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Newresiionie

Intro

The Dynamic Brain

x A key goal: To measure temporal changes in neural dynamics
and information flow that index and predict task-relevant
changes in cognitive state and behavior

= |mportant factors:
® Accuracy and Validity
®x Temporal Specificity

x Non-invasive measures
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Categorizations of Large-Scale ©

Brain Connectivity Analysis

Intro

(Bullmore and Sporns, Nature, 2009)
Structural Functional ’ Effective }
,’/’, == ‘T\ E " l ‘ N ! |
state-invariant,  dynamic, state-dependent dynamic, state—dependent,)
anatomical correlative, symmetric asymmetric, causal,
iInformation flow

Hours-Years mil ISGCOHdS -SeCONas

Temporal Scale
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Nevrostionie

Modeling Brain Connectivity

Intro

» Model-based approaches mitigate the ‘curse of
dimensionality’ by making some assumptions about the
structure, dynamics, or statistics of the system under

observation

Box and Draper (1987):

“Essentially, all models are wrong, but some
are useful [...] the practical question is how
wrong do they have to be to not be useful”

“The map is not the territory”

Saturday, June 16, 2012



=stimating Functional
Connectivity

Theory

Popular measures

x Cross-Correlation
x Coherence
»= Phase-L.ocking Value

® Phase-amplitude coupling

Saturday, June 16, 2012
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Cross-Correlation and Linear &
Coherence

Frequency
FFT CAB(f) — EZZOPAB(k)e_izﬂfk
S ,5(J)

Theory

Coherence (|Casl?)

@

S0,
® 1 (k)

=l

time lag

i — —

Coherence/CC/PLV indicate functional, but ti ntiit 1
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Estimating Effective

= Connectivity
D
i e
= Non-Invasive e Data-driven
e Rooted in conditional predictability
®» Post-hoc analyses e Scalable (aides-sosa, 2009
applied to measured ® Extendable to nonlinear and/or non-
o stationary systems (rreiwald, 1999; Ding,
neural activity 2001; Chen, 2004; Ge, 2009)
® Extendable to non-parametric
n Confirma’[ory representations (phamala, 2009a,b)
e Can be (partially) controlled for
» Dynamic Causal Models (unobserved) exogenous causes

(Guo, 2008a,b; Ge, 2009)
® Equivalent to Transfer Entropy for

Gaussian Variables seth, 2009)
® Fexibly allows us to examine time-

x Structural Equation Models

® Exploratory varying (dynamic) multivariate
causal relationships in either the
» Granger-Causal methods time or frequency domain

8
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L inear Dynamical Systems

Theory

€, (1)
Stochastic Linear Dynamical System j\/'/ \(tzﬂ a(t )2
X, ()=a@), X,(t—D+a@),X,t—1)+¢() X Ar = )
X,(t)=a(),,X,t—=1D+a(t),, X,(t—-1)+¢(2) a(t)u a‘(t)lz\ /

6 (1) N~
e (1) € (”l 2) € (fl 1) 3 (n)
S = a(1)41 \ a(n)41
O . x0 > (1) > 1 e u > Xi(n-1) +>  Xi(n
< C
CEG <>E a(1)12
— & a(1)er
o 8
O 8 [xo > X(1) > e > X(2) 5 Xo(n-1) > b
\ .
O Al a(1)22 4 N)22
6, (1) 62(71 2) 62(’1 1) €z(n)
t=0 t=1 t=n-2 t=n-1 t=n
time step
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Vector Autoregressive
(VAR / MAR / MVAR) Modeling

X, (1) A AU S SR RN ke Th U
(P 0 ,L»MNJ"’W\»MVMJ\AJ

Theory

X, (t) :.Uke’W’V‘W’wf‘ SRR TWWTL SN

\\

Granger Causality Coherence Spectrum




Y
it

VAR Modeling: Assumptions

Theory

x “Weak” stationarity of the data
= Mmean and variance do not change with time

®x An EEG trace containing prominent evoked potentials is
a classic example of a non-stationary time-series

= Stability
® A stable process will not “blow up” (diverge to infinity)

= |mportantly, stability implies stationarity
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=
Sess 79
[

Ine Linear vVector Auto-

2 9 (VAR)
Q
[= Ordinary Least -Squares
= o) E T E———
Kalman Filtering
x= =0 m Bayesion Mothods
Sparse methods
% model order
®, p (k) random noise process
= X(H)=) AV (OX(t - k) +E(7)
m M-channel data vector M x M matrix of (possibly time-varying) multichannel data k
<|: at current time ¢ model coefficients indicating variable samples in the past
> dependencies at lag k
( (k (k)
antt) (t)
A1) = E(1)= N(0,V)
ay, (t)  dy, (t)
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Selecting a VAR Model Order

Theory

x Model order is typically determined by minimizing information criteria
such as Akaike Information Criterion (AlIC) for varying model order (p):

A|C(p) — 2|Qg(de’[(\[)) + |\/|2p/N Penalizes high model orders (parsimony)

entropy rate (amount of prediction error)

optimal order

model order
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Selecting a VAR Model Order

» Other considerations:

= A M-dimensional VAR model of order p has at
most Mp/2 spectral peaks distributed
amongst the M variables. This means we can
observe at most p/2 peaks in each variables’
spectrum (or in the causal spectrum between
each pair of variables)

x Optimal model order depends on sampling rate (higher
sampling rate often requires higher model orders)

Saturday, June 16, 2012



Granger Causality

Theory

® [irst introduced by Wiener (1958). Later reformulated by
Granger (1969) in the context of linear stochastic

autoregressive models
x Relies on two assumptions:

Granger Causality Axioms

1. Causes should precede their effects in time (Temporal
Precedence)

2. Information in a cause’s past should improve the
orediction of the effect, above and beyond the information
contained In past of the effect (and other measured

variables)

15
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Granger Causality

DOeS X4 granger_cause X1 ’? rzrediction error forEX1
.. variance of residuals £1)
(conditioned on Xz X3)

X | (f ) f V‘\ “\’\,ﬁ\s‘nﬁ./\f‘m%'ﬁ'

A et
X5(1) ¢Sy WV‘J VAPV aflen

X, (1) X(0)=Y" ADX(t~k)+E(t) l

Theory

=

X, (r) AU W Mahaap M pf Y T
X, (1) PRGN — VNP —  var(E1(t))

X;(?) ] 1'% WV‘J ANl i }
X, (=) " A“X (1-k)+E@)
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Nevrostionie

Granger Causality

Theory

B Granger (1969) quantified this definition for bivariate processes in the
form of an F-ratio: £ aquced model

A (W(EI))_ ( var(X (t)| X,()) j
X ex, M =In
var(E ) var(X ()| X,(-), X, ("))

1 2

full model

B Alternately, for a multivariate interpretation we can fit a single MVAR
model to all channels and apply the following definition:

Definition 1
X; granger-causes X; conditioned on all other variables in X
if and only if A (k)>>0 forsomelag ke {l, ..., p}

Saturday, June 16, 2012



Theory

/

N

Xl(f)
X0

X (1=

X, (1

(56

~0.5X (1 -

)

0.2

1) +

= 07X (-1 |+ 02X,

.

I

X (1 -
X, (-

0.X, (-

1)

Granger Causality Quiz

® Example: 2-channel MVAR process of order 1

0 ) [ E@
E1)

J \

1) |+ E (?)

1) + E (¢)

Which causal structure does this model correspond to?

) ®— 0O

b) @ «— &

)@ +— O

Newrosiione
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Granger Causality — Frequency Domain

Theory

X(H)=)Y" A“X(t-k)+E()
k=1 Likewise, X(f) and E(f) correspond to

Fourier-transforming A% we obtain the fourier transforms of the data
and residuals, respectively

_ _\"? (k) —i2mfk, A (0) _
A(f)=-), AP A0 =]
We can then define the spectral matrix X(f) as follows:

X(f)=A(f) E(f)=H( E(f)

Where H(f) is the transfer matrix of the system.

Definition 2
Xj granger-causes Xi conditioned on all other variables in X 'eg%sgo

if and only if |A(f)| >> O for some frequency f
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xlifi MMNWW X(¢) = ZZ 1A(k)(t)X(l‘ — k)+E(?) Ground Truth
X, (1) | AP AN . .
A(fat) = _ZZ=0 A(k)(t)e_lzﬂfk; A(O) =1 Kus, 2004
% () BN | X(f,0) = A(f,2) " E(f,2) = H(f,0E(f,7)
c EEEEEE spurious
E . S inldirect true flow
..g S(f) — X(f)X(f) g U\ —— direct true flow
o =H(HZH(f) — A
@ (Brillinger, 2001) Frequency (Hz) NOTE: time index (t) dropped for convenience
' Functional Effective \
%)
2 ) Lo 2
% % ; = Sy(f) 87% o) F.(f) zjj_(zizj/zii))lHij(f)lz
' S (f)S. c =28 ()=
= 5 JS.(NS (1) 553 5.0)

(Bendat and Piersol, 1986) (Geweke, 1982; Bressler et al., 2007)

() )
e — © — )
= © < S ___ T O o)
BE6p (- s8¢ . o._ 140
= T2 7 SHF)S™ e85 LU= 2
S5 B iif) jj(f) == A(f)‘
= @) . ey, k=1|""k

(Bendat and Piersol, 1986; Dalhaus, 2000) O , ,

(Baccald and Sameshima, 2001)
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Scalp or Source?

Theory

or

750 ms 600 400 -200 O 200 400 600 800
Time (ms)

21
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S Y

Volume conduction —
exists for ECoG too!

S Cal O r S O u rC e r? (c.f. Whitmer, Worrell, ... , Makeig,
. Frontiers in Neuro. 2010

X(t)=HS(t) = iHA(")(t)H S X (t—k)+ HE(¢)

k=1

SENSOrs

Theory

g
X(f) = HS(t)

Volume
Conduction

ICA
SBL
Beamforming

Minimum-norm sources

Solution? Source Separation NOE iA(")(t)S(t —k)+ E(t)

22
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Adapting to Non-Stationarity

Theory

® [he brain is a dynamic system and measured brain activity
and coupling can change rapidly with time (hon-stationarity)

x cvent-related perturbations (ERSP, ERP, etc)

» structural changes due to learning/feedback

= How can we adapt to non-stationarity”

_|_

mV

time
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Adapting to Non-Stationarity

Theory

= Many ways to do adaptive VAR estimation
® Segmentation-based adaptive VAR estimation

= Factorization of time-varying spectral density matrices
(e.g. from STFTs, Wavelets, etc)

® State-Space Modeling

Saturday, June 16, 2012



Nevrostionie

Segmentation-based VAR

(Jansen et al., 1981; Florian and Pfurtscheller, 1995; Ding et al, 2000)

\

E; ii:;z\“ ' - <%§

2 ‘h " i ~ B X0

S BRI & ;' Anciogous 1o short-
PR SANANYG @ - (e Tourerensiom
‘ . \ \,f\r'l\”vf'\§~s‘v\4‘,\.,\l' NN\J‘J" @ 8

From

&

e

8

A

=

y

ensemble normalization

frequency

X(0)=)," AV(NOX(t—k)+E(r)
A(f. == AP0 A =1
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Nevrostionie

Time-Frequency GC

Theory

= What is a good window length?
® Considerations:

= [emporal smoothing

» | ocal stationarity

x Sufficient amount of data

® Process dynamics

Saturday, June 16, 2012



Time-Frequency GC

Theory

Too-large windows may
smooth out interesting
transient dynamic features.

Consideration: Temporal Smoothness

200

Time (msec)

1 point window —
10 point window
20 point window -

Ding et al, 2000
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Time-Frequency GC

Theory

Consideration: Local Stationarity

1 point window —
10 point window
20 point window -

Too-large windows may not be
locally-stationary

L
o
=
Q

Q
2,
7]
e

o

200

Time (msec)
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Nevrostionie

Time-Frequency GC

Theory

Consideration: Sufficient data

M = number of variables

P = model order

Nir = number of trials

W = length of each window (sample points)

We have M?p model coefficients to estimate. This requires a

minimum of M?p independent samples.

So we have the constraint M?p <= Ny W.

In practice, however, a better heuristic is M?p <= (1/10)Ng W.
Or: W >= 10(M?p/Nu)

10x more data points than
parameters to estimate

SIFT will let you know if your window length is not optimal
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Nevrostionie

Time-Frequency GC

Theory

Consideration: Process dynamics

® Your window must be larger than the maximum expected
iInteraction time lag between any two processes.

® Your window should be large enough to span ~1 cycle of the
lowest frequency of interest (remember the Heisenberg uncertainty

principle)
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Time-Frequency GC

Theory

= Many ways to do time-varying VAR estimation
®x Segmentation-based adaptive VAR estimation

= Factorization of time-varying spectral density matrices
(e.g. from STFTs, Wavelets, etc)

® State-Space Modeling

Saturday, June 16, 2012



Discrete State-sSpace Model (SSM) for =

Electrophysiological Dynamics
observation equation

Theory

”~

Known
deterministic inputs

u(t)

‘ state transition quation
(e.g. latent source and/or couplini dynamics)

s(t) = f(s@).u).0))+v(t)

Linear VAR[1] > s(t)= A(t)s(t—1)+v(¢)

® Dynamical system may be linear or nonlinear, dense or sparse, non-stationary, high-

dimensional, partially-observed, and stochastic
e Subsumes discrete Delay Differential Equation (DDE) and Vector Autoregressive (VAR)

methods and closely related to Dynamic Causal Modeling (DCM)
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Kalman Filtering

optimal estimator (in terms of minimum variance) for the state of a
inear dynamical system

Theory

y(t)

new data pomt

. I\/Ieasurement
ime Update Update e(t)=y(t)— 1)
(“Predict”)
(“Correct”)
D
Initialize

updated model
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Kalman Filtering

GPDC Causality From

’ »
' v v ‘B ) 4 ] :

Theory
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http://sccn.ucsd.edu/wiki/SIFT
Mullen, et al, Journal of Neuroscience Methods (in prep, 2012)
Mullen, et al, Society for Neuroscience, 2010
Delorme, Mullen, Kothe et al, Computational Intelligence and Neuroscience, vol 12,201 |

7N TN B ANNVAR Model
1 Seec MVAR sgordv
(v -

2 Wirdoe engh e

B e L e

3 Sae) wae (wed)

Locate dipoles using DIPFIT 2.x >
Peak detection using EEG toolbox

FMRIB Tools >
- Yo Locate dipoles using LORETA > |
File Edit Plot Study Datasets Help

—#1: Button press epochs

Filename:

/Data/bt73 RespWrong.set
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http://sccn.ucsd.edu/wiki/SIFT
http://sccn.ucsd.edu/wiki/SIFT

EEGLAB Sotwe framewor =

- - _— .
.’ : . ~
SR W
o
~ |
o o N
2! et R

Analysis

Analysis plugins

Data archive

Data sync and handling

Interactive tools

Stimulus control

HeadIT

BCILAB

|

/J MatRiver
/N
N
N
N
~N
~N

~N

SV
sl DataRiver

N

\v

Producer

ERICA framework

Delorme, Mullen, Kothe, Akalin Acar, Bigdely-Shamlo,Vankov, Makeig, Computational Intelligence and Neuroscience, 201 |
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Source Information Flow =
Toolbox (SIFT)

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

SIFT

» Modular architecture intended to support multiple modeling approaches

» Emphasis on vector autoregression and SSMs and time-frequency
domain approaches

» Standard and novel interactive visualization methods for exploratory
analysis of connectivity across time, frequency, and spatial location

x» Requirements: EEGLAB, MATLAB™ 2008a+, Signal Processing Toolbox,
Statistics Toolbox (for some functions -- may be removed in the future)

37
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- SIFT h ' Pre-processing
Model fitting and validation »

Locate dipoles using DIPFIT 2.x C . o ' e
onnectivit m
Peak detection using EEC toolbox Statistics Y SI U|atlon

FMRIB Tools Visualization

Locate dipoles using LORETA
File Edit GGHIEE Plot Study Datasets Help

Ul LAWY o VN SR

#1: Button press epochs

Pre-processing

° Model Fitting <
e and Validati @)
alidation o
D
Connectivity O
(@)

Statistics

Group Analysis —»  Vjsualization

38
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Preprocessing Modeling Statistics Visualization

Source reconstruction
(oerformed externally using EEGLAB or other toolboxes)

SIFT

Filtering or Local Detrending
Downsampling
Differencing

Normalization (temporal or ensemble)

Trial balancing

39
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Preprocessing Modeling Statistics Visualization

Preprocessing Options

re-processing Miscellaneous
Model fitting and validation » VerbosityLevel
Connectivity Data Selection
Statistics SelectComponents

ComponentsToKeep 8:11;12;13; 14; 15;...
EpochTimeRange (]
TrialSubsetToUse (]
Filtering
NewSamplingRate 250
FilterData (0.01 0]
DifferenceData

DifferencingOrder
Detrend

DetrendingMethod linear

Piecewise

SegmentLength
StepSize

Plot
Normalization
NormalizeData

T N = nsemble

| time

Visualization

SIFT

~ Cancel
Method
Normalize windows across time, ensemble, or both.

40
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Preprocessing Modeling Statistics Visualization

Model Fitting Validation Connectivity

-
—
7p)

Saturday, June 16, 2012
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Preprocessing Modeling Statistics Visualization

Model Fitting Validation Connectivity

-
:-,_'-) Linear Linear+Nonlinear
VAR Modeling o
Vieira-Morf. ARFIT Dual Extended Kalman Filtering
Sparse VAR

Group Lasso (L1.2), TSBL (Lo) Cubature Kalman Filtering

Linear Kalman Filtering Transfer Entropy (TRENTOOL interface)

Nonparametric VAR (minimum-phase
spectral matrix factorization)

B fully implemented B apha-testing B coming soon

Saturday, June 16, 2012
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Newresiionie

Preprocessing Modeling Statistics Visualization

Model Fitting Validation Connectivity

Model Order Selection aNO Figure 3: RespCorr - Model Order Selection Results (min ic)

Connectivity Flt AMVAR Model Fllc Edl( \rlc’ﬁ' Inscft T00|S DCSKIOD “’indow HQID
Statistics Validate model > 42 LK ° 9Ll @ 0E

Visualization NI ) ool
Mean Info. Criten: pled windows

SIFT

optimal order dete . mn of mean curv

M M M Model Order Selection Assistant
N2 . =
ModelingApproach Segmentation VAR
B vicira-Morf =il
WindowLengih VieraMot |
WindowStepSize ARFit
NormalizeData Group Lasso DAL/SCSA
Detrend Group Lasso ADMM
DetrendingMethod dge Regression
ModelOrderRange 1 ovy
Downdate 4
InformationCriteria sbC; aic; fpe, hg, ris
Dat t
WindowSamplePercent 100

critena (bits)

mMation

'
(&
o
m
=

PlotResults
OptimalModelSelectionMethod min
PercentileLimits

VerbositylLeve

r

Algorithm
Vieira-Morf

Unconstrained VAR modeling via Vieira-Morf
Maximum Entropy algorithm.

References and code
[1] A. Schlogl, Comparison of Multivariate 0 aa - - i -1-" .
opt model order opt model order
Help Cancel OK
43
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Preprocessing Modeling Statistics Visualization

Model Fitting Validation Connectivity

Pre-processing
Model fitting and validatic Model Order Selection
Cit AMUAD Mada

- Yara Autoregressive Model Fitting

Connectivity \MVAR —
Statistics Validate model

= zvy B3

SIFT

Visualization

Modeling Parameters
DAL_Options
RegularizationParam 0.1
ShrinkDiagonal 4
LossFunction HyperbolicSecant
Verbosity
DAL_NVP_Args ()
ModelOrder
WindowLength
WindowStepSize
EpochTimeLimits
WindowSamplePercent
Window Preprocessing
NormalizeData
Detrend 4
DetrendingMethod constant
Miscellaneou:
Timer
VerbosityLevel
Algorithm
Sparse VAR modeling via Croup Lasso.
This option estimates sparse VAR coefficients using the

Help Cancel OK
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Preprocessing Modeling Statistics Visualization

Model Fitting Validation Connectivity

VAR Model Validation
Residual ‘WWhiteness’ Tests

SIFT

Multivariate portmanteau tests

Residual autocorrelation probability test

Model Consistency

Model Stability

Nonparametric Spectral/Coherence Correlation

B fully implemented B apha-testing B coming soon

45
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Preprocessing Modeling Statistics Visualization

Model Fitting Validation Connectivity

e N O Validated Fitted VAR Model

+= A :
= 2%

Vodel fitting and validation » U AT

Connectivity Fit AMVAR Model
Statistics
Visualization

SIFT

Validation Methods

CheckResidualWhiteness 4
SignificancelLevel 0.05
MultipleComparisonsCorrection none
NumberOfAutocorrelationLags 50

WhitenessCriteria erce; Li-McLeod = I}
CheckConsistency &% Ljung-Box

CheckStability W ACF

YR Figure }- RmpWrong - Nodel Valdation Resuts

File [z View Insert Tools Desktop Window Help

| rrorsrosrx L XX XY XX AT XA Y I XXX I T A X I XA XX XANT XY I X € I XTI T XL TR,
2 * r € cpn »
N - >3 [

Data Reduction W Box-Pierce
WindowSamplePercer & |i-McLeod
Miscellaneous

VerbosityLevel " Cancel

PlotResults R

WhitenessCriteria
Whiteness criteria. These are the statistical tests
used to test for uncorrelated residuals

Help Cancel
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Nevrostionie

Preprocessing Modeling Statistics Visualization

Model Fitting Validation Connectivity

VAR-based Measures

Power spectrum (ERSP)

Coherence (Coh), Partial Coherence (pCoh), Multiple Coherence (mCoh)
Partial Directed Coherence (PDC)
Generalized PDC (GPDC)

Partial Directed Coherence Factor (PDCF)
Renormalized PDC (rPDC)

Directed Transfer Function (DTF)

Direct Directed Transfer Function (dDTF)
Bivariate Granger-Geweke Causality (GGC)
Conditional GGC

Blockwise GGC

SIFT

. fully implemented . alpha-testing . coming soon

47
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Preprocessing

SIFT

Saturday, June 16, 2012

Modeling Statistics

Model Fitting Validation Connectivity

Pre-processing

Model fitting and validation »

onnectivit
Statistics
Visualization

SquaredModulus
ConvertSpectrumToDecibels
Frequencies

VerbosityLevel

ConnectivityMeasures
Select measures to estimate.

Measures are categorized as follows
+ DIRECTED TRANSFER FUNCTION MEASURES
DTF: Directed Tranfer Function
nDTF. Normalized DTF
dDTF: Direct DTF
dDTFO8: Direct DTF (with full causal normalization)
ffOTF: Full-frequency DTF
+ PARTIAL DIRECTED COHERENCE MEASURES
PDC: Partial Directed Coherence
nPDC: Normalized PDC
CPDC: Ceneralized Partial Directed Coherence
PDCF: Partial Directed Coherence Factor
RPDC: Renormalized Partial Directed Coherence
+ CRANCER-CEWEKE CAUSALITY MEASURES
CCC: Cranger-Ceweke Causality
4+ SPECTRAL COHERENCE MEASURES
Coh: Complex Coherence
iCoh: Imaginary Coherence
pCoh: Partial Coherence
mCoh: Multiple Coherence
+ SPECTRAL DENSITY MEASURES
S Complex Spectral Density

Help Cancel

Visualization

DTF
nDTF
dDTF

W dDTFO8

ffOTF
PDC
nPDC
CGPDC
PDCF
RPDC
GGC
Coh
ICoh
pCoh
mCoh

Cancel

e

Newrostionie
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Preprocessing Modeling

Statistics Visualization

Parametric

Non-parametric

SIFT

Asymptotic analytic estimates of
confidence intervals
Applies to: PDC, nPDC, DTF,
NDTF, rPDC
Tests: Hnul, Hbase, HaB

Confidence intervals using
Bayesian smoothing splines
Applies to: all
Tests: Hpase, HaB

Phase-randomization
Applies to: all
Tests: Hnui

Bootstrap, Jacknife, Cross-
Validation

Applies to: all

Tests: Hag, Hoase

B ully implemented

Saturday, June 16, 2012

Hnu : Gij < Grul Hoase: Gij < Cbaseline Hpg: C* = C5

B =pha-testing B coming soon .
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Preprocessing Modeling Statistics Visualization

Parametric Non-parametric

Analytic Statistics Surrogate Statistics

'y ©a
Miscellaneous Miscellaneous
Estimator RPDC; nPDC T Bootstrap
EL ) ; confidencelnterval =il NumPermutations
Alpha M P-value AutoSave
VerbosityLevel M Threshold ConnectivityMethods

W Confidencelnterval VerbosityLevel

SIFT

Jacknife
Inversejacknife
Crossval
PhaseRand

p Cancel > / OK \

Mode
Resampling modes. Bootstrap (Efron Bootstrap resampling with
— replacement), Jacknife (leave-one-out cross-validation), Crossval
Statistic (k-fold cross-validation), PhaseRand (Theiler phase

Statistical quantities to return. randomization)

B fully implemented B apha-testing B coming soon

Saturday, June 16, 2012
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Preprocessing Modeling Statistics Visualization

Interactive Visualizers

Interactive Time-Frequency Grid

SIFT

Interactive 3D Causal Brainmovie

Causal Projection Movie

Directed Graphs and Graph Theoretic Analysis
(Bioinformatics Toolbox Interface)

and more ...

B ully implemented B apha-testing B coming soon .,

Saturday, June 16, 2012
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Interactive Time-Frequency Grid

Time Frequency Crid Options

Pre-processing
Model fitting and validation »

Con.ne_cuw‘y MatrixLayout Partial
Statistics > ! UpperTriangle dDTFOS8
visualizatic . 1im quency LowerTriangle dDTFO8
BrainMovie3D Diagonal S
ColorLimits 99.9
TimesToPlot [<0.75 1)
FrequenciesToPlot [1:50]
PlotContour
PlottingOrder (]
SourceMarginPlot dipole
Nodelabels {'8','11°,'12', '13", "1
EventMarkers {{o, 'r', "', 21}
FrequencyScale linear
Colormap jet(300)

SIFT

Thresholding Simple

__PercentileThreshold ______________[[953]

AbsoluteThreshold (]

Baseline [-0.75 -0.25)
Smooth2D

FrequencyMarkers
FrequencyMarkerColor

TitleString
TitleFontSize

— -

PercentileThreshold
Percentile threshold. If of form [percentile, dimension], percentile
is applied elementwise across the specified dimension.

Saturday, June 16, 2012



Interactive Time-Frequency Grid -~

Causality FROM

@
—
-
-

upper. dDTFOS

s

dag S

®

ower dDTFO8

Causality TO
D 95 9
| _
e

|

Figure 3: Method: dDTFOSB. Subj ¢b79. Cond (RespWrong).
ile Edit View Insert Tools Desktop Window Help

SIFT
D

)

RN

Frequency (Hz)

’

)

-

,,
g

(Y

o

—
-

Time (sec)
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Interactive Causal BrainMovie3

BrainMovie3D Control Panel

File Edit View Insert Tools Desktop Window Help

| A D &
- 2‘ = ..:

DataProcessing
ConnectivityMethod nDTF
MovieTimeRange [-0.75 0.98828125)
FrequenciesTolollapse {(3:7]
FreqCollapseMethod mean

9 ADHD (N=148)

TimeResamplingFactor A A
SubtractCond itions P("OG'IO?) ;z A(go)

Baselin :
aseline | dDTFO8

DisplayPropertie

Nodelabels {'8','11','13','19°, '20°, ' ‘
NodesToExclude 013
EdgeColorMapping Connectivity Y

> ] & M ®Ls- @ O E

connectivity
o
9

I EdgeSizeMapping ConnMagnitude 3At(|_ M1)
LL. (NodeColorMapping [ BLavie
NodeSizeMapping None
I
m FooterPanelDisplaySpec Outflow 8 Sy o
013

caenvelopevars Inflow -
backprojectedchans CausalFlow
BrainMovieOptions Outdearee

\;;s :Jt r,'p = Indegree
RotationPath

. otationPat CausalDegree
nitlaiView

ProjectGraphOnMRI = ‘
RenderCorticalSurface 54 F

Transparency p
UseOpenGL ) * e BA37 (R Fusif ‘
{ .

EvenmFlashTimes

- .
000
DisplaylegendPane

ShowLatency v . o L Caudate 026
DisplayRTProbability

BackgroundColor {0 00)
0.1
NodeColorMapping
Specify mapping for node color. This determines how we index into the
0.00

colormap. Options are as follows. None: node color is not modulated.
Outflow: sum connectivity strengths over outgoing edges. Inflow: sum
connectivity strengths over incoming edges. CausalFlow: Outflow-Inflow.

connectivity

A18 (R. Visual)
BA18 (L. Visual)

outflow

Asymmetry Ratio: node colors are defined by the equation C = 0.5%(1 +
outflow-inflow/(outflow+inflow)). This is O for exclusive inflow, 1 for 028
exclusive outflow, and 0.5 for balanced inflow/outflow ’
AP(nogo)-AA(go)
i Back-projected ERPs: ICs -> Channels
Select a ime point to image (click to refresh) 2t : 5 0.13 ‘
== > obs §
0.0898438 y 000 M
0s 1
1.98 sec

Make Movie!
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Bioinformatics loolbox IFace

EdgeSize: JDTFOS ‘ EdgeSize: dDTFOS

NodsSize: Ouiow NodeSize: Outiow Interactive Directed Graphs

Times ’ 4 O~ TiImes “ 5 Z ¢

Fregs {70 220| Hz | Frags {70 _-';'1_|H: |

Radial, Hierarchical, or
Customized Node Layout

Graph-Theoretic Analysis (SCCs,
Shortest-Path, MaxFlow, etc)

Assignment of useful quantities
to Node and Edge size/color

LEGEND

clusters

. precentral
O postcentral

causal flow dDTF

source 4-25 Hz

Pre-seizure Seizure Early Stage  Seizure Late Stage Post-Seizure

Mullen et al, 2011

. alpha-testing

55
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Group Analysis

Causal/Measure Projection Bayesian Hierarchical Model
I_ Error > Correct (p<0.05, N=24) 3-7 Hz
7 I 8 b
: P(Z,1G)
: L - §
; ) Z,
Ez n . ‘ . P(SN |ZN) P(bN |ZN)
1.
X X}
. \ ¥
- >z ey
MFAM'
Mullen, Onton, et al, 2010, HBM, Barcelona Thompson, Mullen, Makeig, 2011, ICONXI
Bigdely-Shamlo, Mullen, et al, 2012, in review Thompson, Mullen, Makeig, 2012, in prep

. alpha-testing

56
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Causal Projection

Error > Correct (p < 0.05, N=24)

dDTF
3-7 Hz
I- -40 mm =15 mm 0 mm 15 mm 40 mm
LL
7
-40 mm =15 mm 0 mm 15 mm 40 mm
ERP envelope (backprojected components)
. z
1 o
: =
£ - :
L
}_
[
<
-500 0 500 1000
-312.5 ms i (e}
Mullen, et al, 2010, HBM, Barcelona B calpha-testing
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Causal Projection

Error > Correct (p <0.05) 3-7 Hz

-

SIFT
Inflow Outflow

o

Outflow

-
-

Inflow + Outflow
3
Inflow/Qutflow

Inflow

. alpha-testing
Mullen, et al, 2010, HBM, Barcelona
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Bayesian Multi-Subject Inference

Theta-band (4-8 Hz) dDTF
Response-locked error trials

p<0.01 (N=24) FROM

. 990/ CI BA19/39 BA31 BA19 BA32 BA32/ACC BA24/MCC BA32 BA2/pCG BA20 BA7/Cuneus Parietal WM
(o]

(+/-36,-70,23) (12,-41,-34) (-32,-70,22) (-16,13,34) (1,30,29) (1,-2,35) (20,7,32) (-33,-28,43) (-39,-9,-19) (3,73,32) (27,-35,37)
e © @& e @ @ o 9@ e o
P 0.05
BA19/39
m (+/-36,-70,23) L — — |
E— 1= =——————f05
w BA31
(12,-41,-34)
- e
BA19
(-32,-70,22) ) —
BA32 o
- J .- _— ] N

~

TO

BA32/ACC
(1,30,29) J-‘__)

(41ap) Aujesne)-1ebueis) jeuonipuo)

.05
BA24/MCC
(1,235
e m e
= 8.05
BA32
(20,7,32) :
8.05
BA2/pCG
(-33,-28,43) )
— 8.05
BA20
(-39,-9,-19)

8.05

e ———————|
]

BA7/Cuneus
6,-7332) W
Parietal
o
27,3537) ] .
0.5 0 05 1-05 0 05 1-05 0 05 105 0 05 105 O 05 1-05 0 05 1-05 0 05 1-05 0 05 1-05 0 05 1-05 0 05 1

Thompson, Mullen, Makeig, 2011, ICONXI Time (sec)
Thompson, Mullen, Makeig, 2012, in prep
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Bayesian Multi-Subject Inference

-
—
7p)

Saturday, June 16, 2012

Response-locked error trials Theta-band (4-8 Hz)
p<0.01 (N=24) e dDTFo8

0.02

maghitude

BA20 - "5‘.;._.__% A

BA19/39 \ BA24/MCC |

Parietal
/

BA7/Cuneus BA31
- BA19/39

causalflow _
cocoo 4
[eleolele]

BA24 / MCC

uuuu

0 200 400 600 . 200 0 200 400 600 ¢ 8 600 400 200 0 200
ime(ms)  amsms | 0 Tme (ms) Time (ms)

Thompson, Mullen, Makeig, 2011, ICONXI
Thompson, Mullen, Makeig, 2012, in prep
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Newroaionie

Simulation

Dynamical System Simulation \Workbench

Systems of linear stochastically-forced damped coupled oscillators

Support for arbitrary time-varying (non-stationary) coupling dynamics

SIFT

Intuitive equation-lbased scripting environment

Support for generalized gaussian or hyperbolic secant innovations

Nonlinear Dynamical Systems

Rossler and Lorenz Systems

B fully implemented B apha-testing B coming soon

61
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SIFT

Fs =
N1l =
Nr =

100;
500;
100;

ndisc = 1000;
ModelOrder = 2;

fo =

expr

}i

Aproto = sim genVARModelFromEq(expr,ModelOrder) ;

data

10;

= {
x1 sim dampedOscillator(£f0,9,Fs,1)
X2 sim dampedOscillator(£f0,2,Fs,2)
sim dampedOscillator(£f0,2,Fs,3)

1000 1250 1500 1750 20 2250 25 278 ] 1250 3500

51%ﬁ%xéye(M),

= sim tvarsim(Mu,A,E, [Nl Nr],ndisc,1,1,

Saturday, June 16, 2012

Graphical Model

ﬂ)Hz( )
nonstationary

coupling
10 Hz ¢// ‘2/2 10 Hz
Coe e

Time-varying X1—X3 coupling
(11 Hz modulation)

ue);

1 trial (5 sec)

50 9000 4250 4500 4750

Amplitude Modulation (PAC)




Ntro

Simulated Seizure

40 Hz
40 Hz 40 Hz
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Where do | get SIFT?

e NN

Swarlz

Center for
Computauon.ﬂ
Ncuro'.clcnu:

« EEGLAB Wi
* DataScle Wi
= Moll Lad Wk

s SOON Wi Home

eoglab wik pages
= EEGLAB wob page
o CEGLAB Wi
s EEGLAB Tukrad
s Onine EEGLAS
Worashoo

= Downicad EEGLAD

= Revaon Mslory

» Hep EEGLAB

Scen 10olboxes
s CEGLAD
n NFY

= DataSeto
» Producer
. MatRiver
= Enacior

s NoBILAS

wiki 0ols

= Sandbox

s Dasc Wi Syrtax
" Wi Heb

* New Usors

= Recent changos

search

Go Search

advanced wikl 100ls
* What inks here
= Related changes
s Uploas e
» Specel pages
= Printable vorson

= Pormanent ik
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- SIFT - SCON

« S5 C scen.ucsd.edu/wiki/SIF

sccn.ucsd.edu/wiki/SIFT

oBiuUSS O VIEW SOUCCe - Ry

Source Information Flow Toobox
Version 0./ Wphs
. - N\ | ’
Sy e ' ‘ :
W —— ’/ (._ 4
” gl ) R =
} —H|
: ' [ S| -
- et ——

Contents »«o
1 Welcome 1 the reposicrey for the Source Informaton Fow Toolbox (SIFT)
1.1 SFT Downlcads
1.2 Citng SFT

2 SIFT Online Handbook and Usar Manual

Welcome to the repository for the Source Information Flow Toolbox (SIFT)

Developed and Mairtained by: Tien Mullen (SCCN, INC, UCSD)
Web: htip/fewww.antilipsi.net &
Email: <Tim's first name> (at) scen (dot) uesd (dot) edu

SIFT is an EEGLAB-compatible 1ocibax for analysis and visuakzation of multivaniate causalty and information flow between
sources of electrophysiological (EEG/ECOG/MEG) activity. It consists of a suite of command-line functions with an integrated .
Graphical User Interface for easy access to multiple features. There are cumently four modules: data proprocessing, moded y

itinn and Arnnnactotu actimmotins atotichral analudia  aevl wigialis atinn

SIFT Online Handbook and User Manual
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g o el

Nevrostionce
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2. Introduction

3. Multivariate Autoreqressive Modeling

3.1, Ssatonawity and Stalility

3.2 The Mutivariste Loast-Squares Estimator

1.3 Freauency Domaein Representati on

3.4 Modeling non-ststionary data wsing adaptive VAR models
341 Segmentanon0ased Adadtve VAR (AWVAR) mocess

3.5 Model order selection

e

Mode! Valldetion
1. Ohack Ng T whieness of e rescuals
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4.1. Time-Domain GC
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4.4 Time Froquency OC

4.5 (Croms-) correlation doss not imply (Granger-) causation

5. Statistics

;Tkkai;(;;(“: aalytic statistics

5.2 Norper ametric surrogate stat stics
5.2 1. Bootsrap resamping

5.22. Mase Marndomzston

System RNoquirements
Configwing EEGLAB
Load ng the data

6. Using SIFT to analyze neural information flow dynamics
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Newresiionie

Some Applications of SIFT

(Identification of event-related shifts in\
effective connectivity which index and —
predict behavior

Single-trial spatiotemporal modeling of
seizure propagation dynamics

Apps

. error event
Brain-Computer Interfaces:

Error correction/prediction Mullen et al, HBM, Barcelona, 2010
Neural Prostheses
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Some Applications of SIFT

|dentification of event-related shifts in
effective connectivity which index and s
poredict behavior

m 4 )
8_' Single-trial spatiotemporal modeling | |
<L | of seizure propagation dynamics
Brain-Computer Interfaces: Causal dDTF (4-25 H2)

Error correction/prediction e

Neural Prostheses

Mullen, et al [EEE EMBC, 2011
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Some Applications of SIFT

Mullen et al, 2010

Independent Component Analysis
Sparse Bayesian Learning :
Beamforming

Source
Identification

Sparse Autoregressive Models
Non-linear Kalman Filtering

Model Fitting

Multivariate Granger Causality
Cross-Frequency Coupling
Graph-Theoretic Reduction

Time-Frequency
Connectivity

I PriorsiConstraints .

Multi-Subject Bayesian Hierarchical Modeling
Inference Causal/Measure Projection

Real-time identification of
cognitive/sensorimotor states

using spatiotemporal network
BCILAB dynamics

SIFT-BCILAB
Interface

Apps

(Brain-Computer Interfaces:

Error correction/prediction
Neural Prostheses

.
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The Road Ahead

» Public release of alpha-testing methods (SIFT 1.0-beta ... being
released at sccn.ucsd.edu/wiki/SIFT in the next week)

» Ongoing development of sparse/regularized VAR and state-space
models as well as nonlinear SSMs

x |mproved Group Analysis and Statistics

x |ntegration with other toolboxes: Transfer Entropy (TRENTOOL),
Dynamic Causal Modeling (SPM), Brain-Computer Interfaces
(={6]|WA\=)

To-Do

» |ncorporation of structural constraints on dynamic connectivity (e.g.
from DTI, anatomical priors, etc)
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