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“Clinical” vs Actuarial Approaches 

Dawes, R.M., Faust, D., & Meehl, P.E.(1989).   Science, 243, 1668-1674. 



“Clinical” vs Actuarial Approaches 

Human raters 

Good source of possible algorithms 

Lousy at reliably implementing them 

Inter-rater 

Intra-rater 

Actuarial methods  

Always arrive at the same conclusion 

Weight variables according to actual 

predictive power 

Dawes, R.M., Faust, D., & Meehl, P.E.(1989).   Science, 243, 1668-1674. 



Algorithmic EEG Artifact Approaches 

Amplitude criteria  
Too sudden: 100uV between samples 

Activity criteria 
Too big: 250uV/2sec epoch 

Too small: <0.5 uV range across 100ms 

Regression-based EOG correction 

Can we make ICA-based correction 

algorithmic? 



What is ICA? 

ICA is a "blind source separation" 

technique.  

ICA separates sources of activity that are 

mixed together at recording electrodes.  



What is ICA? 

For EEG data 

Channel data (X) can be thought of as a 

weighted (W) combination of independent 

component activations (Wx), each of which 

has a scalp projection (W-1).   

 

You can think of ICs as putative sources 

of the scalp-recorded EEG. 
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Chaumon et al., 2015 

Rare Events 



What is ADJUST? 

ADJUST= Automatic EEG artifact Detection 

based on the Joint Use of Spatial and 

Temporal features 

 

 Automatic ICA-based algorithm that 

identifies artifact-related IC components 

 Uses both spatial and temporal distributions 

 Combines stereotyped features to 

efficiently and systematically reject an 

artifact 

Mognon, Jovicich, Bruzzone, & Buiatti, 2010 



How does it work? 

 EEG is decomposed into ICs (done in EEGlab) 

 ICs defined only by statistical relationships. 

 It knows nothing about where electrodes are  

 Detectors are applied for 4 types of artifacts 

 Computes class-specific spatial and temporal 

features on all ICs 

 Each feature has a threshold dividing artifacts from 

non-artifacts 

 For each detector, ICs identified as artifacts if 

features associated with the artifact exceed 

their respective threshold. 

 

 

Mognon, Jovicich, Bruzzone, & Buiatti, 2010 



Features 

 Spatial Average Difference (SAD) 

 

 Temporal Kurtosis (TK) 

 

 Maximum Epoch Variance (MEV) 

 

 Spatial Eye Difference (SED) 

 

 Generic Discontinuities Spatial 
Feature (GDSF) 



MARA: Six features derived from machine learning algorithm 

1. Current Density Norm: ICA scalp maps can be interpreted as EEG 

potentials for which the location of the sources can be estimated. It is 

natural that artifactual signals originating outside the brain can only 

be modeled by rather complicated sources. Those are characterized 

by a large l2-norm, which MARA uses as a feature. 

2. Range Within Pattern: The logarithm of the difference between the 

minimal and the maximal activation in a scalp map. Spatially localized 

scalp maps stemming from e.g muscle artifacts or loose electrodes are 

typically characterized by a high Range Within Pattern. 

3. Mean Local Skewness: The mean absolute local skewness of time 

intervals of 15s duration. This feature aims to detect outliers in the 

time series. 

4. λ and Fit Error: These two features describe the deviation of a 

component’s spectrum from a prototypical 1/f curve and its shape.  

5. 8-13 Hz: The average log band power of the α band (8–13Hz). This 

feature aims to detect the typical α peak in components of neural 

origin. 

 Winkler et al., 2011 



Pre-Processing Steps for ICA Artifact Rejection 

1. A rough pre-cleaning of the data by e.g. channel 

rejection and trial rejection may be performed. This step is usually 

helpful for obtaining a good ICA decomposition.  

2. Filter: As ICA decomposition is known to be sensitive to slow 

drifts, high pass filtering the data (at 0.5 Hz or even 2 Hz) can 

sometimes improve the quality of the decomposition. Note that 

MARA might lead to suboptimal results on narrow band-passed 

filtered data, because its spectrum features are calculated on the 

power spectrum between 2 Hz and 39 Hz. 

3. Run ICA! Tools>Run ICA calculates ICA decomposition: The option 

’pca’ can be set to perform a dimensionaliy reduction prior to IC 

computation. Such a step may be helpful, in order to reduces the 

noise level and avoid an unnatural splitting of sources. (It also makes 

IC computation faster and reduces and the number of components 

that have to be labeled.) 

Winkler et al., 2011 



 



The following slides were not used, but may be helpful, and 

derive from Laura Zambrano-Vazquez’s talk about ADJUST 



Features 

 Spatial Average Difference (SAD) 

 Spatial topography of blink ICs  

 Looks for higher amplitude in frontal vs. posterior areas 

 

 

 

 

 Temporal Kurtosis (TK) 

 Kurtosis over the IC time course  

 Kurtosis is "peakedness" of the distribution (i.e. distribution of 
timepoints in the epoch) 

 Looks for outliers in amplitude distribution typical of blinks  

 
Mognon, Jovicich, Bruzzone, & Buiatti, 2010 



Features 

 Spatial Eye Difference (SED) 

 Looks for large amplitudes in frontal areas in anti-

phase typical of horizontal eye movement 

 

 Generic Discontinuities Spatial Feature (GDSF) 

 Looks for local spatial discontinuities 

 

 

 

Mognon, Jovicich, Bruzzone, & Buiatti, 2010 

 Maximum Epoch Variance (MEV) 

 Is a ratio of variance in epoch with most variance compared 

to mean variance over all epochs 

 Looks for slower fluctuations typical of vertical eye 

movement 



Where to begin? 
 Pre-processing 

 Clean file for non-stereotyped “gross artifacts”  

 AKA Muscle activity and other external factors  

 Variable spatial distribution that could take up a lot of ICs 

 Low-Pass filtering, if appropriate for your data, can remove some 
artifacts and prevent so many ICs from capturing these higher-
frequency noise artifacts 

 ICA 

 From EEGlab or, if not performed already, can be called from  
ADJUST 

 

 Run ICA’d files with ADJUST 

 Import dataset into EEGLab Tools  ADJUST          OR 

 Use script and select file 

 





Component Head Maps 

 

# of channels in EEG data =  

# of components 
  

Typically more true 

components than channels 

 

Multiple true components 

combined into a single ICA 

component 

 

We have 64 components 

because we had 64  

channels  

ADJUST will highlight in 

red the components it 

identified as artifacts 



Looking at an 

individual IC 

Head map 

IC activity plotted 

against trial  

 

Activity power 

spectrum 

 

Features and 

thresholds 



Component Data Scroll 

 

Shows the activity of 64 

components  across epochs 

10 







Eye blinks 
 Features used 

 Spatial Average Difference (SAD) 

 Temporal Kurtosis (TK) 

 

 Frontal distribution 

 

 High power in delta frequency band  

 

 In component data scroll high potentials with 
morphology of eye blink (like in EEG) can be 
observed 



All have SAD and 

TK features over 

threshold 

All have a frontal 

distribution 

All have higher 

power in delta  

band 



Look at Component Scroll 

for  what IC  1 looks like 

High potentials with these 

morphology further 

suggest the IC component 

is in fact eye blink related 



Vertical Eye Movement 

 

 

 

 Features used 

 Spatial Average Difference (SAD) 

 Maximum Epoch Variance (MEV) 

 

 Frontal distribution similar to that of 

an eye blink 

 

 



SAD and MEV 

features are over 

threshold 

Frontal distribution 

It appears that the 

artifact is mostly 

driven by what is 

happening around 

trial 200 





Horizontal Eye Movement 

 

 

 

 Features used 

 Spatial Eye Difference (SED) 

 Maximum Epoch Variance (MEV) 

 

 Frontal distribution in anti-phase 

(one positive and one negative) 

 



SED and MEV 

features are over 

threshold 

Anti-phase, 

primarily frontal 

distribution 

In the IC Activity by 

trial, three sections 

stand out 



Trials 110-114 

Trial 75-79 



Generic Discontinuities 

 

 

 

 Features used 

 Generic Discontinuities Spatial Feature (GDSF) 

 Maximum Epoch Variance (MEV) 

 

 Variable distribution 

 

 Sudden amplitude fluctuations with no 
spatial preference 

 Could be present in as little as one or 2 trials, 
and limited to 1 channel 

 

 In component data scroll weird activity in 
the trial plotted on the IC activity 



GDSF and MEV 

features over 

threshold 

Variable 

distribution even 

at a single 

channel 

IC activity shows a 

lot of variability 

across epochs and 

doesn’t show one 

as responsible 





GDSF and MEV 

features over 

threshold 

Variable 

distribution. 

In this case, 

present at a single 

channel 

In the IC Activity 

by trial, one 

section stands out 





Sample Files 

Under L:\Projects\OC_Worry\Physiodata 

 

 Few ICs 

 714flankers.cnt.ICA.MAT 

 

 A lot of ICs 

 770flankers.cnt.ICA.MAT 

 701pl.cnt.ICA.MAT 


