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About this presentation

The newest version of this presentation is available at bihealth.github.io/howtotalk.

You can find the sources of the presentation (Qmd file) on github.com/bihealth/howtotalk

| have elaborated parts of this talk into a little brochure, to be found at
bihealth.github.io/howtotalk-book.
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Q) My key advice to you
Communication is key

o Keep explaining your project — teach us
e Work iteratively

e Meet frequently
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Things bioinformaticians care about

« The biological question
Statistics

Experimental design

Quality control

Reproducibility

Consistency

Core Unit for Bioinformatics, BIH@Charite |BIHz



HOLY SHIT, MAN!!
LOOK AT THISH

"STUDY FINDS 50% OF
PEOCPLE BORED BY
STATISTICS."

y Cyanide and Happiness © Explosm.net




What is a p-value?

Hy: The null hypothesis, no effect

H: The alternative hypothesis, there is an effect

We run a test, we get a p-value, say 0.03. It is a probability.
Probability of what, exactly?

Raise your hands if you think that the p-value is the...

1. Probability that H is true (probability that there is no difference), given the data
2. Probability that H; is true (probability that there is a difference), given the data
3. Probability that the data is random

4. Probability that the observations are due to random chance

5. Probability of getting the same data by random chance

« Probability of observing an effect at least as extreme given that Hj is true
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Our intuition is bayesian, not frequentist

Frequentist Statistics Bayesian Statistics

& 2 -
4 L
\ A

R.A.Fisher J. Neyman E. Pearson

Thomas Bayes ==

1. Probability is defined as the long-run 1. Probability represents a degree of belief
frequency of events or certainty about an event

2. Parameters (like the “true value”) are fixed 2. Parameters are treated as random

but unknown quantities. variables with their own probability

distributions.

3. Asking about the probability of a hypothesis 3. Asking about the probability of a
does not make sense hypothesis is the main goal
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Q) P-values are part of scientific language

e Always use effect sizes

e Never rely on p-values alone

Know their limits:

« they control only type | errors (false
positives)

« they do not control type Il errors (false
negatives)

What does this mirror do, professor?

It shows usmothing more or less than
the deepest, most desperate desire of our hearts

P<0.05
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How Venn diagrams can fool scientists

COVID-19 study, both COVID-19 patients and non-COVID-19 patients are compared in two groups
of people, G7and G2.

We wanted to know whether the influence of COVID-19 is different in these two groups.
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The results are artifacts!

Groups G1 and G2 were randomly drawn from the same population. They were not different at all.
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What happens is, we are comparing significance
with non-significance

The Difference Between “Significant” and “Not Significant” is not Itself Statistically
Significant

(Andrew Gelman and Howard Stern)

If a gene is significant in one comparison, and not significant in another, that does not mean that
there is a difference between the two groups.

It simply means that we failed to detect the difference in one of the comparisons, but that is
actually quite likely to happen!

Q Therefore:

Don’t say “there is no difference”. Say “we did not detect a difference”.

12

Gelman A, Stern H. The difference betwggn ﬁﬂ'ﬁ%ﬁl(@g%}gﬂﬁ&{ﬂg}ﬁ%%’ is not itself statistically signiﬁcant.lBIH%m



The error is widespread

Nieuwenhuis et al. found that half of the scientists who could have commited this error, did in
fact commit this error.
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Going beyond p-values

Estimation rather than testing
(e.g. confidence intervals rather than p-
values)

Considering effect sizes

Power analysis — estimating type Il error
rates (false negatives)

Sign / magnitude errors
Bayesian statistics
Correcting for multiple testing

Type I error
(false positive)

Core Unit for Bioinformatics, BIH@Charite
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Type II error
(false negative)

You're not ¥i
~|_pregnant
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Experimental design
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How many samples are sufficient?

Simple comparison between two groups e Two strains (WT and KO)
e Treatment + control

e Does treatment have a different effect on
the KO strain than on the WT strain?

2x2 design, test for interaction term

Simple t-test Interaction
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How many samples are sufficient?

That is not even the worse thing.

Simple calculations show that assuming

e your power is 80% (really great!)
o p — value cutoff is 0.05
e 90% of the Hy are true (i.e., 10% of the time the differences are real)

then 36% of your “significant” results are false positives!
(Plus, you failed to detect 20% of the real differences)

Colguhoun D. An investigation of the false discovery rate and the misinterpretation of p-values. Royal Society

open science. 2014 Nov 19;1(3):140216. Core Unit for Bioinformatics, BIH@Charite
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Q Bottom line

e Talk to your statistician early
e Strive to keep your study design simple
e Use existing data sets and simulations to test your design

 Validate your results with independent methods
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High throughput data
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Explorative vs hypothesis testing

Explorative analysis Hypothesis-driven analysis
Pro: Pro:
o No need to define a-priori hypotheses o Clear questions
e Something unexpected and new can be e Clear answers
found « More statistical power
o Can be used to generate hypotheses . Better story, better paper
Con: Con:
e Requires multiple testing correction . Requires more planning (and thinking!)
e Requires proper validation . Can make you miss something
o Can't do it as the last step unexpected

 If you reject the hypothesis, tough luck

24
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The bottom line

Q Do /\ Don't

e Formulate clear questions e expect miracles

e Manage your expectations e “let’s just see what we can find”
e Evaluate existing data e try to save money

 Validate your results e make too complex designs

Core Unit for Bioinformatics, BIH@Charite |BIHz



Reproducibility

Core Unit for Bioinformatics, BIH@Charite

26

Berlin Institute
I of Health
@Charité



Genomic responses in mouse models poorly mimic
human inflammatory diseases

Junhee Seok®', H. Shaw Warren®’, Alex G. Cuenca®', Michael N. Mindrinos?®, Henry V. Baker‘, Weihong Xu?,
Daniel R. Richards®, Grace P. McDonald-Smith®, Hong Gao®, Laura Hennessy', Celeste C. Finnerty?, Cecilia M. Lope:
=®  Shari Honari’, Ernest E. Moore", Joseph P. Minei, Joseph Cuschieril, Paul E. Bankey¥, Jeffrey L. Johnson", Jason Spe



Tale of two papers
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Genomic responses in mouse models greatly mimic
human inflammatory diseases
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Lessons learned

e A lotdepends on how you analyze your data
e This in turn depends on the questions you ask

e The average “Methods” section is not sufficient for reproducible science!
Attempt to replicate 53 high-impact cancer biology papers:

” Second, none of the 193 experiments were described in sufficient detail in the original
paper to enable us to design protocols to repeat the experiments, so we had to seek
clarifications from the original authors.” (Errington et al., 2021)

Errington TM, Mathur M, Soderberg CK, Denis A, Perfito N, lorns E, Nosek BA. Investigating the replicability of
preclinical cancer biology. Elife. 2021 Dec 10;10:€71601.
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Managing data
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How we work

Long term storage

[ Biological question

fastq, ... ‘/
Data import Data cleanup
. Tables, Excel files
‘/ T Qc Analysis Fine tuning
Csv, TSV /
Manuscript fragments You
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How we work

Long term storage

Biological question

. Tables, Excel files
R Qc Analysis

fastq, ...
Data import Data cleanup

CSV, TSV
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Fine tuning

Manuscript fragments }—v

You

7

Figures

In the diagram above, two things take usually a lot of hands-on time:

e Understanding and cleaning the data

e Fine-tuning the analysis results

Core Unit for Bioinformatics, BIH@Charite
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‘Scientists rename human genes to stop
Microsoft Excel from misreading them as
dates

PLOS

& OPENACCESS B PEER-REVIEWED

RESEARCH ARTICLE

Gene name errors_Lessons not learned >

Mandhri Abeysooriya, Megan Soria, Mary Sravya Kasu, Mark Ziemann [&]

|Version 2 v‘ Published: Ju yﬁ:wi doi.org/10.1371/journal.pcbi. 1008984
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Is Excel suitable for science?

e How do you record changes?
e How do you prevent automatic changes?
e In short - how do you ensure reproducibility?

Q Bottom line

e Learn how to work with Excel

e Learn more suitable tools
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Things that you might want to learn

o Statistics
« Coding (likely R or Python)

o Reproducible workflows with Quarto/Rmarkdown or Jupyter

Even if you are not going to use these tools yourself, gaining an insight into how they work will
help you to communicate with your bioinformatician.

Core Unit for Bioinformatics, BIH@Charite |BIHz
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T

statistics

I

—

Machine Learning

Artificial intelligence

New deep learning methods
are useful, but hard to use

Some of them are truly
revolutionizing the field

There is still place for simpler
ML algorithms

Ready to use LLMs (ChatGPT &
Co.) have their use, but also
limitations
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Thank you

You can find this presentation along
its source code at
https://github.com/bihealth/howtotalk

| have started writing a little brochure
based on this presentation, you can
find the current progress (about 10%
done) at
https://bihealth.github.io/howtotalk-
book/

A 5 day R crash course book is
available at

https://bihealth.github.io/RCrashcourse-

book/

Course materials & videos:

https://bihealth.github.io/RCrashcourse2023/

Core Unit for Bioinformatics, BIH@Charite
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