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Issues with standard stats

estimator

http://en.wikipedia.org/wiki/Robust_statistics

http://en.wikipedia.org/wiki/Estimator


Using the median and trimmed mean



Yes but my data are Gaussian
ÅAre you sure?

Micceri (1989). TheUnicorn, The Normal Curve, and Other Improbable Creatures. 
Psych Bul. 105, 156-166

http://en.wikipedia.org/wiki/Robust_statistics

http://isites.harvard.edu/fs/docs/icb.topic988008.files/micceri89.pdf


Robust tests (LIMO EEG toolbox)



LIMO EEG TOOLBOX



One sample t-test
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limo_ttest.m limo_trimci.m



Test standard vs. robust t-test



Paired t-test
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Two-samples t-test
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IRLS

Wy= WXϸ+ We, E(e)= 0, Cov(e)= Љ
2
I



Check the weights of trials/subjects

>> load LIMO
>> size(LIMO.design.weights)
>> imagesc(squeeze(LIMO.design.weights(98,:,:)))



Use central tendency 
ÔÏÏÌÓ ÔÏ ÃÈÅÃË ×ÈÁÔȭÓ 
going on

Check the weights of trials/subjects





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 ɀ26



Bootstrap: central idea



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) sampleWITH 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

upper and lower percentiles





Bayesian bootstrap

} Substitute by a
Dirichlet



High Density Intervals



Estimating the mean - revised



Estimators and HDI in one click

limo_central_tendency_and_ci.m
(2 levels + data handling)

limo_central_estimator.m (estimator and ci)



Summary stats do not reflect ERP dynamics



Summary stats do not reflect ERP dynamics



Summary stats do not reflect ERP dynamics



Summary stats do not reflect ERP dynamics





2.5% 97.5%

Distributions can take any shape

2.5% 97.5% 2.5% 97.5%

Signif . value

Non signif . value

The bootstrap method allows the bootstrap estimate of the sampling
distribution to conformto anyshapethe data suggest,taking into account
the varianceand the skewnessof the sample. Thiscanbe the distribution
of estimators(mean,median)orT/FvaluesunderH0 or underH1.



Testing the mean with bootstrap

ObsT



Pearson-Newman hypothesis testing

Results is null Results is 
significant

H0 is true True negative False positive

H1 is true False negative True positive

ĄRobust stats reduces false negatives (increase power) by using more 
stable estimators of distribution parameters
Ą Bootstrap controls false positives  (i.e. if you choose alpha 0.05 then 
ÔÈÅ ÔÅÓÔ ×ÉÌÌ ȬÆÁÉÌȭ Ϋϻ ÏÆ ÔÈÅ ÔÉÍÅɊ



What is the problem?

FWER=1- (1- alpha)^n

youÃÁÎȭÔ
becertainof anyof the statisticalresultsyouobserve



What is the problem?

22%

18%

14%

9%

5%



What is the problem?

we know there are false positives ɀwhich ones is it?




