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Highlights 10 

 A novel automatic pre-processing pipeline for both resting state and evoked 11 

EEG data is proposed.  12 

 The proposed automatic pipeline is tested in both clinical and healthy 13 

populations. 14 

 The proposed automatic pipeline is as reliable as pre-processing by EEG experts. 15 

  16 
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Abstract 17 

Objective 18 

With the advent of high-density EEG and studies of large numbers of participants, 19 

yielding increasingly greater amounts of data, supervised methods for artifact rejection 20 

have become excessively time consuming. Here, we propose a novel automatic pipeline 21 

(APP) for pre-processing and artifact rejection of EEG data, which innovates relative 22 

to existing methods by not only following state-of-the-art guidelines but also further 23 

employing robust statistics.  24 

Methods 25 

APP was tested on event-related potential (ERP) data from healthy participants and 26 

schizophrenia patients, and resting-state (RS) data from healthy participants. Its 27 

performance was compared with that of existing automatic methods (FASTER for ERP 28 

data, TAPEEG and Prep pipeline for RS data) and supervised pre-processing by experts.  29 

Results 30 

APP rejected fewer bad channels and bad epochs than the other methods. In the ERP 31 

study, it produced significantly higher amplitudes than FASTER, which were 32 

consistent with the supervised scheme. In the RS study, it produced spectral measures 33 

that correlated well with the automatic alternatives and the supervised scheme.  34 

Conclusion 35 

APP effectively removed EEG artifacts, performing similarly to the supervised 36 

scheme and outperforming existing automatic alternatives. 37 

Significance 38 

The proposed automatic pipeline provides a reliable and efficient tool for pre-39 

processing large datasets of both evoked and resting-state EEG. 40 

Keywords 41 

Electroencephalography, automatic pre-processing, ERP, resting-state  42 
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1. Introduction 43 

The electroencephalogram (EEG) is a non-invasive tool for the investigation of 44 

human brain function, which has been continuously used for almost one century 45 

(Niedermeyer and Lopes da Silva, 2005). However, EEG data are typically 46 

contaminated with a number of artifacts. Artifacts are undesired signals that may affect 47 

the measurement and change the EEG signal of interest. These artifacts may arise from 48 

non-physiological noise sources that originate outside the participant, such as the 49 

grounding of the electrodes causing power line noise at 50/60 Hz and at its harmonics, 50 

interferences with other electrical devices, or imperfections in electrode settling. 51 

Artifacts may also arise from physiological noise sources originating within the 52 

participants, such as the ones produced by head, eye, or muscle movements (Urigüen 53 

and Garcia-Zapirain, 2015). Head movements may result in spikes and discontinuities 54 

due to a rapid change of impedance at one or several electrodes. Reflective eye 55 

movements occur frequently and are normally picked up by the frontal electrodes in the 56 

frequency range of 1-3 Hz (within the delta wave range). Blinking also contaminates 57 

the EEG signal, usually causing a more abrupt change in its amplitude than eye 58 

movements. Finally, every movement of the participant generates muscular artifacts 59 

that can be found everywhere on the scalp at frequencies higher than 20 Hz (within the 60 

beta and gamma waves range). 61 

One simple way to deal with these artifacts is to remove segments of the data that 62 

exceed a certain level of artifact contamination, for example, signal amplitudes greater 63 

than ± 100 µV. However, this coarse approach may lead to the loss of a great amount 64 

of data that could still contain artifact-free information, therefore potentially 65 

compromising the subsequent analysis and interpretation of the data. This is true for 66 

both evoked-related potentials (ERP) and resting-state (RS) signal fluctuations. 67 

Moreover, since participant generated artifacts may overlap in the spectral domain, and 68 

on many EEG channels, with the signal of interest, simple spatial and frequency band 69 

filtering approaches may be inefficient to remove this kind of artifacts (Tatum et al., 70 

2011). Another method that is commonly used to clean-up EEG data is independent 71 

component analysis (ICA; Makeig et al., 1996). Assuming that neuronal signals and 72 

noise recorded on the scalp are independent of each other, then the EEG signal can be 73 

described by their linear summation. The ICA is used to decompose the EEG data in 74 
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statistically independent sources (ICs), so as to separate the neuronal and noise 75 

contributions to the signal. The artifactual ICs can then be identified and subsequently 76 

subtracted from the EEG data, yielding an artifact-free signal. 77 

Usually, pre-processing of EEG data, including the classification of artifactual ICs, 78 

is performed under expert supervision. However, with the advent of both high-density 79 

EEG arrays (64-256 channels) and studies of large populations, yielding increasingly 80 

greater amounts of data, supervised methods have become excessively time consuming. 81 

To cope with this, and to minimize subjectivity, automatic methods have recently been 82 

presented (Abreu et al., 2016a, 2016b; Bigdely-Shamlo et al., 2015; Hatz et al., 2015; 83 

Nolan et al., 2010). Fully automated statistical thresholding for EEG artifact rejection 84 

(FASTER; Nolan et al., 2010), for instance, enables a fully automated pre-processing 85 

of ERP data, based on computing z-scores of different signal metrics, and threshold 86 

them in order to detect bad channels, bad epochs and artifactual ICs. Tool for automated 87 

processing of EEG data (TAPEEG; Hatz et al., 2015) uses a similar approach for the 88 

automatic pre-processing of RS EEG data. However, because they are based on z-scores, 89 

these approaches are not robust to outliers and as a consequence they tend to have high 90 

rejection rates of artifact-free signal. A more promising approach is to use robust 91 

statistics instead. For example, the Prep pipeline (Bigdely-Shamlo et al., 2015) provides 92 

an automatic pre-processing pipeline including filtering and bad channels identification 93 

using the RANSAC (random sample consensus) algorithm. However, in this case the 94 

identified bad channels are assumed to be globally bad. Thus, if a channel contains 95 

artifactual periods, these are neglected and left in the pre-processed EEG data. 96 

Moreover, supervised inspection of pre-processed data for bad epochs is necessary 97 

since the Prep pipeline does not provide this feature.  98 

Here, we present APP, a novel Matlab® based fully automatic pipeline for pre-99 

processing and artifact rejection of EEG data (including both ERP and RS data), which 100 

is based on state-of-the-art guidelines for EEG pre-processing, ICA decomposition, and 101 

robust statistics. APP consists of: 1) high-pass filtering; 2) power line noise removal; 102 

3) re-referencing to a robust estimate of the mean of all channels; 4) removal and 103 

interpolation of bad channels; 5) removal of bad epochs; 6) ICA to remove eye-104 

movement, muscular and bad-channel related artifacts; and 7) removal of epoch 105 

artifacts. At each step of the pipeline, a number of relevant parameters are estimated 106 

from the data and outliers are detected based on a robust data-driven outlier detection 107 

scheme. 108 
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APP was tested on ERP data from 61 healthy participants and 44 schizophrenia 109 

patients performing a visual discrimination task, and on RS data from 68 healthy 110 

participants. The inclusion of patient data in the validation of APP is of particular 111 

interest since one of the primary applications of EEG is the study of clinical populations. 112 

Furthermore, many of these populations, schizophrenia patients in particular, are 113 

known to produce more artifacts than healthy volunteers, which is a challenge to 114 

automatic pre-processing. We compare APP to three state-of-the-art automatic artifact 115 

removal methods, FASTER, TAPEEG, and Prep pipeline, which have shown to be 116 

effective at removing a wide range of EEG artifacts. We also compared APP with 117 

supervised artifact removal by experts using the CARTOOL software (Brunet et al., 118 

2011). 119 

2. Methods 120 

The proposed pre-processing and artifact removal method APP is first described, 121 

including a detailed description of each step. Then, the artifact removal methods 122 

FASTER, TAPEEG, and Prep pipeline, as well as the supervised artifact removal by 123 

experts, against which APP is compared, are described. Finally, the data acquisition 124 

and analysis methods used to validate the proposed method are presented. 125 

2.1. Proposed EEG pre-processing and artifact removal method - APP 126 

The APP pipeline consists of the following steps, which are described in detail in 127 

the respective sub-sections below: 128 

1) High-pass filtering, to eliminate signal low-frequency non-stationarity (for 129 

example, slow drifts in the mean); 130 

2) Removal of power line noise, with minimum distortion; 131 

3) Robust re-referencing, to a robust estimate of the mean of all channels; 132 

4) Detection, removal and interpolation of bad channels; 133 

5) Detection and removal of bad epochs; 134 

6) Detection and removal of eye movement-, muscular-, and bad channel-related 135 

artifacts based on ICA; 136 

7) Detection, removal and interpolation of bad channels in epochs. 137 
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At every step, a number of relevant parameters are estimated from the data, and 138 

outliers are detected based on a scheme described below in the sub-section Outlier 139 

detection. Each step of APP is described in detail below. 140 

2.1.1. High-pass filtering 141 

The changes of the DC value of the EEG over time, called DC drift, can be corrected 142 

by high-pass filtering. In APP, in order to counteract the phase delay and to minimize 143 

distortion that are introduced by high-pass filtering (Lynn, 1989), we use a zero-phase 144 

3rd order Butterworth filter, run both in forward and reverse directions (Picton et al., 145 

2000). Usually, a cutoff frequency of 0.1 Hz suffices to remove these slow voltage 146 

shifts. However, when obtaining recordings from children or patients, which normally 147 

have excess body and head movements, which are a common source of sustained shifts 148 

in voltage, higher cutoff frequencies are advised (Luck, 2014).  In order to make APP 149 

more robust to this kind of noise we use a 1 Hz cutoff frequency. 150 

2.1.2. Power line noise removal 151 

The removal of the power line interference (50/60 Hz noise and its harmonics) is 152 

usually accomplished using notch filters. However, these usually lead to several 153 

artifacts such as significant signal distortions around the notch filter frequencies, as 154 

well as phase distortions. In order to avoid such artifacts, in APP we apply the 155 

CleanLine plugin of EEGLAB which uses a multi-taper regression method with a 156 

Thompson F-statistics for identifying sinusoidal power line noise from ICs (Delorme 157 

and Makeig, 2004; Mullen, 2012). In Figure 1, an illustrative example of the EEG 158 

power spectrum before and after applying the CleanLine method, as desired the power 159 

line interference and its harmonics are greatly attenuated without distortion at the 160 

neighbor frequencies.   161 

Figure 1 – Insert approximately here 162 

2.1.3. Robust re-referencing 163 

In most EEG amplifiers, the full common-mode rejection ratio can only be achieved 164 

after re-referencing. Ideally, the average signal across mastoid and earlobes electrodes 165 

would be used as the reference, since they are close to the EEG electrodes but record 166 

less brain activity. However, many researchers do not record from mastoids nor 167 

earlobes. Instead, the Cz and FCz electrodes are typically used as references, since they 168 
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do not introduce lateralization bias in the data. Nevertheless, in several experiments 169 

(e.g., when the response errors are of interest), these two electrodes are a poor choice 170 

of reference since the main effect is expect around those locations. A good compromise, 171 

when the number of electrodes is large enough (> 32 electrodes), is to use the mean of 172 

all electrodes as the reference (Nunez et al., 1997). 173 

The main disadvantage of using the channel average as the reference is that it is not 174 

resistant to outliers, namely those associated with bad channels and eye blinks. In the 175 

presence of such artifacts, the noise introduced in the reference will spread to the other 176 

scalp electrodes. In order to minimize this effect, in APP, we use the biweight estimates 177 

of the mean as an approximation of the true mean of the channels, since it offers high 178 

resistance to outliers and low sampling variability (Hoaglin et al., 1983, 1985). The 179 

biweight estimation is accomplished in two steps: first, the median and median absolute 180 

deviation (MAD) are used to assign a zero weight to extreme values; and second, a 181 

weighted mean is calculated by assigning decreasing weights nonlinearly to zero as 182 

going away from the center of the distribution (For more details, see Appendix). 183 

To demonstrate the behavior of the biweight estimate of the mean of the channels, 184 

we depict two illustrative cases in Figure 2, one without bad channels and another with 185 

one bad channel. In the first case, the biweight mean behaves similarly to the ordinary 186 

mean, with the two means having a high correlation. We also see that the biweight mean 187 

is less affected by the eye blinks (as captured by the spike like behavior in the waveform, 188 

which affects mainly the frontal electrodes). However, as we introduce the bad channel 189 

the biweight mean remains nearly unchanged while the mean of the electrodes is 190 

severely contaminated, which results in a decrease in the correlation between the two.  191 

It should be noted that, although we could have performed re-referencing after steps 192 

4 and 5 to avoid distribution of noise across all channels, early re-referencing is 193 

important to increase the common-rejection ratio and consequently the SNR, which 194 

improves the performance of the metrics used to detect bad channels (correlation and 195 

dispersion criteria) as well as bad epochs (mean global field power and mean deviation 196 

from channel biweight estimate of the channel means). Although such early re-197 

referencing can cause problems, namely by distributing noise to all channels, we 198 

demonstrated that using the biweight estimate of the mean circumvents this problem. 199 

Figure 2 – Insert approximately here 200 
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2.1.4. Detection, removal and interpolation of bad channels 201 

One of the most common artifacts in EEG recordings is the presence of bad channels, 202 

which often result from poor contact between the scalp and the electrode. In APP, the 203 

bad channel detection is accomplished in two stages, based on: 1) temporal features; 204 

and 2) ICA decomposition, described below in the sub-section Detection and removal 205 

of artifacts based on ICA. The bad channel detection based on temporal features follows 206 

two criteria: 207 

1) Correlation criterion: Due to volume conduction, the EEG signal recorded from 208 

each channel is highly correlated with the EEG signals from neighboring 209 

channels. Therefore, we compute the Pearson correlation between each EEG 210 

channel and all other channels, and take the mean of the 4 highest correlation 211 

coefficients. Under the high correlation assumption, bad channels are classified 212 

as the ones whose mean correlation departs significantly from the distribution 213 

of the mean correlation across channels. 214 

2) Dispersion criterion: As a result of the poor contact, bad channels are more 215 

prone to additive Gaussian noise, exhibiting data dispersions spread over a 216 

larger range compared with good channels. To quantify the dispersion of the 217 

data in each channel, we use the biweight estimate of the standard deviation (see 218 

Appendix). The rationale of using such robust measure is owing to the frontal 219 

electrodes being more susceptible to eye movement artifacts, which inflate their 220 

ordinary standard deviation. Under the high dispersion assumption, bad 221 

channels are classified as the ones whose biweight estimate of the standard 222 

deviation departs significantly from the respective distribution across channels.  223 

A threshold on the number of bad channels is set to 5%, as suggested by (Picton et 224 

al., 2000). If the number of bad channels detected is above the threshold, the dataset is 225 

flagged and the pre-processing is stopped. If the number of bad channels is below the 226 

threshold, bad channels are removed. APP uses the spherical spline method to 227 

interpolate the missing data based on the neighboring channels (Perrin et al., 1989). It 228 

has been shown by Fletcher and colleagues, in an extensive study of interpolation errors 229 

in scalp topographic mapping that the spline class algorithms minimize interpolation 230 

errors (Fletcher et al., 1996).  231 

2.1.5. Detection and removal of bad epochs 232 
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ICA decomposition can readily isolate in a few ICs typical EEG artifacts such as eye 233 

movements, bad channels and muscle tension, since these have stable scalp projections 234 

(as described below in sub-section Detection and removal of artifacts based on ICA). 235 

However, other kinds of artifacts affecting many or all electrodes simultaneously, such 236 

as head movements, are reflected in multiple (maybe hundreds of) ICs, with only a few 237 

ICs remaining to capture neuronal activity (Onton et al., 2006). Therefore, before 238 

submitting the EEG data to ICA, APP prunes the EEG data for epochs that deviate from 239 

the typical epoch ranges. In case of RS analysis, the data is split into epochs of 2 s, 240 

while for ERP analysis the data are epoched according to the respective event trials. To 241 

detect the bad epochs, APP computes two parameters: 242 

1) Mean global field power: Electrode movements can inflate the impedance 243 

between electrodes and the scalp. This causes an increase in the electrode 244 

voltage offset resulting in high amplitudes across the scalp. To quantify the 245 

overall scalp EEG strength for each epoch, APP uses the mean of the global 246 

field power (GFP), which is defined as the standard deviation of the EEG signal 247 

across all electrodes at a given time point (Lehmann and Skrandies, 1980): 248 

 𝑮𝑭𝑷(𝒕) = √∑ (𝒙𝒊(𝒕) − �̅�(𝒕))
𝟐𝒏

𝒊=𝟏

𝒏
 Eq.  1 

where, 𝒙𝑖(𝑡) is the signal at electrode 𝑖 at time point 𝑡, �̅�(𝑡) is the average 249 

signal across all electrodes at time 𝑡, and 𝑛 is the number of electrodes. 250 

2) Mean deviation from channel biweight estimate of the channel means: In certain 251 

cases, the electrodes movements do not produce high enough amplitudes to be 252 

detected using the mean GFP, although they still severely contaminate the 253 

respective epochs. In order to account for these, APP quantifies the mean 254 

deviation from the biweight estimate of the channel mean (MDCM) as: 255 

 𝑴𝑫𝑪𝑴(𝒌) = 〈|�̅�𝒊𝒌
| − �̅�𝒃𝒊𝒘𝒆𝒊𝒈𝒉𝒕𝒊

〉𝒏 Eq.  2 

where, 〈… 〉𝑛 is the mean operation across all 𝑛 channels, |�̅�𝑖𝑘
|is the absolute 256 

value of the mean data in channel 𝑖  within epoch 𝑘  and �̅�𝑏𝑖𝑤𝑒𝑖𝑔ℎ𝑡𝑖
 is the 257 

biweight estimate of the means of the data in channel 𝑖.  258 
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In the case of visual stimulation using short presentation durations (e.g. 30 ms), we 259 

further apply a threshold of ±100 μV to the vertical electrooculogram (EOG) signal 260 

within an interval of 100 ms before and after stimulus onset, in order to determine if 261 

the participant saw the stimulus or not. If the vertical EOG signal is above the threshold, 262 

the participant most likely blinked during stimulus presentation; in this case, the epoch 263 

is discarded. Moreover, in case the reaction times (RTs) are of interest, APP provides 264 

the option to discard responses that are too fast or too slow, according to thresholds 265 

specified by the user.  266 

2.1.6. Detection and removal of artifacts based on ICA 267 

EEG signals can be assumed as linear mixtures of electrical potentials originating 268 

from multiple brain sources propagating instantaneously to the scalp, as well as artifacts 269 

(Sarvas, 1987). Formally, this can be described as: 270 

 𝑿 = 𝑾𝑺 Eq.  3 

where, 𝑿 = [𝒙(1), … , 𝒙(𝑁)] = [𝒙𝑖(j)]𝑛×𝑁 are the EEG signals recorded from the 271 

scalp, where each row is one channel, 𝑛 is the number of channels and 𝑁 is the number 272 

of time samples; 𝑺 = [𝒔(1), … , 𝒔(𝑁)] = [𝒔𝑖(j)]𝑚×𝑁 is a matrix of unknown sources, in 273 

which the rows represent brain sources and artifacts, and 𝑾  is a 𝑛 × 𝑚  unknown 274 

mixing matrix. 275 

ICA methods estimate the mixing matrix 𝑾  from the EEG by maximizing the 276 

statistical independence of the sources from each other (Hyvärinen and Oja, 2000). In 277 

this work, the second order blind source identification (SOBI) method is used, which 278 

is based on the simultaneous diagonalization of inter-signal correlation matrices over 279 

time (Belouchrani et al., 1997). The SOBI method was chosen based on its previously 280 

reported merits in terms of ability to separate the EEG neuronal sources from artifacts, 281 

insensitivity to the duration of the data segments and ability to preserve more brain 282 

activity than other ICA algorithms (Daly et al., 2013; Romero et al., 2008; Tang et al., 283 

2005). 284 

APP identifies ICs related with three major kinds of artifacts, as follows: 285 

1) Eye movements or blinks: ICs exhibiting high temporal correlation with the 286 

EOG signals are selected. In order to improve the signal-to-noise ratio (SNR) 287 

of the EOG signals, the signal of the right EOG electrode is subtracted from the 288 
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left one (HEOG) and the signal of lower EOG electrode is subtracted from the 289 

upper one (VEOG). It is worth noting that these ICs are usually ranked among 290 

the first few components because of their extreme amplitude and the fact that 291 

their topographies are essentially flat except for a few frontal electrodes 292 

(Chaumon et al., 2015).  293 

2) Muscle related artifacts: Muscle activity from the jaw, facial muscles and neck 294 

movements often contaminate the EEG recordings. Muscular activity related 295 

components are easily spotted due to their high time-point-to-time-point 296 

variability. In APP, these ICs are detected by their low autocorrelation as a 297 

consequence of their noisy time course (Chaumon et al., 2015). The 298 

autocorrelation is defined at lag 𝑙 (default set to 20 ms) for component 𝒙𝑐 by:  299 

 𝑨𝒄 = ∑ 𝒙𝒄(𝒕)

𝑻

𝒕=𝒍

× 𝒙𝒄(𝒕 − 𝒍) Eq.  4 

3) Bad channels: In order to cope with borderline cases that cannot be detected in 300 

the first step (described in Detection, removal and interpolation of bad channels), 301 

we include an extra step based on ICA in order to detect focal topographies 302 

typically associated with bad channels, we use the Generic Discontinuity Spatial 303 

Feature (GDSF) implemented in ADJUST (Mognon et al., 2011), which has 304 

been reported to perform better in identification of bad channels than existing 305 

alternatives (Chaumon et al., 2015), and it is measured by: 306 

 𝑮𝑫𝑺𝑭𝒄 = 𝒎𝒂𝒙(|𝒘𝒄𝒊
− 〈𝒆−‖𝒓𝒎−𝒓𝒊‖𝒘𝒄𝒊

〉𝒎|)
𝒏

 Eq.  5 

where 𝑤𝑐𝑖
 is the topography weight of channel 𝑖 in IC 𝑐, ‖𝑟𝑚 − 𝑟𝑖‖ is the 307 

distance between channel 𝑟𝑚 and 𝑟𝑖, 〈… 〉𝑚 is the average of all channels 𝑚 ≠ 𝑖 308 

and 𝑚𝑎𝑥(… )𝑛  is the maximum over all channels; and 𝑛  is the number of 309 

channels. 310 

After the identification of the artifactual ICs, the EEG signal is reconstructed based 311 

on the remaining ICs, effectively removing the artifacts from the reconstructed signal. 312 

2.1.7. Detection, removal and interpolation of bad channels in epochs 313 
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After the ICA step, most of the artifacts are already removed. However, some 314 

transient artifacts may still affect single channels in specific segments/epochs of the 315 

EEG data (e.g., electrodes that became faulty or lost connection in the middle of the 316 

recording). APP detects epochs affected by such transient artifacts based on two criteria, 317 

which are evaluated for each channel within each epoch: 318 

1) Dispersion criterion: The biweight estimate of the temporal standard deviation 319 

within each channel is used to quantify the dispersion (similarly to sub-section 320 

Detection, removal and interpolation). 321 

2) High-frequency criterion: The mean of the difference between two consecutive 322 

EEG signal time points of each channel within each epoch is used to quantify 323 

high-frequency activity. 324 

Next, the bad channels within each epoch are interpolated using spherical splines. In 325 

the case of RS data, after interpolation of the bad channels within each epoch, epochs 326 

are concatenated with a 500 ms inverse Hanning window at the intersections. 327 

2.1.8. Outlier detection 328 

For each of the parameters computed in the previous steps, APP uses a general 329 

outlier detection and removal scheme based on the distribution of the data. First, the 330 

Shapiro-Wilk test is performed test for normality; if the data is Leptokurtic (kurtosis > 331 

3), the Shapiro-Francia test is used instead, since it has been shown to outperform the 332 

Shapiro-Wilk test for high peaked data (Royston, 1993). If the data distribution is fairly 333 

normal distributed, the scheme uses a modified z-score, which is based on the median 334 

and the MAD, instead of the mean and standard deviation, respectively, in order to be 335 

robust to outliers (Iglewicz and Hoaglin, 1993). Following the recommendation by 336 

Iglewicz and Hoaglin, absolute modified z-scores larger than 3.5 are defined as outliers 337 

(as opposed to the more commonly used threshold of 3.0). If the data is not normal, 338 

then an adjusted boxplot is used to find outliers (Hubert and Vandervieren, 2008), 339 

which includes the medcouple, a robust measure of skewness, in the determination of 340 

the whiskers. This provides a more accurate representation of the data and avoids many 341 

data points to be considered as outliers as in the common boxplot. Data points outside 342 

the whiskers are defined as outliers. 343 

2.2. Alternative EEG pre-processing and artifact removal methods 344 

2.2.1. FASTER 345 
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For the ERP data analysis, APP is compared with the state-of-the-art artifact removal 346 

method “Fully Automated Statistical Thresholding for EEG artifact Rejection” 347 

(FASTER; Nolan et al., 2010), as implemented in the EEGLAB toolbox (Delorme and 348 

Makeig, 2004). FASTER performs the entire pre-processing from filtering to 349 

participants’ grand average, calculating multiple parameters at several steps, and using 350 

a threshold of 3 standard deviations from the average to detect outliers. 351 

2.2.2. TAPEEG 352 

For the RS data analysis, APP was compared with a state-of-the-art artifact removal 353 

method “Tool for Automated Processing of EEG data” (TAPEEG; Hatz et al., 2015), 354 

using our own implementation built onto routines from FASTER and FieldTrip 355 

(Oostenveld et al., 2010). Similarly to FASTER, TAPEEG also uses a stepwise 356 

procedure to calculate multiple parameters and a threshold of 3 standard deviations 357 

from the average as well as hard thresholds to detect outliers. 358 

2.2.3. Prep pipeline 359 

For the RS data analysis, APP was also compared with the Prep pipeline, another 360 

state-of-the-art standardized pre-processing method for large-scale EEG analysis 361 

(Bigdely-Shamlo et al., 2015). Prep pipeline is an EEG pre-processing pipeline that 362 

filters EEG data, re-references the data, and removes bad channels. Since the Prep 363 

pipeline does not prune the EEG data for bad epochs of the recording, visual inspection, 364 

by experts, was conducted to remove bad segments of the data in this case. The 365 

segments removed in this way do not correspond directly to the data epochs removed 366 

by APP or TAPEEG, as they are allowed to have variable durations. The plug-in of the 367 

algorithm for EEGLAB toolbox was used for comparison. 368 

2.2.4. Supervised artifact identification 369 

Finally, for both ERP and RS data analysis, APP was compared against supervised 370 

pre-processing and artifact identification by three researchers with experience in 371 

analyzing high-density EEG using CARTOOL (Brunet et al., 2011). Pre-processing of 372 

the raw EEG data included DC correction, band-pass filtered between 1 and 40 Hz, 50 373 

Hz noise removal using notch filters. The data was then visually inspected for bad 374 

channels and bad epochs; in the case of RS data, data segments of variable duration 375 

were removed, which do not exactly match the epochs used in APP or TAPEEG. Bad 376 
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channels were interpolated using 3D splines, and the data was re-referenced to the 377 

average reference.  378 

2.3. Methods for EEG data acquisition and analysis 379 

2.3.1. EEG recording apparatus 380 

The EEG was recorded using a BioSemi Active 2 system (Biosemi) with 64 Ag-381 

AgCl sintered active electrodes positioned in a cap according to the 10-20 system, 382 

referenced to the common mode sense (CMS) electrode. The EOG was recorded with 383 

electrodes positioned about 1 cm above and below the right eye and 1 cm lateral to the 384 

outer canthi. The recording sampling rate was 2048 Hz. 385 

2.3.2. Participants and procedure 386 

An ERP dataset was collected from 61 healthy participants and 44 schizophrenia 387 

patients (Table 1) performing a vernier offset discrimination. The vernier stimulus 388 

consisted of 2 vertical lines of 10’ (arc minutes) separated by a gap of 1’, with a fixed 389 

horizontal offset of about 1.2’, and it was presented for 30 ms. Participants were 390 

requested to report the perceived offset direction by pushing a right or left button and 391 

to guess when they were not sure. A total of 160 trials were presented, with an inter-392 

trial pause varying randomly between 1000 and 1500 ms. This type of visual stimuli 393 

evokes a strong negative ERP (N1 component) around 200 ms after the stimulus onset 394 

in healthy participants, while schizophrenia patients tend to have reduced amplitudes 395 

(Plomp et al., 2013). 396 

One RS dataset was collected from 68 healthy participants, Table 1, performing a 5 397 

minutes eyes-closed EEG recording. No specific instructions were given to the 398 

participants besides avoiding head movements. 399 

All participants had good visual acuity of at least 0.80, as measured by the Freiburg 400 

Visual Acuity Test using both eyes (Bach, 1996). Participants gave informed consent 401 

before the experiments. All procedures complied with the Declaration of Helsinki and 402 

were approved by the local ethics committee. 403 

Table 1 - Insert approximately here 404 

2.3.3. EEG data analysis 405 
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The ERP data were subjected to APP, FASTER or supervised pre-processing and 406 

artifact rejection. Epochs ranging from -100 to +400 ms around the stimulus onset were 407 

used for data segmentation. We then computed the average ERP and the respective GFP 408 

time series, for each participant, and subsequently obtained the grand-average GFP for 409 

each group (controls and patients), for each pre-processing and artifact rejection method. 410 

In the RS study, the data were subjected to pre-processing and artifact rejection using 411 

APP, TAPEEG, Prep pipeline or the supervised method. Subsequently, the pre-412 

processed data were split into epochs of 4 s in each participant. For each epoch, the 413 

relative amplitude of different frequency bands (delta: 1-4 Hz, theta: 4-8 Hz, low alpha: 414 

8-10 Hz, high alpha: 10-13 Hz and beta: 13-30 Hz) was calculated as in (Wan et al., 415 

2016), and the mean relative band amplitude across epochs was determined for each 416 

channel. In order to account for the different scalp distributions of the frequency bands, 417 

the relative amplitude of each band was averaged across the channels belonging to one 418 

of 5 scalp regions (frontal, left tempo-parietal, right tempo-parietal, central and parieto-419 

occipital; for the definition of the regions see Supplementary Figure S1). Furthermore, 420 

the peak alpha frequency (PAF) and the individual alpha band (IAB; PAF – 2 Hz to 421 

PAF + 2 Hz) were calculated and averaged across the parieto-occipital channels. In 422 

summary, we obtain 5 (frequency bands) x 5 (scalp regions) + 2 (IAB and PAF) = 27 423 

parameters per participant, which were submitted to statistical analysis.  424 

3. Results 425 

The results obtained by applying the proposed data pre-processing and artifact 426 

removal pipeline APP, as well as its alternative pipelines, are presented here, first for 427 

the ERP data and then for the RS data. 428 

3.1. ERP data analysis 429 

3.1.1. GFP analysis 430 

The grand-average GFP time series obtained for the control and patient groups, using 431 

each data pre-processing and artifact rejection method, are shown in Figure 3. A GFP 432 

N1 peak around 200 ms after stimulus onset can be observed. The average GFP N1 433 

amplitudes at the peak latencies for each Group (Controls and Patients), as a function 434 

of the pre-processing Method (APP, FASTER and Supervised) are shown in Figure 4. 435 

A 2-way repeated measures ANOVA with a Greenhouse-Geisser correction on the peak 436 
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N1 amplitudes showed significant main effects of Group (F(1, 103) = 38.74, P < 0.001) 437 

and Method (F(1.699, 174.96) = 23.367, P < 0.001), as well as a significant interaction 438 

effect between them (F(1.699, 174.96) = 9.898, P < 0.001). This interaction indicates 439 

that differences between groups depend on the pre-processing method used. The largest 440 

difference between patients and healthy participants’ mean peak N1 amplitudes was 441 

obtained using APP (1.59 ± 0.83 µV vs 3.21 ± 1.55 µV), followed by the supervised 442 

scheme (1.68 ± 0.72 µV vs 3.19 ± 1.51 µV), and FASTER (1.53 ± 0.65 µV vs 2.71 ± 443 

1.24 µV). Moreover, post hoc tests using Bonferroni-Holm correction on the factor 444 

Method revealed that APP and the supervised scheme lead to similar N1 amplitudes for 445 

all participants (2.53 ± 1.53 µV and 2.56 ± 1.46 µV, respectively, p = 1). However, the 446 

mean N1 amplitudes for all participants after FASTER pre-processing had been 447 

reduced to 2.21 ± 1.19 µV, which was statistically significant different to APP (p < 448 

0.001) and the supervised scheme (p < 0.001). 449 

Figure 3 – Insert approximately here 450 

Figure 4 – Insert approximately here 451 

3.1.2. Channels interpolated 452 

The percentage of channels interpolated using each pre-processing method, for both 453 

groups, is presented in Figure 5(a). A 2-way repeated measures ANOVA with a 454 

Greenhouse-Geisser correction showed a significant main effect of Method (F(1.67, 455 

172.38) = 153.126, P < 0.001) but no significant effects of Group (F(1, 103) = 1.44, P 456 

= 0.233) nor a significant interaction (F(1.67, 172.38) = 2.79, P = 0.074). Post hoc tests 457 

using Bonferroni-Holm correction on the factor Method revealed that APP interpolated 458 

a similar amount of channels to the supervised scheme (1.05 ± 1.00 % and 1.02 ± 0.66 %, 459 

respectively, p = 0.925). However, FASTER interpolated around of 3.29 ± 1.45 % 460 

channels, which was statistically significant more than APP (p < 0.001) and Supervised 461 

(p < 0.001). 462 

3.1.3. Trials removed 463 

The percentage of trials rejected using each pre-processing method, for both groups, 464 

is presented in Figure 5(b). A 2-way repeated measures ANOVA with a Greenhouse-465 

Geisser correction showed significant main effects of Group (F(1, 103) = 17.85, P < 466 
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0.001) and Method (F(1.378, 141.93) = 32.94, P < 0.001), but no statistically significant 467 

interaction (F(1.378, 141.93) = 0.548, P = 0.515). Patients in general had more trials 468 

rejected than healthy participants (4.78 ± 1.57 % and 3.97 ± 1.64 %, respectively). Post 469 

hoc tests using Bonferroni-Holm correction on the factor Method revealed that APP 470 

rejected significantly fewer trials than FASTER for all participants (3.62 ± 2.00 % and 471 

4.17 ± 0.85 %, respectively, p = 0.007). Moreover, the supervised scheme rejected 5.16 472 

± 1.53 % trials, which was significantly more than APP (p < 0.001) and FASTER (p < 473 

0.001). 474 

3.1.4. Independent components removed 475 

The percentage of ICs removed using each pre-processing method (APP and 476 

FASTER), for both groups, is presented in Figure 5(c). A 2-way repeated measures 477 

ANOVA yielded non-significant effects of Method (F(1, 103) = 0.303, P = 0.583) and 478 

Group (F(1, 103) = 0.918, P = 0.340) as well as non-significant interaction (F(1, 103) 479 

= 0.078, P = 0.781). On average, APP removed 6.65 ± 3.03 % of ICs, while FASTER 480 

removed 6.89 ± 3.44 %. 481 

3.1.5. Channels interpolated per trial 482 

The percentage of channels interpolated per trial by each pre-processing method 483 

(APP and FASTER), for both groups, is presented in Figure 5(d). A 2-way repeated 484 

measures ANOVA showed a significant effect of Method (F(1, 103) = 167.51, P < 485 

0.001) but no significant effect of Group (F(1, 103) = 1.167, P = 0.282) nor a significant 486 

interaction (F(1, 103) = 3.022, P = 0.085). APP interpolated fewer channels per trial 487 

than FASTER (1.89 ± 0.82 % and 2.65 ± 0.52 %, respectively). 488 

Figure 5 – Insert approximately here 489 

3.2. RS data analysis 490 

3.2.1. Frequency bands 491 

A 3-way repeated measures ANOVA with a Greenhouse-Geisser correction was 492 

conducted on the main factors: Method (Supervised, APP, TAPEEG and Prep pipeline), 493 

Region (frontal, left tempo-parietal, right tempo-parietal, central and parieto occipital), 494 

and Band (Delta, Theta, Low Alpha, High Alpha and Beta).  The results showed a non-495 

significant main effect of Method (F(2.920, 195.609) = 0.357, P = 0.779), but 496 
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significant main effects of Region (F(3.806, 255.025) = 22.488, P < 0.001) and Band 497 

(F(2.065, 138.327) = 1448.719, P < 0.001), as well as a significant 3-way interaction 498 

(F(17.110, 1146.356) = 1.790, P = 0.024). The ANOVA yielded also a significant Band 499 

x Region interaction (F(7.495, 502.152) = 11.239, P < 0.001), and non-significant 500 

interactions Band x Method (F(5.881, 394.053) = 1.010, P = 0.418) and Method x 501 

Region (F(9.785, 655.585) = 0.916, P = 0.516). Moreover, two 1-way repeated 502 

measures ANOVA’s with a Greenhouse-Geisser correction were conducted to compare 503 

the effect of Method on PAF and IAB of the parieto-occipital region. For PAF, there 504 

was no significant effect of Method (F(2.816, 188.657) = 1.859, P = 0.142). Similarly, 505 

there was no significant of Method on IAB (F(2.616, 175.282) = 0.943, P = 0.411). In 506 

general, all the pre-processing methods yielded similar EEG relative amplitudes in each 507 

frequency band for all the 5 scalp regions, as well as similar PAF and IAB for the 508 

parieto-occipital region (for summary statistics, see Supplementary Table S1).   509 

The Pearson correlation coefficients between the EEG relative amplitude in each 510 

frequency band, as well as the PAF and IAB, obtained using the automatic pipelines 511 

(APP, TAPEEG or Prep pipeline) and the ones obtained using the supervised scheme, 512 

are shown in Table 2. On average, APP, TAPEEG, and Prep pipeline were found to 513 

correlate well with the supervised scheme (r = 0.922 ± 0.033, r = 0.923 ± 0.046, and r 514 

= 0.928 ± 0.035, respectively). 515 

Table 2 - Insert approximately here 516 

3.2.2. Channels interpolated 517 

The percentage of channels interpolated in the RS analysis, for each pre-processing 518 

method, is presented in Figure 6(a). A one-way repeated measures ANOVA with a 519 

Greenhouse-Geisser correction showed a significant main effect of the pre-processing 520 

Method (F(1.575, 105.527) = 15.49, P < 0.001). Post hoc tests using Bonferroni-Holm 521 

correction revealed that APP interpolated a similar amount of channels as the 522 

supervised scheme (1.20 ± 1.87 % and 1.15 ± 2.51 %, respectively, p = 0.924), but 523 

significantly less than TAPEEG (2.48 ± 1.33 %, p = 0.018) and Prep pipeline (3.98 ± 524 

4.87 %, p < 0.001). TAPEEG interpolated significantly fewer channels than Prep 525 

pipeline (p = 0.008) and significantly more than the supervised scheme (p = 0.018). 526 

Prep pipeline interpolated significantly more channels than the supervised scheme (p < 527 

0.001). 528 
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3.2.3. Data segments removed 529 

The percentage of RS data segments removed in the analysis, for each pre-530 

processing method, is presented in Figure 6(b). A one-way repeated measures ANOVA 531 

with a Greenhouse-Geisser correction yielded a significant main effect of the pre-532 

processing Method (F(2.720, 182.267) = 57.94, P < 0.001). Post hoc tests using 533 

Bonferroni-Holm correction revealed that APP removed significantly more data 534 

segments than the supervised scheme (8.32 ± 2.24 % and 4.99 ± 2.73 %, p < 0.001) and 535 

Prep pipeline (5.13 ± 2.61 %, p < 0.001) but significantly less than TAPEEG (10.36 ± 536 

3.53, p < 0.001). TAPEEG removed significantly more data than the supervised scheme 537 

(p < 0.001) and Prep pipeline (p < 0.001). Prep pipeline removed a similar amount of 538 

data segments as the supervised scheme (p = 0.771). 539 

3.2.4. Independent components removed 540 

The percentage of ICs removed by each pre-processing method (APP and TAPEEG) 541 

is presented in Figure 6(c). A two-tailed paired-samples t-test showed that APP and 542 

TAPEEG removed similar number of ICs (6.96 ± 3.29 % and 6.46 ± 3.31 %, 543 

respectively); (t(67) = 0.889, p = 0.377).  544 

3.2.5. Channels interpolated per epoch 545 

The percentage of channels interpolated per epoch rejected by each pre-processing 546 

method (APP and TAPEEG) is presented in Figure 6(d). A two-tailed paired-samples 547 

t-test showed that APP interpolated significantly less channels per epoch than TAPEEG 548 

(1.46 ± 0.80 % and 2.09 ± 1.18 %, respectively); (t(67) = 4.125, p < 0.001). 549 

Figure 6 – Insert approximately here 550 

4. Discussion and Conclusion 551 

EEG data are usually contaminated by numerous artifacts and require expert 552 

supervision for artifact identification and removal. However, with the increasing size 553 

of available datasets due to increasing numbers of EEG channels and study participants, 554 

supervised data pre-processing becomes impractical, paving the way for automatic pre-555 

processing methods.  556 
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In this study, we propose a novel automatic pipeline (APP) for EEG pre-processing 557 

and artifact detection and removal, which makes use of state-of-the-art EEG signal 558 

processing techniques in a step-by-step manner to correct the EEG data for external and 559 

internal, i.e. participant generated, noise. First, APP filters the EEG data for non-560 

stationarity and removes the power line noise with minimum distortion of the frequency 561 

spectrum. Second, it re-references the data to a robust estimate of the mean of all 562 

channels. Then, it detects and interpolates bad channels and removes bad epochs. After 563 

that, APP uses ICA to remove eye-movement, muscular and bad-channel related 564 

artifacts. Finally, it removes epoch artifacts. At each step, several parameters are 565 

estimated from the data and outliers are detected and removed based on a robust data 566 

driven outlier detection scheme. APP was validated on two datasets containing real 567 

ERP and RS data.  568 

ERP data 569 

The ERP dataset consisted of data from healthy controls and schizophrenia patients 570 

performing a vernier discrimination task. This type of visual stimuli usually evokes a 571 

strong negative N1 component, around 200 ms after the stimulus onset, as measured by 572 

the GFP. However, schizophrenia patients tend to have reduced amplitudes compared 573 

to healthy controls (Plomp et al., 2013). The same result, i.e. low N1 amplitudes for 574 

patients compared to controls, were found using either APP, supervised inspection by 575 

experts, or FASTER (a previously proposed method of artifact detection in ERP data). 576 

However, the N1 amplitudes obtained using APP were similar to the ones obtained 577 

using the supervised scheme but were significantly larger than the ones obtained using 578 

FASTER. Interestingly, the difference between the mean of the controls’ N1 amplitudes 579 

and the mean of patients’ N1 amplitudes were larger for APP and the supervised scheme 580 

than the ones of FASTER.  581 

Moreover, as expected, patients had more bad trials than controls, for all pre-582 

processing schemes. The supervised scheme rejected more trials than APP and 583 

FASTER. This might be the case because the experts did not use ICA to reduce artifacts 584 

nor interpolated channels that are bad just in specific trials, thus, considering those trials 585 

as bad overall. Considering, the two automatic methods, APP removed less bad trials 586 

than FASTER; however, the two methods removed similar amount of ICs. In terms of 587 

channels interpolated, APP interpolated similar number of channels as the supervised 588 
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scheme; however, FASTER interpolated significantly more than the other two methods. 589 

In addition, FASTER interpolated more channels per trial than APP. 590 

Resting-state data 591 

For the validation of the proposed pipeline on RS data pre-processing, data from 592 

healthy participants performing a 5 minutes eyes-close EEG recording was used. 593 

Similar levels of correlation were found for the power across multiple frequency bands, 594 

as well as the peak alpha frequency, between each of the three automatic pre-processing 595 

(APP, TAPEEG, and Prep pipeline) and the expert supervision. In addition, APP 596 

removed and interpolated a similar number of channels as the supervised scheme and 597 

fewer than both TAPEEG and Prep pipeline. Regarding the amount of data segments 598 

rejected, EEG experts had to prune the data for artifactual segments, following Prep 599 

pipeline pre-processing, since this method does not incorporate such feature. 600 

Consequently, Prep pipeline and the supervised scheme rejected similar amount of data 601 

segments and significantly less than APP and TAPEEG. The latter two methods use 602 

fixed epochs to prune the data for artifactual segments, which might cause the 603 

difference between the EEG experts supervision and the two fully automated methods. 604 

Considering only the two fully automated methods, APP removed significantly less 605 

epochs than TAPEEG but no statistically significant difference was found in terms of 606 

ICs removed. Additionally, TAPEEG interpolated more channels per epochs than APP. 607 

Unlike FASTER and TAPEEG, APP does not assume a normal distribution of the 608 

parameters calculated at each step, which avoids that much data from skewed 609 

distributions be considered as outliers and therefore discarded. This is especially 610 

important when dealing with patient data, which by nature tend to be noisier but also 611 

more difficult to obtain so that we cannot afford to lose artifact-free information. 612 

Limitations of the proposed pipeline 613 

We only tested APP on 64-channels datasets. However, we expect the pipeline to 614 

work at least equally well for recordings with more channels, since each parameter 615 

computed at each step is treated statistically and more data therefore provide a better 616 

sampling of the parameter distribution. For the same reason, we do not recommend the 617 

use of APP for recordings with less than 32 channels without supervision. In such cases, 618 

APP can still be used, but only as an auxiliary tool to further support an informed 619 

decision on whether or not to classify a specific channel, trial or IC as artifactual. 620 
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The most challenging part of the proposed pipeline is the correct classification of 621 

ICs. So far, no metric can accurately classify artifactual ICs. Thus, in APP to avoid 622 

overcorrection, we relied on metrics that have low false alarm rates, while achieving 623 

satisfactory hit rates (for a comparison of the classification accuracy of different IC 624 

metrics, see Chaumon et al., 2015). Since Chaumon and colleagues used training sets 625 

to define thresholds for each metric, we conducted a small analysis to determine how 626 

these metrics would perform using APP’s outlier detection scheme. Results were 627 

inspected by one EEG expert and the metrics reported in Chaumon et al. (2015) to have 628 

better results were found to yield satisfactory performance. Furthermore, in the absence 629 

of EOG signals the correction of eye-movement related artifacts cannot be performed, 630 

since APP uses EOG signal as a reference for the IC selection. Further work on APP 631 

could include metrics for improved IC classification, as well as metrics for the detection 632 

of eye-movement related ICs that do not resort on reference signals, such as the 633 

ADJUST eye movement detector. Finally, APP was only tested in laboratory conditions, 634 

in which artifacts are somehow mild and SNR is relatively high when compared to 635 

harsher environments, such as natural settings outside laboratories or inside magnetic 636 

resonance scanners. Therefore, we do not recommend the use of APP with EEG data 637 

acquired under such circumstances. 638 

Summary 639 

In sum, the aim of this paper was to propose and validate APP, a novel method for 640 

EEG pre-processing and artifact removal. Our results show that APP performs at the 641 

same level as the pre-processing done by EEG experts, while outperforming existing 642 

alternatives in many aspects, namely the amount of data lost, and achieving higher ERP 643 

amplitudes. Currently, APP is a series of Matlab® scripts that can be obtained by 644 

contacting the corresponding author. However, our intention is to integrate APP as a 645 

plugin for EEGLAB, and to make the respective source code freely available online. 646 

The default parameters in this plugin will be the ones used in the present article; 647 

however, the users will have the option to change the parameters at their convenience. 648 

We hope that this method will contribute to the EEG research field by aiding 649 

researchers deal with the increased amount of data and improving the reproducibility 650 

of results.  651 
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Appendix 659 

The biweight estimate (Hoaglin et al., 1983, 1985) is a weighted average, in which 660 

the weights decrease nonlinearly as going away from the center of the distribution. The 661 

weighting function returns zero after a certain distance from the center of the 662 

distribution and this distance is controlled by a censoring parameter 𝑐. First, the median 663 

𝑀 and the median absolute deviation 𝑀𝐴𝐷 are determinate. Second, a weight 𝒖(𝑖) is 664 

assigned to each of the 𝑁 observations 𝒙(𝑖) as follows: 665 

 𝒖(𝒊) =
𝒙(𝒊) − 𝑴

𝒄 × 𝑴𝑨𝑫
  

To censor the extreme values, ∀ |𝒖(𝑖)| ≥ 1, 𝒖(𝑖) = 1. In this study, 𝑐 is set to 7.5, 666 

which censors values more than 5 standard deviations away from the center of the 667 

distribution.  668 

Then, the biweight estimate of the mean is given by:  669 

 �̅�𝒃𝒊𝒘𝒆𝒊𝒈𝒉𝒕 = 𝑴 +
∑ (𝒙(𝒊) − 𝑴)𝑵

𝒊=𝟏 (𝟏 − 𝒖(𝒊)𝟐)𝟐

∑ (𝟏 − 𝒖(𝒊)𝟐)𝟐𝑵
𝒊=𝟏

  

The biweight estimate of the standard deviation is calculated in a similar fashion: 670 

 
𝒔𝒃𝒊𝒘𝒆𝒊𝒈𝒉𝒕 =

√𝑵 ∑ (𝒙(𝒊) − 𝑴)𝟐(𝟏 − 𝒖(𝒊)𝟐)𝟒𝑵
𝒊=𝟏

∑ (𝟏 − 𝒖(𝒊)𝟐)𝑵
𝒊=𝟏 (𝟏 − 𝟓𝒖(𝒊)𝟐)
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Tables Captions 781 

Table 1 - Average Statistics (±SD) of Participants in the Event-Related Potential 782 

(ERP) and Resting-State (RS) analysis.  783 

Table 2 - Pearson correlation coefficients of the EEG relative band amplitude in each 784 

frequency band and the individual alpha band (IAB) and the peak alpha frequency 785 

(PAF), between APP, TAPEEG or Prep Pipeline and the supervised scheme.  786 
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Figure Captions 787 

Figure 1 - Example of the EEG spectral power of a single channel (FCz) before (top) 788 

and after power line noise removal (bottom) using CleanLine (Mullen, 2012). The 789 

power line line power (50 Hz) and its harmonics (150 and 250 Hz) are greatly reduced. 790 

Figure 2 - Comparison of common mean reference (red) and the proposed biweight 791 

estimate of the mean (blue). In the case, with no bad channels (top), the two behave 792 

similarly, reflected by a small difference (black) and high correlation. However, when 793 

a bad channel is included (bottom), the common mean is greatly affected by the bad 794 

channel, while the biweight estimate of the mean remains the same, which is reflected 795 

in a large difference between them (black) as well as a lower correlation. 796 

Figure 3 - The global field power (GFP) time series to the target stimulus for healthy 797 

controls (left) and patients (right) after pre-processing with APP (red), FASTER (blue) 798 

and the Supervised scheme (black). Dashed lines represent standard error of the mean. 799 

Figure 4 - Average GFP N1 amplitudes at the peak latencies for each Group 800 

(Controls and Patients), as a function of the pre-processing Method (APP, FASTER and 801 

Supervised). The interaction effect between Group and Method indicates that the GFP 802 

difference between patients and healthy controls is not as large when using FASTER 803 

compared to using APP or Supervised pre-processing. Error bars indicate the standard 804 

error of the mean. 805 

Figure 5 - Channels interpolated (a), trials removed (b), independent components 806 

removed (c) and channels interpolated per trial (d), for healthy controls and 807 

schizophrenia patients, using APP, FASTER and supervised artifact rejection (except 808 

for channels interpolated per trial). Error bars indicate the standard error of the mean. 809 

Figure 6 - Channels interpolated (a), data segments removed (b), independent 810 

components removed (c) and channels interpolated per epoch (d) using APP, TAPEEG, 811 

Prep pipeline and supervised artifact reject (except channels interpolated per epoch for 812 

the latter two methods). Error bars indicate the standard error of the mean.813 
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Tables 814 

Table 1 815 

 ERP Participants RS Participants 

 Schizophrenia 

Patients 

Healthy Controls Healthy 

Participants 

Gender (F/M) 11/33 29/32 29/39 

Age 33.4 ± 8.3 35.1 ± 9.6 35.0 ± 8.2 

Education 13.4 ± 2.7 15.0 ± 2.8  14.1 ± 2.7 

Illness duration 9.2 ± 7.1   

SANS* 10.4 ± 5.1   

SAPS** 9.0 ± 2.9   

Handedness (R/L) 43/1 56/5 64/4 

Visual acuity 1.40 ± 0.34 1.51 ± 0.41 1.62 ± 0.39 

    

* SANS: Scale for the Assessment of Negative Symptoms 

** SAPS: Scale for the Assessment of Positive Symptoms 
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Table 2 818 

 APP vs Supervised TAPEEG vs 

Supervised 

Prep pipeline vs 

Supervised 

Delta 0.918 0.892 0.905 

Theta 0.927 0.940 0.938 

Low Alpha 0.960 0.969 0.976 

High Alpha 0.949 0.967 0.947 

Beta 0.952 0.971 0.966 

IAB 0.870 0.861 0.882 

PAF 0.878 0.864 0.885 

819 
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Figures 820 

Figure 1 821 
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Figure 2 823 
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Figure 3 826 
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Figure 5 831 
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