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EEGLAB Toolset

http://sccn.ucsd.edu/eeglab/



• A toolbox for (source-space) electrophysiological information flow and causality 
analysis (single- or multi-subject) integrated into the EEGLAB software environment. 

• Emphasis on vector autoregression and time-frequency domain approaches 
• Standard and novel interactive visualization methods for exploratory analysis of 

connectivity across time, frequency, and spatial location 
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Large-scale brain connectivity



Bastos AM, Schoffelen J-M: A Tutorial Review of Functional Connectivity Analysis 
Methods and Their Interpretational Pitfalls. Front Sys Neurosci 2016, 9:413.



The problem of spurious connectivity

Bivariate	
  measures,	
  such	
  as	
  coherence	
  (but	
  also	
  original	
  GC),	
  
find	
  spurious	
  connections	
  between	
  nodes	
  if	
  they	
  share	
  a	
  
common	
  input.





A deeper problem – unobserved nodes

With	
  EEG,	
  it's	
  unavoidable	
  that	
  there	
  will	
  be	
  contributing	
  
network	
  nodes	
  (e.g.	
  thalamus)	
  that	
  we	
  cannot	
  observe.

We	
  also	
  can't	
  be	
  sure	
  ICA	
  will	
  identify	
  all	
  important	
  sources…



• A measure of statistical causality 
based on prediction.

• Widely used in time-series econometrics.
• Nobel Prize in economics, 2003.

Granger-causality 

If	
  a	
  signal	
  A	
  causes	
  a	
  signal	
  B,	
  then	
  knowledge	
  of	
  the	
  
past	
  of	
  both	
  A	
  and	
  B	
  should	
  improve	
  the	
  predictability	
  of	
  
B,	
  as	
  compared	
  to	
  knowledge	
  of	
  B	
  alone.

Clive	
  J.W.	
  Granger
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AR	
  Models	
   (prediction	
  of	
  future	
  of	
  a	
  signal	
  by	
  its	
  past)

VAR	
  Models	
   (prediction	
  of	
  future	
  of	
  a	
  signal	
  by	
  its	
  past	
  +	
  the	
  other	
  signal's	
   past)

Incorporating	
  information	
  about	
  X1 improves	
  the	
  prediction	
   of	
  X2!
We	
  say	
  "X1 granger-­‐causes	
  X2"



Calculation of GC





























Important Choices

• Model Order
– Determines	
  complexity	
  of	
  spectrum	
  you	
  can	
  model
– Larger	
  orders	
  need	
  more	
  data

• Window Length
– Window	
  must	
  be	
  long	
  enough	
  to	
  contain	
  sufficient	
  
data	
  for	
  your	
  chosen	
  model	
  order

– Must	
  be	
  long	
  enough	
  to	
  encompass	
  the	
  time-­‐scale	
  of	
  
interactions

– Yet	
  not	
  too	
  long	
  as	
  to	
  smear	
  temporal	
  dynamics	
  or	
  
include	
  non-­‐stationary	
  data







Network causal information flow during motor 
planning and execution

 Analysis Window

vs.

John R. Iversen, Alejandro Ojeda, Tim Mullen, Markus Plank, Joseph Snider, 
Gert Cauwenberghs, Howard Poizner

Institute for Neural Computation
Swartz Center for Computational Neuroscience

University of California, San Diego
EMBC 2014



How does brain plan visually guided movements?

• Pointing Task (Park, et al. 2014, IEEE Trans Neural Syst Rehabil Eng) 

 Analysis Window

vs.

Planning Execution

Time	
  (s)
0 0.5 1.0

ß Analysis	
  WindowN=10	
  (right-­‐handed,	
  mean	
  age=21)
70	
  channel	
  EEG	
  (Biosemi)
512	
  Hz;	
  128Hz	
  for	
  connectivity



ICA source space analysis
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Cortical	
  ROIsIndependent	
   Component	
  Analysis

Group	
  SIFT:	
  Project	
  ICs	
  onto	
  cortical
surface	
  using	
  LORETA;	
  extract	
  ROI	
  time	
  series.
Advantage:	
  Same	
  ROIs	
  for	
  all	
  subjects	
  enables
statistical	
   comparison.	
   (Use	
  BCILAB	
  srcpot)



Core Analysis Methods I

•Segmentation–based	
  
MVAR



Core Analysis Methods II

•Time-­‐varying	
  SdDTF ("short-­‐time	
  
direct	
  directed	
  transfer	
  function")

•Directed	
  measure	
  of	
  direct	
  
(unmediated)	
  causal	
  flow	
  between	
  
ROIs

•Combines	
  DTF	
  and	
  partial	
  
coherence; windowed	
  (0.5s,	
  30ms).

(Korzeniewska,	
  et	
  al.	
  2008)	
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SIFT	
  Analysis

•Time-­‐varying	
  SdDTF

Directed	
  measure	
  of	
  
direct	
  causal	
  flow	
  
between	
  ROIs

Averaged	
  across	
  
subjects
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dDTF during reaching



Changed causal flow during reaching
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Occipital à ACC

Planning Execution



Greater causal flow during movement planning



Discussion

• SIFT is a capable toolkit for causal 
dynamical analysis at source level

• Parietal network expected for visually 
guided action (e.g. Heider, et al., 2010)

• ACC more strongly driven by Occipital & Motor. Locus for 
translation of intention into action (Paus, 2001; Srinivasan, et 
al. 2013). ACC drives SMA (not shown).

• Causal network results depend on the number of nodes
– E.g.	
  Occipital	
  à ACC	
  could	
  be	
  mediated	
  by	
  region	
  not	
  included	
   in	
  

model
– There	
  will	
  always	
  be	
  a	
  tradeoff	
  between	
   network	
  size	
  and	
  amount	
  of	
  

data	
  needed	
   to	
  fit	
  the	
  model.	
  
– Regularization
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• A toolbox for (source-space) electrophysiological information flow and causality 
analysis (single- or multi-subject) integrated into the EEGLAB software environment. 

• Emphasis on vector autoregression and time-frequency domain approaches 
• Standard and novel interactive visualization methods for exploratory analysis of 

connectivity across time, frequency, and spatial location 



SIFT Workflow





























• Approaches
– Tim Mullen & Wes Thompson (since 2010) 

‘Hierarchical Bayesian Modeling’ that interpolate 
missing values (i.e. inconsistency in dipole locations 
across subjects).

• ROI-based approaches
– Iversen, et al, 2014: project IC activation onto cortical 

surface and define activity in anatomically defined 
cortical ROIs.

– Nima Bigdely-Shamlo (in his PhD dissertation in 
2014) ‘Network Projection’ that uses dipole density 
and anatomical ROI.

History of group-level SIFT



Project groupSIFT

Makoto Miyakoshi
Nima Bigdely-Shamlo



Ongoing development

• Based on Nima’s Network Projection
– It’s	
  going	
  to	
  be	
  an	
  extension	
  of	
  his	
  idea
– Divide	
  Gaussian-­‐smoothed	
  dipole	
  density	
  into	
  
anatomical	
  regions	
  of	
  interests	
  (ROIs-­‐-­‐used	
  AAL	
  atlas)

Defines	
  72	
  brain	
  regions	
  to	
  include
(36	
  for	
  each	
  hemisphere)

Defines	
  16	
  brain	
  regions	
  to	
  exclude
(8	
  for	
  each	
  hemisphere)



How to normalize IC-network to anatomical ROIs

0.37

0.39

0.05

0.14
0.04

0.01

1. Run	
  ICA,	
  DIPFIT,	
  and	
  SIFT.
2. Smooth	
  dipole	
  positions	
   into	
  

dipole	
  density that	
  is	
  3-­‐D	
  Gaussian	
  
sphere	
  with	
  FWHM	
  ==	
  14.2	
  mm	
  
(for	
  the	
  case	
  of	
  9.6	
  mm	
  error	
  in	
  
average	
  across	
  all	
  cortex;	
  Akalin
Acar et	
  al.,	
  2013.)

3. Compart	
  the	
  dipole	
  density	
  
according	
  to	
  Automated	
  
Anatomical	
  Labeling	
  Atlas	
  (Tzourio-­‐
Mazoyer et	
  al.,	
  2002)

4. Repeat	
  above	
  process	
  for	
  all	
  ICs.
5. For	
  each	
  pair	
  of	
  regions	
  (there	
  are	
  

72	
  x	
  72	
  ==	
  5184	
  combinations),	
  
compute	
  pairwise	
  dipole	
  density
which	
  is	
  a	
  product	
  of	
  two	
  dipole	
  
densities.

6. Multiply	
  info	
  flow	
  measure	
  (rPDC,	
  
dDTF,	
  etc)	
  by	
  normalized	
  pairwise	
  
dipole	
  density	
  to	
  calculate	
  ROI-­‐to-­‐
ROI	
  info	
  flow.

IC1
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ROI2

ROI1
InfoFlow(ROI1-­‐>ROI2)	
   ==	
  
InfoFlow(IC1-­‐>IC2)*(0.39*0.43)/(0.39*0.43+0.45*0.43)	
  +	
  …
InfoFlow(IC3-­‐>IC2)*(0.45*0.43)/(0.39*0.43+0.45*0.43)	
  

Normalization	
  term	
  for	
  dipole	
  pair	
  density	
  



Flow of the process
menu



Flow of the process
1. Run SIFT batch



Flow of the process
2. Validate Models



Flow of the process
3. Convert to Anatomical ROI



Flow of the process
4. Stack Group Data



Flow of the process
5. Compute Uncorrected Statistics (5min)



Flow of the process
6. Compute Corrected Statistics (whole night)

• T-test across 30 (freqs) x 100 (time points) x 72 x 72 (anatomical 
ROI) x 11 (subjects) x 2 (conditions).

• Single CPU, 17 h; 12 CPU Matlab parfor, 2.4 h.



Flow of the process
7. View Results



Flow of the process
8. Generate Movie

• It	
  uses	
  SIFT’s	
  GUI	
   to	
  make	
  the	
  movie	
  by	
  feeding	
  single	
  subject	
  dataset	
  
replaced	
  with	
  group-­‐mean	
  data.





Current Status

• Alpha test ongoing since March 2016.
• Will be available as a beta version in 2016 

Summer!


