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Single subjects or group
analysis



What is the question?

Alf the question pertains to dynamic analyses(when things happen)
and/or quantitative aspects(how much this variable explainsof the
data), then single subjects analyses make more sense given the
idiosyncraticnature of EEG

AYet some group stats are needed for inference ¢ e.g. averagecluster
onset,averagenumberof subjectshowingan effect, etc .. + derivegroup
eveleffect sizes

Alf the question is generalin nature (is there a measurabledifference
petween these conditions) or pertains to group differences and/or
attributes, then groupanalysesnakessense




How task constraints modulate the ERP response?
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How task constraints modulate the ERP response?

Group defined best electrode

R? optimized electrode
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MEG of acoustic properties in affective vocalizati

Fearful

Arousal

Valence

Neutral-Anger

w— Neutral-Fear
= Neutral-Pleasure

Pleasure-Anger
= Pleasure-Fear
Anger-Fear

Morph Steps

Morph Steps

B values

1 \
| &

440 ms
0.00S |
0
-0.005
-001
0015}
| Example S.1
-04 -02 0 02 04 06 08
180 ms Time (s)
{( 2
) \\ ‘;7,‘ // i
b 4

P200

Salvia et al. Frontleurosc2014



MEG of acoustic properties in affective vocalizati
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‘combined’ model

S.1

Earlyeffects are largelydriven by acousticalvariations
Oncethe varianceexplainedby acousticpropertiesis
accounted for, the remaining effects of emotionalv
variables(especiallyvalence)are mostly observedat

S.2

S.3

Simplemodel for eachsound,input the arousaland
valencevalue - Combinedmodel valence,arousal,
and 2 componentsof a PCA(72% var) from six
acoustic parameters mean/ SD of fO, HNR and
percentage®f unvoicedframe, jitter andshimmer

late stageg(D400c600ms).
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Application to a
continuous design
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ADesign 2 faces (cond1/cond2) + a continuous variable related to the
phase information in the stimulus space (~noise)

ALIMO EEG 1%t level analysis

' 9A0K 9wtkYSlIya é&2dz N fAYAUSR
facel, beta2 = face2, beta3=local phase coherence, betad = constant




9 MATLAB R2013a
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Here we use txt file, 1 row per trials encoding faces (1/2) and the actual phase coherence value
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ACategorical and Continuous files are nothing but a description of
single trials (in the same order as Iin the .set)
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Use LIMO batch to do all subjects

Ad A& OUKS Sy3aAays
ect theset_list cat_list cont_listthat
have edited

e limit [-50 450]




What have we done: results

Almage all (R2, condition, covariate)
ACourse plotg for continuous variables, make 3D plots !

File Edit View Insert Tools Desktop Window Help
Dade | k| AROBDEL- S| 0E DO

File Edit View Insert Tools esktop indow Help
NEde (M AROBPR L2 |0E | am
2 Modelled single trials
R*  uncorrected threshold sorted by regressor 3 electrode B8 (35)

Electrodes
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Group level analysis
AOne samplei S& 0 2 yegrdfsbrz A 4 S Q

ACNRY GKS D!LX OK22a$S WYWwlyR2Y 9F
A Loadexpected chanlocs
A Run the one sampletest with bootstrap

A Because we used the batch, we have the list of parameters already
there for all subjects (Beta files GLM_WLS Time Channeds.txt)
pick this up or load Beta files one by one !

A Select parameter 3



Reviewgplevel results

0 Figure 3
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EEG signals are idiosyncratic

Gaspar et al. 2011 Reliability of ERP and stngleanalysedNeurolmageb8



Testretest of ERPs
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Testretest for parameter estimates
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Grand averages do not reflect ERP dynamics
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- Because ERPs are highly reliable
within subjects, grand averagesare
alsohighlyreliable

- However, this WgA@KD®ESO
reliability also means that grand
averages ERPs are significantly
different from individual subjects'
ERPs

- Plots of grand average can be
misleading



Grand averages do not reflect ERP dynamics

Amplitude




Grand averages do not reflect ERP dynamics

Trimmed Mean

Amplitude




Grand averages do not reflect ERP dynamics

Harrell-Davis
I

Amplitude




Grand averages do not reflect ERP dynamics




Always good to check distributions !

ALIMO RANDOM EFFECTS
ACentral tendency and CI also gives you data for all subjects

AParameterPlot®y I aSd 2F G022t 02 OAadz t i
distributed



Going further with parametric analyses

AGroup level regression on the phase regression parameter !

ASo far we looked at how much phase coherence explains of the ERP
(R2 values and sewmartial coefficients per subjects)

AAt the group level we looked at when phase coherence influence the
ERP

ANow we can test if the phase coherence influence on the ERP is a
function of age



Group level regression
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Going further with parametric analyses

A Alternative analyses to quantify effects are possible. For instance, use the R2,
cumulate, normalize across subjects and regress age

Y \ A tellsyouhow fastone accumulates
2. face information In noise and this
'c—é h changesas we get older (with a big
S 0 shiftaround45y.0.)

e
Age
quantiles 500
in years

Tlme |n ms NDAaticanlat AF Al 7ONTN\ v D 7



Almost the end



The maths behind the GUI

ALF @é2dz glyd G2 32 y2¢g3 A0Qa FAY:
AReview bootstrap and application to Cl
ADetails further application to multiple comparisons correction




Introduction to
Efron (1979) Bootstrap Methods:
Another Look at the Jackknife

Rudolf J. Beran
University of California at Berkeley

It is not unusual, in the history of statistics, that an important paper goes
scarcely noticed for a decade or longer. Examples from the past half-century
include von Miscs' (1937, 1947) papers on statistical functionals, Quenouilie's
(1949) paper, Tukey's (1956) abstract on the jackknife, and Wald's (1943)
paper on the asymptotic optimality of likelihood ratio tests. Each of these
pioneering works was well ahcad of its time. Brad Efron’s (1979) paper on the
bootstrap sparked immediatc intcrest among his peers. A decade after its
publication, the bootstrap litcrature is large and still growing, with no imme-
diate end in sight. Surely, the timing and formulation of Efron’s paper were
just right. But what were the yearnings in the statistical world of 1979 that
the paper touched so well? Why did development of the bootstrap idea follow
so swiftly?

T would suggest that statistical perceptions in 1979 were influenced by four
histarical developments. First, by the late 1970s, the revolution in computing,
and subsequently in data analysis, had put theoretical statistics on the defen-
sive. It was becoming increasingly clear that the classical formulations of
statistical theory, whether frequentist or Bayesian, did not provide a realistic
paradigm for the analysis of large data scts. One response was growing
theoretical interest in the jackknife, cross-validation, and certain other re-
sampling schemes [see references in Efron (1982)). These were all methods
that seemed to rély on direct internal examination of the data, rather than on
fitting an externally conceived statistical model.

Second, some data analysts, not all professional statisticians, had been
experimenting in the 19605 and 1970s with Monte Carlo simulations from
fitted models as a means of generating plausible critical values for confidence
statements or tests. Examples include Williams (1970) and two astrophysical
‘papers from 1976 cited in Press et al. (1986, Sec. 14.5). Such direct simulation
approaches were a natural response to the increased availability of inexpen-

Efron, B. ( 1979). Bootstrap methods; another
look at thejackknife. Ann. Statist 7, 1¢ 26

mographs
on Statistics and
Applied Probability 57

An
Introduction
to the
Bootstrap

Bradley Efron
Robert J. Tibshirani

m SPRINGER-SCIENCE+BUSINESS MEDIA, B.V

—_— 7

EXPLORING
*LIMITS*

BOOTSTRAP |

Raoul LePage & Lynne Billard

Wikey Series in Probability and Mathematical Statistics:
20 Statiatics Section

Vi Barmatt, falgh A. Bradiey, Nichotas L Fisher, J. Stusrt Muster,
2. . Kadane. David G. Kendall, Adrian F. M. Seith, Stephen M.
Stigler, Joret Yeugels aad Gootirey 5. Watsom, Advivery Eitors

Efron, B. , andlibshirani, R. ( 1993 An Introduction
to the Bootstrap Chapman & Hall , New York

LePage, R & Billard L (Ed)
Exploring the Limits of Bootstrap, 1992



Bootstrap: central idea

AStatisticsrely on estimators(e.g. the mean)and measuresof accuracy
for thoseestimators(standarderror and confidencentervals)

Ad ¢ mddtstrapis a computerbasedmethod for assigningneasuresof
accuracyto statisticalestimatest Efron& Tibshiranj1993

AThebootstrapis a type of resamplingprocedurealongwith jackknife
andpermutations

ABootstrapis particularly effective at estimating accuracy(bias, SE,CI)
but it can also be appliedto many other problems¢ in particular to
estimatedistributions



General recipe

original data

(1) sample WITH replacementn [ 1 . G |4 |5 . . .]

observationgunderH1 for CI
of an estimate, under HO for [

bootstrapped data

11I|4L%rsll]
|

(2) compute estimate X
e.g. sum, trimmed mean

the null distribution)

(3) repeat (1) & (2) b times X1 X2 X3 Xg4 X5 Xg . . . p X

(4) get biasstd, confidence interval, palue



Percentile boot Confidence Interval

AlLet* 0SS Iy Saewartthe 2aEaCH Y R &
ABootstrap the data computing” to obtain a distribution of this
parameter and take the-alpha/2 upper and lower percentile

observed sample bootstrapped means bootstrapped means
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data values
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The Annals of Staustics
1981, Vol. 9, No. 1, 130-134

THE BAYESIAN BOOTSTRAP

By DoNALD B. RUBIN

Educational Testing Service

The Bayesian bootstrap is the Bayesian analogue of the bootstrap. Instead of
[simulating the sampling distribution of a statistic estimating a parameter, the]
| Bayesian bootstrap simulates the posterior distribution of the parameter; opera-

tionally and inferentially the methods are quite similar. Because both methods of
drawing inferences are based on somewhat peculiar model assumptions and the
resulting inferences are generally sensitive to these assumptions, neither method
should be applied without some consideration of the reasonableness of these
model assumptions. In this sense, neither method is a true bootstrap procedure
yielding inferences unaided by external assumptions.




Bayesian bootstrap

A

A

n the bootstrap, we sample eash with replacement, with a
orobability 1/n ¢ the assumption is that only the observed value are
possible values in the parent population

n the Bayesian bootstrap, we use a posterior probability distribution

fortheXiQ a o
Awdzo A Yy Qa | £ 32 NRA éKofmyuniform }M 0 RNJ ¢ dz

Substitute by a

(2) sort u u(0) =0 and u(n) = Sirichlet

(3) gap = uj-u(i-1)
(4) resample X usingob of xi = gap|
A repeat B times



High Density Intervals

AHaving the posterior density of meagsve can compute the most
dense intervals = credible intervals

A compute the centile distances between bootstrap estimates and
take the smallest (i.e. densest)

observed sample bootstraped means High Density Interval of the mean

1.85 1:9 1.95 2 205 21 215



Correction for multiple testing using
Maximum Statistics

ASince the FWER is theob that any stats > u, then the FWER is also the
prob. that the max stats > u

AEstimate the distribution of max under HO (bootstrap) and simply
thresholdthe observedresultsa thresholdu -- Still assumesll testsare
Independent

correction by F max

Max F values < —
Under HO $ I _
100 200 300 400



