Today:
A wee DIt of EMG
The Electroencephalogram



Announcements 3/24/25

U Paper/Proposdlbuidelinesavailable
U On course webpage
U Link in D2L

U Paper/Proposaivo paragraph prospectus due via D2L no later
than Monday April 21

U Student Cours8urveys complete by last day of class (May 5)

U 501B Lab Section

U Complete data collection by Wed Mar 26
U Complete data reduction (EKG and EMG) by April 1



http://apsychoserver.psychofizz.psych.arizona.edu/JJBAReprints/PSYC501A/PaperRequirementsForPsychofizz2025.pdf

Questions and Feedback
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Brief Reviewl Emotion Modulated Startle

Corrugator EMG

Mutilation

» Neural Circuits Responsible for an Auditory Startle Response
and for Its Augmentation by Conditioned Aversive Stimuli
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Source: Adapted from Davis, M., Trends in Pharmacelogical Sciences, 1992, 13, 35-41.
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A few Applications

U Startle Probe

U Subtle affect
U Mere Exposure
U Subliminal effects
U Mortality Salience
U Biofeedback of EEG- outcome measure
U Emotion Regulatiom outcome measure
U Empathyi individual difference measure



The Phenomenon:

U People prefer stimuli to which they have been previously exposed to
unfamiliar stimuli

Ul n absence of any reinforcement
U Examples:

U People we see incidentally in our routines

U Songs

U Scientific journal preferences
U Effect size r=.26 (Metanalysis,Bornste|n989)



The logic:

U Evolutionary account Bornstein (1989)

U it may be adaptive to prefer the familiar over the novel
U novel objects could present a potential threat

U organisms that had a fear of the strange and unfamiliar were more
likely to survive, reproduce, and pass on genetic material

U Preferring the familiar may thus be an adaptive trait that has evolved in
humans and nonhumans

U Prediction:

U unfamiliar as compared with familiar stimuli may be associated with
more negative attitudes because of th
with potential danger

U Thusmay see greater corrugator activity to novel than to familiar
U No prediction for positive affecEZfygomaticusactivity)
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Loosely translated from Harmealones & Allen, 2001



A few Applications

U Startle Probe

U Subtle affect
U Mere Exposure
U Subliminal effects
U Mortality Salience
U Biofeedback of EEG- outcome measure
U Emotion Regulatiom outcome measure
U Empathyi individual difference measure



5ms

Dimberg et al Psychological Science 2000



PSYCHOLOGICAL SCIENCE

Unconscious Facial Reactions
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Fig. 1. Mean facial electromyographic response for the zyvgomaric
major muscle, plotted in mtervals of 100 ms during the first second of
exposure. Three different groups of participants were exposed to iden-
tical neutral faces ("Ne”). preceded bv unconscious exposure of
happy. neutral (“neutr”), or angry target faces. respectively.

Dimberg et al Psychological Science 2000



A few Applications

U Startle Probe

U Subtle affect
U Mere Exposure
U Subliminal effects
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Word Relatedness Task

Sneaker
Sub-threshold word
Fajita

Rock
Sub-threshold word
Boulder

Sub-threshold words:
Dead
Pain

Another loose translation: Arndt, J., Allen, J.J.B., & Greenberg, J.
(2001). Traces of terror: Subliminal death primes and facial
electromyographic indices of affedtotivation and Emotion, 25
253 277.
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Figure 1. Self-reported negative affect on a 7-point Likert scale, where
0 = “not negative at all” and “7” = “strongly negative.”

Ray, McRae, Ochsner, & Gross, Emotion, 2010
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Figure 2. Standardized (A) corrugator EMG and (B) startle magnitude (averaged over Times 1 and 2).

Ray, McRae, Ochsner, & Gross, Emotion, 2010
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Zygomatic, High empathy Zygomatic, Low empathy
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Figurg 1. The zygomaiicus major muscle response to pictures of happy and angry facial expressions for the High and Low empathy groups, plotted as a
function of 100-ms intervals dunng the first second after stimulus onset.

Dimberg & Thunberg (2012) PsyCh Journal



The Electroencephalogram

Basics in Recording EEG, Frequency Domain
Analysis and its Applications






Electroencephalogram (EEG)

U The EEG-an oscillating voltage recorded on scalp
surface
U Reflects Large # Neurons
U Is small voltage

U Bands of activity and behavioral correlates
U Gamma 3eb0 Hz
U Beta 1330 Hz
U Alpha 813 Hz
U Theta 48 Hz
U Delta 0.54 Hz

U Eventrelated activity (voltage: ERP; tirfeequency)



Delta 1-4 Hz

Alpha 8-13 Hz

Beta 13-30 Hz

Gamma 30-50 Hz

EMG 70-150 Hz




Utility of EEG

U Relativelynoninvasive
U Excellent time resolution



Sources of scalp potentials

U Glial Cellsi minimal, some DC steady
potentials

U Neurons

U Action Potential§ NO, brain tissue has strong
capacitance effects, acting as Low Pass filter

U Slow waves

U Synaptic potentials YES, both IPSPs and EPSPs from
functional synaptic units are major contributors

U Afterpotentialss May contribute to a lesser extent
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Brief history of EEG

U Hans Berger, 1929

Siemens galvanometer




Prof. Dr. Hans Berger
1873 - 1941




Brief history of EEG

U Hans Berger, 1929

U 1930s Signal processing: capture on chart paper and analyze
visual inspection

U Alpha waves were first identified and anything higher was

called beta!
U Then frequencies described in the 1930s
U Hoagland, Rubin, & Cameron (1936) delta waves

U Jasper & Andrews (1936) claimed to have seen frequencies higher than 30 Hz ¢
called them gammaavesbut this was met with skepticism initially
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U Cooley & Tukey (1965): Fast Fourier Transfo(frT)



An Algorithm for the Machine Calculation of
Complex Fourier Series

By James W. Cooley and John W. Tukey

An efficient method for the calculation of the interactions of & 2" factorial ex-
periment was introduced by Yates and is widely known by his name. The generaliza-
tion to 3" was given by Box et al. [1). Good [2] generalized these methods and gave
elegant algorithms for which one class of applications is the calculation of Fourier
series. In their full generality, Good’s methods are applicable to certain problems in
which one must multip ctor by an N X N matrix which can be factored
into m sparse matrices, where m is proportional o log N. This results in  procedure
requiring a number of operations proportional to N log N rather than N”. These
methods are applied here to the calculation of complex Fourier serie
useful in situations where the number of data points is, or can be cho
highly composite number. The algorithm is here derived and presented in a rather
different form. Attention is given to the choice of N. It is also shown how special
advantage can be obtained in the use of a binary computer with N =
the entire calculation can be performed within the array of N data storage
used for the given Fourier coefficients.

Consider the problem of caleulating the complex Fourier series

et
X() = L A(k)-W*  j=01,---,N—1,
&

where the given Fourier coefficients A(k) are complex and W is the principal
Nth root of unity,

A straightforward calculation using (1) would require N* operations where “opera-
tion”” means, as it will throughout this note, a complex multiplieation followed by a
complex additior
The algorithm described here iterates on the array of given complex Fourier
amplitudes and yields the result in less than 2 logs N operations without requiring
more data storage than is required for the given array A. To derive the algorithm,
suppose N is & composite, i.e., N = r, ;. Then let the indices in (1) be expressed
At e, Jo= 0,1, -+,
(3)
kntk, k=01,
Then, one can write

Xy Jo)

August 17, 1964. Research in part at Princeton University under the sponsorship
of the Army Research Office (Durbam). The authors wish to thank Richard Garwin for hin
essential role in communication and encouragement.
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Alpha and Synchronization

0 Why Alpha?
U Itisobviousand hard to miss!
U Accounts for ~70% of EEG activity in adult human brain

U From where, Alpha?

U Historically, thought to béhalamocortialooping

U Adrian (1935) demolished that theory
U Recorded EEG simultaneously in cortex and thalamus
U Damage to cortex did not disrupt thalamic alpha rhythmicity
U Damage to thalamus DID disrupt cortical alpha rhythmicity

U Thalamic rhythmicity remains even in decorticate preparations (Adrian, 1941)
U Removal of ¥z thalamus resultsipsilateralloss of cortical alpha

Next
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Alpha and Synchronization

U Andersen and Andersen (1968)

U Cooling of Cortex resulted in change in amplitude but not
frequency of Alpha




Alpha and Synchronization

U Andersen and Andersen (1968)

U Cooling of Thalamus resulted in change in amplitude and
frequency of Alpha at both thalamus and cortex




Alpha and Synchronization

U In sum, Thalamus drives the alpha rhythmicity of the
EEG

U Cortex certainly does feedback to thalamus, but thalamus is
responsible for driving the EEG

U Particularly the Reticularis nucleus (Steriade et al. 1985)
U What causes change from rhythmicity to
desynchronization?

U Afferent input to thalamic relay nuclei
U0 Modespecific enhancement observed



Recording EEG
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Recording EEG

Top of head
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Systems are surfadmsed, not anatomicaily
based

Meursdmage 46 (2009} 64-72
Contents lists available at ScienceDirect

Neurolmage

journal homepage: www.elsavier.com/locatefynimg

Automated cortical projection of EEG sensors: Anatomical correlation via the
international 10-10 system

L. Koessler *", L. Maillard °, A. Benhadid ?, ].P. Vignal ", ]. Felblinger ?, H. Vespignani ", M. Braun *=9*




Electrodes, Electrolyte, Preparation

U Ag-AgCl preferred, Gold OK if slowest frequenc
not of interest

U Polarizing electrodes act as capacitors in series with
signal

U Electrolyte: Ionic, conductive

U Affixing
U Subcutaneous needle electrodes (OUCF
U Collodion (YUCK)
U Adhesive conductive paste
U Electrocap

COLLODION

Effortlessly create
realistic scars.






Recording References

U Measure voltage potential differences
U Difference between what and what else?

UAnAMonopolab ver sus Bl pol ar

U No truly inactive site, ssmmonopolans a relative
term
U Relativelymonopolaroptions

U Bodyi BAD IDEA

U Head
U Linked Ears or Mastoids
U Tip of Nose

U Reference choice nontrivial as it will change
your ability to observe certain signals



Recording References

U Bipolar recording

U Multiple active sites
U Sensitive to differences between electrodes

U With proper array, sensitive to local fluctuatioesy(
spike localization)

u Off-line derivations
U Averaged Mastoids

U Average Reference (of EEG Leads)

U With sufficient # electrodes and surface coverage,
approximates inactive site (signals cancel out)

UArti facts Nnaverage 1ino
U Current Source Density (more in advanced topics)



4

3 In(uv2)/cm?



Electrode Placement
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Dreaded Artifacts

U Three sources

U 60-cycle noise

U Ground subject

U 60 Hz Notch filter
U Muscle artifact

u No gum!

U Use headrest

U Measure EMG and reject/correct for influence
U Eye Movements

U Eyes are dipoles

U Reject ocular deflections including blinks

U Use correction procedure (more in advanced lecture)



Name
That
Artifact!



movement in the
reference lead
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Blink and
Triple Blink




AC Signhal Recording Options

U Time Constant/HP filter
U Low frequency cutoff is related to TC by ( (
2p(TC))

Where F = frequency in Hz, TC = Time Constant in Seconds

Applying formula:

Time Constant (sec) Frequency (Hz)
10.00 016
5.00 .032
1.00 159

.30 531
10 1.592

.01 15.915
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Hi Frequency/LP Settings

U Do not eliminate
frequencies of interest

. AnaIOg SyStemS have esisifs) OF WHITE NOISE FILTERED BY 30 HZ ANALOG FTLTER
b d ”‘ ff $61385.2 ! | 60 HZ NOTCH ON
road roito =
characteristics

U Be mindful of
digitization rate (more S
iInfo soon!) )
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Digital Signal Acquisition

U Analog Vs Digital Signals

U Analog
U Continuously varying voltage d&sn of time

U Discrete Time
U Discrete points on time axis, but full range in amplitude
U Digital
U Discrete time points oy axis represented as a limited range of values
(usually 2%, e.g212 = 4096 2'°= 65536
U CDs are 16bit sampled at 44.1 kHz (as is Spotify)



Bit depth/sample rate pair from some popular music services

Music
Service

Amazon
Music

Qobuz

Subscription Tier

Spotify
Free/Premium

Amazon Prime
Music

Amazon Music
Unlimited - HD

Amazon Music
Unlimited — Ultra
HD

HiFi Plus (Master)

Premium,/HiFi

Minimal bit-

depth/sample

rate

16-bit/44.1 kHz

16-bit/44.1 kHz

16-bit/44.1 kHz

24-bit/44.1 kHz

16-hit/44.1 kHz

24-bit/44.1 kHz

16-bit/44.1 kHz

16-hit/44.1 kHz

Maximal bit-
depth/sample

24-bit/192kHz

MQA with

xternal render:
24-bit/192 kHz
or higher

24-bit/192 kHz

AirPlay

bit/44.1 kHz

Fixed to 16-
bit/44.1 kHz

Fixed to 16-
bit/44.1 kHz

Fixed to 16-
bit/44.1 kHz

Fixed to 16-
bit/44.1 kHz

Fixed to 16-
bit/44.1 kHz

Fixed to 16-
bit/44.1 kHz

Fixed to 16-
bit/44.1 kHz

Google
Cast

16-
bit/44.1
kHz

16-
bit/44.1
kHz

16-
bit/44.1
kHz

16-
bit/44.1
kHz

Use
TIDAL
Connect

Use
TIDAL
Connect

24-
bit/96
kHz

16-
bit/44.1
kHz




A/D converters

U Schmidt Trigger as simple example

U The A/Dconverter

U Multiplexing (several channels); A/D converter is serial processor

U Resultis a vector [1 x n samples] of digital values for each channel (
[X(t0), x(t1), x(t2),...,X(tR1)]

U 12 bitconverters allow 212 = 4096 values
U 16 bitconverters allow 216 = 65536 values

U 12 bit is usually adequate for EEG
U 4096 values allow 1 value for each ~0gd®lts of scalp voltage
(depending upon sensitivity of amplifier, which will amplify signal
~20,000 times before polygraph output)
u e.g.,
(0 2.1130gvolts => 2481 D.U.'s (2480.74)
(i 2.1131¢ volts => 2481 D.U.'s (2480.76)
U 2.1250¢ volts => 2483 D.U.'s (2483.20)



Figure 5: A signal sampled at 20 Hz. Discrete-time sampling (left panel) allows for continuous y-axis (¢ Y values, whereas digitally-
sampled signals (right panel) must use a limited number of y-axis values. The three bit converter illustrated here (right panel) allows
for 23=8 distinct values, providing only a course approximation of the signal voltage. The right panel depicts the discrete sample
value (red circle) and the 3-bit digital equivalent (red line), and the discrepancy (dashed vertical black lines).

From: Curham & Allen (2022)



20 Hz Sampling 40 Hz Sampling 100 Hz Sampling

Figure 6: A comparison of a signal (black line) sampled (red line) at three sampling rates (20, 40, 100 Hz) and using three different
converter resolutions (4-bit, 5-bit, and 8-bit) that allow for 16, 32, and 128 distinct € Walues. Low bit-resolution was used here for
illustrative purposes; commercial converters are typically 12-bit (4096 values) or 16-bit (65536 values).

From: Curham & Allen (2022)




U Definition

fast enough rate.

The Problem of Aliasing

U To properly represent a signal, you must sample at a

UNyquistoés (1928) theor ¢

U a sample rate twice as fast as the highest signe
frequency will capture that signal perfectly

U Stated differently, the highest frequency which
can be accurately represented is-ba# of the
sampling rate

u This frequency has come to be known as the
Nyquist frequency and equals ¥z the sampling re

u Comments

U Wave itself looks distorted, but frequency is captut
adequately.

U Frequencies faster than the Nyquist frequency will
not be adequately represented

U Minimum sampling rate required for a given
frequency signal is known as Nyquist sampling rate

Harry Nyquist



Aliasing and the Nyquist Freguency

U In fact, frequencies above Nyquist frequency represented as
frequencies lower than Nyquist frequency

U Fy, +x Hz will be seen asf; - X Hz

utnf ol di ng backo
U frequency 2, seen as O,
U frequency 3, will be seen as
U accordionlike folding of frequency axis



Fig. 3.1. A cosine wave of frequency F (solid line)
sampled at its Nyquist rate. A higher frequency (dotted) wave,
frequency F + a, is shown sampled at the same rate. AL the
sample times it is indistinguishable from a lower frequency

(dashed) wave, frequency F - a.
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Fig. 3.2. The accordioniike folding of the frequency {(or nj
axis due to sampling of a continuous signal. Freguency components
of the original signal marked with x's on the f axis are Interpreted
in the sampled version as belonging te the lowest fregquency, an

encircled X.
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Matlab Demo of Aliasing




Solutions to Aliasing

U Sample very fast
U Use antaliasing filters
U KNOW YOUR SIGNAL!



Time Domain Vs Frequency Domain Analysis

U Frequency Domain Analysis involves characterizing the signal in terms
of its component frequencies

U Assumes periodic signals
U Periodic signals (definition):
U Repetitive
U Repetitive
U Repetition occurs at uniformly spaced intervals of time
U Periodic signal is assumed to persist from infinite past to infinite future



Composite Wave




Fourier Series Representation

U If a signal is periodic, the signal can be expressed as the sum
of sine and cosine waves of different amplitudes and

frequencies
U This is known as the Fourier Series Representation of a signal
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Figure 9: Constructing a complex
signal from the superposition of
sinusoids (top). The power
spectrum of the signal show
distinct peaks at the frequencies
of the component sinusoids. A
single sinusoid corresponds to a
single peak in the power
spectrum (bottom).

From: Curham & Allen (in press)




Interactive Fourier!

U Web Applet



http://www.falstad.com/fourier/

Fourier Series Representation

U Pragmatic Detalls
U Lowest Fundamental Frequency is 1/T
U Resolutionis 1/T

U Phase and Power

U There exist a phase component and an amplitude component to the
Fourier series representation

U Using both, it is possible to completely reconstruct the waveform.
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Averaging
Multiple
Epochs
Improves
ability to
resolve signal

Note noise is twice
amplitude of the signal




Lingering detalls

U In absence of phase information, it is impossible to
reconstruct the original signal
U Infinite number of signals that could produce the same

amplitude or power spectrum

U Spectra most often derived vidast Fourier
transform (FFT); a fourier transform of a discretely
sampled bandimited signal with a power of 2
samples

U Sometimesutocovariance functionis used (a
signal covaries with itself at various phase lags;
greater covariation at fundamental frequencies)

U Windowing: the Hamming Taper



Preventing Spectral Leakage

U Use windows
U not Micro$oft Windows
U Hamming
U Hanning
U Cosine
u Etc.



Hamming Demo

Signal
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Fig. 3.3. Top, a pericdicized segment of a cosine wave.
T is the observation time and 37/8 the period of the wave., Note
the discontinuities at 0 and T. Bottom, a continuous and period-
ic band-1imited wave drawn through the sample paints A = T/16 sec

apart.




Matlab Demo of Hamming Window




Pragmatic Concerns

U Sample fast enough so no frequencies exceed Nyquist
U signal bandwidth must be limited to less than Nyquist
U Violation =
U Sample a long enough epoch so that lowest frequency will go through ¢
least one period
U Violation =
U Sample a periodic signal
U if subject engaging in task, make sure that subject is engaged during entire epot

U Violation = ?7?, probably introduce some additional frequencies to account for
change
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Demo of EEG Data

U CNT Data to Frequency Domain Representation



Freguencydomain EEG applications and
methodological considerations



Applications

U Emotion Asymmetries
U Lesion findings
U Catastrophic reaction (LH)
U RH damage show a belle indifference

U EEG studies
U Trait (100+ studies)
U State (oodles more studies)



Types of Studies

U Trait
U Resting EEG asymmetry related to other traatg.BAS)
U Resting EEG asymmetry related to psychopatholegy.depression)

U Resting EEG asymmetry predicts subsequent emotional respergses (
iInfant/mom separation)

u State

U State EEG asymmetry covaries with current emotional state (e.g., self report,
spontaneous emotional expressions)



Trait, Occasion, and State variance

U Three sources of reliable variance for EEG Asymmetry
U Stable trait consisten@cross multiple assessments

U Occasionspecificvariance

U reliable variations in frontal asymmetry across multiple sessions of
measurement

U may reflect systematic but unmeasured sources such as current
mood, recent life events and/or factors in the testing situation.

U Statespecificvariance

U changes within a single assessment that characterize
U the difference between two experimental conditions

U the difference between baseline resting levels and an experimental
condition.

U conceptualized as proximal effects in response to specific
experimental manipulations

U should be reversible and of relatively short duration
U Unreliability of Measurement (small)

Allen, Coan, & Nazarian 2004
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Alpha Vs Activity Assumption (AAA)
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Alpha and Activity

U May be more apt to think of alpha as regulating network
activity

U High alpha has inhibitory function on network activity (more in
advanced topics)



EEG Asymmetry,
Emotion, and Psychopathology
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