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Single subjects or group 
analysis



What is the question?

ÅIf 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
idiosyncraticnatureof EEG.

ÅYet some group stats are needed for inferenceςe.g. averagecluster
onset,averagenumberof subjectshowinganeffect,etc .. + derivegroup
leveleffect sizes

ÅIf the question is general in nature (is there a measurabledifference
between these conditions) or pertains to group differences and/or
attributes,then groupanalysesmakessense.



How task constraints modulate the ERP response?

Rousseletet al. Front Psy2011

Face 1 vs Face 2?
Green or Pink?
Ą Effect of phase coherence on ERP



How task constraints modulate the ERP response?

Rousseletet al. Front Psy2011

At the group level, ERPsensitivityto
phase noise was reduced between
about140and300mswhenstimulus
phase information was task
irrelevant.

we observed a significant task effect

in only 60% of subjects, and at any

time point only 31% of subjects

showed results consistent with group

analyses



MEG of acoustic properties in affective vocalizations

Salvia et al. Front Neurosc2014



MEG of acoustic properties in affective vocalizations

Simplemodel: for eachsound,input the arousaland
valencevalue - Combinedmodel: valence,arousal,
and 2 components of a PCA (72% var) from six
acoustic parameters: mean/ SD of f0, HNR and
percentagesof unvoicedframe,jitter andshimmer.

Earlyeffectsare largelydriven by acousticalvariations
Oncethe varianceexplainedby acousticproperties is
accounted for, the remaining effects of emotionalv
variables(especiallyvalence)are mostly observedat
late stages(Ḑ400ς600ms).



Application to a 
continuous design



[ŜǘΩǎ ŀƴŀƭȅǎŜ ƻƴŜ ǎǳōƧŜŎǘ

ÅDesign: 2 faces (cond1/cond2) + a continuous variable related to the 
phase information in the stimulus space (~noise)

ÅLIMO EEG ς1st level analysis

Ґ ǿƛǘƘ 9wtκƳŜŀƴǎ ȅƻǳ ŀǊŜ ƭƛƳƛǘŜŘ ǘƻ ΨŎŀǘŜƎƻǊƛŜǎΩΣ ƘŜǊŜ ǿŜ ƘŀǾŜ ōŜǘŀм Ґ 
face1, beta2 = face2, beta3=local phase coherence, beta4 = constant



The new STUDY allows any type of regressors ςǎƻƳŜǘƛƳŜǎ ƛǘΩǎ ŘƛŦŦƛŎǳƭǘ ǘƻ ƘŀǾŜ ƛǘ ŀƭƭ ŜƴŎƻŘŜŘ ƛƴ ǘƘŜ ΦǎŜǘ
Here we use txt file, 1 row per trials encoding faces (1/2) and the actual phase coherence value



[ŜǘΩǎ ƘŀǾŜ ŀ ƭƻƻƪ ŀǘ ǘȄǘ ŦƛƭŜǎ ŀƴŘ ŜŘƛǘ ǇŀǘƘǎ

Åedit ΨǎŜǘψƭƛǎǘΦǘȄǘΩΣ ΨŎŀǘψƭƛǎǘΦǘȄǘΩ ŀƴŘ ΨŎƻƴǘψƭƛǎǘΦǘȄǘΩ ǿƛǘƘ ǘƘŜ ǇŀǘƘ ƻƴ ȅƻǳǊ 
hard drive (find/replace)

ÅCategorical and Continuous files are nothing but a description of 
single trials (in the same order as in the .set)

1
2
2
1
1
2
1
1
2

Categorical variable Continuous variable

1.2
2.5
1
0.9
1.2
1.5
1.9
1.6
2.1

You can use as many 
conditions as you like ς
and code them with any 
number you like

You can use as many 
variable as you like, 
simply add columns



Use LIMO batch to do all subjects

¢Ƙƛǎ ƛǎ ǘƘŜ ŜƴƎƛƴŜ ōŜƘƛƴŘ Ψ{¢¦5¸Ω 

Select the set_list, cat_list, cont_listthat 
you have edited

time limit [-50 450]



What have we done: results

ÅImage all (R2, condition, covariate)

ÅCourse plots ςfor continuous variables, make 3D plots !



Group level analysis

ÅOne sample t-ǘŜǎǘ ƻƴ ΨƴƻƛǎŜΩ regressor

ĄCǊƻƳ ǘƘŜ D¦LΣ ŎƘƻƻǎŜ ΨwŀƴŘƻƳ 9ŦŦŜŎǘΩ

ĄLoad expected_chanlocs

ĄRun the one sample t-test with bootstrap

ĄBecause we used the batch, we have the list of parameters already 
there for all subjects (Beta_files_GLM_WLS_Time_Channels.txt) ς
pick this up or load Beta files one by one !

ĄSelect parameter 3



Review gplevel results



EEG signals are idiosyncratic

Gaspar et al. 2011 Reliability of ERP and single-trial analyses NeuroImage58



Test-retest of ERPs

- ERPsare highly reliable
within subjects

- xcorr >0.90 with ~4/6
mslag



Test-retest for parameter estimates

- Betaswapping
- The effect observedone day is the

sameanotherday!
- Effects (betas) are idiosyncratic like

ERPS



Grand averages do not reflect ERP dynamics

- Because ERPs are highly reliable
within subjects, grand averagesare
alsohighlyreliable.

- However, this ΨǿƛǘƘƛƴ-ǎǳōƧŜŎǘΩ
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



Grand averages do not reflect ERP dynamics



Grand averages do not reflect ERP dynamics



Grand averages do not reflect ERP dynamics



Always good to check distributions !

ÅLIMO RANDOM EFFECTS

ÅCentral tendency and CI also gives you data for all subjects

ÅParameter Plots Ąŀ ǎŜǘ ƻŦ ǘƻƻƭ ǘƻ Ǿƛǎǳŀƭƭȅ ŜȄǇƭƻǊŜ Ƙƻǿ ΨǘƘƛƴƎǎΩ ŀǊŜ 
distributed



Going further with parametric analyses

ÅGroup level regression on the phase regression parameter !

ÅSo far we looked at how much phase coherence explains of the ERP 
(R2 values and semi-partial coefficients per subjects)

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

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



Group level regression



Going further with parametric analyses

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

Rousselet, et al. (2010). Front Psy

Ą tells youhow fast oneaccumulates
face information in noise and this
changesas we get older (with a big
shift around45y.o.)



Almost the end



The maths behind the GUI

ÅLŦ ȅƻǳ ǿŀƴǘ ǘƻ Ǝƻ ƴƻǿΣ ƛǘΩǎ ŦƛƴŜ

ÅReview bootstrap and application to CI

ÅDetails further application to multiple comparisons correction



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

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

Efron, B. ( 1979). Bootstrap methods; another 
look at the jackknife. Ann. Statist . 7 , 1 ς26



Bootstrap: central idea

ÅStatisticsrely on estimators(e.g. the mean)and measuresof accuracy
for thoseestimators(standarderror andconfidenceintervals)

Åά¢ƘŜbootstrap is a computer-basedmethod for assigningmeasuresof
accuracyto statisticalestimates.έEfron& Tibshirani, 1993

ÅThebootstrap is a type of resamplingprocedurealongwith jack-knife
andpermutations.

ÅBootstrap is particularly effective at estimatingaccuracy(bias,SE,CI)
but it can also be applied to many other problemsςin particular to
estimatedistributions.



original data

(3) repeat (1) & (2) b times

(4) get bias, std, confidence interval, p-value

5 632 71 4 8

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

×

General recipe

(1) sample WITH replacementn
observations(underH1 for CI
of an estimate,under H0 for
the null distribution)

bootstrapped data

5 632 71 4 82 82

×1 ×2 ×3 ×4 ×5 ×6 ... ×b

1 1 2 4 5 5 6 8



Percentile boot Confidence Interval

ÅLet ̒  ōŜ ŀƴ ŜǎǘƛƳŀǘƻǊΣ ŀƴŘ ǿe want the 1-alpha CI(̒ ύ

ÅBootstrap the data computing ̒* to obtain a distribution of this 
parameter and take the 1-alpha/2 upper and lower percentile

upper and lower percentiles





Bayesian bootstrap

ÅIn the bootstrap, we sample each x i with replacement, with a 
probability 1/ n ςthe assumption is that only the observed value are 
possible values in the parent population

ÅIn the Bayesian bootstrap, we use a posterior probability distribution 
for the X iΩ ǎΦ

ÅwǳōƛƴΩǎ ŀƭƎƻǊƛǘƘƳΥ   όмύ ŘǊŀǿ ǳҐмΥƴ-1 from uniform

(2) sort u u(0) =0 and u(n) = 1

(3) gap = u(i)-u(i-1)

(4) resample X using prob of xi = gap(i)

Ą repeat B times

} Substitute by a
Dirichlet



High Density Intervals

ÅHaving the posterior density of means ςwe can compute the most 
dense intervals = credible intervals

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



Correction for multiple testing using 
Maximum Statistics

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

ÅEstimate the distribution of max under H0 (bootstrap) and simply
thresholdthe observedresultsa thresholdu -- Still assumesall testsare
independent

Max F values
Under H0


