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We are…

• … open and helpful!

• …  active in the statistical methodologic research and in 

medical research

• …active in teaching in many ways 

Our Service Unit Biometry

• Free biometrical consulting for all medical research 

projects, registration online 

• Training in biometrical topics and statistical software  

• Responsibility for project biometry within cooperation 

For further information visit us online: 

https://biometrie.charite.de/

Contact: Univ.-Prof. Dr. Frank Konietschke (Head of Institute), 

Institut für Biometrie und Klinische Epidemiologie (iBikE)

Charité Campus Mitte

Sauerbruchweg 3, 10117 Berlin

https://biometrie.charite.de/
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Slot Date Topic

1 17.10.2022 So many tests! The agony of choice.

2 24.10.2022 So many questions! Multiple testing.

3 31.10.2022 So many patients? Sample size calculation.

4 07.11.2022 What is it this odds ratio? Logistic regression.

5 14.11.2022 Missing information? Dealing with missing data.

6 21.11.2022 The right time? Survival analysis.

7 28.11.2022 The variety of influences - Mixed models.

8 05.12.2022 Who fits together? Patient matching.
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So many scientific questions!

• A medical scientific question can be very complex

– What are the causes of prostate cancer?

– Can the survival and quality of life of cancer patients be improved by 

better pain management?

– What genetic influences are there on throat cancer?

– Is there a difference in the methylation pattern between smokers and 

non-smokers?
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So many hypotheses!

• A statistical hypothesis is very simple

– Null hypothesis, 𝐻0:

• There is no difference between treatments

• Stands for the equality of treatments

– Alternative hypothesis, 𝐻𝐴 or 𝐻1:

• There is a difference between the treatments

• Stands for the difference of the treatments
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Questions have hypothesis pairs

Question I

Null 
hypothesis

Alternative 
hypothesis

Question II

Null 
hypothesis

Alternative 
hypothesis
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Every statistical test: a hypothesis

Effect of sex on cancer

𝐻0 is true 𝐻𝐴 is true

Effect of weight on cancer

𝐻0 is true 𝐻𝐴 is true

Effect of age on cancer

𝐻0 is true 𝐻𝐴 is true
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Error 1. and 2. type
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The ASA’s Statement on p-Values: 

Context, Process, and Purpose 
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Q: Why do so many colleges and grad schools teach p = 0.05?

A: Because that's still what the scientific community and journal editors 

use.

Q: Why do so many people still use p = 0.05?

A: Because that's what they were taught in college or grad school.

Cobb's concern was a long-worrisome circularity in the sociology of 

science based on the use of bright lines such as p < 0.05: “We teach it 

because it's what we do; we do it because it's what we teach.” This 

concern was brought to the attention of the ASA Board.

https://doi.org/10.1080/00031305.2016.1154108



The ASA’s Statement on p-Values: 

Context, Process, and Purpose 
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Scientific conclusions and business or policy decisions should not be based 

only on whether a p-value passes a specific threshold.

Practices that reduce data analysis or scientific inference to mechanical “bright-line” 

rules (such as “p < 0.05”) for justifying scientific claims or conclusions can lead to 

erroneous beliefs and poor decision making. A conclusion does not immediately 

become “true” on one side of the divide and “false” on the other. Researchers 

should bring many contextual factors into play to derive scientific inferences, 

including the design of a study, the quality of the measurements, the external 

evidence for the phenomenon under study, and the validity of assumptions that 

underlie the data analysis. Pragmatic considerations often require binary, “yes-

no” decisions, but this does not mean that p-values alone can ensure that a 

decision is correct or incorrect. The widespread use of “statistical significance” 

(generally interpreted as “p≤ 0.05”) as a license for making a claim of a scientific 

finding (or implied truth) leads to considerable distortion of the scientific process.

https://doi.org/10.1080/00031305.2016.1154108



The ASA’s Statement on p-Values: 

Context, Process, and Purpose 
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A p-value, or statistical significance, does not measure the size of an 

effect or the importance of a result.

Statistical significance is not equivalent to scientific, human, or economic 

significance. Smaller p-values do not necessarily imply the presence 

of larger or more important effects, and larger p-values do not imply a 

lack of importance or even lack of effect. Any effect, no matter how tiny, 

can produce a small p-value if the sample size or measurement precision 

is high enough, and large effects may produce unimpressive p-values if the 

sample size is small or measurements are imprecise. Similarly, identical 

estimated effects will have different p-values if the precision of the 

estimates differs.

https://doi.org/10.1080/00031305.2016.1154108



The ASA’s Statement on p-Values: 

Context, Process, and Purpose 
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By itself, a p-value does not provide a good measure of evidence 

regarding a model or hypothesis.

Researchers should recognize that a p-value without context or other 

evidence provides limited information. For example, a p-value near 0.05 

taken by itself offers only weak evidence against the null hypothesis. 

Likewise, a relatively large p-value does not imply evidence in favor of 

the null hypothesis; many other hypotheses may be equally or more 

consistent with the observed data. For these reasons, data analysis should 

not end with the calculation of a p-value when other approaches are 

appropriate and feasible.

https://doi.org/10.1080/00031305.2016.1154108



Significance is not relevance!

• Whether a result is relevant in clinical practice or not cannot be seen from 

the p-value!

• The following is necessary to classify clinical relevance:

– Estimated effect, e.g. relative risk, and associated confidence interval

– Your assessment based on your medical experience and expertise
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Key-Message 1:

When reporting the result of a statistical test, specify the p-value, the

estimated effect, and the confidence interval for the effect.

!



Problems of multiple testing

• Wish

– Several questions are to be answered simultaneously within the same 

study

• Inflation of 𝜶 error or alpha error cumulation

– Simultaneous testing of multiple hypotheses leads to α error inflation

– The probability that at least one null hypothesis is erroneously 

rejected is no longer controlled by the significance level 𝛼, but can 

become very high.
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We test each pair of hypotheses with 𝜶 = 𝟎.𝟎𝟓
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https://imgs.xkcd.com/comics/significant.png



We test each pair of hypotheses with 𝜶 = 𝟎.𝟎𝟓
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We test each pair of hypotheses with 𝜶 = 𝟎.𝟎𝟓
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We test each pair of hypotheses with 𝜶 = 𝟎.𝟎𝟓
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https://imgs.xkcd.com/comics/significant.png



Medical guidelines
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EMEA (1998): ICH Topic E9. Statistical Principles for Clinical Trials. CPMP/ICH/363/96, London.



Medical guidelines
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Inflation of the 𝜶 error

Situation  k null and alternative hypotheses 𝐻0
𝑖

 all null hypotheses are tested to local level a=0.05

 in fact all null hypotheses are valid

 Acceptance of stochastically independent tests 

Probability for a single test to be rejected correctly:

(1 − 𝛼)

Since the tests are independent, the probability of all k tests to be correctly rejected:
1 − 𝛼 𝑘

The probability that at least one false null hypothesis will be rejected:
1 − 1 − 𝛼 𝑘
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Inflation of the 𝜶 error

Probability that at least one null hypothesis is incorrectly rejected:

1 − 1 − 𝛼 𝑘

That means:

 Inflation of the 𝜶 error

If 50 hypotheses are tested, the probability of making at least one 
wrong test decision is almost 100%!
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Number test n 1 − 1 − 𝛼 𝑘

1 0,05

2 0,10

10 0,40

50 0,92



Inflation of the 𝜶 error
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Number test n 1 − 1 − 𝛼 𝑘

1 0,05

2 0,10

10 0,40

50 0,92



Inflation of the 𝜶 error

Expected number of incorrectly rejected null hypotheses: 

𝛼 ∙ 𝑘

That means:

If 100 hypotheses are tested, 5 hypotheses are wrongly rejected on 
average.
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Number test n 𝜶 ∙ 𝒌

1 0,05

20 1

100 5

200 10



Possibilities of correction
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Carlo Emilio Bonferroni wikimedia.org

Bonferroni correction:

To ensure that the probability that at least one null hypothesis is 
incorrectly rejected is controlled by the global (and multiple) significance 
level α during simultaneous testing of k hypotheses, the individual 

hypotheses are tested for the local significance level 𝜶𝐥𝐨𝐤𝐚𝐥 =
𝜶

𝒌
.

Advantage: very easy to perform

Problem: is very conservative, i.e. the actual 
global (and multiple) level is clearly 
at α, i.e. the null hypotheses are 
too often maintained



Bonferroni Correction: Two Possibilities

• Possibility I: Correction of the 𝜶 level 

– The global 𝛼 level is divided by the number of 𝑘 statistical tests 

performed.

– Τ𝛼 𝑘 = local 𝛼 for the decision p < 𝛼

• Possibility II: Correction of p-values

– The p-values are multiplied by the number of statistical tests carried 

out at 𝑘 .

– 𝑝𝑎𝑑𝑗𝑢𝑠𝑡 = 𝑝𝑟𝑎𝑤 ∗ 𝑘; with k equal to the number of comparisons

– if 𝑝𝑎𝑑𝑗𝑢𝑠𝑡 > 1, then 𝑝𝑎𝑑𝑗𝑢𝑠𝑡 set to 1 (probability)
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Bonferroni correction using an example

• García-Arenzana et al. (2014)

– Association between food intake and

Mammographic density (MD)

– Risk factors for breast cancer

– 25 risk factors representing a "food" were 

recorded
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García-Arenzana, N. et al. (2014). Calorie intake, olive oil consumption and mammographic density among Spanish women. International journal of

cancer 134: 1916-1925. https://doi.org/https://10.1002/ijc.28513

Dietary variable

Total calories

Olive oil

Whole milk

White meat

Proteins

Nuts

Cereals and pasta

White fish

Butter

Vegetables

Skimmed milk

Red meat

Fruit

Eggs

Blue fish

Legumes

Carbohydrates

Potatoes

Bread

Fats

Sweets

Dairy products

Semi-skimmed milk

Total meat

Processed meat

https://doi.org/https:/10.1002/ijc.28513


Alpha adjustment using an example

Dietary variable Raw p-values
Bonferroni adjusted p-

values

Total calories <0,001 0,025

Olive oil 0,008 0,200

Whole milk 0,039 0,975

White meat 0,041 1,000

Proteins 0,042 1,000

Nuts 0,060 1,000

Cereals and pasta 0,074 1,000

White fish 0,205 1,000

Butter 0,212 1,000

Vegetables 0,216 1,000

Skimmed milk 0,222 1,000

Red meat 0,251 1,000

Fruit 0,269 1,000

Eggs 0,275 1,000

Blue fish 0,340 1,000

Legumes 0,341 1,000

Carbohydrates 0,384 1,000

Potatoes 0,569 1,000

Bread 0,594 1,000

Fats 0,696 1,000

Sweets 0,762 1,000

Dairy products 0,940 1,000

Semi-skimmed milk 0,942 1,000

Total meat 0,975 1,000

Processed meat 0,986 1,000
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Bonferroni correction of 

alpha level

𝛼𝑎𝑑𝑗 =
𝛼

𝑚
=
0.05

25
= 0.002



Alpha adjustment using an example

Dietary variable raw p-values

Total calories <0,001

Olive oil 0,008

Whole milk 0,039

White meat 0,041

Proteins 0,042

Nuts 0,060

Cereals and pasta 0,074

White fish 0,205

Butter 0,212

Vegetables 0,216

Skimmed milk 0,222

Red meat 0,251

Fruit 0,269

Eggs 0,275

Blue fish 0,340

Legumes 0,341

Carbohydrates 0,384

Potatoes 0,569

Bread 0,594

Fats 0,696

Sweets 0,762

Dairy products 0,940

Semi-skimmed milk 0,942

Total meat 0,975

Processed meat 0,986
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Bonferroni correction of 

alpha level

𝛼𝑎𝑑𝑗 =
𝛼

𝑚
=
0.05

25
= 0.002

Key-Message 2:

A large list of unadjusted p-values is neither meaningful in terms of

content nor statistically.

!



Alpha adjustment using an example

Dietary variable raw p-values
Bonferroni adjusted p-

values

Total calories <0,001 0,025

Olive oil 0,008 0,200

Whole milk 0,039 0,975

White meat 0,041 1,000

Proteins 0,042 1,000

Nuts 0,060 1,000

Cereals and pasta 0,074 1,000

White fish 0,205 1,000

Butter 0,212 1,000

Vegetables 0,216 1,000

Skimmed milk 0,222 1,000

Red meat 0,251 1,000

Fruit 0,269 1,000

Eggs 0,275 1,000

Blue fish 0,340 1,000

Legumes 0,341 1,000

Carbohydrates 0,384 1,000

Potatoes 0,569 1,000

Bread 0,594 1,000

Fats 0,696 1,000

Sweets 0,762 1,000

Dairy products 0,940 1,000

Semi-skimmed milk 0,942 1,000

Total meat 0,975 1,000

Processed meat 0,986 1,000
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Bonferroni correction of 

alpha level

𝛼𝑎𝑑𝑗 =
𝛼

𝑚
=
0.05

25
= 0.002

Key-Message 3:

In a confirmatory analysis, p-values must be adjusted.

!



Further options for correction
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Hierarchically ordered hypotheses

 Determine a sequence of hypotheses before testing

 All hypotheses are tested at global significance level 𝛼

 Test until a null hypothesis can no longer be rejected.

 Cancel testing

Problem: Sequence of hypotheses must be meaningful to interpret

Advantage: Less conservative than Bonferroni

There are many other arbitrarily complicated procedures to counteract 𝛼
error inflation!

Source: https://pixabay.com/de/hierarchie-gruppe-essen-fisch-73335/



Bonferroni-Holm
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Test all k individual null 
hypotheses to local level 

a/k.

STOP with acceptance 
of all null hypotheses

Test the remaining k-1 zero 
hypotheses on local level

a/(k-1)

STOP mit Annahme der 
k-1Nullhypothesen

Teste die verbleibenden        
k-2 Nullhypothesen zum 
lokalen Niveau a/(k-2)

No null hypothesis can 

be rejected

At least one null 

hypothesis can be 

rejected



Bonferroni-Holm

33

Test all k individual null 
hypotheses to local level 

a/k.

STOP with acceptance 
of all null hypotheses

Test the remaining k-1 zero 
hypotheses on local level

a/(k-1)

STOP with acceptance of 
the k-1 zero hypotheses

Test the remaining k-2 zero 
hypotheses on local level

a/(k-2)

No null hypothesis can 

be rejected

At least one null 

hypothesis can be 

rejected

At least one null 

hypothesis can be 

rejected
No null hypothesis can 

be rejected



Remarks on different adjustment methods

• The Bonferroni correction generally leads to an unnecessarily high 

sample size.

• The presented procedures ignore a possible correlation of the test 

statistics. 

• If the correlation is known, then the sample size can be determined by a 

multivariate distribution

 Usually no closed sample size formulas

• If sequential test methods (such as Bonferroni-Holm) are used, the 

sample size can only be determined by simulations. 

 Reduction of the required sample sizecan often be achieved. 
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Descriptive p-values?

What does the p-value say? Actually not much...

Hi, it's
me.
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Descriptive p-values?

What does the p-value say? Actually not much...
I'm

mysterious.
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Key-Message 4:

In a descriptive analysis, p-values are not very meaningful. A descriptive

analysis should be limited to measures of location and dispersion and

confidence intervals.

!
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