacts may take a long time for analyzing
the data by extracting features. But MLAs have shown faster
learning to process EEG signals [11] by outlier or anomaly
detection method. Isolation Forest is an effective MLA for this
detection with linear computational complexity. Screening
anomaly is useful for the detection of epileptic seizures [12]. LOF
can identify artifacts by producing abnormal scores using statistical
methods [13]. DBScan uses a clustering-based algorithm to detect

www.astesj.com

artifacts[14]. Overall, MLAs have shown effective importance in
analyzing epilepsy and other neurological diseases.

The organization of the paper is as tracks: section 2 consists
literature review, the experimental setup and procedure are
explained in Section 3, identification of artifacts are in section 4,
Section 5 contains practical implementations, and finally, results and
conclusions are in Sections 6 & 7.

2. Literature Review

A lot of research has been done to remove artifacts but most
methods require labeling the artifacts manually or requiring,
additional hardware. For example, Electrooculography electrodes
may require to place around the eyes or may necessitate data-sets
containing a huge amount of data, and many more [15]. The
involvement of humans to label artifacts in EEG data may be not
desirable as it might be a tedious and time-consuming process [16].

n [17], the author described an unsupervised EEG artifact
detection algorithm. It shows that this algorithm is effective to
identify eyeblinks with 98.15% accuracy. They collected their
dataset with the OpenBCI system and used EEGLab. In their
experiment, sub- jects were instructed to watch a video and read
articles, each for 5 minutes. They compared the methods with SVM
and k-NN which are learning-based methods. But the accuracy of
the performances of these methods was very low, 46.49% 67.82%
comparatively.

In [18], the author established a deep learning method using
Bayesian and attention modules to improve the performance of the
classifier. Here, after the filtering process, to remove line noise, the
artifact subspace reform (ASR) technique [19] was revised to
remove an artifact that is dispersed throughout the entire scalp with
a huge variance. The infomax-ICA technique was then directed to
get a set of ICs establishing EEG and artifacts [20]. To end,
topographic plots were grown and labeled by EEG experts. The
classification accuracy was very high, around 95% but this method
needs an attention module, task-dependent, and an EEG expert is
required.

In [21], mthe author depicted an EEG noise-reduction scheme
that customs representation knowledge to perform patient- and task-
specific discovery of artifacts and correction. More specifically,
their method is dependent on a given task and extracted 58 features
from the signals.

3. Experimental Setup and Procedure
3.1.  Dataset

This auditory oddball paradigm EEG data set is approved by
the Institutional Review Board (IRB) at the University of Georgia,
Athens. All of the participants provided knowledgeable permission.
In this study, the number of test subjects was 13 (both male and
female). They all were a minimum of 18 years of age. They had no
psychiatric conditions and no hearing or eye-sight weakening. The
EEG experiment had 3 setups and for every test subject, there were
3 data sets. The first data set is a mind wandering data set and the
last two are artifact corrupted/test data sets. For 13 subjects, there is
13 mind wandering data sets and 26 test data sets. However, in 3 of
the test data sets, almost all the ERP epochs were characterized by
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test subject distraction, and those 3 data sets were not considered in
our study. So, there was a total of 26 test data sets.

For the recording and collection of data, an OpenBCI EEG
capture system with an Ultracortex Mark IV headset was used.
Here, the electrodes were connected according to the international
10-20 system along the surface of the scalp [22]. The 8-channel
Cyton board was mounted to the headset. We connected electrodes
to the frontal (FP1, Fz), central (Cz, C4), parietal (Pz, P7, P8), and
occipital portion (O1, O2) in the human scalp (Fig. 1B). The Cyton
Board was wirelessly connected via a Bluetooth (4.0 Low Energy
BLE ) to adata collection computer. To generate the auditory stimuli
for the ERP oddball experiments, we used a Mikromedia PIC24EP
board, available from MikroElectronika Inc [23].

3.2.  Data Collection Procedure

In this auditory oddball paradigm, subjects hear a sequence
comprised of 2 tones with a different pitch where one of the tones is
played much more frequently than the other (ex. a common tone
played 80% of the time with a randomly interspersed uncommon
tone making up the remaining 20% of tones).

Mark IV Headset
UsEDongle OpenBCI GUI

P R .

{ xY; ;

oot : Speaker
Cyton Board -4

Test Subject

i Micromedia Boal

(b)

Figure 1: (a) The experimental setup of auditory oddball task. There were a series of
tones with two different frequencies of 1000Hz and 2000Hz. The tones were played
randomly with the stimuli duration of 200 ms and ISI of 3s 50 ms); (b) The
International 10/20 system of electrode positions. The red-colored electrode
positions were used to record the data in this experiment. For all the calculations, the
measurements of the Pz location (marked in blue) were used.

In this experiment, to record EEG (as shown schematically in
Fig. 1A), the Ultracortex Mark IV headset was used. There were 50
tones with two different pitches. One tone with 1000 Hz is known
as a “ common” tone and the other with 2000 Hz, is “uncommon or
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oddball ”. The subject was instructed to concentrate on the
uncommon tones and ignore the frequent tones. The proportion of
frequent and uncommon tones was 80:20. The stimuli or tone
duration was 200 ms and the Inter-stimulus Interval was 3s 50 ms.

There were 3 experimental setups. In the 1st setup, there was
no instruction for the test subjects. The subject heard the tones and
data were recorded. The data set from this setup is named a mind-
wandering data set. At the 2nd setup, the subjects were instructed to
give their special concentration to counting the uncommon/oddball
tones and try to overlook the common tones. In the 3rd setup, the
experimental condition was the same as in the 2nd, but we made an
unexpected disturbance. For example, we made an abrupt flash on
another monitor to divert the mind of the test subject, so that he/she
would have somebody’s movements or blink their eyes.

The data sets collected for the last two setups are named artifact
corrupted/test data sets. After completion of each dataset collection
procedure, there was a 1-3-minute break of “mental rest” before
initiating the next data collection interval.

3.3, Processing of Dataset

There were 3 data collection intervals for every subject and there
was a total of 26 test data sets, as described in section 3.1. After
recording, the data sets were protected in CSV format and EEGLab
(a tool of MATLAB) was used for the primary analysis [24]. The
DC offsets were uninvolved, and a band-pass filter (non-causal) of
0.1 Hz-30 Hz was used for the filtering of the EEG signals. For the
ERP epochs extraction, a time window of -1000 ms to 2000 ms was
bounded and ERP features were extracted in an adequate window of
200 ms to 600 ms after the commencement of the stimulus for the
ERP evaluation. For further calculation, all measures (amplitude
and latency) were evaluated from the uncommon stimuli at the Pz
electrode position.

4. Artifacts Detection

The signal recorded in ERP experiments is a combination of
EEG plus the non-neural source of activities. These non-neural
sources are mainly from the induced electrical signals of the
recording environment (e.g., line noise from lights and computers)
and human biological activities. For example, it is very usual that
while recording EEG, a test subject may blink his eye, moves his
eye, he may move his head, or body, there may be muscle activities,
have skin potential, and many more [25]. All of these may create
non-neural signals in EEG recording and these are considered
artifacts. As a result, EEG signals are often contaminated by
several artifacts such as the electrooculogram (EOG), the
electromyogram (EMG), electrocardiogram (ECG) and motion
artifacts are a result of, for example, an eye-blink activity is an EOG
artifact.

In this study, we tried to detect eye-blink, eye-movement, and
body-movement artifacts. Due to the spontaneous movement of
eyelids, the EOG artifact is normally always present in EEG signals.
When a subject blinks his eyes, an eye-blink artifact appears as a
high amplitude spike in the EEG signal [26]. Eyeblink responses are
opposite in polarities compared to EEG signals and usually consist
of a deflection of 50-100 V with a typical duration of 200-400 ms.

In addition, there are either horizontal eye movements or vertical
ones. For a horizontal movement of eyes (HEOQG), there is a higher
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positive voltage over the side of the head that the eyes now point
toward. For a leftward eye movement, a positive-going voltage
deflection is shown on the left side of the scalp, and a negative-going
voltage on the right. In the case of vertical eye movements (VEOG),
higher deflection shows between the electrodes below and above
the eyes[27,28].

The movement of the body is very obvious for a test subject.
Body movements create huge fluctuation of voltage levels and there
may be high voltage levels which may shift upward or/and
downward drift [29]. If these artifacts are not removed from the
dataset, then the measurement or the values of the ERP features may
be totally in the wrong format. All of these create huge artifacts in
EEG and change the measurement levels of ERP features. Fig.2
shows the artifacts in EEG recording for subject 1.

Time (ms)

Amplhitude (UV)
|

Axis description of the figures. x-axis: time in millisecond (ms); y-axis : EEG voltage
amplitudes in the microvolt

AT Ve eV Ve e

(a) EEG eye blink artifacts shows in green box (left) and artifacts due to eye-
movement shows right in green colored box (right)

:: NTAYE

—

o 1 2 5} 4

(b)EEG body movement artifacts
Figure 2: Examples of artifacts in EEG recordings for Subject 1
5. Practical Implementation

At first, we detected the artifact corrupted ERP epochs by a
standard method (EEG Lab) and after that, identified by unsuper-
vised Machine Learning Algorithms (MLA). For detecting artifact
corrupted ERP epochs , a maximum of 150 V (+/-) was set for peak-
amplitude detection and 25 V(+/-) maximum for mean amplitude.
The overall process of this study is shown in the following block
diagram (Fig. 3).
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4" /e procesns|
I-"li l
—{ Epoch extract |
Identify and remove artifact

corrupted ERP epochs from
test datasets by EEGLab

Identify and remove artifact
corrupted ERP epochs from
test datasets by ML methods

Find ERP epoch average Find the efficient ML method
and extract features l
Remove artifact corrupted

gpochs by best ML methods
. find epoch average and
extract features

.

Figure 3: The block diagram of this research shows all the steps of the auditory odd-
ball paradigm experiment and the comparison step with the visual oddball paradigm
experiment

Compare the
features

1.1 EEGLab: Standard method of ERP artifacts detection

EEGLab is one of the most popular EEG software for EEG
analysis [30]. It is a freely available open-source toolbox [31] that
provides an interactive graphical user interface (GUI), allows users
to flexibly and interactively process their high-density EEG, is
capable to do the dynamic brain data using independent component
analysis (ICA), and able to spectral time/frequency and coherence
analysis, as well as standard methods including event-related
potentials (ERP) [32] and many more. For all of these reasons, we
used EEGLab as a standard method of EEG/ERP analysis. Fig. 4
shows how these parameters for artifact rejection can be set for
automatic artifact identification in EEGLab. Beyond these simple
approaches, there are many other methods to detect and reject
artifacts in the EEG dataset.

r .
Bl ££GLAB v7.17.18b ‘ [y
File Edit Plot Datasets Help ~
Change sampling rate
#3: Filter the data » ochs
Re-reference
EI:]E' Interpolate electrodes
Fraar Reject continuous data by eye
Epo Extract epochs
Eve Remowve baseline
San  RunlIcA
Epo Remowve components
po
Automatic channel rejection
Reft " S
Cha tomatic epoch rejection
1CA Reject data epochs » Reject data (all methods)
Dat: Reject data using ICA L4 Reject by inspection
Locate dipoles using DIPFIT 2.x  » Reject extreme values
- Peak detection using EEG toolbox Reject by linear trend/variance
—

Reject by probability
Reject by kurtosis
Reject by spectra

FMRIB Tools »
Locate dipoles using LORETA »

Export marks to ICA reject

Reject marked epochs

(a) EEG Lab Menu bar shows the methods of detecting and rejecting abnormal
ERP epochs
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Start time(s) (ms) -1000 Ending time(s} (ms) 1999
Electrode(s) 1:31 Currently marked trials 0
Cale/Plot | S, E—
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Low frequency(s) (Hz) Q High frequency(s) (Hz) 50
Electrode(s) 1:31 Currently marked trials /]
Calc / Plot Help

(b) Shows the parameters selection options for rejecting ERP epochs

Figure 4: EEGLab processing steps for artifact corrupted ERP epochs detection

|
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(a) Yellow shaded epoch is marked as eye-blink-artifact

21 22 23 24 25
T T T T

I I I I
100 300 500 100 300 500 100 300 500 100 300 500

100 300 500

(b) Yellow shaded epoch is marked as body movement-artifact

5 1 S 2 S 3 ksl 4 B 5

0 250 500 0 250 500 0 250 500 0 250 500 0 250 500

(c) Yellow shaded epoch is considered as an artifact corrupted epoch due to
abnormal spectra

Figure 5: Examples of ERP artifacts detected by EEGLab (yellow shaded)
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We performed the following steps by EEGLab [33] Toolbox:
« Filter
e Run ICA

* Remove components

Extract epochs

» Reject Data epochs
In this study, we applied the method “Reject Data Epochs” by:

» Reject extreme values
» Reject by abnormal spectra

» Reject by the linear trend

The artifact corrupted ERPs detected by EEGLab methods,
following the a bove steps are shown in Fig. 5. Among the three
figures, in every figure, the yellow shaded epochs are not similar to
other epochs. These are detected as anomalous ERPs by EEGLab
“Reject Data Epochs” methods. For example, in fig SA, the yellow
shaded epoch ( 2nd from left) are showing a much higher peak
compared to others. It is known that, for eye blink, EEG amplitudes
give a higher peak. For this reason, it is marked as an eye-blink
corrupted epoch.

5.1.  Machine Learning Algorithms

Machine Learning Algorithms (MLAs) generally can predict
output from the given input values [34-36]. In addition, MLAs can
identify the outliers in the data-set in a very fastest ode with good
efficiency. Outlier points are significantly different from the
majority of the other data points[37] and the process of finding the
outliers in the data-set is known as anomaly detection. MLAs have
both supervised and unsupervised learning approaches. Supervised
learning uses labeled data to help predict outcomes. On the other
hand, unsupervised learning does not use labeled data [38]. They
analyze and discover hidden patterns and return the data points with
abnormal behavior. In this study, to detect the artifact corrupted
ERP epochs, the following 3 features were used. i. Mean of ERP
amplitude (mean), ii. The peak of ERP amplitude (peak P300), and
iii. latency of the peak ERP (known as P300 ) (peak latency) in the
window of 200 to 600 ms. In this study, we applied three
unsupervised MLAs for identifying artifact corrupted ERP epochs
based on anomaly detection. They are:

1. Isolation Forest (IsoF)
2. Local Outlier Factor (LOF)
3. DBScan

The Local Outlier Factor (LOF) algorithm is an unsupervised
anomaly detection method that calculates the region density
aberration of a definite data point concerning its neighbors. It
considers as deviations from the norm the samples that have a
noticeably lesser density compared to the neighbors[39]. In Fig. 6,
there are two neighbors, C1 C2. and there are two outliers, P1, and
P2. The neighbor’s numbers are a typical set of (i)more prominent
than the least number of tests a cluster must contain so that other tests
can be nearly exceptions relative to another cluster, and (ii) smaller
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than the supreme number of close-by tests and these are termed
theoretically as local outliers.

Isolation Forest (IsoF) is an unsupervised MLA that separates
observations by selecting random features and returns the unusual
score of each test point. This algorithm describes that anomalies are
data points with unusual behavior and they are few. IsoF could be a
tree-based show where segments are formed by randomly selecting
a feature and after that picking an arbitrary split value between the
minimum and supreme worth of the chosen feature[40]. Fig. 7
shows that red circles are separated from other normal points (blue)
due to unusual behavior.

Se
G] .'=.". .'.
e @ ® o %
o Tg e o® * 4 o
* s 3 - _a .
= o, "o [

L

Figure 6: Local Outlier Factor. There are two neighbors, C1 C2. and there are
two outliers, P1, and P2. [source: Arun Mohan,” Local Outlier Factor”,
Medium.com, Dec 31, 2008]
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Figure 7: Isolation Forest. In this figure, red circles are separated from other
normal points (blue) due to unusual behavior.

DBScan Clustering is an unsupervised MLA that’s used to
gather data into clusters. It is a famous outlier detection method
based on density. This process reveals central samples of high
density and expands cluster density. More accurately, this algorithm
sees clusters as a region of high density isolated by low density. For
this relatively basic view, clusters found by DBSCAN can be in any
form[41]. In this procedure, there are two sorts of parameters and
three sorts of information focus. One parameter is “eps” (maximum
range of the area) and another is “minpts” (least number of facts in
the eps-area of a central point).

www.astesj.com

When any data point contains at least “minpts”, are known as
“core points” and when the quantity of points is less than “minpts”,
are known as ““ border points”. In addition, within the “eps” range,
when there are any points not surrounded by other points, i.e.,
absolutely alone in the eps range, those data point is known as
an outlier, In Fig.8, there are two clusters, colored as deep-blue and
green where outlier is marked as a red circle.

Outlier @

Cluster 2--""""~.

u

e=1

e Y MINPT=5

Figure 8: DBScan Cluster Technique . There are two clusters, colored as deep-blue
and green where the outlier is marked as red circles. Also, eps are equal to 1 and
the minimum number of points is 5.

5.2. Confusion Matrix

A confusion matrix is very useful to present the performance of
any model [Fig. 9]. It consents to the visualization of the
performance of the subsequent procedure. It is a table with two
rows and two columns that calculates the number of true positives,
true negatives, false positives, and false negatives [42]. For our
calculation, we measured the accuracy (Table I) of artifact corrupted
epochs for the unsupervised MLAs by the following equation:

Figure 9: Confusion Matrix

o = (TP +TN)/(TP + TN + FP + FN) (1)

In the above equation, a = Accuracy,
TP = True Positive, TN = True Negative,
FP = False Positive, FN = False Negative

6. Results
6.1.  Artifact corrupted Epoch Detection Accuracy

In Fig. 10, the artifact corrupted ERP epochs, detected by
Isolation Forest, DBScan, and LOF methods are shown for our test
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subject 1. The orange colors are indicating the artifact corrupted
ERP epochs.

D10 94 97 94
D11 91 97 94
D12 76 94 79
D13 82 94 85
D14 91 94 88
D15 62 94 74
D16 97 94 94
D17 91 94 82
D18 91 91 82
D19 88 91 88
D20 88 97 82
D21 79 88 85
D22 82 95 84
D23 81 92 86
Average 85.54% 93.43% | 87.18%

Table-I shows the detection accuracy of the artifact corrupted
ERP epoch of the auditory oddball paradigm . There, artifact
corrupted ERP epoch detection accuracy of three unsupervised
machine learning algorithms is compared with EEGLab’s “Reject
data epochs” method.

There are 23 test data-sets and named D1, D2, .. ., D23 (as
described in section 3.1). Each data-set contains 50 epochs. At first,
we detected the artifact corrupted epochs of the D1 data-set by
EEGLab (named Data-set El). After that, we applied 3
unsupervised MLAs ( Isolation Forest, DBScan, and LOF) to detect
the outlier and named the data-sets as M1, M2 M3, respectively.
Then, by confusion matrix, we compared the accuracy of M1, M2
M3 with El1 for the detection of artifact corrupted epochs. We re-
peated this procedure for all the remaining 23 data-sets. All of the
comparative results are shown in Table-I. All the methods showed
good detection accuracy and the DBScan achieved a maximum of
93.43%. The LOF method detection accuracy was 87.18% and the
Isolation Forest performed with 85.54%.

Table 2: Comparison of visual and auditory oddball paradigm artifact corrupted
epoch detection accuracy
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Figure 10: Three unsupervised MLAs. Here, orange circles are artifact corrupted
ERP epochs and blue circles are normal ERP epochs, for the test subject 1.

Table 1: Comparison of the detection of accuracy of the arti- fact corrupted epoch

(in %) with eeglab
Dataset | Isolation Forest | DBScan LOF
D1 76 91 94
D2 88 91 88
D3 94 97 88
D4 94 91 88
D5 74 88 85
D6 94 97 97
D7 94 97 94
D8 91 97 91
D9 95 88 82
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Isolation Forest | DBScan | LOF
Audi ERP | 85.34% 93.43% | 87.13%
Visu ERP | 79.7% 90.15% | 77.95%

Table 2, shows the comparison between the auditory oddball
paradigm (Audi ERP) and visual oddball paradigm (Visu ERP) for
the detection of artifact corrupted ERP epochs. In our previously
published paper [1], there is detail about the procedure and results
of the visual oddball paradigm. The dataset is a publicly available
IRB-approved dataset by the University of California, Davis. The
dataset contains 30 subjects’ data. In that experiment, each subject
saw five letters (A, B, C, D & E )randomly and one of these letters
was assigned as a target letter, and its probability of appearance was
20%. The subject had to identify if the visual stimuli were a target
or not, for every block of letters (Fig. 11). The duration of visual
stimuli was 200 ms and the gap between each stimulus was 1200 —
1400 ms.
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200 ms 1200-1400 ms 200 ms 1200-1400 ms 200 ms

Figure 11: Visual Oddball task (Each subject saw five letters: A, B,C,D & E,
randomly ,and one of these letters was assigned as a target letter, and its
probability of appearance was 20%. The subject had to identify if the visual
stimuli were a target or not, for every block of letters (Fig. 11). The duration of
visual stimuli was 200 ms and the gap between each stimulus was 1200 — 1400
ms. );

For this visual oddball paradigm data-set, we detected three

artifacts corrupted epochs . They are artifacts due to eye blinks,
due to eye-movement, and due to body movement. Both EEGLab
and MLAs are applied to detect artifact corrupted epochs and
compared the accuracy as we did in this study. In Fig. 12, it is
shown that, for both ( visual and auditory) oddball paradigms, the
DBScan per- formed with maximum accuracy while the other two
methods are inconsistent with their positions.

Average of artifact corrupted ERP epoch

detection

95
—_—
é‘i 90

85
8= 85.34
> 50 N -
g 75 79.7
2 70
é Isolation Forest DBScan LOF

mAudi ERP ® Visu_ERP

Figure 12: Comparison of artifact corrupted ERP epoch detection accuracy (on aver-
age) for both auditory oddball paradigm (Audi ERP) and visual oddball paradigm
(Visu ERP) ERP Signal Analysis

6.2.  ERP Parameter Analysis

At first, the mean of ERP amplitude, the peak value of ERP
amplitude, and the latency of ERP peak were measured in a time
window of 200ms to 600ms from the test data sets. Then we
identified and removed the artifact corrupted ERP epochs (as
described in Section V: A) from the test data sets. After that, we
again measured the same values. After comparing the values, before
and after removing the artifacts, we found a clear change in values
for ERP mean and peak amplitude measures but there were no
noticeable changes for the ERP peak latency measures. In Fig. 13
and Fig. 14, it is clearly shown that, for both mean and peak
amplitudes, the values become lower after removing the artifact
mixed epochs. For mean amplitudes it became 16.14 V from 35.4 V
and, for peak amplitudes, it became 142.81 V from 223.9 V.

We also compared the values with our previously published
visual oddball paradigm data set [1]. In Tables 3 & 4, values of
auditory(Audi ERP) and visual(Visu ERP) ERP mean and peak
amplitudes (in micro-volt ) are given. In Table 3, mean ampl is the
mean amplitude before artifact corrupted ERP epochs removal and
mean AR means the mean amplitude after artifact corrupted ERP
epochs removal. Same meanings are applicable to Table4. From
these tables and Fig. 15 Fig. 16, it is clearly shown that for both
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mean and, peak amplitude, the value levels were higher before the
artifact corrupted ERP epochs were removed. More specifically,
there are sharper differences in the auditory oddball paradigm.

Average of ERP mean ampl

20
16.14

AS mean (uV) AS mean_ AR (uV)

Mean Ampl in pV

Figure 13: Comparison of the auditory mean amplitude of ERP data before and after
(AR) the artifact corrupted EEG epochs are removed (uV: microvolt)

Average of ERP peak ampl

2239

AS peak P300 (uV)AS peak P300 (uV)

w
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o
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o
==}

Peak Ampl in Vv
=
o 3

Figure 14: Comparison of the auditory peak amplitude of ERP data before and after
(AR) the artifact corrupted EEG epochs are removed (uV: microvolt)

Table 3: Values of auditory and visual erp mean amplitudes in a time window of 200 to
600 ms before (mean) and after (mean ar) artifact corrupted epochs are removed

) Visu ERP | "Audi ERP
) mean(micro-volt) 9.28 354
mean AR(micro-volt) 8.59 6.14

Table 4: Values of auditory and visual erp peak amplitudes in a time window of
200 to 600 ms before (peak ampl) and after (peak ampl ar) artifact corrupted
epochs are removed

Visu ERP | Audi ERP
Peak ampl(micro-volt) 27.75 223.9
Peak ampl AR(micro-volt) 26.33 142.81

Comparison of mean amplitude before
and after artifact corrupted ERP epochs
removed

Audi_ERP [
visu ERe [

W mean_AR [uV)
0 10

B mean (uV)
20 40

Figure 15: Comparison of the auditory ERP mean amplitude in a time window of
200 to 600 ms before and after the removal of artifact corrupted epochs (V:
microvolt)
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Comparison of peak amplitude before and
after artifact corrupted ERP epochs removed

Audi ERP * )

visu Erp [

0 50 100 150 200 250

m Peak _ampl AR (uV) mPeak ampl(uV)

Figure 16: Comparison of the auditory ERP peak amplitude in a time window of
200 to 600 ms before and after the removal of artifact corrupted epochs (V:
microvolt)

7. Conclusion

In this study, we detected ERP artifacts of the auditory odd-
ball paradigm by unsupervised machine learning algorithms and
compared the results with the visual oddball paradigm experiment
which is our previously completed experiment. Our data were
unlabeled and we found unsupervised machine learning algorithms
are fairly efficient to distinguish the artifacts due to aye and body
movement. Among the applied unsupervised machine-learning
algorithms, the DBScan method performed with the most efficiency
for distinguishing artifacts in ERPs for both audio and visual odd-
ball paradigms. For the auditory ERP experiment, the accuracy is
93.43%, and for the visual ERP experiment, is 90.15%. In addition,
the Isolation Forest and LOF method also showed good efficiency
for the audio ERP experiment, 85.34%, and 87% respectively. On
the other hand, they showed moderate efficiency for the visual ERP
experiment, 79.7% and, 77.95% respectively (Table II). So, with the
DBScan algorithm, we will have a cleaner ERP dataset in normal
laboratory conditions with less complexity in data processing which
may improve the quality of the EEG experiments.

It is very obvious that there is a huge change in amplitude levels
of ERPs for the eye and body movement corrupted artifacts and
normally amplitude levels lift up or down. From Tables 3 & 4, it is
clear that ERP means and amplitude become lower after removing
artifact corrupted epochs. In addition, there are specific differences
between the audio ERP oddball paradigm experiment. On the other
hand, no substantial changes were found for the peak latency, before
and after artifact corrupted epoch removal.

For future research, there can be added more complexity to
detect artifacts. Also, experiments can be designed to detect muscle
artifacts which are one of the other common artifacts. Overall, this
study may enable the use of ERPs as a strong bio-marker in EEG
research in real-world experiments.
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