Time-frequency decomposition

Theory and Practice

EEGLAB Workshop XXVI
Ben-Gurion University, Be'er-Sheva, Israel
Day 1

John lversen

— John Iversen — Time-Frequency Analysis



« Signals — EEG

* Goals
— Describe dynamic characteristics of brain activity
— Describe relation between different regions of brain

* Approaches
— Time domain
— Frequency domain
— Time/Frequency
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Different meanings traditionally given to different
frequency bands
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MEEG spectrum
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Time varying frequency content
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Time-varying frequency content

P OO L e L LLELELEL
& & & & & & & & ¢
G WAV i o
o
@WMMJ\AM L AN L
PITNROY WPVSSY NS | P WWMMMﬁ &
T e Ll I A T I
Vg AM Sgeto A M 0
oAl M e o
M  Appa Atnnttisn w
@\ Vg A Mt i) w i+
" I RN | S mwmk
ica T LA sl A A Mo
1 ATl i WL 4 ) L e L L ]
LERP - ,,ﬂ IC5
‘ e Ay Pt i A A A et Iact-
IC6 W%\mqhwfwwwmmwwwmwwww w2
| sl il e "".ﬁuw,‘wﬁmwwmdﬂmﬁwff“mw
RSN O D A 1 S A 1 ) WP P A Ic7
< EAH Aot A A A
1‘234567891011121314
IC55 Time (s) IC12°& Onton & Makeig, 2006

EEGLAB Workshop XXVI, Oct 15-18, 2017, Israel — John Iversen — Time-Frequency Analysis



Power Spectrum does not describe temporal variation

SE
S v(rfz ®

Center for
Computa!ional

Neuroscience

Rel.Power (dB)

10 20 30 40 50
Frequency (Hz) Latency (s)

Onton & Makeig, 2006
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-
Multiresolution Short-Time Wigner-Ville
Wavelets ier Transf Distributions

S. Makeig, 2005

EEGLAB Workshop XXVI, Oct 15-18, 2017, Israel — John Iversen — Time-Frequency Analysis

8



Plan

Part 1: Frequency Analysis
— Power Spectrum
» Approaches
— FFT
— Welch's Method
* Windowing

Part 2: Time-Frequency Analysis
— Short Time Fourier Transform
— Wavelet Transform
— ERSP

Part 3: Coherence Analysis
— Inter-Trial Coherence
— Event-Related Coherence
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Part 1: Frequency Analysis

« Goal: What frequencies are present in signal?
« What is power at each frequency?

* Principle: Fourier Analysis

EEGLAB Workshop XXVI, Oct 15-18, 2017, Israel — John Iversen — Time-Frequency Analysis

10



Fourier Analysis
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Power Spectrum. Approach 1: FFT

Why not just take FFT of our signal of interest?

Advantage — fine frequency resolution
— AF =1/ signal duration (s)

— E.g. 100s signal has 0.01 Hz resolution
— But, do we really need this?

Disadvantage 1 — high variance
— Solution: e.g. Welch’s method

Disadvantage 2 — no temporal resolution
— Solution 1: Short-Time Fourier Transform

— John Iversen — Time-Frequency Analysis
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Amplitude and phase

Power spectra describe the amount of a given frequency
present

NOT a complete description of a signal: We also must
know the phase at each frequency

FFT/STFT/Wavelet return an amplitude and phase at
each time and frequency (represented as complex #).

To find power, we compute the magnitude, which
discards phase.

— John Iversen — Time-Frequency Analysis 13
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Phasor representation

i

* A complex number x + yi can be expressed in terms of
amplitude and phase: ae®

amplitude*exp(i*phase)
amplitude = sqrt(x"2 + y”2); phase = atan(y/x);

-
N

/
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Approach 2: Welch’s Method

EEG amplitude

Time

Calculate power spectrum of short windows, average.
Advantage: Smoother estimate of power spectrum

Frequency resolution set by window length
e.g. 1s window -> 1 Hz resolution
In practice: taper, don’t use rectangular window

— John Iversen — Time-Frequency Analysis
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Windowing

When we pick a short segment of signal, we typically
window it with a smooth function.

Windowing in time = convolving (filtering) the spectrum
with the Fourier transform of the window

No window (=rectangular window) results in the most
smearing of the spectrum

There are many other windows optimized for different
purposes: Hamming, Gaussian...

— John Iversen — Time-Frequency Analysis
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Windows and their Fourier transforms
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Close-up view

Frequency response of popular window functions
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Part 2: Time-Frequency Analysis

Short-Time Fourier Transform
— Find power spectrum of short windows

— “Spectrogram”

Advantage: Can visualize time-varying frequency content

Disadvantage: Fixed temporal resolution is not optimal

— John Iversen — Time-Frequency Analysis
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Time-Frequency Uncertainty
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Consequence for STFT
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Time-Frequency Tradeoff
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A better way: Wavelet transform

Wavelet transform is a ‘multi-resolution’ time-frequency
decomposition.

Intuition: Higher frequency signals have a faster time
scale

So, vary window length with frequency!
— longer window at lower frequencies
— shorter window at higher frequencies

— John Iversen — Time-Frequency Analysis 24



Comparison of FFT & Wavelet

FFT
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Wavelet

Scaled versions of one shape

Constant number of cycles
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Comparison of FFT & Wavelet
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Tapered /\/\/\/\ Analyze signal using the wavelets
sinusoid for different frequencies.
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Exercise

S
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* Create a signal

>> t = 0:0.01:100;

>> X = sin(2*pi*10*t); plot(t,Xx)
 Find FFT

>> F = fft(x);

>> F(1:3) %complex

>> power = F.*conj(F);
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Spectrogram of one epoch of data
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Computing Spectrogram Power
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Definition: ERSP

Event Related Spectral Perturbation

Change in power in different frequency bands relative to
a baseline. ERS (Event-Related Synchronization), ERD (Event-

Related Desynchronization)

[ —
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i i |
o | PPR !
= |
| ERD ““‘\\\f“;; =
0 N _ 1 | Base r \‘\ W
-~ — 3 |
0O : "Ié(liaBYFrequency
ERSP (AdB) N
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Try it out
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2

AN
Swartz 15/
Center for
Compumional
Neuroscience

([ JON | EEGLAB v13.1.1
File Edit Tools o Study Datasets Help |
~__#2:faces 41 Channellocations >
Channel data (scroll)
BHlEReTos Heme Channel spectra and maps
Channels per frami  Channel properties
EEENED BEE @eEh Channel ERP image
EBCCES Channel ERPs >
Events ERP map series >
sampling rate (82 g\ ;m/Compare ERPs
Epoch start (sec)
Epoch end (sec) Component activations (scroll)
Reference Component spectra and maps
Channel locations Component maps >
R welleriis Component properties
bataset size (M) Component ERP image
Component ERPs >
Sum/Compare comp. ERPs
Data statistics >

pvaf topo

Time-frequency transforms > Channel time-frequency

Channel cross-coherence

Component time-frequency

Component cross-coherence

(Load faces_4.set

Epoch on'face’ event)
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Event-related

Spectrogram

Event-Related
Spectral Perturbation

(ERSP)

Display ERS vs. ERSP

Swartz S5
ntel -

Ce
Compulaﬁonal

[ NON J Plot component time frequency -- pop_newtimef()
Component number 1
Sub epoch time limits [min max] (msec) -1000 1996 | Use 200 time points % |
Frequency limits [min max] (Hz) or sequence { Use limits, paddin... % | [] Log spaced
Baseline limits [min max] (msec) (0->pre-stim.) 0 | Use divisive basel... 4 | v/ No baseline
Wavelet cycles [min max/fact] or sequence 305 ] Use FFT
ERSP color limits [max] (min=-max) [V see log power (set)
ITC color limits [max] || plot ITC phase (set)
Bootstrap significance level (Ex: 0.01 -> 1%) || FDR correct (set)
Optional newtimef() arguments (see Help)
(¥ Plot Event Related Spectral Power (¥ Plot Inter Trial Coherence [ ] Plot curve at each frequency
~ Help [ Cancel [ Ok ]
[ JON J Plot component time frequency -- pop_newtimef()
Component number 1
Sub epoch time limits [min max] (msec) -1000 1996 | Use 200 time points 4 |
Frequency limits [min max] (Hz) or sequence | Use limits, paddin... ¢] [} Log spaced
Baseline limits [min max] (msec) (0->pre-stim.) 0 { Use divisive basel... % J [ | No baseline
Wavelet cycles [min max/fact] or sequence 30.5 [ ] Use FFT

ERSP color limits [max] (min=-max)

ITC color limits [max]

Bootstrap significance level (Ex: 0.01 > 1%)
Optional newtimef() arguments (see Help)

(¥ Plot Event Related Spectral Power

(¥ Plot Inter Trial Coherence

(v see log power (set)
[ ] plot ITC phase (set)
|| FDR correct (set)

[ | Plot curve at each frequency

[ Cancel

Ok J
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Event-related

Spectrogram
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Exercises

Try different wavelet specifications

Wavelet cycles [min max/fact] or sequence 305

— Default: 3 0.5
» 3 cycles. Try 2. How do the time limits of the plot change?
 What is the 0.5? Try 0. Try 1...what do you observe?

Try different low-frequency limit

Frequency limits [min max] (Hz) or sequence

— what is the effect on the time limits of the ERSP?

Try different baseline methods
— divisive
— standard deviation (express spectral perturbations in #sd relative to
baseline sd)

— John Iversen — Time-Frequency Analysis
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Wavelet cycles [min max/fact] or sequence

Wavelet Specification

30.5

Answer: The first #cycles controls the basic duration of the wavelet in cycles.

The second factor controls the degree of shortening of time windows as frequency increases
0 = no shortening = FFT (duration remains constant with frequency)
1 = pure wavelet (#cycles remains constant with frequency)
0.5 = intermediate, a compromise that reduces HF time resolution to gain more

frequency resolution.

30

30.5

Center for-
Compulaﬁonal
Neuroscienc
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Comparison of FFT & Wavelet
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Time loss at edge of ERSP

R

"
« Settings for wavelet cycles and

MIN FREQ: 3 Hz

IC1

ente
Computational
Neuroscien

s?@'ﬁ
C

lowest frequency impact the time 0 , "

limits of analysis £ : !

sl ; ;

3 Hz W\f\/\f o - /,-[ . ;
dB 8

400 600
Time (ms)

800 10

1200 1400

1Hz —N\S\/\~—

MIN FREQ: 1 Hz

- ERSP(dE)

15

Ca !
*more wavelet cycles, or a lower minimum |, -_ ' ..

» 3 O — -1
frequency loses time at edges of epoch | . 15

“a [ 3
= 1 | | 1 1 | ={ -4

Timse??ms)
Solution: If you need low frequencies, be sure to extract longer epochs to counteract this.

If you can't re-epoch, then try reducing the number of wavelet cycles.
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Part 3: Coherence Analysis

Goal: How much do two signals resemble each other?

Coherence = complex version of correlation: how similar
are power and phase at each frequency?

Variant: phase coherence (phase locking, etc.) considers
only phase similarity, ignoring power
— Regular coherence is simply a power-weighted phase coherence
— Inter-trial coherence is useful!

NOTE: For understanding connectivity between regions, channel
coherence is a poor choice due to volume conduction. For IC
connectivity, directional, 'causal' measures of connectivity have
been developed (See SIFT lecture).

— John Iversen — Time-Frequency Analysis 39



Coherence

C(f.n= Y FL(f.OF2,(f.0)

k=trials \

Compulaﬁonal
Neuroscience
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Part 3a: Inter-Trial Coherence

SC !
c!o}!'m.nal
Neuroscience

 (Goal: How much do different trials resemble each other?

 Phase coherence not between two processes, but
between multiple trials of the same process

« Defined over a (generally) narrow frequency range

— John Iversen — Time-Frequency Analysis 41



EEGLAB'’s Inter-Trial Coherence is phase ITC

Phase ITC 1 7
7 L
ITPC(f.t) == ) (D)
n i3 |F (1)

(no amplitude information)

same time, different trials

Trial 1

amplitude 0.5 phase 0 @
amplitude 1 phase 90 @

amplitude 0.25 phase 180 @

Trial 3 Trial 2

P
POWER = mean(amplitudes?) COHERENCE = mean(phase vector)

0.44 or —8.3 dB
Norm 0.33
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Increased power,

no phase alignment

10} Single trials 0 ) 1
0 “WWMMW%WWMW‘
-10 ‘ ]

small ERP

'Induced’ power

-10

ITC Example (3 trials)

Intertrial Coherence (ITC)

-0.5 0 0.5

10

ERP

Owwmwvwm«/‘wr\/\/'wwww

-0.5 0 0.5

25
Total power

-

-0.5 0 0.5
90
180 0
270
ITC: .05

Increased power,

AND phase alignment

Large ERP

Same power

Slide courtesy of Stefan Debener
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** Several possible origins of an ERP **

« Event Related Potential can result from
— ITC increase (with no change in power)
— ITC & Power change

(‘ R o T ———
1—’\~Q\“‘ — .
TIN——__ |
- 3
f ERP
|
O PPR | |
l: |
| 7\ | v |
[ i ) i
| €D Ikl
0—<—_1_ . Base |
— { e i +
—— N
o o
Frequency
ERSP (AdB)
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Compare: ‘Pure’ ERP

o _ _ . - 28
4008 %': — Phase-sorted ERP Image- 18
© 300+ | h ey ——
. 1 e e = 0
= 200F - - - e -
100} fg | e ]
] i — = - T S i 28
18 AVERAGE ERP

AMPLITUDE INCREASE
10

-9203 48
08}
O 0 e e
4
1 / INTER-TRIAL COHERENCE
E 7.568 Hz

-200 0 200 400 600 800 1000

Time (ms) J. Onton & S. Makeig, 2005
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Component ERP Image: Activation vs. Amplitude

Component ERPimage -- pop_erpimage() = | [EET1 |
Component(s) | 3
Project to channel # | Figure title |
Smoothing | 10 W Plot scalp map
Downsampling | 1 W Plot ERP ERP limits
Time limits {ms) | -800 1000 W Plot colorbar Color limits (see Help) |
Sort/align trials by epoch event values
Epoch-sorting field | Event type(s) | Eventtime range Rescale Align _|Don't sort by value
| | | | no | _|Don't plot values
) Figure 11: erpimage() = | (B} |1 ) Figure 10: erpimage() - 0 X
File Edit ¥iew [Insert Tools Desktop Window Help e - File Edit ¥iew Insert Tools Desktop MWindow Help N
nﬁnalhl@@@@‘@‘[}@‘ﬁg |~ s o= N @\Q@@‘@‘D@‘E@
() Image amps i Image amps
time-varying V@3 time-varying z Power
" Comp. 3 i - :
© e g~ 1.9 [plit ] i 16.€
: 300 N a i, ‘.4 - os [ 1 i 300 B —* -
@ - - . — e I
€ 200 : = 4 - " £ = ;
F 3 T —
§ 100k - - : 09 = 100 "i -84
g— 1 ) 1 1 1 1 1 -19 t|m é— —— L 1 L _18B.
< — <
17 17
N
— 4 e —
-1.7 -1.7
Hely
7 ) 7
P 0.2066 dB ~ e N -0.3381 dB
s /f ) 0
& w | O -
-10 -10
1 1
o 10.99 Hz 0 G
0 = — PV =
-300  -600  -400  -200 0 200 400 GO0 800 1000 D—aun -600  -400 -200 0 200 400 600 800 1000
Time (ms) Time (ms)
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Putting it all together

1 ‘ \
a2 50
Ceme

. ;.,-f
« ik L
000 Figure 5 Exercise
File Edit View Insert Tools Desktop Window Help
~ _Ll 3 H ;’ [} ONNON ‘5_'-”.;' @ .; 0{ . ﬁ D E @ A" Compute ERSP/ITC fOI' a
ol component of your choice
ERSP{dB)
o - . Compute ERP Image (with ERSP
g‘;g ' and ITC displayed*)
2 20} ’ Use all of this information to explain
T 10} '2 the origin of the Evoked Response
@ Time (ms) Question: Which changes are
50 - L significant? Use the options in ERP
& 40 : Image and ERSP dialogs to set
L : = o4 significance threshold e.g. 0.01. Do
2 20 | 0.2 the results survive?
T 10 I —
0 02 l ZS ' 78 ’
ERP E ] | -4
a0 =00 1000
Time (ms)
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Significance Testing

TN

Swartz ¥

Center for
Computational
Neuroscience

-
"
o

=

« Keep in mind: "is this significant?"

[ JON J Figure 5
File Edit View Insert Tools Desktop Window Help L]

NEde h A9 EW- 2 0E a @
ic1

Method: Bootstrap

RSP(d

m
=

-—

5 8

Green areas are not significant.

o = N oW

Frequency (Hz)
-]

-
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Scale of ERSP & ITC vales also give a clue:

El

2040 | s
dB

5

il ] 1 ] 1 1 1 1]
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Large values are often encouraging of a significant effect

@
3
@
Ef
o

(Large = > 1dB for ERSP; > 0.5 forITC)

E«J
a0
.
£, :
h - . For exploratory purposes, can try 0.01 without FDK correction
L :
" ere’l LI,
L1 | L - e el 1 1 -4
-400  -200 o 200 400 600 i) 1000 1200 1400
Time (ms)
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Part 3b: Event Related Coherence

e Goal: How similar is the

event-related response of
two signals?

Between channels
(problematic due to volume
conduction)

Between ICs

Useful to quickly begin to
understand relationships
between components

SIFT provides more complete
solution

EEGLAB v13.1.1

File Edit Tools |4 Study Datasets Help

__ #2:faces_4

Filename : none
Channels per fram
Frames per epoch
Epochs

Events

Sampling rate (Hz
Epoch start (sec)
Epoch end (sec)
Reference

Channel locations
ICA weights
Dataset size (Mb)

Channel locations

Channel data (scroll)
Channel spectra and maps
Channel properties
Channel ERP image

Channel ERPs
ERP map series

Sum/Compare ERPs

Component activations (scroll)
Component spectra and maps
Component maps
Component properties
Component ERP image

Component ERPs

Sum/Compare comp. ERPs

Data statistics

pvaf topo

>

»

Time-frequency transforms >

Channel time-frequency
Channel cross-coherence

' Component time-frequency

Component cross-coherence
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TWO SIMULATED THETA PROCESSES

Event-related

Coherence
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'padratio’, 1
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Cross coherence betweenIC 1 and IC 3

\ . 4
3 J/ Compmaﬂonal
x\? Neuroscience
a=0.01
[ JON ) Figure 4 [ JON ) Figure 5
File Edit View Insert Tools Desktop Window Help E] File Edit View Insert Tools Desktop Window Help k]
DEgde h AP EW- 2 0B o DO DEdde h ARUDRE- 2 08 @O
. Coherence . _ . I »
| 1
_w 1 4w F 1 031
T 1 T - ] 1
T = 02
g ! g v ! i
& 20 i Is &= l‘ ! ‘ o ! 01
10 : 10 ﬁ ‘ i : ‘ '_- “ I
CES CE ' . ' ' 04 ¢
coh. I coh. 1 ]
IC1 " 0 R VI, LV S N —" 0
0 500 1000 1500 -500 0 500 1000 1500
@ Time (ms) @ Time (ms) O
. : Phgse l . . _ _ . -
I I
40 40 F 1 m a0
) ) - !
L3 T 1 o
g g ! !
i ,_:zor I a0
10 wf
500 500 o 1000 1500 e
Time (ms) Tlma [ms)

Significant event-related coherence (as well as tonic
coherence) in alpha/beta bands

IC 1 tonically leads IC 3 (negative phase), but phase
relationships are changed post-stimulus

More advanced, directional, measures of effective connectivity are present in the SIFT toolbox (a later lecture).

EEGLAB Workshop XXVI, Oct 15-18, 2017, Israel — John Iversen — Time-Frequency Analysis 53



Event-Related Coherence Exercise

« Examine event-related coherence between two ICs
— Which pair did you pick, and why? What do you predict?
— What did you learn?

* EXxplore other options:
— Significance threshold
— Figure out how to subtract a baseline
— Phase vs. Linear Coherence

— John Iversen — Time-Frequency Analysis
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Possible fix to enable significance testing

.h»/\'\n NTATS M&Mm‘nm AMM.MM,/V\A .Akﬂh.nu Y . N R LY

; - topoplot.m J pop_newcrossf.m l newcrossf.m L+1 =7
R it / 168 - end; Computational
x\z 169 Neuroscience

170 % compute epoch limits

171 % —-mmm e

172 - if isempty(tlimits)

173 - tlimits = [EEG.xmin, EEG.xmax];

174 - end;

175 - pointrangel = round(max((tlimits(1)/1000-EEG.xmin)*EEG.srate, 1));

176 - pointrange2 = round(min((tlimits(2)/1000-EEG.xmin)*EEG.srate, EEG.pnts));

177 - pointrange = [pointrangel:pointrange2];

178

179 % call function sample either on raw data or ICA data

180 B mm e e

181 - if typeproc == 1

182 - tmpsigl = EEG.data(numl,pointrange,:);

183 - tmpsig?2 = EEG.data(num2,pointrange,:);

184 - else

185 - if ~isempty( EEG.icasphere )

186 - eeglab_options; % changed from eeglaboptions 3/30/02 -sm

187 - tmpsigl = eeg_getdatact(EEG, 'component', numl, 'samples',pointrange);

188 - tmpsig? = eeg_getdatact(EEG, 'component', num2, 'samples',pointrange);

189 - else

190 - error('You must run ICA first');

191 - end;

192 - end;

193

194 % JRI 1/15/17 Needed to comment these to be able to do significance testing.

195 % tmpsigl = reshape( tmpsigl, 1, size(tmpsigl,2)*size(tmpsigl,3));

196 % tmpsig2 = reshape( tmpsig2, 1, size(tmpsig2,2)*size(tmpsig2,3));

197

198 % outputs

199 % -------

200 - outstr = '";

201 - if ~popup

202 - for io = l:nargout, outstr = [outstr 'varargout{' int2str(io) '},"' ]; end;

203 - if ~isempty(outstr), outstr = [ '[' outstr(l:end-1) '] =' ]; end;

204 - end;

205

20A % nlat+ the datac and nenerante aiitniit command
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