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Content

1. Basic Probability Theory
2. Signal Detection Theory (SDT)
3. SDT and Statistics I and II
4. Statistics in a nutshell
5. Multiple Testing
6. ANOVA
7. Experimental Design & Statistics
8. Correlations & PCA
9. 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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About this course



4Understanding Statistics & Experimental Design

3. Statistics via SDT: t-test
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Framingham Studies
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Framingham Studies

Associations of education with 30 year life course blood pressure 

trajectories: Framingham Offspring Study

Eric B Loucks, Michal Abrahamowicz, Yongling Xiao & John W Lynch

BMC Public Health volume 11, Article number: 139 (2011) 

https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-139#auth-1
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-139#auth-2
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-139#auth-3
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-139#auth-4
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Framingham Studies

What matters is effect size d’

Small effects are not significant, isn’t it?
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The t-test
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Conditional Probability: Noise (fish, water)
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Conditional Probability: Noise (fish, water)

Statistics:

1. Is the sonar ok, ie d‘=0?

2. Average out noise

3. Estimate mean and variance
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The Problem: Undersampling



12Understanding Statistics & Experimental Design

Example

Bergmann’s rule states that “populations and species of larger size are found in colder 
environments, and species of smaller size are found in warmer regions” 

(Wikipedia.org).

Is this true for plants too?
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Example

Bergmann’s rule states that “populations and species of larger size are found in colder 
environments, and species of smaller size are found in warmer regions” (Wikipedia.org).

Compare mean height of oaks in the North and in the South

μ(North) > μ(South)
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Example

Bergmann’s rule states that “populations and species of larger size are found in colder 
environments, and species of smaller size are found in warmer regions” (Wikipedia.org).

Compare mean height of oaks in the North and in the South

μ(North) > μ(South)
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Measure the height of all these oaks?
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Measure the height of all these oaks?
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Undersampling

ҧ𝑥 𝑁𝑜𝑟𝑡ℎ =
1

𝑛
෍

𝑖=1

𝑛

𝑥𝑖 ҧ𝑥 𝑆𝑜𝑢𝑡ℎ =
1

𝑛
෍

𝑖=1

𝑛

𝑥𝑖

Estimate μ(North) and μ(South) by sub-samples n <<< N:

North
South
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Undersampling causes Errors
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Undersampling

ҧ𝑥 𝑁𝑜𝑟𝑡ℎ =
1

𝑛
෍

𝑖=1

𝑛

𝑥𝑖 ҧ𝑥 𝑆𝑜𝑢𝑡ℎ =
1

𝑛
෍

𝑖=1

𝑛

𝑥𝑖

Estimate μ(North) and μ(South) by sub-samples n <<< N:

North
South
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Most important equation

Significant: 𝑑 ∗ 𝑛/2 > 1.96 (𝑑𝑒𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑜𝑛 𝑛)

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Step 1: Sampling Error
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Notations

𝛿 = 𝑑′ =
𝜇𝑆𝑁 − 𝜇𝑁

𝜎

𝑑 =
ҧ𝑥𝑆𝑁 − ҧ𝑥𝑁

𝑠
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Notations
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Undersampling

ҧ𝑥 𝑁𝑜𝑟𝑡ℎ =
1

𝑛
෍

𝑖=1

𝑛

𝑥𝑖 ҧ𝑥 𝑆𝑜𝑢𝑡ℎ =
1

𝑛
෍

𝑖=1

𝑛

𝑥𝑖

Estimate μ(North) and μ(South) by sub-samples n <<< N:

North
South
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Step 1: Sampling & Sampling Error: Theory

Because of sub-
sampling, the sample 
mean may differ from 
the true mean

Mean of this 
random sample 
of n = 2 trees

ҧ𝑥 𝑁𝑜𝑟𝑡ℎ =
1

2
෍

𝑖=1

2

𝑥𝑖
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Step 1: Sampling & Sampling Error

Mean of this 
random sample 
of n = 2 trees



27Understanding Statistics & Experimental Design

Step 1: Sampling & Sampling Error

Mean of this 
random sample 
of n = 2 trees
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Many Samples Later…

Distribution of sample means with sample size n=2
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Increase sample size (n) …

Because of sub-
sampling, we make 
errors in the estimates 
of the means

ҧ𝑥 𝑁𝑜𝑟𝑡ℎ =
1

9
෍

𝑖=1

9

𝑥𝑖

Mean of this 
random sample 
of n = 9 trees
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Increase sample size (n) …

Mean of this 
random sample 
of n = 9 trees
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Increase sample size (n) …

Mean of this 
random sample 
of n = 9 trees
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Many Samples Later…

Distribution of sample means with sample size n=9
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Many Samples Later…

The sampling error becomes smaller 
when n increases, i.e, the variances  of 
the sampling distributions become 
smaller
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Many Samples Later…

 Population 
distribution

s ҧ𝑥 =
𝑠

n

standard error of the mean

The variances sx of the 
sampling distributions 
become smaller, when n 
increases
𝑠 ҧ𝑥 is a good measure for 
the sampling error
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Variance σ2

Standard deviation: 𝑠 =
1

n − 1
෍

i=1

n

xi − തx 2 ; Standard error: 𝑠 ҧ𝑥 =
𝑠

n

σ

μ

σ

μ
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Central Limit Theorem (CLT)

For n → inf:

 ҧ𝑥 → 𝜇, with ҧ𝑥 =
1

𝑛
σ𝑖=1
𝑛 𝑥𝑖

 𝑠 ҧ𝑥 → 0, with
𝑠

𝑛
(std error of the mean: SEM)

 Sampling distribution: Gaussian: N(μ,SEM)
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Many samples later…

Population 
distribution

s ҧ𝑥 =
𝑠

n

standard error of the mean

The variances sx of the 
sampling distributions 
become smaller, when 
n increases
𝑠 ҧ𝑥 is a good measure 
for the sampling error

𝑺ഥ𝒙
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Estimates

ҧ𝑥 =
1

𝑛
෍

𝑖=1

𝑛

𝑥𝑖

Standard deviation: 𝑠 =
1

𝑛 − 1
෍

𝑖=1

𝑛

𝑥𝑖 − ҧ𝑥 2

s ҧ𝑥 =
𝑠

n

Population 
distribution

So much about theory. In practice, we do not know the true means and variance- and we have only
one sample. For this reason, we use estimates  

s ҧ𝑥 tells us about the “size” of the error for one sample
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Step 2: Comparing Means
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Step 2: Overlap

NorthSouth
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Step 2: Overlap

Population 
distribution

Sampling
distribution
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Step 2: Overlap

Population 
distributions

Sampling 
distributions
Families (n) 
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STD for means

Recall our hypothesis:
are the means the same 
or different?
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STD for means

Recall our hypothesis:
are the means the 
same or different?
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STD for means

For a given sample of size n, tn reflects the overlap d’n
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STD for means

Null
Hypothesis

Difference
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STD for means

Null
Hypothesis

Difference

𝑆 ҧ𝑥𝑁𝑜𝑟𝑡ℎ− ҧ𝑥𝑆𝑜𝑢𝑡ℎ = 𝑠
2

𝑛
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T-test

Null 
Hypothesis

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Step 3: The Criterion
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Undersampling Causes Errors
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t-test

Null 
Hypothesis

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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t-test

Null 
Hypothesis

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Undersampling Causes Errors
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Type I Error, one tailed t-test
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Type I Error, one tailed t-test
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Type I Error, one tailed t-test

𝑡 = 1.8

p=0.0359 
(dependent n)

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛
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Type I Error, one tailed t-test

p=0.0359 
(dependent on n)

This is the p-value!

𝑡 = 1.8

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛
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Type I Error, one tailed t-test

Choose your Type I Error Rate, e.g. 5%
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Two sample t-test

Significant: 𝑡 > 1.96 (𝑑𝑒𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑜𝑛 𝑛)

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Two sample t-test

Significant: d ∗ 𝑛/2 > 1.96 (𝑑𝑒𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑜𝑛 𝑛)

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Lesson #1

The t-test confounds effect and sample size: 

Partial information!

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Exam
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Exam
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Exam
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Exam
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Take home messages
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END Class 3a
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Content

1. Basic Probability Theory
2. Signal Detection Theory (SDT)
3. SDT and Statistics I and II
4. Statistics in a nutshell
5. Multiple Testing
6. ANOVA
7. Experimental Design & Statistics
8. Correlations & PCA
9. 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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Summary of the transformations
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Summary of the transformations

Population distributions Sampling distributions Null + Difference distribution

𝑡 = 𝑑 ∗ 𝑛/2

𝑡 =
( ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ)

𝑠

𝑛/2

s ҧ𝑥 =
𝑠

n/2

𝑝 = (𝑑𝑎𝑡𝑎|𝐻0)𝑑 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑠
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Type II Error
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How to present and read statistical values?

The t-test confuses effect and sample size: Partial information!

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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T-Distribution Critical Values

df = n - 1
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Example
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Example

p-value=0.045 < 0.05
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Example

p-value=0.045 < 0.05
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Example
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How to present and read statistical values?

t(2000)=2.21, p=0.047             (t-test)

F(1,5)=28.89, p=0.01                (ANOVA)

c2 (1, N=226)=6.90, p<0.01    (c2 Test)

Better:

t(2000)=2.21, p=0.047, d=0.2
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How to present and read statistical values?
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Cohen’s d

d‘= 0.2 small effect

d‘= 0.5 medium effect

d‘= 0.8 large effect

https://de.wikipedia.org/wiki/Effektst%C3%A4rke
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Comments & Extensions
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Example

Bergmann’s rule states that “populations and species of larger size are found in 
colder environments, and species of smaller size are found in warmer regions” 

(Wikipedia.org).

Compare mean height of oaks in the North and in the South

μ(North) > μ(South)
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Type I Error, two tailed t-test
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D’ is all over the place
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Step 4: Type II Error
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Type II Error
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t-test

Null 
Hypothesis

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Type II Error

How to compute the Miss Rate, 
we will see in lesson 4
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Highlights
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Implications
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Implications I: Sample size

Implication Ia: for each 𝑑 ≠ 0, the t-test is significant if n is sufficiently large

𝑡 = 𝑑 ∗ 𝑛/2

Significance: 𝑑 ∗ 𝑛/2 > 1.96 (𝑑𝑒𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑜𝑛 𝑛)
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Framingham Studies

Associations of education with 30 year life course blood pressure 

trajectories: Framingham Offspring Study

Eric B Loucks, Michal Abrahamowicz, Yongling Xiao & John W Lynch

BMC Public Health volume 11, Article number: 139 (2011) 

https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-139#auth-1
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-139#auth-2
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-139#auth-3
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-139#auth-4
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Quiz

Does alcohol make you smart?

Japanese researchers found that moderate consumption of alcohol can positively influence human mental 
capabilities. Men, who consume less than half liter of sake wine per day, had IQs 3.3 points higher 
compared to men who never drink alcohol. For women a value of 2.5 points was found.

The study tested 2000 humans in the age from 40 to 79 years. The researchers propose that alcohol 
protects against arterial sclerosis and thus provides a better blood supply to the brain.

Adapted from Spiegel Online, 7.12.2000
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Implications I

Implication Ib: For each 𝑑 ≠ 0, the t-test is significant for a sufficiently large n1 and non-significant for a 
smaller n2   

Is the effect significant? Sounds like a paradox but it is not........
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Implications I

Implication Ib: For each 𝑑 ≠ 0, the t-test is significant for a sufficiently large n1 and non-significant for a 
smaller n2   

Is the effect significant? Sounds like a paradox but it is not........
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Implications I

Implication Ic: Aren‘t two experimental conditions always be different, hence, 𝑑′ ≠ 0 in general? 
We do not need to do experiments! We just need to assume we did the experiment with a large n!

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Two Sample t-test

Question: when is 𝑑′ = 0?
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Two Sample t-test

Part III: optional stopping

Question: when is 𝑑′ = 0?
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Implications II: Effect size

Implication IIa: Significance tells nothing about effect size: Partial Information!

Example: If fish oil were prolonging life by 2min, so what?
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Implications II

Implication IIb: The p-value does not tell about effect size. A low p-value does not tell you that there is a 
strong effect. The p-value depends on n. 

The p-value was never intended to be a measure of the effect size. Statistics was developed to understand 
how many samples are needed for proper conclusions, given a fixed effect size.

Comparing p-values across studies is non-sense (unless n is the same).
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Implications II

Implication IIc: When a study with a small n becomes significant: the effect size must be large (or there 
is something wrong); the opposite is not true.
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Implications II

Implication IId: The Null and the Alternative hypotheses

𝑡 =
ҧ𝑥
1
− ҧ𝑥

2

ෝσ
∗ 𝑛
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Implications III: Null Results

Implication IIIa: Null result: either the Hypothesis is wrong or power is too low. One can never prove the 
Null Hypothesis: Absence of Proof is not Proof of Absence.
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Implications III: Null Results

How to create a Null result? n=1.

Implication IIIa: Null result: either the Hypothesis is wrong or power is too low. One can never prove the 
Null Hypothesis: Absence of Proof is not Proof of Absence.

𝑡 =
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ −(0)

𝑆ഥ𝑥𝑁𝑜𝑟𝑡ℎ−ഥ𝑥𝑆𝑜𝑢𝑡ℎ

= 
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆
2

𝑛

=
ҧ𝑥𝑁𝑜𝑟𝑡ℎ − ҧ𝑥𝑆𝑜𝑢𝑡ℎ

𝑆

𝑛

2
= 𝑑

𝑛

2
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Implications III: Null Results

Koch C, Dölle S, Metzger M, et al. Docosahexaenoic acid (DHA) supplementation in atopic eczema: a randomized, double-blind, controlled trial. Br J 
Dermatol 2008;158:786-792. 

In a placebo-controlled randomized trial of 
DHA oil for eczema, researchers found a 
statistically significant improvement in the 
DHA group but not the placebo group. 

The abstract reports: “DHA, but not the 
control treatment, resulted in a significant 
clinical improvement of atopic eczema.” 
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Implications III: Null Results
Implication IIIb: A difference of significance is not a significant difference!

Koch C, Dölle S, Metzger M, et al. Docosahexaenoic acid (DHA) supplementation in atopic eczema: a randomized, double-blind, controlled trial. Br J 
Dermatol 2008;158:786-792. 

The improvement in the DHA 
group (18%) is not significantly 
greater than the improvement 
in the control group (11%).
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Implications III: Null Results

Koch C, Dölle S, Metzger M, et al. Docosahexaenoic acid (DHA) supplementation in atopic eczema: a randomized, double-blind, controlled trial. Br J 
Dermatol 2008;158:786-792. 

Implication IIIb: A difference of significance is not a significant difference!
This is the same situation whenever a control group is used. It makes usually very little sense to state: 
“there was an effect in condition A but not B”. 
Never ever compare a significant result with a Null result…….
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Implications I

Implication Ib: For each 𝑑′ ≠ 0, the t-test is significant for a sufficiently large n1 and non-significant for a smaller 
n2   

Is the effect significant? Sounds like a paradox but it is not......

𝑡 = 𝑑 ∗ 𝑛/2
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Implications III: Null Results

Comment: Null results are hard to publish 

This leads to precedence effects & False Positives survival

Null results are the Archilles Heel of the Frequentist approach
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Implications III

1. Did medieval people believe the earth is a disk?
2. Does spinach contain more iron than other veggies?
3. Are carots good for the eyes?
4. Does egg consumption increase blood cholesterol levels? 
5. Does music by Mozart make cows give more milk  than rock music
(Mozart effect)?
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Implications IV:Truth, Noise & Variability
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Implications IV:Truth, Noise & Variability

𝑥𝑖 = 𝜇 + 𝑒𝑖
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Where does the noise come from?

Why Synthetic Vitamins Are Harmful
http://www.goodlivingwarehouse.com/why-synthetic-vitamins-are-harmful-supplement-science/

Science has clearly demonstrated a need for humans to supplement with a few key nutrients if we want to 
live long, healthy lives. Unfortunately, science has also shown that synthetic forms of these nutrients are 
not only of little value, but can also be harmful to our well-being.

1. In a study published in the New England Journal of Medicine, 22,000 pregnant women were given 
synthetic Vitamin A. The study was halted because birth defects increased by 400%. N. Eng. J. Med. 1995; 
333: 1369-1373

2. Another study involving 29,000 male smokers who were given synthetic beta-carotene and synthetic 
Vitamin E was also stopped when rates of lung cancer, heart attacks, and death increased. N. Eng. J. Med. 
1994: 330; 1029-1035

http://www.goodlivingwarehouse.com/why-synthetic-vitamins-are-harmful-supplement-science/
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Where does the noise come from?

Why Synthetic Vitamins Are Harmful
http://www.goodlivingwarehouse.com/why-synthetic-vitamins-are-harmful-supplement-science/

Science has clearly demonstrated a need for humans to supplement with a few key nutrients if we want to 
live long, healthy lives. Unfortunately, science has also shown that synthetic forms of these nutrients are 
not only of little value, but can also be harmful to our well-being.

1. In a study published in the New England Journal of Medicine, 22,000 pregnant women were given 
synthetic Vitamin A. The study was halted because birth defects increased by 400%. N. Eng. J. Med. 1995; 
333: 1369-1373

2. Another study involving 29,000 male smokers who were given synthetic beta-carotene and synthetic 
Vitamin E was also stopped when rates of lung cancer, heart attacks, and death increased. N. Eng. J. Med. 
1994: 330; 1029-1035

http://www.goodlivingwarehouse.com/why-synthetic-vitamins-are-harmful-supplement-science/
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Where does the noise come from?

Why Synthetic Vitamins 
Are Harmful

Only Beta Carotene
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Where does the noise come from?

Some participants had no lung cancer even thus they
were taken suppl. vitamins and the opposite was true
too.

Is this noise? Maybe.

Maybe it is variability of the population. For some people
vitamins help whereas for other not. 

A small excessive subpopulation may cause the effect.

In this case, it is NOT TRUE that suppl. vitamins harm. 
Only, on average, there is evidence for the hypothesis



118Understanding Statistics & Experimental Design

Where does the noise come from?

Where does the noise comes from?

 Measurement noise

 Variability in the population

There are two terms:

xij = µ + vi + eij

µ: grand mean of population 
vi: deviation from µ for subject i

eij: noise for a particular trial for subject i
for trial number j
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Some participants had no lung cancer even thus they were taken
suppl. vitamins and the opposite was true too.
Is this noise? Maybe.
Maybe it is variability of the population. For some vitamins help
whereas for other not. 

A small excessive subpopulation may cause the effect.

In this case, it is NOT TRUE that suppl. vitamins harm. Only, on 
average, there is evidence for the hyopthesis.

The effect may be dose dependent. High doeses hurt, lower one
help- for each invidual individually.

Dose

p
ro

b
a

b
ili

ty

Health

Cancer

Where does the noise come from?
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Where does the noise come from?

Why Synthetic Vitamins Are Harmful
http://www.goodlivingwarehouse.com/why-synthetic-vitamins-are-harmful-supplement-science/

Science has clearly demonstrated a need for humans to supplement with a few key nutrients if we want to 
live long, healthy lives. Unfortunately, science has also shown that synthetic forms of these nutrients are 
not only of little value, but can also be harmful to our well-being.

1. In a study published in the New England Journal of Medicine, 22,000 pregnant women were given 
synthetic Vitamin A. The study was halted because birth defects increased by 400%. N. Eng. J. Med. 1995; 
333: 1369-1373

2. Another study involving 29,000 male smokers who were given synthetic beta-carotene and synthetic 
Vitamin E was also stopped when rates of lung cancer, heart attacks, and death increased. N. Eng. J. Med. 
1994: 330; 1029-1035

http://www.goodlivingwarehouse.com/why-synthetic-vitamins-are-harmful-supplement-science/
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Implications IV: Truth, Noise & Variability
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Implications IV

Implication IVa: A conclusion holds only true for all samples when variability vi is zero: xi = µ + ei
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Implications IV

Implication IVb: If the variability vi not zero or you do not know whether it is zero, you cannot prove 
facts! There is no truth!

Stastistics is only about means in this case.

i) All humans are mortal                  i) Humans are mortal (p=0.0001)

ii) Socrates is a human                     ii) Socrates is a human 

Hence, Socrates is mortal                Hence, no conclusion
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Lesson #2

Often the experiment and statistics are correct but the interpretation is not
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Implications IV

Implication IVc: Be aware of heterogeneous and “excess” sub-samples.

Example: A study reported that shorter students are more ill than taller ones because it was found that shorter 
students see their doctor more often.
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Implications IV

Implication IVc: Be aware of heterogeneous and “excess” sub-samples.

Example: A study reported that shorter students are more ill than taller ones because it was found that shorter 
students see their doctor more often.

1. Female students are on average shorter than male students

2. They visit the gynecologist more frequently than male students the urologist- for preventive check ups

3. Students visit doctors very rarely in general  



127Understanding Statistics & Experimental Design

Implications IV

Implication IVd: How to stratify a sample is a non-trivial task. There is an intricate trade off between generality 
and variability!
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Implications IV

From: Apollo Lunar Astronauts Show Higher Cardiovascular Disease Mortality: 
Possible Deep Space Radiation Effects on the Vascular Endothelium

http://www.nature.com/articles/srep29901
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Implication IV

Implication Ve: What is the Null model?
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Implication IV

Crud factor: In the social sciences and arguably in the biological sciences, 
“everything correlates to some extent with everything else.”

Implication Ve: What is the Null model?
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Implications IV

Implication IVf: When effects are dosage dependent, mean value comparisons may be very dangerous: noise, 
variability, and dosage are hard to disentangle and interactions may be present (see ANOVA).
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Implication V: The statistics paradox

Implication Va: Why doesn‘t physics need statistics? Studies with large d‘ do not need statistics!
Studies with small d‘ need statistics- and are often irrelevant
Statistics makes only sense for a range of d‘s, eg. 0.2-0.8
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Implication V: The statistics paradox

Implication Vb: The problem of small effect sizes: the danger with cohort studies

Cohorts: feature defined, e.g. patients vs. controls

Experimental design: Randomized
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Implication V: The statistics paradox

Implication Vb: The problem of small effect sizes: the danger with cohort studies
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Cohort Studies, with small effect sizes

• Crud Factor: everything is correlated

• Uncontrolable but systematic differences
in the design:

- Data collection (multi-center studies)
- Correlated features (particular, cohort studies)
- Inhomogenous samples (Subpopulations)

• Collapsed data (dose effects)

• Violations of assumptions of
statistical tests

Dose

p
ro

b
a

b
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ty

Health
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Implication IV: The statistics paradox

Implication Vc: Small effects may be important too…….
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Implication IV: The statistics paradox

DNA, Theory of relativity, First computer....

Implication Vc: Small effects may be important too…….
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Implication IV: The statistics paradox

Implication Vc: Small effects may be important too…….

Americans consume 15 tons of aspirin a day, 19 billion tablets 
per year. Although thought to be harmless, a single aspirin is… 

… responsible for 1500-2000 deaths
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Implication IV: The statistics paradox

Implication Vc: Small effects may be important too. 

The problem is that we often stay with small effects and treat them as true and large effects.

It depends on the context.
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Motivation -Examples
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Summary

 Confusion of Significance and Effect Size

 Confusion of Evidence with Truth

 Inability to handle Null results and Precedence Effects + Piloting and file drawer problem

 Small effect sizes

 and publication pressure

 ...have alltogether led to the problematic situation we are facing at the moment....
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Solutions
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Solutions

The normativity of statistics: 

Significance: 𝑑′ ∗ 𝑛/2 > a , 𝑒. 𝑔. 1.96 (𝑑𝑒𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑜𝑛 𝑛) for a of 0.05

d’ = 0.2 small effect

d’ = 0.5 medium effect

d’ = 0.8 large effect

Fix effect size too! Equivalent fix n
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Bayes approach: Part III
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Solutions

Keep your eyes open…
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Survey for statistics class
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Homework for next week, 31st of Oct

• Ask 10 friends/colleagues (not from the course) to fill out this survey

• If possible, ask people from EPFL (at least, they need to know EPFL buildings)

• It consists of basic questions about yourself and your preferences.

• It only takes a few minutes.

• https://forms.gle/5yHGZ9n6zGsKv43TA

• All information (including the link) are on Moodle.

https://forms.gle/5yHGZ9n6zGsKv43TA


148Understanding Statistics & Experimental Design



149Understanding Statistics & Experimental Design



150Understanding Statistics & Experimental Design



151Understanding Statistics & Experimental Design



152Understanding Statistics & Experimental Design



153Understanding Statistics & Experimental Design

Take home messages
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END Class 3b
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The Crud Factor

Crud factor: In the social sciences and arguably in the biological sciences, “everything correlates to some extent with
everything else.”

In 1966, the University of Minnesota Student Counseling Bureau’s Statewide Testing Program administered a questionnaire to 
57,000 high school seniors, the items dealing with family facts, attitudes toward school, vocational and educational 

plans, leisure time activities,school organizations, etc. Wecross-tabulated a total of 15 (and then 45) variables including the 
following (the number of categories for each variable given in parentheses): father’soccupation (7), father’s education (9), 
mother’s education (9), number of siblings (10), birth order (only, oldest, youngest, neither), educational plans after high 
school (3), family attitudes towards college (3), do you like school (3), sex (2), college choice (7), occupational plan in ten 
years (20), and religious preference (20). In addition, there were 22 “leisure time activities” such as “acting,” “model 
building,” “cooking,” etc., which could be 

treated either as a single 22-category variable or as 22 dichotomous variables. There were also 10 “high school organizations” 
such as “school subject clubs,” “farm youth groups,” “political clubs,” etc., which also could be treated either as a single ten-
category variable or as ten dichotomous variables. 

Considering the latter two variables as multichotomies gives a total of 15 variables producing 105 different cross-tabulations. 
All values of χ2 for these 105 cross-tabulations were statistically significant, and 101 (96%) of them were significant with a 
probability  of less than 0.00001. 

These relationships are not, I repeat, Type I errors. They are facts about the world, and with N= 57,000 they are pretty stable.
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Motivation - Examples

Ioannides: 12 hazelnut
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We can use the overlap for all 
probability functions (Cohen’s U)


