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Content EPFL

Basic Probability Theory

Signal Detection Theory (SDT)

SDT and Statistics | and |l

Statistics in a nutshell

Multiple Testing

ANOVA

Experimental Design & Statistics
Correlations & PCA

Meta-Statistics: Basics

10 Meta-Statistics: Too good to be true
11. Meta-Statistics: How big a problem is publication bias?
12. Meta-Statistics: What do we do now?
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Statistics & Data Reduction

Understanding Statistics & Experimental Design 4



Tree Heights cPrL

" Suppose we want to compare tree heights
over the three regions shown on the right
in the red, green, and blue bands.

" Are the tree heights all the same, or does
at least one region contain trees whose
heights differ from those in the other
regions?
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Bonferroni Corrections “PFL

How to avoid false discovery

During m independent statistic test with (¢
significance level, the probability of at least one

false discovery should be

1-(1-—o)" <0.05

0.05
a=1-(1-0.05)"=—"=

m
Bonferroni correction: during 71 independent statistic
tests only those results are significant, for which

0.05

P<——
m
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ANOVA
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Reduce data |
Model Fitting
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Why is ANOVA a bad idea?
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Bisection Task
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Why is ANOVA a bad idea? EPFL
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Statistics after data reduction
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Bisection Task

Bissection Task - Perceptual Learning
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Statistics after data reduction
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One sample t-test with % —
the slopes a YN

which serves, now, as our Repeated measures
t-test
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Statistics after data reduction
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Statistics by data reduction
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% correct responses
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Scales are an issue

=PrL

Bisection Task
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Pre-post testing

=PrL

Bisection Task
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Pre-post testing
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Bisection Task
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Two sample t-test

t |x North _ X South|
"= G/m
One sample t-test
. | X — y
6/Vn

Repeated measures t-test

The two sample t-test is in fact a one-way t-test

withu=0

Understanding Statistics & Experimental Design
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Reduce data lla: Method of constant stimuli (MCS)

Understanding Statistics & Experimental Design
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A brain enhancing program proposes to increase not only cognition but also perception. We like to test this
proposal using an orientation discrimination task before and after training.

Understanding Statistics & Experimental Design 21
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A brain enhancing program proposes to increase not only cognition but also perception. We like to test this
proposal using an orientation discrimination task before and after training.

Before training //// \\\\

Brain Training

After training //// \\\\
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A brain enhancing program proposes to increase not only cognition but also perception. We like to test this
proposal using an orientation discrimination task before and after training.

We need to think about floor and ceiling effects and therefore offer a range of stimuli:

/N A\ U

Train: Brain enhancing

/N A\ U

Compute ANOVA?

Understanding Statistics & Experimental Design 23



Method of constant stimuli (MCS) EPFL

100 ~

75

PCOITECt

50

v

th'resholld

»

Stimulus strength

111 W %
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Reduce data llb: Adjustment Tasks

Understanding Statistics & Experimental Design
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Adjustment Task
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Orientation adjustment
W/

Color adjustment

Adapted from: http://www.frontiersin.org/files/Articles/9032/fpsyg-02-00119-HTML/image_m/fpsyg-02-00119-g001.jpg
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Reduce data collection Il
Adjustment Tasks

Main Problem: outlier detection
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Reduce data llc: Adaptive Methods

Understanding Statistics & Experimental Design
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Datenliste: "Beide Versatzrichtungen Task1l™:
FL LEVEL ALL HIT EF E-TI A (=] E-TI H [=e]
1 377 & o 0.0% 530 [ 50) -
- 44 .8 5 2 40.0% 4533 | i 445 [ 1Z)
- 48 .8 10 B e0.0% 477 [ Z3) 486 [ 38)
- 51.0 S S 100.0% 525 [ 40) S22 [ 40)
- S23.2 28 24  Ba.T% 23z [ Z1) 233 [ Z1)
- T7a.2 14 12 85.7% 485 [ 1T 478 [ 18)
- 106.2 10 9 90.0% 468 [ Z9) 471 [ 3Z)
- 130.0 b 6 100.0% 431 [ Z0) 431 [ Z0)
gl DE
Probitanalyse [(t=LOE, Pg=350%,P1=2.0%,P5=99.0%,3I5MOID, % OHNE
S0%-Punkt (W) : 0.6 [(-6.19, +7.05)
24-50%-Delta [O): 28.2 [—-19.30, +25.56)
korr. Chi: 9.94 [6 Freiheitsgrad(e))
LIKELI-Analyse:
20%-Punkt [W): 48.8 [(-5.76, +6.53)
Ad-50%-Delta [O): 2.4 [(—-17.99, +23.65)
korr. Chi: 10.41 (& Freiheitsgradie))
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Response & psychometric function (2AFC)
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P correct (Y0-cCOrrect)
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Why not identification task? EPFL

A brain enhancing program proposes to increase not only cognition but also perception. We like to test this
proposal using an orientation discrimination task before and after training.

/A |\ U

Training

/A |\ U
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Discriminability
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probability

0O 10 20 30 40 50 60 70 80 90 100
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Experiment with 4 stimulus and response alternatives
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Reduce data collection Il
Number of trials

Understanding Statistics & Experimental Design
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Number of trials
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Resources are always limited in science
For example, you can screen only
« 1000 cells with an anti-body
* Ask 1000 people in a poll
* Collect 5 stones from moon
Check 10% of a product for quality control

because of budget, time etc. limitations

Q: How to spend trials best?

Understanding Statistics & Experimental Design
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" |t is more useful to study one animal for 1000 hours than to study 1000 animals for one hour” — B. F.
Skinner (quoted in Kerlinger and Lee, 1999)

Understanding Statistics & Experimental Design
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Example EPFL

A brain enhancing program proposes to increase not only cognition but also perception. We like to test this
proposal using an orientation discrimination task, tested before and after training.

7//BR\\\

Training

VS.

//] \\\

We determine performance in terms of correct responses. We can measure only 1.000 trials (line
clockwise/counter-clockwise?) because whatever reason.

Q: How many participants (N) with how many trials (M)?
n=NxM=1.000

Understanding Statistics & Experimental Design 38
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Suppose you have N subjects who each run m trials. The score for the ith trial for the j th subject is defined by
Xj=H+a+e; (1)

where W is the overall grand population mean across subjects, a; is the deviation from the
grand mean for subject j, and e; is the noise for a particular trial for a particular subject.

Understanding Statistics & Experimental Design 39
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Suppose you have n subjects who each run m trials. The score for the ith trial for the j th subject is defined by
Xj=H+a+e; (1)

where W is the overall grand population mean across subjects, a; is the deviation from the
grand mean for subject j, and e; is the noise for a particular trial for a particular subject.

0s  0Z
“Vn T un
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O¢
0.25
0.25
0.25
0.25
0.25

Understanding Statistics & Experimental Design

N M Estimated Power

100
20
20
10

2

1

2

3
10
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1
0.93
0.57
0.29
0.06
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O, N M Estimated Power
0.25 100 1 1
0.25 50 2 0.93 2 100 1 0.61
0.25 20 5 0.57 2 50 2 0.52
025 10 10 0.29 2 20 5 0.36
5 M0 T 08 2003
0.5 50 2 0.91 : 2 50 0.06
0.5 20 5 0.56 4 1001 0.23
0.5 10 10 0.29 4 o0 2 0.21
05 9 50 0.06 4 20 5 0.18
1 100 1 0.94 4 10 10 0.15
1 50 2 0.81 4 2 50 0.06
1 20 5 0.49
1 10 10 0.27
1 2 50 0.06

Understanding Statistics & Experimental Design
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Percent correct & Binomial Distribution cPFL

Binomial distribution
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Percent correct & Binomial Distribution cPFL

Binomial distribution

1 S r r r r r L L L
0.9 \ o -
08~ | i
» 0.7 =
o
5
£ 06 -
3 ]
Q
c
QO
=)
c
S -
S ﬂﬁf
X
Te)
m -—
for 45% of correct responses
for 60% 4
for 75%
for 90% g

r r r r r r r r

100 150 200 250 300 350 400 450 500
N trials

Understanding Statistics & Experimental Design 44



Exam
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Question 10

itches. How many participants joined the experiment?

The table below shows the outcome of an experiment, which had something to do with eye

Source | Sum of Squares (SS) | Degrees of freedom (df) | Mean of the Squares (MS) | F-value | p-value
Between 546.50 5 109.30 5.43 < 0.05
Within 483.12 24 20.13

Understanding Statistics & Experimental Design
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Exam
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Question 10

itches. How many participants joined the experiment?

The table below shows the outcome of an experiment, which had something to do with eye

Source

Sum of Squares (SS)

Degrees of freedom (df)

Mean of the Squares (MS)

F-value

p-value

Between

546.50

5

109.30

5.43

< 0.05

Within

483.12

24

20.13

| |29

28
24

N 30

Understanding Statistics & Experimental Design

46



Exam =PFL

Question 20 A study wants to investigate whether peak eye itch intensity, which change in
a sinusoidal fashion, are stronger during a statistics lecture than in leisure time. As a marker
for the intensity of the eye itches, pupil size was measured in 100 students 6 times during the
class of 90min and 6 times during 90min of leisure time. How to best compute statistics?

1. For each participant, fit a sine function to the class and leisure time conditions, extract the
phases , take the difference of phases, and use a one sample t-test to test whether this
value is significantly different from zero.

2. For each participant, fit a sine function to the class and leisure time conditions, extract the

amplitudes, and compute a dependent t-test to test whether there is significant difference.

None of them

For each participant, fit a cosine function to the class and leisure time conditions, extract

the amplitudes, take the difference of the amplitudes, and use a one sample t-test to test

whether this value is significantly different from zero.

B W
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Exam =PFL

Question 20 A study wants to investigate whether peak eye itch intensity, which change in
a sinusoidal fashion, are stronger during a statistics lecture than in leisure time. As a marker
for the intensity of the eye itches, pupil size was measured in 100 students 6 times during the
class of 90min and 6 times during 90min of leisure time. How to best compute statistics?

1. For each participant, fit a sine function to the class and leisure time conditions, extract the
phases , take the difference of phases, and use a one sample t-test to test whether this
value is significantly different from zero.

2. For each participant, fit a sine function to the class and leisure time conditions, extract the

amplitudes, and compute a dependent t-test to test whether there is significant difference.

None of them

For each participant, fit a cosine function to the class and leisure time conditions, extract

the amplitudes, take the difference of the amplitudes, and use a one sample t-test to test

whether this value is significantly different from zero.

B w
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Take home messages EPFL

Take Home Messages

1. Keep your design simple: consider compressing raw data into intermediate
variables, which then are subjected to statistical analysis.

2. Compute a power analysis before you do your experiment to check whether there
is a real chance that it may show an existing effect.

3. Keep your design simple: if a theory presupposes both significant and null results
your power may be strongly reduced.

Understanding Statistics & Experimental Design 49



=PrL

END Class 7
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